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The research of computer vision, imaging processing and
pattern recognition has made substantial progress during
the past several decades. Also, medical imaging has
attracted increasing attention in recent years due to its
vital component in healthcare applications. Investigators
have published a wealth of basic science and data documenting the progress and healthcare application on medical
imaging. Since the development of these research ﬁelds has
set the clinicians to advance from the bench to the bedside,
the Journal of Healthcare Engineering set out to publish this
special issue devoted to the topic of advanced computer
vision methods for healthcare engineering, as well as review
articles that will stimulate the continuing eﬀorts to
understand the problems usually encountered in this ﬁeld.
The result is a collection of ﬁfteen outstanding articles
submitted by investigators.
Following the goal of special issue, we identify four major
domains covered by the papers. The ﬁrst is medical image
analysis for healthcare, the second is the computer vision
for predictive analytics and therapy, the third is fundamental
algorithms for medical images, and the last one focuses on
the machine learning algorithms for medical images. Here,
we give the review of these published papers.

1. Analysis of Medical Image
This theme attempts to address the improvement and new
techniques on the analysis methods of medical image. First,
integration of multimodal information carried out from

diﬀerent diagnostic imaging techniques is essential for a
comprehensive characterization of the region under examination. Therefore, image coregistration has become crucial
both for qualitative visual assessment and for quantitative
multiparametric analysis in research applications. S. Monti
et al. in Italy “An Evaluation of the Beneﬁts of Simultaneous Acquisition on PET/MR Coregistration in Head/
Neck Imaging” compare and assess the performance
between the traditional coregistration methods applied to
PET and MR acquired as single modalities and the obtained
results with the implicitly coregistration of a hybrid PET/
MR, in complex anatomical regions such as the head/neck
(HN). The experimental results show that hybrid PET/MR
provides a higher registration accuracy than the retrospectively coregistered images.
The feature extraction is one of the key issues for the
analysis of medical images. I. I. Esener et al. in Turkey
“A New Feature Ensemble with a Multistage Classiﬁcation
Scheme for Breast Cancer Diagnosis” develop a new and
eﬀective feature ensemble with a multistage classiﬁcation
which is used in a computer-aided diagnosis (CAD) system for breast cancer diagnosis. In this new method, four
features, the local conﬁguration pattern-based, statistical,
and frequency domain features were concatenated as feature
vectors, and eight well-known classiﬁers are used in a multistage classiﬁcation scheme. High classiﬁcation accuracy
was obtained, and it shows that the proposed multistage
classiﬁcation scheme is more eﬀective than the singlestage classiﬁcation for breast cancer diagnosis.
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Currently, the traditional approach to reduce colorectal
cancer-related mortality is to perform regular screening in
search for polyps, which results in polyp miss rate and
inability to perform visual assessment of polyp malignancy. D. Vazquez et al. in Spain and Canada “A Benchmark
for Endoluminal Scene Segmentation of Colonoscopy
Images” propose an extended benchmark of colonoscopy
image segmentation and establish a new strong benchmark
for colonoscopy image analysis. By training a standard fully
convolutional networks (FCN), they show that in endoluminal scene segmentation, the performance of FCN is better
than the result of the prior researches.

2. Computer Vision for Predictive Analytics
and Therapy
Computer vision technique has shown great application
in surgery and therapy of some diseases. Recently, threedimensional (3D) modeling and rapid prototyping technologies have driven the development of medical imaging
modalities, such as CT and MRI. P. Gargiulo et al. in
Iceland “New Directions in 3D Medical Modeling: 3DPrinting Anatomy and Functions in Neurosurgical Planning”
combine CT and MRI images with DTI tractography and
use image segmentation protocols to 3D model the skull
base, tumor, and ﬁve eloquent ﬁber tracts. The authors
provide a great potential therapy approach for advanced
neurosurgical preparation.
The elderly is easy to fall and it will harm the body and
accordingly has serious negative mental impacts on them.
T.-H. Lin et al. in Taiwan “Fall Prevention Shoes Using
Camera-Based Line-Laser Obstacle Detection System” design
an interesting line-laser obstacle detection system to prevent
the elderly from falls. In the system, a laser line passes
through a horizontal plane and has a speciﬁc height to the
ground, and optical axis in a camera has a speciﬁc inclined
angle to the plane, and hence, the camera can observe the
laser pattern to obtain the potential obstacles. Unfortunately,
this system designed is useful mainly for indoor applications
instead of outdoor environment.
Human activity recognition (HAR) is one of the
widely studied computer vision problem. S. Zhang et al.
in China “A Review on Human Activity Recognition
Using Vision-Based Method” introduce an overview of
various HAR approaches as well as their evolutions with
the representative classical literatures. The authors highlight
the advances of image representation approaches and
classiﬁcation methods in vision-based activity recognition.
Representation approaches generally include global representations, local representations, and depth-based representations. They accordingly divide and describe the human
activities into three levels including action primitives,
actions/activities, and interactions. Also, they summarize
the classiﬁcation techniques in HAR application which
include 7 types of method from the classic DTW and the
newest deep learning. Lastly, they address that applying these
current HAR approaches in real-world systems or applications has great challenge although up to now recent HAR

Journal of Healthcare Engineering
approaches have achieved great success. Also, three future
directions are recommended in their work.

3. Fundamental Algorithms for Medical Images
The majority of this issue focuses on the research of
improved algorithm for medical images. Organ segmentation
is a prerequisite for CAD systems. In fact, the segmentation
algorithm is the most important and basic for image processing and also enhance the level of disease prediction and therapy. C. Pan et al. in China “Leukocyte Image Segmentation
Using Novel Saliency Detection Based on Positive Feedback
of Visual Perception” use the ensemble of polyharmonic
extreme learning machine (EPELM) and positive feedback
of perception to detect salient objects, which is totally datadriven without any prior knowledge and labeled samples
compared with the existed algorithms. A positive feedback
module based on EPELM focuses on ﬁxation area for the
purpose of intensifying objects, inhibiting noises, and promoting saturation in perception. Experiments on several
standard image databases show that the novel algorithm
outperforms the conventional saliency detection algorithms
and also segments nucleated cells successfully in diﬀerent
imaging conditions.
High-intensity focused ultrasound (HIFU) has been
proposed for the safe ablation of both malignant and
benign tissues and as an agent for drug delivery, while
MRI has been proposed for guidance and monitoring for
the therapy. A. Vargas-Olivares et al. in México and Canada
“Segmentation Method for Magnetic Resonance-guided
High-Intensity Focused Ultrasound Therapy Planning” used
the MR images for the HIFU therapy planning and propose
an eﬃcient segmentation approach. The segmentation
scheme uses the watershed method to identify the regions
found on the HIFU treatment. In addition, the authors also
propose a thread pool strategy, in order to reduce the computational overload of the processing time of the group of MR
images and the segmentation algorithm.
Recently, random walkers (RW) have attracted a growing
interest to process segmentation of medical images. However, classical RW method needs a long computation time
and a high memory usage because of the construction of
corresponding large-scale graph to solve the resulting sparse
linear system. C. Dong et al. in China and USA “An
Improved Random Walker with Bayes Model For Volumetric Medical Image Segmentation” incorporate the prior
(shape and intensity) knowledge in the optimization of
sparse linear system. Integrating the Bayes model into the
RW sparse system, the organ is automatically segmented
for the adjacent slice, which is called RWBayes algorithm in
the article. Compared with the conventional RW and the
state-of-the-art interactive segmentation methods, their
method can signiﬁcantly improve the segmentation accuracy
and could be extended to segment other organs in the future.
Automatic segmentation of the spinal cord in MR images
remains a diﬃcult task. C.-C. Liao et al. in Taiwan “AtlasFree Cervical Spinal Cord Segmentation on Midsagittal
T2-Weighted Magnetic Resonance Images” present an automatic segmentation method on sagittal T2-weighted images.

Journal of Healthcare Engineering
The method is atlas-free, in which expectation maximization
algorithm is used to cluster the pixels on a midsagittal MR
image according to their gray levels or SIs. Dynamic programming is used to detect anatomical structures and their
edges. The detection of the anterior and posterior edges of
the spinal cord within the cervical spinal canal is ﬁnally
successful in all 79 images, showing its high accuracy and
robustness. Based on this proposed algorithm, using alone
or combining with others, one can develop a computeraided diagnosis system with massive screening on cervical
spine diseases. Finally, the authors point out several limitations in the algorithm, such as its inability to be applied to
lower lumbar spinal levels.
The misalignments originated from motion and deformation often result in errors in estimating an apparent diffusion coeﬃcient (ADC) map ﬁtted with prostate DWI, and
the ADC map is an important indicator in diagnosing prostate cancer. Until now, there are few studies that focus on
this misalignment in prostate DWI. L. Hao et al. in China
“Nonrigid Registration of Prostate Diﬀusion-Weighted
MR” apply aﬃne transformation to DWI to correct intraslice
motions. Then, nonrigid registration based on free-form
deformation (FFD) is used to compensate for intraimage
deformations. The experimental results show that the proposed algorithm can correct the misalignment of prostate
DWI and decrease the artifacts of ROI in the ADC maps.
These ADC maps thus obtain sharper contours of lesions,
which are helpful for improving the diagnosis and clinical
staging of prostate cancer.
Medical ultrasound is widely used in the diagnosis and
assessment of internal body structures and also plays a key
role in treating various diseases due to its safety, noninvasion,
and well tolerance in patients. However, the images are
always contaminated with speckle noise and hence hinder
the identiﬁcation of image details. Currently, many methods
have been proposed to remove the noise and preserve the
image details at the same time. M. Szczepański and K. Radlak
in Poland “Digital Path Approach Despeckle Filter for Ultrasound Imaging and Video” propose a so-called escaping
paths based on traditional digital paths, and also, they
extend this concept from the spatial domain (2D) to the
spatiotemporal domain (3D) that is designed for multiplicative noise suppression, speciﬁcally for ultrasound image
and video ﬁltering. In addition, the extended neighborhood model is used to increase the ﬁlter denoising ability,
which is based on von Neumann concept derived from
cellular automata theory. The experimental results prove
that the proposed removal technique outperforms the
state-of-the-art approach for multiplicative noise removal
with lower computational overload which enables one to
complete image processing tasks and image enhancement
of video streams in a real-time environment.
A primary challenge in accelerating MR imaging is how
to reconstruct high-resolution images from undersampled
k-space data. There is a trade-oﬀ between the spatial resolution and temporal resolution. J. Chen et al. in China “LowRank and Sparse Decomposition Model for Accelerating
Dynamic MRI Reconstruction” introduce a low-rank and
sparse decomposition model to resolve this problem, which
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is based on the theory of robust principal component
analysis (RPCA). Unlike k-t RPCA (a method that uses
the low-rank plus sparse decomposition prior to reconstruction of dynamic MRI from part of the k-space measurements), the authors propose inexact augmented Lagrangian
method (IALM) to solve the optimization of RPCA and
to accelerate the dynamic MRI reconstruction from highly
undersampled k-space data, which has a generalized formulation capability of separating dynamic MR data into
low-rank and sparse component. The experimental results
on cardiac datasets prove that the proposed method can
achieve more satisfactory reconstruction performance and
faster reconstruction speed, compared with the state-of
the-art reconstruction methods.

4. Machine Learning Algorithms for
Medical Images
The growth of the older adult population in the world is
surprising and it will have a great impact on the healthcare
system. The elders always lack self-care ability and hence,
healthcare and nursing robot draw much attention in recent
years. Although somatosensory technology has been introduced into the activity recognition and healthcare interaction
of the elderly, traditional detection method is always in a
single modal. In order to develop an eﬃcient and convenient
interaction assistant system for nurses and patients with
dementia, X. Dang et al. in China “An Interactive Care
System Based on a Depth Image and EEG for Aged Patients
with Dementia” propose two novel multimodal sparse autoencoder frameworks based on motion and mental features.
First, the motion is extracted after the preprocessing of depth
image and then EEG signals as the mental feature is recorded.
The proposed novel system is designed to be based on the
multimodal deep neural networks for the patient with
dementia with special needs. The input features of the
networks include (1) extracted motion features based on
the depth image sensor and (2) EEG features. The output
layer is the type recognition of the patient’s help requirement.
Experimental results show that the proposed algorithm
simpliﬁes the process of the recognition and achieved
96.5% and 96.4% (accuracy and recall rate), respectively, for
the shuﬄed dataset, and 90.9% and 92.6%, respectively, for
the continuous dataset. Also, the proposed algorithms simplify the acquisition and data processing under high action
recognition ratio compared with the traditional method.
Recently, deep learning has become very popular in
artiﬁcial intelligence. Q. Song et al. in China “Using Deep
Learning for Classiﬁcation of Lung Nodules on Computed
Tomography Images” employ a convolution neural network
(CNN), deep neural network (DNN), and stacked autoencoder (SAE) for the early diagnosis of lung cancer to doctors.
The experimental results suggest that the CNN archived the
best performance than DNN and SAE.
N. D. Kamarudin et al. in Malaysia and Japan “A
Fast SVM-Based Tongue’s Colour Classiﬁcation Aided by
k-Means Clustering Identiﬁers and Colour Attributes as
Computer-Assisted Tool for Tongue Diagnosis” propose a
two-stage classiﬁcation system for tongue color diagnosis
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aided with the devised clustering identiﬁers, and it can
diagnose three tongue colors: red, light red, and deep red.
The diagnosis system is very useful for the early detection
of imbalance condition inside the body. Experimental result
shows that this novel classiﬁcation system outperforms the
conventional SVM by 20% computational time and 15% in
terms of classiﬁcation accuracy.

5. Conclusion
These authors highlight both the promise and the challenges
faced by this healthcare application ﬁeld of medical images.
Their researches identify the critical need for clinical and
theory prospective of medical images. This special issue
brings about various new developments in computer vision
about medical images and clinical application. In summary,
this special issue provides a snapshot of the computer vision
in healthcare applications on medical images across the
globe. Hopefully, this publication will provide a good reference for future computer vision, analysis algorithms, and
machine learning of medical images. However, there are still
some key messages that emerge from the papers compiled
within this special issue: there still remain limitation and
challenge for computer vision and various algorithms and
processing techniques of medical images although these
works show good eﬃciency than traditional and state-of-art
methods. We hope that this theme issue will further advance
our understanding of computer vision about medical image
processing and healthcare applications and pave the way
for new directions in medical images and computer vision
research across health and disease.
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This paper presents a novel method for salient object detection in nature image by simulating microsaccades in ﬁxational
eye movements. Due to a nucleated cell usually stained that is salient obviously, the proposed method is suitable to
segment nucleated cell. Firstly, the existing ﬁxation prediction method is utilized to produce an initial ﬁxation area.
Followed EPELM (ensemble of polyharmonic extreme learning machine) is trained on-line by the pixels sampling from
the ﬁxation and nonﬁxation area. Then the model of EPELM could be used to classify image pixels to form new binary
ﬁxation area. Depending upon the updated ﬁxation area, the procedure of “pixel sampling-learning-classiﬁcation” could be
performed iteratively. If the previous binary ﬁxation area and the latter one were similar enough in iteration, it indicates
that the perception is saturated and the loop should be terminated. The binary output in iteration could be regarded as a
kind of visual stimulation. So the multiple outputs of visual stimuli can be accumulated to form a new saliency map.
Experiments on three image databases show the validity of our method. It can segment nucleated cells successfully in
diﬀerent imaging conditions.

1. Introduction
Microscopic leukocyte analysis is a powerful diagnostic tool
for many types of diseases for which it is vital to recognize
and count diﬀerent lineages and maturity levels of leukocytes. Computer-aided automatic analysis not only saves
manpower and time but also reduces human error. The most
important step in automatic image analysis is segmentation.
Human leukocytes (WBCs) are colorless. Blood and bone
marrow smears are conventionally prepared with WrightGiemsa stain in order to visualize obviously and identify
WBCs. However, diﬀerent smear preparation and imaging
conditions may result in large biases and changes in image
color. It is diﬃcult to segment entire leukocyte populations
since color distributions may be uncertain.

Nature image is typical unstructured data. Modeling such
data via machine learning has been a hotspot for decades. In
recent years, two classes’ learning-based algorithms, bottomup and top-down, which composed with shallow and deep
neural networks, respectively, are widely used to solve the
segmentation problem. In bottom-up framework, literatures
[1, 2] had proposed data-driven methods to segment leukocyte image via “pixel sampling-learning-classiﬁcation” procedure based on shallow network (SVM or ELM). However,
those algorithms have some priori restrictions. For example,
the algorithm assumes that the nuclei of WBCs are surrounded by cytoplasm and are always deeply stained so that
the object intensity is low while the background intensity is
bright. Moreover, preparing the training samples is very critical in those methods. Because if the samples are not good
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(or not pure) enough, the learning-based algorithm may output undesired object. It is a challenge to solve such noisesample-sensitive problem in a learning-based framework.
The state-of-the-art top-down model is developed from deep
learning, which has been successfully used for image segmentation [3]. Deep learning-based algorithm reﬂects the best
performance in many applications so far, since that can deal
with object-level or image-level representative features from
training samples. However, deep networks often have huge
parameters than the shallow one, so that they need massive
labeled sample data to tune parameters repeatedly in training. The most of the existing top-down learning-based
methods are time-consuming in oﬀ-line training process or
labeling positive samples manually.
Due to nucleated cell usually stained with salient color,
Zheng et al. [4] ﬁrstly locate nuclei by saliency detection
method and then extract the nucleated cell by makercontrolled watershed. However, saliency detection in Zheng’s
method was too simple and may be out of date. It is necessary
to ﬁnd some new ways to update them.
In general, without prior knowledge and eﬀective samples, many segmentation methods may fail in practice. In
addition, we note that the information is often feedforward
and lacks feedback process in most bottom-up or top-down
models. It greatly diﬀers from human vision. That may be
one of the reasons the performance of machine vision is far
from that of human vision.
Human accepts attention by making a series of eye movements. There are two forms of eye movement: saccades and
microsaccades. (1) In saccade stage, human eyes aim to ﬁnd
candidate object so it makes sharply shifts in the whole ﬁeld
of view. (2) While candidates are identiﬁed as target, the eyes
will make a series of dense tiny movements that is called
microsaccades around the target for the purpose of intensify
objects and inhibit noises. Continuous microsaccades will
lead to visual fading [5], and the eye movement will switch
to the stage of saccades to ﬁnd new objects. The integration
of saccades and microsaccades contributes to the quick and
eﬃcient performance of human vision system.
Motivated by the above reasons, this paper presents a
novel saliency detection framework by simulating microsaccades and visual fading, without prior knowledge and labeled
samples. We construct a positive feedback loop to focus on
ﬁxation area and intensify objects repeatedly. Ensemble of
polyharmonic extreme learning machine (EPELM) [6, 7] is
utilized to simulate the human neural system to produce
visual stimulus. Depending on sampling from previous ﬁxation area (input), training EPELM model using the samples,
and classifying image pixels by EPELM, new ﬁxation area
can be output in iteration. If the input and output ﬁxation
area were similar enough, it indicates that the perception is
saturated and the iteration should be terminated. The ﬁnal
ﬁxation area is the segmentation result in our method. Experimental results show that new saliency method with positive
feedback loop can achieve better performance and can
greatly improve the performance of the existing saliency
detection methods.
In summary, the main contributions of our work are as
follows. (1) We propose a novel learning-based algorithm
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to detect salient objects depending on bottom-up saliency.
It is good to segment stained leukocyte without any prior
knowledge and labeled samples. (2) A positive feedback
module based on EPELM is presented which focuses on
ﬁxation area for the purpose of intensifying objects, inhibiting noises, and promoting saturation in perception.
Positive feedback of perception may be indispensable in
saliency detection.
In the rest of the paper, we introduce the works of
saliency detection that are heavily related to our approach
in Section 2. Then we describe our algorithm in Section 3
and ﬁnally discuss the experimental result in Section 4.
Section 5 is the conclusions.

2. Related Works
Visual attention is a remarkable capability of early primate
visual system, which helps human complete scene analysis
in real-time with limited resources. Inspired by it, various
computational models, which are called saliency models,
have been proposed according to the psychological and neurobiological ﬁndings. Saliency model aims to identify the
most salient foreground object from the background, and
this problem in its essence is a ﬁgure/ground segmentation
problem. In general, saliency detection can also be grouped
into two categories: top-down methods and bottom-up
methods. Bottom-up methods are rapid, data-driven, and
task-independent, which construct saliency maps based on
low-level visual information, such as pixel level or super pixel
level. Due to the absence of high-level knowledge, all bottomup methods rely on assumptions about the properties of objects
and backgrounds. The widely utilized assumptions could be
contrast prior, boundary prior, center prior, background prior,
and so on. In contrast, top-down approaches are slower,
volition-controlled, and task-driven and require supervised
learning based on training samples with manual labels.
The classic bottom-up computational model is Borji
et al.’s method [8], which gets saliency values of each pixel
by center-surround contrast. Hou and Zhang [9] use the
residual Fourier amplitude spectrum to form saliency map.
Both of the above two models aim to predict human ﬁxation
points; hence, saliency maps computed by these models
are spatially discontinuous. While at the same time,
models for the purpose of salient region detection have
been proposed in [10], Goferman et al. proposed a
saliency model based on context-aware, and Cheng et al.
[11] presented global contrast-based saliency computation
methods, called histogram-based contrast (HC) and spatial
information-enhanced region-based contrast (RC). These
types of model can generate saliency maps with ﬁne details
and high resolution. Literature [8] indicates that models for
salient region detection shown actual advantage in contrast
with models for ﬁxation prediction in terms of various computer vision applications.
Recently, many learning models are proposed for
saliency computation. Methods based on supervised learning have emerged [12], and these approaches use large ﬁne
annotation images to train saliency model, which is a typically knowledge-driven approach. At the same time, there
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are some unsupervised learning approaches [13]. All of the
above methods either rely on large manual-labeled dataset
and oﬀ-line training or lie on numbers of parameters set
for modeling.
In the bottom-up framework, [14–16] presented some
eﬀective ways to to train a set of weak classiﬁers based on initial
saliency maps and then obtained a strong model by integrating
the weak classiﬁers or their results. In their approaches, multiple types of classiﬁers, multiscale analysis, and graph cut algorithm could be taken together, such as Na et al. [14] presented
BL algorithm which detect objects via bootstrap learning of
SVMs. Huang et al. [15] presented MIL algorithm depending
on object proposals and multiple instance learning using
SVMs. And in [16], Zhang et al. presented salient object detection based on ELM. Those methods are very attractive to us
since the learning-based approach is similar to human brain,
and their results are very close to human perception. However,
we noticed that those methods are almost no reference to
human visual mechanism. They implement function from
computing rather than simulating human vision. It is timeconsuming because of multiscale analysis and multimodel parallel computing that may lose the speed of bottom-up model.
In addition, the information is also feedforward and lacks feedback process in those methods. There may be large room to
improve them.

3. Method
Our method consists of four main components:
(i) Generating a gaze area
(ii) Forming a preliminary object using coarse saliency
map by learning
(iii) Suppressing the background
(iv) Intensifying object to form a sense of saturation by
learning-based positive feedback
The framework of our method is illustrated in Figure 1.
The key steps are listed as follows. See Figure 2, the main
pipeline of our method.
Step 1. An initial saliency map is made from input image
by SR algorithm.
Step 2. Use coarse saliency detection by EPELM learning:
(1) Sort pixels according to the saliency, and select
the ﬁrst n pixels with large value (n = 100 in
our experiment).
(2) The selected pixels form a minimum rectangle
box containing them. Inside the box is the ﬁxation area, so the outside is the nonﬁxation area.
(3) Random sample m pixels with high gradient
are from the ﬁxation area (positive samples).
And random sample equal pixels are from the
nonﬁxation area (negative samples) (m = 500 in
our experiment).

3
(4) Use training EPELM using the positive and negative pixels with RGB features.
(5) Classify image pixels by EPELM. Each binary
output of PELM is regarded as single stimulation,
could be normalized, and is added to form a
coarse saliency map.
Step 3. RBD algorithm is used to reduce the noise in the
coarse saliency map, by background detection
and saliency optimization.
Step 4. Intensify objects using positive feedback loop:
(1) Threshold the optimized saliency map to make
new binary ﬁxation area (BW_i).
(2) If BW_i-1 has been existed, then judge whether
BW_i is similar enough to BW_i-1. If true, go to
step 5 (break the loop); else, do the next step.
(3) Use Saliency detection by EPELM learning (same
as step 2). Each binary output of PELM could be
normalized and added to the saliency map.
(4) Return to step 1 in the current step.
Step 5. The ﬁnal segmentation result is BW_i (end).
3.1. The Function of SR and RBD Algorithms. SR (spectrum
residual) method was presented by Hou and Zhang [9],
which aims to predict human ﬁxations and often produces
blob-like and sparse saliency map corresponding to the
human ﬁxation spots on scenes. Let I x be the image, x be
the pixel position, F be the Fourier transformation; then
A f = F I x

,

P f =φ F I x ,
L f = log A f ,

1

R f = L f − hn f ∗ L f ,
SR x = F −1 exp R f + jP f

2

,

where A f is the amplitude spectrum of image, P f is the
phase spectrum of image, L f is the log of amplitude spectrum, R f represents residual Fourier amplitude spectrum,
SR x is the saliency map, φ is the operation to extract
phase, and hn f is an average operator.
The salient points detected by SR often have strong correlation with eye gaze spots. Besides, SR is very similar to human
perception since saliency map may change when the scale of
the image changes. And it is one of the fastest ﬁxation prediction algorithms [8]. So we select it to simulate human ﬁxation.
In our method, we ﬁrstly provide an initial ﬁxation area
using SR, then sampling from there, and learning by
EPELM. Multiple random sampling may be equivalent to
the micro scan in the ﬁxation region. Because the training
samples are few (m = 500 in this paper), the EPELM classiﬁer can be trained in real-time. After that, those models are
used to classify image pixels into classes of object or background. The binary output of every PELM model could be
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Figure 1: The framework of the proposed method.

treated as a kind of stimulus just like neuron ﬁring in
human brain. Multiple outputs of PELMs could be accumulated together and normalized to form a new coarse saliency
map. Figures 3(a)–3(f) show an example.
Since the initial ﬁxation area is often rough (see the
red box in Figure 3(a)), so that there is a lot of noise in
the positive and negative samples. Such noise samples
may easily lead to undesired output. Although we accumulate the learning-based results, it is not enough to decrease
the bad inﬂuence of background pixels to foreground. In
order to erase the error caused by noise samples, the coarse
saliency map needs to be optimized further by suppressing
the background.

RBD (saliency optimization from robust background
detection) was proposed by Zhu et al. [17], which belongs
to salient object detection models and attempts to highlight
the whole salient object by suppressing the background.
Zhu et al. proposed a robust background measure, called
boundary connectivity. It characterizes the spatial layout
of image regions with respect to image boundaries. It is
deﬁned as
BndCon =

p∣p ∈ R, p ∈ Bnd
p∣p ∈ R

,

2

where p is an image patch and Bnd is the set of image boundary patches. It has an intuitive geometrical interpretation: it is
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Figure 2: The main pipeline of our method.

(a) Initial ﬁxation area located by red box

(b) Saliency map made by SR

(c) Binary result of the ﬁrst PELM model

(d) Binary result of the second

(e) Binary result of the third

(f) The coarse saliency map by accumulating

PELM model

PELM model

(c), (d), and (e)

Figure 3: (a-b) Initial ﬁxation area made by SR; (c–f) the coarse saliency map made by PELM learning.

the ratio of a region’s perimeter on the boundary to the
region’s overall perimeter or square root of its area.
Zhu et al. presented an approach depending on superpixels to compute background probability by boundary
connectivity.
bg

ωi = 1 − exp

BndCon2 pi
2σ2BndCon

object region value 1 and the background region value 0,
respectively. The optimal saliency map is then obtained by
minimizing the cost function.
Let the saliency values of N superpixels be si Ni=1 , and the
cost function is
N

3

The salient object detection problem in their model is
regarded as the optimization of the saliency values of all
image superpixels. An optimization framework to integrate
an initial saliency map with the background measure is presented. The objective cost function is designed to assign the

bg

N

fg

cost = 〠 ωi s2i + 〠 ωi si − 1 2 + 〠 ωij si − s j
i=1

i=1

2

4

ij

There are three terms which deﬁne costs from diﬀerent
bg
fg
constraints. ωi is the background probability, ωi is the foreground probability often represented by initial saliency map,
and ωij is the smoothness term which encourages continuous
saliency values which is used to erase small noise in both
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Original image
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Saliency map after RBD

Fixation area (binary result
of saliency map after RBD)

Figure 4: The function of RBD algorithm: suppressing the background pixels.

background and foreground terms. We select optimal value
of si Ni=1 to minimize the cost.
fg
In our method, ωi is the coarse saliency map produced
by our method from step 1 to step 2. It could be carried into
RBD algorithm to eliminate noise eﬀects of background. See
Figure 4. Pure samples will yield more precision model and
binary result through the followed positive feedback.
3.2. Training of EPELM. ELM (extreme learning machine)
has been widely used as a fast learning method for feedforward networks with a single-hidden layer [6]. Recently, Zhao
et al. [7] extended it for more stable performance, which is
called EPELM (ensemble of polyharmonic extreme learning
machine). It has shown good performance in human face
recognition. Due to polyharmonic mechanism, EPELM is
an eﬀective way to deal both kinds of scattered date with
rapid changed and slow variations. Diﬀerent from traditional
learning algorithms which based on the gradient descent
techniques for parameter optimization, EPELM sets its inner
weights randomly and needs no iterative training. It can be
trained on-line with small sample sets and needs not tuned
with any parameter. So we use EPELM for learning-based
saliency detection.
For a given set of training samples xi , t i Ni=1 ⊂ Rn × Rm ,
the output of a PELM with L hidden nodes can be written by
L

f r x = 〠 βr i ⋅ G ai r , bi r , x + P x , x ∈ Rn ,

5

i=1

where ai and bi are the inner weights of input node to hidden
node. βi is the output weights of hidden node to output
node. The inner weights in this model are randomly assigned.
G ai , bi , x is the output of ith hidden note. p x is a polynomial with low degree, which can deal with the type of data
with slow variations. Output weights β can be computed by
the following formula:
∧

βr = H + T,

6

where H + is the Moore-Penrose pseudoinverse of the hidden
layer output matrix, and T = t 1 , t 2 , … , t n T

For the aim of gaining more stable model, we integrate
numbers of PELM. The parameter p denotes the number of
PELM grouped in the EPELM. The function for EPELM is
(p = 3 in our experiment)
p

f x =

1
〠 fr x
p r=1

7

In this paper, EPELM can be treated as neural system of
human brain to accept stimulus and output new one. The
function of positive feedback loop based on EPELM is illustrated in Figure 5. It is easy and quick that visual perception
becomes saturated in positive feedback loop.

4. Experimental Results and Analysis
4.1. Dataset. To evaluate the performance of our algorithm,
we have chosen three widely used datasets. SED2 contains
100 nature images with two salient objects. Every image in
the dataset was ﬁnely labeled manually for the purpose of
saliency detection and image segmentation. ALL-IDB1 and
ALL-IDB2 are the acute lymphoblastic leukemia image database [18].
4.2. Implementation Details. In this paper, input image with
large size should be downsampled to 64∗ 64 for ﬁxation prediction and salient object detection, because SR algorithm is
sensitive to image size, and 64 pixels of input image may be
a good estimation of majority images. More importantly,
reducing the size of image can save running time sharply.
The number of superpixels of RBD could be set to 100 or
150. It is not sensitive to our method.
The number of positive and negative samples is set to 500
in sampling. And the number of hidden nodes of PELM may
be linked to the dimension of pixels feature and could be set
to 5~30 in this paper. In order to control the loop of positive
feedback, F-measure is used to measure the similarity
between BW_i and BW_i-1. And F = 0 95 means both areas
are similar enough in our experiment.
4.3. Evaluation Measures. We perform both quantitative and
qualitative evaluations for our approach. For quantitative
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Table 1: Average F-measure of four compared approaches in SED2.

1

Method

0.9

F-measure

0.8

RBD

BL

Ours

0.8250

0.8342

0.8561

using a ﬁxed threshold which changes from 0 to 255. On each
threshold, a pair of P/R scores is computed to form PR-curve
and to describe the performance of model at diﬀerent situations. Recall and precision can be computed by the following
function.
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0.700

0.6
0.5
0.4

P=

0.3
0.2

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Recall
RBD
SR
BL

Our_final
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Figure 6: PR curves of ours and four compared algorithms in SED2.

evaluation, we use recall, precision, and F-measure. F-measure jointly considers recall and precision. For a saliency
map S, we ﬁrst covert it to a binary mask M by thresholding

M∩G
,
M

M∩G
,
R=
G

8

where G denotes the ground truth, and F-measure can be
deﬁned as follows:
F=

1 + β2 ∗ P ∗ R
β2 ∗ P + R

9

As suggested by the literature [8], β2 is set to 0.3 to
enhance the eﬀect of precision. The more the F value is,
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Figure 7: Comparison of partial experimental results in SED2.
Table 2: Average F-measure of diﬀerent approaches in ALL-IDB1 and ALL-IDB2.
Method
F-measure

Watershed

ALL-IDB1
Reference [2]’s method

Ours

Watershed

ALL-IDB2
Reference [2]’s method

Ours

0.60

0.89

0.86

0.56

0.82

0.95

the better the performance. We take the average F-measure
of each database as the ﬁnal F-measure.
4.4. Experimental Results
4.4.1. Nature Image Saliency Detection and Segmentation.
We ﬁrstly test our approach in SED2 database. Three
models were compared which are state-of-the-art or closely
related to our approach: BL [14], SR [9], and RBD [15]. PR

curves of compared methods are shown in Figure 6. In PR
curves, Our_ﬁnal means saliency map output from the positive feedback loop; Our_coarse is the coarse saliency map
output by ﬁrst learning; Our_RBD is optimized saliency
map after RBD. Other saliency maps are represented by
algorithm names.
Figure 6 shows that the top-left of the BL’s curve is
higher than the others. It means that BL’s saliency map
is more detailed and smooth. However, Our_ﬁnal is more
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Figure 8: Comparison of partial experimental results in ALL-IDB1.

than BL in the middle of the PR curve that illustrates the
ability of our method to grasp the whole object is better
than BL. Besides, Our_coarse and Our_RBD are higher
than the original RBD and SR. Although the curves of
Our_coarse and Our_RBD are little lower than those of
the BL, Our_ﬁnal achieves good result after the positive
feedback. Obviously, positive feedback has played a decisive role in improving performance.
Table 1 shows average F-measures for the 4 methods.
Those results show that our method has the best performance, followed by BL and RBD, and SR is worst. It is also
shown that the performance of SR and RBD can be improved
eﬀectively by adding learning-based positive feedback.
Figure 7 shows part of the images in the SED2 and their
saliency maps obtained by the 4 methods. These results show
that the BL saliency map is better in smoothness and detail,
and our method is better in overall perception. It should be
noted that SR, RBD, and our methods reduce the size of
original image in saliency detection and their saliency maps
are rougher than BL’s one. From the view of qualitative

evaluation, it is clear that the binary object mask detected
by our method is closer to the ground truth.
4.4.2. Leukemia Image Segmentation. ALL-IDB1 contains
108 images with large ﬁeld of vision, each image includes
many WBCs. Some of them may overlap and touch together.
ALL-IDB2 contains 260 images with small ﬁeld of vision, and
each of them only contains a nucleated cell. The diﬃculty lies
in that conventional methods are hard to extract the entire
leukocyte populations, due to the color of cytoplasm of
WBCs often close to that of the background.
Two methods were compared with our approach:
marker-controlled watershed and Reference [2]’s method.
The former performs ﬂooding operation according to the
selected markers and the gradient. The latter ﬁrstly ﬁnds
the deep stained nucleus of WBCs by thresholding and
then does sampling around the ﬁxation area and learning/
classiﬁcation by SVM/ELM. We sketched the outline of the
nucleated cells in the image as ground truth. The average
F-measures are shown in Table 2.
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Figure 9: Comparison of partial poor results in ALL-IDB2.

Our method gets the highest score in ALL-IDB2, while
slightly worse than Reference [2]’s method in ALL-IDB1.
Watershed-based method is worst in both datasets.
Partial experimental results are listed in Figures 8 and 9.
As can be seen from these examples, our method is successful
in ALL-IDB2. In which only one stained cell exists, so the
detail of the object may be well preserved in our method. In
ALL-IDB1, a large number of stained cells gathered together
may limit the performance of our method. While Pan’s
method without positive feedback procedure may be more
appropriate to deal with this situation.
In ALL-IDB2, only one segmentation result is not ideal in
our method. The segment result of this image losts most
cytoplasm (shown in Figure 9, the right side of the last
row); however, even the human eyes are prone to error in this
image. These examples show that our approach is much close
to human perception.
4.5. Discussion. The method of “pixel sampling-learningclassiﬁcation” was proposed previously in [2]. It works well
in good control condition. It needs be noted that the framework of the above method is very similar with step 2 in our
method, in which shallow networks are parallelly arranged
without any feedback. It is a noise sample-sensitive method
if the training samples are not well prepared according to
the prior knowledge. Our method could be regarded as
an improved version developed from the technique of
[2]. We presented an eﬀective way to deal with the noise

sample-sensitive problem by background-suppressing and
learning-based positive feedbacks.
Our method also diﬀers from Na’s works especially in
simulating human vision. Na’s team tries to train a set of
weak classiﬁers based on initial saliency maps and then
obtains a strong model by integrating the weak classiﬁers.
The ﬁnal output relies on the strong model. They take boosting and parallel strategy to group weak classiﬁers, but without any feedback in their framework. In contrast, our
method only focuses on the ﬁxation region to accelerate the
process for the object perception to become saturated, no
matter how the classiﬁer is weak or strong. In our method,
the saliency map could be produced by accumulating the
binary result in iteration and object could be output by
thresholding the saliency map. By the way, multiscale analysis is not involved in our method. We just downsample image
to a small size (64∗ 64) that can sharply speed the algorithm,
while it does not decrease the performance.

5. Conclusions
This paper proposes a novel saliency region detection
method based on machine learning and positive feedback of
perception. Motivated by human visual system, we construct
a framework using EPELM to process visual information
from coarse to ﬁne, to form a saliency map and extract salient
objects. Our algorithm is data-driven totally and needs no
any prior knowledge compared with the existing algorithms.

Journal of Healthcare Engineering
Experiments on several standard image databases show that
our method not only improves the performance of the conventional saliency detection algorithms but also segments
nucleated cells successfully in diﬀerent imaging conditions.
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With the development of social economy in the 21st century, and the rising of medical level, the aging of population have become a
global trend. However lots of elderly people are in “empty nest” state. In order to solve the problem of high risk of daily life in this
group, this paper proposed a method to integrate the information of video images, sound, infrared, pulse, and other information
into the elderly care system. The whole system consists of four major components, that is, the main control board, the
information acquisition boards, the server, and the client. The control board receives, processes and analyzes the data collected
by the information acquisition boards, and uploads necessary information to the server, which are to be saved to the database.
When something unexpected occurs to the elderly, the system will notify the relatives through the GPRS (general packet radio
service) module. The system also provides an interface for the relatives to inquire the living status of the elderly through an app.
The system can monitor the living status for the elderly with the characteristics of quick response, high accuracy, and low cost
and can be widely applied to the elderly care at home.

1. Introduction
The aging of population is a global issue [1], especially in
China. Most children who are busy with their work have little
time to take care of their parents and have a great pressure on
parent support. As most elderly become empty nesters, monitoring the living status of them is to solve not only family
problems but also social problems. China’s welfare science
for elderly is still in the early stages of development [2, 3].
The existing products based on wearable sensors sometimes
feel inconvenient and are easy to forget to be carried. The
products based on audio sensor can judge the living
condition of the elderly through sound signals, but they are
vulnerable to environmental noise, which leads to low accuracy. The products based on vision sensors also have some
problems such as limited visual acquisition and privacy
leakage. Therefore, developing an elderly care and monitoring system which meets the privacy protection requirement has great signiﬁcance in family, social, and practice
value. The system should be able to eﬀectively monitor
the daily life and correctly assess the health status of the
elderly. When something unexpected happens, the system

will send an alarm signal to inform the family relatives
or other related people.
Some related systems have been proposed in the literature [4–8]. For example, Kidd et al. [6] proposed the “Aware
Home” system, which captured real-time images of the
elderly through the camera, and the children can see the
elderly current activity information through the Internet
and can view the recorded information to better understand
the status of the elderly. Recently, Khosla et al. [7] reported
an interactive multimodal social robot system for improving
quality of care of elderly in Australian nursing homes. In
their system, they utilized multimodal interaction (voice,
gestures, emotion, touch panel, and dance) in assistive
social robot. Suryadevara and Mukhopadhyay [8] proposed
a wireless sensor network-based home monitoring system
for wellness determination of elderly. In their system, they
used a number of sensors interconnected to detect usage
of electrical devices, bed usage and chairs along with a
panic button, and wireless sensor network consisting of
diﬀerent types of sensors like electrical and force, and contact sensors with Zigbee module sensing units are installed
at elderly home.
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Figure 1: Schematic diagram of system.

In this paper, we propose an elderly care system based on
multi-information fusion technology, using video processing
technology as the core, combined with sound detection,
infrared detection, and pulse detection. Speciﬁcally, the proposed system uses a DSP + ARM dual-core board, with
OMAP L138 as the processor. A six-layer PCB is applied
and designed in order to simplify the circuit and reduce the
cost. Through the method of background modeling and
updating, the foreground moving human being can be
extracted properly with the help of an 8-connectivity analysis
and shadow removal. Using some features of the minimum
circumscribed rectangle, the falling-down of the elderly can
be detected properly. In order to obtain the living information of the elderly without privacy disclosure, several information acquisition boards armed with infrared sensors,
laser sensors, sound sensors, and pulse sensors are used at
the gate, in the toilet, and in the bedroom. The multiple
information fusion mechanism improves the eﬃciency and
accuracy of the elderly care system. Hence, the developed system can accurately track the indoor position of the elderly,
detect abnormal activities, and inform the relatives automatically when something unexpected happens. In general, this
research undoubtedly provides important basis for the generalization and application of the elderly care system.
The rest of the paper is organized as follows. In Section 2,
the whole system is described in detail. In Section 3, the video
analysis-based falling-down detection algorithm is given.
System setup and experimental results go to Section 4. Finally,
in Section 5, the conclusions and discussions are given.

2. System Description
2.1. System Overview. The schematic diagram of the whole
system is shown in Figure 1. The whole system consists of a

main board and several information acquisition boards.
The main control board is the core of the hardware system,
while the information acquisition boards are the basis. The
information acquisition boards are installed around the
room at the right places. The voice, infrared, and pulse data
are then collected directly by these information acquisition
boards and some of the living status of the elderly, such as
whether he/she is absent or is sleep abnormally, can then be
obtained easily. The living status whether the elderly falls
down is obtained through video analysis by the main board.
When all these living conditions are obtained, they are then
uploaded to the server through Ethernet. Relatives can view
the real-time status and historical status of the elderly with
his/her mobile phone through a special installed app on it.
On the other hand, when something unexpected occurs and
is detected by the system, a short message will be sent automatically to the relatives through a GPRS (general packet
radio service) module installed on the system.
2.2. Design of the Hardware System. For the hardware design,
three aspects should be considered. First, the hardware system works in an indoor environment, and the main inﬂuence
is the temperature and weather change. Second, the cameras
are ﬁxedly installed, so the video analysis algorithm has a
certain robustness to simple noise interference. Third, the
system should work in real-time. According to these aspects,
we build the hardware platform based on a DSP (digital
signal processor) + ARM (acorn RISC machine) dual-core
CPU (central processing unit) with OMAP (open multimedia application platform) L138 [9] as the processor which is
developed by Texas Instruments, along with three infrared
and sound detection modules (information acquisition
control panel), one pulse detection module, and two analog
cameras as the sensors. The hardware platform has powerful
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Figure 2: Schematic diagram of the hardware platform.

data processing capabilities to meet the system’s real-time
and eﬃciency requirements. Figure 2 shows the diagram of
the system hardware platform.

one piece is used to detect the elder’s pulse frequency.
It can be carried with the elderly all the time or
measured when needed.

(1) The core of the main board, OMAP L138, is a dualcore (DSP + ARM) CPU with an up to 456 MHz
working frequency, a 512 MByte extended NAND
Flash and a 128 MByte DDR2 (double data rate 2)
memory, and a wealth of external interfaces such as
the Ethernet, video, and LCD (liquid crystal display)
interface, and so forth. The main control board utilizes the wireless transceiver module YB30_SI4432
which is developed by Silicon Labs (http://www.
silabs.com) to communicate with the information
acquisition board, which has the characteristics of
long transmission distance, low cost, high integration, and high ability going through a wall. The living
conditions and the captured images when the elderly
falls down are sent through this module.

(3) The main control board also judges abnormal status in the living room through an analog camera
when the elderly falls down or detects abnormal
sleeping status in the bedroom through another
infrared camera.

(2) There are four pieces of information acquisition
board which uses the microcontroller STM32F103
[10], which is developed by ST Microelectronics, as
the core. Three of them, armed with infrared, sound,
and laser detection modules, are installed in the toilet,
the bedroom, and the gate, respectively, to detect
abnormal conditions including long-time staying in
the toilet, not returning back home, or sleeping disorders. As mentioned before, once abnormality occurs,
data will be transmitted to the main control board
through the wireless transceiver module. The last

(4) The dual-core main control board will send the collected information to the server through the Ethernet
transmission. The server will save the data to a
database and show the current status of the elderly.
2.3. Design of the Software System. In this paper, the software
system consists of four parts: the main control board software, the information acquisition board software, the server
software, and the client software. The functions of the main
control board software include abnormal status judgment,
notice warning, and fall detection. The functions of the information acquisition board software include infrared detection,
laser detection, sound detection, and pulse detection. The
main function of the server software is to do database operations, and the client software is the interface for relatives to
view/review the status of the elderly. The diagram for the
whole software is shown in Figure 3.
2.3.1. Design of the Main Control Board Software. The software of the main control board is divided into three layers
from the bottom to the top: the peripheral driver function
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layer, the multitask function layer, and the core algorithm
layer. The driver function layer is used to initialize the
peripheral of the main control board with CSL (chip support
library) ﬁrmware library to drive them to work normally. The
multitask function layer is designed to realize diﬀerent tasks
of the system, including the video capture, video display,

timer interrupt, wireless transceiver, SMS sending, and server
communication tasks. The core algorithm layer mainly
accomplishes the fall detection of the elderly. The software
framework of the main control board is shown in Figure 4.
According to the software framework and combined
with the characteristics of the SYS/BIOS multitasking OS
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(operating system), the software workﬂow of the main
control board is shown in Figure 5.
After the main board is powered on, the system will ﬁrst
do some initialization work such as system clock conﬁguration, CSL library initialization, and peripheral and memory
resource initialization. The details are as follows:
(1) System clock conﬁguration: setting OMAP L138 system clock to 456 MHz
(2) Peripheral initialization: GPIO (general purpose input/
output) port initialization, LAN8710A’s driver initialization, EEPROM initialization, SI4432’s driver initialization, TIMER1’s driver initialization, TVP5150’s
driver initialization, AT070TN83’s driver initialization, timer SIM900A’s driver initialization, and RS232’s
driver initialization
(3) Memory resource management: mapping the appropriate data to DDR2
(4) Read and set the parameters in EEPROM
(5) Multitask operation: parameter setting tasks, falling
behavior detection tasks (including target detection,
target tracking, and falling behavior recognition),
SMS task, sleep abnormality judgment task, wireless
communication, and network communication task
The “Mode Flag” in Figure 5 is set through the hardware
DIP switch. When the mode ﬂag “ModeSet” is 1, the system

2.3.2. Design of the Information Acquisition Board Software.
As mentioned before, we use the information acquisition
board to collect and judge abnormal living information at
the gates, toilets, and bedrooms.
The software diagram of the information acquisition
board is shown in Figure 6. It has three layers, that is, the
peripheral driver function layer, the interface function layer,
and the control algorithm layer. The peripheral driver function layer initializes and drives peripherals of the STM32.
The timer TIMER2 is initialized as a general timer, which
generates an interruption every 1 second to receive and determine the various signal and changes from sensors. The IN/
OUT detection module communicates with the STM32
through the RS485 bus and received the IN/OUT status of
the elderly through a serial port interrupt. The sound, light,
and infrared sensors receive data through an external interruption and jointly judge the elderly living status. The
SI4432 wireless module connects with the STM32 through
the SPI bus interface for data communication. The board will
send the elderly status information to the main control board.
The three living information of the elderly at the gate that
should be detected include out (01), at home (02), and out
without going home (03); the three living information of
the elderly in the bedroom include getting up (04), sleeping
(05), and sleep abnormality (06); the toilet abnormality (07)
is the only a status that should be detected in the toilet. Each
status is obtained through multiple sensors fusion.
Let us take the information collected at the bedroom
as an example to explain the logic of the information
fusion system:
(1) An entrance detection sensor detects that the elderly
enters the bedroom.
(2) If the light sensor module detects that the elderly on
the bed is moving, and the current time is the sleeping time of the elderly, the system judges that the
elderly starts to sleep.
(3) When the elderly is sleeping, but the sound and infrared sensors cannot detect any eﬀective data for more
than 20 seconds, the system would suspect that sleep
abnormality occurs.
(4) Within the sleeping mode, the entrance detection
sensor module detects eﬀective data, and if the current time is the wake-up time, the system would
judge that the elderly gets up.
2.3.3. Design of the Client Software. The client software can be
divided to two parts, the PC (personal computer) monitoring
client and the mobile phone client.
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(1) The PC monitoring client displays the data from the
database server, including the living status of the
elderly received from the main board and the abnormality along with the time of occurrence. The PC end
software is developed in Visual Studio 2013 with the
development language of C# and the database of
SQLSever2012.
(2) In order to adapt to the most widely used two mobile
phone operating systems, that is, the Android [11]
and the iOS, two mobile phone clients are developed,
respectively. The Android client software development platform is eclipse4.5, with the development
language JAVA, and the iPhone client development
platform is Mac OS X, with the language ObjectiveC. The mobile phone client includes a login interface,
a status interface, and a message list interface. Users
need to enter the correct username and password to
login, which protect the privacy of the elderly to some
extent. The server will record all the information into
the database; when users log on to the mobile client
to query the current status or images of the elderly,
the server will package them in a standard Json format and send them to the mobile phone, and the
mobile client will then parse the received package
and print the message list for the users to view. If a
falling-down event occurs, the relatives can view the
falling-down image through the mobile phone client.
The PC client and the mobile client communicate
with each other according to the ﬂowchart shown in
Figure 7.

3. Video Analysis-Based Falling-Down
Detection
The falling-down detection can be accomplished with many
ways [12, 13]. In this paper, we utilize the video analysis
based method for falling-down detection. Actually, video
analysis-based object detection has been widely used in many
areas [14].

Taking into account the privacy of the elderly, the cameras in the living room and the bedroom cannot capture
real-time videos. Only when the elderly falls down, the
abnormal images can be viewed through the mobile client.
In this paper, the falling-down detection is divided into three
steps: moving human-being detection, shadow removal, and
falling-down feature extraction.
3.1. Moving Human Being Detection. We utilize the background subtraction method [15–17] for moving human
being detection. There are mainly 3 steps for background
subtraction-based moving object detection: background
modeling, background updating, and background subtraction. In order to get a real-time moving human being detection, we propose an improved background modeling
method; combined with the Surendra background updating
algorithm [18], we can get a fast accurate detection.
3.1.1. Improved Background Modeling Algorithm. Background modeling refers to the extraction of the background
from the video sequence, which is the key and basis step in
the background subtraction algorithm. We propose an
improved background modeling algorithm using the frame
diﬀerence method. The core idea is to threshold the diﬀerence image to update the initial background (the initial gray
value is 0) until the background is established. Considering
the relatively slow motion of the elderly, the relative motion
of the adjacent frames will be small or even static, which will
lead to unsatisfactory results. So, in this paper, the two
images doing diﬀerence operation are not adjacent frames
which reﬂect the improvement. The core point of this algorithm is to compare the gray levels of the pixels at the same
location in the two images at diﬀerent times. When the
threshold is less than a certain value, it is regarded as the
background point. Speciﬁc steps are as follows:
Step 1. Take out ﬁve frames and every two frames have
an F frame (F = 15 in this paper) separation in
the original sequence. Initialize the gray value of
the background image to be 0.
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Step 2. Obtain the diﬀerence image from the ﬁrst frame
and the second frame by image subtraction. If
the gray value of a pixel in the diﬀerence image
is less than a distinct threshold value T (T = 20

BeiJingbuf f er x, y =

Hx,
0,

in this paper), and at the same time the gray value
of this pixel in the background image is 0, set the
gray value of this pixel in the background image
to the same value as the second frames Hx.

TempYbuf f er2 x, y − TempYbuf f er1 x, y < T&&BeiJingbuf f er x, y = 0,
else

Step 3. Repeat step 2 and take the second frame and the
third frame images into the calculation, until all
5 images are completed, the background image
is established.
Step 4. Update the established background image in
real time: make a subtraction between the current image and the background image obtained
by the third step, then get the diﬀerence image.
If the value of a pixel in this diﬀerence image is
greater than the threshold T1 (here is 25), then
update the value to 255. We declare this point
as a moving pixel and there is no need to

1

update the background. Otherwise, the background image needs to update to 0, which is a
binary image.
255,
Rgb buf f er =
0,

Lumatopbuf f er x, y
− BeiJingbuf f er x, y > T1, 2
else

3.1.2. The Surendra Background Update Algorithm. The
background template image is the initial background image
of the previous F ∗ 5 frame image, but the background image
of the later frame is not static. Because of the inﬂuence of
light and other objects, it is necessary to update the
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background template in real time to adapt to the changes of
indoor light and other environmental factors. Since this step
requires a background image, only the still pixels need to be
updated. In this paper, we use the following weight formula
to update the background, that is, the Surendra background
update algorithm.
BeiJingbuf f er x, y = α × Lumatobuf f er x, y
+ β × BeiJingbuf f er x, y

3

BeiJingbuf f er x, y is one pixel of the background
image BeiJingbuf f er, and Lumatopbuf f er x, y is one pixel
of the current image Lumatopbuf f er. A and B are the
weight coeﬃcients, which meet α + β = 1, and inequality
α ≤ 0 5 and β ≥ 0 5. α and β are used to adjust the background update speed. When α gets larger, the background
image BeiJingbuf f er will adapt to the scene more quickly
but will cause larger foreground noise. When α gets lower,
BeiJingbuf f er will adapt more slowly and will cause lower
noise. Therefore, to a certain extent, α weakens the eﬀect
of foreground pixels, and β enhances the role of the static
background pixels. In this paper, we take experience values
α = 0.2 and β = 0.8.
3.1.3. Neighborhood Connectivity Analysis. Connected neighborhoods are neighboring pixels that are connected to each
other by some similar rule, which is often a separate area of
pixels in the image. In binary maps, there are only two-pixel
values of 0 and 1, so this rule is usually speciﬁed by comparing
the pixel values of neighboring pixels. Commonly used neighborhood connectivity domains are 4-neighborhood and
8-neighborhood. 4-neighborhood contains the positions at
the top, bottom, left, and right positions of the target pixel,
which is denoted as N4 (q), as shown in Figure 8(a).
8-neighborhood contains the positions at the top, bottom,
left, and right and the four diagonals of the target pixel, which
is denoted as N8 (q), as shown in Figure 8(b).
In this paper, we use the 8-neighborhood for connectivity
analysis, and the concrete steps are as follows:
Step 1. Scan the binary foreground image line by line and
ﬁnd the ﬁrst foreground pixel as the target pixel,
then make a mark N1.
Step 2. Label the same mark N1 for all the pixels in the
8-neighborhood area of the foreground image
and do the same operation for these 8 pixels
until no more foreground pixels can be found.

Step 3. Scan to the next target pixel, if this pixel has been
marked, then skip to the next pixel in the same
8-neighborhood area without any operation;
otherwise, make a marker N2 which is unused.
Repeat step 2.
Step 4. Repeat step 3 until all the pixels in the image are
scanned.
The operation of the above steps can get M label values
N1, N2, ..., NM in the image; then, there are M-independent
8-connected neighborhoods. Count the size of these areas
and arrange them in descending order to eliminate the area
that is smaller than some distinct threshold. The background
pixel values of these eliminated areas are set to 0.
Several examples are shown in Figure 8 for moving
human being detection. In Figure 8, there are totally four
sequences. Sequences (a) and (b) have the same background
under normal light conditions, but people wear clothes with
diﬀerent colors. Sequence (c) was captured at the laboratory
corridor open space, which has white walls and lightcolored tiles and the background is relatively simple, but
the light is suﬃcient. Sequence (d) is captured near the laboratory console, which has a very complex background. The
ﬁrst column of Figure 9 shows the original image of the
sequences, the second column shows the foreground images
extracted by the Surendra background update algorithm,
and the third column is the results of the foreground after
the 8-neighborhood analysis. For sequences (a), (b), and
(c), the moving people are detected perfectly, but shadows
are also detected due to the light reﬂection. For sequence
(d), much more noise exist in the foreground after background subtraction, the reason is that the background and
the light condition are much more complex. From (a) and
(b), we can notice that the dress color has little eﬀect on the
moving object detection. From the second column, we can
still see that a small amount of interfering pixels exist in the
segmented foreground; this is due to the environmental noise
and shadowing of human motion, but they can be eliminated
perfectly after an 8-neighborhood connectivity analysis, as
can be seen from the third column.
3.2. Shadow Removal Based on HSV Color Space. After the
moving object detection, the shadow caused by human occlusion and light change still exists in the binary foreground
image, and it cannot be removed by the connected domain
analysis. It is necessary to separate the moving human foreground pixels from the shadow pixels so as to avoid interference with the subsequent extraction of the falling-down
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feature. In this paper, we do the shadow removal [19–22] in
the HSV color space. The HSV color space is the most commonly used color model in machine vision research. The use
of the HSV color space for shadow removal is intuitive:
ﬁrstly, the shadow is often caused by light change or object
occlusion, so the brightness component V of a shadow pixel
is almost lower than both of the background pixels and the
foreground pixels at the same location; secondly, the color
tone component H of a shadow pixel is almost constant;
and thirdly, the saturation component S of the shadow is
almost low.
For indoor applications, the cameras are ﬁxedly installed,
so the background is static. In this case, the reﬂection coeﬃcient of the detected target shadow points ρt x, y is equal to
that of the background points ρB x, y , as depicted in
ρB x, y = ρt x, y

4

On the other hand, the pixel brightness S x, y is a product of the light intensity E x, y and the reﬂection coeﬃcient
ρ x, y , so we have

Shadow x, y =

1, λ ≤

S x, y = E x, y ρ x, y

5

According to (4) and (5), we can obtain the brightness
ratio REt x, y between the shadow pixel and the background
pixel as follows:
REt x, y =

St x, y
E x, y
= t
SB x, y
EB x, y

According to the principle of shadow optics, the light
intensity E x, y can be obtained with
E x, y =

LA + LP × cos∠ n x, y , J ,
LA ,

lighting,

shadow,

7

where LA is the light source intensity, J is the light source
direction, and n is the surface normal vector. It can be concluded from the above analysis that REt x, y ≤ 1, which is
in line with people’s visual understanding of the shadow.
In the paper, we utilize the HSV shadow elimination
algorithm (8) to detect the shadow points.

F V x, y
≤ δ ∩ F S x, y − BS x, y ≤ αS ∩ F H x, y − BH x, y ≤ αH ,
BV x, y

0, other,

6

8
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(a) Foreground image, shadow area, and shadow removal results of video sequence a at 80th frame

(b) Foreground image, shadow area, and shadow removal results of video sequence b at 80th frame

(c) Foreground image, shadow area, and shadow removal results of video sequence c at 80th frame

(d) Foreground image, shadow area, and shadow removal results of video sequence d at 80th frame

Figure 10: Experiment results of the shadow removal.
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Figure 11: The sketch of the minimum circumscribed rectangle.

where F H x, y , F S x, y , and F V x, y are the H, S, and V
components of the current image F x, y ; BH x, y , BS x, y ,
and BV x, y are the H, S, and V components of the background image B x, y ; and Shadow x, y is a binary image
that shows whether a pixel is a shadow point. The greater
the ambient brightness is, the smaller λ is; δ is a parameter
set to avoid too many points being mistaken for shadow
points to enhance robustness. λ and δ satisfy 0 < λ < δ < 1.
The shadows are more saturated and color change is not
obvious, so 1 > αS > 0. In order to test the results more satisfactory, a value αH was added to the limit, which can be
adjusted according to speciﬁc application scenarios.

0

Xmax
X

Figure 12: The minimum circumscribed rectangle in a fallingdown state.

The eﬀect of shadow removal is shown in Figure 10. The
video sequences are the same to those in Figure 8. In Figure 9,
the ﬁrst column is the result after the 8-neighborhood
connectivity analysis. The second column is the detected
shadow, and the third column is the ﬁnal foreground images
after the shadow removal. We can see that the shadows are
removed perfectly.
3.3. Falling-Down Feature Extraction. A falling-down means
that the elderly falls down suddenly and does not stand
up by himself in a period of time. In this paper, we use
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Figure 13: Example obtained minimum circumscribed rectangles.

the minimum circumscribed rectangle for falling-down
feature extraction.
The minimum circumscribed rectangle is the rectangle
including the smallest area of all the points in a certain area.
For falling-down detection, this area is just the segmented
foreground human body. The sketch of the circumscribed
rectangle is shown in red in Figure 11.
In Figure 11, four parameters Xmax, Xmin, Ymax, and Ymin
are needed when plotting the rectangle, which are the minimum and maximum coordinates along the x-axis and
the y-axis. As can be seen from Figure 11, Xmin is the x
position of the leftmost point in an 8-connected region,
while Xmax is the rightmost point in an 8-connected
region. Similar meanings are with Ymax and Ymin.
As shown in Figure 12, when the elderly falls down, the
aspect ratio of the minimum circumscribed rectangle
changes rapidly, so this aspect ratio can be used as a feature
for falling-down detection. But if the elderly is too close or
too far away from the camera, using the aspect ratio as the
criterion will lead to a failure of detection. On the other hand,
when the elderly falls, the biggest change is the center of gravity in the x-axis direction, while the y-axis direction of the
center of gravity does not change much. So, in this paper,
we combine the aspect ratio K, the absolute slope of the
center of mass S , and the center of gravity in the x-axis
direction X mid to determine whether a falling-down occurs,
which are calculated as follows:
(1) The aspect ratio K:
K=

Y max − Y min
X max − X min

9

(2) The slope of the centroid S:
S=

X c − X min
,
Y c − Y min

10

where Xc and Yc are deﬁned in
X

Xc =

max
〠x=X
x ∗ nx
min

n

,

Y

Yc =

max
〠y=Y
y ∗ ny

11

min

n

In (11), nx is the number of foreground pixels in the xth
column of the object, ny is the number of foreground pixels
in the yth row, and n is the total number of foreground pixels.
(3) The center of gravity in the x-axis direction X mid :
X mid =

〠 x,y ∈H x∗ H x, y
〠 x,y ∈H H x, y

12

In (12), H x, y is the gray value of the moving object in
the rectangle frame at pixel x, y .
When the elderly falls, K < 1, S > 1, and X mid has a
big change.
Figure 13 shows several examples of the minimum
circumscribed rectangles obtained according to the method
proposed in this paper.

4. System Setup and Experimental Results
According to the functions of the elderly care system, we
designed and implemented the whole system. As mentioned
before, the system is divided into two components, the main
control board and the information acquisition board. The
designed embedded platform is shown in Figure 14. In
Figure 14, the right-hand side is the main control board,
which is used for video analysis and multi-information
fusion. The left-hand side is the information acquisition
boards, which are placed at the door, the toilet, and the bedroom to collect information of the elderly living information.
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Camera 1

Camera 2

Sound detection module
Infrared pyroelectric sensor
GPRS wireless communication
module
The core board
The main board
Ethernet interface

Information acquisition
boards

Sound detection module

SI4432 wireless transceiver module
Photosensitive sensor module

Figure 14: The designed system and its setup.
Table 1: System function test results.
Function
Out
Out without back
At home
Toilet abnormality
Sleeping
Sleeping
abnormality
Getting up
Falling-down

Total test
numbers

Correct
result

Accuracy
rate

100
150
100
150
100

100
150
100
147
99

100%
100%
100%
98%
99%

150

146

97.33%

100
150

100
142

100%
94.6%

the system can eﬀectively notify the relatives through the
GPRS when something unexpected occurs to the elderly.
Moreover, the system can provide an interface for the relatives to inquire the living status of the elderly through an
app installed on their mobile phone. In general, the developed system has the characteristics of quick response, high
accuracy, and low cost, which can meet the requirements of
real-time monitoring of the living status for the elderly and
can be widely applied to the elderly care at home. In the
future work, the proposed system can be further improved
by integrating with other wearable sensors, for example, the
ECG sensor [23], which can give much more information
about the living status of the elderly.

Conflicts of Interest
The hardware platform, armed with the previously
described algorithms, is thoroughly tested. The experimental
results are shown in Table 1.
As can be seen from Table 1, eight functions of the system
were tested. In Table 1, the status “out,” “out without back,”
“at home,” and “toilet abnormality” are obtained easily with
the infrared pyroelectric sensor modules, through the
detected moving direction of the elderly. Here, “Toilet abnormality” means that the elderly stays too long in the toilet. The
“sleeping” and “sleeping abnormality” are obtained with the
sound detection module mounted on the bed. A “sleeping
abnormality” status means that the elderly may not breathe
for a certain period of time. The “getting up” status and
“falling-down” status are obtained through video analysis,
as aforementioned. Experimental results show that the
system meets the design requirement.

5. Conclusions and Discussions
In this paper, we propose an elderly care system based on
multiple information fusion. Experiments demonstrate that
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Random walk (RW) method has been widely used to segment the organ in the volumetric medical image. However, it leads to a very
large-scale graph due to a number of nodes equal to a voxel number and inaccurate segmentation because of the unavailability of
appropriate initial seed point setting. In addition, the classical RW algorithm was designed for a user to mark a few pixels with an
arbitrary number of labels, regardless of the intensity and shape information of the organ. Hence, we propose a prior knowledgebased Bayes random walk framework to segment the volumetric medical image in a slice-by-slice manner. Our strategy is to employ
the previous segmented slice to obtain the shape and intensity knowledge of the target organ for the adjacent slice. According to the
prior knowledge, the object/background seed points can be dynamically updated for the adjacent slice by combining the narrow
band threshold (NBT) method and the organ model with a Gaussian process. Finally, a high-quality image segmentation result
can be automatically achieved using Bayes RW algorithm. Comparing our method with conventional RW and state-of-the-art
interactive segmentation methods, our results show an improvement in the accuracy for liver segmentation (p < 0 001).

1. Introduction
Segmentation of organ from CT volume is an important
prerequisite for computer-aided surgery, computer-assisted
intervention, and image-guided surgery. The accurate segmentation of the organ from clinical CT images is considered
a challenging task: Large variations in shape make an accurate segmentation diﬃcult, and existing lesions (e.g., tumors)
exhibit considerable variation for the organ anatomical structure. To accurately segment an organ, various approaches
have been proposed in literatures [1–8], such as intensitybased [9–11], classiﬁcation-based [12, 13], clustering-based
[14–18], statistical shape model- (SSM-) based [19, 20], probabilistic atlas- (PA-) based [21–25], active contour- (AC-)
based [26, 27], and watershed-based [28, 29] segmentation
methods. However, the main challenge of the abovementioned methods is the fast and eﬃcient segmentation of large

image data. This can be observed particularly in medical
applications where a resolution of three-dimensional CT
and MRI body scans constantly increases.
Recently, a growing interest is attracted by an interactive
graph-based image segmentation algorithms such as graph
cut (GC) [30–36] and random walker (RW) [37–41] algorithms. The random walker algorithm represents a recent
noteworthy development in the weighted graph-based interactive segmentation methods. This technique with user interaction is more suitable for volumetric medical images to
guarantee the reliability, accuracy, and fast speed demands.
However, due to the classical RW algorithm deﬁnitions
on the weighted graphs, for a high-resolution volumetric
medical image, RW method needs to construct the corresponding large-scale graph to solve the resulting sparse linear
system, which leads to high computation cost: the long
computation time and the high memory usage. Hence, over

2
the past years, a large amount of research has been conducted
to extend and enhance the random walker algorithm. Grady
et al. [40] extended the classical RW segmentation approach
by combining the regional intensity priors. The sparse linear
equations can be addressed by the preconditioned conjugate
gradient to achieve an acceptable memory consumption and
easy parallelization. In [41], the computational demands with
RW are alleviated by introducing an “oﬄine” precomputation before user interaction with RW in real-time “online.”
Using a similar principle, an oﬄine precomputation was used
to further speed up the online segmentation in [42]. Both
methods used the “oﬄine” and “online” strategies to minimize the time spent waiting. In addition, Goclawski et al.
[43] proposed a superpixel-based random walker method to
reduce the graph size, while the computation time increases
linearly with the number of superpixels. The accuracy of
superpixels plays an immediate decisive role in the process
of organ segmentation.
To resolve these limitations, in our previous research
[44], we proposed a knowledge-based segmentation framework for the volumetric medical image in a slice-by-slice
manner based on the classical random walker. This algorithm employs the previous segmented slice as the prior
knowledge for automatically setting the object/background
seed points for the adjacent slices. It can reduce the graph
scale and signiﬁcantly speed up the optimization procedure
of the graph. However, the classical RW algorithm was
designed to be a general purpose interactive segmentation
method, such that a user could mark a few pixels with an
arbitrary number of labels and expect a quality result, regardless of the data set or the segmentation goal. Segmentation of
a medical image ignores itself absolute intensity and shape
information. If a consistent intensity and shape proﬁle
characterize an object of interest, then this information
should be incorporated into the RW segmentation process.
Taking these into consideration, in our study, we
extended a classical random walker algorithm by incorporating the prior (shape and intensity) knowledge in the
optimization of sparse linear system. The objective of our
work is to combine the prior knowledge with the spatial
cohesion of the random walker algorithm in a principled
way that produces the correct result. Based on the extended
random walker, we applied a knowledge-based segmentation
framework for the volumetric medical image in a slice-byslice manner. Our strategy is to employ the previous
segmented slice to obtain the prior (shape and intensity)
knowledge of the target organ for the adjacent slice. With a
small number of user-deﬁned seed points, we can obtain
the segmentation results of the start slice in the volume which
can be used as the prior knowledge of the target organ.
According to this prior knowledge, the object/background
seed points are automatically deﬁned and the corresponding
Bayes model can be generated. Integrating this Bayes model
into the RW sparse system, the organ is automatically segmented for the adjacent slice.
The remainder of this paper is organized as follows.
Section 2 presents a brief recapitulation of the random walker
algorithm and then extends to incorporate the prior (shape
and intensity) knowledge. Section 3 elaborates our proposed
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knowledge-based framework using the extended RW with
the Bayes model. Section 4 contains experimental work,
and Section 5 discusses the implementation of our method,
followed by the conclusion (Section 6).

2. Development
The random walk algorithm treats image segmentation as
an optimization problem on a weighted graph, where each
node represents a pixel or voxel. Therefore, we ﬁrstly
deﬁne the graph that we are working on. We use the following notations for the rest of the paper. Given an image, I, a
graph consists of G = V, E with vertices (nodes) v ∈ V and
edges e ∈ E. Each node vi in V uniquely identiﬁes an image
pixel xi . An edge, e, spanning two vertices vi and v j , is
denoted by eij . A weighted graph assigns a weight to each
edge. The weight of an edge, eij , is denoted by wij . It represents the similarity between two neighboring nodes vi and
v j . The degree of a vertex is d i = ∑ j wij for all edges eij incident
on vi .
2.1. Review of Random Walker Method. The random walker
segmentation algorithm of [37] computes the probability,
for each pixel, that a random walker leaving that pixel will
ﬁrst arrive at a foreground seed before arriving at a background seed. It was shown in [37] that these probabilities
may be calculated analytically by solving a linear system of
equations with the graph Laplacian matrix. The Laplacian
matrix is deﬁned as

Lij =

di

i=j

−wij

vi and v j are adjacent nodes

0

otherwise,

1

where Lij is indexed by vertices vi and v j . wij = exp −β
I i − I j 2 is the edge weight, and I i and I j indicate the image
intensity at vertices vi and v j , respectively. β represents a
tuning constant that depends on the user.
Given a weighted graph, a set of marked (labeled)
nodes, V M , and a set of unmarked nodes, V U , such that
V M ∪ V U = V and V M ∩ V U = ∅, we would like to label
each node vi ∈ V U with a label s. s = 1 stands for the foreground, and s = 2 stands for the background. Assuming
that each node v j ∈ V M has also been assigned with a label s,
we can compute the probabilities, xi s , that a random walker
leaving node vi arrives at a marked node v j by solving the
minimization of
Esinternal =

1 sT s
x Lx
2

2

All nodes V are divided into two sets: the marked
(prelabeled) nodes V M and unlabeled (i.e., free) nodes V U .
Therefore, the above function can be reformulated as follows:
Esinternal =

1 sT sT
x x
2 M U

LM

B

xsM

BT

LU

xsU

3
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Minimization of (3) with respect to xsU , the random
walker problem can be solved by the following system
of equations:
LU xsU = −BT xsM

4

The variable xsU represents the set of probabilities corresponding to unmarked nodes; xsM is the set of probabilities
corresponding to marked nodes (i.e., “1” for foreground
nodes and “0” for background nodes). By virtue of xi being
a probability,
2

〠 xsi = 1

∀i

5

is a Bayes penalty term with the weight γ used to guarantee
robustness to small disconnected pieces. The used Bayes
model is generated according to the prior knowledge of an
organ: shape and intensity. In this work, we set the weight
to γ = 0 01.
The minimum energy of the above equation is obtained
when xs satisﬁes the solution to
2

L + γ 〠 Λq xs = γp s I

10

q=1

Optimizing this energy leads to the system of linear
equations:

s=1

2

The random walk algorithm is explained in detail elsewhere [37]. Next, we will now present how the incorporation
of the Bayes model into the above framework yields a
segmentation algorithm.
2.2. Random Walker with Bayes Model. According to the
above priori knowledge, we can calculate a posterior probability p s I i at the node vi which belongs to the label s.
Assuming that each label is equally likely, Bayes theorem
gives the probability that a node vi belongs to label s as
xsi =

p s Ii
2

〠q=1 p q I i

=

p Ii s × p s
2

〠q=1 p I i q × p q

,

6

where p I s is the likelihood map for an organ and p s is
the shape map for the targeted organ. p s can be obtained
by dilating the targeted organ region in the previous segmented slice. p I s can be estimated by the previous
segmented slice of the organ. s = 1 is the foreground, and
s = 2 is the background.
Equation (6) can be also written in vector notation:
2

〠 Λq xs = p s I ,

7

q=1

where Λs is a diagonal matrix with the values of p s I on
the diagonal.
According to (6), the minimum energy distribution for
the external function is
2

Esexternal = 〠 xqT Λq xq + xs − 1 T Λs xs − 1

8

q=1,q≠s

To incorporate the posteriori probability function
(external term) into the RW algorithm (internal term), we
may optimize the following energy:
Estotal = Esinternal + γEsexternal

9

The ﬁrst term is the driving force behind the spatial
cohesion of the random walker algorithm. The second term

LU + γ 〠 Λq xsU = γp s I U − BT xM

11

q=1

The usage of the proposed Bayes-based RW algorithm is
strongly limited by the enormous size of the graph represented in 3D volumetric medical image and the necessity of
solving a huge sparse linear system. It results in the relative
increase of the unlabeled seed points relative to a 2D image.
Hence, in order to estimate the probability of each unlabeled
seed point, the extended RW algorithm needs to calculate the
−1
larger inverse matrix LU + γ∑2q=1 Λq , which leads to high
computation costs: long computation time and high memory
usage. We integrated our extended RW algorithm into a
knowledge-based framework to make it more suitable and
workable for our application. The following details our
knowledge-based framework and results.

3. Knowledge-Based Framework
Our knowledge-based strategy employs the previous
segmented slice as the prior (shape and intensity) knowledge of the target organ for automatic segmentation of
the adjacent slice. Using a small number of user-deﬁned
seed points, we can obtain the segmentation results of
the start slice of the volume for use as the prior knowledge
of the target organ. According to the prior knowledge, the
object/background seed points can be dynamically updated
for the adjacent slice by combining the narrow band
threshold (NBT) method and the organ model with a
Gaussian process. Meanwhile, the corresponding Bayes
model can be generated. Finally, an extended Bayesbased random walker algorithm is applied to automatically
segment the whole volume in a slice-by-slice manner. In
our work, “object” means the target organ to be segmented
and “background” means the other tissues except the target organ. The whole procedure of the proposed approach
is shown in Figure 1. In this method, there is a three-step
pipeline consisting of the following:
(1) Selecting and segmenting the start slice, as shown in
the middle-part of Figure 1: (a) Manually deﬁning
the object/background seed points. (b) Generating a
Gaussian model (GM) using the seed points. (c)

4

Journal of Healthcare Engineering

ith + 1 slice
Seeds: automatic
Knowledge:
(1) Shape
(2) Intensity

Knowledge
ith − 1 slice
Seeds: manual

Knowledge

ith − 1 slice
Seeds: automatic

Figure 1: The whole procedure of our knowledge-based method.

Segmenting the organ (“Candicate Pixels” for the
liver) using the classical RW method.
(2) Segmenting the adjacent slice, as shown in the upperpart and bottom-part of Figure 1: (a) Generating a
Gaussian model (GM) according to the previous segmented organ (intensity knowledge). (b) Automatic
setting the object/background seeds based on the
restricted region by morphological operation of the
previous segmented organ (shape knowledge). (c)
Reﬁning the seed points based on NBT. (d) Segmenting the organ using our proposed Bayes-based RW
methods. Thus, it automatically segments the whole
organ in the remaining slices based on the updated
prior knowledge of the organ.
(3) Smoothing the boundary of the whole volume:
Finally, the boundary of the output volume is
smoothed by “Fourier transform” that forms the ﬁnal
organ surface.
In the following section, we will introduce the start slice
segmentation, the GM generation, and automatic seed point
selection which integrate the prior intensity and shape
knowledge of the previous segmented organ.
3.1. Interactive Segmentation of the Start Slice. Our proposed
segmentation is a slice-by-slice method. There are two main
steps in our proposed method. The ﬁrst step is to segment
the start slices interactively, and the second step is to segment
other remaining slices automatically based on the segmented
start slices. The aim of the ﬁrst step (interactive segmentation
of the start slices) is to ﬁnd the initial region of the target
organ (liver) so that it can be used as prior (intensity and
shape) knowledge of the organ as the following steps for
automatic segmentation.
The process of the ﬁrst interactive segmentation of two
start slices is shown in Figure 2 and involves four steps: (1)
manually select one axial start slice. Scanning an input CT

volume along the axial axis to ﬁnd one slice in which the
organ has the relative larger cross section in the axial plane;
(2) manually deﬁne the object/background seeds on this start
slice; (3) automatically generate the thresholded images
based on the constructed Gaussian model (GM) using these
seeds. To remove the intercostal muscles and the other
nonobject parts, the object seeds are employed to construct
the approximate intensity models for this organ using the
Gaussian model (GM). After estimating the statistical intensity model, the constructed model is thresholded to ﬁnd
“Candidate Pixels” for the organ; (4) automatically segment
the thresholded images. The ﬁnal step of this process is to
segment the thresholded image based on “Candidate Pixels”
by the classical RW method.
3.2. Automatic Segmentation of the Adjacent Slice
3.2.1. GM for Generation of the Thresholded Image. Constructing a Gaussian model (GM) [45] is aimed to estimate
a new preprocessed image of the target organ so that it can
more easily distinguish the diﬀerence between the target
organ and other tissues. As explained in the last section, the
initial segmented slice can be used to estimate the statistical
parameters of the liver model for the current slice. Due to
the existence of a large number of the liver pixels, estimation
of the statistical parameters can be trusted. A Gaussian
model is employed to estimate the intensity distribution of
the liver. The Gaussian model is given by
p Ii s =
p Ii s =

1
2πσ2s

p Ii s
2

− I i − μs
2σ2s

exp

〠q=1 p I i q

2

,
12

,

where the parameters mean μs and variance σ2s can be estimated by the marked seed points or the previous segmented
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Start slice

5
Seed points

Threshold GM

RW

Figure 2: Interactive segmentation of the start slice in CT image.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 3: Steps of the RWBayes method. (a) The segmented liver (red) of the previous slice; (b) the current slice; (c) candidate pixel by
thresholding the GM; (d) the rough object (red) and background (green) seed points; (e) the ﬁne seed points using a NBT method; (f)
the initial segmentation result by RWBayes; (g) smoothing the boundary by Fourier transform; and (h) visualisation of the segmented
liver volume.

slice of the organ. I i indicates the image intensity at the node
vi . s = 1 is the object, and s = 2 is the background.
The intensity models are automatically determined for
each slice according to the segmented organ in the previous
slice. Furthermore, in order to remove some nonobject parts
and obtain an accurate result, we threshold the output of this
intensity model by discarding probabilities less than 0.5, so it
can generate a likelihood map of the object. Comparison of
the original CT image (Figure 3(b)) with the corresponding
intensity model (Figure 3(c)) revealed that the liver can be
more easily distinguished from other tissues. However, for
the background, the likelihood map keeps the original probability value without thresholding.
3.2.2. Automatic Setting of Seed Points. The main assumption
in our method is that it can determine the approximate prior
(shape and intensity) knowledge for the organ. Due to a sliceby-slice technique that is applied to segment the organ in our
method, the user segments one slice in the volume to deﬁne
this prior knowledge, and consequently, they are automatically updated for the nearby slices. In this approach, assuming the consequent slices of the same patient have a high
correlation, the boundary of the organ in the next slice does
not go far from its border in the previous slice. Thus, a
deﬁned shape constraints based on the previous slice can be

used to roughly select the object/background seed points
for the adjacent slice.
Assuming the cross-section of the liver in the ith slice is
divided into m parts and the region of the organ for each part
(Mask i, j , 1 ≤ j ≤ m) is known, corresponding to the part j in
the i + 1 th slice, the object and background seeds can be
deﬁned by the following equation:
BSi+1, j = Mask i, j ⊕ BEDilation2 − Mask i, j ⊕ BEDilation1 ,
FSi+1, j = Mask i, j ⊕ REErosion ,
13
where Maski, j is the mask of the organ corresponding to
the jth part in the slice i. BEDilation1 and BEDilation2 are the
structuring elements used for dilation in the region.
REErosion is the structuring elements used for erosion in the
region. These elements are empirically selected to be disks
with a radius of BEDilation1 = 10 pixels, BEDilation2 = 8 pixels,
and BEErosion = 8 pixels.
The background seed points are directly selected in the
current slice in the region BSi+1, j which can be considered
as accurately seeded points outside the liver’s boundary.
However, as shown in Figure 3(d), it can be seen that there
were still a lot of false positives (other tissues) in the FSi+1, j
despite eroding the liver region for the previous slice, because
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we cannot segment the previous slice accurately and there
still exists a variation of liver shape for diﬀerent slices.
3.2.3. Reﬁnement of Seed Points. As already explained above,
it can dynamically update the parameters of GM model
for the following slices. If the intensity model of the liver
includes the parameters μ and σ, we can threshold this
component in the narrow region TL, TH to ﬁnd the ﬁne
seed points corresponding to the candidate liver pixel.
TL = μ − βσ,
TH = μ + βσ

14

We empirically found that the values of β are in the
range 0 05, 0 3 corresponding to low-contrast and highcontrast datasets.
In addition, it can been seen from Figure 3(d), since the
deﬁned region FSi+1, j may include the nonliver part (such
as vessels); we can threshold the narrow band to achieve
more accurate object seeds (Figure 3(e)). Thus, for a pixel
located in the region FSi+1, j , if the intensity value of this pixel
belongs to the narrow range TL, TH , it is considered as an
object seed. After estimating the “Candidate Pixels” and the
ﬁne object/background seeds for the current slice, the
Bayes-based RW algorithm is applied to segment the liver
(Figure 3(f)).
3.3. Smoothing the Boundary of the Whole Volume. However,
the boundary of the segmented object obtained in the last
step is not smooth, as shown in Figure 3(f). If the coordinates
of the boundary points are analyzed by the Fourier transform
(FT), they contain a signiﬁcant number of high-frequency
components. According to the deﬁnition of the FT, the coordinates x, y are transformed from the spatial domain into
the frequency domain as
N

Fx k = 〠 x j e

−2πi
N j−1 k−1

j=1
N

Fy k = 〠 y j e

i=

−1 ,

15

−2πi
N j−1 k−1

j=1

where N is the number of the boundary points that are
usually greater than 100. The boundary is smoothed by
removing the high-frequency components, while the useful
(information bearing) low-frequency components are
retained. Hence, the ﬁrst 15 components in frequency
domain are kept and then transferred into the spatial domain
(Figure 3(g)).
15

x j = 〠 Fx k e

2πi
N

j−1 k−1

2πi
N

j−1 k−1

k=1
15

y j = 〠 Fy k e
k=1

i=

−1
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4. Results
4.1. Database. Our dataset included 26 CT images of the
abdominal region with a resolution of 0.683 × 0.683 ×
1 mm3 and a size of 512 × 512 × (159–263) pixels. All of the
data were stored in DICOM image format with a depth of
12 bits per pixel. These data were acquired by GE LightSpeed
Ultra scanners with eight detectors. The large variation of
liver images was an important feature in the evaluation of
our segmentation method. Hence, data were acquired from
normal and pathological cases between 20 and 75 years old.
The sample contained 20 normal cases and 6 pathological
cases: no. 1 to no. 20 were normal cases and no. 21 to no.
26 belonged to pathological cases. Therein, patients (pathological cases) were those who were suspected of having a
disease, such as chronic liver disease, and were scanned in
the course of diagnosis. In order to make a quantitative
evaluation for our proposed method, the liver was segmented
for each image (i.e., subject) manually as the ground truth.
The segmentation was performed under the guidance of a
physician in order to obtain accurate liver volumes. This
study was conducted with the approval of the institutional
review boards at University Ethics Committee, and all data
provided written informed consent.
The proposed algorithm was implemented in a MC-OSbased personal computer (Intel®Corei7 2.5GHz and 16GBDRAM). The programming environment was coded in the
MATLAB environment. Visualization of the shapes was
performed using VTK [46] in C++ languages.
4.2. Quantitative Measurement. To measure the accuracy of
our method, we compared it with the conventional RW
method and the state-of-the-art interactive segmentation
algorithms by two metrics.
4.2.1. Dice Coeﬃcient (Dice). The dice coeﬃcient is one of the
most popular methods to evaluate segmentation accuracy.
This metric is given in percent and based on the voxels of
two binary 3D volumes, with V manual as the manually and
V auto as the automatically segmented organs.
Dice =

2 V manual ∩ V auto
× 100%
V manual + V auto
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4.2.2. Volumetric Overlap Error (VOE). The volumetric overlap error between two sets of voxels V manual and V auto is given
in percent. This ratio is also known as Tanimoto or Jaccard
coeﬃcient.
VOE =

V manual ∩ V auto
× 100%
V manual ∪ V auto
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4.3. Quantitative Validation of Liver Segmentation. To
investigate the performance of our proposed segmentation
method, we applied our proposed RWBayes method to 26
clinical CT volumes which are described in the previous
section. The segmentation results of two typical cases are
shown in Figure 4. The results in Figure 4 proved that performing the RWBayes method to segment the livers can give
us accurate results. A common diﬃculty for computer-aided
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Figure 4: Comparison of the manual segmentation (blue) with the segmentation results of our method (red). The ﬁrst row is the
segmentation result in case 9. The second row is the segmentation result of pathological case with the unusual liver shape in case 22.
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Figure 5: Our technique performed on 26 CT scans with Dice measurement. The ﬁrst 20 data points are normal cases, and the remaining
6 data points are pathological cases.

liver segmentation is the erroneous inclusion of heart
volumes, which our method robustly avoided. It conﬁrmed
the ability of our method to segment the livers with a precision segmentation result.
Additional challenges come from enlarged livers, where
the liver has large shape variations which made it very diﬃcult to be segmented. Taking this limitation into consideration, in this research, our technique performed on 26 CT
scans that combined normal cases and pathological cases
with large morphological variations. Figure 4 shows the liver
segmentation result from one pathological case. It proved the
performance of our proposed algorithm which was robust for
segmenting the liver in the pathological cases with large
morphological variations.
Apart from a visual inspection, a quantitative evaluation
was conducted. Figure 5 gave a more clear depiction of the
corresponding accurate results of 26 cases. The ﬁrst 20 data
points correspond to normal cases (the average Dice is
0.946), and the remaining 6 data points are pathological
cases (the average Dice is 0.930). Regarding the result of
applying our method to synthetic shapes, we can conclude
that our proposed method was robust in addressing the
segmentation of the liver (with the average Dice’s similarity coeﬃcient = 0.942). Future research directions will

include applying our method on more datasets in order
to more accurately evaluate the performance.
4.4. Qualitative Comparison of Interactive Segmentation
Methods. To evaluate the eﬀectiveness of the proposed
method (RWBayes), RWBayes was compared with the
classical random walk (RW3D) [37]. Considering the
memory usage demands for applying the RW3D algorithm
to the computer, we resized all of our datasets (512 × 512 ×
159–263 pixels) into the size of 128 × 128 × 36 pixels.
Moreover, we also compared our proposed method with a
knowledge-based framework using the classical random
walker and narrow band threshold (RWNBT) [44], in which
the RWNBT did not generate a thresholded image based on
the constructed Gaussian mixture model according to the
previous segmented liver.
Quantitative and comparative results from applying the
RW3D, RWNBT, and RWBayes methods for the liver segmentation are presented in Figure 6. In order to intuitively
make a comparison between our proposed RWBayes and
RW3D methods, it was unreasonable to give only one start
slice with the corresponding segmentation result. It was
necessary to show diﬀerent slices for one data corresponding to a point on the curve with 128 × 86 × 33 pixels. The
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Figure 6: Comparison of the liver segmentation results with RWBayes method, RWNBT method, and RW3D method in case 6.

Table 1: Segmentation accuracy obtained by the state-of-the-art
methods for the liver on 26 CT scans.

Dice
VOE
Runtime
(sec)

RW3D
[37]

GC
[34]

IKM
[14]

RWNBT
[44]

RWBayes

0.573
0.404

0.857
0.758

0.894
0.810

0.687
0.526

0.934
0.874

45.800

1.828

2.530

1.781

1.231

red images were segmented liver slices, which were overlaid with the original CT slices. The simulation veriﬁes
that the performance of RWBayes was signiﬁcantly better
than the RW3D and RWNBT methods for segmenting
the liver.
In order to make a comparison with the state-of-the-art
interactive segmentation algorithms, we also compared the
results using the graph cut algorithm (GC) [34] and interactive K-means algorithm (IKM) [14]. Table 1 clearly depicts
the merits of our method by listing the comparative results
with the average of Dice, VOE, and runtime between automated and manual segmentations for all 26 test CT scans.
Computation time is an important metric for evaluating
one segmentation algorithm. For the classical RW algorithm,
the basis of RW method is a large, sparsely occupied linear
equations, whose size corresponds to the number of voxels
in the 3D image. Hence, it exhibited slowness for solving
3D image segmentation. A signiﬁcant reduction in runtime
values using RWBayes-based segmentation compared with
those based on RW3D was conﬁrmed. Meanwhile, the accuracy of RWBayes was observed to have signiﬁcantly higher
Dice/VOE than the state-of-the-art interactive segmentation

methods. To directly demonstrate the performance of our
proposed method, in respect to the statistical signiﬁcance
analysis, the p value was the probability of obtaining a test
statistic result that was actually observed. These statistical
tests demonstrated that our proposed RWBayes approach
yields the high precision results with respect to the conventional RW3D method (p < 0 001).

5. Discussion
This paper introduced a new knowledge-based framework
for the organ segmentation using the RWBayes method.
The proposed method segmented an organ based on a set
of prior knowledge. Prior knowledge included the approximate shape of an organ (shape knowledge) and statistical
parameters of the organ’s intensities (intensity knowledge).
According to a prior knowledge of an organ, the proper
selection of object/background seeds was performed skillfully
for our method to accurately segment the organ from the
CT image.
The basic idea of the proposed method is based on the
high correlation between adjacent slices. Seed points for
the current slice are automatically generated according to
the prior knowledge from the segmented organ region of
the previous slice. As shown in Figure 5, precision results
were achieved in our experiments as we used highresolution data.
In practical clinics, however, CT images exist in various
resolutions. In general, thin slices (high resolution) correspond to strong correlation while thick slices (low resolution)
correspond to weak correlation.
In order to verify the eﬀect of resolutions on our
RWBayes method, a typical CT image (a resolution of
0 683 × 0 683 × 1 25 mm3 and a size of 512 × 512 × 159
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Figure 7: Eﬀect of resolution on segmentation accuracy for case 1.

pixels) is resized into 7 diﬀerent resolutions in the axial-axis
(z-axis) and then segmented with the same seed points.
Figure 7 indicates that our proposed technique can be performed on the CT scans with large resolution variations.
Regardless of image resolution, satisfactory segmentation
results were achieved. In conclusion, our RWBayes method
was robust in segmenting the livers from CT images of
various resolutions. The simulation results prove the high
capacity of our proposed RWBayes method for the organ
segmentation using various resolutions of CT scans.

6. Conclusion
In this paper, we proposed a novel knowledge-based
framework for organ segmentation using the RWBayes
algorithm. A prior knowledge of the previous segmented
organ was integrated into our strategy and has the following
beneﬁts: (1) small-scale graph; (2) automation of object/
background seed setting according to the prior knowledge
of the already segmented slices; and (3) robust segmentation
technique by combing a Bayes model of an organ into the
sparse system to calculate the probability of each unmarked
node. The evaluation of the results demonstrated the high
precision of the proposed approach. Compared with the
conventional RW and the state-of-the-art interactive segmentation methods, our proposed method can signiﬁcantly
improve the segmentation accuracy (p < 0 001). As for future
applications, the proposed method can be extended to
segment other organs.
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We propose a novel ﬁltering technique capable of reducing the multiplicative noise in ultrasound images that is an extension of the
denoising algorithms based on the concept of digital paths. In this approach, the ﬁlter weights are calculated taking into account the
similarity between pixel intensities that belongs to the local neighborhood of the processed pixel, which is called a path. The output
of the ﬁlter is estimated as the weighted average of pixels connected by the paths. The way of creating paths is pivotal and
determines the eﬀectiveness and computational complexity of the proposed ﬁltering design. Such procedure can be eﬀective for
diﬀerent types of noise but fail in the presence of multiplicative noise. To increase the ﬁltering eﬃciency for this type of
disturbances, we introduce some improvements of the basic concept and new classes of similarity functions and ﬁnally extend
our techniques to a spatiotemporal domain. The experimental results prove that the proposed algorithm provides the
comparable results with the state-of-the-art techniques for multiplicative noise removal in ultrasound images and it can be
applied for real-time image enhancement of video streams.

1. Introduction
Medical ultrasound is an imaging technique widely used in
the diagnosis and assessment of internal body structures,
and it plays a key role in treating various diseases. Compared
to the other techniques of medical imaging, it is safe, noninvasive, and well tolerated by the patient, and ultrasound
images are captured in real time at reasonable price. An accurate analysis of ultrasound images and thus an appropriate
diagnosis are diﬃcult due to the fact that the images are
contaminated with characteristic granular structures called
speckle noise, which deteriorates contrast and hinders the
identiﬁcation of important image details [1]. Although the
ultrasound images are subjected to an initial improvement
during the acquisition process, their quality is still far from
optimal. Therefore, the main aim of image denoising is to
remove the noise, while preserving the important details.
Recently, a plethora of methods capable of diminishing
speckle noise have been proposed [2]. According to the

works presented in [3–5], one of the most promising results
for ultrasound images was obtained with algorithms based
on anisotropic diﬀusion techniques [6] and the idea of
nonlocal means [7–11]. However, majority of them were
designed for static images, and not much attempt has been
made to video by considering temporal coherence.
Video sequence processing algorithms can take an
advantage of high correlation between adjacent frames,
exploring spatial and temporal neighborhood. These properties are incorporated using diﬀerent variants of averaging the
pixel intensities in successive video frames. Simple temporal
ﬁlters, such as temporal Gaussian, eﬃciently remove noise
for videos with slowly moving objects, but averaging
operation of subsequent frames can cause “ghosting” artifacts
in the output results. Some works indicate that motion
compensation allows us to reduce the blurring eﬀect [12, 13].
Additionally, “ghosting” eﬀects can be reduced by application of the statistical models that reﬂects the joint distributions of wavelet coeﬃcients over space and time [14, 15].
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Ghosting artifacts may be also omitted using temporal version of a bilateral ﬁlter that was successfully applied in the
adaptive spatiotemporal accumulation (ASTA) ﬁlter [16].
In our previous works on video ﬁltering, a spatiotemporal
denoising scheme utilized local switching between spatial
digital path approaches and temporal Gaussian ﬁltering
[17] and a fuzzy spatiotemporal ﬁlter that was later described
[18]. Another interesting study connected with video denoising introduces a 3D ﬁltering framework that is based on fuzzy
set logic to combine the gradient values in diﬀerent directions
between previous and current temporal frames [19].
The main aim of this research is to develop a ﬁlter that
will eﬃciently cope with multiplicative noise in ultrasound
images and videos. The proposed algorithm is based on the
idea of spatial digital paths presented in [20, 21]. The original
2D algorithm presented in [20] perfectly removes Gaussian
noise and after some modiﬁcations impulsive noise but fails
in the presence of multiplicative interferences. The new
denoising scheme explores spatial or spatiotemporal pixel
neighborhood in order to calculate the ﬁlter weights for
pixels belonging to the processing window. Digital paths
in a spatiotemporal domain could be understood as trajectories or object displacements in subsequent frames of a
video stream.
The proposed technique utilizes a speciﬁc kind of digital
paths, the so called escaping paths, and extends this concept
from the spatial domain (2D) to the spatiotemporal domain
(3D) that allows us to eﬃciently reduce the speckle noise.
Furthermore, to increase the ﬁlter denoising ability, the new
method of path creation utilizes the extended neighborhood
introduced by von Neumann for cellular automata [22]. A
detailed description of the proposed algorithm and its extensions are presented in Section 2. In Section 3, we present the
results of experiments and the comparison with competitive
ﬁlters. Finally, the conclusions are drawn in Section 4.

2. Method
2.1. Speckle Noise Model. Speckle noise is a signal-dependent
and non-Gaussian multiplicative image distortion. Such
noise is generally more diﬃcult to remove than additive noise
[23]. This type of distortion appears in sonar, laser, and synthetic aperture radar (SAR), and it depends on the structure
of the material being imaged and various acquisition parameters [24]. Speckle noise is a random process and can be
modeled using gamma, Rayleigh, and Fisher-Tippett distribution [25–27]. In our work, the simpliﬁed speckle noise
model has been employed, since it has been applied successfully in many studies [11, 24, 28, 29].
u x =v x +

v x ⋅n x ,

1

where u x , v x , and n x denote the observed signal, original unknown signal, and zero-mean Gaussian noise,
respectively.
2.2. General Filter Framework. Since smoothing is commonly
used to decrease the level of random noise, an averaging operation is required in order to replace the noisy pixel, v x , with
a suitable pixel representative for the local spatiotemporal

neighborhood of point x = x, y, t . So the general form of
the fuzzy adaptive ﬁlters in this work is deﬁned as the
weighted average of inputs inside the spatiotemporal
window W that are in neighborhood relation N with a
center pixel x [30, 31].
̂v x = 〠 wi u xi =
xi ∈N x

〠x ∈N
i

x

〠x ∈N
i

μi x, xi u xi
x

μi x, xi

,

2

where u xi and ̂v x denote ﬁlter inputs and outputs, respectively, and μ x, xi is a similarity function computed along
digital path starting at window central point x, associated
with its neighbor xi , and bounded by the spatiotemporal
processing window W.
To describe the model of digital paths, a few notions
should be introduced: digital lattice ℋ = X, N deﬁned
by X, which is the set of all points of the image
sequence, and a neighborhood relation N between the
lattice points [32].
A digital path P = pi ni=0 deﬁned on the image lattice is a
sequence of adjacent points pi , pi+1 ∈ N , and n is a number
of path segments. Let L P denote the length of the digital
n−1
ρ pi , pi+1 , where ρ
path P pi ni=0 that is calculated as ∑i=1
denotes the spatiotemporal Euclidean distance between two
adjacent points of the path.
The connection cost over the single digital path P =
pi ni=0 can be determined as a measure of dissimilarity
between image pixels p0 , p1 , …, pn that forms a speciﬁc path
linking p0 and pn [33, 34]. In the new approach, the connection cost will be calculated as a combination of the topological length of the path and the cumulative diﬀerences of gray
levels. Thus, the connection cost for the entire path Λ P
can be deﬁned as follows:
n−1

n−1

i=0

i=0

Λ P = 〠 u pi+1 − u pi ⋅ 〠 ρ pi , pi+1

3

2.3. Similarity Functions. Weights for the ﬁlter described
by (2) can be deﬁned in many ways; in our case, we
use two diﬀerent approaches based on connection costs
calculated along digital paths. We created two kinds of
membership functions which leads to the ﬁlters with slightly
diﬀerent properties.
2.3.1. DPA1st. In this approach, similarity functions are
deﬁned for all neighbors of the central point x that remain
in the neighborhood relation. To deﬁne the similarity
function μ x, xi between the ﬁltered point x and its ith
neighbor, we create digital paths starting at center point
x = p0 , intersecting xi = p1 and ﬁnally terminating at point
pn , which may be reached in n steps from p0 . The similarity function deﬁned for points p0 and p1 uses paths
exploring the further neighborhood of the central point
passing points p2 , …, pn , so that the ﬁltering result will
be better suited to local image structures. An illustration
of this idea is presented in Figure 1. This approach will
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p2

p1

p0

p0

p1

Figure 1: Illustration of paths created on the 2D image lattice with the DPA1st approach, used to determine the similarity function between
two adjacent points.

xi = p2
p21
p11

p0
p0
p11

p21

p31

xi = p2

Figure 2: Illustration of paths created on the 2D image lattice with the DPAlast approach.

be further denoted as DPA1st. In this case, the similarity
function takes the form as follows:
ω

m
μ x, xi = μ p0 , p1 = 〠 g Λ p0 , p1 , pm
,
2 , …, pn

4

totally included in the processing window W, Λ ⋅ is a dissimilarity value along a speciﬁc path, and g ⋅ is a smooth
function of Λ. Finally, the DPAlast similarity function takes
the form as follows:

m=1

ω

where ω denotes the number of all possible paths Pm = p0 ,
m
p1 , pm
2 , …, pn with n steps totally included in the processing
window W, originating at x = p0 and crossing xi = p1 ; m is the
index of a speciﬁc path; Λ ⋅ is a dissimilarity value along a
speciﬁc path; and g ⋅ is a smooth function of Λ. In this
work, the exponential function is used as g ⋅ [20], so the
similarity function takes the form as follows:
ω

m
μ x, xi = μ p0 , p1 = 〠 exp −β ⋅ Λ p0 , p1 , pm
2 , …, pn ,

m
μ x, xi = μ p0 , pn = 〠 exp −β ⋅ Λ p0 , pm
1 , p2 , …, pn
m=1

7
2.3.3. Filter Output and β Normalization. The proposed
method can use diﬀerent path lengths and bit depths, and
therefore, to ensure the comparability of the results, it was
necessary to rescale the parameter β. In this case, the β parameter will be divided by the maximum possible cost of the single
̂ will be used.
path; thus, in (5), the normalized value β

m=1

5
where β is the ﬁlter design parameter.
2.3.2. DPAlast. Another approach is to determine the similarity function between pixels x and xi by all possible paths
connecting them (Figure 2). This approach will be denoted
as DPAlast, and the similarity function between image points
x and xi can be deﬁned as follows:
ω

m
μ x, xi = μ p0 , pn = 〠 g Λ p0 , pm
1 , p2 , …, pn ,

6

̂=
β

β
max Λ Pm

Maximum path cost can be determined using the formula
as follows:
max Λ Pm

= 2bpp − 1 ⋅ n2 ⋅

2,

9

where bpp denotes the number of bits per pixel and n the
number of path steps. The next stage is a normalization of
the similarity function, which can be deﬁned as follows:

m=1

where ω denotes the number of all possible paths Pm =
m
p0 , pm
1 , p2 , …, pn with n steps connecting x and xi and

8

ψ x, xi =

μ x, xi
〠x ∈N
j

x

μ x, x j

10
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N6

N18

N26

Figure 3: Basic spatiotemporal masks for diﬀerent neighborhood systems.

N8

N12

N24

(a)

(b)

(c)

Figure 4: Spatial neighborhood systems utilized in our framework: (a) Standard 8 neighborhood. (b) and (c) show the extended von
Neumann neighborhood with the radii 2 and 3.

N12

N20

Figure 5: Modiﬁed spatiotemporal masks with extended neighborhood.

Let x = p0 denote the pixel under consideration, with
u xi representing the noisy pixel xi ; the ﬁlter output v̂ x
is given as follows:
̂v x = 〠 ψ x, xi ⋅ u xi

11

xi ∈N x

2.4. Extended Neighborhood and Digital Path Models. The
selected neighborhood system signiﬁcantly aﬀects the performance of the new ﬁlters. For the static images, there are two
basic types of neighborhood: N 4 and N 8 , while in the case of
a three-dimensional image, three spatiotemporal neighborhood systems can be deﬁned: N 6 , N 18 , and N 26 (Figure 3).
The new spatial ﬁlters with N 8 neighborhood and the spatiotemporal ones with N 18 and N 26 are very eﬃcient, but they
fail for heavily degraded images. Therefore, in the proposed
denoising design, we introduced the extended von Neumann
neighborhood [22] originally deﬁned for cellular automata.
Various neighborhood systems for static 2D images are
drawn in Figure 4, while 3D neighborhoods are shown in
Figure 5.

Additionally, the eﬃciency of the proposed denoising
framework is strongly connected with the type of digital
paths. Diﬀerent models of paths allow us to suppress a certain type of noise [20].
Previous research has demonstrated that the best results
are obtained in the presence of impulsive Gaussian as well
as of mixed-type noise for the self-avoiding path (SAP)
model, but our experiments suggest that in the case of
ultrasound images, the greatest results are achieved for the
so called escaping path model (EPM); thus, the new ﬁlter
will be denoted as the escaping path ﬁlter (EPF). In the
proposed denoising scheme, the topological distance from
the initial point in the following steps must be increased.
Exemplary spatial escaping paths created with various neighborhood systems are illustrated in Figure 6, while Figure 7
depicts the spatiotemporal case. Later in this paper, the
proposed ﬁlters will be marked as EPF2D for the case of
two-dimensional ﬁltering (2D) and EPF3D for the spatiotemporal case (3D).
In situations when the images are highly contaminated,
we can increase the eﬃciency of the ﬁlter in one of two ways:
(1) extend the length of the used paths or (2) apply it in an
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N8

N12

N12

Figure 6: Escaping path model illustration with diﬀerent neighborhood systems.

N12

N20

Figure 7: Examples of three-dimensional escaping path of length n = 2 limited by spatiotemporal window (spatial radius A = 1 and temporal
radius t = 4).

iterative manner. The second option is much faster and more
accurate and allows us to control the ﬁlter strength adjusting
the β parameter in subsequent iterations. In this way, β can
be updated as follows:

following state-of-the-art methods capable of suppressing
a speckle noise:
(i) Wiener ﬁlter [2]
(ii) Speckle reducing anisotropic diﬀusion (SRAD) [6]

β κ = β κ − 1 ⋅ α,

κ = 1, …, m

12

3. Simulation Results
3.1. Static Images. The commonly used benchmark images
goldhill, boats, and artiﬁcially generated phantom were
chosen to compare eﬃciency of diﬀerent ﬁlters. Besides,
we used a synthetic test image that was a phantom for a
3-month-old fetus denoted later as fetus. This test image
was obtained using the Field II applications, which simulate
the ultrasound ﬁeld that is based on linear acoustics using
the Tupholme-Stepanishen method for calculating the spatial impulse response [35–37]. The proposed ultrasound
data seems to be more reliable, due to the fact that it contains artifacts typical for an ultrasound acquisition process
and thus it can be used for image quality evaluation. A
reference noise-free image was achieved by averaging of
500 simulated images and was depicted in Figure 8. The
described ﬁltering design has been compared with the

(iii) Nonlocal means (NLM) [7, 8]
(iv) Optimized Bayesian nonlocal means (OBNLM) [11]
(v) Probabilistic nonlocal means (PNLM) [9]
(vi) Probabilistic patch-based weights (PPBW) [10]
(vii) Digital path approach (DPAlast) [20]
The source codes of the algorithms used in our comparison were provided by the authors of the respective papers. In
order to determine the optimal values of parameters for the
reference ﬁlters, we tested a wide range of parameters according to the authors’ recommendations to obtain the highest
possible PSNR value.
The recommended values of the parameters α and β for
the proposed technique were adjusted, so that the best PSNR
value was achieved. The test images were deteriorated by the
multiplicative noise described by (1) with mean μ = 0 and
σ2 = 0 2, 0 4, and 0 6 except for the fetus image, which was
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Goldhill

Boats

Phantom

Fetus

Figure 8: Images used for the analysis.
Table 1: Comparison of the eﬃciency of the proposed ﬁlter and competitive methods using the PSNR and MSSIM quality measure on the
static images.
0.2

Goldhill
0.4

0.6

Noisy
Wiener
SRAD
NLM
OBNLM
PNLM
PPBF
DPAlast
EPF2D

31.52
30.76
30.73
34.06
30.87
34.20
32.80
32.83
33.63

19.69
27.09
27.26
27.35
28.24
27.18
27.11
27.77
27.98

13.25
22.24
23.69
16.49
24.43
22.75
18.56
24.96
25.24

Noisy
Wiener
SRAD
NLM
OBNLM
PNLM
PPBF
DPAlast
EPF2D

0.83
0.77
0.88
0.88
0.90
0.90
0.86
0.87
0.90

0.32
0.64
0.67
0.65
0.69
0.64
0.69
0.69
0.70

0.11
0.43
0.54
0.20
0.56
0.42
0.35
0.59
0.59

File noise (σ2)

0.2

Boats
0.4

PSNR results (dB)
30.65
18.75
31.01
26.69
32.06
26.96
35.40
27.68
32.61
28.06
34.52
27.34
32.64
26.91
32.61
27.10
33.48
27.49
MSSIM results
0.75
0.30
0.84
0.67
0.92
0.72
0.93
0.69
0.93
0.69
0.92
0.67
0.88
0.74
0.89
0.73
0.90
0.74

contaminated using a more realistic artifacts resulting from
the physical model of an ultrasound image acquisition process. The restoration eﬃciency has been assessed using the
peak signal-to-noise ratio (PSNR) and more sophisticated
mean structural similarity index (MSSIM) calculated with
Gaussian kernel and default parameters [38].
Numerical results obtained for the static images are summarized in Table 1. The conducted simulations revealed that
the proposed EPF approach outperforms other techniques
for highly deteriorated real images in terms of PSNR metric,
while algorithms that are based on nonlocal means provide
slightly better results for lower noise contamination level.
Additionally, the proposed ﬁlter gives better results for synthetic images. A visual comparison of the results achieved

0.6

0.2

Phantom
0.4

0.6

12.62
21.90
23.98
15.54
24.13
22.13
20.00
24.20
24.21

35.05
37.36
42.52
43.07
38.64
42.21
37.01
44.98
48.57

23.03
28.57
30.82
30.31
30.34
30.43
29.50
34.65
37.60

16.48
21.19
24.14
20.15
23.76
23.00
21.15
26.63
27.32

22.46
24.73
18.62
27.27
18.78
26.77
25.93
26.69
27.34

0.13
0.43
0.65
0.25
0.63
0.39
0.53
0.59
0.61

0.86
0.98
0.99
0.99
1.00
0.98
0.95
0.99
1.00

0.57
0.91
0.96
0.95
0.93
0.91
0.89
0.95
0.95

0.47
0.67
0.89
0.56
0.79
0.80
0.68
0.88
0.93

0.39
0.66
0.86
0.90
0.84
0.76
0.87
0.85
0.90

Fetus

for the phantom image is drawn in Figure 9. From this ﬁgure,
it can be seen that most ﬁlters removed multiplicative noise
and produces more visually pleasing results, but the outcomes are slightly blurred.
The most signiﬁcant and valuable results seems to be
obtained for simulated fetus image, because it is much similar
to the realistic ultrasound images. The visual comparison of
the performance of the analyzed ﬁlters for the fetus image is
presented in Figure 10, while exemplary results for the real
ultrasound images of ﬁngers are depicted in Figure 11. The
assessment of the achieved results can be also evaluated by segmentation accuracy applying image denoising as the preprocessing step, but currently, it is out of scope in this work.
The proposed denoising scheme requires also a much
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Original

Noisy: PSNR = 23.08, SSIM = 0.57

Wiener: PSNR = 27.09, SSIM = 0.64

SRAD: PSNR = 30.82, SSIM = 0.96

NLM: PSNR = 30.31, SSIM = 0.95

OBNLM: PSNR = 30.34, SSIM = 0.93

PNLM: PSNR = 30.43, SSIM = 0.91

PPBF: PSNR = 29.50, SSIM = 0.91

EPF2D: PSNR = 37.60, SSIM = 0.98

Figure 9: Visual comparison of the ﬁltering eﬃciency of the artiﬁcial phantom image deteriorated by speckle noise with σ2 = 0 4.
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Reference

Noisy: PSNR = 22.47, SSIM = 0.39

Wiener: PSNR = 24.73, SSIM = 0.86

SRAD: PSNR = 18.62, SSIM = 0.86

NLM: PSNR = 27.27, SSIM = 0.90

OBNLM: PSNR = 18.78, SSIM = 0.89

NLM: PSNR = 26.77, SSIM = 0.76

PPBF: PSNR = 25.93, SSIM = 0.87

EPF2D: PSNR = 27.34, SSIM = 0.90

Figure 10: Visual comparison of the performance of the ﬁltering algorithms for the fetus image obtained using the Field II application.

smaller neighborhood than that used in family of nonlocal
means methods; therefore, our approach is much faster and
less aggressively blurs the image. It should also be emphasized
that for all methods based on the concept of NLM, even a
small modiﬁcation of optimal values of parameters gives a signiﬁcant decrease in performance, while the EPF framework
gives acceptable results for a wide spectrum of parameters.
3.2. Video Sequences. The images obtained by ultrasound
devices are already enhanced by built-in ﬁltering algorithms,

but the resulting eﬀect may still be unsatisfactory. So we can
add another stage of image enhancement. Such technique
should be capable of real-time processing. The escaping path
ﬁlters are close to satisfy this condition on standard PC.
Additionally, those ﬁlters are suitable for GPU implementation because all paths can be calculated in parallel and it
lacks branches which block GPU threads. Our preliminary
experiments show that we can obtain over 50 FPS for
standard CIF sequences. Thus, several ﬁlters capable of
real-time video processing were compared with our new

Journal of Healthcare Engineering

Original

9

Wiener

SRAD

NLM

OBNLM

PNLM

PPBF

EPF2D

Figure 11: Visual comparison of the ﬁltering eﬃciency evaluated on a real ultrasound image contaminated by multiplicative noise.

approach. Additionally more complex techniques, based on
nonlocal means [8] and BM3D [39], were added to comparison; however, the computational complexity of those ﬁlters
limits their use for oﬄine processing. The performance of
the following ﬁlters was evaluated:

(iv) Spatiotemporal median ﬁlter (3 × 3 × 3)
(v) Nonlocal means denoising [8] and our spatiotemporal implementation (NLM3D)
(vi) Block-matching and 3D ﬁltering (BM3D) [39]

(i) Wiener 2D—a spatially adaptive Wiener ﬁlter

(vii) Spatial fast digital path approach (FDPA) (β = 15)
[20]

(ii) Wiener 3D (3 × 3 × 3),

(viii) Spatiotemporal fuzzy FDPA ﬁlter (STFFDPA)
(n = 5, σ = 5, γ = 4, and β = 15) [18]

(iii) Temporal Gaussian ﬁlter (TGauss) (n = 5 and σ = 5)
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Table 2: Comparison of the ﬁltering algorithms applied for standard test videos corrupted with diﬀerent noise scenarios.
0.2

Foreman
0.4

0.6

Noisy
Wiener 2D
Wiener 3D
TGauss
Median 3D
NLM2D
NLM3D
BM3D
FDPA
STFFDPA
EPF2D
EPF1st3D
EPFlast3D

30.23
33.87
33.90
30.60
30.00
35.05
35.67
34.44
32.74
33.47
33.86
34.39
33.27

18.70
24.00
24.24
23.30
26.65
27.92
28.02
30.93
25.32
23.09
25.69
28.05
28.10

12.52
19.70
20.00
20.61
24.51
22.28
22.34
23.12
20.23
18.25
20.99
25.02
25.05

Noisy
Wiener 2D
Wiener 3D
TGauss
Median 3D
NLM2D
NLM3D
BM3D
FDPA
STFFDPA
EPF2D
EPF1st3D
EPFlast3D

0.72
0.89
0.89
0.81
0.84
0.92
0.92
0.90
0.87
0.89
0.90
0.91
0.89

0.25
0.47
0.47
0.40
0.63
0.71
0.71
0.83
0.55
0.44
0.58
0.72
0.71

0.09
0.41
0.43
0.41
0.59
0.50
0.50
0.52
0.42
0.33
0.34
0.64
0.60

Video sequence noise σ2

0.2

Salesman
0.4

PSNR results (dB)
33.83
21.83
33.00
25.94
32.75
26.18
33.56
26.50
29.15
27.48
34.37
26.88
32.79
27.06
35.25
32.30
31.28
27.24
33.37
26.16
32.16
27.64
34.40
29.28
34.28
29.07
MSSIM results
0.90
0.48
0.90
0.69
0.90
0.70
0.92
0.67
0.86
0.76
0.91
0.73
0.88
0.73
0.93
0.89
0.88
0.74
0.92
0.69
0.90
0.77
0.93
0.83
0.93
0.82

(ix) Spatial escaping path ﬁlter EPM1st2D (N 12 ),
(x) Escaping path spatiotemporal ﬁlters EPM1st3D and
EPMlast3D (N 20 )
The video denoising algorithms were tested using publicly available video sequences: foreman, salesman, and tennis, contaminated by the multiplicative noise described in
(1) with mean μ = 0 and σ2 = 0 2, 0 4, and 0 6. To obtain a
more realistic comparison, we have prepared a test sequence
based on the fetus image. Base fetus sequence consists of 150
frames subjected to diﬀerent transformations that simulate
the possible displacements during the ultrasound acquisition
process. Then, all the frames have been subjected to a simulation using the Field II application. Virtually noise-free reference video was obtained by averaging of 200 simulation
results (reference videos could be downloaded from http://
dip.aei.polsl.pl/usg/fetus_video.7z). Table 2 summarizes
results obtained for the set of test video sequences. Based
on synthetic tests only, it is diﬃcult to choose the best ﬁlter.
In most cases, especially for small levels of noise, the best

0.6

0.2

Tennis
0.4

0.6

15.42
19.70
20.00
20.61
24.51
22.28
22.34
24.92
20.24
18.24
24.07
25.02
25.06

31.13
29.93
29.56
27.56
21.70
25.96
30.75
31.97
27.40
28.91
28.50
30.85
30.11

19.20
23.92
24.12
22.50
21.21
26.39
27.64
28.63
24.09
23.06
24.36
27.20
25.85

12.65
16.61
17.57
17.32
19.64
17.75
17.81
22.64
16.73
15.06
19.89
20.99
21.20

23.17
24.12
26.86
26.30
26.36
29.10
30.28
28.40
24.80
24.51
25.76
28.92
29.34

0.22
0.41
0.43
0.41
0.59
0.50
0.50
0.60
0.42
0.33
0.57
0.63
0.60

0.82
0.78
0.78
0.82
0.59
0.85
0.86
0.81
0.72
0.79
0.78
0.86
0.84

0.35
0.55
0.56
0.49
0.47
0.68
0.69
0.69
0.54
0.49
0.59
0.69
0.65

0.16
0.24
0.26
0.25
0.35
0.30
0.31
0.48
0.24
0.21
0.35
0.40
0.41

0.40
0.49
0.64
0.61
0.75
0.90
0.91
0.86
0.54
0.52
0.64
0.88
0.89

Fetus

PSNR results are obtained for the BM3D ﬁlter; however,
our spatiotemporal solution gives only slightly worse results
at much higher processing speed. For heavily corrupted
sequences, we can clearly see the advantage of the proposed
ﬁltrating technique. It should be noted that for the more realistic ultrasound noise model, obtained using the Field II
application, the advantages of our solution is clear (the best
results were obtained for the NLM3D ﬁlter, but the computational complexity disqualiﬁes it entirely, even for oﬄine processing). In the case of the tennis sequence with minimal
disruption, most ﬁltering techniques deteriorate quality
ratios. This is due to the speciﬁc background that resembles
an impulsive noise pattern. Figure 12 presents exemplary ﬁltering results and SSIM maps for the mentioned sequence. It
is thus clear that the worst results were obtained for ﬁltering
based on the median, which eﬀectively removes elements of
background texture. In addition, median 3D ﬁltering introduces some temporal artifacts, such as blurred or erased
moving objects. It should be noted that the ranking obtained
with the SSIM index is slightly diﬀerent in favor of the escaping path ﬁlters.
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Tennis, noise-free, frame 10

Noisy: PSNR = 31.06, SSIM = 0.89

Med3D: PSNR = 23.32, SSIM = 0.44

NLM2D: PSNR = 30.76, SSIM = 0.86

BM3D: PSNR = 30.47, SSIM = 0.86

EPF3D: PSNR = 30.66, SSIM = 0.88

Noisy frame, SSIM map

Med3D, SSIM map

BM3D, SSIM map

EPF3D, SSIM map

NLM2D, SSIM map

Figure 12: Denoising results of frame 10 from the tennis video sequence corrupted with multiplicative noise (σ2 = 0 2) and the corresponding
SSIM quality maps.

4. Conclusions
In this paper, a new class of fast spatial and spatiotemporal
ﬁlters was presented. The proposed ﬁltering techniques were
designed for multiplicative noise suppression, speciﬁcally for
ultrasound image and video ﬁltering. The novel approach is
based on the special type of digital paths, the so called escaping paths, created on an image lattice—spatial in a 2D case or
spatiotemporal for video processing. Additionally, the new
extended neighborhood model was introduced, based on
von Neumann concept derived from cellular automata theory. The presented methods give comparable or better
results to the other methods, both for static image and video
sequences. Another beneﬁcial feature of the proposed
denoising scheme is its lower computational complexity than
that of other state-of-the-art techniques, which allows us to

apply it in real-time image processing tasks. The proposed
ﬁlter is also more stable for a wide range of input parameters
and gives satisfactory results in terms of diﬀerent quality
metrics and visual inspection.
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Lung cancer is the most common cancer that cannot be ignored and cause death with late health care. Currently, CT can be used to
help doctors detect the lung cancer in the early stages. In many cases, the diagnosis of identifying the lung cancer depends on the
experience of doctors, which may ignore some patients and cause some problems. Deep learning has been proved as a popular and
powerful method in many medical imaging diagnosis areas. In this paper, three types of deep neural networks (e.g., CNN, DNN,
and SAE) are designed for lung cancer calciﬁcation. Those networks are applied to the CT image classiﬁcation task with some
modiﬁcation for the benign and malignant lung nodules. Those networks were evaluated on the LIDC-IDRI database. The
experimental results show that the CNN network archived the best performance with an accuracy of 84.15%, sensitivity of
83.96%, and speciﬁcity of 84.32%, which has the best result among the three networks.

1. Introduction
Lung cancer which is the most common cancer in both men
and women is a major burden of disease worldwide [1]. Some
report estimated that the number of new cases of lung cancer
is about 221,200, accounting for about 13% of all cancer diagnoses in 2015. The mortality of lung cancer accounts for
about 27% of all cancer deaths [2]. For those reasons, lung
nodules need to be examined and watched closely when it
might be at an early stage. By the early detection, the 5-year
survival rate of patients with lung cancer can be improved
by about 50%.
Computed tomography (CT) is the most eﬀective
method of lung nodule detection for its ability to form
three-dimensional (3D) images of the chest, resulting in
greater resolution of nodules and tumor pathology. A CT
image by computer processing to assist lung nodule diagnostics has been widely used in clinic. The process of computeraided diagnosis (CAD) of lung cancer can be divided into a
detection system (often abbreviated as CADe) and diagnostic
system (often abbreviated as CADx). The CADe system
divides the candidate nodules identiﬁed in the previous step

into nodules or nonnodules (i.e., normal anatomic structures). The goal of the CADx system is to classify detected
nodules into benign and malignant nodules [3]. Since the
probability of malignancy is closely related to the geometric size, shape, and appearance, CADx can distinguish the
benign and malignant pulmonary nodules by the eﬀective
features such as texture, shape, and growth rate. Thus,
the success of a particular CADx system can be measured
in terms of accuracy of diagnosis, speed, and automation
level [4].
In recent years, neural networks, rebranded as “deep
learning,” began beating traditional AI in every critical
task: recognizing speech; characterizing images; and generating natural, readable sentences. Deep learning not only
accelerates the critical task but also improves the precision
of the computer and the performance of CT image detection
and classiﬁcation.
In this paper, the problem of classiﬁcation of benign and
malignant is considered. It is proposed to employ, respectively, the convolution neural network (CNN), deep neural
network (DNN), and stacked autoencoder (SAE). The work
can be used as input directly to reduce the complex
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2

2×1

Benign

Figure 1: The architecture of the CNN.

reconstruction of data in the process of feature extraction
and classiﬁcation.
The rest of the paper is organized as follows. Section 2
analyzes the related works. Section 3 presents the proposed
methodology for the classiﬁcation of lung nodules. The
experimental results obtained are discussed in Section 4.
The conclusion of this paper was made in Section 5.

2. Related Works
Various initiatives are frequently developed aiming at
increasing the accuracy of lung cancer diagnosis using a neural network. Chen et al. [5] proposed a method that uses a
neural network ensemble (NNE) scheme to distinguish probably benign and uncertain and probably malignant lung nodules. Experimental results illustrated that the scheme had
classiﬁcation accuracy (78.7%) which is better than that of
the individual classiﬁer (LVQNN: 68.1%).
In [6], Kuruvilla and Gunavathi proposed a methodology
based on texture features using the artiﬁcial neural network
(ANN), with an accuracy rate of 93.30%. Using the combination of texture and shape features for detection and classiﬁcation may result in improved classiﬁcation accuracy [7].
Kumar et al. presented a methodology using the stacked
autoencoder (SAE), a deep learning technique, with an
accuracy rate of 75.01% [8].
Deep learning is based on using “deep” neural networks
comprised of a large number of hidden layers. The deep belief
network (DBN) which has undirected connections between
its top two layers and downward-directed connections
between all its lower layers [9] has been tested for classiﬁcation of malignancy of lung nodules without computing the
morphology and texture features [10]. It had reached the
sensitivity rate of 73.40% and the speciﬁcity rate of 82.20%
using the deep belief network.
Some research papers applied deep CNNs for detection
or classiﬁcations of a medical image. In 2015, Shen et al.
[11] diagnosed lung cancer on the LIDC database using a
multiscale two-layer CNN and the reported accuracy was
86.84%. In [12], Shin et al. exploit and extensively evaluate
three important, previously understudied factors on CNN
architecture, dataset characteristics, and transfer learning.

3. Materials and Methods
In this section, the proposed approach on the LIDC-IDRI
[13] dataset from the Lung Image Database Consortium is

Table 1: Parameter of the CNN.
Layer
1
2
3
4
5
6
7

Type
Convolution
Max pooling
Convolution
Max pooling
Fully connected
Fully connected
Softmax

Input
28 × 28 × 1
24 × 24 × 32
12 × 12 × 64
8 × 8 × 64
4 × 4 × 64
512 × 1
2×1

Kernel
5×5
2×2
5×5
2×2
4×4
1×1
N/A

Output
24 × 24 × 32
12 × 12 × 64
8 × 8 × 64
4 × 4 × 64
512 × 1
2×1
Result

evaluated. The complex steps of image feature extraction in
traditional medicine can be reduced by directly inputting
the original image.
3.1. Convolution Neural Networks (CNNs). A convolution
neural network (CNN) is a multilayer neural network, which
comprised of one or more convolution layers and then
followed by one or more fully connected layers as in a standard multilayer neural network. The CNN was proposed in
1960s, with the ideas like local perception, the weights of
sharing, and sampling in space or time. Local perception
can ﬁnd some local characteristics of the data for the basic
features of the visual animals, such as an angle and an arc
in the picture [14]. It is a kind of an eﬃcient identiﬁcation
method which has attracted wide attention recently. The
beneﬁt of CNNs is that they are easier to train and have many
fewer parameters than fully connected networks with the
same number of hidden units.
Convolution neural network architecture is usually used
in collaboration with the convolution layer and pool layer
[15]. The aﬀection of the pooling layer is to confuse the features of the speciﬁc position. Since some location features
are not important, it just needs other features and the relative
position. The pooling layer operation consists of max pooling
and mean pooling. Mean pooling calculates the average
neighborhood within the feature points, and max pooling
calculates the neighborhood within a maximum of feature
points. The error of feature extraction mainly comes from
two aspects: the neighborhood size limitation caused by the
estimated variance and convolution layer parameter estimated error caused by the mean deviation. Mean pooling
can reduce the ﬁrst error, retaining more image background
information. Max pooling can reduce the second error,
retaining more texture information.

784 × 1

512 × 1

256 × 1

64 × 1

Softmax layer

Fully connected

Fully connected

Input layer
28 × 28 × 1

Fully connected

3

Fully connected
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Malignant
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2×1

Figure 2: The architecture of the DNN.

Input
28 × 28 × 1
784 × 1
512 × 1
256 × 1
64 × 1
2×1

Output
784 × 1
512 × 1
256 × 1
64 × 1
2×1
Result

The architecture of the CNN in this paper is showed in
Figure 1. It is composed of multiple maps in each layer; each
map is composed of multiple neural units, all the neural units
in the same map share one convolution kernel (i.e., weight),
and each convolution kernel represents a feature, such as
access to the edge of image features. The detail of the CNN
is showed in Table 1. The input data (image data) has a
strong robustness on the distortion. The multiscale convolution image feature is generated by setting the convolution
kernel size and parameter; the information of diﬀerent angles
is generated in the feature space.
3.2. Deep Neural Network (DNN). A DNN is an increase in
the number of hidden nodes in a simple neural network.
The neural network can be used to carry on the more complex input calculation, because each hidden layer can be the
nonlinear transformation of the output layer and the deep
neural network is better than the “shallow” network. The
nonlinear f x should be used for each hidden layer, because
if the activation function is linear, compared with the single
hidden layer neural network, the depth of the hidden layer
of the network does not enhance the ability to express. The
processing part of the pulmonary nodule is decomposed into
the DNN, so that diﬀerent network layers can be used to
obtain the characteristics of the pulmonary nodules with
diﬀerent sizes. There are also local extremum problems and
gradient diﬀusion problems in the DNN.
In the training process, the original image is used as the
input layer parameters, so as to retain a large amount of
detailed information of the image. The input layer, hidden layer,
and output layer of the DNN architecture are all connected
layers, and the DNN does not contain a convolution layer.
DNN training images and label was input into the DNN architecture; each layer of the weight in the ﬁrst training is randomly

Fully connected

Type
Input
Fully connected
Fully connected
Fully connected
Fully connected
Softmax

Input layer

Layer
1
2
3
4
5
6

28 × 28 × 1

Fully connected

Table 2: Parameter of the DNN.

784 × 1

256 × 1

784 × 1

Figure 3: Sparse autoencoder.

generated by Gauss distribution, setting the bias to 0. Then, the
output value calculated is the forward propagation and update
parameters are the back propagation. The depth of the neural
network structure is in Figure 2 and is further detailed in
Table 2. Because the parameters of DNN are too prone to overﬁtting [16], ﬁne-tuning [17], increasing the data volume, and
regularization [18] are needed to solve it.
3.3. Stacked Autoencoder (SAE). A stacked autoencoder
(SAE) neural network is a multilayer sparse autoencoder of
a neural network. The sparse autoencoder is an unsupervised
learning algorithm [19]. The sparse autoencoder is divided
into three layers, namely, the input layer, hidden layer, and
output layer. The number of neurons in the input and output
layers is the same, and the number of hidden neurons is less
than that of the input layer. Figure 3 is the structure of the
sparse autoencoder. In addition, the sparse autoencoder is
divided into a coding stage and decoding stage; the coding
stage is the mapping of the input layer to the hidden layer.
The decoding phase is the mapping of the hidden layer to
the output layer. In this paper, multiple autoencoders and
softmax classiﬁers are combined to construct a SAE network
with multiple hidden layers and a ﬁnal softmax classiﬁer [20].
Figure 4 is the structure of the stacked autoencoder neural network. The hidden layer is the hidden layer of a single
sparse autoencoder. The diagnosis of lung nodules belongs
to the problem of image classiﬁcation; each sparse autoencoder deletes the “decode” layer after the training is completed
and directly uses the encoding process for the next sparse
autoencoder training of the output.
3.4. Loss Functions of the Neural Network. The loss function
is as follows:
C w, b ≡

1
〠 y x −a
2n x

2

+

1
λ〠 w2 ,
2n w

1
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Figure 4: Architecture of the SAE.

(a)

(b)
Figure 5: Nodular images.

where C is the cost function, w is the weight, b is the bias,
n is the number of training dataset instances, x is the
image pixel values as an input parameter, and a is the output
value. The DNN is used to carry on the back propagation
operation to modify the weight w and paranoid b, so that
the diﬀerence between the predicted value and the real value
is getting smaller and smaller, and thus, the accuracy is
improved. The last item of the loss function is to prevent
overﬁtting in the training process, and the sum of all weights
is divided by 2n. Another method to prevent overﬁtting is
dropout, which randomly shields some neurons before the
back propagation, and the masked neurons do not update
the parameters. Since the DNN needs a lot of data, but if a
large number of data are input into the neural network, it
requires a lot of memory. Therefore, in order to modify the
parameters more quickly, every time a min_batch to do a
back propagation.
The activation function of the neural network is Leaky
ReLU, which can enhance the ability of nonlinear modeling.
The ReLU activation function formula is as follows:
y=

x

if x ≥ 0

0

if x < 0,

2

where x is the result of weighted priority multiplication and
paranoid addition and y is the output of the activation function. It can be seen that the derivative of ReLU is 0 if x < 0,
else 1. So ReLU eliminates the problem of the gradient of

the sigmoid activation function. However, with the continuous updating of the training, the weight cannot continue to
be updated, which is known as “the phenomenon of neuronal
death.” On the other hand, the output of ReLU is more than
0, that is, the output of the neural network is oﬀset. The above
problems can be solved using Leaky ReLU. The Leaky ReLU
activation function formula is as follows:
y=

x

if x ≥ 0

ax

if x < 0,

3

where a is set to 0.1; a in Leaky ReLU is ﬁxed and in the ReLU
is not ﬁxed.
3.5. LIDI-IDRI. The database used in this paper is LIDCIDRI, which contains 244,527 images of the 1010 cases. Each
subject includes images from a clinical thoracic CT scan and
an associated XML ﬁle that records the results of a two-phase
image annotation process performed by four experienced
thoracic radiologists [13]. The distribution of thickness of
CT images in lung nodules is extensive. Most of them are
concentrated at 1 mm, 1.25 mm, and 2.5 mm. The size of
the patient’s pulmonary nodules is from 3 mm to 30 mm.
The number of benign nodules with small diameter is larger,
and the number of malignant nodules with larger diameter is
smaller. But it is not sure that the majority of benign and
malignant nodules concentrate in the 5–10 mm range.
In this paper, the location information and the degree of
malignancy of pulmonary nodules in the patient’s XML
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Figure 6: Autoencoder generates the pulmonary nodule image and original image.
Table 3: The structure of the SAE.
Layer
1
2
3
4
5

Type
Input
Fully connected
Fully connected
Fully connected
Softmax

Input
28 × 28 × 1
784 × 1
256 × 1
64 × 1
2×1

Table 4: Results for all architectures.
Output
784 × 1
256 × 1
64 × 1
2×1
Result

Models
CNN
DNN
SAE

(3) Indeterminate likelihood
(4) Moderately suspicious for cancer
(5) Highly suspicious for cancer.
The ﬁrst two categories are identiﬁed as benign. The
latter two categories were identiﬁed as malignant. As a total,
9106 nodular images are obtained.

Speciﬁcity
84.32%
83.9%
81.35%

0.8
Sensitivity

(2) Moderately unlikely for cancer

Sensitivity
83.96%
80.66%
83.96%

ROC analysis

1.0

commentary ﬁle both can be obtained. In the XML ﬁle, four
radiologists would analyze the details of the pulmonary nodules. Radiologists classify the degree of malignancy of pulmonary nodules into ﬁve categories:
(1) Highly unlikely for cancer

Accuracy
84.15%
82.37%
82.59%

0.6
0.4
0.2
0.0
0.0

0.2

0.4

0.6

0.8

1.0

1 − specificity
DNN
CNN
SAE

Figure 7: ROC curve of diﬀerent neural networks.

3.6. Data Augmentation. It is known that the sizes of the pulmonary nodule are diﬀerent. In order to obtain the textural
and size characteristics of the lung nodules, the size of the
pulmonary nodules is set at 28 × 28 uniformly. Firstly, the
image of the pulmonary nodules was obtained by binary
processing, which can obtain the approximate outline of the
pulmonary nodules. Then, the value of the pulmonary nodules was restored in the proceeded image to the pixels of
the pulmonary nodules. Finally, noise disturbance around
pulmonary nodules can be eliminated. The original images
and binary images contrast in Figure 5.
A large number of positive samples and negative samples
are needed to satisfy the neural network training. In this
paper, the image processing operation of translation, rotation, and ﬂip is obtained before the image was input into
the neural network, which increased the sample data of the
input image. Large number of sample data can eﬀectively
improve the neural network training and testing accuracy,
reduce the loss function, and ultimately improve the robustness of neural networks.

4. Experiments and Results
4.1. Experiment Setup. Caﬀe which is a deep learning framework made with expression, speed, and modularity in mind
was used in this study. A total of 4581 images of lung nodules
were used in the training. Among them, 2265 cases were
benign pulmonary nodules and the other one was malignant
pulmonary nodules with 2311 images. 10% of the training
data set is used for cross-validation, about 448 pictures. The
same data set is applied to the three diﬀerent kinds of
network architecture.
4.1.1. Construction of the CNN. Using the network in the
training stage, CNN learning rate is set to 0.01 and batch_size
to 32, to get the best results. In the network, the convolution
operation and the down sampling operation are carried out
two times. Two convolution layers consist of 32 ﬁlters, and
the kernel size is 5. The pooling layer has a kernel size of 2.

6

Journal of Healthcare Engineering
Table 5: Comparison with other papers.

Work
Nascimento et al. [21]
Orozco and Villegas [22]
Krewer et al. [7]
Dandil et al. [23]
Parveen and Kavitha [24]
Kuruvilla and Gunavathi, 2014 [6]
Gupta and Tiwari [25]
Hua et al. [10]
Kumar et al. [8]
da Silva [26]
CNN (this paper)
DNN (this paper)
SAE (this paper)

Database (samples)
LIDC (73)
NBIA-ELCAP (113)
LIDC-IDRI (33)
Private (128)
Private (3278)
LIDC (110)
Private (120)
LIDC (2545)
LIDC (4323)
LIDC-IDRI (8296)
LIDC-IDRI (5024)
LIDC-IDRI (5024)
LIDC-IDRI (5024)

The reason of using a dropout layer is to prevent overﬁtting.
Two fully connected layers and a softmax function is
following at least.
4.1.2. Construction of the DNN. The DNN consists of a fully
connected layer. The input image is a two-dimensional data
input 28 × 28 neural network mapped into 784 × 1. The second layer is a fully connected layer of 512 × 1. The third layer
is a fully connected layer of 256 × 1. After the third layer,
there will be a dropout layer, with a parameter of 0.6, in
which the unit will be hidden in 40%. The fourth layer is a
fully connected layer of 64 × 1, whose activation function is
set to ReLU.
4.1.3. Construction of the SAE. The SAE is also made up of a
fully connected layer. The neurons of the autoencoder’s input
and output are the same; the autoencoder is equivalent to the
following function:
H w,b x = x,

4

Accuracy (%)
92.78
N/A
90.91
90.63
N/A
93.30
90
N/A
75.01
82.3
84.15%
82.37%
82.59%

Sensitivity (%)
85.64
96.15
85.71
92.30
91.38
91.40
86.66
73.30
83.35
79.4
83.96%
80.66%
83.96%

Speciﬁcity (%)
97.89
52.17
94.74
89.47
89.56
100
93.33
78.70
N/A
83.8
84.32%
83.9%
81.35%

accuracy of the DNN is 82.37%, the sensitivity is 80.66%,
and the speciﬁcity is 83.9%. The convolution neural network
obtains the good result mainly because the convolution layer
operation may obtain the characteristic from the shape and
the texture of two diﬀerent dimensions. In diﬀerent convolution kernels according to diﬀerent weights for diﬀerent image
characteristics, a convolution kernel shared parameters in the
whole process of convolution, so the convolution operation
compared with fully connected operation has fewer parameters. Compared with the SAE, the DNN is not good in precision and sensitivity, but it has a better eﬀect on speciﬁcity of
83.9%. Good speciﬁcity means that more malignant lung
nodules can be detected in the same data set, which may be
of a greater help in the early diagnosis of pulmonary nodules.
But to a certain extent, the DNN increases the number of
false-positive pulmonary nodules. The SAE and DNN are
consisting only of fully connected networks, but there are different ways of generating. The SAE is generated through
sparsing since the encoder training; the DNN is generated
through the fully connected layer directly since training.
In order to compare the performance of the neural
network, the ROC curve is used in the paper. Figure 7 is the
comparison of the ROC curves of the three diﬀerent neural
network architectures, from which we can see that the
performance of the CNN is better than that of the SAE.
The AUC of the CNN is 0.916, of the SAE is 0.884, and
of the DNN is 0.877.
Table 5 shows some of the relevant work and the results
of this comparison. In order to increase the comparability,
the experiments in the paper are done in the same data set,
as well as the comparison of the same parameters. By
contrast, the experimental data and the results of the CNN
architecture have made some progress.

where w and b are the weight and crankiness, respectively, in
the neural network operation and x is the input parameter.
The neural network is equivalent to coding the input image.
Because of the problem of image classiﬁcation, the hidden
layer generated by the self-encoder is directly used for classiﬁcation, thus canceling the decoding part of the self-encoder.
During the training, the encoder-generated stack encoding is used ﬁrstly, and then, the coding part of the stack
encoding network is used to apply the initializing neural network after a certain number of training to the classiﬁcation.
In Figure 6, the image is the contrast between the autoencoder that generates the pulmonary nodule image and original
image. It is found that the image after the encoder has made
the edge of the image and the characteristics of the artifacts
are not obvious. So the classiﬁcation accuracy will cause some
loss. The detail of the SAE is in Table 3.

5. Conclusion

4.2. Results and Analysis. As referred in Table 4, the CNN
architecture has the best precision, with an accuracy of
84.15%, sensitivity of 83.96%, and speciﬁcity of 84.32%. The

In this paper, three important deep neural networks were
exploited and extensively evaluated. The prediction in the
classiﬁcation of benign and malignant pulmonary nodules
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was compared in LIDC-IDRI. The experimental results suggest that the CNN archived the best performance than the
DNN and SAE. The layers of the neural network in this paper
are relatively small, due to the limitations of the data sets.
The proposed method can be expected to improve accuracy of the other database. The method can be generalized
to the design of high-performance CAD systems for other
medical imaging tasks in the future.
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The reconstruction of dynamic magnetic resonance imaging (dMRI) from partially sampled k-space data has to deal
with a trade-oﬀ between the spatial resolution and temporal resolution. In this paper, a low-rank and sparse
decomposition model is introduced to resolve this issue, which is formulated as an inverse problem regularized by
robust principal component analysis (RPCA). The inverse problem can be solved by convex optimization method.
We propose a scalable and fast algorithm based on the inexact augmented Lagrange multipliers (IALM) to carry out
the convex optimization. The experimental results demonstrate that our proposed algorithm can achieve superior
reconstruction quality and faster reconstruction speed in cardiac cine image compared to existing state-of-art
reconstruction methods.

1. Introduction
Dynamic MRI (magnetic resonance imaging), an essential
medical imaging technique, allows noninvasiveness, nonionization visualization, and analysis of anatomical and
functional changes of internal body structure through time.
However, MRI sampling speed is relatively slow due to the
need of physical and physiological conditions such as nuclear
relaxation and peripheral nerve stimulation [1]. One way for
accelerating MRI is to reconstruct high-resolution images
from undersampled k-space data. However, such undersampling violates the Nyquist criterion and often results in
aliasing artifacts if the traditional linear reconstruction is
directly applied.
To address this issue, there are so much research eﬀorts
to accelerate MRI acquisition process using hardware and
software [2–4]. Among them, compressed sensing (CS) has
been proved to be able to increase imaging speed and eﬃciency in MRI application [5–7]. The CS theory requires

image sparsity and incoherence between the acquisition
space and representation space [8]. Fortunately, the MR
image sequence often provides redundant information in
both spatial and temporal domains, which presents favorable
conditions for the application of CS. In addition, the idea is
easily extended to the reconstruction of dynamic MRI (dMRI)
images due to extensive spatio-temporal correlations that
result in sparser representations. The k-t FOCUSS is a successful method, which imposes a sparsity constraint in the temporal transform domain by using the FOCUSS algorithm [9],
and extends the FOCUSS technique with motion estimation
and compensation to compressed sensing framework for
cardiac cine MRI. But the limitation of the prediction schemes
on sparsifying the residual signal sets back the further
improvement when the motion is aperiodic.
Recently, researchers have made great eﬀorts to exploit
the low-rank property of matrices instead of simply sparsity
of vectors. Lingala et al. proposed a k-t SLR algorithm that
exploited the low rank prior and global sparsity in
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Karhunen-Louve Transform (KLT) domain for MRI reconstruction [10]. However, the algorithm failed to take into
account the structural sparsity of the MRI image, and the
limitation held back the further improvement. Some studies
presented patch-based dictionary learning techniques for
dMRI reconstruction [11, 12]. However, a major challenge
in learning sparse dictionary is that such patch-based
learning cannot be eﬀectively employed for dMRI reconstruction. Because the size of dMRI sequence is large, it
is ineﬃcient to learn dictionaries for such large datasets
[13]. Even though we take no account of computational
limitations, it is not practical to acquire such huge dMRI
training sequences for learning sparsifying dictionaries.
Currently, robust principal component analysis (RPCA)
has been used in recovering dynamic images to explore
the low-rank structure of data [14, 15]. The RPCA decomposes the data in low rank and sparse components, where
the low rank component models the temporally correlated
background information and the sparse component represents the dynamic information. k-t RPCA [16], a method
developed for dMRI, uses the low-rank plus sparse decomposition prior to reconstructing dynamic MRI from part of
the k-space measurements. In this method [16], the image
reconstruction is regularized by a low-rank plus sparse
prior, where the Fourier transform is used as the sparsifying transform and the alternating direction methods of
multipliers (ADMM) is applied to solve the minimization
problem in the temporal direction. The shortcoming of
k-t RPCA is that the results of reconstructed image are
easily aﬀected by the noise, since the noise will generally
be represented by highly sparse coeﬃcients during the
sparsifying transform.
In this paper, aims to the shortcoming of k-t RPCA, we
propose an eﬃcient numerical algorithm based on inexact
augmented Lagrangian method (IALM) instead of ADMM
to solve the optimization problem and accelerate the dMRI
reconstruction. The experimental results demonstrate that
our proposed algorithm can achieve more satisfactory reconstruction performance and faster reconstruction speed in
given cardiac cine sets.

2. Theory Background
The dynamic MRI data acquisition in the k-t space can be
expressed as follows:
y k, t =

x r, t exp −2πjk · r dr + n k, t ,

1

Y = RFX + n,

where Y = y1 ∣⋯∣yT , X = x1 ∣⋯∣xT , n = n1 ∣⋯∣nT , T is the
total number of frames, F is the Fourier transform operator,
and the measurement matrix R is the undersampled mask
applied on the k-space.
2.1. CS-Based MR Image Reconstruction. The CS approach
[5, 19] was proposed to reconstruct the MR image X from
the partially sampled k-space data Y by exploiting the
sparsity transform and convex optimization algorithms.
The problem will be solved if we can ﬁnd the sparsest vector
satisfying (2),
min DX
X

0

st

Y − RFX

2

≤ ε,

3

where · 0 is l0-norm, counting the number of nonzero
entries in the vector, D is the sparsifying transform or dictionary, and ε is a small constant. Unfortunately, (3) is NP-hard
problem, which needs to be solved by a brute force search.
The CS theory [8] proves that the convex relaxation
approach referred to as l1 minimization can be replaced with
the l0-norm in (3),
min DX
X

1

st

Y − RFX

2

≤ ε,

4

where · 1 is l1-norm, meaning the sum of absolute values
of the vector.
2.2. Low-Rank and Sparse Decomposition Model for MR
Image Reconstruction. CS-based techniques that exploit sparsity of the image in the transform domain have been successfully used for MR image reconstruction. However, the
performance of CS is primarily dependent on the speciﬁc dictionary or sparsifying operator, which limits the maximum
achievable acceleration rate. Therefore, some researchers
tried to investigate a few new approaches to reconstruct
MR image [20–24]. In those methods, low-rank matrix
recovery is a popular technique in medical image processing.
The basic assumption is the same as [18], that is, the
image X is simultaneously sparse (in a transform domain)
and low rank. The problem is to recover X, given fewer kspace samples Y than the number of elements in the matrix.
We assume that the approximate rank of the matrix is r and
the size of single frame image is M × N. When the matrix X is
low rank, which has only r M + N − r degrees of freedom
instead of MN, it is possible to recover the matrix X from
lesser number of samples by solving the rank minimization
problem,
min rank X
X

where y k, t represents the measured k-t space signal, x r, t
denotes the desired dynamic image series, and n k, t is the
measured noise, which can be reasonably modeled by an
additive white Gaussian distribution [16, 17].
In this paper, the solution of this problem is to ﬁnd
the closest representation of the MR image x r, t from
undersampled measurement y k, t . Since the k-t space is
partially sampled, (1) is converted to an inverse problem
and can be rewritten as a vector [18].

2

st

Y−M X

2

≤ε

5

However, the rank minimization problem, that is, solving
(5), is combinatorial and known to be NP-hard [25]. Therefore, convex relaxation is often used to make the minimization tractable.
min X
X

∗

st

Y−M X

2

≤ ε,

where M denotes any linear operator and X
norm, which is deﬁned as

∗

6
is the nuclear
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r

X

∗ = 〠 σi ,

7

i=1

where σ1 , σ2 , …, σr are the singular values of X and r is the
rank of X.
To recover X from the given Y, X can be decomposed
into a superposition of a low-rank matrix A and a sparse
matrix E.
X=A+E

8

X is recovered as the solution of the following
optimization:
min A
A, E

∗

+γ E

1

st

Y− M A + E

2

≤ε,

9

where low-rank matrix A has few nonzero singular values
and represents the background component, sparse matrix E
has few nonzero entries and corresponds to the changes,
and γ is a tuning parameter that balances the contribution
of the l1-norm relative to the nuclear norm.

3. The Proposed Method
In principal component pursuit (PCP) model [26], to solve
(9) can be posed as an optimization problem by using regularization rather than strict constraints [15]. Hence, (9) can
be converted as
min Y − M A + E
L ,S

2
F

+ λL A

∗

+ λS TE 1 ,

10

where the parameters λL and λS trade oﬀ data consistency
and T is a sparse transform basis.
Equation (10) is a RPCA problem that involves minimizing a combination of the nuclear norm and l1-norm.
Otazo et al. Study [15] adopted the iterative thresholding
scheme to solve (10); however, the iterative thresholding
technique converges slowly. So, we presented an inexact
augmented Lagrange multipliers (IALM) algorithm to
solve the RPCA problem [27]. According to the constraint
conditions of (6),
MH y = A n + E n = X n ,

11

where M H is a dual operator, X n contains the measurement
noise, and A n and E n are low-rank element and sparse element, respectively. We applied IALM method to solve the
following optimization problem:
min A n
L,S

+

∗

+ λ TE n

1

+ 〈 , MH y − A n − E n

μ
MH y − A n − E n
2

2
F

12

,

where is a Lagrange multiplier to remove the equality constraint and μ is a small positive scalar. The condition
−1
∑+∞
k=1 μk = +∞ implies that μk cannot grow too fast. The
IALM method for solving the RPCA problem can be
described as Algorithm 1.
For Algorithm 1, if μk is nondecreasing and
−1
converges to an optimal
∑+∞
k=1 μk = +∞, then Ak , Ek

Input: Multicoil undersampled k-t data y; space-time
multicoil encoding operator M; sparsifying transform T;
weight parameter λ.
Initialization: Set 0 = 0; E0 = 0; k = 0; μ0 > 0; X 0 = M H y;
ρ > 0; iter = 0.
Loop: Repeat until convergence
Update A: U, S, V = svd X k − Ek + μ−1
k ;
k
Ak+1 = UΛμ−1 S V T .
k
X k − Ak+1 + μ−1
Update E: Ek+1 = Λλμ−1
k .
k
k
Update : k+1 = k + μk X k − Ak+1 − Ek+1 .
Update μk+1 : μk+1 = ρμk .
Update X k+1 : X k+1 =Ak+1 + Ek+1 − M H M Ak+1 + Ek+1 − y
Update k, iter: set k ← k + 1; iter ← iter + 1.
End Loop.
Output: Ak , Ek
Algorithm 1: The proposed algorithm.

solution A∗ , E∗ for the RPCA problem. The advantage of
unbounded
μk
is that the feasibility condition
Ak + Ek = X can be approached more quickly because
X − Ak − Ek = k − k−1 /μk−1 and
are bounded. In
k
Algorithm 1, the singular value thresholding (SVT) operator
[28] is deﬁned as
SVT λ D = UΛλ Σ V H ,

13

where D = UΣV H is any singular value decomposition of
D. Λλ Σ is a soft-thresholding operator, which can be
deﬁned as
Λλ x =

x
max x − λ, 0
x

14

4. Experimental Results and Discussion
Experiments were run in MATLAB V7.14.0 (R2012a) with
the computing environment being an Intel Core i7-2640 M
CPU, 4.0 GB memory, and a 64-bit Win7 operating system. The proposed algorithm was validated by experiments using two cardiac cine sets. The ﬁrst dataset was
obtained from Bio Imaging and Signal Processing Lab
(http://bispl.weebly.com/), which contains nt = 25 temporal
frames of size nx = ny = 256 with a 345 × 270 mm2 ﬁeld of
view (FOV) and 10 mm slice thickness. The second dataset
was acquired from the website of Dr. Caballero (http://www.
doc.ic.ac.uk/~jc1006/index.html), which was introduced by
Caballero et al. [12] and the relevant imaging parameters
were as follows: the image matrix size = 256 × 256 nx × ny ,
the number of temporal frame = 30 nt , FOV = 320 ×
320 mm2 , and slice thickness =10 mm. Two widely used
sampling trajectories, Cartesian and radial undersampling
strategies, were exploited for the acquisition of the MR data
set in the k-space domain. Figure 1 shows the sampling masks
used in the study and their eﬀect on the magnitude of a
temporal frame.
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(b)

(c)

(d)

(e)

(a)

Figure 1: Example of two undersampling masks and their eﬀect on reconstruction image. (a) A magnitude temporal frame from one of the
cardiac cine datasets. (b) The Cartesian undersampling mask for a magnitude temporal frame. (c) The zero-ﬁlled inverse Fourier transform
reconstruction image. (d) The pseudo-radial sampling acquisition for a magnitude temporal frame. (e) The zero-ﬁlled inverse Fourier
transform reconstruction image.

We compared the proposed method against k-t SLR
[10] and k-t RPCA [16] in reconstruction accuracy and
reconstruction speed. Quantitative image quality assessment was performed by using the metrics of peak signal
to noise ratio (PSNR) and structural similarity index
(SSIM) [29]. The PSNR is used to evaluate the diﬀerence
of reconstruction image and the full-sampled image, which
can be deﬁned as
PSNR = −10log10

̂ −X
X
X

2
F

2
F

,

15

̂ is a reconstruction image and X represents the fullwhere X
sampled image.
The SSIM is a new method for measuring the similarity
between the reconstructed image and the fully sampled
image. We adopted the SSIM to measure the diﬀerence of
reconstruction image and the fully sampled image at each
nt
time frame xn n=1
the SSIM index between the reconstructed image xRec and the fully sampled image x F at one
same frame is evaluated as
SSIM x, y =

2μxR μx F + c1
μ2xR + μ2x F + c1

2σxR x F + c2
σ2xR + σ2x F + c2

,

16

where μxR and μx F are the mean intensity of the reconstructed
image xRec and the fully sampled image x F , σxR and σx F are
the standard deviation of image xRec and x F , σxR x F is the
covariance of xRec and x F , c1 = K 1 L 2 and c2 = K 2 L 2 are
constants where L is the dynamic range, 255 for 8-bit grayscale images. K 1 = 0 01 and K 2 = 0 03 are parameter values
suggested by Wang et al. [29].
The k-t SLR uses a combination of TV and nonconvex
Schatten p-norms with p = 0 01; some parameters are
selected based on the suggested values in the public software
package (penalty parameters β1 = 10−9 for Schatten and
β2 = 10−2 for TV norms, maximum number of 50 inner and
9 outer iterations). In k-t RPCA, two regularization parameters are μ = 200 and ρ = 1 5 for the regularization and decomposition, respectively.
Similarly, the method requires the speciﬁcation of three
parameters λ, ρ, and μ. We set μ0 = 1 5/ X 2 and ρ = 1 2.
We may take X − Ak − Ek F / X F < 10−7 as the stopping
criteria for Algorithm 1. We chose a ﬁxed weight parameter
λ = max nx ∗ ny , nt −1/2 by the suggestion of the authors of
[16]. The proposed algorithm was veriﬁed by experiments
using the fully sampled cardiac cines (two mentioned datasets above) with two diﬀerent sampling trajectories.
For simulating the acceleration of the k-space, the fully
sampled k-space data was artiﬁcially subsampled by using
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

Figure 2: Comparison of the reconstruction results with diﬀerent methods on the ﬁrst cardiac dataset. The acceleration rate is 4 or sampling
ratio is about 0.25. Fully sampled image (a) and undersampling mask (b), undersampled by zero-ﬁlled directly (c), reconstructions using k-t
RPCA (e), k-t SLR (g), and proposed method (i) with their respective residuals (d, f, h, j).
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Figure 3: PSNR performance of diﬀerent reconstructions evaluated versus the sample ratio for the ﬁrst cardiac MRI dataset with Cartesian
sampling (a) and radial sampling (b).
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Figure 4: SSIM performance of diﬀerent reconstructions versus each time frame for the ﬁrst cardiac MRI dataset at acceleration factor 6 with
Cartesian sampling (a) and radial sampling (b).

variable density (sampling factor) random sampling. To
test the robustness of the proposed method, the k-space
data of the two datasets are corrupted with additional complex Gaussian white noise with ﬁxed standard deviation
σ = 15 Firstly, this method was tested on the ﬁrst cardiac
dataset by using diﬀerent sampling models with variable
sampling ratio. A comparison of the visual quality was
showed in Figure 2, which compares the reconstruction
results between the proposed method (Algorithm 1) and
the other methods. The acceleration factor is approximately
4 (about 25% of acquired samples) for Cartesian sampling
masks. Figure 3 shows the PSNR of the reconstructed results
for Cartesian sampling and pseudo-radial sampling as a
function of sampling factor. It can be seen that the performance of the proposed method outperforms the other two
methods with pseudo-radial sampling acquisition. But the

performance at lower sampling ratio is slightly lower than
the k-t SLR method with Cartesian sampling. Additionally,
SSIM at each time frame is shown in Figure 4 for both
Cartesian and radial sampling at the same sampling factor
(an acceleration factor of approximately 6 with about 16.4%
of acquired samples). The experimental results reveal that
the proposed method achieved a superior reconstruction
result in terms of SSIM and hence the advantage of our
method is more relatively evident when pseudo-radial
sampling is used instead of Cartesian sampling.
Moreover, we tested our proposed method on the second
cardiac dataset by using same experimental method. Figure 5
provides the visual evaluations for radial sampling with an
acceleration rate of 4 (about 25% of acquired samples).
Quantitative results (PSNR performance) are reported for
Cartesian sampling and pseudo-radial sampling in Figure 6.
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Figure 5: Comparison of the reconstruction results with diﬀerent methods on the second cardiac dataset. The number of radial trajectory is
74 and sampling ratio is about 0.25. Fully sampled image (a) and undersampling mask (b), undersampled by zero-ﬁlled directly (c),
reconstructions using k-t RPCA (e), k-t SLR (g), and proposed method (i) with their respective residuals (d, f, h, j).
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Figure 6: PSNR performance of diﬀerent reconstructions evaluated versus the sample ratio for the second cardiac MRI dataset with Cartesian
sampling (a) and radial sampling (b).
Table 1: Average computational time for cardiac datasets in complete temporal frames (seconds).
Method
k-t SLR
k-t RPCA
Proposed method

Cardiac dataset 1 256 × 256 × 25
Cartesian sampling
Pseudo-radial sampling
1676.7
1391.5
610.3
766.6
131.2
124.6

It is observed that the performance of reconstructions by
using the two sampling models is similar to Figure 3.
Figures 3 and 6 indicate that both the proposed and the
other two methods are eﬀective to the choice of Cartesian
sampling with higher sampling ratios. However, the choice
of pseudo-radial sampling ensures that the greater performance can be obtained at lower sampling ratios. Moreover,
it can be acquired that the proposed method is more robust
in a cardiac cycle.
We also evaluated the execution time of the three
methods by using diﬀerent sampling models with variable
sampling factors on diﬀerent datasets. Table 1 shows the
average computational time for reconstructing the cardiac
MRI images in complete temporal frames. From the
Table 1, it can be known that our method is faster than the
other two methods, and it is more potential for online dMRI
reconstruction.

5. Conclusion
In this paper, we proposed a scalable and fast algorithm
(IALM) for solving RPCA optimization problem to recover
dMRI sequence from highly undersampled k-space data.
Our proposed algorithm has a generalized formulation
capability of separating dynamic MR data into low-rank
component and sparse component. And this algorithm
reconstructs and separates simultaneously dynamic MR data
from partial measurement. Experiments on cardiac datasets

Cardiac dataset 2 256 × 256 × 30
Cartesian sampling
Pseudo-radial sampling
1456.3
1515.7
423.3
681.2
116.2
130.6

have validated the eﬃciency and eﬀectiveness compared to
the state-of-the-art methods.
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Colorectal cancer (CRC) is the third cause of cancer death worldwide. Currently, the standard approach to reduce CRC-related
mortality is to perform regular screening in search for polyps and colonoscopy is the screening tool of choice. The main
limitations of this screening procedure are polyp miss rate and the inability to perform visual assessment of polyp malignancy.
These drawbacks can be reduced by designing decision support systems (DSS) aiming to help clinicians in the diﬀerent stages of
the procedure by providing endoluminal scene segmentation. Thus, in this paper, we introduce an extended benchmark of
colonoscopy image segmentation, with the hope of establishing a new strong benchmark for colonoscopy image analysis
research. The proposed dataset consists of 4 relevant classes to inspect the endoluminal scene, targeting diﬀerent clinical needs.
Together with the dataset and taking advantage of advances in semantic segmentation literature, we provide new baselines by
training standard fully convolutional networks (FCNs). We perform a comparative study to show that FCNs signiﬁcantly
outperform, without any further postprocessing, prior results in endoluminal scene segmentation, especially with respect to
polyp segmentation and localization.

1. Introduction
Colorectal cancer (CRC) is the third cause of cancer death
worldwide [1]. CRC arises from adenomatous polyps (adenomas) which are initially benign; however, over time, some
of them can become malignant. Currently, the standard
approach to reduce CRC-related mortality is to perform regular screening in search for polyps and colonoscopy is the
screening tool of choice. During the examination, clinicians
visually inspect the intestinal wall (see Figure 1(a) for an
example of intestinal scene) in search of polyps. Once
detected, they are resected and sent for histological analysis
to determine their degree of malignancy and deﬁne the corresponding treatment the patient should undertake.

The main limitations of colonoscopy are its associated
polyp miss rate (small/ﬂat polyps or the ones hidden behind
intestine folds can be missed [2]) and the fact that polyp’s
malignancy degree is only known after histological analysis.
These drawbacks can be reduced by developing new
colonoscopy modalities to improve visualization (e.g., highdeﬁnition imaging, narrow-band imaging (NBI) [3], and
magniﬁcation endoscopes [4]) and/or by developing
decision support systems (DSS) aiming to help clinicians in
the diﬀerent stages of the procedure. A clinically useful
DSS should be able to detect, segment, and assess the
malignancy degree (e.g., by optical biopsy [5]) of polyps
during the colonoscopy procedure, following a similar
pipeline to the one shown in Figure 1(b).
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Detection

In vivo diagnosis
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Figure 1: (a) Colonoscopy image and corresponding labeling: blue for lumen, red for background (mucosa wall), and green for polyp.
(b) Proposed pipeline of a decision support system for colonoscopy.

The development of DSS for colonoscopy has been an
active research topic during the last decades. The majority
of available works on optical colonoscopy are focused on
polyp detection (e.g., see [6–11]), and only few works address
the problems of endoluminal scene segmentation.
Endoluminal scene segmentation is of crucial relevance
for clinical applications [6, 12–14]. Polyp segmentation is
important to deﬁne the area covered by a potential lesion that
should be carefully inspected and possibly removed by
clinicians. Moreover, having a system for accurate in vivo
prediction of polyp histology might signiﬁcantly improve
clinical workﬂow. Lumen segmentation is relevant to help
clinicians navigate through the colon during the procedure.
Additionally, it can be used to establish quality metrics
related to the degree of the colon wall that has been explored,
since a weak exploration can lead to polyp overlooking.
Finally, specular highlights have proven to be useful in
reducing polyp detection false-positive ratio in the context
of handcrafted methods [15].
In recent years, convolutional neural networks (CNNs)
have become a de facto standard in computer vision,
achieving state-of-the-art performance in tasks such as
image classiﬁcation, object detection, and semantic segmentation; and making traditional methods based on handcrafted features obsolete. Two major components in this
groundbreaking progress were the availability of increased
computational power (GPUs) and the introduction of large
labeled datasets [16, 17]. Despite the additional diﬃculty of
having limited amounts of labeled data, CNNs have

successfully been applied to a variety of medical imaging
tasks, by resorting to aggressive data augmentation techniques [18, 19]. More precisely, CNNs have excelled at
semantic segmentation tasks in medical imaging, such as
the EM ISBI 2012 dataset [20], BRATS [21], or MS lesions
[22], where the top entries are built on CNNs [18, 19, 23–25].
Surprisingly, to the best of our knowledge, CNNs have not
been applied to semantic segmentation of colonoscopy data.
We associate this to the lack of large publicly available
annotated databases, which are needed in order to train
and validate such networks.
In this paper, we aim to overcome this limitation by
introducing an extended benchmark of colonoscopy images
created from the combination of the two largest public datasets of colonoscopy images [6, 26] and by incorporating additional annotations to segment lumen and specular highlights,
with the hope of establishing a new strong benchmark for
colonoscopy image analysis research. We provide new baselines on this dataset by training standard fully convolutional
networks (FCNs) for semantic segmentation [27] and signiﬁcantly outperforming, without any further postprocessing,
prior results in endoluminal scene segmentation.
Therefore, the contributions of this paper are twofold:
(1) Extended benchmark
segmentation

for

colonoscopy

image

(2) New state-of-the-art
segmentation.

in

colonoscopy

image
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Table 1: Summary of prior database content. All frames show at least one polyp.
Database
CVC-ColonDB
CVC-ClinicDB
CVC-EndoSceneStill

Number of patients
13
23

Number of seq.
13
31

Number of frames
300
612

Resolution
500 × 574
384 × 288

36

44

912

500 × 574 & 384 × 288

(a)

(b)

(c)

(d)

Annotations
Polyp, lumen
Polyp
Polyp, lumen, background,
specularity, border (void)

Figure 2: Example of a colonoscopy image and its corresponding ground truth: (a) original image, (b) polyp mask, (c) specular highlights
mask, and (d) lumen mask.

The rest of the paper is organized as follows. In Section 2,
we present the new extended benchmark, including the
introduction of datasets as well as the performance metrics.
After that, in Section 3, we introduce the FCN architecture
used as baseline for the new endoluminal scene segmentation
benchmark. Then, in Section 4, we show qualitative and
quantitative experimental results. Finally, Section 5 concludes the paper.

2. Endoluminal Scene Segmentation
Benchmark
In this section, we describe the endoluminal scene segmentation benchmark, including evaluation metrics.
2.1. Dataset. Inspired by already published benchmarks for
polyp detection, proposed within a challenge held in conjunction with MICCAI 2015 (http://endovis.grand-challenge.org)

[28], we introduce a benchmark for endoluminal scene
object segmentation.
We combine CVC-ColonDB and CVC-ClinicDB into a
new dataset (CVC-EndoSceneStill) composed of 912 images
obtained from 44 video sequences acquired from 36 patients.
(i) CVC-ColonDB contains 300 images with associated
polyp masks obtained from 13 polyp video sequences
acquired from 13 patients.
(ii) CVC-ClinicDB contains 612 images with associated
polyp and background (here, mucosa and lumen)
segmentation masks obtained from 31 polyp video
sequences acquired from 23 patients.
We extend the old annotations to account for lumen,
specular highlights with new hand-made pixel-wise annotations, and we deﬁne a void class for black borders present
in each frame. In the new annotations, background only
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contains mucosa (intestinal wall). Please refer to Table 1 for
dataset details and to Figure 2 for a dataset sample.
We split the resulting dataset into three sets: training,
validation, and test containing 60%, 20%, and 20%
images, respectively. We impose the constraint that one
patient cannot be in diﬀerent sets. As a result, the ﬁnal
training set contains 20 patients and 547 frames, the
validation set contains 8 patients and 183 frames, and
the test set contains 8 patients and 182 frames. The dataset
is publicly available (http://www.cvc.uab.es/CVC-Colon/
index.php/databases/cvc-endoscenestill/).
2.2. Metrics. We use Intersection over Union (IoU), also
known as Jaccard index, and per pixel accuracy as segmentation metrics. These metrics are commonly used in medical
image segmentation tasks [29, 30].
We compute the mean of per class IoU. Each per class
IoU is computed over a validation/test set according to the
following formula:
IoU PR class , GT class =

PR class ∩ GT class
,
PR class ∪ GT class

1

where PR represents the binary mask produced by the
segmentation method, GT represents the ground truth mask,
∩ represents set intersection, and ∪ represents set union.
We compute the mean global accuracy for each set
as follows:
#TP
Acc PR, GT =
,
#pixels

2

where TP represents the number of true positives.
Notably, this new benchmark might as well be used for
the relevant task of polyp localization. In that case, we follow
Pascal VOC challenge metrics [31] and determine that a
polyp is localized if it has a high overlap degree with its
associated ground truth, namely,
IoU PR polyp , GT polyp > 0 5,

3

where the metric is computed for each polyp independently
and averaged per set to give a ﬁnal score.

3. Baseline
CNNs are a standard architecture used for tasks, where a
single prediction per input is expected (e.g., image classiﬁcation). Such architectures capture hierarchical representations
of the input data by stacking blocks of convolutional, nonlinearity, and pooling layers on top of each other. Convolutional
layers extract local features. Nonlinearity layers allow deep
networks to learn nonlinear mappings of the input data.
Pooling layers reduce the spatial resolution of the representation maps by aggregating local statistics.
FCNs [19, 27] were introduced in the computer vision
and medical imaging communities in the context of semantic
segmentation. FCNs naturally extend CNNs to tackle per
pixel prediction problems, by adding upsampling layers to
recover the spatial resolution of the input at the output layer.
As a consequence, FCNs can process images of arbitrary size.

In order to compensate for the resolution loss induced by
pooling layers, FCNs introduce skip connections between
their downsampling and upsampling paths. Skip connections
help the upsampling path recover ﬁne-grained information
from the downsampling layers.
We implemented FCN8 architecture from [27] and
trained the network by means of stochastic gradient descent
with the rmsprop adaptive learning rate [32]. The validation
split is used to early stop the training; we monitor mean IoU
for validation set and use patience of 50. We used a minibatch size of 10 images. The input image is normalized in
the range 0-1. We randomly crop the training images to
224 × 224 pixels. As regularization, we use dropout [33] of
0.5, as mentioned in the paper [27]. We do not use any
weight decay.
As described in Section 2.1, colonoscopy images have a
black border that we consider as a void class. Void classes do
not inﬂuence the computation of the loss nor the metrics of
any set, since the pixels marked as void class are ignored. As
the number of pixels per class is unbalanced, in some experiments, we apply the median frequency balancing of [34].
During training, we experiment with data augmentation
techniques such as random cropping, rotations, zooming,
and sharing and elastic transformations.

4. Experimental Results
In this section, we report semantic segmentation and polyp
localization results on the new benchmark.
4.1. Endoluminal Scene Semantic Segmentation. In this
section, we ﬁrst analyze the inﬂuence of diﬀerent data augmentation techniques. Second, we evaluate the eﬀect of having diﬀerent numbers of endoluminal classes on polyp
segmentation results. Finally, we compare our results with
previously published methods.
4.1.1. Inﬂuence of Data Augmentation. Table 2 presents an
analysis on the inﬂuence of diﬀerent data augmentation
techniques and their impact on the validation performance.
We evaluate random zoom from 0.9 to 1.1, rotations from
0 to 180 degrees, shearing from 0 to 0.4, and warping with
σ ranging from 0 to 10. Finally, we evaluate the combination
of all the data augmentation techniques.
As shown in the table, polyps signiﬁcantly beneﬁt from
all data augmentation methods, in particular, from warping.
Note that warping applies small elastic deformation locally,
accounting for many realistic variations in the polyp shape.
Rotation and zoom also have a strong positive impact on
the polyp segmentation performance. It goes without saying
that such transformations are the least aggressive ones, since
they do not alter the polyp appearance. Shearing is most
likely the most aggressive transformation, since it changes
the polyp appearance and might, in some cases, result in
unrealistic deformations.
While for lumen it is diﬃcult to draw any strong
conclusions, it looks like zooming and warping slightly
deteriorate the performance, whereas shearing and rotation slightly improve it. As for specular highlights, all
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Table 2: FCN8 endoluminal scene semantic segmentation results for diﬀerent data augmentation techniques. The results are reported on
validation set.
Data augmentation
None
Zoom
Warp
Shear
Rotation
Combination

IoU background
88.93
89.89
90.00
89.60
90.52
92.62

IoU polyp
44.45
52.73
54.00
46.61
52.83
54.82

IoU lumen
54.02
51.15
49.69
54.27
56.39
55.08

IoU spec.
25.54
37.10
37.27
36.86
35.81
35.75

IoU mean
57.88
57.72
58.97
56.83
58.89
59.57

Acc mean
92.48
90.72
90.93
90.49
91.38
93.02

Table 3: FCN8 endoluminal scene semantic segmentation results for diﬀerent numbers of classes. The results are reported on validation set.
In all cases, we selected the model that provided best validation results (with or without class balancing).
Number of classes
4
3
2

IoU background
92.07
92.19
96.63

IoU polyp
39.37
50.70
56.07

IoU lumen
59.55
56.48
—

IoU spec.
40.52
—
—

IoU mean
57.88
66.46
76.35

Acc mean
92.48
92.82
96.77

Table 4: Results on the test set: FCN8 with respect to previously published methods.
Data augmentation
FCN8 performance
4 classes
None
3 classes
None
2 classes
None
4 classes
Combination
State-of-the-art methods
[12, 13, 15]
—

IoU background

IoU polyp

IoU lumen

IoU spec.

IoU mean

Acc mean

86.36
84.66
94.62
88.81

38.51
47.55
50.85
51.60

43.97
36.93
—
41.21

32.98
—
—
38.87

50.46
56.38
72.74
55.13

87.40
86.08
94.91
89.69

73.93

22.13

23.82

44.86

41.19

75.58

the data augmentation techniques that we tested signiﬁcantly boost the segmentation results. Finally, background
(mucosa) shows only slight improvement when incorporating data augmentations. This is not surprising; given
its predominance throughout the data, it could be even
considered background.
Overall, combining all the discussed data augmentation
techniques leads to better results in terms of mean IoU and
mean global accuracy. More precisely, we increase the mean
IoU by 4.51% and the global mean accuracy by 1.52%.
4.1.2. Inﬂuence of the Number of Classes. Table 3 presents
endoluminal scene semantic segmentation results for diﬀerent
numbers of classes. As shown in the table, using more underrepresented classes such as lumen or specular highlights makes
the optimization problem more diﬃcult. As expected and contrary to handcrafted segmentation methods, when considering
polyp segmentation, deep learning-based approaches do
not suﬀer from specular highlights, showing the robustness
of the learnt features towards saturation zones in colonoscopy images.
Best results for polyp segmentation are obtained in the
2-class scenario (polyp versus background). However, segmenting lumen is a relevant clinical problem as mentioned

in Section 1. Results achieved in the 3-class scenario are
very encouraging, with a IoU higher than 50% for both
polyp and lumen classes.
4.1.3. Comparison to State-of-the-Art. Finally, we evaluate the
FCN model on the test set. We compare our results to the
combination of previously published handcrafted methods:
map-based method (1) for polyp segmentation and [12] a
watershed-based method (2) for lumen segmentation and
[15] (3) for specular highlights segmentation.
The segmentation results on the test set are reported in
Table 4 and show a clear improvement of FCN8 over previously published methods. The following improvements can
be observed when comparing previously published methods
to the 4-class FCN8 model trained with data augmentation:
15% in IoU for background (mucosa), 29% in IoU for polyps,
18% in IoU for lumen, 14% in mean IoU, and 14% in mean
accuracy. FCN8 is still outperformed by traditional methods
when it comes to specular highlight class. However, it is
important to note that specular highlight class is used by
handcrafted methods to reduce false-positive ratio of polyp
detection, and from our analysis, it looks like the FCN model
is able to segment well polyps even when ignoring this class.
For example, the best mean IoU of 72.74% and mean
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3: Examples of predictions for 4-class FCN8 model. Each subﬁgure represents a single frame, a ground truth annotation, and a
prediction image. We use the following color-coding in the annotations: red for background (mucosa), blue for lumen, yellow for polyp,
and green for specularity. (a), (b), (c), (d) show correct polyp segmentation, whereas (e), (d) show incorrect polyp segmentation.

accuracy of 94.91% are obtained by the 2-class model without
additional data augmentation.
Figure 3 shows qualitative results of the 4-class FCN8
model trained with data augmentation. From left to right,

each row shows a colonoscopy frame, followed by the corresponding ground truth annotation and FCN8 prediction.
Rows 1 to 4 show correct segmentation masks, with very
clean polyp segmentation. Rows 5 and 6 show failure modes
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Figure 4: Localization rate of polyps as a function of IoU. The x-axis represents the degree of overlap between ground truth and model
prediction. The y-axis represents the percentage of correctly localized polyps. Diﬀerent color plots represent diﬀerent models: FCN8 with
4 classes, FCN8 with 3 classes, and FCN8 with 2 classes and previously published method [13] (referred to as state-of-the-art in the plot).

Table 5: Summary of processing times achieved by the diﬀerent
methods studied in the paper. FCN results are the same for all
four classes considered as segmentation of the four classes is done
at the same time∗ .
Method

Polyp

Lumen

∗

∗

FCN
88 ms
88 ms
State-of-the-art 10000 ms 8000 ms

Specular
highlights
88 ms∗
5000 ms

Background
88 ms∗
23000 ms

of the model, where polyps have been missed or undersegmented. In row 5, the small polyp is missed by our segmentation method while, in row 6, the polyp is undersegmented.
All cases exhibit decent lumen segmentation and good
background (mucosa) segmentation.
4.2. Polyp Localization. Endoluminal scene segmentation can
be seen as a proxy to proper polyp detection in a colonoscopy
video. In order to understand how well suited FCNs are to
localize polyps, we perform a last experiment. In this experiment, we compute the polyp localization rate as a function of
IoU between the model prediction and the ground truth. We
can compute this IoU per frame, since our dataset contains a
maximum of one polyp per image. This analysis describes the
ability of a given method to cope with polyp appearance
variability and stability on polyp localization.
The localization results are presented in Figure 4 and
show a signiﬁcant improvement when comparing FCN8 variants to the previously published method [13]. For example,
when considering a correct polyp localization to have at least
50% IoU, we observe an increase of 40% in the polyp

localization rate. As a general trend, we observe that architectures trained using a fewer number of classes achieve a higher
IoU, though the polyp localization diﬀerence starts to be
more visible when really high overlapping degrees are
imposed. Finally, as one would expect, we observe that the
architectures that show better results in polyp segmentation
are the ones that show better results in polyp localization.
4.3. Towards Clinical Applicability. Sections 4.1.3 and 4.2
presented results of a comparative study between FCNs and
previous state-of-the-art of endoluminal scene object segmentation in colonoscopy images. As mentioned in Section
1, we foresee several clinical applications, which can be built
from the results of endoluminal scene segmentation. However, in order to be deployed in the exploration room, they
must comply with real-time constraints apart from oﬀering
a good segmentation performance. In this case and considering videos recorded at 25 frames per second, a DSS should
not take more than 40 ms to process an image in order not
to delay the procedure.
Considering this, we have computed processing times for
each of the approaches studied in this paper. Results are
presented in Table 5.
As shown in the table, none of the presented approaches
currently meet real-time constraints. Running the FCN8
inference on an NVIDIA Titan X GPU takes 88 ms per frame.
Note that this could easily be addressed by taking advantage
of recent research on model compression [35] by applying
fancier FCN architectures that encourage feature reuse [36].
Alternatively, we could exploit the temporal component
and build more sophisticated architectures that would take
advantage of the similarities among consecutive frames.
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Clearly, handcrafted methods take much longer to
process one image. Moreover, they need to apply diﬀerent
methods to segment each class of interest, making them
less clinically useful. Note that this is not the case for
FCN-like architectures.
Despite computational constraints, FCNs’ superior performance could lead to more reliable and impactful
computer-assisted clinical applications, since they oﬀer both
a better performance and computational eﬃciency.

5. Conclusions
In this paper, we have introduced an extended benchmark
for endoluminal scene semantic segmentation. The benchmark includes extended annotations of polyps, background
(mucosa), lumen, and specular highlights. The dataset
provides the standard training, validation, and test splits
for machine learning practitioners and will be publicly
available upon paper acceptance. Moreover, standard
metrics for the comparison have been deﬁned, with the
hope to speed up the research in the endoluminal scene
segmentation area.
Together with the dataset, we provided new baselines
based on fully convolutional networks, which outperformed
by a large margin previously published results, without any
further postprocessing. We extended the proposed pipeline
and used it as proxy to perform polyp detection. Due to the
lack of nonpolyp frames in the dataset, we reformulated the
task as polyp localization. Once again, we highlighted the
superiority of deep learning-based models over traditional
handcrafted approaches. As expected and contrary to handcrafted segmentation methods, when considering polyp
segmentation, deep learning-based approaches do not
suﬀer from specular highlights, showing the robustness of
the learnt features towards saturation zones in colonoscopy
images. Moreover, given that FCN not only excels in terms
of performance but also allows for nearly real-time
processing, it has a great potential to be included in future
DSS for colonoscopy.
Knowing the potential of deep learning techniques,
eﬀorts in the medical imaging community should be devoted
to gather larger labeled datasets as well as designing deep
learning architectures that would be better suited to deal with
colonoscopy data. This paper pretends to make a ﬁrst
step towards novel and more accurate DSS by making
all code and data publicly available, paving the road for
more researchers to contribute to the endoluminal scene
segmentation domain.
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Human activity recognition (HAR) aims to recognize activities from a series of observations on the actions of subjects and the
environmental conditions. The vision-based HAR research is the basis of many applications including video surveillance, health
care, and human-computer interaction (HCI). This review highlights the advances of state-of-the-art activity recognition
approaches, especially for the activity representation and classiﬁcation methods. For the representation methods, we sort out a
chronological research trajectory from global representations to local representations, and recent depth-based representations.
For the classiﬁcation methods, we conform to the categorization of template-based methods, discriminative models, and
generative models and review several prevalent methods. Next, representative and available datasets are introduced. Aiming to
provide an overview of those methods and a convenient way of comparing them, we classify existing literatures with a detailed
taxonomy including representation and classiﬁcation methods, as well as the datasets they used. Finally, we investigate the
directions for future research.

1. Introduction
Human activity recognition (HAR) is a widely studied computer vision problem. Applications of HAR include video
surveillance, health care, and human-computer interaction.
As the imaging technique advances and the camera device
upgrades, novel approaches for HAR constantly emerge. This
review aims to provide a comprehensive introduction to the
video-based human activity recognition, giving an overview
of various approaches as well as their evolutions by covering
both the representative classical literatures and the state-ofthe-art approaches.
Human activities have an inherent hierarchical structure
that indicates the diﬀerent levels of it, which can be considered as a three-level categorization. First, for the bottom level,
there is an atomic element and these action primitives constitute more complex human activities. After the action primitive level, the action/activity comes as the second level.
Finally, the complex interactions form the top level, which
refers to the human activities that involve more than two

persons and objects. In this paper, we follow this three-level
categorization namely action primitives, actions/activities,
and interactions. This three-level categorization varies a little
from previous surveys [1–4] and maintains a consistent
theme. Action primitives are those atomic actions at the limb
level, such as “stretching the left arm,” and “raising the right
leg.” Atomic actions are performed by a speciﬁc part of the
human body, such as the hands, arms, or upper body part
[4]. Actions and activities are used interchangeably in this
review, referring to the whole-body movements composed
of several action primitives in temporal sequential order
and performed by a single person with no more person or
additional objects. Speciﬁcally, we refer the terminology
human activities as all movements of the three layers and
the activities/actions as the middle level of human activities.
Human activities like walking, running, and waving hands
are categorized in the actions/activities level. Finally, similar
to Aggarwal et al.’s review [2], interactions are human activities that involve two or more persons and objects. The
additional person or object is an important characteristic of
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Figure 1: Research trajectory of activity representation approaches.

interaction. Typical examples of interactions are cooking
which involves one person and various pots and pans and
kissing that is performed by two persons.
This review highlights the advances of image representation approaches and classiﬁcation methods in vision-based
activity recognition. Generally, for representation approaches,
related literatures follow a research trajectory of global representations, local representations, and recent depth-based
representations (Figure 1). Earlier studies attempted to model
the whole images or silhouettes and represent human activities
in a global manner. The approach in [5] is an example of global
representation in which space-time shapes are generated as the
image descriptors. Then, the emergency of space-time interest
points (STIPs) proposed in [6] triggered signiﬁcant attention
to a new local representation view that focuses on the informative interest points. Meanwhile, local descriptors such as
histogram of oriented gradients (HOG) and histogram of
optical ﬂow (HOF) oriented from object recognition are
widely used or extended to 3D in HAR area. With the
upgrades of camera devices, especially the launch of RGBD
cameras in the year 2010, depth image-based representations
have been a new research topic and have drawn growing
concern in recent years.
On the other hand, classiﬁcation techniques keep developing in step with machine learning methods. In fact, lots
of classiﬁcation methods were not originally designed for
HAR. For instance, dynamic time warping (DTW) and
hidden Markov model (HMM) were ﬁrst used in speech
recognition [7, 8], while the recent deep learning method is
ﬁrst developed for large amount image classiﬁcation [9]. To
measure these approaches with same criterion, lots of activity
datasets are collected, forming public and transparent benchmarks for comparing diﬀerent approaches.
In addition to the activity classiﬁcation approaches,
another critical research area within the HAR scope, the
human tracking approach, is also reviewed brieﬂy in a
separate section. It is widely concerned especially in video
surveillance systems for suspicious behavior detection.
The writing of rest parts conforms to general HAR
process ﬂow. First, research emphases and challenges of this
domain are brieﬂy illustrated in Section 2. Then, eﬀective
features need to be designed for the representation of activity
images or videos. Thus, Sections 3 and 4, respectively, review
the global and local representations in conventional RGB
videos. Depth image-based representations are discussed as
a separate part in Section 5. Next, Section 6 describes
the classiﬁcation approaches. To measure and compare
diﬀerent approaches, benchmark datasets act an important
role on which various approaches are evaluated. Section 7
collects recent human tracking methods of two dominant
categories. In Section 8 we present representative datasets

in diﬀerent levels. Before we conclude this review and
the future of HAR in Section 8, we classify existing
literatures with a detailed taxonomy (Table 1) including
representation and classiﬁcation methods, as well as the
used datasets aiming at a comprehensive and convenient
overview for HAR researchers.

2. Challenges of the Domain
2.1. Intraclass Variation and Interclass Similarity. Diﬀerent
from speech recognition, there is no grammar and strict definition for human activities. This causes twofold confusions.
On one hand, the same activity may vary from subject to
subject, which leads to the intraclass variations. The performing speed and strength also increase the interclass gaps. On
the other hand, diﬀerent activities may express similar shapes
(e.g., using a laptop and reading). This is termed as interclass
similarity which is a common phenomenon in HAR.
Accurate and distinctive features need to be designed and
extracted from activity videos to deal with these problems.
2.2. Recognition under Real-World Settings
2.2.1. Complex and Various Backgrounds. While applications
like video surveillance and fall detection system use static
cameras, more scenarios adopt dynamic recording devices.
Sports event broadcast is a typical case of dynamic recording.
In fact, with the popularity of smart devices such as smart
glasses and smartphones, people tend to record videos with
embedded cameras from wearable devices anytime. Most of
these real-world videos have complex dynamic backgrounds.
First, those videos, as well as the broadcasts, are recorded in
various and changing backgrounds. Second, realistic videos
abound with occlusions, illumination variance, and viewpoint changes, which make it harder to recognize activities
in such complex and various conditions.
2.2.2. Multisubject Interactions and Group Activities. Earlier
research concentrated on low-level human activities such as
jumping, running, and waving hands. One typical characteristic of these activities is having a single subject without any
human-human or human-object interactions. However, in
the real world, people tend to perform interactive activities
with one or more persons and objects. An American football
game is a good example of interaction and group activity
where multiple players (i.e., human-human interaction) in
a team protect the football (i.e., human-object interaction)
jointly and compete with players in the other team. It is a
challenging task to locate and track multiple subjects synchronously or recognize the whole human group activities
as “playing football” instead of “running.”
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vector quantization (G)

Darrell and
Pentland [92]

Yamato et al. [94]

References

RGB

Template matching by
measuring Mahalanobis
distance

(i) 1-nearest neighbor
(1NN);
(ii) SVM;
Adaboost

RVM

RGB

SVM
Spectral clustering
algorithm

RGB

RGB

RGB

RGB

RGB

Dynamic Bayesian network

RGB

RGB

(i) CHMM;
(ii) HMM;

K-nearest neighbor

RGB

RGB

RGB

Modality

Coupled HMM (CHMM)

Dynamic time warping

HMM

Classiﬁcation

Action/activity

Action/activity

Action/activity

Action/activity

KTH dataset

62.97% accuracy

(i) 78.5% accuracy (1NN);
(ii) 81.17% accuracy (SVM)

77.63% recall

Collected dataset: 152
instances.
19 activities × 4
subjects × 2 times.
KTH dataset

99.63% accuracy

71.7% accuracy

78% accuracy

(a) 87.4% accuracy;
(b) 64.3% accuracy;
(c) 65.4% accuracy

(a) 12/18 (single view);
(b) 15/18 (multiple views)

(i) 84.68 accuracy
(average);
(ii) 98.43 accuracy (average)

94.2% accuracy

96% accuracy (“Hello”
gesture)

96% accuracy

Performance result

Weizmann dataset

Dataset
Collected dataset:
Action/activity 3 subjects × 300
combinations
Collected instances of 4
Action primitive
gestures.
Collected dataset: 52
Action primitive instances.
3 gestures × 17 times.
Collected dataset: 11–75
training sequences +20
testing sequences.
Interaction
Organized as 5-level
hierarchical interactions.
Collected dataset:
Action/activity 18 aerobic exercises × 7
views.
(a) Ballet dataset;
Action/activity (b) tennis dataset;
(c) football dataset
Collected dataset: 56
instances.
Interaction
9 interactions × 6 pairs
of people.
Action/activity KTH dataset

Level

Table 1: Taxonomy of activity recognition literatures.
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RGB

Principal component
analysis (PCA) +
Mahalanobis distance

2006 Motion history volumes (G)

2006 PCA-HOG (L)

Histogram of oriented
2007 rectangles and encoded
with BoVW (G)

Duong et al. [98]

Weinland et al.
[20]

Lu et al. [49]

Ikizler and
Duygulu
[18]

RGB

—

SVM
(i) HMM
(ii) conditional random
ﬁeld

2007 3D SIFT (L)

2007 —

Vail et al. [106]

RGB

Scovanner et al.
[46]

HMM

RGB

(i) Frame by frame voting;
(ii) global histogramming;
(iii) SVM classiﬁcation;
(iv) dynamic time warping;

2007

RGB

HMM

Huang and Xu
[19]

Envelop shape acquired from
silhouettes (G)

RGB

Switching hidden
semi-Markov model
(S-HSMM)

High level activities are
represented as sequences
of atomic activities; atomic
2005
activities are only
represented using
durations (−).

RGB

Nonparametric methods
by extending DTW

2005 Space-time shape (G)

Modality

Veeraraghavan
et al. [93]

Classiﬁcation

Year Representation (global/local/depth)

References

Table 1: Continued.

Interaction

Action/activity

82.6% accuracy
98.1% accuracy (CRF,
hourglass);
98.5% accuracy (CRF,
unconstrained tag domains)

Weizmann dataset
Data from the
hourglass and the
unconstrained tag
domains generated by
robot simulator.

Subject dependent + view
independent: 97.3%
accuracy;
subject independent
+ view independent: 95.0%
accuracy;
subject independent + view
dependent: 94.4%
accuracy

100% accuracy (DTW)

The implemented system can
track subjects in
videos and recognize their
activities robustly. No
accuracy data presented.

(a) Soccer sequences
dataset [10];
(b) Hockey sequences
dataset [156]

Weizmann dataset

93.33% accuracy

97.5 accuracy (average
accuracy; Coxian model)

No accuracy data presented.

Performance result

IXMAS dataset [20]

Collected dataset: 80
video sequences.
6 high level activities.

Dataset
(a) USF dataset [154];
(b) CMU dataset [155];
(c) MOCAP dataset

Collected dataset:
Action/activity; 9 activities × 7
action primitive subjects × 3 times × 3
views.

Action/activity

Action/activity

Action/activity

Interaction

Action/activity

Level
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RGB

RGB

SVM
SVM
Hierarchical variable
transition HMM
(HVT-HMM)
Shape, ﬂow,
duration-conditional
random ﬁeld (SFD-CRF)

Hessian-based STIP detector
& SURF3D (L)

STIP with HOG, HOF are
encoded with BoVW (L)

Willems et al. [39] 2008

2008

2008 23 degrees body model (G)

2-layer graphical model: top layer
corresponds to actions in particular
2008
viewpoint; lower layer corresponds
to individual poses (G)

Laptev et al. [50]

Natarajan and
Nevatia [95]

Natarajan and
Nevatia [107]

RGB

RGB

RGB

SVM

Histograms of oriented 3D
spatiotemporal gradients (L)

2008

Kiaser et al. [30]

RGB

Maximum average
correlation height ﬁlter

Action MACH-maximum
average correlation height (G)

2008

Achard et al. [26]

Rodriguez et al.
[91]

HMM

Semi-global features extracted
2008 from space-time micro
volumes (L)
RGB

RGB

2008 Silhouette and optical ﬂow (G)

Tran and Sorokin
[25]

Modality

(i) Naïve Bayes (NB);
(ii) 1-nearest neighbor
(1NN);
(iii) 1-nearest neighbor
with rejection (1NN-R);
(iv) 1-nearest neighbor
with metric learning
(1NN-M)

Classiﬁcation
RGB

Year Representation (global/local/depth)
Width feature of normalized
2008
silhouette box (G)
Dynamic time warping

Cherla et al. [21]

References

Table 1: Continued.

(a) KTH dataset;
(b) Hollywood dataset

KTH dataset

(a) KTH dataset;
(b) Weizmann dataset;
(c) Hollywood dataset

78.9% accuracy

(a) 100% accuracy;
(b) 90.6% accuracy

(a) 91.8% accuracy;
(b) 38.39% accuracy
(average)

84.26% accuracy

(a) 80.9% accuracy;
(b) 66.4% for kissing & 67.2%
for hitting/slapping;
(c) 69.2% accuracy;
(d) reported a signiﬁcant
increase in algorithm
eﬃciency, with no
overall accuracy data
presented
(a) 91.4% (±0.4) accuracy;
(b) 84.3% (±2.9) accuracy;
(c) 24.7% precision

87.39% accuracy (average)

Collected dataset: 1614
instances.
8 activities × 7 subjects
× 5 views.
(a) KTH dataset;
(b) collected feature
ﬁlms dataset:
92 kissing + 112
hitting/Slapping;
(c) UCF dataset;
(d) Weizmann dataset

(a) 100% accuracy;
(b) 100% accuracy;
(c) 81% accuracy;
(d) 99.06% accuracy
(1NN-M & L1SO)

Performance result
80.05% accuracy;
76.28% accuracy (cross view)

(a) Weizmann dataset;
(b) UMD dataset [15];
(c) IXMAS dataset [20];
(d) collected dataset:
532 instances.
10 activities × 8
subjects.

IXMAS dataset [20]

Dataset

(a) Weizmann dataset;
Action/activity;
(b) gesture dataset in
Action primitive
[157]
Collected dataset: 400
instances.
Action/activity 6 activities × 4
subjects × 16 views
(×6 backgrounds).

Interaction;
Action/activity

Action/activity

Interaction;
Action/activity

Interaction;
Action/activity

Action/activity

Interaction;
Action/activity

Action/activity

Level
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YIQ color model for skin pixels;
histogram-based color model
2010
for face region; optical ﬂow for
tracking of hand motion (L)

SIFT descriptor encoded by
BoVW (L)

Suk et al. [101]

Baccouche et al.
[124]

SVM

SVM

SVM

STIP with HOG, HOF are
2012 encoded with various encoding
methods (L)

Combined representations:
(a) RGB: HOG & HOF upon
space-time interest points (L)
2012
(b) depth: local depth pattern at
each interest point (D)

Wang et al. [51]

Wang et al. [56]

Zhao et al. [77]

RGB-D

RGB

RGB

RGB

RGB

Recurrent neural networks
(RNN) with long short-term
memory (LSTM)
K-nearest neighbor

RGB

Depth

Non-Euclidean relational
fuzzy (NERF) C-means
& Hausdorf distance-based
dissimilarity
measure

Dynamic Bayesian network

RGB

RGB

Modality

SVM

Latent pose conditional
random ﬁelds (LPCRF)

Classiﬁcation

Dense trajectory with HOG,
2011
HOF, MBH (L)

Kumari and Mitra
Discrete Fourier transform on
2011
[29]
silhouettes (G)

2010

2010

Action graph of salient
postures (D)

Year Representation (global/local/depth)
Appearance and position
2008 context (APC) descriptor
encoded by BoVW (L)
SIFT, HOG, HOF encoded by
2009
BoVW (L)

Li et al. [76]

Marszalek et al.
[158]

Ning et al. [108]

References

Table 1: Continued.
Dataset

MSR Action3D dataset

Hollywood2 dataset

Interaction

Interaction;
Action/activity

Interaction;
Action/activity

Action/activity

Interaction

(a) 92.13% accuracy
(Fisher vector);
(b) 29.22% accuracy
(Fisher vector)

(a) 94.2% accuracy;
(b) 84.2% accuracy;
(c) 58.3% accuracy;
(d) 88.2% accuracy

(a) 96% accuracy;
(b) 82.6667% accuracy;

92% accuracy

(a) 99.59% accuracy;
(b) 84% recall & 80.77%
precision

91.6% accuracy (train/
test = 1/2);
94.2% accuracy (train/
test = 2/1);
74.7% accuracy (train/
test = 1/1 & cross subject)

35.5% accuracy

95.0% accuracy (LPCRFinit)

Performance result

RGBD-HuDaAct dataset 89.1% accuracy

(a) KTH dataset;
(b) HMDB51 dataset

(a) MuHaVi dataset;
(b) DA-IICT dataset;
(a) KTH dataset;
(b) YouTube dataset;
(c) Hollywood2
dataset;
(d) UCF Sport dataset

MICC-Soccer-Actions4 dataset [159]

Collected dataset: 498
instances.
(a) 10 gestures × 7
subjects × 7 times
(isolated gesture);
Action primitive
(b) 8 longer videos
contain 50 gestures
(continuous
gestures)

Action/activity

Interaction

Action/activity;
HumanEva dataset
Action primitive

Level
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2012 DMM-HOG (D)

Yang et al. [78]

RGB-D

RGB

SVM

Dynamic time warping
Dissimilarity measure
based on Finger-Earth
Mover’s Distance
(FEMD)

Improved dense trajectory with
2013
HOG, HOF, MBH (L)

Histogram of oriented 4D
surface normals (D)

2013

Combined representations:
2013 (a) RGB: silhouette (G)
(b) depth: skeleton joints (D)

Time-series curve of hand
2013
shape (G)

Wang et al. [160]

Wang et al. [53]

Oreifej and Liu
[74]

Chaaraoui [88]

Ren et al. [152]

SVM

SVM

Local occupancy pattern for
depth maps & Fourier
temporal pyramid for temporal
2012
representation & actionlet
ensemble model for
characterizing activities (D)

Depth

RGB

Depth

Depth

Naïve-Bayes-NearestNeighbor (NBNN)

2012 EigenJoints (D)

Yang and Tian
[85]

Depth

Depth

Modality

2012

HMM

SVM

Classiﬁcation

Xia et al. [84]

Histograms of 3D joint
locations (D)

Year Representation (global/local/depth)

References

Table 1: Continued.

MSR Action3D dataset

(a) collected dataset:
6220 frames, 200
samples.
10 activities × 10
subjects × 2 times.
(b) MSR Action3D
dataset

MSR Action3D dataset

Dataset

MSR Action3D dataset
Collected dataset: 1000
instances.
Action primitive
10 gestures × 10
subjects × 10 times.

Action/activity

(a) MSR Action3D
dataset;
(b) MSR Action3DExt
Interaction;
dataset;
Action/activity
(c) CMU MOCAP
dataset
(a) Hollywood2 dataset;
(b) HMDB51 dataset;
(c) Olympic Sports
Interaction
dataset [161];
(d) UCF50 dataset [162]
(a) MSR Action3D
dataset;
Action/activity; (b) MSR Gesture3D
dataset;
Action primitive
(c) Collected 3D Action
Pairs dataset

Action/activity

Action/activity

Action/activity

Level

93.9% accuracy

91.80% accuracy

(a) 88.89% accuracy;
(b) 92.45% accuracy;
(c) 96.67% accuracy

(a) 64.3% accuracy;
(b) 57.2% accuracy;
(c) 91.1% accuracy;
(d) 91.2% accuracy

(a) 88.2% accuracy;
(b) 85.75% accuracy;
(c) 98.13% accuracy

96.8% accuracy;
81.4% accuracy (cross
subject)

(a) 90.92% accuracy;
(b) 97.15% accuracy
(highest);
78.97% accuracy
(cross subject)

Performance result
95.83% accuracy
(train/test = 1/2);
97.37% accuracy
(train/test = 2/1);
91.63% accuracy (train/
test = 1/1 & cross subject)
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Recurrent neural networks
(RNN) with long shortterm memory (LSTM)

SVM

SVM

SVM

SVM

SVM

SVM

(i) STIP with HOG, HOF and
encoded by various encoding
methods; (L)
2014
(ii) iDT with HOG, HOF, MBHx,
MBHy and encoded by various
encoding methods (L)

Improved dense trajectory encoded
with stacked Fisher kernal (L)

2014

Local occupancy pattern for depth
maps & Fourier temporal pyramid
2014 for temporal representation &
actionlet ensemble model for
characterizing activities (D)

Spatial stream ConvNets &
2014 optical ﬂow based temporal
stream ConvNets (L)

Improved dense trajectory with
HOG, HOF, MBHx, MBHy
2015
enhanced with multiskip feature
tracking (L)

Combined representations:
(a) RGB: dense trajectories with
2015
HOG, HOF, MBH (L)
(b) Depth: skeleton joints (D)

Peng et al. [31]

Peng et al. [32]

Wang et al. [82]

Simonyan and
Zisserman [115]

Lan et al. [33]

Shahroudy et al.
[83]

SVM

Classiﬁcation

2013 STIP with HOF (L)

Year Representation (global/local/depth)
Depth-Layered Multi-Channel
2013
STIPs (L)

Grushin et al.
[123]

Ni et al. [163]

References

RGB-D

RGB

RGB

Depth

RGB

RGB

RGB

RGB-D

Modality

Table 1: Continued.

Interaction

Interaction

Interaction

Interaction;
Action/activity

Interaction;
Action/activity

Interaction

Action/activity

Interaction

Level

81.9% accuracy

(a) 65.1% accuracy (L = 3);
(b) 68.0% accuracy (L = 3);
(c) 89.1% accuracy (L = 3);
(d) 94.4% accuracy (L = 3);
(e) 91.4% accuracy (L = 3)

(a) HMDB51 dataset;
(b) Hollywood2
dataset;
(c) UCF101 dataset;
(d) UCF50 dataset;
(e) Olympic Sports
dataset
MSR DailyActivity3D

(a) 59.4% accuracy;
(b) 88.0% accuracy

(a) 93.38% accuracy;
(b) 66.79% accuracy;
(c) 67.77% accuracy
(a) 88.2% accuracy;
(b) 85.75% accuracy;
(c) 88.34% accuracy
(cross subject);
86.76% accuracy
(cross view);
(d) 97.06% (same person)
74.70% accuracy
(cross person)

Hybrid representation:
(a) 61.1% accuracy;
(b) 92.3% accuracy;
(c) 87.9% accuracy

90.7% accuracy

Performance result
81.48% accuracy (codebook
size = 512 & SPM kernel)

(a) HMDB51 dataset;
(b) UCF101 dataset

(a) MSR Action3D
dataset;
(b) MSR DailyActivity3D dataset;
(c) Multiview 3D event
dataset;
(d) Cornell Activity
Dataset [164]

(a) YouTube dataset;
(b) HMDB51 dataset;
(c) J-HMDB dataset

(a) HMDB51 dataset;
(b) UCF50 dataset;
(c) UCF101 dataset

KTH dataset

Dataset
RGBD-HuDaAct
database

8
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2015

Wang et al. [165]

Depth

Depth

Three-channel deep
convolutional neural
networks (3ConvNets)

Pseudo-color images
converted from DMMs (D)

2015

2016

Du et al. [126]

Zhen et al. [58]

Wang et al. [117]

Modality

Weighted hierarchical depth
motion maps (D)

RGBD

RGBD

Diﬀerential recurrent
neural network (dRNN)

Hierarchical bidirectional
recurrent neural network
(HBRNN)

SVM

Representations of skeleton data
extracted by subnets (D)

STIP with HOG3D and encoded
with various encoding methods (L)

RGB

RGB

SVM

Trajectory-pooled deep2015 convolutional descriptor and
encoded by Fisher kernal (L)
(i) HOG3D in KTH 2D action
dataset; (L)
(ii) skeleton-based features
including skeleton positions,
Veeriah et al. [125] 2015
normalized pair-wise angels,
oﬀset of joint positions,
histogram of the velocity, and pairwise joint distances (D)

2015

Classiﬁcation

Three-channel deep
convolutional neural
networks (3ConvNets)

Year Representation (global/local/depth)

Wang et al. [114]

References

Table 1: Continued.

Interaction;
Action/activity

Action/activity

Action/activity

Interaction

Interaction;
Action/activity

Interaction;
Action/activity

Level

(a) 65.9% accuracy;
(b) 91.5% accuracy

(a) 93.96% accuracy (KTH1);
92.12% accuracy (KTH2);
(b) 92.03% accuracy

(a) 94.49% accuracy;
(b) 100% accuracy;
(c) 96.92% (±0.50) accuracy

(a) 94.1% (Local NBNN);
(b) 63.0% (improved Fisher
kernal);
(c) 30.5% (improved Fisher
kernal)

(a) KTH dataset;
(b) MSR Action3D
dataset

(a) MSR Action3D
dataset;
(b) Berkeley MHAD
Action dataset
[166];
(c) HDM05 dataset
[167]
(a) KTH dataset;
(b) UCF YouTube
dataset;
(c) HMDB51 dataset

(a) 100% accuracy;
(b) 100% accuracy;
(c) 90.91% accuracy

(a) 100% accuracy;
(b) 100% accuracy;
(c) 90.91% accuracy;
(d) 85% accuracy;
(e) 91.56% accuracy

Performance result

(a) HMDB51 dataset;
(b) UCF101 dataset

Dataset
(a) MSR Action3D
dataset;
(b) MSR Action3DExt
dataset;
(c) UTKinect Action
dataset [84];
(d) MSR DailyActivity
3D dataset;
(e) Combined dataset
of above
(a) MSR Action3D
dataset;
(b) MSR Action3DExt
dataset;
(c) UTKinect Action
dataset [84]
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RGB

Depth

Deep neural networks
(DNNs)

Lie Group Network
(LieNet)

Harris corner-based
2016 interest points and
histogram-based features (L)

Li et al. [116]

Berlin & John
[119]

Three stream sequential
2016
deep trajectory descriptor (L)

Low-level polynormal
assembled from local
neighboring hypersurface
2017
normals and are then
aggregated by Super
Normal Vector (D)

Shi et al. [55]

Yang et al. [79]

Automatically extracted features
from skeletons data (D)

2016

Mo et al. [113]

Linear classiﬁer

Depth

RGB

Depth

RGB

Deep convolutional neural
networks (ConvNets)

2016 VLAD for deep dynamics (G)

Zhu et al. [87]

Convolutional neural
networks (ConvNets) +
multilayer perceptron
Recurrent neural networks
(RNN) and deep
convolutional neural
networks (ConvNets)

Depth

Recurrent neural networks
(RNN) with long shortterm memory (LSTM)

Co-occurrence features
2016
of skeleton joints (D)

Chen et al. [81]

Huang et al. [120] 2016 Lie group features (L)

Depth

Maximum likelihood
estimation

Action graph of skeleton-based
2016
features (D)

Modality

Classiﬁcation

Year Representation (global/local/depth)

References

Table 1: Continued.

UT Interaction
dataset [169]

(a) SBU Kinect
interaction dataset
[168];
(b) HDM05 dataset;
(c) CMU dataset;
(d) Berkeley MHAD
Action dataset
(a) UCF101 dataset;
(b) Olympic Sports
dataset;
(c) THUMOS15 dataset
[116]

(a) MSR Action3D
dataset;
(b) UTKinect Action
dataset

Dataset

CAD-60 dataset

Interaction;
Action/activity

(a) KTH dataset;
(b) HMDB51 dataset;
(c) UCF 101 dataset
[172]
(a) MSR Action3D dataset;
(b) MSR Gesture3D
dataset;
Interaction;
Action/activity; (c) MSR Action
Pairs3D dataset
Action primitive
[173];
(d) MSR Daily
Activity3D dataset

Interaction

(a) G3D-Gaming
dataset [170];
Interaction;
(b) HDM05 dataset;
Action/activity
(c) NTU RGBD
dataset [171]

Interaction

Interaction;
Action/activity

Interaction;
Action/activity

Action/activity

Level

(a) 93.45% accuracy;
(b) 94.74% accuracy;
(c) 100% accuracy;
(d) 86.25% accuracy

(a) 96.8% accuracy;
(b) 65.2% accuracy;
(c) 92.2% accuracy

81.8% accuracy

(a) 89.10% accuracy;
(b) 75.78% ± 2.26 accuracy;
(c) 66.95% accuracy

95% accuracy on set1;
88% accuracy on set2

(a) 84.65% accuracy;
(b) 90.81% accuracy;
(c) 78.15% accuracy

(a) 90.41% accuracy;
(b) 97.25% accuracy;
(c) 81.04% accuracy;
(d) 100% accuracy

Performance result
(a) 95.56% accuracy
(cross subject);
96.1% accuracy
(three subset evaluation);
(b) 95.96% accuracy
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Classiﬁcation

HMM

Year Representation (global/local/depth)

Multifeatures extracted from
2017 human body silhouettes and
joints information (D)

References

Jalal et al. [80]
Depth

Modality

Table 1: Continued.

Interaction;
Action/activity

Level

Dataset
(a) Online selfannotated dataset
[174];
(b) MSR Daily
Activity3D dataset;
(c) MSR Action3D
dataset

(a) 71.6% accuracy;
(a) 92.2% accuracy;
(a) 93.1% accuracy

Performance result
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(a)

(b)

Figure 2: Long-distance videos under real-world settings. (a) HAR in long-distance broadcasts. (b) Abnormal behaviors in surveillance.

2.2.3. Long-Distance and Low-Quality Videos. Long-distance
and low-quality videos with severe occlusions exist in many
scenarios of video surveillance. Large and crowded places like
the metro and passenger terminal of the airport are representative occasions where occlusions happen frequently. Besides,
surveillance cameras installed in high places cannot provide
high-quality videos like present datasets in which the target
person is clear and obvious. Though we do not expect to
track everyone in these cases, some abnormal or crimerelated behaviors should be recognized by the HAR system
(Figure 2(b)). Another typical long-distance case is the
football broadcast (Figure 2(a)). Due to the long distance
of cameras, the subject is rather small which makes it
diﬃcult to analyze activities of the torso [10], and the
relatively low quality of those long distance videos further
increases the diﬃculty.

3. Global Representations
Global representations extract global descriptors directly
from original videos or images and encode them as a whole
feature. In this representation, the human subject is localized
and isolated using background subtraction methods forming
the silhouettes or shapes (i.e., region of interest (ROI)). Some
global approaches encode ROI from which they derive corners, edges, or optical ﬂow as descriptors. Other silhouettebased global representation methods stack the silhouette
image along the time axis to form the 3D space-time volumes,
then the volumes are utilized for representation. Besides, discrete Fourier transform (DFT) takes advantage of frequency
domain information of ROI for recognition, also being a global
approach. Global representation approaches were mostly
proposed in earlier works and gradually outdated due to the
sensitiveness to noise, occlusions, and viewpoint changes.
3.1. 2D Silhouettes and Shapes. To recognize the human
activities in videos, an intuitive idea is to isolate the human
body from the background. This procedure is called background subtraction or foreground extraction. The extracted
foreground in the HAR is called silhouette, which is the
region of interest and represented as a whole object in the
global representation approach.
Calculating the background model is an important step
before extracting silhouettes. Wren et al. [11] ﬁrst proposed

to model the background scene with Gaussian distribution.
Koller et al. [12] pointed out that some foreground values
update unduly and thus they introduced the selective background update strategy. Stauﬀer and Grimson [13] proposed
to model the values of a particular background pixel as a
mixture of Gaussians to replace the strategy of using only
one Gaussian value in the previous approach. The Gaussian
mixture model (GMM) has been applied widely but the
introduction of expectation maximization (EM) algorithm
increases the computational cost. To reduce the cost, kmeans clustering algorithm is used to replace the EM
algorithm with an insigniﬁcant loss of accuracy. It is worth
mentioning that current RGBD cameras make it easy to
obtain the silhouette by using the depth data provided by
depth sensors.
Besides the silhouette representation, the 2D shape of the
silhouette can be used as a feature as well. Veeraraghavan
et al. [14] emphasized the eﬀectiveness of shape features. In
their experiments, shape and kinematics that are being
considered as two important cues in human motion were
evaluated. Tests on both the gait-based human identiﬁcation
and the activity recognition indicate that shape plays a more
important role. Veeraraghavan et al. then used this shape
representation in their following work [15].
Bobick and Davis [16, 17] stacked the silhouettes as two
components for recognizing activities, respectively, the
motion-energy image (MEI) and the motion-history image
(MHI), which are both 2D representations.
In [18], oriented rectangular patches are extracted over
the silhouettes. Spatial oriented histograms are then formed
to represent the distribution of these rectangular patches.
Those descriptors are ﬁnally used to recognize activities.
Extracting silhouettes from a single view is hard to satisfy
view invariant property. To alleviate the inﬂuence of viewpoint changes, multiple cameras can be used to extract
silhouettes in diﬀerent viewpoints. Xu and Huang [19]
proposed an “envelop shape” representation using two
orthogonally placed cameras, which is robust to view changes
of yaw rotation. Weinland et al. [20] made the same assumption that only the variations in viewpoints around the central
vertical axis of the human body need to be considered.
Motion history volumes (MHVs) were derived by stacking
4D silhouettes from four orthogonal cameras. In [21], a data
fusion method was proposed, calculating the minimum
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DTW score between the test template and the two orthogonal
view training templates.
3.2. Optical Flow. Optical ﬂow is an eﬀective way to extract
and describe silhouettes for a dynamic background. LucasKanade-Tomasi (LKT) feature tracker [22, 23] can be used
to obtain the optical ﬂow. Lu et al. [24] used a LKT feature
tracker approach to track joints in key frames and actual
frames. Each activity is represented as a posture sequence,
and each key posture is recorded in a key frame. Speciﬁc
posture in actual frames can be recognized by ﬁnding correspondence between the actual and key frame. The recognized
posture from the actual frame is compared to the key posture
frame by mapping body locations, and the matched posture
sequences are conﬁrmed as the activity.
For recognizing human activities at a distance (i.e., the
football broadcast video), Efros et al. [10] introduced a
descriptor based on computing the optical ﬂow to describe
the “small” football players in person-centered images.
Obviously, the background is dynamic due to the movement of players which makes it hard to model for background subtraction.
Tran and Sorokin [25] combined silhouettes and optical ﬂow features together. Normalized bounding box is
scaled to capture the region of the human body, and the
optical ﬂow measurements within the box are split into
horizontal and vertical channels, while the silhouette gives
the third channel. Subwindows are further divided to calculate histograms, and concatenating histograms of all 3
channels form the ﬁnal descriptor.
3.3. 3D Space-Time Volumes (STVs). An activity video can be
seen as a series of images that contain activity sequences.
Concatenating all frames along the time axis forms the 3D
space-time volume (STV) which has three dimensions
including two spatial dimensions X and Y and one temporal
dimension T. Representations based on STVs expect to capture the additional dynamic information which the spatial
representation methods cannot obtain due to the absence of
time dimension. Constructing STVs for diﬀerent activities is
a global representation method. However, the STV sometimes
combines with local features to build the ﬁnal feature sets.
Blank et al. [5] ﬁrst introduced the space-time shape to
represent human activities. Space-time shape is obtained by
only stacking the silhouette regions within images. However,
due to the nonrigidity of the constructed 3D space-time
shapes and inherent diﬀerence between space and time
dimensions, traditional 3D shape analysis cannot be applied
to the space-time activity shapes. Thus, the solution of the
Poisson equation is used to derive local space-time saliency
and orientation features.
Achard et al. [26] generated semiglobal features named
space-time micro volumes from image sequence to deal with
performances of diﬀerent temporal durations. Motivated by
seeking the common underlying induced motion ﬁelds of
sequences of the same behaviors, Shechtman et al. [27] proposed an approach to compare volumes according to their
patches. This method requires no prior modeling or learning
of activities, being able to handle the complex dynamic
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scenes and detect multiple activities that occur simultaneously within the camera view. Their method is partially
invariant to the changes in scale and orientation.
In [28], the input videos are segmented into space-time
volumes using mean shift clustering technique. These oversegmented regions, which are termed “super-voxels,” are
then matched using a proposed shape-matching technique,
which is compared to the traditional silhouette matching
methods. Unlike the previous silhouette-based approaches,
the proposed shape-based representation does not require
background subtraction nor explicit background models.
To avoid the shortages of the shape-matching methods that
are ignoring features inside the shape, Shechtman and Irani’s
ﬂow-based features [27] are further incorporated.
3.4. Discrete Fourier Transform (DFT). The DFT of image
frame is another global feature that contains the intensity
information of the foreground object (i.e., the region of the
subject’s body) provided that the foreground object intensity
is diﬀerent from the background. Kumari and Mitra [29]
took advantage of this hypothesis and proposed a DFTbased approach, obtaining information about the geometric
structure of the spatial domain foreground object. Normalized image frame is divided into small size blocks within
which the average of all the DFT values is calculated. Finally
the K-nearest neighbor (KNN) is applied to classify the DFT
features and generate the activity classiﬁcation result. The
extracted DFT feature is novel compared to the previous
work; however, its performance is restricted to simple backgrounds. The background in their test video datasets is
almost blank.

4. Local Representations
Instead of extracting the silhouette or STV and encoding
them as a whole, local representations process activity video
as a collection of local descriptors. They focus on speciﬁc
local patches which are determined by interest point detectors or densely sampling [30]. Most existing local features
are proved to be robust against noise and partial occlusions
comparing to global features. Local features are then normally combined with the bag-of-visual-words (BoVW)
model and yield the general pipeline of current state-of-theart local representation approaches [31]. Oriented from
bag-of-words (BoW), BoVW-based local representation
mainly contains four steps: feature extraction, codebook generation, feature encoding, and pooling and normalization.
We follow [32] and state a traditional BoVW pipeline here:
interest points and local patches are ﬁrst obtained by detectors or densely sampled. Then local features are extracted
from those interest points or patches. Next, a visual dictionary (i.e., codebook) is learned in training set by k-means
or Gaussian mixture model (GMM), the original highdimension descriptors are clustered, and the center of each
cluster is regarded as a visual codeword. After that, local features are encoded and pooled. Finally, the pooled vectors are
normalized as video representation. Among these steps, the
development of more elaborately designed low-level features
and more sophisticated encoding methods are the two chief
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reasons for the great achievements in this ﬁeld [32, 33], so in
this part, we review the feature extraction methods in Section
4.1 and Section 4.2, as well as the encoding methods in
Section 4.3.
4.1. Spatiotemporal Interest Point Detector. An intuitive
thought of local representation is to identify those interest
points that contain high information contents in images or
videos. Harris and Stephens [34] ﬁrst proposed eﬀective 2D
interest point detectors, the well-known Harris corner detector, which is extensively used in object detection. Then,
Laptev and Lindeberg [6] proposed the 3D space-time interest points (STIPs) by extending Harris detectors. Spatial
interest points in images are extended to spatiotemporal local
structures in videos where the image values have signiﬁcant
local variations in both space and time. The spatiotemporal
extents of the detected points are estimated by maximizing
a normalized spatiotemporal Laplacian operator over spatial
and temporal scales.
Saliency can also be used to detect interest points.
Saliency means that certain parts of an image are preattentively distinctive and are immediately perceivable [35]. The
spatiotemporal salient point can be regarded as an instance
of the spatiotemporal interest point since both of them are
informative and contain signiﬁcant variations. The 2D
salient point detection was ﬁrst proposed by Kadir and Brady
in [35]. Oikonomopoulos et al. [36] extended the 2D saliency
to 3D spatiotemporal salient points that are salient both in
space and time ﬁeld. The salient points are successfully used
as local features in their proposed activity classiﬁcation
scheme. Blank et al. [5] used the solution to Poisson equation
to extract local space-time saliency of moving parts in the
space-time shape. The detected salient points along with
the local orientation and aspect ratios of shapes are calculated
as local features.
Although these methods achieved remarkable results in
HAR, one common deﬁciency is the inadequate number of
stable interest points. In fact, the trade-oﬀ between the stability of those points and the number of points found is diﬃcult
to control. On one hand, the “right” and “discriminative”
(i.e., stable) interest points are rare and diﬃcult to be
identiﬁed. As stated in [37], the direct 3D counterparts
to commonly used 2D interest point detectors are inadequate, and true spatiotemporal corners are quite rare in
certain applications. On the other hand, false alarms occur
frequently due to various factors such as unintentional
appearance changes. Ke et al. [38] illustrated two instances
to point out that original detectors may fail in situations
where the motions contain no sharp extrema; however,
these detectors can be triggered falsely by the appearance
of shadows and highlights in video sequences.
Besides the inherent properties of sparse interest points,
many of the mentioned methods are ineﬃcient. Therefore,
these methods are restricted to the detection of a small number of points, or limited to low-resolution videos [39]. Here,
we introduce some works either eﬃciency-enhanced or
increasing number of stable interest points in response to
the mentioned deﬁciency.
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Dollar et al. [37] observed the rarity of the spatiotemporal
interest points and the consequent problems of it in the recognition scheme. To ﬁnd more 3D interest points in cuboids
of space and time for activity recognition, the response function calculated by the separable linear ﬁlters is applied. The
ﬁltering is applied separately on the spatial and temporal
dimensions, that is, 2D Gaussian smoothing kernel applied
in spatial dimensions, and 1D Gabor ﬁlters applied in temporal dimension. Number of interest points increases using
their detectors. Ke et al. [38] doubted the assumption that
one can reliably detect a suﬃcient number of stable interest
points in the video sequence. They extended the notion of
rectangle features [40] into spatiotemporal volumetric features and applied the proposed framework on the video’s
optical ﬂow. Their classiﬁer is not limited to the sparseness
nor aﬀected by the instability of detected points.
Aiming at detecting interest points in an eﬃcient way,
Willems et al. [39] presented a dense, scale-invariant yet eﬃcient spatiotemporal interest point detector with minimal
eﬀect on the computation time. First, point localization and
scale selection are combined in a direct way using the determinant of the 3D Hessian matrix, therefore removing the
time-consuming iterative scheme [41]. Further, building on
Ke et al.’s work [38], an implementation scheme using integral video is developed to compute scale-invariant spatiotemporal features eﬃciently. Using a completely diﬀerent idea,
Oshin et al. [42] proposed to learn a classiﬁer capable of
detecting interest points in a novel video, given examples of
the type of interest point that wish to get within a training
video. The spatiotemporal Fern classiﬁer (i.e., a seminaïve
Bayesian classiﬁer in [43]) is trained to recognize spatiotemporal interest points and thus achieves a high eﬃciency in
constant time regardless of original detector complexity.
4.2. Local Descriptors. Local descriptors are designed to
describe the patches that sampled either densely or at the
interest points [1]. Eﬀective descriptors are considered to be
discriminative for the target human activity events in videos
and robust to occlusion, rotation, and background noise.
Laptev [41] represented their 3D Harris corner by computing local, spatiotemporal N-jets as the descriptor. The
descriptor is scale-invariant since they estimate the spatiotemporal extents of detected events by maximizing a normalized spatiotemporal Laplacian operator over spatial and
temporal scales. Moreover, the proposed descriptors are
proved to be robust to occlusions and dynamic cluttered
backgrounds in the human motion analysis.
Similar to works of extending 2D interest point detector
into spatiotemporal domain, such as the Harris corner detector [34] and the extended spatiotemporal one [41], many
spatiotemporal descriptors were proposed by extending
mutual image descriptors as well. We brieﬂy review these
works including both the original spatial descriptors and
the spatiotemporal version of them.
Lowe proposed the scale-invariant feature transform
(SIFT) in 1999 [44] and further improved it in 2004 [45]. It
is widely used in local representation due to its scale and rotation invariance, as well as the robustness to aﬃne distortion,
changes in 3D viewpoint, addition of noise, and change in
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illumination. Scovanner et al. [46] introduced a 3D SIFT
descriptor and used it in HAR. The 2D gradient magnitude
and orientation are extended in 3D formulation; thus, creating the subhistograms encode the 3D SIFT descriptor. The
videos are then described as a bag of spatiotemporal words
using the 3D SIFT descriptor. Moreover, a feature grouping
histogram which groups the co-occurred words out of the
original one is used to build a more discriminative action
video representation and ﬁnally used for classiﬁcation.
The speeded-up robust features (SURF) [47] approach is
a scale and rotation invariant detector and descriptor. The
most important property of SURF is the improvement of
eﬃciency comparing to previous approach. In the interest
point detection, the approach applies the strategy that
analyzing the input image at diﬀerent scales to guarantee
invariance to scale changes. Taking computation time into
account, a very basic Hessian-matrix approximation which
lends itself to the use of integral images is used for interest
point detection, and it reduced the computation time dramatically. Next, a rotation and scale-invariant descriptor is
provided for the detected interest point. The SURF approach
builds on the distribution of ﬁrst-order Haar-wavelet
responses within the interest point neighborhood, in
contrast with SIFT that extracts gradient information.
Furthermore, integral images are exploited for speed. The
introduction of indexing step based on the sign of the Laplacian further increases the robustness of descriptor and the
matching speed.
An extended 3D SURF descriptor was implemented by
Willems et al. [39]. Both of the 2D and 3D SURF used
Haar-wavelet responses; however, the 3D SURF store the
vector of the 3 axis responses instead of including the sums
over the absolute values since the latter proved to be of no
signiﬁcant beneﬁt but doubling the descriptor size.
Dalal and Triggs [48] proposed the histogram of oriented
gradients (HOG) descriptor and achieved great success in
human detection with linear SVM classiﬁer. The good
performance is due to the fact that the HOG’s density
distribution of local intensity gradients or edge directions
can well characterize the local object appearance and
shape of target objects.
Lu and Little et al. [49] presented the PCA-HOG descriptor which projects the original histogram of oriented gradients (HOG) descriptor to a linear subspace by principle
component analysis (PCA). The descriptor was used to represent athletes to solve the problem of tracking and activity
recognition simultaneously. Using HOG and HOF (histogram of ﬂow) descriptor, Laptev et al. [50] completes a similar but more challenging activity recognition task as those
activities are extracted from movies.
Klaser et al. [30] generalized the HOG descriptor to video
sequences and proposed the HOG3D. Integral images are
extended to integral videos for eﬃcient 3D gradient computation. Polyhedrons are utilized for orientation quantization
as an analogy of polygons in 2D space HOG. Optimized
parameters for activity recognition have also been explored
in their work.
Early spatiotemporal methods adopt a perspective of
regarding the video as x-y-t 3D volumes [30, 39, 46]. However,
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recent feature trajectory approach considers the spatial dimensions x-y very diﬀerent from the temporal dimension t. This
approach detects the x-y interest points from video frames
and then tracking them through video sequences as a trajectory. For detecting interest point, classic 2D detectors such as
HOG and HOF are still used. In this review, we treat the feature
trajectory as a special kind of the spatiotemporal descriptors
where the time dimension is used to concatenate those 2D
interest points.
Wang et al. [51] proposed dense trajectories by densely
sampling points. Avoiding extracting points frame by frame
and concatenating them, Wang et al. ﬁrstly extracted dense
optical ﬂow using Farneback’s algorithm [52], then points
can be densely tracked along the trajectory without additional cost. HOG and HOF are computed along the dense
trajectories as the descriptors. Dense trajectories were further
improved in [53]. The camera motion, as a main obstacle for
extracting target trajectories from humans or objects of interests, was highlighted and was tried to be removed. The
authors ﬁrst match feature points using two complementary
descriptors (i.e., SURF and dense optical ﬂow), then estimate
the homography using RANSC [54]. Through this approach,
the camera motion is explicitly identiﬁed and removed. However, in some cases where humans dominate the frame, the
target human motion may also generate inconsistent camera
motion match. To solve this problem, a human detector is further explored to remove the inconsistent matches within the
detected human areas. Improved descriptors achieved significant performance on challenge datasets, such as Hollywood2
where camera motions were used abundantly. Shi et al. [55]
presented a sequential deep trajectory descriptor (sDTD) on
the dense trajectory basis to capture the long-term motion
information. The dense trajectories are projected into twodimensional planes and a CNN-RNN network is employed
to learn an eﬀective representation for long-term motion.
4.3. Feature Encoding Methods. The STIP-based descriptors
or other elaborately designed descriptors are all referred as
local features. Local features are then encoded with feature
encoding methods to represent activities and the encoded
features are subsequently fed into pretrained classiﬁers (e.g.,
SVM) [32]. Encoding feature is a key step for constructing
BoVW representation and utilizing an appropriate encoding
method can signiﬁcantly improve the recognition accuracy
[56]. Here, we summarize the common feature encoding
methods in recent literatures in Table 2. The number of citations for each description paper is also provided to facilitate
measurement of their inﬂuences.
Several evaluations [56–58] have been conducted to compare the performance of recent encoding methods. Chatﬁeld
et al. [57] compared ﬁve encoding methods including LLC,
SVC, FV, KCB, and the standard spatial histograms baseline.
Experiments over PASCAL VOC 2007 and Caltech 101 show
that FV performs best. Wang et al. [56] drew the same conclusion on KTH dataset and HMDB51 dataset. Also, a most
recent evaluation [58] showed a consistent ﬁnding on UCFYouTube and HMDB51 datasets, though slightly slower than
local NBNN on KTH.

16

Journal of Healthcare Engineering
Table 2: Feature encoding methods.

Method
Vector quantization (VQ)/hard assignment (HA)
Kernal codebook coding (KCB)/soft assignment (SA)

Proposed
Sivic et al. (2003)
Gemert et al. (2008)

Spase coding (SPC)
Local coordinate coding (LCC)
Locality-constrained linear coding (LLC)
Improved Fisher kernel (iFK)/Fisher vector (FV)
Triangle assignment coding (TAC)

Yang et al. (2009)
Yu et al. (2009)
Wang et al. (2010)
Perronnin et al. (2010)
Coates et al. (2010)

Vector of locally aggregated descriptors (VLAD)

Jegou et al. (2010)

Super vector coding (SVC)
Local tangent-based coding (LTC)
Localized soft assignment coding (LSC/SA-k)
Salient coding (SC)
Group salient coding (GSC)
Stacked Fisher vectors (SFV)

Zhou et al. (2010)
Yu et al. (2010)
Liu et al. (2011)
Huang et al. (2011)
Wu et al. (2012)
Peng et al. (2014)

Fisher vector
Improved trajectories
Decorrelating by
PCA + whitening

GMM

Tiny fisher vectors
Locally
aggregated
Fisher vectors

Description paper, the number of citations
[59], 5487
[60], 586;
[61], 761
[62], 2529
[63], 614
[64], 2410
[65], 1590
[66], 976
[67], 1135;
[68], 710;
[69], 459
[70], 122
[71], 398
[72], 131
[73], 33
[32], 149

Fisher-layer FV
Improved trajectories
Decorrelating by
PCA + whitening

Second-layer FV
Dimensionality
reduction

GMM

Tiny fisher vectors

Reduced local FVs
Decorrelating by
PCA + whitening

Locally
aggregated

Stacked fisher vectors

Fisher vectors

(a)

(b)

Figure 3: Pipeline of Fisher vector and Stacked ﬁsher vector. (a) Fisher vector. (b) Stacked ﬁsher vector.

Further exploration has been conducted to match the
best local feature with FV. In [31], six representative methods
including VQ, SA-k, LLC, FV, VLAD, and SVC are evaluated
for two widely used local features, STIPs and improved dense
trajectories (iDTs). The experiment results demonstrate that
the iDT together with the FV yields the best performance on
the test datasets. Wang et al. who proposed the iDT also veriﬁed the best performance of iDT and FV in their work [53].
Recent stacked Fisher vectors [32] further improved the
performance of iDT + FV and achieved superior performance
when combining traditional FV. Evaluation on the YouTube,
J-HMDB, and HMDB51 datasets demonstrates that it has
become the state-of-the-art method. Pipelines of SFV and
corresponding FV are given in Figure 3.
The core idea of both FV and SFV is trying to catch more
statistical information from images; in contrast, BoVW only
retains the zero order statistics. Take an l-dimension local
descriptor as an example. Assuming that the size of
prelearned GMM is K (K is the size of codebook). For
the conventional BoVW, the ﬁnal encoded feature is Kdimension histograms that indicate the frequency of codewords. However, FV can obtain a 2Kd-dimension (d is

the Gaussian distribution dimension). In another word,
FV retained more information (i.e., high-order statistics)
regarding to same size of codebooks.
SFV further improved FV owing to a simple and intuitive
reason that SFV densely calculated local features by dividing
and scanning multiscale subvolumes. The main challenge is
the holistic combination of those local FVs since encoding
them using another FV directly is impossible because of the
high dimension of them (2Kd-dimension). Thus, a maxmargin method is tactfully used to reduce dimensionality.
As the local FVs are more densely sampled than the conventional FV and consequently contain more high order statistics, therefore, iDT with SFV achieves even better result
than the state-of-the-art iDT with FV.

5. Depth-Based Representations
Previous research of HAR mainly concentrates on the video
sequences captured by traditional RGB cameras. Depth cameras, however, have been limited due to their high cost and
complexity of operation [74]. Thanks to the development of
low-cost depth sensors such as Microsoft Kinect [75], an
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(a)

(c)

(b)

(d)

(e)

(f)

Figure 4: Kinect RGBD cameras and their color images, depth maps, skeletal information. (a) Kinect v1 (2011). (b) Kinect v2 (2014). (c)
Color image. (d) Depth map. (e) Skeleton captured by Kinect v1. (f) Skeleton captured by Kinect v2.

aﬀordable and easier way to access the depth maps is provided. Furthermore, Kinect SDK released the application that
can directly obtain the skeletal joint positions in real-time
(adopting algorithms in [75]). The available depth maps
and the skeletal information (see Figure 4) vigorously
contributed to the computer vision community. These two
features and their derivative features also triggered a wide
interest to solve HAR problems using depth-based solutions,
replacing conventional RGB-based methods, or acting as
supplements to enhance the RGB-based methods. In this section, we separately reviewed the recent advance of activity
representations using depth maps or skeletons.
5.1. Representations Based on Depth Maps. Depth maps contain additional depth coordinates comparing to conventional
color images and are more informative. Approaches presented in this section regard depth maps as spatiotemporal
signals and extract features directly from them. These features are either used independently or combined with RGB
channel to form multimodal features.
Li et al. [76] employed the action graph model, which
represents activities using several salient postures serving as
nodes in action graph. All activities share same posture sets
and each posture is characterized as a bag of 3D points from
the depth maps. However, involving all the 3D points is computationally expensive; thus, a simple and eﬀective method to
sample the representative 3D points is proposed, achieving
over 90% recognition accuracy by sampling approximately
1% points according to their report.
Zhao et al. [77] proposed a framework of combing RGB
and depth map features for HAR and presented an optimal
scheme. For the RGB channels, spatiotemporal interest
points are generated solely from it and the HOG and HOF
are calculated to form the RGB based descriptors. For the
depth channel, they proposed a depth map-based descriptor
called local depth pattern (LDP), which simply calculates
the diﬀerence of average depth values between a pair of cells
within the STIP surrounding region.

Yang et al. [78] proposed to use HOG on depth maps.
Depth maps are projected onto three orthogonal planes
and the depth motion maps (DMM) are generated by accumulating global activities through entire video sequences.
HOG are then computed from DMM as the representation
of an action video. Another depth image-based work similar
to the HOG is [74] where the histogram of oriented 4D normals (HON4D) descriptor, as a further generalization of
HOG3D to four-dimensional depth videos, is proposed.
HON4D descriptor calculates the histograms of oriented
4D surface normals in 4D space of time, depth, and spatial
coordinates. A quantization of the 4D space is also presented. The approach in [79] is also based on the polynormal
which is a cluster of neighboring hypersurface normals from
a local spatiotemporal depth volume. A designed scheme
aggregates the low-level polynormals in each adaptive
spatiotemporal cell. The concatenation of feature vectors
extracted from all spatiotemporal cells forms the ﬁnal representation of depth sequences.
Jalal et al. [80] considered multifeatures from depth
videos, extracting 3D human silhouettes and spatiotemporal
joints values for their compact and suﬃcient information for
HAR task.
5.2. Skeleton-Based Representations. Skeletons and joint positions are features generated from depth maps. Kinect device
is popular in this representation due to its convenience of
obtaining skeleton and joints. Application in Kinect v1 SDK
generates 20 joints, while the later version (Kinect v2) generates 25 joints, adding 5 joints around the hands and neck (see
Figure 4). We reviewed recent papers on skeleton-based representations and summarize three aspects eﬀorts on improving
the performance of skeleton-based representation.
First, skeleton model has an inherent deﬁciency that it
always suﬀers the noisy skeleton problem when dealing with
occlusions (see Figure 5) [76]. Features from inaccurate
skeletons and joints may completely be wrong. Current
approaches often solve it by combining other features that
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Figure 5: Noisy skeleton problem caused by self-conclusion.

robust to occlusion or alleviate occlusion problem by separating the whole skeleton into diﬀerent body parts and handling
them independently since not all body parts are occluded.
Second, an intuitive fact can be observed that not all
skeletal joints are involved in a particular activity, and only
a few active joints are meaningful and informative for a certain activity [81]. Concentrating on these active joints and
abandoning the other inactive parts will generate more
discriminative and robust features and are beneﬁcial to deal
with intraclass variations [82].
Finally, as an extracted feature from depth maps itself,
skeleton-based representation is often combined with original depth information to form more informative and robust
representation [82, 83].
Xia et al. [84] proposed a skeleton-based representation
named HOJ3D, the spherical histograms of 3D locations of
selected joints. After reprojected using LDA and clustered
into vocabularies, the encoded features are fed to hidden
Markov model (HMM) for classiﬁcation. The HOJ3D is
robust to view changes due to the design of the spherical
coordinate system and robust skeleton estimation.
Yang and Tian [85] proposed a new type of feature named
EigenJoints. 3D position diﬀerences of joints are employed to
characterize three kinds of activity information including posture feature, motion feature, and oﬀset feature. To reduce
redundancy and noise, PCA is further employed and the
eﬃcient leading eigenvectors are selected. Finally, the
constructed features were fed into the naïve-Bayes-nearestneighbor (NBNN) [86] and obtained improved performance.
Wang et al. [82] indicated that using joint positions alone
is insuﬃcient to represent an action, especially for the case
involving interaction with objects. Consequently, they proposed a depth-based feature called local occupancy pattern
(LOP) to describe the occupancy of the neighborhood of each
point, for example, the occupied space around the hand joint
when lifting a cup. The local occupancy information is
described by the 3D point cloud around a particular joint.

Moreover, to select the active and discriminative joint feature
subset (i.e., actionlet) for a particular activity, a data mining
solution is leveraged and then actionlet ensemble which
is linear combination of actionlets is obtained to represent
each activity. Similar to actionlet, Zhu et al. [87] learned
the co-occurrences of joints by designing regularization
in deep LSTM (long short-term memory) RNNs (recurrent
neural networks).
Shahroudy et al. [83] proposed a multimodal multipart
approach for activity recognition in depth map sequences,
which combines the complementary skeleton-based features
LOP in [82] and depth-based features local HON4D in [74]
of each part together and builds up a multimodal multipart
combination. The multimodal multipart features are formulated into their framework via the proposed hierarchical
mixed norm.
Chen et al. [81] proposed a skeleton-based two-level hierarchical framework. In the ﬁrst layer, a part-based clustering
feature vector is introduced to ﬁnd out the most relevant
joints and clustered them to form an initial classiﬁcation.
Note that the recognition task is divided into several smaller
and simple tasks, which are performed within a speciﬁc
cluster. It is of beneﬁt to solving the high intraclass variance
since distinct sequences of the same action are grouped into
diﬀerent clusters. In the second layer, only the relevant joints
within speciﬁc clusters are utilized for feature extraction,
which enhances the validity of the features and reduces the
computational costs.
Besides depth-based features, skeleton data can be
combined with other RGB features. To deal with the noisy
skeleton problem, Chaaraoui et al. [88] proposed to combine
skeletal and silhouette-based features using feature fusion
methods. The noisy skeleton problem caused by occlusions
of body part is partially elevated by the silhouette-based
features. Shahroudy et al. [83] separately extracted dense
trajectories features from RGB channel and 3D locations of
skeleton joints from depth channel. A hierarchical feature
fusion method based on structured sparsity was developed
to fuse these two heterogeneous features.

6. Activity Classification Approaches
The next stage of HAR is the classiﬁcation of activities that
have been represented by proper feature sets extracted from
images or videos. In this stage, classiﬁcation algorithms give
the activity label as ﬁnal result. Generally speaking, most activity classiﬁcation algorithms can be divided into three categories namely template-based approaches, generative models
and discriminative models. Template-based approaches is a
relatively simple and well accepted approach; however, it can
be sometimes computationally expensive. Generative models
learn a model of the joint probability P(X,Y) of the inputs X
and the label Y, then P(Y|X) is calculated using Bayes rules
and the algorithms ﬁnally picking the most likely label Y
[89]. In contrast, discriminative models determine the result
label directly. Typical algorithms of generative models are hidden Markov model (HMM) and dynamic Bayesian network
(DBN), while support vector machine (SVM), relevance vector
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machine (RVM), and artiﬁcial neural network (ANN) are
typical discriminative models.
6.1. Template-Based Approaches. Template-based approaches
try to portray common appearance characteristics of a certain
activity using various representations. These common appearance characteristics, such as 2D/3D static images/volumes or a
sequence of view models, are termed as templates. Most
template-based methods extract 2D/3D static templates and
compare the similarity between the extracted images/volumes
of test videos and the stored templates. For the classiﬁcation
based on a sequence of key frames, dynamic time warping
(DTW) is an eﬀective approach.
6.1.1. Template Matching. Bobick and Davis [16, 17] proposed
a temporal-template-based approach. Two components, the
motion-energy image (MEI) which represents the presence
of motion and the motion-history image (MHI) which indicates the recency of motion, are generated for each template
of an activity. In fact, the generated template images can be
regarded as weighted projection of the space-time shape.
Shechtman and Irani [27, 90] constructed the 3D space–
time intensity video volume template from a short training
video clip. This small template is compared to every segment
of same size in the test video over all three dimensions. The
degree of similarity between two segments (i.e., the template
and a same size video segment from the test video) is evaluated by the proposed intensity patch-based approach. It
divides the segments into smaller patch units, then computes
and integrates local consistency measures between those
small space-time patches. This method has an impressive
ability of detecting multiple diﬀerent activities that occur at
the same time.
Common template-based methods are unable to generate
single template for each activity. They often suﬀer the high
computational cost due to maintaining and comparing various
templates. Rodriguez et al. [91] proposed to use the maximum
average correlation height (MACH), which is capable of
capturing intraclass variability by synthesizing a single action
MACH ﬁlter for each activity class. They also generalized the
MACH ﬁlter to video and vector valued data by embedding
the spectral domain into a domain of Cliﬀord algebras, building an eﬀective approach in discriminating activities.
6.1.2. Dynamic Time Warping. Dynamic time warping
(DTW) is a kind of dynamic programming algorithm for
matching two sequences with variances. Rabiner and Juang
[7] ﬁrst developed it for speech recognition problem, representing the words as template sequence and assign matching
scores for new word. DTW is also applicable to HAR problem since the human activities can be viewed as a sequence
of key frames. The recognition problem is transformed to a
template matching task.
Darrell and Pentland [92] proposed to build the representation of gestures using a set of learned view models.
DTW algorithm is used to match the gesture template
obtained from the means and variations of correlation scores
between image frames and view models.
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Veeraraghavan et al. [93] proposed the DTW-based
nonparametric models for the gait pattern problem. They
modiﬁed the DTW algorithm to include the nature of the
non-Euclidean space in which the shape deformations take
place. By comparing the DTW-based nonparametric and
the parametric methods and applying them to the problem
of gait and activity recognition, this work concluded that
the DTW is more applicable than parametric modeling when
there is very little domain knowledge.
Although the DTW algorithm needs a few amounts of
training samples, the computational complexity increases
signiﬁcantly when dealing with growing activity types or
those activities with high inter/intra variance, because extensive templates are needed to store those invariance.
6.2. Generative Models
6.2.1. Hidden Markov Model Approach. The recognition task
is a typical evaluation problem which is one of the three
hidden Markov model problems and can be solved by the
forward algorithm. HMMs were initially proposed to solve
the speech recognition problem [8]. Yamato et al. [94] ﬁrst
applied the HMM to recognize activities. Features that indicate the number of pixels in each divided mesh are obtained
as observations for each frame. Then, the HMMs are trained
using the observation feature vector sequences for each
activity, including the initial probability of hidden states,
the confusion matrix, and the transition matrix. By applying
the representation mentioned above, the HAR problem
(recognition of various tennis strokes) is transformed into a
typical HMM evaluation problem, which can be solved using
standard algorithm.
A brief summary of the deﬁciencies of basic HMM and
several eﬃcient extensions are presented in [95]. The basic
HMM is ill-suited for modeling multiple interacting agents
or body parts since it is single variable state representation,
as well as those actions that have inherent hierarchical structure. Take human interaction as an example, as a kind of
complex activities, it always contains more than one person
in the video, to which the basic HMM is ill-suited since the
standard HMM is suitable for the time structure. Another
deﬁciency is the exponentially decayed duration model for
state occupancy. This duration model has no memory of
the time that has already spent on the state, which is unrealistic for activities. This is implicitly obtained from the
constant state transition probability and the ﬁrst-order
Markov assumption, which implies that the probability of a
state being observed for a certain interval of time decays
exponentially with the length of the interval [96].
Previous work has proposed several variants of HMM to
handle the mentioned deﬁciencies [95–97]. Motivated by this
human interaction recognition task that have structure both
in time and space (i.e., modeling activities of two or more
persons), Oliver et al. [97] proposed the coupled HMM
(CHMM) to model the interactions. Two HMM models are
constructed for two agents and probabilities between hidden
states are speciﬁed.
Flexible duration models were suggested including the
hidden semi-Markov model (HSMM) and the variable
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Figure 6: A typical dynamic Bayesian network [101].

transition HMMs (VT-HMM). The hidden semi-Markov
model (HSMM) is a candidate approach that has explicit
duration model with speciﬁc distribution. Duong et al.
[98] exploited both the inherent hierarchical structure
and the explicit duration model and the switching hidden
semi-Markov model (S-HSMM) is introduced with two
layers to represent high-level activities and atomic activities separately. Another semi-Markov model (HSMM)
based work is shown in [96].
Alternatively, Ramesh and Wilpon [99] broke the
implicit duration model by specifying the dependency
between the transition probability and the duration. The variable transition HMMs (VT-HMMs, originally called inhomogeneous HMM in [99]) was proposed and applied in
speech recognition. In VT-HMM, the transition probability
of two states depends on the duration which is no longer
constant. Natarajan and Nevatia [95] then presented a
hierarchical variable transition HMM (HVT-HMM) based
on Pamesh and Wilpon’s work to recognize two-hand gestures and articulated motion of the entire body. The HVTHMM has three layers, including a composite event layer
with a single HMM representing the composite actions, a
primitive event layer using a VT-HMM to represent the
primitive actions, and a pose track layer with a single
HMM. The pose is represented using a 23 degrees body
model, including 19 degrees for joint angles, 3 degrees for
direction of translation (x, y, z), and 1 degree for scale.
6.2.2. Dynamic Bayesian Networks. A dynamic Bayesian network (DBN) is a Bayesian network with the same structure
unrolled in the time axis [100]. An important extension of
DBN is that its state space contains more than one random
variables, in contrast with the HMM that has only one single
random variable. Thus, the HMM can be viewed as a simpliﬁed DBN with constrained number of random variables and
ﬁxed graph structures.
Figure 6 presents a typical DBN. Suk et al. [101] proposed
this structure for two hands gesture recognition, from which
we can see that there are three hidden variables. The three
hidden variables represent the motion of two hands and their
spatial relation, while ﬁve features including two hands’
motion and the position relative to the face, as well as the spatial relation between hands are designed as observations.
Then, the DBN structure is built and simpliﬁed using the
ﬁrst-order Markov assumptions. They proposed the DBN

tailored for hands gesture recognition in contrast with the previous ﬁxed structure of CHMM [102] which is not deemed
eﬀective for other than tight-coupled two-party interactions.
Park and Aggarwal [103] presented a hierarchical
Bayesian network methodology for recognizing ﬁve twoperson interactions. The proposed method ﬁrst segments
the body-part regions and estimates each of the body-part
poses separately in the ﬁrst level. Then, the individual Bayesian
networks are integrated in a hierarchy to estimate the overall
body poses of a person in each frame. Finally, the pose estimation results that include two-person interactions are
concatenated to form a sequence with DBN algorithm.
Cherla et al. [21] indicated the contradiction for DTW
between the robustness to intraclass variations and the
computational complexity. Multiple templates for each
activity handle the intraclass variations well but increase
the computational complexity, while average templates
reduce the complexity but are sensitive to intraclass variations. Cherla et al. proposed the average template with
multiple feature representations to counterbalance them
and achieve good performance.
6.3. Discriminative Models
6.3.1. Support Vector Machines. Support vector machines
(SVMs) are typical classiﬁers of discriminative models and
gained extensive use in HAR. Vapnik et al. [104] designed
the SVM and originally used it for the problem of separating
instances into two classes. It aims to ﬁnd the hyperplane
which maximizes the margin of two classes.
Schüldt et al. [105] combined SVM with their proposed
local space-time features and applied their “local SVM
approach” for HAR. A video dataset, known as the KTH
dataset which had been one of the benchmarks of HAR systems, was recorded by them. The KTH dataset is introduced
later in this paper (see Section 8.2.1).
Laptev et al. [50] used a nonlinear SVM with a multichannel Gaussian kernel and their SVM achieved high
accuracy (91.8%) on the KTH dataset along with the
HOG&HOF descriptors and local spatiotemporal bag-offeatures. The well-known challenging Hollywood dataset
(see Section 8.3.1) was provided and used to evaluate the
proposed approach.
6.3.2. Conditional Random Fields. Conditional random ﬁelds
(CRFs) are undirected graphical models that compactly represent the conditional probability of a particular label
sequence Y, given a sequence of observations X. Vail et al.
[106] compared the HMMs and CRFs for activity recognition. They found that the discriminatively trained CRF performed as well as or better than an HMM even when the
model features are in accord with the independence assumptions of the HMM. This work pointed out a signiﬁcant diﬀerence between the HMMs and CRFs: the HMMs assume that
observations are independent given their labels; thus, complex features of the observation sequence will invalidate the
assumption of this model and then make the HMM no longer
a proper generative model. This inherent assumption of
HMMs is abandoned in CRF, which conditions on the entire
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observation and therefore does not require any independence
assumptions between the observation variables. A test was
done by incorporating features which violate independence
assumptions between observations (i.e., velocity thresholds
in [106]) to explore the inﬂuence on both models. The result
demonstrates that the CRF always outperforms the HMM,
and with the increasingly severe violation of the independence assumptions, the HMM gets worse.
Natarajan and Nevatia [107] presented an approach
for recognizing activities using CRF. Synthetic poses from
multiple viewpoints are ﬁrstly rendered using Mocap data
for known actions. Then, the poses are represented in a
two-layer CRF, with observation potentials computed
using shape similarity and transition potentials computed
using optical ﬂow. These basic potentials are enhanced
with terms to represent spatial and temporal constraints,
and the enhanced model is called the shape, ﬂow, duration
conditional random ﬁeld (SFD-CRF). Single human activities as sitting down or standing up were recognized in
their experiment.
Ning et al. [108] proposed a model that replaced the
observation layer of a traditional random ﬁelds model
with a latent pose estimator. The proposed model converted the high-dimensional observations into more
compact and informative representations, and enabled
transfer learning to utilize existing knowledge and data
on image-to-pose relationship. This method has been
shown to improve performance on the public available
dataset HumanEva [109].
6.3.3. Deep Learning Architectures. Basically, the deep learning architectures can be categorized into four groups, namely
deep neural networks (DNNs), convolutional neural networks (ConvNets or CNNs), recurrent neural networks
(RNNs), and some emergent architectures [110].
The ConvNets is the most widely used one among the
mentioned deep learning architectures. Krizhevsky et al. [9]
ﬁrst trained the deep ConvNets in a suﬃciently large image
datasets consisting of over 15 million labeled images. The
impressive results lead to the extensively used of ConvNets
in various pattern recognition domains [111]. Compared
with traditional machine learning method and their handcrafted features, the ConvNets can learn some representational features automatically [112]. Mo et al. [113] used
ConvNets directly for feature extraction, and a multilayer
perceptron is designed for the following classiﬁcation.
One challenge for HAR using deep learning is how to
apply it on small datasets since HAR datasets are generally
smaller than what the ConvNets need. Common solutions
include generating or dumpling more training instances, or
converting HAR to a still image classiﬁcation problem to
leverage the large image dataset (e.g., ImageNet) to pretrain
the ConvNets. Wang et al. [114] developed three strategies
to leverage ConvNets on small training datasets. First, 3D
points of depth maps are rotated to mimic diﬀerent viewpoints, and WHDMMs at diﬀerent temporal scales are constructed. Second, ConvNets model trained over ImageNet is
adopted through transfer learning. Finally, diﬀerent motion
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patterns are encoded into the pseudo-RGB channels with
enhancement before being input to the ConvNets. On the
other hand, Simonyan and Zisserm [115] leverage the large
image dataset to pretrain the ConvNets. They investigated
an architecture based on two separate streams (spatial and
temporal), while the spatial stream contains information on
appearance from still frames and is implemented using a
spatial stream ConvNet. The spatial ConvNet is image classiﬁcation architecture itself; thus, it is pretrained on the large
image classiﬁcation dataset.
The most recent research aims to further improve the
performance of ConvNets by combining it with other
hand-crafted features or representations. Li et al. [116] noted
that the long-range dynamics information is necessary and
should be modeled explicitly. Thus, they proposed a representation named VLAD3, which not only captures shortterm dynamics with ConvNets but also utilizes the linear
dynamic systems and VLAD descriptor for medium-range
and long-range dynamics. Wang et al. [117] proposed a
trajectory-pooled deep-convolutional descriptor (TDD)
which combined the hand-crafted local features (e.g., STIP,
improved trajectories) and deep-learned features (e.g., 3D
ConvNets [76, 118], two-stream ConvNets [115]). The proposed TDD integrates the advantages of these two features
and adopts the state-of-the-art improved trajectories and
two-stream ConvNets.
Unlike ConvNets, DNNs still use hand-crafted features
instead of automatically learning features by deep networks
from raw data. Berlin and John [119] used Harris cornerbased interest points and histogram-based features as input.
The proposed deep neural network with stacked auto
encoders are used to recognize human-human interactions.
Huang et al. [120] learned Lie group features (i.e., one of
the skeletal data representations that are learned by
manifold-based approaches) by incorporating a Lie group
structure into a deep network architecture.
RNNs are designed for sequential information and have
been explored successfully in speech recognition and natural
language processing [121, 122]. Activity itself is a kind of
time-series data and it is a natural thought to use RNNs for
activity recognition.
Among various RNNs architectures, the long short-term
memory (LSTM) is the most popular one as it is able to maintain observations in memory for extended periods of time
[123]. As an initial study for activity recognition, a LSTM
network was utilized to classify activities in soccer videos
[124]. Then, further research [123] explicitly demonstrated
the robustness of LSTM even as experimental conditions
deteriorate and indicated its potential for robust real-world
recognition. Veeriah et al. [125] extended the LSTM to diﬀerential recurrent neural networks (RNNs). By computing the
diﬀerent orders of derivative of state which is sensitive to
the spatiotemporal structure, the salient spatiotemporal
representations of actions are learned, while in contrast,
the conventional LSTM does not capture salient dynamic
patterns of activity.
In addition to videos, RNNs can also be applied to skeleton data for activity recognition. Du et al. [126] proposed a
hierarchical RNNs structure for skeleton-based recognition.
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The human skeleton from Kinect are divided into ﬁve parts
and are fed into subnets separately. Representations from
subnets are hierarchically fused into a higher layer and ﬁnally
fed into a single-layer perceptron, whose temporally accumulated output is the ﬁnal decision.
A detailed taxonomy about the representation, classiﬁcation methods, and the used datasets of the introduced works
in this review are presented in Table 1.

7. Human Tracking Approaches
Besides the activity classiﬁcation approaches, another critical
research area is the human tracking approach, which is
widely concerned in video surveillance systems for suspicious
behavior detection. Human tracking is performed to locate a
person along the video sequence over a time period, and then
the resultant trajectories of people are further processed by
expert surveillance systems for analyzing human behaviors
and identifying potential unsafe or abnormal situations
[127]. In this section, we brieﬂy review recent literatures of
two dominant approaches, namely kernel-based tracking
and ﬁltering-based tracking.
7.1. Filter-Based Tracking. Filtering is one of the widely used
approaches for tracking, and the representative Kalman ﬁlter
(KF) [128] and particle ﬁlter (PF) [129] are two commonly
used classic ﬁltering techniques.
KF is a state estimate method based on linear dynamical
systems that are perturbed by Gaussian noise [130]. Patel and
Thakore utilized traditional KF to track moving objects, in
both the indoor and outdoor places. Vijay and Johnson
[131] also utilized traditional KF for tracking moving objects
such as car or human. However, the tested scenarios of these
cases are relatively spacious and thus seldom occlusion occur.
Despite the good results that are achieved by the KF-based
method, it is strictly constrained with eﬀective foreground
segmentation, and its ability is limited when handling the
occlusion cases. Arroyo et al. [127] combined Kalman ﬁltering with a linear sum assignment problem (LSAP). To deal
with the occlusion problem, visual appearance information
is used with image descriptors of GCH (global color histogram), LBP (local binary pattern), and HOG (histogram of
oriented gradients) representing the color, texture, and gradient information, respectively.
Particle ﬁlter, or sequential Monte Carlo method [132], is
another typical ﬁltering method for tracking. PF is a conditional density propagation method that is utilized to deal
with non-Gaussian distributions and multimodality cases
[130]. Ali et al. [133] combined a head detector and particle
ﬁlter for tracking multiple people in high-density crowds.
Zhou et al. [130] presented a spatiotemporal motion energy
particle ﬁlter for human tracking, which fuses the local features of colour histograms as well as the spatiotemporal
motion energy. The proposed particle ﬁlter-based tracker
achieved robustness to illumination changes and temporal
occlusions through using these features, as the motion energy
contains the dynamic characteristics of the targeted human.
As a speciﬁc branch of particle ﬁlter research, the sequential
Monte Carlo implementation of the probability hypothesis
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density (PHD) ﬁlter, known as the particle PHD ﬁlter, is
well developed for solving multiple human tracking problems. A series of research have been conducted by Feng
et al. in [134–138].
7.2. Kernel-Based Tracking. Kernel-based tracking [139] or
mean shift tracking [140] tracks the object (human) by computing the motion of one or more spatially weighted color
histograms (i.e., single kernel/multiple kernels) from the current frame to next frame based on an iteratively mean-shift
procedure. The kernel-based approach has fast convergence
speed and low computation requirement inherited from the
eﬃcient mean shift procedure [141].
Traditional kernel-based tracking used symmetric constant kernel, and it tends to encounter problems of object
scale and object orientation variation, as well as the object
shape deformation. Research was conducted concerning
these problems. Liu et al. [142] presented a kernel-based
tracking algorithm based on eigenshape kernel. Yilmaz
[143] introduced a kernel-based tracking algorithm based
on asymmetric kernel for the ﬁrst time. This kernel uses the
initial region inside the outline of the target as kernel template and generates a precise tracking contour of the object.
Yuan-ming et al. [144] noticed the shortage of the ﬁxed
asymmetric kernel. They combined the contour evolution
technology with the mean shift and proposed an enhanced
mean shift tracking algorithm based on evolutive asymmetric
kernel. Liu et al. [145] presented an adaptive shape kernelbased mean shift tracker. Shape of the adaptive kernel is
reconstructed from the low-dimensional shape space
obtained by nonlinear manifold learning technique to the
high-dimensional shape space, aiming to be adaptive to the
object shape.
Early literatures reported tracking methods using single
kernel scheme. However, the single kernel-based tracking
could fail when the human is concluded, that is, the object
could be lost or mismatch due to the partial observation.
Thus, multiple-kernel tracking is adopted in most cases of
recent researches. Lee et al. [146] evaluated two kernel and
four kernel schemes [147] and presented a similar two and
four kernal evaluation. Chu et al. [148] proposed to utilize
projected gradient to facilitate multiple-kernel tracking in
ﬁnding the best match under predeﬁned constraints. The
occlusion is managed by employing adaptive weights, that
is, decreasing the importance of the kernel being occluded
whilst enhancing the ones which are well-observed. Hou
et al. [149] integrated the deformable part model (DPM)
and designed multiple kernels, each of which corresponds
to a part model of a DPM-detected human.

8. Representative Datasets in HAR
Public datasets could be used to compare diﬀerent
approaches in the same standards therefore accelerate the
development of HAR methods. In this section, several representative datasets are reviewed, organized as a three-level category mentioned in the beginning of this review (i.e., action
primitive level, action/activity level, and interaction level).
There have been a published good survey [4] which presents
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Table 3: Overview of representative datasets.

Dataset

Modality

Level

Year References

Web pages
http://adsc.illinois.edu/sites/default/ﬁles/ﬁles/
ADSC-RGBD-dataset-download-instructions
.pdf
http://www.di.ens.fr/~laptev/download
.html#actionclassiﬁcation

Activity category

RGBDHuDaAct

RGB-D

Interaction
2013
level

[163]

Hollywood

RGB

Interaction
2008
level

[50]

Hollywood-2

RGB

Interaction
2009
level

[158]

http://www.di.ens.fr/~laptev/download
.html#actionclassiﬁcation

UCF sports

RGB

2008

[91]

http://crcv.ucf.edu/data/UCF_Sports_Action
.php

KTH

RGB

2004

[105]

http://www.nada.kth.se/cvap/actions/

Weizmann

RGB

2005

[5]

http://www.wisdom.weizmann.ac.il/~vision/
SpaceTimeActions.html

NTU-MSR

RGB-D

2013

[152]

http://web.cs.ucla.edu/~zhou.ren/

10 classes: it contains 10 different gestures.

MSRCGesture

RGB-D

2012

[153]

http://research.microsoft.com/en-us/um/
cambridge/projects/msrc12/

12 classes: it contains 12 different gestures.
16 classes: call cellphone, use
laptop, walk, and so forth
20 classes: high arm wave,
hand clap, jogging, and so
forth

MSR
RGB-D
DailyAction3D

Interaction
level
Activity/
action level
Activity/
action level
Action
primitive
level
Action
primitive
level
Interaction
level

2012

[160]

http://research.microsoft.com/en-us/um/
people/zliu/actionrecorsrc/default.htm

MSR
Action3D

Activity/
2010
action level

[76]

http://research.microsoft.com/en-us/um/
people/zliu/actionrecorsrc/default.htm

Depth

the available important public datasets; however, it mainly
focused on the conventional RGB-based datasets and missed
current depth-based datasets. Thus, several important benchmark depth or RGB-D datasets are also reviewed in this section, with an overview of them (Table 3).
8.1. Action Primitive Level Datasets. While action primitives
often act as components of high level human activities (e.g.,
the action primitives are served as a layer in hierarchical
HMM to recognize activities [95] or interactions [97]), some
typical and meaningful action primitives, such as poses and
gestures [150], gait pattern [151], are studied as separate
topics. These topics aroused wide research interest due to
their importance in applications such as human-computer
interaction and health care. Here, we present two recent gesture dataset based on RGB-D as the representative dataset in
this level.
8.1.1. NTU-MSR Kinect Hand Gesture Dataset (2013). The
NTU-MSR Kinect hand gesture dataset [152] is considered
as an action primitive level since it is developed for gesture
recognition. Gestures in it were collected by Kinect, and each
of them consists of a color image and the corresponding
depth map. Totally, 1000 cases of 10 gestures were collected
by 10 subjects, and each gesture was performed 10 times
by a single subject in diﬀerent poses. The dataset is
claimed as a challenging real-life dataset due to their cluttered backgrounds. Besides, for each gesture, the subject
poses with variations in hand orientation, scale, articulation, and so forth.

12 classes: eat meal, drink
water, mop ﬂoor, and so forth
8 classes: answer phone, hug
person, kiss, and so forth
12 classes: answer phone,
driving a car, ﬁght, and so
forth
10 classes: golf swing, diving,
lifting, and so forth
6 classes: walking, jogging,
running, and so forth
10 classes: run, walk, bend,
jumping-jack, and so forth

8.1.2. MSRC-Kinect Gesture Dataset (2012). The MSRCKinect gesture dataset [153] is another typical action primitive level dataset, in which large amounts of limb level movements (e.g., karate kicking forwards with right leg) were
recorded. There are totally 6244 instances of 12 gestures performed by 30 people, collected by Kinect. Positions of 20
tracked joints are provided as well.
8.2. Action/Activity Level Datasets. According to our deﬁnition, action/activity is middle level human activity without
any human-human or human-object interactions. We ﬁrst
review two classic datasets, namely KTH human activity
dataset and Weizmann human activity dataset. Though these
two datasets have gradually faded out of state-of-the-art and
are considered as easy tasks (e.g., 100% accuracy for Weizmann in [18, 25, 95]), they did play important roles in the
history and act as benchmarks in earlier HAR works. Then,
the well-known benchmark dataset for depth-based
approaches, MSR Action3D dataset, is introduced next.
8.2.1. KTH Activity Dataset (2004). The KTH dataset [105] is
one of the most frequently cited datasets. It contains 6 activities (walking, jogging, running, boxing, hand waving, and
hand clapping) performed by 25 subjects in controlled sceneries including outdoors, outdoors with scale variation, outdoors with diﬀerent clothes, and indoors. One important
factor in their success is the high intraclass variation in it
which is one of the criteria for evaluation algorithms.
Although the videos were still taken using static cameras,
the high variation details, such as various scenarios and
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actors’ clothes, as well as the diﬀerent viewpoints, make itself
a fair and convincing datasets for comparison. Most of the
collected human activities in it were performed by a single
person without any human-object interaction; thus, it is
categorized in the activity/action level.
8.2.2. Weizmann Activity Dataset (2005). The Weizmann
activity dataset [5] was created by the Weizmann Institute
of Science (Israel) in 2005. The Weizmann dataset consists
of 10 natural actions (running, walking, skipping, bending,
jumping-jack, galloping-sideways, jumping-forward-ontwo-legs, jumping-in-place-on-two-legs, waving-two-hands,
and waving-one-hand) with 10 subjects. Totally, 90 video
sequences in a low resolution of 180∗ 144, 50 fps were
recorded using a ﬁxed camera and a simple background. To
address the robustness of the proposed algorithm in [5], ten
additional video sequences of people walking in various complicated scenarios in front of diﬀerent nonuniform backgrounds were collected. Similar to the KTH dataset, most
human activities in Weizmann were performed by a single
person without any human-object interaction; thus, it is
categorized in the activity/action level.
8.2.3. MSR Action3D Dataset (2010). The MSR Action3D
dataset [76] is widely used as the benchmark for depthbased HAR approaches. Depth maps of 20 activity classes
performed by 10 subjects are provided in it (high arm waving, horizontal arm waving, hammering, hand catching, forward punching, high throwing, drawing cross, drawing tick,
drawing circle, clapping hand, waving two hand, side-boxing,
bending, forward kicking, side kicking, jogging, tennis swing,
tennis serve, golf swing, pickup, and throw). MSR Action3D
is a pure depth datasets without any color images in it.
8.3. Interaction Level Datasets. Interaction level datasets are
relatively diﬃcult tasks. Due to the human or human-object
interactions, interaction level human activities are more realistic and abound in various scenarios such as sport events
[91], video surveillance, and diﬀerent movie scenes [50]. In
this section, we review two conventional RGB datasets (i.e.,
Hollywood human activity dataset and UCF sports human
activity dataset) and a RGB-D dataset (i.e., MSR DailyActivity3D dataset). Designed to cover indoor daily activities, MSR
DailyActivity3D dataset [160] is more challenging and
involves more human-object interactions compared to MSR
Action3D [82].
8.3.1. Hollywood Human Activity Dataset (2008 and 2009).
Another well-known interaction level dataset is the Hollywood human activity dataset [50, 158]. As a representative
of realistic activity dataset, the Hollywood dataset is introduced here as a challenging task compared to previous datasets due to its frequently moved camera viewpoints,
occlusions, and dynamic backgrounds with seldom provided
information [1]. The initial version published in 2008 [50]
contains approximately 663 video samples (233 samples in
automatic training set, 219 samples in clean training set,
and 211 samples in test set) of eight actions (answering
phone, getting out of car, hugging, handshaking, kissing, sitting down, sitting up, and standing up) from 32 movies.
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Recognition of natural human activities in diverse and realistic video settings, which can be tested on this dataset, was
discussed in [50]. Then, the extended Hollywood dataset
was created in 2009 [158], involving four additional activities
(driving a car, eating, ﬁghting, and running) and more samples for each class, totally, 3669 video clips from 69 movies.
Both human interaction (e.g., kissing, ﬁghting) and humanobject interactions (e.g., answering phone, driving a car) are
included. Marszalek et al. [158] exploited the relationship
between context of natural dynamic scenes and human activities in video based on this extended Hollywood dataset.
8.3.2. UCF Sports Dataset (2007). The UCF sports dataset
[91] is a speciﬁc interaction level dataset focused on various
sports activities from television broadcasts. It is one of the
datasets collected by Computer Vision Lab, University of
Central Florida. There are over 200 video sequences in this
dataset, covering 9 sport activities including diving, golf
swinging, kicking, lifting, horseback riding, running, skating,
swinging a basketball bat, and pole vaulting. While it covers
only 9 human activities in sports scenes, it is still a challenging task for recognition due to its unconstrained environment and abound intraclass variability.
8.3.3. MSR DailyAction3D Dataset (2012). The MSR DailyActivity3D dataset [160] is an interactive level dataset captured by Kinect device. In contrast with the previous MSR
Action3D, this dataset provides three types of data including
depth maps, skeleton joint positions, and RGB video. 16
activity classes performed by 10 subjects (drinking, eating,
reading book, calling cellphone, writing on a paper, using
laptop, using vacuum cleaner, cheering up, sitting still,
tossing paper, playing game, lying down on sofa, walking,
playing guitar, standing up, and sitting down) are recorded
in it.

9. Conclusions and Future Direction
Human activity recognition remains to be an important
problem in computer vision. HAR is the basis for many applications such as video surveillance, health care, and humancomputer interaction. Methodologies and technologies have
made tremendous development in the past decades and have
kept developing up to date. However, challenges still exist
when facing realistic sceneries, in addition to the inherent
intraclass variation and interclass similarity problem.
In this review, we divided human activities into three
levels including action primitives, actions/activities, and
interactions. We have summarized the classic and representative approaches to activity representation and classiﬁcation,
as well as some benchmark datasets in diﬀerent levels. For
representation approaches, we roughly sorted out the
research trajectory from global representations to local representations and recent depth-based representations. The literatures were reviewed in this order. State-of-the-art
approaches, especially those depth-based representations,
were discussed, aiming to cover the recent development in
HAR domain. As the next step, classiﬁcation methods play
important roles and prompt the advance of HAR. We
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categorized classiﬁcation approaches into template-matching
methods, discriminative models, and generative models.
Totally, 7 types of method from the classic DTW to the newest deep learning were summarized. For human tracking
approaches, two categories are considered namely ﬁlterbased and kernel-based human tracking. Finally, 7 datasets
were introduced, covering diﬀerent levels from primitive
level to interaction level, ranging from classic datasets to
recent benchmark for depth-based methods.
Though recent HAR approaches have achieved great
success up to now, applying current HAR approaches in
real-world systems or applications is still nontrivial. Three
future directions are recommended to be considered and
further explored.
First, current well-performed approaches are mostly hard
to be implemented in real time or applied to wearable devices,
as they are subject to constrained computing power. It is
diﬃcult for computational constrained systems to achieve
comparable performances of those oﬄine approaches.
Existing work utilized additional inertial sensors to assist in
recognizing, or developed microchips, for embedded devices.
Besides these hardware-oriented solutions, from a computer
vision perspective, more eﬃcient descriptor extracting
methods and classiﬁcation approaches are expected to train
recognition models fast, even in real time. Another possible
way is to degrade quality of input image and strike a balance
among input information, algorithm eﬃciency, and recognizing rate. For example, utilizing depth maps as inputs and
abandoning color information are ways of degrading quality.
Second, many of the recognition tasks are solved case by
case, for both the benchmark datasets and the recognition
methods. The future direction of research is obviously
encouraged to unite various datasets as a large, complex,
and complete one. Though every dataset may act as benchmark in its speciﬁc domain, uniting all of them triggers more
eﬀective and general algorithms which are more close to realworld occasions. For example, recent deep learning is
reported to perform better in a four-dataset-combined larger
datasets [114]. Another promising direction is to explore an
evaluation criterion which enables comparisons among wide
variety of recognition methods. Speciﬁcally, several vital
measuring indexes are deﬁned and weighted according to
speciﬁc task, evaluating methods by measuring indexes such
as recognition rate, eﬃciency, robustness, number, and level
of recognizable activities.
Third, mainstream recognition system remains in a relatively low level comparing with those higher level behaviors.
Ideally, the system should be able to tell the behavior “having
a meeting” rather than lots of people sitting and talking, or
even more diﬃcult, concluding that a person hurried to catch
a bus rather than just recognizing “running.” Activities are
analogous to the words consisting behavior languages. Analyzing logical and semantic relations between behaviors and
activities is an important aspect, which can be learned by
transferring from Natural language processing (NLP) techniques. Another conceivable direction is to derive additional
features from contextual information. Though this direction
has been largely exploited, current approaches usually introduce all the possible contextual variables without screening.
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This practice not only reduces the eﬃciency but also aﬀects
the accuracy. Thus, dynamically and reasonably choosing
contextual information is a future good topic to be discussed.
Finally, though recent deep learning approaches achieve
remarkable performance, a conjoint ConvNets + LSTM
architecture is expected for activity video analysis in the
future. On the one hand, ConvNets are spatial extension of
conventional neural networks and exhibit its advantage in
the image classiﬁcation tasks. This structure captures the spatial correlation characteristics, however, ignores the temporal
dependencies of the interframe content for activity dynamics
modeling. On the other hand, LSTM as a representative kind
of RNN, is able to model the temporal or sequence information, which makes up the temporal shortage of ConvNets.
LSTM is currently used in accelerometer-based recognition,
skeleton-based activity recognition, or one-dimensional signal processing, but has not been widely concerned in combination with ConvNets for two-dimensional video activity
recognition, which we believe is a promising direction in
the future.
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Due to the limitations of the body movement and functional decline of the aged with dementia, they can hardly make an eﬃcient
communication with nurses by language and gesture language like a normal person. In order to improve the eﬃciency in the
healthcare communication, an intelligent interactive care system is proposed in this paper based on a multimodal deep neural
network (DNN). The input vector of the DNN includes motion and mental features and was extracted from a depth image and
electroencephalogram that were acquired by Kinect and OpenBCI, respectively. Experimental results show that the proposed
algorithm simpliﬁed the process of the recognition and achieved 96.5% and 96.4%, respectively, for the shuﬄed dataset and
90.9% and 92.6%, respectively, for the continuous dataset in terms of accuracy and recall rate.

1. Introduction
The expected growth of the older adult population in China
over the next 30 years will have an unprecedented impact
on the healthcare system, especially in terms of supply and
demand for healthcare workers. Moreover, the elders are
always short of self-care ability and require manual care.
Nurses have heavy working burden, especially when they
are taking care of the high-risk and 24-hour guardian
patients. In addition, the rehabilitation training always
depends on the experienced therapist. In fact, the shortage
of practitioners of nursing and rehabilitation is serious.
Therefore, the development of cheap and eﬃcient intelligent
care equipment is a signiﬁcant way to solve these problems.
With the development of automatic rollover, eﬃcient
bedsore care beds appeared ﬁrstly and got a social positive
assessment in 2007. This research achieves some good results
on the smart rollover and bedsore care facility aspects. However, due to the high cost and complexity in a hardware
system and with the lack of automation, those techniques
are still in the lab.
Another limitation of those healthcare facilities is the
low eﬃciency of the communication between the equipment and elders. The help requirement of the elders

always includes feeding, going to the toilet, rehabilitation
and massage treatments, or chat with someone. However,
there are some diﬃcult states that are not well settled for
traditional human-machine interface technologies, such as
accent pronunciation, weak sound, and diﬃculty in moving. Thus, improving the eﬃciency and conﬁdence of the
elders in their interaction with healthcare facilities
becomes one of the most important research topics, in
favor of both self-care and rehabilitation and reducing
the burden on their children.
With the increasing use of portable computing and communication devices, researchers try to use smartphones or
tablet in improving the convenience in the healthcare interactions. However, because of the declining vision, dry ﬁngers,
complex operation process, and high-power consumption,
these devices will be abandoned after a period of time. Furthermore, the development of somatosensory technology
provides a superior interaction experience in the medical
rehabilitation. Some low-cost somatosensory sensors provide
a high practical interaction system by gesture recognition and
speech recognition algorithm and are widely used in the
active sports therapy and rehabilitation of patients [1–4].
For the neuropsychology rehabilitation service, Chang
et al. developed a rehabilitation system, Kinect’s Kinempt,
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based on the cognitive impairment [1]. This system utilized
fast rehabilitation simulation according to the patient rehabilitation in a pizza shop catering. Task instructions in the
form of real-time video get feedback on users. Two patients
measured by excitation in the system voice performed pizza
topping choices. If the action of the wrist extracted by Kinect
matches the eating action, encourage voice will be provided;
otherwise, an error message is displayed. The successful
patient training rate of the rehabilitation treatment is
between 20% and 60% for the absence of the intervention
system. The success rate of patient training is over 90% with
the rehabilitation treatment intervention. In order to slow
down mental illness, for example, Alzheimer’s disease (senile
dementia), Chiang et al. developed an interactive game for
elderly that can improve somatosensory cognitive function
[5]. To complete the gaming experience by a plurality of
operational tasks within the prescribed time, the system provides an evaluation procedure. The experiences using a Kinect
video game are carried out for around 4 weeks. The reaction
rate has improved as well as the hand-eye coordination.
For the physical rehabilitation service, Chang et al. developed a system based on the Kinect Kinerehab [6]. The athlete
patients are under the rehabilitation guidance. The system
uses Kinect motion image processing techniques to extract
information about the patient. The patients are required to
carry some rehabilitation operations such as consistently
moving and lateral rising of the arms. The patient’s joint
position will be drawn, and Kinect computer database
matching precisely calculates the degree of action in place.
The results are fed back onto the display device. Meanwhile, patients are encouraged to test the eﬀects of rehabilitation. In the absence of an intervention system stage, the
accuracy rate of tested results is low; in a systematic intervention phase, the accuracy rate of measurement was
increased signiﬁcantly.
For the balance therapy rehabilitation service, Lange et al.
combine the virtual reality and video game technology and
developed 3D models for spinal cord injury and traumatic
brain injury patients with a balance rehabilitation training
game, which applied Unity3D engine into the development
platform to develop [7–9]. During the game, the system
reﬂects an image with virtual human posture and movement
state of patients. A Kinect sensor tracks objects in real time.
Patients could adjust the balance of the shoulder, elbow,
and other parts through one received feedback information.
To achieve real-time interaction with virtual people, they
improve the balance of perception. Patients can perform ﬂexion and external rotation, and oﬀsite training in subjects such
as passively assisting the shoulder in the medical division
complete the scheduled action.
For the occupational therapy rehabilitation service,
Gama et al. designed a shoulder and elbow exercise rehabilitation training system [10] based on Kinect. In the rehabilitation process, patients maintain a high shoulder and arm
movement was held side bottom. If the measured results
maintain the correct body posture, the system interface information bar will display a real-time activity of the joint. Else, if
the action fails to meet the requirements, the system corrects
the action by extracting a depth image captured by a Kinect
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Table 1: The label and features in the training set.
The types of
requirement

Number of
samples

Sleeping

192

Standing
Walking

198
202

Drinking

208

Eating

193

Defecation

207

Urination

215

Calling the doctor

185

Nothing

200

Movement and mental
features
Hand near the cheek and
tired
Open arms and vibrant
Knee up and intent
Hand near the mouth and
thirsty
Hand near the mouth and
hungry
Head movement and
defecating urgently
Head movement and
urinating urgently
Hand movement and
urgent
None

sensor and calculating shoulder and elbow angles (angle of
the two connection lines shoulder-elbow and shoulder-hip).
Redress ways include correcting the curved portion of the
elbow and plane deviated. When the angle between a normal
vector of the shoulder-hand and a crown vector connecting
the node plane is not equal to 90°, the system will show error
and suggest that elbow movements of patients deviate from
the crown plane; if the vector sum of the shoulder-elbow
and elbow-hand is not equal to that of the shoulder-hand
connection vector, the system will show error and point that
a patient has a bent portion on the elbow.
For the interaction assistance in rehabilitation, Luo et al.
use a Kinect sensor that recognizes a target after extracting
patient gestures. The recognition result was converted into
control commands. The commands are transferred to
patients’ wheelchairs through the internet to control the
chairs intelligently, to help lower limb movement disorder
patients in the rehabilitation life.
In this paper, we proposed a novel system based on the
multimodal deep neural networks for the patient with dementia with special needs. The input features of the networks are
extracted based on the depth image sensor (Kinect) and electroencephalogram sensor (OpenBCI). The output layer will
result in a type recognition of the patient’s help requirement.
This paper is organized as follows. Section 2 describes
the collection of the training dataset, system ﬂowchart, and
the feature extraction. Section 3 gives the performance
help requirement a recognition algorithm and then compares it with other similar methods. Finally, Section 5
gives a practical application of this system and future
research directions.

2. Data and Methods
2.1. Dataset Collection. In the current investigation, 15
elderly patients aged 55–70 with limited mobility and vocality from Tianjin nursing home were used as study subjects.
All the participants are not in good health conditions; 8 of
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Preprocessing

Motion
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Requirement
classification
model

Mental
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Figure 1: The system ﬂowchart.

them are diagnosed as having dementia and 7 are diagnosed
as having mild dementia. For each participant, 3-hour
depth image and EEG data are recorded during their
activity time with a continuous close-and-open eye movement as a synchronization pulse in the beginning of the
data record. All the features are extracted from each event
record and labeled with the types of the requirement by
the nurses. After all, 1800 samples are packed into the
dataset with 10 groups, for the cross-validation method
in the neural network training and evaluation. The training set is shown in Table 1.
2.2. Overview of the System. The system acquired the record
of the user’s motion and mental states based on depth image
and electroencephalogram signals by the Kinect and OpenBCI sensors, respectively. The motion features are extracted
form a depth image after preprocessing with a ﬁlter, skeletal
point tracking, region division, and normalization. The mental features are extracted from electroencephalogram signals
after preprocessing with a bandpass ﬁlter and normalization.
All the records of the interaction requirement activity are
labelled by the nurse and collected into the dataset; the classiﬁcation models are then trained and tested by the dataset.
The ﬂowchart of proposed system is shown in Figure 1.
2.3. The Feature Extraction of a Depth Image. The system
analyzes the users’ gesture by extracting 20 skeletal points
from the depth image with a Kinect sensor. The threedimensional coordinates of all the skeletal points are calculated and normalized using the spine skeletal coordinate as
the origin [11]. The skeletal points are shown in Figure 2.
Six regions are divided as the input feature of the system;
they are cervical area, left wrist, right wrist, crotch, left
knee, and right knee. Preprocess algorithms calculate the
motion feature with the relative distance and direction of
the regions, which were calculated by the location of the
region center and their corresponding direction. Many
activities in the dataset occur in 2-3 seconds; thus, in

order to extract the feature changing in the help interaction,
a three-segmentation scheme is applied for each record.
2.4. The Feature Extraction of EEG Signal. After the ﬁltering
process, then, this 8-dimensional data are put into the proposed system. For each channel, four band signals provided
based on the frequency by the OpenBCI denoted δ (0.1–
3 Hz), θ (4–7 Hz), α (8–12 Hz), and β (12–30 Hz). The electrode placement includes F3, F4, C3, C4, T5, T6, O1, and
O2 as shown in Figure 3. Similar with those of the motion
feature extraction, the mean and variance of three divisions
of each activity record are calculated for the mental features.

3. Autoencoder and Classification Model
3.1. Autoencoder. The proposed algorithm consists of two
parts: (1) sparse encoder—mainly used to study the character
expression of the users’ operation in healthcare, and (2) softmax category layer—recognizes the user’s action through
softmax based on the expression of sparse feature from the
encoder in the hidden layer:
(1) Sparse autoencoder and unsupervised learning
method
An autoencoder (AE) is a three-layer neural network that
contains a visible layer, hidden layer, and reconstruction
layer. Unsupervised learning and backpropagation (BP) algorithm and output vector equal to the input are used in the
reconstructed layer.
A sparse autoencoder is a modiﬁed model as an encoder
and obtains sparse characteristic through adding speciﬁc
conditions to obtain the hidden layer in the training process
[12–14]. We use the sigmoid function f(a) = 1/(1 + exp(−a))
as the activation function. The feature extraction process of
an AE includes two stages as shown in Figure 4. In the ﬁrst
stage, the user’s motion and mental features x were mapped
to the hidden layer z. The second phase generates and
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Figure 2: Skeleton tracking-based Kinect.

outputs y by decoding and reconstructing z. These two stages
can be formulated as follows:
z = f W e n + be ,
y = f W d n + bd

1

W e and W d are weight matrices of the encoder and the
decoder, and be and bd are the oﬀset vectors. SAE training
is used to minimize cost function c(n, y) by adjusting the
parameters (W e , W d , be , and bd ) using the BP algorithm.
arg min c n, y ,

W e ,W d ,be ,bd

Output layer

2

where c(n, y) denotes the error between the reconstructed
layer and visible layer.
While input features are reconstructed in an output layer,
high-level potential features related to users’ requirement can
be extracted in the hidden layer; the parameters of the hidden
layer can be served as inherent characteristics of users’
requirement. Hence, an n-dimensional input feature vector
of the user’s activity can be converted to h-dimensional
potential features of users’ requirement.

The potential features e(x) in the hidden layer can express
input vectors in a compression method. When removing
redundant relationship of input vectors after adding restrictions, e(x) can explore the signiﬁcant cross-correlation structure. This feature making the instance correspond to the
input feature vector can be represented as a sparse mixture.
Redundancy of joint distribution of any two features is compressed minimally in an SAE model. This model can ensure
the robustness of the system when the input feature vectors
have some damages. Therefore, this structure of the encoder
achieves great success in the varieties of mode feature extraction. SAE cost function is deﬁned as follows:
q

c n, y =

1
〠 n i −y i
2q i=1

2
2

h

+ α 〠 KL ρ ρ
̂i

3

i=1

The ﬁrst term is the average of diﬀerences among q input
vectors, and the second is the sparse penalty term generated
by h neurons in the hidden layer. The constant α denotes
the control coeﬃcient of sparse penalty. The KL divergence
of two random variables in constraint entry can be formulated as follows:
KL ρ ρ̂i = ρlog
q

where ρ
̂ i =1/q∑ j =1 zi n
the sparse parameter.

j

ρ
1− ρ
+ 1 − ρ log
,
ρ
̂i
1− ρ
̂i

4

is the activity of j neuron and ρ is

(2) Stacked autoencoder and supervised learning method
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Figure 5: Stacked autoencoders.

A stacked autoencoder neural network is composed of
multilayer sparse encoders. The output of the previous layer
is the input of the subsequent layer. Characteristic expression
of the last hidden layer will be put into a softmax classiﬁer
through the types of help requirement. The training process
includes a pretraining stage and reﬁne stage [2, 12, 15, 16]:

Max classifier

L
z

1

...

k

...

(a) Pretraining stage
A greedy scheme is applied in the training of SAE, the
training method, as shown in Figure 5. The hidden layer of
the ith autoencoder layer is the input of the next autoencoder.
(b) Reﬁne stage
The proposed algorithm took the last hidden layer of the
third autoencoder as the output layer of supervised training,
by using the backpropagation algorithm. Each output unit
has a corresponding label. Then, weights in the network are
reﬁned by the BP algorithm using the labelled data.
The softmax regression (SR) model used in the BP algorithm is shown in Figure 6. (z, L) is annotated training data
in the model, where z is the expression of characteristic of
the hidden layer and L is the classiﬁcation label; users’
activities are labeled from help requirement types from 1 to k.
The probability vector of the SR model r θ z can be
formulated as follows:
t

p l=1
rθ z =

…
p l=m

=

eθi z

1
m

t

〠i=1 eθi z

…

,

5

θtm z

e

where θ = θt1 , … , θtm . p l = m is the predicted probabilities
of the user’s mth class label for each value of m = 1, … , k.
The output of the SR model will be the help requirement class
label with the highest probability results.
Thus, the cost function of the SR model can be
formulated as follows:
q

J θ =

T

m
1
eθi z
〠 〠 1 l = j log m T ,
q i=1 j=1
〠 j=1 eθi z

6

Figure 6: Softmax classiﬁcation model.

where l{.} is the indicator function, that is, l {true} = 1 and
l{false} = 0. θ denotes all the parameters of our model and
ensures that the cost function J(θ) is minimum.
(3) SAE-based multimodal classiﬁcation
Due to the health condition, the aged always have an
accent, weak sound, and limited body movement. For these
situations, by imitating the workﬂow of a nurse in the healthcare, we extracted the patient’s gestures and mental state
from their body movement and EEG features. Furthermore,
three types of the SAE-based multimodal models are proposed. And the details of them are shown as follows.
For the ﬁrst type, the SAE model is pretrained and reﬁned
with the patient’s motion and EEG features, respectively. The
SAE network structures are shown in Figure 7.
For the second type, the input features of the motion and
EEG are integrated at the ﬁrst layer and pretrained with the
integrated features in each hidden layer. The output layer is
calculated by the integrated hidden layer. In the reﬁne stage,
the model is trained by the integrated features and labeled
data. The network structure is shown in Figure 8.
For the third type, the input features of the motion
and EEG are pretrained, respectively, at the second layer
and integrated in the third layer. The output layer is calculated by the integrated hidden layer. In the reﬁne stage,
the model is trained by the two-modal features and labeled
data. The network structure is shown in Figure 9.
Those three architectures are trying to imitate the workﬂow of the health nurses. The ﬁrst model predicts the
patient’s requirement with the skeletal and EEG features,
respectively; the second model predicts the patient’s requirement with the integrated skeletal and EEG features with
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2·P·R
,
P+R

where Ag identiﬁed as the classiﬁcation is distinguished
correctly, An is misrecognition, and N g means the recognition that the patient does nothing but was recognized with
other classes.
The proposed methods are tested on two types of dataset:

limited use of the deep neural network as a high-level feature
extraction; and the third model extracts a high-level feature
in each hidden layer and integrates the high-level feature of
the two-modal signals, then completes the classiﬁcation by
the SR model.

(1) All classes of the help requirement record are
extracted and shuﬄed into a dataset. The feature
and label of each record are extracted and collected
as the training data and test data sets.

4. Experimental Results

(2) All raw data are divided into record samples by the
frame. The frame length and frameshift are 3 seconds
and 50%, respectively. The feature and label of each
sample are extracted and collected as the training
data and test data sets.

SAE is built and trained based on the MATLAB Deep Learning Toolbox, which includes (1) SAE trained by the skeletal
features, (2) SAE trained by EEG, and (3) SAE trained by
the integrated data of both. All of the three SAEs contain
three hidden layers.
For single-modal networks, the hidden layer size are
set as 80 and the input sizes of the skeletal modal and
EEG modal were set as 200 and 80, respectively. For a
multimodal network, hidden layer size was set as 80; the
input sizes of the skeletal modal and EEG modal were
set as 200 and 80, respectively; and the size of the hidden
layer was set as 160.
In the evaluation, the performance of a multiple recognition model based on SAE has been compared: classiﬁcation
based on skeletal features (skeleton), classiﬁcation based
on EEG feature (EEG), classiﬁcation based on skeletal
and EEG features (skeleton-EEG) (see Figure 6), and integration of two-modal features in hidden layers (integrated)
(see Figure 7). Furthermore, as a comparison, the DTW
method [17] is added into the evaluation.
In the evaluation, the accuracy P, the recall rate R, F1, and
time consumption are used as the indicators; they are calculated as follows:

For the ﬁrst type of dataset, the experiment results of the
methods are shown in Table 2. Compared with that of three
single-modal methods, the accuracy of the multimodal
models achieved 5%–7% improvement under the same level
of recall ratio. The integrated method showed the best accuracy and recall rate. The results of the skeleton-EEG method
have a large improvement than those of the EEG or skeleton
method in terms of accuracy and recall rate. The results of the
skeleton method are little worse than those of the EEG-based
model. It is suggested that the motion feature is insuﬃcient
for the activity recognition of the patient with dementia.
However, skeleton features in the skeleton-EEG method
and integrated method improve the performance in terms
of both accuracy and recall rate. It is suggested that the multimodal method is better on exploring the characteristics of
the physical and psychological activities in healthcare interaction for the dementia patients.
For the second type of dataset, the results are shown in
Table 3. The performance is decreased in each term due to
the frame division of the dataset. Compared to the traditional
DWT algorithm, the SAE models achieved higher recognition
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Table 2: Results of classiﬁcation of the methods on the shuﬄed
dataset.
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EEG
Skeleton
SkeletonEEG
Integrated

DTW [17]
EEG
Skeleton
SkeletonEEG
Integrated

This work is supported by the National Natural Science
Foundation of China under Grant no. 1403276 and the
Research Program of Application Foundation and Advanced
Technology of Tianjin under Grant nos. 14JCYBJC42300
and 14JCYBJC42400.

Accuracy
(%)
94.2
93.8

Recall rate
(%)
92.8
93.4

F1
measure
93.7
93.8

94.7

94.6

94.2

0.01

References

96.5

96.4

96.2

0.01

[1] Y. J. Chang, S. F. Chen, and A. F. Chuang, “A gesture recognition system to transition autonomously through vocational
tasks for individuals with cognitive impairments,” Research in
Developmental Disabilities, vol. 32, no. 6, pp. 2064–2068, 2011.
[2] D. González-Ortega, F. J. Díaz-Pernas, M. Martínez-Zarzuela,
and M. Antón-Rodríguez, “A Kinect-based system for cognitive rehabilitation exercises monitoring,” Computer Methods
& Programs in Biomedicine, vol. 113, no. 2, pp. 620–631, 2014.
[3] C. J. Su, C. Y. Chiang, and J. Y. Huang, “Kinect-enabled
home-based rehabilitation system using dynamic time warping and fuzzy logic,” Applied Soft Computing, vol. 22, no. 5,
pp. 652–666, 2014.
[4] C. Myers, L. Rabiner, and A. Rosenberg, “Performance tradeoﬀs in dynamic time warping algorithms for isolated word
recognition,” IEEE Transactions on Acoustics, Speech, and
Signal Processing, vol. 28, no. 6, pp. 623–635, 1980.
[5] I. T. Chiang, J. C. Tsai, and S. T. Chen, “Using Xbox 360
Kinect games on enhancing visual performance skills on
institutionalized older adults with wheelchairs,” in 2012
IEEE Fourth International Conference on Digital Game and
Intelligent Toy Enhanced Learning, pp. 263–267, Boston,
2012.
[6] Y. J. Chang, S. F. Chen, and J. D. Huang, “A Kinect-based
system for physical rehabilitation: a pilot study for young
adults with motor disabilities,” Research in Developmental
Disabilities a Multidisciplinary Journal, vol. 32, no. 6,
pp. 2566–2570, 2011.
[7] B. Lange, S. Flynn, and A. Rizzo, “Initial usability assessment
of oﬀ-the-shelf video game consoles for clinical game-based
motor rehabilitation,” Physical Therapy Reviews, vol. 14,
no. 9, pp. 355–363, 2009.
[8] B. Lange, C. Y. Chang, E. Suma, B. Newman, A. S. Rizzo, and
M. Bolas, “Development and evaluation of low cost gamebased balance rehabilitation tool using the Microsoft Kinect
sensor,” in 2011 Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, pp. 1831–1834,
Boston, 2011.
[9] B. Lange, S. Koenig, E. McConnell et al., “Interactive gamebased rehabilitation using the Microsoft Kinect,” 2012 IEEE
Virtual Reality Workshops (VRW), pp. 171-172, Orange
County, 2012.
[10] A. D. Gama, T. Chaves, L. Figueiredo, and V. Teichrieb,
“Poster: improving motor rehabilitation process through a
natural interaction based system using Kinect sensor,” in
2012 IEEE Symposium on 3D User Interfaces (3DUI),
pp. 145-146, Costa Mesa, 2012.
[11] R. Grosse, R. Raina, H. Kwon, and A. Ng, “Shift-invariance
sparse coding for audio classiﬁcation,” Computer Science,
vol. 9, 2012.
[12] G. Hinton and R. Salakhutdinov, “Reducing the dimensionality of data with neural networks,” Science, vol. 313,
pp. 504–507, 2006.

Time (s)
0.01
0.01

Table 3: Results of classiﬁcation of the methods on the continuous
dataset.
Classiﬁer

Acknowledgments

Accuracy
(%)
84.2
90.1
89.3

Recall rate
(%)
90.0
87.6
86.4

F1
measure
89.6
87.7
86.9

90.7

90.4

89.5

0.01

90.9

92.6

91.3

0.01

Time (s)
0.035
0.01
0.01

accuracy, despite that the single-modal models resulted in a
little bit lower recall rate. Two multimodal models showed
good performance both in the accuracy and in the recall rate.
It is suggested that the multimodal model results in a signiﬁcant improvement of the recall rate with the same level of
the accuracy. The integrated model further increased the recall
rate for the continuous input samples.

5. Conclusions
Healthcare and nursing robot achieve wide attention in
recent years [18–21]. Somatosensory technology has been
introduced into the activity recognition and healthcare interaction. However, due to the limited body movement of the
patients, the traditional single-modal method is unsuitable
to settle this interaction problem. On the other hand, with
the development of the deep neural network technology,
the depth model is applied as a high-level feature extractor
and multimodal feature integrator. In order to develop an
eﬃcient and convenient interaction assistant system for
nurses and patients with dementia, two novel multimodal
SAE frameworks are proposed in this paper based on motion
and mental features. The motion and mental features are
extracted after the preprocessing of depth image and EEG
signals acquired from Kinect and OpenBCI, respectively.
The proposed algorithms simplify the acquisition and data
processing under high action recognition ratio compared
with the traditional DTW method and performed better in
terms of both accuracy and recall rate.
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Coregistration of multimodal diagnostic images is crucial for qualitative and quantitative multiparametric analysis. While
retrospective coregistration is computationally intense and could be inaccurate, hybrid PET/MR scanners allow acquiring
implicitly coregistered images. Aim of this study is to assess the performance of state-of-the-art coregistration methods applied
to PET and MR acquired as single modalities, comparing the results with the implicitly coregistration of a hybrid PET/MR, in
complex anatomical regions such as head/neck (HN). A dataset consisting of PET/CT and PET/MR subsequently acquired in
twenty-three patients was considered: performance of rigid (RR) and deformable (DR) registration obtained by a commercial
software and an open-source registration package was evaluated. Registration accuracy was qualitatively assessed in terms of
visual alignment of anatomical structures and qualitatively measured by the Dice scores computed on segmented tumors in PET
and MRI. The resulting scores highlighted that hybrid PET/MR showed higher registration accuracy than retrospectively
coregistered images, because of an overall misalignment after RR, unrealistic deformations and volume variations after DR.
DR revealed superior performance compared to RR due to complex nonrigid movements of HN district. Moreover,
simultaneous PET/MR oﬀers unique datasets serving as ground truth for the improvement and validation of coregistration
algorithms, if acquired with PET/CT.

1. Introduction
Integration of multimodal information carried out from
diﬀerent diagnostic imaging techniques is essential for a
comprehensive characterization of the region under examination. Therefore, image coregistration has become crucial
both for qualitative visual assessment [1] and for quantitative
multiparametric analysis in research applications [2, 3] and
clinical diagnosis, staging, and follow-up. Coregistration of
complex data, such as diagnostic images, is typically computationally intense, and its result could also be inaccurate. This
problem is intrinsically overcome by hybrid systems that
allow acquiring simultaneously images that share the same
coordinate system [4, 5].
In this ﬁeld, the recently introduced integrated PET/MRI
scanners represent the new frontier of molecular imaging.
This new technology allows achieving in one-shot both
functional information provided by positron emission

tomography (PET) imaging and morpho-functional information with excellent soft tissue contrast provided by magnetic resonance imaging (MRI), increasing patient’s
compliance. The advantages of such a technology go beyond
the mere combination of functional and morphological
imaging: considering the wide range of MRI sequences and
PET radiotracers available [6], the functional information
of both MRI and PET may complement each another; moreover, due to the high spatial and contrast resolution of MRI,
PET/MR imaging is becoming a straightforward clinical indication for local staging in complex anatomical regions such
as head/neck [7], where it can help in delineating the tumor
extent and lymph node involvement from the surrounding
tissue [8–11]. Furthermore, PET/MRI can be useful for radiation therapy and presurgical treatment planning in head
and neck cancer patients [12, 13].
With respect to separate acquisition of PET and MR,
hybrid systems can certainly overcome the computational
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problem of the PET and MR coregistration, carrying out at
same time PET and MR images of the same anatomical district that are, therefore, ideally coregistered.
Despite the undeniable advantages of hybrid solutions,
their cost eﬀectiveness is still far to be proven and the coregistration of multimodal information is frequently retrospectively obtained via software, combining images from a PET
scanner with preexisting CT and MR, thus reducing the cost
for new technology purchasing while oﬀering renewed
opportunities to advance PET, especially in underserved
areas or under increasing economic constraints [14]. The
problem of multimodal coregistration via software is commonly approached by algorithms consisting of an aﬃne or
rigid transformation followed by a free form deformation
and using mutual information [15–17] as similarity measure.
These algorithms are based, when available, on the coregistration of the anatomical information of CT component of
PET/CT with MR, while the PET component can be transformed with the resulting deformation ﬁeld, in order to guarantee more accurate coregistration of PET/MR data [13].
Retrospective coregistration via software has shown good
performances also in the HN district [13, 18], but it is particularly challenging and technically demanding, mainly
because of the varied patient positions used for the various
scanners and the anatomic complexity of this region [10],
which is subject to respiration, swallowing, and intrinsically
nonrigid movements [19].
Looking at this scenario, our study is aimed to assess
the performance of the state-of-the-art coregistration
methods between PET and MR acquired as single modalities,
comparing them with the intrinsic coregistration carried out
by a hybrid PET/MR system, which is assumed to represent a
ground truth for the assessment of retrospective coregistration. In particular, the performance of the state-of-the
art rigid and deformable registration algorithms, implemented by a commercial software and an open-source registration package, was evaluated to appreciate their clinical
suitability. Our work is based on a dataset of PET/MR and
PET/CT of the HN district acquired during the same session,
in order to exploit just a single administration of FDG-PET
radiotracer.

2. Materials and Methods
The study was approved by the Institutional Review Board:
23 patients, with histologically conﬁrmed HN malignancy
(in early staging and in follow-up), were studied, after obtaining written informed consent. Table 1 shows clinical details
for each patient.
2.1. Imaging Protocol. All subjects underwent a singleinjection dual imaging protocol including PET/CT and subsequent PET/MR, so that no additional injection was
required and any additional radiation exposure for the
patients was avoided. The examination protocol consisted
of the following steps: patients fasted for at least 6 h before
scanning; just before the injection, the blood glucose level
was measured in order to ensure a value below 150 mg/dL;
and the patients were injected with about 400 MBq of
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Table 1: Patient’s cohort examined during this study. For each
patient, in addition to personal details, the site of malignancy
is speciﬁed.
ID
pt1
pt2
pt3
pt4
pt5
pt6
pt7
pt8
pt9
pt10
pt11
pt12
pt13
pt14
pt15
pt16
pt17
pt18
pt19
pt20
pt21
pt22
pt23

Age
60
68
61
70
52
61
56
35
72
65
51
70
53
43
68
68
83
68
86
33
70
58
43

Sex
M
M
M
M
F
M
M
F
M
M
M
M
M
M
M
M
M
M
F
M
M
F
M

Site
Rhinopharynx
Oropharynx
Tongue
Larynx
Hypopharynx
Larynx
Tongue
Larynx (neg)
Larynx
Rhinopharynx
Larynx (neg)
Larynx
Rhinopharynx
Oropharynx
Larynx
Larynx
Tongue
Skull base
Thyroid
Laterocervical
Larynx
Larynx
Larynx (neg)

[18F]-FDG, depending on their body weight. After an
uptake period of 80 minutes, patients underwent PET/CT
scanning and, soon after PET/CT, they underwent PET/
MR examination.
2.1.1. PET/CT Acquisition. PET/CT acquisition was performed on a Gemini TF (Philips Medical Systems, Best,
The Netherlands). PET data was acquired in sinogram mode
for 15 minutes with a matrix size of 144 × 144. A 3dimensional attenuation-weighted ordered-subsets expectation maximization iterative reconstruction algorithm (AW
OSEM 3D) was applied with 3 iterations and 21 subsets,
Gaussian smoothing of 4 mm in FWHM, and a zoom of 1.
The CT consisted of a low-dose scan (120 kV, 80 mA).
Patient position was supine with his arms resting at the side.
2.1.2. PET/MR Acquisition. PET/MR was performed on a
Biograph mMR (Siemens Healthcare, Erlangen, Germany).
Bed position was established in order to get a full coverage
of the head/neck region. Also, these PET data were reconstructed with an AW OSEM 3D iterative reconstruction
algorithm applied with 3 iterations and 21 subsets, Gaussian
smoothing of 4 mm in full width at half maximum, and a
zoom of 1. MR attenuation correction was performed via a
segmentation approach based on 2-point Dixon MRI
sequences. The MRI protocol was performed with dedicated
head and neck coils. The MRI sequences taken into account
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for this study were T2-weighted short time inversion recovery (STIR) acquired in coronal direction (TR/TE/TI = 5000/
84/220, one acquired signal, voxel size = 0.4 × 0.4 × 3.5 mm).
2.2. Data Processing. Image registration strategies were developed based on CT and MR data only, with the MR coronal
STIR acquisition serving as ﬁxed image and the CT as moving, whereas the PET component from PET/CT data was
transformed only later by the resulting deformation ﬁeld into
the same coordinate system of PET/MR. The entire registration process was performed twice, using two diﬀerent tools:
the freely available, open-source registration package Elastix
(http://elastix.isi.uu.nl) [20] and the tool for deformable
image registration included in the commercial software
XD3 (Mirada Medical Ltd., Oxford, United Kingdom) [21].
In the following, we will refer to the set composed by PET
and MR acquired on the hybrid PET/MR scanner as
PETMRo and to the set composed by PET from PET/CT retrospectively coregistered to MR from PET/MR as PETMRreg. Moreover, registration performed by means of Elastix
or Mirada will be superscripted with ELX or MRD, respectively, while the suﬃxes RR and DR will indicate rigid and
deformable registration, respectively.
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Table 2: Scoring system used to evaluate the registration quality of
PET with MR images.
Score
0
1
2

Meaning
Case unusable
Alignment of major anatomical structures is suﬃcient but
localization of tumors is not perfectly corresponding
Alignment of major anatomical structures is good and
localization of tumors corresponds in PET and MRI

deformable image registration algorithm that optimizes a
proprietary form of a mutual information-based similarity
function [15, 16, 24] over a radial basis function (RBF) transformation model. Default parameters for MR-CT unsupervised registration were used. Finally, the PET from PET/CT
was automatically warped, once the transformation that registers CT to MR was computed.

2.2.1. Image Registration with Elastix. Elastix is a command
line-driven program based on the Insight Toolkit (ITK)
registration framework (open source: National Library of
Medicine, www.itk.org). The registration parameters were
selected based on previous work on multimodal deformable
image registration for integration of PET/MR into radiotherapy treatment planning for head and neck [13]. First, a rigid
registration (RR) was performed and the resulting transform
was used as a starting point for deformable registration (DR),
by means of B-spline transform [15]. Both RR and DR were
performed with a three-level multiresolution approach, using
Gaussian smoothing (sigma = 8.0, 4.0, and 4.0 in x and y
direction and sigma = 2.0, 1.0, and 0.5 in z direction to take
into account voxel anisotropy) without downsampling. A
localized version of mutual information (LMI) was considered as similarity measure (Mattes Mutual Information)
[22], and a stochastic gradient descent optimizer [23] was
chosen to minimize it. In detail, for RR, LMI metric was
computed with 64 bins, 2000 samples, and a maximum
of 500 iterations for each resolution. For DR, a bending
energy penalty (BEP) term was calculated [15] to regularize
the transformation; the metric (sum of LMI and BEP) was
computed with 60 bins, 10,000 samples, and a maximum of
5000 iterations for each resolution. After the deformation
ﬁeld that maps the CT into the space coordinates of MR
was computed, the PET from PET/CT was accordingly
warped using Transformix, another command line-driven
program based on ITK that applies a known transformation
to an input image.

2.3. Image Evaluation. Registration accuracy was qualitatively and qualitatively evaluated in ﬁve sets of images for
each patient: PETMRo, PETMRregELXRR, PETMRregELXDR,
PETMRregMRDRR, and PETMRregMRDDR. Qualitative evaluation was performed by two clinical reviewers: one is a
nuclear medicine physician who is also licentiate in diagnostic radiology and the other is a radiologist who is also licentiate in nuclear medicine. Images were analyzed in the coronal
plane on the freely available medical imaging platform
medInria [25], which allows visualization and fusion of
both NIfTI ﬁles and DICOM ﬁles. The observers reviewed
the ﬁve image set for each patient evaluating the alignment of
the major anatomical structures. Then they identiﬁed, in PET
and MR images, the localization and the extent of the
primary tumor and metastasis to regional lymph nodes,
and, on these bases, they independently rated the registration quality of each tested method using the scoring
system deﬁned in Table 2. Neither reader was aware of the
results of other imaging studies, histopathologic ﬁndings, or
clinical data.
In order to obtain also a quantitative evaluation of the
registration accuracy, the two clinicians were asked to segment the primary tumor of each patient using the freely
available software ITK-SNAP (http://www.itksnap.org) [26].
The radiologist manually contoured the lesion in the T2weighted coronal image. The nuclear medicine physician
used the user-guided 3D active contour segmentation implemented in ITK-SNAP to semiautomatically segment the primary tumor, after having initialized the process with the
placement of a spherical seed. For each patient, he repeated
ﬁve times the operation (once for each PET of the ﬁve sets).
The obtained segmentations were then used to compute the
Dice score (Dice, 1945 number 39) between MR and PET
from each set.

2.2.2. Image Registration with XD3. XD3 is a Mirada’s commercial platform that provides a full suite of practical applications for multimodal image viewing, including rigid and
deformable registration. After a ﬁrst step of RR between
MR and CT, a DR was performed using Mirada’s multimodal

2.4. Statistical Analysis. A Friedman statistics with successive
multicomparative analysis were used to evaluate the statistical diﬀerences in visual ratings between implicitly coregistered PET/MR and the results of coregistration software.
Further comparisons between the single steps of the diﬀerent
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Table 3: Evaluation results: registration accuracy scores expressed as mean ± standard deviation.

Qualitative score
Dice score

PETMRo
2.0 ± 0.0
0.82 ± 0.07

PETMRregELXRR
0.70 ± 0.84
0.36 ± 0.23

coregistration software were evaluated by means of a
Wilcoxon’s signed-rank statistic test, as done in [27]. Similarly, statistical diﬀerences in Dice scores were tested with
ANOVA and paired Student’s t-test. Statistical analysis was
performed using Matlab (MATLAB R2014b, Math-Works,
Natick, MA). Diﬀerences at p < 0 05 were considered to be
statistically signiﬁcant.

3. Results
Table 3 shows the mean qualitative scores over the two
observers and the Dice score for each patient and for each
set considered.
Comparing PETMRo with registrations performed by
Elastix and Mirada, their diﬀerences resulted to be statistically
signiﬁcant both at qualitative (Friedman test p values:
PETMRo/PETMRregELXRR/PETMRregELXDR = 2.92 · 10−7,
PETMRo/PETMRregMRDRR/PETMRregMRDDR = 4.56 · 10−7)
and quantitative analysis (ANOVA p values: PETMRo/
PETMRregELXRR/PETMRregELXDR = 4.83 · 10−11, PETMRo/
PETMRregMRDRR/PETMRregMRDDR = 3.80 · 10−12). For each
patient, the scores highlighted that PETMRo set showed a
higher (at the most equal) registration accuracy than the
other fused sets of images.
This superiority was statistically signiﬁcant in all the comparison for qualitative (Wilcoxon test p values: PETMRo/
PETMRregELXRR = 1.25 · 10−7, PETMRo/PETMRregELXDR = 0.02,
PETMRo/PETMRregMRDRR = 2.46 · 10−6, PETMRo/PETMR
regMRDDR = 3.50 · 10−5) and quantitative scores (t-test p values:
PETMRo/PETMRregELXRR = 1.57 · 10−10, PETMRo/PETMR
regELXDR = 2.22 · 10−8, PETMRo/PETMRregMRDRR = 1.45 · 10−10,
PETMRo/PETMRregMRDDR = 1.20 · 10−9).
The registration results of PET with MR images after
a RR step showed an overall misalignment due to diﬀerent patient positioning, both for Elastix and Mirada
results, with diﬀerences between the two methods that
were not statistically signiﬁcant both at the qualitative
(Wilcoxon test p value PETMRregELXRR/PETMRregMRDRR
= 0.73) and at the quantitative scores (t-test p value
PETMRregELXRR/PETMRregMRDRR = 0.75).
If a DR step was performed, a signiﬁcant improvement
could be obtained, but also unrealistic deformations or
moderate and smooth volume expansions and compressions
could occur, leading to a good or suﬃcient alignment
of major anatomical structures but local misregistration
of tumors. However, looking at the scores of the single
patients, after a DR step, the accuracy of registration
tended to improve for both Elastix and Mirada results.
This improvement was statistically signiﬁcant for registration performed with Elastix (Wilcoxon test p value
PETMRregELXRR/PETMRregELXDR = 0.01, t-test p value
PETMRregELXRR/PETMRregELXDR = 1.4 · 10−3) and not

PETMRregELXDR
1.35 ± 0.70
0.45 ± 0.24

PETMRregMRDRR
0.76 ± 0.92
0.37 ± 0.22

PETMRregMRDDR
0.89 ± 0.80
0.41 ± 0.23

statistically signiﬁcant for Mirada (p value PETMR
regMRDRR/PETMRregMRDDR = 0.85, p value PETMR
regMRDRR/PETMRregMRDDR = 0.09)
Comparing the results obtained from the two registration
tools, the scores of the DR output with Elastix were generally
higher than those of the DR outputs, but the arisen diﬀerences between these two sets were statistically signiﬁcant
only at the qualitative assessment (Wilcoxon test p value
PETMRregELXDR/PETMRregMRDDR = 0.02, t-test p value
PETMRregELXDR/PETMRregMRDDR = 0.32.
In conclusion, while at the quantitative assessment,
hybrid PET/MR deﬁnitely outperforms retrospective registration; at the qualitative score in the 25% of the cases, all retrospective coregistration methods showed results that were
comparable with PETMRo in terms of alignment of major
anatomical structures and tumors (Figure 1). In the remaining 75%, PETMRo exhibited an overall superiority. In detail,
the 17% of these cases showed a slightly better performance
of Elastix-based registration, in particular the DR step, in
comparison with Mirada; one case showed a better performance of Mirada; in the remaining ones, problems of misalignment in RR steps and/or volume variations for DR
steps were visible (Figure 2).

4. Discussion
In this work, four diﬀerent strategies for the coregistration of
PET and MR in the HN region were qualitatively and quantitatively evaluated, with the purpose of comparing them
with the intrinsic coregistration of simultaneous PET/MR,
which is assumed to represent a ground truth for the assessment of retrospective coregistration.
To our knowledge, this is the ﬁrst reported study to have
investigated the validity of retrospectively coregistered PET/
MR of HN district using images obtained from diﬀerent
modalities in terms of localization and extent of the primary
tumor and metastasis to regional lymph nodes and to have
compared the accuracy of anatomical structure alignment
and tumor localization with the intrinsic coregistered simultaneous PET/MR.
Kanda et al. [9] assessed the clinical value of retrospective
image coregistration of neck MRI and [18F]-FDG PET for
loco-regional extension and nodal staging of neck cancer in
30 patients, comparing it with PET/CT fusion. Although they
used manual registration, they hypothesized that simultaneous PET/MR technology would minimize the drawbacks
of retrospective PET/MR coregistration strategy, such as
local misregistration, generating better-quality fusion images,
as can be conﬁrmed by our study.
The same has been studied by Loeﬀelbein et al. [11] that
compared their retrospective coregistration results obtained
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(a)

(c)

(b)

(d)

(e)

Figure 1: Example of qualitative well ranked coregistration results. From left to right: coronal MR image, fused PET/MR, and PET image
from (a) PETMRo, (b) PETMRregELXRR, (c) PETMRregELXDR, (d) PETMRregMRDRR, and (e) PETMRregMRDDR. Both RR and DR
with Elastix, (b) and (c), respectively, and Mirada, (d) and (e), respectively, show results comparable with intrinsic coregistration of
simultaneous PET/MR (a). The Dice scores for this case are PETMRo = 0.95, PETMRregELXRR = 0.85, PETMRregELXDR = 0.86,
PETMRregMRDRR = 0.89, and PETMRregMRDDR = 0.90.

(a)

(c)

(b)

(d)

(e)

Figure 2: Example of poorly ranked coregistration results. From left to right: coronal MR image, fused PET/MR, and PET image from
(a) PETMRo, (b) PETMRregELXRR, (c) PETMRregELXDR, (d) PETMRregMRDRR, and (e) PETMRregMRDDR. RR with Elastix (b) and Mirada (d)
shows an overall misalignment of the brain contour between PET and MR. This misalignment is only partially recovered by DR with Mirada
(e) and better recovered by DR with Elastix (c). However, the lymph node tumor is completely absent in the PET component of
PETMRregMRDRR and its localization is not perfectly corresponding in PETMRregELXDR (c) as in PETMRo (a). The Dice scores for this
case are PETMRo = 0.79, PETMRregELXRR = 0.26, PETMRregELXDR = 0.52, PETMRregMRDRR = 0.19, and PETMRregMRDDR = 0.25.

by a commercial software with side-by-side analysis of single
modality PET and MRI in a group of thirty patients.
In neither of these two studies, the authors had data sets
coming from simultaneous PET/MR available to use as gold
standard for the evaluation of registration performances.
Leibfarth et al. [13] developed an accurate and robust
registration strategy on a dataset of eight patients consisting
of an FDG PET/CT and a subsequently acquired PET/MR
of HN with the aim of integrating combined PET/MR data
into RT treatment planning. We started from this work
for the implementation of registration with Elastix, but
we took advantages of a wider dataset and we also evaluate
registration performed by a commercial software optimized
for a clinical workﬂow.
Our results showed that comparison of rigid versus
deformable registration revealed superior performance for

deformable registration both for Elastix and Mirada. This is
due to the complex movements of this region, which are
intrinsically nonrigid and hence cannot be completely recovered by a rigid transformation with only six degrees of freedom. With regard to deformable registration, although
Elastix showed better performance than Mirada at least in
the qualitative evaluation, it was computationally more
intense. The tested software used diﬀerent similarity measures and diﬀerent transform basis: although Mirada uses
RBF transformation model, which is more accurate and faster than the B-Spline used in this work for Elastix registration, it is completely embedded. Consequently, internal
registration parameters, such as deformation ﬁeld smoothness, degrees of freedom, and similarity function sensitivity,
are automatically tuned by the software on the basis of the
considered modalities. On the other side, the registration
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scheme and parameters used for DR in Elastix are the result
of a previous optimization study [13] and are designed for
the speciﬁc application in MR-CT registration of HN district;
in particular, B-spline parametrization in conjunction with
BEP is chosen to favor a smooth and reasonable transform.
LMI is advantageous in the case of spatial intensity distortions and for multimodal registration if one intensity class
corresponds to a speciﬁc tissue type in one imaging modality
and to diﬀerent tissue types in the other imaging modality
[13]. Moreover, as expected, coregistered PET/MR images
from hybrid scanner carried out the best performances, since
they are inherently free from the problems of misalignment,
local misregistration, and unrealistic deformation ﬁeld.
We believe that performances of software-based coregistration method in districts subject to nonrigid movements,
such as HN, could be undoubtedly improved by means of
support structures, as head masks, designed for immobilizing
the patient during the acquisitions. In addition, registration
algorithms could beneﬁt from users’ supervision for preliminary manual step, in order to start from an optimal rigid
alignment that could improve the performances of successive
automatic deformable steps, making them more feasible in
terms of computational time. Both these issues are out-ofthe-scopes of this work that, although it is aimed to evaluate
the clinical suitability of retrospective coregistration in comparison to intrinsic coregistration of simultaneous PET/MR,
limits the investigation to a fully automated perspective.
In conclusion, our ﬁndings show that, regarding the complex case of PET/MR of HN district, there is a wide room for
improvement of software-based coregistration algorithms,
since, at present, they are deﬁnitely outperformed by the
intrinsic coregistration of simultaneous PET/MR that overcomes the above-named problem of retrospective coregistration, as hypothesized in previous works [9, 10]. In this
direction, simultaneous PET/MR imaging, which hence
oﬀers unique datasets when acquired together with PET/CT
during the same session, could also serve as ground truth
for the validation of improved coregistration algorithms.
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Motion and deformation are common in prostate diﬀusion-weighted magnetic resonance imaging (DWI) during acquisition.
These misalignments lead to errors in estimating an apparent diﬀusion coeﬃcient (ADC) map ﬁtted with DWI. To address
this problem, we propose an image registration algorithm to align the prostate DWI and improve ADC map. First, we apply
aﬃne transformation to DWI to correct intraslice motions. Then, nonrigid registration based on free-form deformation (FFD)
is used to compensate for intraimage deformations. To evaluate the inﬂuence of the proposed algorithm on ADC values, we
perform statistical experiments in three schemes: no processing of the DWI, with the aﬃne transform approach, and with FFD.
The experimental results show that our proposed algorithm can correct the misalignment of prostate DWI and decrease the
artifacts of ROI in the ADC maps. These ADC maps thus obtain sharper contours of lesions, which are helpful for improving
the diagnosis and clinical staging of prostate cancer.

1. Introduction
Prostate cancer (PCa) is the second most frequently diagnosed cancer in men in western countries [1–4]. The early
detection and treatment of PCa can decrease the death rate
[5, 6]. The diagnosis of PCa is based on digital rectal examination, prostate speciﬁc antigen, transrectal ultrasonography, systematic transrectal biopsy, and diﬀusion-weighted
magnetic resonance imaging (DWI) [7–10]. DWI depends
on the microscopic mobility of water molecule diﬀusion
[11–14]. Pathophysiological processes such as cancer are
known to have an impact on cell density, which translates
into diﬀerent diﬀusion properties. Therefore, DWI can be
applied in the detection, localization, and staging of PCa
[15, 16]. The ADC map calculated from DWI is an important indicator in diagnosing PCa. The ADC proposed by
Le Bihan is a noninvasive measure that provides quantitative
information on the diﬀusion of water molecules in biological
tissues [17–20], which explains why the ADC can be used to

increase the sensitivity and speciﬁcity of the detection of PCa
together with biopsy [21, 22].
The optimization of the ADC map brings great beneﬁts
in guiding targeted biopsy and in localizing and staging
PCa, and it provides a roadmap for treatment planning and
detecting residual or locally recurrent cancer after treatment
[23, 24]. However, spatial misalignment is common in prostate DWI and leads to errors in the estimation of ADC.
Misalignments are particularly prone to occur in DWI
because of motion and deformation, which can induce poor
image quality and errors in the resulting ADCs. This situation is particularly serious in the case of elderly patients
because of their weak respiratory control. Elderly patients
cannot tolerate a supine position or remain still for a long
time. In addition, the spatial alignment of the acquired
DWI is not guaranteed if the pinched prostate deforms with
peristalsis of the pelvic organs during the acquisition. The
issue of image quality is commonly addressed by acquiring
each DWI several times and averaging them. Despite
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Figure 1: DWI acquired by b = 0, 500, 800, 1200, 1500, and 2000 s/mm2 shows the tendency of intensity changes.

improving the signal-to-noise ratio (SNR) of the resulting
ADC map, this technique does not compensate for spatial
misalignment.
To the best of our knowledge, there are no correlative
studies that address this misalignment in prostate DWI
[15, 25–27]. To align the intraslice images and extract a
more accurate ADC map, we present a semiautomatic registration algorithm, which enables us to correct the misalignments of DWI resulting from rigid body shifts, irregular
distortions, and the patients’ movements during the acquisition. The proposed algorithm evaluated 38 regions of interest
(ROI) of 19 prostate DWI datasets. The ADC maps with our
algorithm were then quantitatively compared with ADC
maps without any image processing. The evaluation is
based on the computation of similarity metric and reproducibility measures. The results showed that the visual
quality of ADC maps can be improved through our proposed image registration algorithm.

2. Materials
2.1. Subjects. From August 2012 to January 2013, 19 male
patients aged 68.96 ± 11.43 (50–87) years underwent conventional MRI and multi-b value DWI. It was found that there
was a total of 20 PCa lesions and 15 benign prostatic hyperplasia (BPH) lesions. Their average prostate-speciﬁc antigen was
47.97 ± 72.98 (2.85–276.00) ng/ml. The mean Gleason score
of tumors was 7.43 ± 1.09 (6–9). All patients underwent prostate 3T endorectal coil MRI followed by standard 14-core
transrectal ultrasound-guided systematic (TRUS) biopsy.
The experiments were conducted with the approval of the
ethics committees of the participating institutions.
2.2. MR Images. The MR dataset obtained by the 3.0 Tesla (T)
MR Scanner (Philips Achieva 3.0T; Philips Extended MR
WorkSpace, Eindhoven, The Netherlands) contained T1weighted imaging, T2-weighted imaging, DWI, and dynamic
contrast-enhanced imaging [7]. DWI data were obtained
using a multislice 2D echo-planar imaging (EPI) sequence in
the transverse orientation. A single shot EPI sequence involved
the following parameters: b = 0 s/mm2 to 1200 s/mm2, repetition time (TR) = 2000 ms, echo time (TE) = 68 ms, slice thickness = 3.0 mm, slice gap = 1 mm, ﬂip angle = 90, ﬁeld of
view = 211 × 211 mm2, and total eﬀective scan time = 596 s.
The size of the acquisition matrix was 160 × 156, and 16 slices
were acquired with an in-plane spatial resolution of
1.31 × 1.31 mm2, bandwidth 2985 Hz/pixel, and EPI factor
71. DWI sequences and ADC maps were reviewed by two radiologists independently and separately.
Patients with lesions suspicious for cancer on MRI
underwent 14 or more core TRUS biopsies by the operator.

All biopsies underwent centralized pathologic evaluation by
a pathologist.

3. Methods
3.1. Algorithm Design: Global Transformation and Local
Transformation (Steps 1, 2, and 3). Figure 1 shows an intraslice DWI sequence with a b value of up to 2000 s/mm2.
Image intensity dramatically reduces with an increase in the
b value, which leads to prostate boundaries that are fuzzier
and more diﬃcult to segment. In addition, the interslice
boundaries of the prostate are dynamic and irregular because
of the diﬀerent shooting positions. Thus, feature-based registration is not suitable for prostate DWI. Therefore, an
intensity-based registration was applied in our scheme.
To correct the motion and deformation of DWI,
intensity-based aﬃne and nonrigid image registration algorithms have been developed [28–30]. The various steps are
described in this section and illustrated in Figure 2.
To improve the accuracy of registration and reduce
computing time, the center square region of the prostate
is cropped from DWI (intraslice ﬁxed position and uniform
size) during image preprocessing (Figure 2, step 1). For the
intraslice motion in the DWI sequence, Figure 3 shows the
maximum interimage displacement of the prostate: 16
pixels (4.83%) horizontally and 29 pixels (8.9%) vertically.
Therefore, we apply aﬃne registration ﬁrst to compensate
for the intraslice motions between the images obtained in
step 1, with b ∈ 50, 100, 150, 200, 500, 800 s/mm2 and
b = 0 s/mm2 (Figure 2, step 2).
The sequences obtained by aﬃne registration are then
placed into nonrigid registration (Figure 2, step 3). The original image will be retained if there are unreasonable rotations
and scaling in the “aﬃne” scheme. Thus, our algorithm consists of a global rigid transformation and a local nonrigid
transformation:
T x, y = T global x, y + T local x, y

1

The image of b = 0 s/mm2 in the sequence is chosen as a
ﬁxed reference image because it contains more details and
has a higher SNR. The principle is to register other images
(b ≠ 0 s/mm2 ) as ﬂoat images to the ﬁxed image (Figure 3).
The aﬃne transformation model can describe the overall motion, scaling, and rotation of the prostate DWI
obtained under the impact of diﬀerent imaging times and
magnetic ﬁeld distortion. Therefore, in this study, we apply
aﬃne transformation to adjust these spatial misalignments
as follows:
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Step 1

Image cropping

b ≠ 0 images

b = 0 image
Original prostate DWI sequence

Step 2
Pairwise registration
Affine registration
Tglobal

b ≠ 0 images

b = 0 image

Affine‑registered images

Step 3
Pairwise registration
FFD registration
Tglobal

Affine‑registered images

b = 0 image

Final registered images
Step 5

Step 4
Affine‑registered images

Computation of the
motion‑compensated images
using Step 2
ADC fitting

Final registered images
ADC image
Computation of the
deform‑corrected images
using Step 3

Figure 2: Main steps of the image registration. Step 1: image cropping. Steps 2 and 3: image registration. Step 4: visual and quantitative
evaluation of registration. Step 5: ADC ﬁtting.
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b = 50

b = 100

b = 150

Float images
b=0
Fixed image

b = 200

b = 500

b = 800

Figure 3: DWI sample acquired with b = 0, 50, 100, 150, 200, 500, and 800 in a 61-year-old patient. There was motion and deformation in the
region of the prostate. For each patient, two types of elliptic ROIs are manually delineated on b = 0 s/mm2. The ROI A (red circle) includes the
nidus of the prostate, and the ROI B (yellow circle) covers the normal region. The ROIs are propagated diﬀerently in the “no processing,”
“aﬃne,” and “FFD” schemes.

T global x, y =

sx

0

cosθ

sinθ

1

ky

x

0

sy
Δx

−sinθ

cosθ

kx

1

y

+

Δy

2

,

where Δx and Δy parameterize translation in the x and y
directions, respectively; θ denotes rotation; sx and sy denote
scaling; and kx and ky denote shearing in the x and y directions, respectively.
Since aﬃne transformation can only roughly correct
intraslice misalignment, local and ﬁne transformation should
be used to align the irregular intraimage regions of prostate
DWI. The local deformation characteristics of the prostate
are signiﬁcantly diﬀerent among diﬀerent patients. It is diﬃcult to describe these local deformations via parameterized
transformations. Therefore, a free-form deformation (FFD)
model based on cubic B-splines is necessary to correct the
intra-aligned slices as a highly adaptive tool for modeling soft
tissue deformation.
To deﬁne a spline-based FFD, we denote the domain of
the image area as Ω = x, y ∣0 ≤ x ≤ X, 0 ≤ y ≤ Y . A
nx × ny control mesh denoted by Φ is deﬁned and applied
to the image with uniform space δ. We denote the position
of the control points on Φ as Φi,j . Then, the FFD can be
written as the 2-D tensor product of the familiar 1-D
cubic B-splines:
3

3

T local x, y = 〠 〠 Bl u Bm v Φi+l, j+m ,

1− u 3
,
6
3u3 − 6u2 + 4
,
B1 u =
6
−3u3 + 3u2 + 3u + 1
,
B2 u =
6
u3
B3 u =
6
B0 u =

3

l=0 m=0

where i = x/δ − 1, j = y/δ − 1, u = x/δ − x/δ , v = y/δ −
y/δ , and Bl and Bm represent the basic functions of lth
and mth uniform cubic B-splines evaluated at u and v. They
are deﬁned as follows [28]:

4

FFD is implemented by manipulating an underlying
mesh of control points to correct deformation. A deformation is deﬁned on a sparse, regular grid of control points
Φi,j placed over the ﬂoat image and is then varied by deﬁning
the motion g Φi,j of each control point. Using a spline interpolation kernel to compute the deformation values between
the control points produces a locally controlled, globally
smooth transformation.
The correction eﬀect is aﬀected by the resolution of the
control mesh. The higher the resolution is, the ﬁner the
deformation correction is. However, since the cost of computation is intolerable, a hierarchal multiresolution that resembles the pyramid approach should be applied.
3.2. Optimization. An iterative optimization algorithm is
performed with the pyramidal strategy, making this
approach a coarse-to-ﬁne strategy [26]. This approach has
advantages such as higher convergence radius, more robust
performance to local optimums, and faster speed. The
motion artifacts are compensated for by a low-resolution
strategy in nonrigid registration. Then, the resolution is
increased so the local deformation is aligned. The quasinewton minimization package is applied in local models to
reduce the time required to compute the cost function (see
(3)) until the termination criteria are satisﬁed or a maximum
number of 800 iterations per resolution is reached [30]. For
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Reference image
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No processing

(a)

(c)

Affine

(b)

(d)

Figure 4: Continued.

(e)
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FFD
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(f)

(g)

Figure 4: (a) b = 0 s/mm DW image is the reference image with no processing (case 19). (b) and (c) are the respective samples of b = 500 s/
mm2 and b = 800 s/mm2 DW images in the “no processing” schemes. (d) and (e) are the b = 500 s/mm2 and b = 800 s/mm2 DW images in the
“aﬃne” schemes. (f) and (g) with FFD registration are mostly visually similar to (a).
2

optimization, the ant colony algorithm minimization method
is applied to aﬃne transformation.
3.3. Similarity Measure (Step 4). The most commonly used
similarity measures are based on intensity diﬀerences, intensity cross-correlation, and information theory, such as normalized cross-correlation (NCC), NMI, and mean-squared
error (MSE) [26]. The intensity distribution relationship of
DWI is linear. Therefore, NCC is adopted as our cost function while performing the actual registration in this study.
The NCC of the ﬁxed image and the ﬂoat image is deﬁned by
NCC I 1 , I 2 =

I x, y − I 1 I 2 x, y − I 2
1
〠〠 1
, 5
N−1 x y
σI 1 σI 2

where I 1 is the ﬁxed image, I 2 is the ﬂoat image, and σI 1 and
σI 2 are the standard deviations of I 1 and I 2 , respectively. NMI
is chosen as a similarity metric to evaluate motion and deformation compensation.
3.4. ADC Computation (Step 5). The ADC values are then
extracted by curve ﬁtting from the intraimage registration
DWI (see (6)). ADCs are computed from DWI characterized
by diﬀerent diﬀusion weighting factors (b values). Several
models to evaluate ADC have been developed: monoexponential model, a biexponential model with two independent
fractions, a statistical model with a distribution fraction,
and the recent kurtosis model [22]. In this paper, we calculated the ADC with the monoexponential model as follows:
S b = S0 e−ADCmono b,

6

where S b is the signal intensity and depends on the strength
of diﬀusion weighting characterized by the b factor (b).
ADCmono is the diﬀusion coeﬃcient, and S0 is the signal without applying a diﬀusion weighting gradient (b = 0 s/mm2 ).

4. Experiments and Results
4.1. Background and Considered Schemes. Nineteen patient
datasets were obtained from Renji Hospital. A prostate
DWI include 16 sequences, according to diﬀerent b values,
and each sequence contained 6–8 images. Each sample was
saved in a DICOM format image that contained information
on the b value and ﬂip angle. A total of 260 transformations
were performed, including aﬃne and nonrigid registration.
The eﬀect of registration is evaluated by comparing DWI
visualization, NMI, and ADC maps in three schemes (no
processing, aﬃne, and FFD). The ﬁrst scheme is called “no
processing,” which means that the ADC curve is obtained
with the original sequence. The second scheme is referred
to as “aﬃne.” It involves applying translation and zoom to
each of the acquired DWIs before obtaining the ADC curve.
The third scheme, denoted “FFD,” is that the free-form
deformation registration is implemented in the sequence
before the ADC curve is ﬁtted.
4.2. Visual Evaluation of Image Registration. The ﬁrst experiment seeks to verify the validity of the registration and evaluate the registration eﬀect visually. The speciﬁc approach is
to use the Philips DICOM Viewer to display the DWI, and
the radiologist manually selects the pronounced deformation
cases by observing all of the samples. After this step, the radiologist uses the “line function” of this software to measure the
width or height of the prostate and then estimate the degree
of deformation. The last step is to compare the visual eﬀects
of the ﬁrst scheme with the third one and evaluate the degree
of deformation compensation. The experimental results are
shown in Figure 4.
As shown in Figure 4, the alignments of b = 500 s/mm2
DW image, b = 800 s/mm2 DW image, and b = 0 s/mm2
DW image can be compared in the “no processing” and
“FFD” schemes (case 19). Figure 4 shows that DW image of
b = 500 s/mm2 is similar to that of b = 0 s/mm2 . Obviously,
there is visual extrusion deformation in the prostate image
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Table 1: NMI values of ROI A.

No processing
Aﬃne
FFD

50
1.3883 ± 0.3239
1.4051 ± 0.3136
2.2686 ± 0.3576

b values
200
1.1993 ± 0.3255
1.2353 ± 0.3226
2.0518 ± 0.3595

100
1.3649 ± 0.4168
1.3285 ± 0.2773
2.1717 ± 0.3192

⁎⁎
2.5

Mutual information (⁎)

⁎⁎
⁎

⁎

500
1.0995 ± 0.3354
1.1405 ± 0.3375
1.9412 ± 0.3756

800
0.9230 ± 0.3511
0.9945 ± 0.3179
1.8141 ± 0.4151

⁎⁎
⁎

2

1.5

1

b = 100 s/mm2

b = 500 s/mm2

FFD

Affine

No processing

FFD

Affine

No processing

FFD

Affine

No processing

0.5

b = 800 s/mm2

Figure 5: NMI with b = 100, 500, and 800 s/mm2 images and the b = 0 s/mm2 images. The highest NMI is obtained for the “FFD” scheme.
Paired t-tests between the schemes: ∗ P < 0 05, ∗∗ P < 0 01.

of b = 800 s/mm2 . However, this kind of image deformation
can be compensated eﬀectively in the FFD scheme. We also
observe that few unrealistic artifacts are generated by FFD
registration with diﬀerent b value images, indicating that
the adopted NCC is adequate.
4.3. Quantitative Evaluation of Motion and Deformation
Compensation. The second experiment is dedicated to the
quantization of alignment accuracy in the three schemes.
Therefore, NMI of ROI is computed in compensation accuracy evaluation experiments. There are two ROIs per PCa
patient, the lesion area located in the red circle and the general area located in the yellow circle, as shown in Figure 3.
For each sample, two ROIs are deﬁned with a diameter of
16 mm on the ﬁrst b = 0 s/mm2 image in the “no processing”
scheme. The same ROIs are used in the “aﬃne” and “FFD”
schemes. The ROI circle encompasses approximately 120
pixels. The ROI A (Figure 2) is manually positioned in the
heterogeneous tumor region of the prostate. To compare
the eﬀect of the homogeneous region, the ROI B is selected
in a common area as a reference for ROI A.
Table 1 reports the NMI values of each b value image to
b = 0 s/mm2 image in all samples of the three schemes, which

increased by 2.6% on average after aﬃne transformation and
73.32% after nonrigid registration.
Furthermore, to compare the compensation accuracy of
the low b value b = 100 s/mm2 image subset with the high
b value b = 500, 800 s/mm2 image subsets, in the three
schemes, the paired t-test is implemented. The subsets’ statistics results are shown in Figure 5.
In terms of NMI, Figure 5 shows that the aligned correlation in the “FFD” scheme is higher than that in the “no processing” and “aﬃne” schemes with the respective mean NMI
values of 1.3146, 1.3346, and 2.1696 for b = 100 s/mm2 ,
1.1284, 1.1627, and 1.9675 for b = 100 s/mm2 , and 0.9482,
1.0133, and 1.8420 for b = 800 s/mm2 . NMI tends to decrease
gradually with increasing b values in the three schemes. The
results show that NMI values are signiﬁcantly diﬀerent
between the “no processing” and “FFD” schemes.
4.4. Quantitative Analysis of ADC Values. The third experiment seeks to compare the ADC values across the three
schemes and evaluate the eﬀect of the registration. The
ADC median, homogeneity (using interquartile ranges
(IQRs) [31]), mean level of diﬀusion (mean value) of ROIs,
and the reproducibility (using the standard deviation (STD)
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Table 2: Mean value, median value, and interquartile ranges (IQRs) of ADC values of ROI A.

Case 1

Case 2

Case 3

Case 4

Case 5

Case 6

Case 7

Case 8

Case 9

Case 10

ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean

No processing
1.0223
1.0783
1.0122
0.8718
0.95283
0.94842
0.7015
0.9460
1.0927
1.2350
1.1309
1.3482
1.0299
1.1452
0.8864
1.0833
1.0994
0.8550
0.8444
1.1060
1.5310
1.7388
1.6751
1.5764
0.7816
0.7934
0.6996
0.9801
1.2127

Aﬃne
1.0210
1.0165
1.0166
0.8643
0.95735
0.95098
0.7474
1.0262
1.3608
0.9852
0.9509
1.2789
1.0054
1.0806
0.8529
0.9710
1.0265
0.89675
0.8440
1.1296
1.5939
1.7637
1.6630
1.5617
0.7363
0.7469
0.6860
0.9200
1.2478

Nonrigid
1.0254
1.0312
1.0291
0.8333
1.0243
1.0026
0.7198
1.0247
0.9896
0.9813
0.9042
1.2425
0.9795
1.0023
0.7936
0.9115
1.1976
0.81655
0.8330
1.1780
1.5410
1.7112
1.7845
1.5488
0.6901
0.6692
0.6778
0.9302
1.2043

Case 11

Case 12

Case 13

Case 14

Case 15

Case 16

Case 17

Case 18

Case 19

IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR
ADC median
Mean
IQR

No processing
1.6132
0.6351
1.0238
1.0282
0.6161
0.9565
0.9780
0.9387
1.2657
1.1897
1.0832
1.7366
2.0324
1.2260
1.9196
2.5168
1.0859
1.2464
0.9431
0.8975
1.3103
1.2911
0.9277
1.4199
1.2304
0.3949
0.9149
0.9547

Aﬃne
1.6954
0.6318
1.4928
1.5977
0.5463
1.1463
1.1532
0.9678
1.3359
1.2429
1.1090
1.7929
2.1214
1.1649
1.9111
2.4777
1.0600
1.3655
0.9959
0.8090
1.6779
1.9409
0.9185
0.9185
1.2366
0.4006
1.0515
1.1746

Nonrigid
1.5387
0.5758
1.1099
1.1027
0.4804
0.7726
0.8041
0.8982
1.3019
1.2441
0.4436
0.9207
0.9971
1.0726
1.6321
2.1027
1.0531
1.2247
0.7185
0.6590
1.0683
0.9682
0.8545
1.2287
1.0727
0.2846
0.8216
0.7876

All values are given in μm2 /ms.

of ADCs) across the three schemes are analyzed quantitatively with all samples. Paired t-tests are used to compare
the distributions of the median ADC values, IQR, and mean
values obtained in the three schemes.
The mean value, median value, and IQR computed from
the ROI A of all datasets are reported in Table 2 and shown
graphically in Figure 6. For a given dataset, the above quantitative parameters calculated from the two ROIs are quite
similar. For all datasets, these parameters have a normal distribution. The main results corresponding to the average of
the median ADCs, mean values, and IQRs of two ROIs are
presented in Table 3.
The median ADCs of ROI A are 0.9523 in the “no processing” scheme, 0.9193 in the “aﬃne” scheme, and 0.8385
in the “FFD” scheme. For ROI B, the respective median
ADCs are 1.0707, 1.0335, and 0.9427. Statistics suggest that
for ROI A, the median ADCs obtained in the “no processing”
scheme are always higher compared with the “aﬃne” (3.6%)
and “FFD” (13.6%) schemes. The same trend occurs in ROI
B. The respective mean ADCs of ROI A are 1.2070, 1.2388,
and 1.1000 in the three schemes. For ROI B, the mean ADCs

are 1.3543, 1.3900, and 1.2342, respectively. For both ROIs,
the lowest mean ADCs are obtained in the “FFD” scheme,
which indicates that the number of error values is partly
reduced. Given a dataset, IQRs (characterizing the homogeneity of the ADCs) within both ROIs are lower with FFD
registration than when “no processing” or “aﬃne” transformation is applied to the images. Table 4 shows that STDs
are in general reduced in the “FFD” scheme, with respect to
the “no processing” and “aﬃne” schemes.
4.5. Visual Evaluation of ADC Map. ADC maps are evaluated
visually by radiologists in the three schemes. An example of
ADC maps ﬁtted with the 19th database is shown in
Figure 7. Visual inspection of the ADC maps indicates that
the “FFD” scheme improves the visual quality of the
ADC maps with respect to the “no processing” scheme
and the “aﬃne” scheme: the suspected nidus areas are better
visualized and the number of pixels for which the ﬁtting fails
to decrease. The ADC maps ﬁtted with no processing
sequence and aﬃne transformation sequence visually appear
to be similar.
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(b)

Affine

⁎
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⁎

2
1.8
1.6
1.4
1.2
1
0.8
0.6
0.4
0.2
0
No processing

IQR (휇m2/ms)

(a)

FFD

1

⁎

1.8
1.6
1.4
1.2
1
0.8
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0

Affine

Mean ADC (휇m2/ms)

1.2

No processing
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⁎⁎

No processing

⁎

1.4

(c)
Figure 6: (a) Median ADCs, (b) mean ADCs, and (c) interquartile range (IQR) of ROI A are averaged over the 19 samples. The error bars
represent the standard deviation of the measurements over 19 samples. Paired t-tests are used to compare the median ADC, mean ADC, and
IQR datasets obtained in the “aﬃne” and “FFD” schemes respect with the “no processing” scheme. ∗ P < 0 05, ∗∗ P < 0 01. Median ADCs,
mean ADCs, and IQR obtained the lowest value in the “FFD” scheme.

Table 3: Average of the median ADCs, mean values, and IQRs.
No
processing

Aﬃne

Nonrigid

0.9523
± 0.2863
1.2070
± 0.2983
1.2488
± 0.4483

0.9193
± 0.2820
1.2388
± 0.3290
1.3597
± 0.4647

0.8385
± 0.3057
1.1000
± 0.2708
1.1041
± 0.3631

1.0707
± 0.1632
1.3543
± 0.1650
1.4812
± 0.4368

1.0335
± 0.3581
1.3900
± 0.3165
1.5256
± 0.3238

0.9427
± 0.3527
1.2342
± 0.1742
1.3388
± 0.3554

(a)
ADC
median
Mean
± STD

Mean
IQR

(b)
ADC
median
Mean
± STD

Mean
IQR

All values are given in μm2 /ms. The average lines contain mean and standard
deviation values calculated with all of 19 datasets. (a) ROI A, (b) ROI B.

The ADC map obtained by 7 b values ranging from 0
to 800 s/mm2 is shown in Figure 7(a). The aﬃne and nonrigid registration results are shown in Figures 7(b) and
7(c), respectively. Alignment was assessed by two experienced radiologists who specialize in both T2WI and
DWI. The local suspicious increase of intensity is visible
in the high b value DW images. This region presents a
diﬀusion-limited change, which was detected in the corresponding ADC map shown in Figure 7(a). However, the
border of lesions is less clear in this ADC map ﬁtted with
the original images. Figure 7(b) ﬁtted with aﬃne registration images displays the location and boundaries of the
lesion more clearly. It also shows that the artifacts produced by deformation cannot be eliminated completely.
In contrast, Figure 7(c) ﬁtted with nonrigid registration
images shows obvious diﬀusion-limited changes that are
highly suspected of being PCa. It provides more accurate
reference information for aspiration biopsy. This is also
conﬁrmed by the gold standard [8] for the diagnosis of
prostate cancer. The lesion is conﬁrmed to be PCa by
TRUS biopsy with a Gleason score of 4 + 4 = 8.
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Table 4: STD of ADCs of ROI A.

No processing
Aﬃne
FFD
No processing
Aﬃne
FFD

Case1
0.6649
0.6725
0.5159
Case11
1.1471
1.5842
1.0058

Case2
0.6205
0.6179
0.4314
Case12
1.1374
1.3482
1.1089

Case3
0.7803
0.8598
0.4464
Case13
1.1949
1.2936
1.0955

Case 4
0.7346
0.6989
0.5537
Case14
1.8482
1.8832
1.3184

Case 5
0.6961
0.7861
0.5358
Case15
1.8605
1.8377
1.6354

Case 6
0.5821
0.5980
0.4364
Case16
0.9684
1.0537
0.9447

Case 7
0.8673
0.8955
0.6457
Case17
1.3349
1.5392
1.2388

Case 8
0.9296
0.9325
0.8458
Case18
1.5329
1.5870
1.3291

Case 9
0.4608
0.4781
0.3066
Case19
1.3889
1.5918
1.1266

Case10
0.8952
0.9260
0.8344

All values are given in μm2 /ms.

(a)

(b)
5
4
3
2
1
0

(c)
Figure 7: ADC maps of the 19th sample ﬁtted with DWI. Color scales are given in μm2/ms. (a) ADC map ﬁtted with original DWI; (b) ADC
map ﬁtted with aﬃne transformation DWI; (c) ADC map ﬁtted with nonrigid registration DWI.

The above evaluation and conclusion of the two radiologists illustrate that image registration is eﬀective for addressing the deformation and motion of prostate DWI.

5. Discussion and Conclusion
In this study, we proposed a semiautomatic algorithm for the
registration of prostate DWI to improve the ADC map. The
inﬂuence of this image registration algorithm on ADC quantiﬁcation was investigated in three schemes: no processing,
with aﬃne transformation, and with FFD registration of
acquired DWI.
For the method of addressing the misalignment in DWI
sequences, we apply aﬃne transformation to eliminate

interimage sliding motions and then use the nonrigid registration to correct intraimage deformations. This method
with a global aﬃne transformation is more time-eﬃcient.
NMI as the similarity measure is computed to elevate the
registration result in both the “aﬃne” and “FFD” schemes.
The increase of NMI in the nonrigid registration scheme is
distinct from that in the “aﬃne” scheme, which indicates
that the DWI is better aligned in the “FFD” scheme. It also
shows that aﬃne transformation is not suﬃcient for the
alignment of prostate DWI and that the nonrigid registration with deformation compensation is compulsory. In addition, we assume that the dynamic SNR (Figure 2) with
diﬀerent b values in DWI sequence would challenge the
validity of our algorithm. Therefore, low b = 100 s/mm2
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and high b value b = 500, 800 s/mm2 subsets extracted
from the acquired DWI are investigated. However, statistical
results (Figure 4) show that our algorithm still performs well
for diﬀerent subsets. That is, our registration algorithm has
good robustness.
The “no processing” and “aﬃne” schemes result in the
overestimation of the mean ADC values for ROI A of all
datasets, by 9.7% and 12.6%, respectively, and the IQRs are
overestimated by 13.1% and 23.1%, respectively, compared
with FFD scheme. The median ADC in the “no processing”
scheme is overestimated by 3.59% and 13.6%, respectively,
compared with that in the “aﬃne” scheme and “FFD”
scheme. Variability measure (STD) is generally improved
with FFD registration. Similar trends also appear in ROI B
for median and mean ADCs. However, IQR values of ROI
B have no signiﬁcant diﬀerence with or without registration.
This indicates that the registration algorithm can make the
lesion boundaries clearer in the inhomogeneous region
(ROI A). These eﬀects are visually conﬁrmed in Figure 7.
These results indicate that FFD registration signiﬁcantly
improves the visual quality of ADC maps. It also suggests
that the eﬀect of registration on the ADC maps is mainly
determined by the deformation compensation of the prostate. This compensation of deformation is inﬂuenced deﬁnitively by the FFD grid resolution: a higher resolution
would obtain a better eﬀect. However, higher resolution is
time-consuming, so the highest resolution in this paper is
limited to within 90 × 90. The experimental results indicate
that the algorithm with this resolution is capable to be suﬃciently accurate.
The radiologists observed and analyzed the malignant
regions while reviewing these T2-weighted images and
DWI and ADC maps. They found that the ADC maps are
valid in the “aﬃne” and “FFD” schemes. The ADC maps of
the “FFD” scheme provide the most details for the clinical
staging of PCa. Therefore, the ADC maps of the “FFD”
scheme are accepted by radiologists and correspond with
the clinical diagnosis. The registration algorithm can eliminate the drift and deformation of the acquired DWI. This
indicates that our method in this study is eﬃcient.
In conclusion, this study shows that image registration
can correct the misalignment of prostate DWI and improve
ADC maps. The clinicians believe that the ADC maps
obtained from the registered DWI are more eﬀective for the
detection, diagnosis, and staging of PCa. For future work, it
could be interesting to compare this method with the use of
a nonrigid 3-D transformation model, correcting for both
intraslice and interslice motions.
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High-intensity focused ultrasound (HIFU) is a minimally invasive therapy modality in which ultrasound beams are concentrated at
a focal region, producing a rise of temperature and selective ablation within the focal volume and leaving surrounding tissues intact.
HIFU has been proposed for the safe ablation of both malignant and benign tissues and as an agent for drug delivery. Magnetic
resonance imaging (MRI) has been proposed as guidance and monitoring method for the therapy. The identiﬁcation of regions
of interest is a crucial procedure in HIFU therapy planning. This procedure is performed in the MR images. The purpose of the
present research work is to implement a time-eﬃcient and functional segmentation scheme, based on the watershed
segmentation algorithm, for the MR images used for the HIFU therapy planning. The achievement of a segmentation process
with functional results is feasible, but preliminary image processing steps are required in order to deﬁne the markers for the
segmentation algorithm. Moreover, the segmentation scheme is applied in parallel to an MR image data set through the use of a
thread pool, achieving a near real-time execution and making a contribution to solve the time-consuming problem of the HIFU
therapy planning.

1. Introduction
High-intensity focused ultrasound (HIFU) is a minimally
invasive therapy modality in which ultrasound beams are
concentrated at a focal region, producing a rise of temperature and selective ablation within the focal volume
and leaving surrounding tissues intact [1]. HIFU has been
proposed for the safe ablation of both malignant and
benign tissues and as an agent for drug delivery [2]. Magnetic
resonance imaging (MRI) has been proposed for guidance
and monitoring for the therapy as it provides anatomical
images with an adequate spatial resolution. On the other
hand, MRI is sensitive to temperature changes [3]. The
combination of HIFU and MRI is known as magnetic
resonance-guided HIFU (MRgHIFU). The objects that are
found in a HIFU treatment include the ultrasonic transducer,

acoustic coupling medium (such as water, oil, and gel pads),
and the tissue to be treated as shown in Figure 1.
In MRgHIFU therapy planning, the identiﬁcation of
regions of interest, such as regions within the tissue and
around the transducer, is performed in order to deﬁne the
target tissue region and the transducer position along with
the localization of its geometric focus. Several MR images
are used to cover the volume of interest to be treated. Once
the position of the geometric focus (focal point) is obtained,
it is guided towards the target tissue [4]. If a proper identiﬁcation is achieved, it would be possible to calculate in advance
the eﬀects of the application of the therapy, given the current
distribution of regions of interest. Image segmentation algorithms have been proposed as an alternative to the manual
identiﬁcation of the regions of interest, a time-consuming
problem in the therapy planning [5]. This problem becomes
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Figure 1: Objects in the HIFU therapy.

more noticeable if several images are required for the therapy
planning. Diﬀerent image segmentation techniques can be
used for the identiﬁcation of regions. The watershed transform [6] is a popular segmentation method in medical
imaging [7]. Segmentation of MR images, with solutions
based on the watershed segmentation algorithm, has been
proposed before in other studies. In [7], an improvement
to the watershed transform that enables the introduction
of prior information in its calculation, in the form of
markers generated from atlases, was presented. With the
additional information, they limited the oversegmentation
that occurs when segmenting medical images. The authors
applied the algorithm to knee cartilage segmentation and
white matter/gray matter segmentation in MR images, while
demonstrating similar or superior performance to that of
manual segmentation by experts, at an average of 0.94. To
get a precise liver segmentation in abdominal MR images,
Masoumi et al. [8] proposed an algorithm that utilizes MLP
neural networks to extract features of the liver region to be
used with the watershed algorithm. The extracted features
are used to monitor the quality of the segmentation using
the watershed transform and adjust the required parameters
automatically. The average accuracy they achieved was 0.94
while running faster than other methods. Similar approaches
have been used in [9, 10], to segment regions in brain and
breast images in order to help with medical diagnosis,
speciﬁcally cancer for the latter.
The fast execution of an image segmentation task has
been an object of particular interest and has been addressed
before in Shasidhar et al. [11] performing modiﬁcations in
the standard segmentation algorithm and in Rowińska and
Gocławski [12] using graphics processing units (GPUs) as
an alternative to improve the execution of the segmentation
algorithm. Both approaches work with the fuzzy c-means
(FCM) algorithm. Approaches that consider diﬀerent segmentation algorithms could be implemented.

The purpose of the present research work is to implement
an eﬃcient segmentation scheme for the MR images used for
the HIFU therapy planning. In addition, it is intended that
the implementation works in near real-time (i.e., that the
segmented images are available after a time delay introduced
by the segmentation process itself [13]) in order to address
the time-consuming problem of the therapy planning. The
segmentation scheme is based on the watershed method for
the identiﬁcation of the regions that are found on the HIFU
treatment. Since the segmentation process is intended to be
performed on a large amount of MR images, a thread pool
was implemented in order to take advantage of all the available CPU cores for processing. This reduced the processing
time of the group of MR images, but not the processing time
of the watershed segmentation algorithm. The employed MR
images of the present research work were obtained from a
study of the distribution of heat during abscess treatment
in a murine model where the transducer was positioned
vis-à-vis the desired target [14].

2. Materials and Methods
An experimental protocol for the modeling of the thermal
eﬀects of the ultrasound is proposed. T1-weighted MR
images were obtained from a study of the distribution of heat
during abscess treatment in a murine model using a 3T MRI
scanner (Achieva, Philips Healthcare). The transducer was
positioned vis-à-vis the desired target. The protocol for this
study was approved by the Lakehead University Animal Care
Committee. The setup for the study is shown in Figure 2.
2.1. Magnetic Resonance Images. Transverse and sagittal T1weighted MR images were obtained with a 3T MRI scanner
(Achieva, Philips Healthcare). The ﬁeld-of-view (FOV) is
120 × 120 × 48 mm. Voxel size is 0.5 mm, and the slice thickness is 2 mm [14]. Intensity inhomogeneity is present in the
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Figure 2: The experimental setup for abscess treatment in mice with focused ultrasound guided by MRI [14].
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Figure 3: Main regions in the MR image (transverse image).

MR images. The regions to be identiﬁed are air, tissue,
gel-pad, water, and transducer as shown in Figure 3.

segmentation, a common application is the extraction of
nearly uniform objects from the background [15].

2.2. Watershed Segmentation Algorithm for Image
Segmentation. The watershed algorithm is based on visualizing an image in three dimensions: two spatial coordinates
and an intensity value. In the algorithm, three categories of
points are considered: points that belong to a regional
minimum, points at which a hypothetical drop of water,
if placed at the location of any of those points, would fall
with certainty to a single minimum and points at which
water would equally fall to more than one minimum.
For a given regional minimum, the set of points satisfying
the second condition is called “catchment basin.” The
points satisfying the third condition form crest lines on
the surface and are known as “watershed lines.” In watershed

2.2.1. The Use of Markers in Watershed Segmentation
Algorithm. If the watershed segmentation algorithm is
applied directly to the image, oversegmentation will be
obtained due to irregularities in the image, yielding a useless
result [7, 15]. Oversegmentation is controlled by means of
markers, as a tool that brings additional knowledge to the
segmentation algorithm. For the generation of markers, two
main steps should be considered: preprocessing and deﬁnition of criteria that markers must fulﬁll [15].
For the proposed segmentation scheme, during preprocessing, noise is removed using a Gaussian ﬁlter. Then,
ﬁve separate markers were deﬁned for the watershed segmentation algorithm: three internal (tissue, gel-pad, and
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Figure 4: Deﬁnition of markers for the watershed segmentation algorithm. The image with the required markers to perform the segmentation
is labeled as “MARKERS.”

transducer) and two external (air and water). All the markers
were stored in a separate image, each with a diﬀerent value
(so that the watershed algorithm could diﬀerentiate each
one) and a black background.
The overall process to select the markers for the watershed segmentation algorithm is shown in Figure 4.
2.2.2. Deﬁnition of the Gel-Pad and Tissue Region Markers.
The ﬁrst step was to separate the air, gel-pad, and tissue from
the transducer and the water. By reviewing the images in all
of the groups, it was identiﬁed that the gel-pad and tissue
are always present before the column 75 of the images and
that the tissue is always smaller than the gel-pad. This
information was used to create the markers for the air, tissue
and gel-pad from the left image (henceforth called gel-tissue
image), and the marker for the transducer and water from the
right image (henceforth called transducer image).
The gel-pad region was inscribed as a rectangular region.
An algorithm to ﬁnd the largest rectangle submatrix on a
binary matrix [16] was used on the gel-tissue image. The
gel-tissue image was binarized using an intensity of 15 in a
grayscale of 256 gray levels, and, since the gel-pad was larger
than the tissue, the maximum rectangle found in the image
was inscribed in the gel-pad.
To obtain the marker for the tissue region, the gel-tissue
image was divided taking the column that corresponds to
the upper left corner of the gel-pad marker as frontier. A

binary matrix was obtained using a threshold of 13. A
median blur ﬁlter, with a blur window of 3, was used in
order to improve the shape of the tissue contours. From
the resulting binary image, the contours of the tissue
region were obtained with the “ﬁndContours” function in
OpevCV [17]. If more than one contour was present, the
one with the largest area was selected as the tissue marker.
2.2.3. Deﬁnition of the Air Region Marker. The tissue marker
was used as the base for the air marker. It was ﬁlled with a
diﬀerent value than the air marker, and then a convolution
using the kernel {{1, 1, 1}, {1, 0, 1}, and {1, 1, 1}} was performed until there were no black pixels within the tissue.
The air region resulted from the negative mask of the convoluted tissue region. The resulting binary image was eroded
two times in order to have a separation between the marker
of the air region and the marker of the tissue region.
2.2.4. Deﬁnition of the Transducer Region Marker. A binary
threshold with an intensity of 10 was applied to the transducer image that was previously obtained. Then, a median
ﬁlter was used to remove any noise surrounding the transducer region. Finally, the contours of the image were found
with the “ﬁndContours,” “approxPolyDP,” and “drawContours” functions. An additional marker was needed for the
transducer object: the hole inside it. To obtain it, the largest
rectangle was found within the transducer marker, and the
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(a)

(b)

Figure 5: Application of the watershed segmentation algorithm with markers. (a) Image containing all the generated markers.
(b) Segmentation of the regions of interest with the watershed algorithm.

area inside of the rectangle was segmented and thresholded
with an intensity of 13. All the black pixels were converted
to the hole’s value, and all white pixels were turned into
black so that only the hole remained. Finally, a median ﬁlter
was used to remove any pixels that were not part of the
transducer hole.
2.2.5. Deﬁnition of the Water Region Marker. The transducer
marker was used as the base for the water marker. The
complement of the transducer marker was obtained and
was consequently eroded twice so that there existed a separation of the water and transducer regions.
2.3. Processing of Image Groups. Once all the markers are
generated, a marker image that contains them was created.
A sample of all the markers in a single image can be seen in
Figure 5(a). That marker image can be used with the watershed algorithm to segment the ﬁve regions of interest. The
result of a segmentation of a sample image can be seen in
Figure 5(b).
The segmentation has to be performed on a group (data
set) of 224 MR images. In order to achieve a near real-time
processing, a thread pool was used to apply the proposed
solution to the data set in parallel.
In order to carry out the thread pool tests, the data set was
segmented using the watershed segmentation algorithm
(with markers). A Hewlett-Packard (HP) Z420 workstation
with a 4x Intel® Xeon® CPU E5-1607 v2 @3.00GHz processor and 8GB RAM was used for the segmentation. The
processor has four cores, and the operating system in this
workstation is Ubuntu 14.04.1 LTS. The segmentation of
the data set is done with two experiments: using one CPU
core in the thread pool and using four CPU cores in the
thread pool.

3. Results
F-measure was considered for the evaluation of the image
segmentation quality [18]. This evaluation method has been

used for the evaluation of the segmentation quality in
previous research work [4].
Segmentation of the ﬁve regions of interest (air, tissue,
gel-pad, transducer, and water regions) was performed with
the watershed segmentation algorithm using markers over
the group of MR images. The obtained results, evaluated
with F-measure, are shown in the set of boxplots in
Figure 6. In the ﬁgure, the air, tissue, gel-pad, transducer,
and water regions are labeled as “Air,” “Tissue,” “Gel-Pad,”
“XDCR,” and “Water,” respectively.
When the segmentation was performed with one thread
in the thread pool, the segmentation process was carried
out using all the CPU cores available at diﬀerent times as
shown in Figure 7, resulting in an average execution time of
11.8811 sec. When the segmentation was performed with
four threads in the thread pool, as shown in Figure 8, the
execution time was 3.0682 sec.

4. Discussion
The use of watershed segmentation algorithm with markers
yielded results that were evaluated with F-measure with
medians above 0.8 for each region as shown in Figure 6.
The use of watershed segmentation algorithm with
markers yielded results that were evaluated with F-measure.
For the air region, the obtained medians were 0.9657 and
0.9510 in transverse and sagittal images, respectively. For
the transducer regions the obtained medians were 0.9416
and 0.8821 in transverse and sagittal images, respectively.
For the water region, the obtained medians were 0.9769
and 0.9459 in transverse and sagittal images, respectively.
In the case of the tissue region, the obtained minimum values
were 0.6219 and 0.5954 in transverse and sagittal images,
respectively. Despite this fact, the results as a group yielded
medians of 0.9224 and 0.9241 in transverse and sagittal
images, respectively. On the other hand, for the gel-pad
region, the obtained minimum value was 0.5701 in sagittal
images. Despite this fact, the results as a group yielded a
median of 0.9553 in this case.

6

Journal of Healthcare Engineering

1.0

F‑measure

0.8

0.6

0.4

0.2

Water_s

XDCR_s

Gel‑pad_s

Tissue_s

Air_s

Water_t

XDCR_t

Gel‑pad_t

Tissue_t

Air_t

0.0

Region

Figure 6: Watershed segmentation using markers in each region of interest. The letters “t” and “s” stand for transverse and sagittal planes,
respectively. This graph was generated with R [19].
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Figure 7: Segmentation process considering one CPU core in the
thread pool displayed in the system monitor of the HP Z420
workstation. For a group of 224 images, the total execution time
was 11.8811 sec.

Figure 8: Segmentation process considering one CPU core in the
thread pool displayed in the system monitor of the HP Z420
workstation. For a group of 224 images, the total execution time
was 3.0682 sec.

From the thread pool results shown in Figures 7 and 8, it
can be appreciated that in both cases, the CPU is using all its
cores to perform a given segmentation task. However, the
conﬁguration of the thread pool considering the maximum
number of cores (in this case, the use of four cores) makes
the CPU work with its resources at the maximum capacity
and at the same time. This results in the performance of the
task in less time than using the conﬁguration of one single
core in the thread pool. An average speedup of 3.8723 in
comparison with the version that only uses a single CPU core

was obtained. This average speedup could be increased further if more CPU cores were available.

5. Conclusions
The implementation of the watershed segmentation algorithm with markers was carried out to address the problem
of segmentation of MR images for the HIFU therapy planning. The achievement of the best possible identiﬁcation of
objects in the MR images was sought through the previous
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knowledge of the image features in order to generate proper
markers for the watershed segmentation algorithm. Moreover, it was intended to achieve a time-eﬃcient segmentation
process when working with image groups.
The achievement of a functional segmentation process is
feasible, but the preliminary image processing steps are
required in order to deﬁne the markers for the segmentation
algorithm. Despite the presence of intensity inhomogeneity
in the employed MR images, the use of segmentation methods
especially designed to address this problem was not necessary
at all because the watershed segmentation algorithm with
markers proved to have enough capacity to deal with this
problem, still yielding functional segmentation results.
In order to improve the segmentation accuracy, the
generation of the markers could be reevaluated. Currently,
the markers are generated with information obtained from
previous observation of the images. However, as can be seen
in Figure 6, there were some cases in which the segmentation
accuracy was really low, at around 50%. Using techniques
such as neural networks [8] to generate the markers could
help improve the segmentation accuracy.
By using a thread pool to apply the segmentation scheme
to all the MR images of a given data set, a near real-time
execution was achieved. This represents an additional contribution to solve the time-consuming problem of the HIFU
therapy planning.
Another alternative that could be considered to reduce
execution time is parallel processing with graphics processing
units (GPUs). However, there were some limitations with the
data set, primarily that the images are too small, so a redeﬁnition of the proposed solution in order to align it with a
GPU scheme is required.
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A new and eﬀective feature ensemble with a multistage classiﬁcation is proposed to be implemented in a computer-aided diagnosis
(CAD) system for breast cancer diagnosis. A publicly available mammogram image dataset collected during the Image Retrieval in
Medical Applications (IRMA) project is utilized to verify the suggested feature ensemble and multistage classiﬁcation. In achieving
the CAD system, feature extraction is performed on the mammogram region of interest (ROI) images which are preprocessed by
applying a histogram equalization followed by a nonlocal means ﬁltering. The proposed feature ensemble is formed by
concatenating the local conﬁguration pattern-based, statistical, and frequency domain features. The classiﬁcation process of
these features is implemented in three cases: a one-stage study, a two-stage study, and a three-stage study. Eight well-known
classiﬁers are used in all cases of this multistage classiﬁcation scheme. Additionally, the results of the classiﬁers that provide the
top three performances are combined via a majority voting technique to improve the recognition accuracy on both two- and
three-stage studies. A maximum of 85.47%, 88.79%, and 93.52% classiﬁcation accuracies are attained by the one-, two-, and
three-stage studies, respectively. The proposed multistage classiﬁcation scheme is more eﬀective than the single-stage
classiﬁcation for breast cancer diagnosis.

1. Introduction
Cancer is a group of body cells that grow and proliferate
abnormally and uncontrollably because of damaged DNA
(deoxyribonucleic acid). This group of body cells, known as
tumors, may be either benign or malignant. Benign tumors
are not cancerous and life-threatening as they do not spread
to other tissues or organs of the body. In stark contrast to
benign tumors, malignant ones tend to be metastasized and
may generally be fatal.
Breast cancer originates in a breast tissue. It is the most
frequently diagnosed cancer among women, and it is 100
times more common in women than in men [1]. Worldwide,
breast cancer is the second major cause of female deaths
resulting from cancer [2]. There is no known way to prevent
breast cancer, but mortality can be reduced with early diagnosis [3]. Radiological screening is the most important action
to take for early diagnosis [4]. Although mammography is

known as the most eﬀective radiological screening technique
both for breast investigation and diagnosis, the subtle diﬀerence of X-ray permeability between normal and abnormal
regions makes cancer detection diﬃcult [5]. This diﬃculty
is aggravated as the breast tissue type becomes denser. Moreover, human factors heavily aﬀect the interpretation of mammogram images. A computer-aided diagnosis (CAD) system
detects and diagnoses cancer without these negative factors
[6]. Hence, using a CAD system increases the sensitivity of
cancer detection by providing radiologists a second opinion.
Classiﬁcation accuracy of CAD systems is directly
aﬀected by detection of suspicious regions for breast cancer,
namely region of interest (ROI), from whole-breast mammogram images. Besides the low-contrast problem, the digitization noise in mammograms also aﬀects the success of
ROI detection negatively; and noise reduction is required
to improve the image quality [7, 8]. Hence, preprocessing
is necessary and should be the ﬁrst of the four stages in a
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CAD system. Some studies have tried to overcome the
problem of low contrast using histogram processing operations [8–11], morphological operations [12], and statistics
theory [13], while unsharp ﬁltering [8], wavelet transform
[12, 13], and median ﬁltering [14, 15] are the most common
noise reduction.
In the second stage of a CAD system, the ROIs are
detected from entire breast images. ROI detection in the
past decade was generally performed using wavelet transforms [16], segmentation algorithms [17, 18], and edge
operators [19].
The eﬃciency of a CAD system is directly related to the
eﬃcacy of data representation. Feature extraction, which is
the third stage, is an undoubtedly important task for pattern
recognition and is implemented with a remarkable number
of techniques in several studies. Speciﬁcally, there are statistical techniques [20–25], model-based techniques [26, 27],
graph-theoretic approaches [28], and signal processing techniques that compute breast tissue features from pixel characteristics [22, 29] or frequency spectrum [21, 23, 24, 30–32]
for breast cancer diagnosis on a mammographic image.
Additionally, there are various studies using mammographic
features [20, 33–36] like shape, spicule index, contour, size,
density, and brightness.
Finally, in the fourth stage, extracted discriminative
features are used for the classiﬁcation of ROIs into normal,
benign, and malignant lesions. Artiﬁcial neural networks
[20, 27, 29, 36, 37], support vector machines (SVMs)
[20, 25, 30, 31, 33, 38, 39], subspace learning algorithms
[22, 25, 38, 39], Bayes, decision tree, and k-nearest neighbor classiﬁers [20, 25] are well-known classiﬁers used for
mammogram classiﬁcation.
Mammogram-based breast cancer diagnosis studies can
be categorized as microcalciﬁcation detection, mass detection, and mass recognition. Pal et al. presented a multistage
system for microcalciﬁcation detection [27]. This multistage
system ﬁrst classiﬁes a mammogram image as normal or
abnormal; then, for an abnormal image, it detects the regions
with microcalciﬁcation. The authors extracted statistical features on manually detected ROIs and implemented feature
selection and classiﬁcation using a multilayer perceptron
neural network [27]. Lado et al. developed an extended generalized additive model (GAM) involving interaction of
breast tissue factors to reduce the false-positive rate for
microcalciﬁcation detection [16]. The authors stated that
the false-positive rate has decreased to 0.74 per image from
1.46 when the breast tissue type is integrated into the
GAM. Similarly, Malar et al. studied the eﬀectiveness of
breast tissue type integration on microcalciﬁcation detection
using an extreme learning machine and achieved an accuracy
of 94% using wavelet-based features [40]. Since the number
of cells with microcalciﬁcation is smaller than the number
of healthy cells, microcalciﬁcation detection is an unbalanced
classiﬁcation problem. Bria et al. proposed a cascaded ﬁveclassiﬁer approach to eliminate the predominance of healthy
cells [41]. In this approach, the ﬁrst classiﬁer initially discriminates the normal and abnormal cells and later benign
microcalciﬁcation clusters (μCs) and false detections of normal cells are eliminated using a RankBoost classiﬁer. The
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resultant malignant μCs are evaluated by the next classiﬁer,
and the process goes on until the μCs from the last classiﬁer
are obtained. Ultimately, ﬁnal μCs are selected according
to their probability maps with 93% accuracy. Kekre et al.
[17, 18] segmented mammogram images using a vector
quantization technique for mass detection. They computed
the areas of each region on the segmented images and classiﬁed the region having the largest area as a mass. Hachama
et al. used an image registration for mass detection [42].
Savitha et al. suggested that analyzing mammogram images
in the complex plane will increase the accuracy of mass
detection [43]. They mapped the mammogram images into
a complex plane and classiﬁed them using a fully complexvalued relaxation neural network with an accuracy of
97.84%. Vallez et al. stated that lesion detection and recognition accuracy can be increased by using predeﬁned breast
tissue type information [25]. The classiﬁcation accuracy rate
has been increased to 91% from 78% in their study. Guliato
et al. suggested that the previously proposed polygonal
modeling [44] is an eﬀective method for mammogram classiﬁcation as it helps in noise reduction while preserving the
important features [45]. Oliver et al. proposed a knowledgebased approach for the automatic detection of microcalciﬁcations and clusters in mammographic images [37]. In this
approach, local features that characterize the morphology
of microcalciﬁcations are ﬁrst extracted to create a dictionary
of visual words by a bank of ﬁlters. Then, feature selection is
accomplished by using a boosted classiﬁer for microcalciﬁcation detection. Finally, the cluster detection is achieved at
80% sensitivity by locally integrating the individual microcalciﬁcation probability images.
In this paper, a new and eﬀective feature ensemble with a
multistage classiﬁcation is proposed to be implemented in a
CAD system for breast cancer diagnosis. The result is veriﬁed
using a publicly available mammogram image dataset collected during the Image Retrieval in Medical Applications
(IRMA) project. For the preprocessing stages, contrast
enhancement and noise reduction operations are ﬁrst executed on each mammogram ROI in the database by applying
a histogram equalization followed by a nonlocal means
(NLM) ﬁltering [46]. The local conﬁguration pattern (LCP)
algorithm [47] is then applied to obtain LCP-based feature
vectors from the mammographic images. Then, some statistical and frequency-domain features are extracted and
concatenated with the LCP-based feature vectors. Eventually,
these feature vectors formed by LCP-based, statistical, and
frequency-domain features are classiﬁed as normal, benign,
and malignant using eight diﬀerent popular classiﬁers via
cross validation. The classiﬁcation process is performed in
three diﬀerent cases in this study. In the ﬁrst case, called a
one-stage study, the feature vectors are directly classiﬁed
into three classes. In the second case, called a two-stage
study, the feature vectors are initially categorized according
to their breast tissue types, and are subsequently classiﬁed as
normal, benign, and malignant. In the third case, called a
three-stage study, the feature vectors are ﬁrst classiﬁed
according to their breast tissue types. Afterward, they are
classiﬁed as normal and abnormal. At the third stage of this
case, the feature vectors labeled as abnormal classes are
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categorized as benign and malignant. Moreover, a classiﬁer
combination via a majority voting of the most successful
three classiﬁers is employed for both the two- and threestage studies.
This paper is organized as follows. The preprocessing
and the whole feature extraction procedure realized in
this paper are explicated and all of the classiﬁcation
methods and the evaluation metrics are brieﬂy described
in the following section. Discussions on the experimental
studies and the obtained results are given in Section 3,
whereas the main conclusions are precisely speciﬁed in
the last section.

2. Materials and Methods
2.1. Database. It is very important to work on images with
their ground truths for medical imaging applications [48].
In this study, a publicly available mammogram dataset constructed during the IRMA project is used [49]. This dataset
consists of 12 classes deﬁned by the Breast Imaging Reporting and Data System (BI-RADS). There are four breast
tissue classes (fatty, ﬁbroglandular, heterogeneously dense,
and extremely dense) and three health status classes (normal, benign tumor, and malignant tumor) for each breast
tissue type. There are 233 mammogram ROI parts, lowerdimensional mammogram images that consist of just
healthy/cancerous regions of the whole breast, for each
class, and therefore, a total of 2796 parts are available in
the dataset [49]. The ROI parts of each class are classiﬁed
using cross-validation technique. It implicitly means that
210 of 233 parts (90%) in each class are used for training
while the remaining 23 of 233 parts (10%) are treated as
the test parts. The process is repeated for each fold in the
cross-validation technique, and the average classiﬁcation
accuracy for each classiﬁer is obtained.
2.2. Preprocessing. In the preprocessing stage, a histogram
equalization followed by the NLM ﬁltering is applied on the
mammogram parts [48]. The NLM ﬁlter is an adaptive
smoothing ﬁlter that changes the window size according to
the similarity between neighborhoods of any two pixels as
well as preserves the ﬁne details by computing a weighting
function according to the derivatives in the corresponding
search window [46, 48]. Given a discrete noisy image
v = v i i ∈ I , the ﬁltered value NL v i of any pixel is computed as
NL v i = 〠 w i, j ⋅ v j ,
j∈I

understood by analyzing (2). Z i and h in (2) refer to the
normalizing constant and the degree of ﬁltering, respectively.
w i, j =

Zi = 〠 e

2

v N i −v N j

− v N i −v N j

2,σ

2
2,σ

/h2

,

/h2
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3

j

2.3. Feature Extraction. The most essential stage in CAD
systems, as well as in any pattern recognition problem, is
the feature extraction in which data is represented in a lowdimensional space by the most descriptive features that
maximize and characterize the interclass diﬀerences. In this
study, three groups of features are concatenated to construct the feature vectors. The ﬁrst group is LCP-based
features obtained using LCP algorithm, while the second
and third groups are some statistical and frequencydomain features, respectively.
2.3.1. Local Conﬁguration Pattern. The local binary pattern
(LBP) is generally used for face representation and recognition in the past two decades [50–52], and it is a grayscale
and rotation-invariant feature extraction technique presented by Ojala et al. [53].
The grayscale-independent LBP representation of an
image I is obtained by thresholding P neighbors in the circular neighborhood of radius R with the intensity value of the
central pixel as given in (4).
P−1

LBP P, R = 〠 u gi − gc ⋅ 2i ,

4

i=0

ux =

1,

x≥0

0,

x<0

5

The terms gi and gc in (4) denote the intensity values
of the neighboring pixel i and central pixel c, respectively.
The rotation-invariant LBP-based feature vectors are
described by the idea of rotating each bit pattern circularly
to a minimum value ending up with the maximum value as
the last element of the feature vectors. Equation (6) introduces the mathematical representation of this idea where
the term LBPriu2 refers to the rotation-invariant LBP-based
feature vectors.
P−1

1

where w i, j refers to the weight coeﬃcient computed utilizing the similarity between pixels i and j and satisﬁes the conditions 0 ≤ w i, j ≤ 1 and ∑j w i, j = 1.
The similarity between pixels i and j is measured as the
Gaussian weighted Euclidean distance, v N i − v N j 22,σ ,
where σ σ > 0 is the standard deviation of the Gaussian
kernel, whereas v N i and v N j are the neighborhoods of
pixels i and j in the similarity window [48]. The pixels with
larger weights indicate a similar neighborhood as it can be

1 −
⋅e
Zi

LBPriu2 P, R =

〠 u gi − gc ,

U LBP P, R ≤ 2

P + 1,

otherwise

i=0

6
The quantization of gray-level diﬀerences to binary levels
sometimes causes undesirably the same LBP representations
although the neighborhoods are relatively diﬀerent. This
problem is solved by computing the local variance VAR
of each pattern, and the joint histogram O is formed. μ in
(7) refers to the average intensity of the neighboring pixels.
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VAR =
O=

1 P−1
〠 g − μ 2,
P i=0 i

7

LBPriu2
VAR

8

H 1 O1 … H q−1 Oq−1 ,

N

Energy

〠 X 2i
i=1

Mean

The LBP algorithm is stated to be an eﬀective technique
for detecting local structures; however, the LBPriu2 feature
vectors for patterns having equal variances may be the same
although they have diﬀerent conﬁgurations [47]. Guo et al.
proposed a microscopic (MiC) descriptor that deﬁnes the
microscopic conﬁguration of an image by a linear conﬁguration model as a solution to this problem [47]. In this model,
the optimal weights AL of the neighboring pixels are calculated via the least square estimation technique to form the
central pixel. For the conservation of being a rotationally
invariant characteristic, a one-dimensional Fourier transform of optimal weight vectors is computed and H L values
are obtained. The magnitude of H L is deﬁned as the MiC feature of a pattern.
The local conﬁguration pattern (LCP) is a technique that
describes the local structures and microscopic conﬁguration
of a pattern together, where the LCP-based feature vector of
an image is obtained by concatenating the microscopic conﬁguration of each pattern in an image with their joint histogram as [24]
LCP = H 0 O0

Table 1: Statistical features and their mathematical representations.

9

where q is the number of patterns in an image.
2.3.2. Statistical Features. Some signiﬁcant and descriptive
statistical features of each LCP-based feature vector are calculated as the second group of features to increase the data
representability of the feature vectors. Energy is one of the
most important statistical features of any distribution, and
hence, the energy values of LCP-based feature vectors are
evaluated. The mean, maximum, minimum, and mean
energy of each LCP-based feature vector are additionally
computed as statistical features. In the statistical theory, the
variance, skewness, and kurtosis are deﬁned as variation criterions. Owing to the large variations between healthy and
cancerous regions on a mammogram image, these criterions
are also calculated. Moreover, the standard deviation, energy
variance, and area descriptor [54] of LCP-based feature
vectors are additional variation-related features used in this
study. Radiologists state that cancerous regions and malignant regions have more irregular distribution than healthy
regions and benign regions, respectively. This statement corresponds to entropy in statistics. Therefore, the entropy of
each LCP-based feature vector is calculated to measure this
irregularity as a feature. The statistical features utilized in this
study and their mathematical representations for the N × 1
dimensional feature vectors are listed in Table 1.
2.3.3. Frequency-Domain Features. The third group of features computed in this study is the frequency-domain
features. Frequency-domain features are determined by
applying a two-level two-dimensional discrete wavelet transform (2D-DWT) using Daubechies1 (db1) wavelet function

μ=

1 N
⋅〠X
N i=1 i

N
1
⋅ 〠 Xi − μ 2
N − 1 i=1
Maximum Xi i = 1, 2, …, N
Minimum Xi i = 1, 2, …, N

Variance

Var =

Maximum
Minimum
Standard deviation

σ=

var

N

1
⋅〠 X −μ
σ3 i=1 i

Skewness

1 N
⋅〠 X −μ
σ4 i=1 i
σ
μ

Kurtosis
Area descriptor [50]

μEnergy =

Mean energy

3

4

1 N 2
⋅〠X
N i=1 i

N
1
⋅ 〠 X 2i − μEnergy
N − 1 i=1

Energy variance

2

N

− 〠 p X i ⋅ log2 p X i

Entropy

i=1

on the preprocessed mammogram images, and ﬁnally, 16
sub-bands for each mammogram image are obtained. The
energy values of each sub-band are computed since the
brightness is one of the most signiﬁcant issues for breast
cancer diagnosis. db1 function is a type wavelet in wavelet
analysis. The mother function ψ t of db1 wavelet is
described as [55]
1,
ψt =

1,
0,

0≤t<

1
2

1
≤t<1
2
otherwise
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2.3.4. Feature Vector Construction. The preprocessed mammogram parts are decomposed into four sub-bands that are
LL (low-low), LH (low-high), HL (high-low), and HH
(high-high) by a one-level 2D-DWT utilizing the db1 wavelet. Several parameter values are experienced in the LCP
transform, and ultimately, the LCP algorithm is applied on
each sub-band using 8 neighbors in the circular neighborhood of radius 2. Therefore, 81 × 1 dimensional LCP vectors
of each sub-band are constructed. The endmost values in
those LCP vectors are appreciably high; therefore, they
are removed to get rid of their domination over other features. The remaining 80-dimensional feature vectors of
each sub-band LL‐LH‐HL‐HH are then weighted with
the respective coeﬃcients 1 4‐1‐1‐0 concluded as the
most eﬃcient coeﬃcients by [5]. Then, they are summed
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Table 2: Feature vector construction process.
108-dimensional feature vector content
FrequencyLCP-based feature
Statistical features
domain
vector
features
80 × 1
12 × 1
16 × 1
LLLL: energy
LLLH: energy
LCP: energy
LLHL: energy
LCP: mean
LLHH: energy
LCP: variance
LHLL: energy
LCP: maximum
LHLH: energy
LCP:
minimum
LHHL:
energy
The 80LCP: standard deviation LHHH: energy
dimensional
LCP-based feature
LCP: skewness
HLLL: energy
vector
LCP: kurtosis
HLLH: energy
LCP: area descriptor
HLHL: energy
LCP: mean energy
HLHH: energy
LCP: energy variance
HHLL: energy
LCP: entropy
HHLH: energy
HHHL: energy
HHHH: energy

T

J w =

w ⋅ SB ⋅ w
T

w ⋅ SW ⋅ w

11

,

where w , SB , and SW refer to the projection vectors and
between-class and within-class scatter matrices, respectively.
On the test stage of FLDA, any test vector is projected via
w projection vectors, and distances to the training vectors on
the low-dimensional space are calculated [48]. The decision
criterion for FLDA is given as
Ω c − Ω test

K = arg min
1≤c≤S

,

12

where c is the class index, S is the total number of classes, and
Ω c and Ω test are the projected training vector of the cth class
and the projected test vector, respectively [48].
2.4.2. Linear Discriminant Classiﬁer. Linear discriminant
classiﬁer (LDC) tries to ﬁnd the weight vectors w of a linear
hyperplane g x that separates given classes [57]. The
weight vectors of this hyperplane are deﬁned by a linear combination of training feature vectors x of each class. The
linear hyperplane is characterized by the weight vectors and
a threshold w0 as
T

g x = w ⋅ x + w0

13

up to form an 80-dimensional feature vector for each
mammogram part [48].
In order to increase the representative power of the feature vectors, 12 statistical features computed from the LCPbased feature vectors, and 16 frequency-domain features
evaluated from the sub-bands obtained by the decomposition
of the preprocessed mammogram ROI parts using the twolevel 2D-DWT are concatenated to the LCP-based feature
vectors [48]. Consequently, 108-dimensional feature vectors
are extracted from each ROI part. The statistical features
are extracted from the LCP-based feature vectors instead
of extracting them directly from the mammogram texture
to amplify the discriminative power of the LCP-based feature vectors. The frequency-domain features, which are the
energy values of each sub-band in the spatial domain, are
extracted since the brightness is one of the most signiﬁcant issues for breast cancer diagnosis, and changes in
the brightness in a mammogram image are clearly
observed in the spatial frequency. Table 2 summarizes
the feature vector construction process. In Table 2, the
phrase “LCP: energy” refers to the energy value of an
LCP vector whereas “LLLL: energy” is the energy of the
LLLL (low-low-low-low) sub-band.

The LDC assigns any test vector x test to a class according to the sign of the projection function given in (14) for a
two-class problem. The terms w1 and w2 in (14) refer to the
class labels.

2.4. Classiﬁers

where αi i = 1, 2, …, M are the nonzero quadratic coeﬃcients and b / w is the perpendicular distance between
the hyperplane and the origin, whereas w is the normal vector of the separating hyperplane [48].

2.4.1. Fisher’s Linear Discriminant Analysis. Fisher’s linear
discriminant analysis (FLDA) tries to ﬁnd a projection matrix
that projects the training data onto a low-dimensional space
that maximizes between-class variance as well as minimizing
within-class variance [48, 56]. This is known as the Fisher
maximization criterion and is deﬁned as

x test ∈

T

w1 ,

w ⋅ x test + w0 > 0

w2 ,

w ⋅ x test + w0 < 0

T

14

2.4.3. Support Vector Machines. Support vector machines
(SVMs), also known as maximum margin classiﬁers, determine the optimal hyperplane that maximizes the distance
between the hyperplane and support vectors [58]. Support
vectors are the training vectors that are nearest from each
class to the hyperplane [59]. As it can classify linearly separable data, SVM can classify nonlinear data by transforming the data to a higher-dimensional space by using an
appropriate kernel function [49]. If the training set is
TS = x 1 , L1 , x 2 , L2 , …, x M , LM
for a two-class
problem, where x i i = 1, 2, …, M is the training data
and Li Li ∈ −1, 1 is the class label, the test vector is
classiﬁed according to the sign of the function given as
f x test = 〠 αi ⋅ Li ⋅

T

x i ⋅ x test + b ,

15

2.4.4. Logistic Linear Classiﬁer. The logistic linear classiﬁer
(LLC) states that a linear hyperplane can be characterized
by the relationship between the dependent and independent
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variables of training feature vectors x [60]. In LLC, this
relationship is determined using a logistic regression analysis
by computing class-conditional probability density functions
of x vectors. The LLC model for a two-class problem is given
by (16) where p x wi , β , and β0 are the class-conditional
probability density functions of x , weight vectors for the
linear hyperplane, and a threshold value, respectively.
log

p x w1
p x w2

T

= β ⋅ x + β0

21

P w1 x > P w2 x ⇔ x ∈ w1

The terms P w1 x and P w2 x denote the posterior
probabilities of classes w1 and w2 given x→ , respectively,
where P wi x is computed as

16

p x wi ⋅ P wi

,

22

p x = 〠 p x wi ⋅ P wi

23

P wi x =

p x
2

i=1

The LLC assumes that log-linear models can be formed
between classes with equal prior probabilities and covariance
matrices. This assumption is equivalent to
T

p w1 x =

p w2 x =

exp β ⋅ x + β0

,

T

1 + exp β ⋅ x + β0
1
T

1 + exp β ⋅ x + β0

β0 = β0 + log

p w1
p w2

,

17
,

p x wi =
18

where p wi x and p wi are the probabilities of class wi
given x and prior probability of class wi , respectively. The
decision criterion for LLC is given in
w1 ,
x ∈
w2 ,

x ∈

p w1 x
p w2 x
p w1 x
p w2 x

>1
19
< 1,

β ⋅ x + β0 > 0

w2 ,

β ⋅ x + β0 < 0

T

p x wi =

x −μ
⋅ exp −
2σ2
2π ⋅ σ
1

1
2π

1/2

〠

1/2

2

24

,

1
⋅ exp − ⋅ x − μ
2

T

−1

⋅〠 ⋅ x −μ

25
Naïve Bayes classiﬁers assume that all feature vectors are
statistically independent and classify any test vector according to the Bayesian decision criterion given in (21) [63]. In
this classiﬁcation scheme, the probability density function
for the l-dimensional case is computed as
l

p x = ∏p x i

26

i=1

T

w1 ,

The terms P wi , p x wi , and p x refer to the prior
probability of class wi , the probability of x given class wi ,
and the probability density function of x , respectively.
One-dimensional and l-dimensional case computations of
p x wi are given in (24) and (25), respectively. μ, σ, and
∑ in these equations are the mean, variance, and covariance
matrix of the feature vectors, respectively.

20

2.4.5. Decision Tree. The principle of the decision tree classiﬁer is to cluster any data into subgroups until all elements of
any subgroup have the same class label [48, 61]. Classiﬁcation
rules are deﬁned by clustering the data into the leaves, class
labels, in the training stage while those rules are applied to
any test sample and the leaf that the test sample reaches
provides the class label of the test sample in the test stage.
2.4.6. Random Forest. The random forest classiﬁer is an
ensemble of decision tree classiﬁers developed to improve
the classiﬁcation accuracy [62]. Each tree classiﬁer in this
ensemble votes for the best class of any sample, and the
resultant class label is then speciﬁed via a majority voting
technique.
2.4.7. Naïve Bayes. Bayesian classiﬁers compute the probability of each class given any test vector x and assign it to the
class with the highest conditional probability [63]. The
Bayesian decision criterion for a two-class problem is

2.4.8. k-Nearest Neighbors. The k-nearest neighbor (kNN)
classiﬁer assigns any test vector to the respective class that
its k-nearest neighbors belong at most, considering the distances between the test and training vectors in the feature
space [64]. Although it is obvious that classiﬁcation performance is directly related to the parameter k, there is no obvious information on the selection of k except that it should be
positive and not a multiple of the total number of classes [48].
2.5. Evaluation Metrics. The metrics sensitivity (SNS), speciﬁcity (SPC), positive predictive value (PPV), negative
predictive value (NPV), false-positive rate (FPR), falsenegative rate (FNR), false discovery rate (FDR), false omission rate (FOR), and accuracy (ACC) are used for the
evaluation of the performance of the CAD system in this
study. The mathematical representations of these metrics
are given in Table 3.

3. Results and Discussion
In this study, a CAD system for breast cancer diagnosis based
on a multistage classiﬁcation using a novel feature ensemble
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Table 3: Evaluation
representations.
TP: true positive
FP: false positive
Sensitivity (SNS)
Speciﬁcity (SPC)
Positive predictive value
(PPV)
Negative predictive value
(NPV)
False-positive rate (FPR)
False-negative rate (FNR)
False-discovery rate (FDR)
False omission rate (FOR)
Accuracy (ACC)

metrics

7
and

their

mathematical

TN: true negative
FN: false negative
TP
⋅ 100
TP + FN
TN
⋅ 100
%SPC =
TN + FP
TP
⋅ 100
%PPV =
TP + FP
TN
%NPV =
⋅ 100
TN + FN
FP
⋅ 100
%FPR =
FP + TN
FN
%FNR =
⋅ 100
TP + FN
FP
⋅ 100
%FDR =
TP + FP
FN
⋅ 100
%FOR =
TN + FN
TP + TN
⋅ 100
%ACC =
TP + FP + TN + FN
%SNS =

is proposed. The feature extraction stage is achieved on
mammogram ROIs that are preprocessed by applying a
histogram equalization followed by the NLM ﬁltering. The
proposed feature ensemble is formed by concatenating the
LCP-based, statistical, and frequency-domain features. The
classiﬁcation process of these features is implemented in
three diﬀerent cases: one-stage study, two-stage study, and
three-stage study. The mammogram ROIs are classiﬁed into
three classes (normal, benign, and malignant) regardless of
their breast tissue types in the one-stage study while the
two- and three-stage studies consider breast tissue information and make a health status classiﬁcation as explicitly
explained in the related subsections. Eight well-known classiﬁers (FLDA, LDC, linear SVM, LLC, decision tree, random
forest, naïve Bayes, and kNN) are used in all of the classiﬁcation cases. Additionally, the results of classiﬁers that show the
top three performances are combined via a majority voting
technique in order to improve the recognition accuracy for
the both two- and three-stage studies. The block diagram of
the proposed system is given in Figure 1.
3.1. Results
3.1.1. One-Stage Study. In this case of the classiﬁcation
scheme, the feature vectors are directly classiﬁed into three
classes (normal, benign, and malignant) regardless of the
breast tissue types of the mammogram images. The ﬂowchart
for the one-stage study is shown in Figure 2. The average
classiﬁcation accuracies and standard deviations of the classiﬁers for the one-stage study obtained by elevenfold crossvalidation technique are shown in Figure 3. In this ﬁgure,
“SVM (‘p’, 1)” is the SVM classiﬁer using a linear kernel.
The LLC classiﬁer has the highest recognition accuracy

(85.47%) among all classiﬁers. It assumes that logistic linear
models can be formed between classes with equal prior probabilities. Hence, it is more applicable for the one-stage study
than the other classiﬁers as the prior probabilities of each
class in this case are equal.
The total confusion matrix of the LLC classiﬁer obtained
by elevenfold cross-validation for the one-stage study is given
in Table 4. It shows that benign and malignant mammograms
are distinguishable from each other. The false recognitions
are caused by the confusion of the benign and malignant
mammograms with the normal mammograms.
The evaluation metrics of each classiﬁer evaluated by elevenfold cross-validation for the one-stage study are given in
Table 5.
The one-stage study is also achieved using three additional sets of feature vectors in order to demonstrate the
discriminative power of the proposed 108-dimensional feature vector ensemble. These sets consist of 12-dimensional
statistical feature vectors, 80-dimensional LCP-based feature
vectors, and 92-dimensional feature vectors concatenated by
the LCP-based with statistical features. The average classiﬁcation accuracies of the classiﬁers for the one-stage study
obtained by elevenfold cross-validation technique using
diﬀerent feature vector sets are shown in Figure 4. It can be
inferred from Figure 4 that classiﬁcation accuracies are
increased when 92-dimensional feature vectors are used
rather than only statistical or only LCP-based features. Furthermore, 108-dimensional feature vectors provide higher
recognition accuracies than the 92-dimensional feature
vectors. These results obviously prove the eﬀectiveness of
the proposed feature ensemble.
3.1.2. Two-Stage Study. The recognition accuracy for breast
cancer diagnosis is expected to be enhanced by the twostage study, which is composed of the breast tissue and health
status classiﬁcation. In the ﬁrst stage of this study, the feature
vectors are classiﬁed into breast tissue classes (fatty, ﬁbroglandular, heterogeneously dense, and extremely dense).
Then, the breast-tissue-type-deﬁned feature vectors are
classiﬁed into normal, benign, and malignant classes in the
second stage. The ﬂowchart for the two-stage study is shown
in Figure 5.
The average classiﬁcation accuracies and standard
deviations of classiﬁers obtained by elevenfold crossvalidation technique for the two-stage study are shown
in Figure 6. A maximum of 87.51% accuracy rate is
attained using the FLDA classiﬁer among eight wellknown classiﬁers. For this case, the LLC classiﬁer performs
worse than FLDA classiﬁer as the prior probabilities of the
classes are no longer equal.
As it can be explicitly inferred from Figure 6, the top
three classiﬁers based on performance are the FLDA, LLC,
and LDC. The results of these classiﬁers are combined via a
majority voting technique to increase the classiﬁcation
accuracy to 88.79%.
The total confusion matrices of the (a) FLDA, (b) LLC,
and (c) LDC classiﬁers obtained by elevenfold crossvalidation for the two-stage study and the total confusion
matrix of the classiﬁer combination obtained by elevenfold
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Mammogram image part acquisition
Histogram equalization

Preprocessing
stage

NLM filtering

2‒level 2‒D DWT

1‒level 2‒D DWT

Extraction of 16‒dimensional
frequency‒domain features

Extraction of 80‒dimensional
LCP feature vectors

Feature
extraction stage

Extraction of 12‒dimensional
statistical features from LCP

Feature vector construction
[LCP feature vectors; statistical features; frequency‒domain features]

Classification

1‒stage classification

2‒stage classification

3‒stage classification

Figure 1: Block diagram of the proposed system.

108‒dimensional feature

Normal

Benign

Malignant

kNN (k = 5)

Naive Bayes

Random forest

Decision tree

SVM (‘p’,1)

LDC

FLDA

90.00 85.47 81.72 80.80
77.14 77.50 75.86
80.00
65.42
70.00
60.00
50.00
42.13
40.00
30.00
20.00
12.12 14.74 13.14 11.79 10.34 11.66
8.00
10.00
1.32
0.00
LLC

(%)

Figure 2: Flowchart designed for the one-stage study.

Classification accuracy (%)
Standard deviation

Figure 3: Average classiﬁcation accuracies and standard deviations of eight diﬀerent classiﬁers obtained by elevenfold cross-validation for the
one-stage study.
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Table 4: Total confusion matrix of the LLC classiﬁer obtained by elevenfold cross-validation for the one-stage study.

Normal
Benign
Malignant

Actual classes

Predicted classes
Benign
91
889
2

Normal
862
123
166

Malignant
59
0
844

Table 5: The evaluation metrics of each classiﬁer evaluated by elevenfold cross-validation for the one-stage study.
SPC
92.74
90.86
90.40
88.57
88.75
87.93
82.71
71.06

PPV
85.47
81.72
80.80
77.14
77.50
75.86
65.42
42.13

NPV
92.74
90.86
90.40
88.57
88.75
87.93
82.71
71.06

FPR
7.26
9.14
9.60
11.43
11.25
12.07
17.29
28.94

FNR
14.53
18.28
19.20
22.86
22.50
24.14
34.58
57.87

FDR
14.53
18.28
19.20
22.86
22.50
24.14
34.58
57.87

FOR
7.26
9.14
9.60
11.43
11.25
12.07
17.29
28.94

ACC
85.47
81.72
80.80
77.14
77.50
75.86
65.42
42.13

kNN (k = 5)

Naive Bayes

Random forest

SVM (‘p’,1)

LDC

LLC

Decision tree

90.00
80.00
70.00
60.00
50.00
40.00
30.00
20.00
10.00
0.00
FLDA

SNS
85.47
81.72
80.80
77.14
77.50
75.86
65.42
42.13

(%)

Classiﬁer
LLC
FLDA
LDC
SVM (‘p’, 1)
Decision tree
Random forest
Naïve Bayes
kNN (k = 5)

92‒dimensional
108‒dimensional

12‒dimensional
80‒dimensional

Figure 4: Average classiﬁcation accuracies of eight diﬀerent classiﬁers obtained by elevenfold cross-validation for the one-stage study using
diﬀerent feature sets.

108‒dimensional feature vectors

Fibroglandular

Fatty

Normal

Benign

Malignant Normal

Benign

Heterogeneously dense

Malignant

Normal

Benign

Malignant

Extremely dense

Normal

Benign

Malignant

Figure 5: Flowchart designed for the two-stage study.

cross-validation for the two-stage study are given in
Tables 6 and 7, respectively. Similar results are obtained
in the two-stage study as in the one-stage study. The confusion matrices in Tables 6 and 7 clearly show that the

false negatives and false positives for both benign and
malignant classes belong to the normal class. The terms
N., B., and M. in Table 6 refer to the normal, benign and
malignant classes, respectively.
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86.80

87.51

85.56

84.12
75.79

Table 6: Total confusion matrices of the (a) FLDA, (b) LLC, and (c)
LDC classiﬁers obtained by elevenfold cross-validation for the twostage study.
(a)

77.48
68.33

N.
872
186
142

Predicted classes
B.
52
826
5

M.
88
0
865

N.
835
135
153

Predicted classes
B.
105
874
0

M.
72
3
859

N.
877
218
228

Predicted classes
B.
25
794
2

M.
108
0
782

6.81

5.25

5.20

4.42

5.37

5.49

4.76

2.37

LDC

SVM (‘p’,1)

Decision tree

Random forest

Naive Bayes

kNN (k = 5)

42.12

FLDA

100.00
90.00
80.00
70.00
60.00
50.00
40.00
30.00
20.00
10.00
0.00

LLC

(%)

10

Classification accuracy (%)
Standard deviation

Actual classes

(b)

Actual classes

Figure 6: Average classiﬁcation accuracies and standard deviations
of classiﬁers obtained by elevenfold cross-validation for the twostage study.

The evaluation metrics of each classiﬁer and the classiﬁer
combination evaluated by elevenfold cross-validation for the
two-stage study are given in Tables 8 and 9, respectively.
3.1.3. Three-Stage Study. After the classiﬁcation accuracies
are enhanced by the two-stage study, the authors propose a
three-stage study for further improvement. The three-stage
study consists of both breast tissue and health status classiﬁcation, where the health status classiﬁcation is achieved
through two consecutive stages. In the ﬁrst stage of this study,
the feature vectors are classiﬁed into breast tissue classes similar to those in the two-stage study. The breast-tissue-typedeﬁned feature vectors are then categorized into normal
and abnormal classes in the second stage. Finally, in the last
stage, the feature vectors labeled as abnormal classes are
categorized into benign and malignant classes. The ﬂowchart
for the three-stage study is illustrated in Figure 7.
The average classiﬁcation accuracies and standard
deviations of eight classiﬁers obtained by elevenfold crossvalidation technique for the three-stage study are graphically
shown in Figure 8. The FLDA has the best classiﬁcation performance with a maximum of 93.29% accuracy rate among
all classiﬁers. In this case, as the prior probabilities of the classes are not equal again as in the two-stage study, the classiﬁcation success of the LLC classiﬁer is less than that of the
FLDA and LDC classiﬁers.
The total confusion matrices of the (a) FLDA, (b) LDC,
and (c) LLC classiﬁers obtained by elevenfold crossvalidation for the three-stage study, and the total confusion
matrix of classiﬁer combination obtained by elevenfold
cross-validation for the three-stage study are given in
Tables 10 and 11, respectively. In the three-stage study, as
seen in the tables, mammograms in normal and benign classes are exactly inseparable from each other, while malignant
mammograms are clearly distinguished from the normal
and benign classes. The terms N., B., and M. in Table 10 stand
for the normal, benign, and malignant classes, respectively.

N.
B.
M.

N.
B.
M.
(c)

Actual classes

N.
B.
M.

Table 7: Total confusion matrix of classiﬁer combination obtained
by elevenfold cross-validation for the two-stage study.

Actual classes

Normal
Benign
Malignant

Normal
887
162
140

Predicted classes
Benign
Malignant
41
84
850
0
2
870

If Figure 8 is carefully examined, the FLDA, LDC, and
LLC classiﬁers, as in the two-stage study, are the best
three classiﬁers in terms of recognition accuracy. The
results of these classiﬁers are combined via majority voting
and eventually the classiﬁcation performance is increased
to 93.52%.
The evaluation metrics of each classiﬁer and the classiﬁer
combination evaluated by elevenfold cross-validation for the
three-stage study are given in Tables 12 and 13, respectively.
3.2. Discussion. The proposed feature ensemble is formed by
concatenating the LCP-based, statistical, and frequencydomain features. The LCP algorithm is performed by itself
for several image processing applications. The motivation
behind the usage of the LCP algorithm for feature extraction
relies on the decomposition of information existing in breast
mammogram images. Moreover, the LCP features include
pixel-wise relationships. As it covers relatively few relationships among pixels in a breast mammogram image, the
LCP is used as the fundamental feature extraction method
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Table 8: The evaluation metrics of each classiﬁer evaluated by elevenfold cross-validation for the two-stage study.
Classiﬁer
LLC
FLDA
LDC
SVM (‘p’, 1)
Decision tree
Random forest
Naïve Bayes
kNN (k = 5)

SNS
86.49
87.45
84.68
84.46
75.78
77.51
67.81
42.13

SPC
92.11
92.18
90.29
90.13
87.64
88.29
83.86
70.51

PPV
84.92
85.25
81.66
80.30
74.93
77.38
71.38
40.73

NPV
91.78
91.76
89.41
89.51
88.00
88.38
84.75
70.81

FPR
7.89
7.82
9.71
9.87
12.36
11.71
16.14
29.49

FNR
13.51
12.55
15.32
15.54
24.22
22.49
32.19
57.87

FDR
15.08
14.75
18.34
19.70
25.07
22.62
28.62
59.27

FOR
8.22
8.24
10.59
10.49
12.00
11.62
15.25
29.19

ACC
86.80
87.51
85.56
84.12
75.79
77.48
68.33
42.12

Table 9: The evaluation metric of classiﬁer combination evaluated by elevenfold cross-validation for the two-stage study.
Classiﬁer
Classiﬁer combination

SNS
88.67

SPC
92.93

PPV
86.32

NPV
92.45

FPR
7.07

FNR
11.33

FDR
13.68

FOR
7.55

ACC
88.79

108‒dimensional feature vectors

Fibroglandular

Fatty
Normal

Abnormal

Benign

Normal

Malignant

Heterogeneously dense
Normal

Abnormal

Benign

Malignant

Extremely dense

Abnormal

Benign

Malignant

Normal

Abnormal

Benign

Malignant

Figure 7: Flowchart designed for the three-stage study.

kNN (k = 5)

Naϊve Bayes
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Decision tree

SVM(‘p’,1)

LDC

FLDA

LLC

(%)

100.00 92.39 93.29 92.83 91.80
87.36
90.00
74.81 76.00
80.00
70.00
60.00
50.33
50.00
40.00
30.00
20.00
7.91 7.57
4.36
3.20
10.00
2.04
1.68
1.44 1.74
0.00

Classification accuracy (%)
Standard deviation

Figure 8: Average classiﬁcation accuracies and standard deviations
of classiﬁers obtained by elevenfold cross-validation for the threestage study.

to explore the underlying information in an image. However,
the LCP features are not completely adequate to eﬃciently
classify mammogram parts because it can be aﬀected by

various issues. Therefore, the use of LCP only will not result
in the most representative features for a mammogram. Furthermore, twelve statistical features were calculated from
the LCP features. The positive impact of statistical features
extracted directly from the image texture on classiﬁcation
success is already known [52]. In addition, the LCP feature
vectors extracted from breast mammograms are indicated
as successfully discriminative features [5]. Hence, in this
study, the statistical features are obtained from the LCP feature vectors rather than directly from the mammogram
image pixel matrices. Moreover, 16 frequency-domain features are computed and appended to other two types of features (LCP-based and statistical features). Since the
brightness is one of the most signiﬁcant issues for breast cancer diagnosis and the variations of brightness in a mammogram image can be obviously observed in spatial domain, it
is assumed that frequency-domain features are also representative of mammograms in this study. Ultimately, the feature
vectors that have more representative power and are more
robust to numerous eﬀects are constructed by this method.
Additionally, a multistage classiﬁcation scheme is proposed in this study. It consists of three cases: the one-stage
study, two-stage study, and three-stage study. In the onestage study, the feature vectors are classiﬁed according to
only their health status regardless of the breast tissue type
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Table 10: Total confusion matrices of the (a) FLDA, (b) LDC, and
(c) LLC classiﬁers obtained by elevenfold cross-validation for the
three-stage study.
(a)

Actual classes

N.
B.
M.

N.
393
174
139

Predicted classes
B.
445
629
260

M.
174
209
613

N.
382
183
204

Predicted classes
B.
490
697
311

M.
140
132
497

N.
336
145
158

Predicted classes
B.
467
624
249

M.
209
243
605

(b)

Actual classes

N.
B.
M.
(c)

Actual classes

N.
B.
M.

of mammograms. The standard deviation values for the onestage study are high since some folds in cross-validation process provide high recognition accuracies but the other folds
give much lower classiﬁcation accuracies. This situation
clearly implies that the accuracy results of the one-stage study
are directly related with the mammogram parts used in train/
test separation of each fold. If a test set includes more similar
parts compared to those in the corresponding train set, the
accuracy suddenly raises. On the contrary, if the similarities
between the test and train sets are weak, the classiﬁcation
fails. This consequence obviously reveals that the one-stage
study does not give trustworthy accuracy results. In order
to prevent the high standard deviation problem and increase
the classiﬁcation accuracy rates, the two-stage study is implemented. In the two-stage study, both breast tissue and health
status classiﬁcation are consecutively performed. By this way,
the breast tissue types of mammograms are taken into consideration so that a more reliable classiﬁcation is achieved.
The trustworthiness of recognition can be inferred by examining the standard deviation values for each classiﬁer. These
values are much lower compared to those obtained in the
one-stage study. Therefore, the accuracy results of the twostage study are not related with the mammogram parts
treated in train/test separation of each fold. The crossvalidation process gives more reliable accuracy rates. Finally,
the three-stage study considers both breast tissue and health
status classiﬁcation as the two-stage study does, except that
the health status classiﬁcation is realized through two consequent stages. By this way, the lowest standard deviation
values especially for the classiﬁers which give higher recognition accuracies are obtained. This outcome apparently

Table 11: Total confusion matrix of classiﬁer combination obtained
by elevenfold cross-validation for the three-stage study.

Actual classes

Normal
Benign
Malignant

Normal
393
174
139

Predicted classes
Benign
Malignant
444
175
630
208
257
616

exposes that the three-stage study not only performs the most
reliable classiﬁcation process but also is independent from
mammogram parts used in training and test sets of each
cross-validation fold. Besides, the most successful experiments are achieved in the three-stage case. Ultimately, if
one considers both success and reliability issues at the same
time in this classiﬁcation problem, the three-stage case provide these two issues simultaneously.
The mammogram parts of fatty breast tissue type in the
IRMA database are classiﬁed using only LCP-based feature
vectors, and a maximum of 90.60% recognition accuracy is
attained in [5]. By the proposed feature ensemble and multistage classiﬁcation, this accuracy is eﬀectively increased to
93.52% for all tissue types rather than for only one breast tissue type. This result explicitly shows that the new feature
ensemble is more representative than an LCP-based feature
vector by itself, and the proposed multistage classiﬁcation
scheme is more successful and reliable than a single-stage
classiﬁcation for breast cancer diagnosis. The comparison
of the proposed study with other studies in the literature is
given in Table 14.

4. Conclusion
Breast cancer is the second major reason for female deaths
resulting from cancer worldwide. Although there is no
known way to prevent breast cancer, mortality can be
reduced only with early diagnosis. Therefore, the computeraided diagnosis (CAD) systems are very important as they
allow radiologists to reconsider mammogram images with
increased sensitivity of detection and diagnosis. In this study,
a multistage classiﬁcation scheme using a novel and discriminative feature ensemble to be implemented in a CAD system
for breast cancer diagnosis is proposed. The proposed system
is veriﬁed using the IRMA database. This database includes
all twelve classes deﬁned by BI-RADS, which are four diﬀerent breast tissue types, and three diﬀerent health status cases
for each breast tissue type. The proposed feature ensemble is
formed by concatenating the 80-dimensional LCP-based features obtained from the one-level, two-dimensional discrete
wavelet transform of the preprocessed mammogram images,
12-dimensional statistical features computed from the LCPbased features, and 16-dimensional frequency-domain features calculated from the two-level two-dimensional discrete
wavelet transform of the preprocessed mammogram images.
In this study, a multistage classiﬁcation scheme, namely the
one-stage study, two-stage study, and three-stage study cases,
is presented. The feature vectors are classiﬁed directly
according to their health status in the one-stage study. In
the two-stage study, the health status classiﬁcation of each
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Table 12: The evaluation metrics of each classiﬁer evaluated by elevenfold cross-validation for the three-stage study.
Classiﬁer
LLC
FLDA
LDC
SVM (‘p’, 1)
Decision tree
Random forest
Naïve Bayes
kNN (k = 5)

SNS
87.90
87.91
87.30
74.85
85.68
79.54
65.23
63.02

SPC
93.25
92.90
91.71
85.29
91.60
88.69
82.04
77.98

PPV
90.73
90.61
88.29
79.66
87.03
78.44
68.49
54.81

NPV
94.05
93.96
92.17
88.45
92.18
89.24
85.73
78.50

FPR
6.75
7.10
8.29
14.71
8.40
11.31
17.96
22.02

FNR
12.10
12.09
12.70
25.15
14.32
20.46
34.77
36.98

FDR
9.27
9.39
11.71
15.43
12.97
21.56
31.51
45.19

FOR
5.95
6.04
7.83
11.55
7.82
10.76
14.27
21.50

ACC
92.39
93.29
92.83
91.80
87.36
74.81
76.00
50.33

Table 13: The evaluation metric of classiﬁer combination evaluated by elevenfold cross-validation for the three-stage study.
Classiﬁer
Classiﬁer combination

SNS
87.91

SPC
92.90

PPV
90.61

Table 14: The comparison of the results for the proposed CAD
system.
Authors

Number of
Accuracy
images
Statistical features
300
91%
Features

Ganesan et al. [21]
Korkmaz and
Statistical features
Korkmaz [65]
Vikhe and Thool [66]
Unstated
Statistical and
Jen and Yu [67]
gradient features
Vadivel and
Shape and margin
Surendiran [68]
Acharya et al. [69]
Area, homogeneity

378

98.3%

130

91%

322

86%

224

87.76%

360

88.80%

breast tissue type, determined in the ﬁrst stage where the
breast tissue classiﬁcation is achieved, is executed. The
three-stage study also considers both breast tissue and health
status; however, in this case, the health status classiﬁcation is
performed with two consequent stages, where the normal
and abnormal mammograms are determined ﬁrst, and the
abnormal deﬁned mammograms are then classiﬁed as benign
and malignant. The maximum recognition accuracy of the
proposed system is obtained in the three-stage study. These
results clearly indicate that using three-stage study is very
eﬀective for a CAD system and helpful for radiologists to
make more accurate breast cancer diagnoses.
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This paper illustrates the feasibility and utility of combining cranial anatomy and brain function on the same 3D-printed model, as
evidenced by a neurosurgical planning case study of a 29-year-old female patient with a low-grade frontal-lobe glioma. We herein
report the rapid prototyping methodology utilized in conjunction with surgical navigation to prepare and plan a complex
neurosurgery. The method introduced here combines CT and MRI images with DTI tractography, while using various image
segmentation protocols to 3D model the skull base, tumor, and ﬁve eloquent ﬁber tracts. This 3D model is rapid-prototyped and
coregistered with patient images and a reported surgical navigation system, establishing a clear link between the printed model
and surgical navigation. This methodology highlights the potential for advanced neurosurgical preparation, which can begin
before the patient enters the operation theatre. Moreover, the work presented here demonstrates the workﬂow developed at the
National University Hospital of Iceland, Landspitali, focusing on the processes of anatomy segmentation, ﬁber tract
extrapolation, MRI/CT registration, and 3D printing. Furthermore, we present a qualitative and quantitative assessment for ﬁber
tract generation in a case study where these processes are applied in the preparation of brain tumor resection surgery.

1. Introduction
Three-dimensional (3D) modeling and rapid prototyping
technologies have recently shown great utility in a wide variety of applications in medicine and surgery [1, 2]. In principle, the 3D recapitulation of patient-speciﬁc anatomical
features provides surgeons with an immediate and intuitive
understanding of even the most complex anatomical morphologies, enabling accurate planning and emulation of a
host of surgical procedures [3, 4]. Indeed, the employment
of these 3D anatomical models is additionally being considered for a host of implantation procedures, such as dental
crowning, craniofacial reconstruction, and tissue regeneration via biological scaﬀolds [5–7].
Kodama et al. reported the birth of 3D rapid prototyping
in 1981 [8], and the ﬁrst use of the technology in support of
surgical planning was reported by Anderl et al. in 1994 [9].
Since then, improvements in medical imaging modalities,
such as CT and MRI, have driven both the clinical interest

and academic development of 3D rapid prototyping in a
medical context. Modern rapid prototyping enables the construction of anatomical models with layer thicknesses on the
order of microns, and with concurrent advancements in
medical image contrast segmentation, these models are able
to recapitulate external and internal anatomical morphologies to high degrees of precision. The utilization of rapid
prototyping models incurs a host of beneﬁts to many surgical
ﬁelds, which include improving surgical planning, enhancing
diagnostic quality, decreasing patient exposure time to general anesthesia, decreasing patient blood loss, and shortening
wound exposure time [10].
With the aims of improving surgical outcomes, reducing
future costs, and developing thorough clinical guidelines for
enhancing surgical planning and assessment, the National
University Hospital of Iceland, Landspitali, established an
in-house service for 3D rapid prototyping in 2007. Since its
introduction, this service has allowed physicians and surgeons from diﬀerent specialities to submit requests for a host
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Figure 1: Clinical areas associated with the 200 surgeries assisted with 3D-printed models (a). Block diagrams showing the diﬀerent steps
required to create a 3D-printed model based on CT, MRI, and DTI data.

of 3D models to be made available within 24 hours of submission. This process was simultaneously employed in
research activities to study both the anthropometry of human
muscles [11] and the use of rapid prototyping as preparation
for complex brain surgeries in combination with neurosurgical navigation systems [12]. Since then, the National University Hospital of Iceland has fabricated over 200 surgical
models for patient cases in the ﬁelds of cardiac, orthopedic,
and neurosurgery (Figure 1(a)). The overwhelming success
of this 3D rapid prototyping service has led to its solidiﬁcation as an essential service within the hospital, and the rapid
prototyping service continues to expand its impact on an
increasing number of assisted surgical cases [13].
In neurosurgery, one technique that has likewise been
increasingly used for preoperative planning is diﬀusion tensor imaging (DTI) tractography or ﬁber tracking. Tractography is a noninvasive technique that allows for the in vivo
localization of ﬁber tracts in the brain. Tractography uses
DTI, which is based on magnetic resonance imaging (MRI),
to map brain connectivity, which can provide neurosurgeons
with the opportunity to visualize nerve ﬁber tracts before surgery [14]. More speciﬁcally, this technique may be applied to
that of functional MRI (fMRI), which has shown great utility
in the context of surgical planning. fMRI utilizes hemodynamic responses within the brain to implicate regional
recruitment with a variety of cortical functions, such as
motor control and language processing [15]. Unfortunately,
the routine integration of surgical planning, DTI, and preoperative fMRI has been primarily limited by concerns

regarding acquisition and registration reliability. Nonetheless, there is much promise in this regard—evidenced most
relevantly in the reconstruction of cotricospinal tracts for
preoperative tumor planning [16, 17]. The purpose of this
paper is to detail a novel approach to neurosurgical planning
via the use of 3D printing, which combines patient-speciﬁc
anatomy from traditional computer tomography (CT) and
MRI images, with brain function derived from the in vivo
localization of ﬁber tracts in the brain using DTI.

2. Material and Methods
The procedure of creating the 3D-printed models based on
CT, MRI, and DTI data can be seen in Figure 1(b).
2.1. CT and MRI Acquisition. CT data were acquired from a
Philips/Brilliance 64, the Head scan protocol was set to
119 mA X-ray for the tube current and 120 KV for tube voltage, and the slice thickness is typically between 0.6 and 1 mm.
MRI data were acquired from a 1.5T Siemens Avanto
and the head coil used was Head Matrix Coil from Siemens. Both anatomical images and DTI were acquired
for this process. The DTI protocol included a spin echoecho planar imaging- (SE-EPI-) based DTI sequence with
20 diﬀusion directions, two repetitions to boost the SNR and
b value (b is the diﬀusion sensitivity) equal to 1000 s/mm2.
The anatomical image protocol included a T1-weighted 3D
magnetization-prepared rapid acquisition gradient echo
sequence (MP-RAGE).
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Table 1: Grades for incorrectly displayed ﬁbers.

Table 2: Grades for anatomic accuracy.

Incorrectly displayed ﬁbers
Grade 1
Grade 2
Grade 3
Grade 4

None
<10% of all displayed ﬁbers
<25% of all displayed ﬁbers
>50% of all displayed ﬁbers

2.2. DTI: Fiber Tract Extrapolation. Two diﬀerent software
(StealthViz [18] and nordicBrainEx [19]) programs were
used to extrapolate the optimal ﬁber tracts for planning and
rapid prototyping.
The ﬁber tracts of major interest for this process are the
so called eloquent ﬁber tracts; these tracks are easily clinically
assessed and are most important for the patient outcome.
In total, ﬁve ﬁber tracts were extrapolated from both software platforms:
(i) Corpus callosum: the corpus callosum is located
in the center of the brain and forms the largest
white matter bundle. Its role is to transfer information between the left and right cerebral hemispheres [20].
(ii) Motor tracts: they originate in the motor cortex area
and descends down to the brain stem and spinal
cord to control α-motor neurons. They can control posture, reﬂexes, and muscle tone as well as
conscious voluntary movements [21].
(iii) Sensory tracts: they are responsible for the sense of
touch. They receive incoming messages for touch
and limb movements from the body [22].
(iv) Optic tracts: they transfer the information from the
retina to the visual cortex of the brain [23, 24].
(v) Broca’s area to Wernicke’s area: arcuate Fasciculus
is the prominent ﬁber tracts that connect these
two areas that play a role in our language and
speech [25].
2.2.1. StealthViz. StealthViz is a surgical planning software
application. It allows import of Digital Imaging and Communications in Medicine (DICOM) datasets that can be
reviewed in 2D and with 3D volume rendering, multimodality image fusion, and segmentation of structures with manual
and semiautomatic tools. The software performs white
matter tractography. It enables realignment of diﬀusionweighted gradient, coregistration with other anatomical and
functional datasets, and tensor calculations. The ﬁber tracking uses deterministic FACT algorithm [26]. The workﬂow
is the following:
(i) Import data: the MRI data are imported in DICOM
format. Anatomical and diﬀusion tensor images are
merged and the diﬀusion tensor positioned in the
correct anatomical position.

Grade 1
Grade 2
Grade 3
Grade 4

Anatomic accuracy
Follow ﬁber tracts within anatomical boundaries
Follow ﬁber tracts outside anatomical boundaries
Follow poorly anatomical ﬁber tracts
Do not follow anatomical ﬁber tracts

(ii) Segmentation: StealthViz allows segmentation with
ﬁve diﬀerent tools; pick region tool, brush tool, lasso
tool, magic wand, and blow. A brain tumor can be
segmented by using a blow tool which marks the
region of interest on one cross section. The process
can be iterated on several slices and those marked
regions can be interpolated creating a 3D object of
the tumor.
(iii) Fiber tracking: to trace tracts in StealthViz a start
box (and eventually a middle and end box) can
placed on speciﬁc regions of interest in the brain,
called seeding point, for example, in our application,
we start in the region of corpus callosum. Then, the
software computed all the ﬁbers that go through
the designed box. Diﬀerent combinations of the
boxes can be used to ﬁnd the tracts of interest.
Tracks that are not of interest can be removed.
Calculated ﬁber tracts are visualized within the
structural images both in 2D and in 3D.
(iv) Calculate as 3D object: when the tractography planning is completed and approved by neurosurgeon,
the tracts are converted in 3D objects and saved in
a DICOM format. In this phase, an error margin of
1 mm is added to each ﬁber tract.
(v) Export planning: results can be exported as a one ﬁle
or separated ﬁles (each for every track) to the surgical navigation system or to a USB ﬂash memory.
2.2.2. NordicBrainEx. NordicBrainEx is DICOM compatible and can analyze DTI data acquired with all major
MRI scanners. DTI datasets acquired with two diﬀerent b
values (one b = 0 and six or more DWI where b ≠ 0) can be
analyzed in nordicBrainEx. The DTI analysis in nordicBrainEx generates parametric maps of various attributes
of the diﬀusion tensor, including eigenvector color map
(cDTI), fractional anisotropy index (FA), mean diﬀusivity
(ADC), tensor eigenvalues (λ1 , λ2 , and λ3 ), and trace
weighted (TraceW). The ﬁber tracking is performed by
using FACT [26]. The workﬂow is the following:
(i) Import data: an automatic registration allows to
place DTI data correctly according with the structural images.
(ii) Fiber tracking: to perform tractography planning 5
diﬀerent geometrical shapes can be selected for ﬁber
tracking; ellipsoid, cube, polygon, free hand, or
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Figure 2: TRACTS superimposed on MRI structural data (a). 3D model including skull from CT, tumor from MRI, ﬁber tracts, and
connecting bridges (b).

(a)

(b)

(c)

(d)

Figure 3: Tractography planning from StealthViz (a-b) and nordicBrainEx (c-d). Red color represents ﬁber tracts from corpus callosum,
green color the tracts from motor and sensory area on the left side, and yellow the same tracts on the right side. Dark blue represents the
arcuate fasciculus and purple shows the optic nerves.

scatter. These geometrical shapes are used to deﬁne
volume of interest (VOI) and ﬁnd the tracts of interest. On a deﬁned VOI, three logical operators are
available: (1) AND which only visualize ﬁbers passing through that VOI, (2) OR which will only visualize ﬁbers passing through this and any other VOIs
deﬁned, or (3) NOT that will disregard all ﬁbers
passing through that VOI. When ﬁnished tracking,
one ﬁber, for example, corpus callosum, can be saved
individually.

(iii) Export planning: results can be exported as separated ﬁles (each for every track) to the surgical navigation system or to a USB ﬂash memory.
2.3. Quality Assessment: Anatomical Accuracy and Incorrectly
Displayed Fibers. It is known that the diﬀerent surgical planning software for ﬁber tracks may provide diﬀerent results
even though they are based on the same reconstruction algorithm [27]. For this reason, we performed a comparison
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Figure 4: Comparison between the corpus callosum tracts obtained with diﬀerent software: nordicBrainEx (a) and StealthViz (b). Both (a)
and (b) show the same slice.

between the software available in our institution to ﬁnd the
optimal one for rapid prototyping application. The assessment is based on anatomic accuracy and incorrectly displayed ﬁbers for each ﬁber tract. These comparisons are
done by grading the ﬁber-tracking results. Table 1 shows
the grading for incorrectly displayed ﬁbers and Table 2 shows
the grading for anatomic accuracy. The grades vary from 1
(best) up to 4 (worst). A white matter atlas was used as a reference for the evaluation [28, 29].
2.4. Segmentation and Registration. The next step is to combine the anatomical data such as the skull and other regions
of interest with the tracks from the DTI software. We use
for this propose the software MIMICS [30] that is a platform
for medical image processing. The process can be divided in
three steps:
Step 1. CT data are imported in MIMICS and the skull
bone is segmented. This operation is threshold based; where
a range of HU (typically, from 600 to 2000) values are
selected that allow to display the bone tissue. Next we
apply region growing to assemble the entire connected
pixel within the deﬁned threshold in a so called mask.
Now a 3D object can be created directly from the mask
and further modiﬁcation (such as opening the skull model
to see inside) can be applied on the 3D object using CAD
tools. Finally the 3D model can be saved as standard tessellation language (STL) ﬁle which is a format compatible
with 3D Printing technologies.
Step 2. The next step is to import the tractography
DICOM ﬁles to MIMICS. The 5 tracks of interest are superimposed on the anatomy (MRI data) but appearing brighter
compared to those of the surrounding tissue (Figure 2(a));
therefore, the threshold-based segmentation of each tracts
is easy. The ﬁve 3D objects associated with each tracks were

Table 3: The grading results for anatomic accuracy and for
incorrectly displayed ﬁbers for both StealthViz (SV) and
nordicBrainEx (BE).

Nerve tracts
Arcuate fasciculus
Corpus callosum
Left motor and sensory tracts
Right motor and sensory tracts
Optic tracts
Total

Anatomic
accuracy
BE
3.5
2.0
2.0
2.0
4.0
13.5

SV
1.0
1.0
1.5
1.5
3.0
8

Incorrectly
displayed
ﬁbers
BE
SV
3.5
3.0
2.0
1.5
2.0
1.5
2.0
1.5
4.0
4.0
13.5
12.5

created in the same way as described in step 1. In order to
improve the quality of the 3D objects for 3D printing, we
applied some morphological operations on the mask in order
to smoothen details equal or below to 0.25 mm and closing
distance equal to 2.5 mm (holes or gaps of 0.25 mm or less
are ﬁlled). Finally, the 3D model can be saved as STL ﬁle.
Step 3. The ﬁnal step is to combine Tracts, MRI, and CT
data within the same 3D object. First, we imported the MRI
T1-weighted images to MIMICS. Soft tissues like tumor are
better visualized with MRI, and therefore, the segmentation
and creation of the 3D object for this region of interest is
done in this phase using the same threshold-based procedure
described above. Next, we import the STL ﬁles of the skull
and ﬁber tracts. Fiber tracts were positioned in a semiautomatic way on the 2D structural images by projecting the contours from the 3D object of the tracts. Next, we imported the
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(a)

(b)

Figure 5: 3D computer model made in mimics with ﬁber tracts result from nordicBrainEx (a) and when it has been 3D printed and
painted (b).

STL ﬁle of the skull. Since the CT and MRI data have diﬀerent coordinate system, the skull 3D object is registered manually using a 3D-positioning panel. When the skull is in the
right position, then the necessary connections (bridges
drawn manually) between tumor, ﬁber tracts, and skull are
built in order to create a 3D model that can be printed.
Finally, the skull, tumor, ﬁber tracts, and the bridges are combined in one 3D object using Boolean operations, and the
results are saved as STL (Figure 2(b)).
2.5. Navigation System and Rapid Prototyping. The 3D model
of Figure 2 is ﬁnally printed using a ProJet® (3D systems,
Rock Hill, USA) printer using a material called VisiJet®M3X which is an organic colorless mixture that allow rendering
of small details (mm scale). After print, the model is hardened with an infrared light.
The computer model can be exported to the surgical
navigation system as DICOM set, StealthStation® [31], which
works as a GPS system determining the position of surgical
instruments in relation to patient images by automatically
fusing CT and MRI scans. Then, a registration is done with
patient anatomy; so, there is a linkage between the patient
and the system. In this application, we use the 3D-printed
model instead of the real patient; in this way advanced preparation of the surgery can start before the patient enters the
operation theatre.

3. Results
We validate this process collaborating to a neurosurgical
planning of a 29-year-old female having a low-grade glioma
located on the frontal lobe.
The ﬁve ﬁber tracts that we focused on in this study can
be seen in Figure 3, it shows the side views tractography planning from the two surgical planning software platforms:
Figures 3(a) and 3(b) for StealthViz and Figures 3(c) and
3(d) for nordicBrainEx. It can be noticed that the pathways
for the tracts are similar but not the identical; indeed, there
are remarkable diﬀerences in thickness and ending

morphology between the software platforms that may be
important in relation to the pathological area of interest. In
order to assess the results from the two ﬁber tracts planning,
we use image comparison software called XERO viewer [32];
here, the ﬁber tracts, superimposed on the MRI data, were
viewed simultaneously and visually assessed. Figure 4 shows
the comparison of corpus callosum. To be noticed, the surface of corpus callosum is shown in Figure 4(b) that displays
a false positive. Moreover, the ﬁber tract from StealthViz goes
out of white matter in the brain and it is diﬃcult to assess the
exact position. Based on comparison, slice by slice and tract
by tract, we assess the two tractography planning based on
anatomic accuracy and incorrectly displayed ﬁbers [28, 29].
The quantitative results are displayed in Table 3 where for
this study case, the tractography plane made with nordicBrainEx has a better score and was chosen for the next step.
Figure 5 shows the computer model (a) and 3D-printed model
(b) resulting from the nordicBrainEx surgical planning.
DTI planning and 3D-printed models were used with the
neurosurgical navigation system [12] to prepare the surgical
operation where the tumor was removed from the frontal
lobe. The operation was successful, and advanced planning
provided with DTI planning and 3D models allowed the neurosurgeons to be better prepared during surgery.

4. Conclusion
Three-dimensional models and navigation systems for
neurosurgery can be combined to improve surgical planning and surgeon training [12, 32]. The work reported
herein demonstrates that preoperative planning using diﬀusion tensor imaging (DTI) tractography and 3D models is
feasible and can be employed in the preparation of complex
operations. Additionally, it is likely that this process can
shorten operation times, contribute to better patient safety,
and be used for training surgeons.
Even though DTI tractography is not a fully reliable
method, it can still provide the neurosurgeons with an
overview of ﬁber tract position, and it has been shown
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that the use of DTI improves tumor resection results and
decreases postoperative deﬁcits [14, 33]. Altogether, this
work demonstrates that the reported 3D-printing process
may be integrated with DTI planning and add valuable information for neurosurgical planning—especially in association
with surgical navigation systems.
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Fall prevention is an important issue particularly for the elderly. This paper proposes a camera-based line-laser obstacle detection
system to prevent falls in the indoor environment. When obstacles are detected, the system will emit alarm messages to catch the
attention of the user. Because the elderly spend a lot of their time at home, the proposed line-laser obstacle detection system is
designed mainly for indoor applications. Our obstacle detection system casts a laser line, which passes through a horizontal
plane and has a speciﬁc height to the ground. A camera, whose optical axis has a speciﬁc inclined angle to the plane, will
observe the laser pattern to obtain the potential obstacles. Based on this conﬁguration, the distance between the obstacles and
the system can be further determined by a perspective transformation called homography. After conducting the experiments,
critical parameters of the algorithms can be determined, and the detected obstacles can be classiﬁed into diﬀerent levels of
danger, causing the system to send diﬀerent alarm messages.

1. Introduction
When the elderly fall, it can harm their bodies and has serious negative mental impacts on them. In the United States,
about 30% of adults above 65 years of age suﬀer a fall annually [1]. Besides, they bring about a tremendous medical
expense in the society. For example, the total cost of fallrelated hospitalizations in Texas in 2011 was 3.9 million US
dollars. For people aged above 65, the total cost was 2.5 million. As the proportion of the elderly in societies grows, the
chances of falls will become larger.
There are many risk factors that can cause the elderly
to fall, and they can be roughly classiﬁed into three categories: intrinsic factors, extrinsic factors, and exposure to
risk [2]. Among the intrinsic factors, diﬀerent kinds of diseases and reduced physical abilities may increase the probability of falls. As for the extrinsic factors, some studies
show that 30% of falls of the elderly are due to accidents
and environment-related risk factors [3]. The extrinsic
factors include environmental hazards, that is, poor lighting, slippery ﬂoors, uneven surfaces, obstacles, unsuitable

footwear and clothing, and inappropriate walking aids or
assistive devices.
With respect to exposure to risks, Graafmans et al.
suggest that the most inactive and the most active people
have the highest risk of falls [4]. The most inactive among
the elderly may have worse physical capabilities. On the other
hands, those who indulge in physical activities can maintain
their neuromuscular functioning, which is necessary to keep
a balance and to react to falls. However, physical activities
also increase greater exposure to environmental risks.
Researchers have worked for a long time to develop various kinds of fall prevention and fall detection systems [5, 6].
Until now, most fall detection systems recognized fall events
after they happened. Therefore, a line-laser obstacle detection
system that detects environmental obstacles to prevent falls
in advance is provided in this paper. The system is installed
on the toe end of the shoes, and when the obstacles are
recognized, the system will send alarm messages to catch
the attention of the elders, as shown in Figure 1. In this
manner, the elderly can notice the obstacles that may cause
them to fall in advance, thereby reducing the risk of falls.
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Figure 1: Line-laser obstacle detection system sends alarm
messages to catch the attention of the elderly when they encounter
dangerous obstacles.

As a result, physical damages and a negative impact on the
mental state of the older people can be prevented and the
medical costs of the whole society can be saved to a large
extent [7].

2. Related Work
In order to detect the environmental hazards that may cause
falls, related obstacle detection methods and technologies
were deeply investigated. Traditionally, obstacle detection
has been vital for many mobile robot applications [8].
Popular range-based sensors include ultrasonic sensors,
laser range ﬁnders, radar, and stereo vision. Each kind of
range-based sensor has its limitations. Ultrasonic sensors
are cheap but suﬀer from specular reﬂection problems.
Laser range sensors have higher resolution, but they are
more complex and more expensive than ultrasonic
sensors. Stereo vision is computationally expensive and
diﬃcult to be a practical solution.
Engineers have developed methods and various kinds of
systems for obstacle detection based on the abovementioned
range sensors. Manduchi et al. implemented a color stereo
camera and a single axis radar for cross-country autonomous
systems [9]. Zingg et al. presented an approach for wall collision avoidance using a depth map based on optical ﬂow from
on board camera images [10]. Oniga and Nedevschi provided
a method to classify road surface, traﬃc isle, and obstacle
detection using rectangular digital elevation map from dense
stereo data [11]. Zhang et al. developed a novel algorithm for

on-road obstacle detection based on stereo cameras [12]. The
proposed algorithm in this paper signiﬁcantly reduces the
complexity disparity calculations involved when using a
stereo vision technique. In addition, Batavia and Singh developed an obstacle detection methodology, which combines
two algorithms: adaptive color segmentation and stereobased color homography [13]. This algorithm is particularly
suited for environments where the terrain is relatively ﬂat
and of roughly the same color.
With respect to laser range ﬁnders, Fu et al. designed an
integrated triangulation laser scanner for obstacle detection
installed on miniature mobile robots [14]. The basic components of the triangular laser system are composed of a laser
emitter and a camera; therefore, the system becomes smaller
and less power demanding. As a result, it is possible to
integrate the triangular laser scanners on microrobots.
Stereo vision is, however, computationally expensive. On
the contrary, a camera-based line-laser technique that needs
much less computation amounts is proposed to detect obstacles in this paper which is a part of Yang’s thesis [15]. Because
of its lesser computational amount, the extracted line-laser
pattern has high potential to be implemented on embedded
systems. In addition, the simple components reduce the
costs of the overall system. Therefore, a complete integration
of the system on shoes for the purpose of fall prevention can
be achieved.

3. Method
3.1. System Conﬁguration. In our system conﬁguration, a
line-laser is mounted on the side of the shoes and an
RGB camera is ﬁxed but tilted down on the top side of
the shoes [16]. The relative position between the linelaser and the camera is extremely rigid to deliver a consistent obstacle detection result. To have a good depth
resolution, the distance between these two components
should be as large as possible. The tilted angle of the camera can be adjusted according to the detection region in
our prototype. Because the average step length of older
people is around 0.808 m [17, 18], the detection region
of our system is 0.5–1.0 m.
In our prototype, a Logitech C310 webcam that operates
at 29 frames per second under a 640 × 480 resolution and a
405 nm wavelength laser are used. Both of them are mounted
rigidly to have consistent calibration parameters. Moreover,
to suppress the noise interference, a blue glass paper is used
as a band-pass ﬁlter to resist the unnecessary light from the
environment, as shown in Figure 2.
3.2. Software Framework. Our algorithm ﬂowchart is shown
in Figure 3. Initially, the camera continuously acquires an
image and then the obtained image is compared with the
previous one. If the diﬀerence between two successive
frames is very small, we assume that the users step on
the ground. Besides, the moment the users raise the foot
to the max height during a gait cycle also has the same
eﬀect. In both the above cases, the event for determining
the obstacles will be triggered. Otherwise, the program will
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Figure 2: (a) System conﬁguration of line-laser obstacle detection system integrated on shoes and (b) prototype of the proposed system.
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Figure 3: Software framework of line-laser obstacle detection system.

only continuously calculate the diﬀerence between two
incoming frames.
Once the obstacle detection event is triggered, a series of
line-laser pattern extraction steps will be executed. First, the
median ﬁlter is applied in order to suppress noises. In addition, an intensity threshold is used to identify the pixels
where the laser light is. Then, the max value of each column
of the image is extracted and considered as a potential laser

pattern. After that, a segmentation method is applied to classify every laser pixel into several clusters that may denote the
obstacles. Some clusters that do not represent obstacles are
removed, and the clusters that denote the same obstacles
together are merged. Subsequently, the real depths and
widths of the obstacles are obtained by homography transformation. Finally, the system will send alarm messages according to the dangerous levels of the obstacles classiﬁed by their
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Figure 4: System trigger time determined by the SAD value.

widths and depths. Each step in the software framework is
illustrated in detail as follows.
3.3. Sum of Absolute Diﬀerence (SAD) Threshold to Trigger
the Obstacle Detection Event. In order to detect the obstacles,
the obstacle detection event is triggered when a user steps on
the ground. Besides, to detect higher obstacles, the event is
triggered when users raise their feet at the max height during
a gait cycle as well. In both cases, their feet are roughly horizontal to the ground. Therefore, the system is suitable to
detect the obstacles in front of the users at these moments.
Besides, this strategy will save computation consumption at
other times during a gait cycle.
The diﬀerence between the two frames that are captured
by the camera is utilized to identify when the users either step
on the ground or raise their feet at the max height. This concept was ﬁrst proposed by Fitzpatrick and Kemp [19]. In our
method, the normalized sum of absolute diﬀerence (SAD)
value is utilized to compute the diﬀerence between two successive frames as in
N

N

〠 rows 〠 cols ∣I p u, v − I l u, v ∣
SAD = u=0 v=0
,
N rows N cols

1

where u and v denote the pixel’s coordinates on row and column directions. N cols and N rows are the pixel numbers of the
image width and height. I p and I l represent the pixel intensity
of the current frame and the previous frame, respectively. In
general, the brightness of a color pixel comes from a linear
combination of R, G, and B components. The intensity we
used is only the B component. However, the intensity value
of the camera highly depends on the environment illumination. Therefore, we turn oﬀ the auto white balance function
and lock the exposure time for the camera.
In a gait, there are two phases: stance phase and swing
phase. Usually, the SAD value between frames during a
stance phase should be very small. Similarly, the SAD value
will be small when the feet are at the max height. Once the
users start to move their feet forward, the SAD value will
become very large in contrast to the stance phase. In our
experiment, the relatively small SAD value happens at the
middle and at the end of every swing phase as shown in
Figure 4. Therefore, the obstacle detection will be triggered
when the SAD value is small.

3.4. Line-Laser Pattern Extraction. Once the obstacle detection event is triggered, a median ﬁlter is then applied to suppress the bad inﬂuences coming from the environmental
noise [20]. The median ﬁlter with a speciﬁc window size
sweeps across the whole image, and the intensity value
of the middle pixel in the window will be replaced by
the median of pixel values in the window. Therefore, it
can maintain the original structure well, particularly for
edge features.
After applying the median ﬁlter, an intensity threshold is
set to separate the line-laser pattern from the background. At
this step, any pixel with an intensity below the threshold is
recognized as background or noise. On the other hand, if
the intensity of a pixel exceeds the intensity threshold, it will
be considered as a candidate pixel on the obstacles.
Since our system is mainly designed for indoor application, the intensity distribution of diﬀerent obstacles that
are detected by the system is needed to be investigated.
Therefore, twelve common construction materials are surveyed, as arranged in Figure 5. After implementing detection experiment of each material, the intensity distribution
data are depicted as shown in Figure 6, except that a mirror will directly reﬂect the laser light; therefore, it cannot
be detected successfully by our system. In our application,
the intensity threshold 14 is selected because 95% of the
laser light among the experimental cases will pass the
intensity threshold. On the contrary, if the intensity of
any pixel is below the intensity threshold 14, it is recognized as a part of the background.
Subsequently, a line-laser pattern is extracted by the
following steps. The pixel having the max intensity value
in each column is collected to be the line-laser pattern
pixel. However, to increase the performance, the image is
initially rotated 90° for processing and then rotated back.
In addition, because of the need to reduce the impact of
noise, the average of the pixel intensities within a window
is searched for each column instead, as indicated in
Figure 7(a). If the average value exceeds a speciﬁc threshold, the centroid of the window will be considered as the
location of line-laser pattern in this column.
After the extraction of line-laser pattern, the extracted
data are stored and processed again for obstacle clustering.
Because of unstable line-laser intensities from the camera
and disturbances from the environmental noise, the
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Figure 5: Common construction materials used indoors.
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Figure 6: Reﬂection intensity distribution of common construction materials.

extracted line-laser pattern may suﬀer negative inﬂuence. In
Figure 7(b), the example shows several noise groups and
nonclustered obstacles. In these cases, noises will be rejected
while the neighboring pixels are merged. In addition, a
candidate obstacle will propagate due to the merging of
neighboring clusters.
3.5. Line-Laser Pattern Clustering. The goal of our system is
to recognize how far and how large the potential obstacles
are. Therefore, a segmentation algorithm is needed after executing the line-laser pattern extraction procedure. This

algorithm classiﬁes each pixel on the line-laser pattern into
several clusters that are likely denoting the obstacles.
We assume all pixels of an obstacle will form only a continuous segment. In condition, the distance deviation of the
current cluster in the image domain will not exceed a speciﬁc
threshold T as illustrated in Figure 8. Thus, a region-growing
procedure is applied to one of unclassiﬁed pixels of the linelaser pattern. Therefore, several clusters that denote the
obstacles are obtained.
A suitable threshold T in an indoor environment is critical. The experiment to determine T is described in a later
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Figure 7: (a) Max average value of pixels in a window is searched to be the extracted line-laser pixel. (b) Line-laser pattern extraction result.
The clusters in the red circle, which denote the same obstacle, break into parts, and some small clusters from the noise exist in the image.
x

Cluster 1
y

Cluster 3

T

Cluster 2

Figure 8: Search for line-laser pattern pixel by pixel for segmentation. If the y coordinate of the present pixel deviates from the last pixel and
exceeds deviation threshold T, the present pixel is classiﬁed into another cluster.

section. Based on the discussion of the deviation threshold T,
our deviation threshold for line segmentation is two pixels.
Nevertheless, some clusters that belong to the same obstacle
break apart, and they should be merged. We ﬁrst eliminate
small clusters that have very few pixels, less than six, and then
merge the residuals by a deviation threshold.
In order to eliminate the small clusters from the
environmental noise, the width of the segments, which
come from the noise of images, are counted. The statistical
result indicates that the widths of 95% clusters of noises
are below six pixels. Therefore, clusters with widths less
than or equal to six pixels are recognized as noises.
Furthermore, clusters with less than six pixels will have a
0.45 cm of width in the middle of our working region. If
the horizontal distance between two neighboring clusters
is less than the width of a foot, people may still kick on
the gap between two obstacles and then trip over. Therefore, on the condition that the y coordinate deviation on
extracted line-laser image between two clusters is within
the deviation threshold T, and the real world distance of
the gap between two clusters is less than the width of a
foot (10 cm), these two clusters should be merged. An
example is illustrated in Figure 9(a). The merging step is
taken from the leftmost cluster to the right. The result
after executing noise elimination and the merging steps
is shown in Figure 9(b).

3.6. Homography Transformation. After executing the linelaser pattern clustering, the physical distance is needed to be
determined by homography transformation. The calibration
for homography transformation in our paper utilizes a checkerboard. The transformation denotes the relationship between
the image coordinate and the real world coordinate of the
checker grid, as shown in Figure 10. Since the detection region
of our prototype is 0.5–1.0 m, the obstacle detection does not
need very accurate distance estimation. Therefore, the lens distortion of the camera in our prototype is negligible.
A coordinate x, y, 1 T on the image plane can be mapped
T
into the real world coordinate x1′, x2′, x3′ , which indicates
a homogeneous coordinate after applying a 3 × 3 homography matrix, as (2) [21]. The real world coordinate can be converted into a real dimension by (3).
x1′
x2′
x3′

=

x′, y′ =

h11

h12

h13

x

h21

h22

h23

y

h31

h32

h33

1

x1′ x2′
,
x3′ x3′

2

3

By rewriting (2) and (3), eight unknowns in the homography matrix become (4), where h33 = 1. Because there are eight
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Figure 9: (a) Result of line-laser pattern clustering. Some residual noise needs to be further eliminated. Besides, clusters that belong to the
same obstacle should be merged. (b) The result after executing noise illumination and merging.
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Figure 10: Calibration setup of our prototype.

unknowns to be solved, we need at least four corresponding
points to solve the homogeneous matrix. In the calibration
procedure, the calibration board is put in front of our prototype. In addition, the line-laser roughly passes through the surface of the calibration board. After taking a picture for the
checker grid, four points on the image and their corresponding
cross corners on the checker grid are utilized to determine the
homography matrix, as shown in Figure 11. For example, four
cross corners in real coordinate with centimeter will be (5, 5),
(35, 5), (35, 50), and (5, 50) in sequence. By solving (4), eight
unknowns representing a homography matrix are obtained.
In practice, the real world coordinate should be shifted again
due to a translation in the laser’s position.

h11
h12
h13
x

y

1

0

0

0

−x′x

−x′y

h21

0

0

0

x

y

1

−y′x

−y′y

h22

=

x′
y′
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Figure 11: Four cross corners in real world coordinates and their corresponding points in the image coordinates are utilized to determine the
homography transformation between two coordinates.
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θ
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Region of the same
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Figure 12: Obstacle alarm level of each obstacle can be classiﬁed by the angle θ in this ﬁgure. The two obstacles are both in the triangular
shaded region, and thus, their alarm levels are the same.

3.7. Obstacle Alarm Level Classiﬁcation. As long as the width
and the depth of each obstacle can be calculated, the obstacle
alarm level of each obstacle can be classiﬁed. Since the size
and distance may aﬀect the dangerous level, we use a coverage angle θ to a normalized factor for alarm as shown in
Figure 12. The two obstacles in Figure 12 are of the same coverage angle to the laser position, and thus, their alarm levels
are considered to be the same. In our proposed system, alarm
level classiﬁcation is used because residual small clusters may
cause the system to send false positive alarm messages on the
condition that the system just determines whether dangerous
obstacles exist.
The system distinguishes the obstacles into four alarm
levels. Alarm level 1 means the obstacle is the most dangerous, causing the system to send the most urgent and
loud alarm messages. On the other hand, when alarm
level of the obstacles becomes 2 or 3, the alarm message
will become weaker. Last, if the alarm level of the obstacles is 4, the system will not react and send any alarm
messages.

4. Result and Performance Evaluation
4.1. SAD Threshold Determination. In order to determine a
proper SAD threshold for triggering the obstacle detection
event, the camera continues recording SAD values during a
gait cycle. A person wore the shoes and then walked around
for a period of time. The collected data are shown in
Figure 13. It is clear that a periodical shape comes out. After
collecting the data, the SAD threshold, which represents the
transition SAD value of the stance phase and swing phase,
is obtained by averaging the SAD values of all the frames in
one gait. A threshold equaling to 15.8 is therefore obtained.
In Figure 13, the SAD value in the stance is stable and is as
low as 8.2. To deﬁne a strict threshold, a threshold value of
12 is ﬁnally determined.
Apart from the moment a user steps on the ground, the
obstacle detection event should be triggered when people
raise their foot at max height to detect higher obstacles. However, a SAD threshold to determine the moment in swing
phase is diﬃcult to be identiﬁed because of the unsteady
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Table 1: Distance estimation.
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Figure 13: SAD values of several gaits. The threshold is determined
below the average of SAD values in one gait.

characteristics of diﬀerent steps. Besides, it may vary in the
gait behavior. Therefore, a reasonable deﬁnition for the
moment when the elders’ foot at max height highly depends
on the collection of data. In our experiment, the moment is
roughly at one third of a gait cycle, which has a relative small
SAD value within the 3rd–7th frames during the swing
phase. In practice, these ﬁve frames are temporarily stored,
and the smallest SAD value is then selected as the moment
for triggering obstacle detection event.
4.2. Deviation Threshold T. In obstacle detection event, we
use a deviation threshold T for rejecting neighboring pixels
that do not belong to the current segment. The deviation
threshold value T for the line segmentation is critical. If the
deviation threshold T is set at a value too small, one cluster
may be classiﬁed into many diﬀerent smaller clusters, and
this may cause the original cluster to be neglected by our system. On the other hand, if the deviation threshold is chosen
to be too large, some clusters that belong to diﬀerent obstacles may be grouped together. As a result, the system will over
emit alert signals to the users.
In our system, a line-laser casts light on the obstacles and
one camera observes the line patterns. Therefore, the cast line
becomes broader and stronger at a smaller distance due to
the perspective eﬀect. However, after analyzing the linelaser pattern at each distance, the deviation threshold T = 1
is the same for all distances in the detection region 0.5–
1.0 m. In other words, a suitable deviation threshold T will
not change with detection distance when the line-laser obstacle detection system detects the same obstacle.
On the other hand, the deviation of pixels of the same
cluster varies and depends on the reﬂectivity of obstacles.
Therefore, an experiment is designed to ﬁnd out a suitable
deviation threshold T of common construction materials that
are usually used indoors. Twelve test samples are considered
as shown in Figure 5. Because a suitable deviation threshold T
will not vary with the detection distance, all the experiments
were carried out at a distance of 100 cm. After the experiment, a conclusion is drawn that except the dark rock

(sample number 11) that needs the deviation threshold T to
be 2 pixels for correct segmentation and that the mirror
(sample number 2) cannot be detected directly because of
its high reﬂectivity, the suitable deviation threshold for the
rest of the samples is 1 pixel. However, in order to handle
all the cases strictly, the proper deviation threshold T is set
to be 2 pixels for the correct operation of our line-laser obstacle detection system.
4.3. Distance Estimation by Homography. Furthermore, an
experiment is carried out to validate the precision of the distance estimation by homography. The line-laser obstacle
detection system is mounted on a linear slider rigidly, and
then the linear slider is used to adjust the distance between
our system and a ﬂat wall. The distance computation result
by homography mapping will be compared to the standard
distance measurement by the slider. From the validation
experiment, the measurement error at 80 cm, the middle of
the working distance, is less than 0.3 cm. At the nearest working distance, say 50 cm, the measured error is 1.7 cm, as
shown in Table 1. This error value is acceptable compared
to the step lengths of the elderly.
4.4. Obstacle Alarm Level Classiﬁcation Results. The line-laser
obstacle detection system classiﬁes the obstacle alarm levels
according to their angles. We deﬁne four alarm levels. When
the obstacle coverage angle θ > 7.8°, the alarm level is 1. That
represents that an obstacle with a 10 cm width, as well as the
foot width of an adult, is located as far at 75 cm in front of the
user’s shoes. The alarm level 2 is assigned when the angle θ is
between 3.8° and 7.8°. Similarly, alarm level 3 is raised when
the angle θ is between 1.5° and 3.8°. If the angle θ is less than
1.5°, which indicates that the obstacle’s width is as small as
2 cm in the middle of the working distance, alarm level 4 is
obtained and no alarm signal will be sent.
The system performance is tested by detecting real
obstacles, which may occur regularly indoors, as shown
in Figure 14. The experiment results prove that the system
can work well to compute the widths and the distances of
obstacles and then determine their alarm messages. In
Figure 14(a), four cases are included and the highest priority,
say level 1, will be ﬁnally sent. Based on this strategy, the
probability of false positive errors will be low, and the alarm
messages can be sent out according to the dangerous levels of
encountered obstacles.
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Alarm level 2
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(c)
Figure 14: (a) System detects a cable on the ground. The red clusters represent alarm level 1, the green clusters represent alarm level 2, and the
blue clusters represent alarm level 3. The black clusters denote alarm level 4. (b) System detects scatterings on the ground. (c) The system
detects a corner of a table.

4.5. Limitations of the Proposed Method. With regard to the
limitations of our method, the camera may suﬀer from the
drawback of its low dynamic range. Besides the height of
detectable, the obstacles must be larger than the plane level
of the line-laser. Nevertheless, the feature of fall prevention
is carried out by strategically sending an alarm message to
the users.

[2]

[3]

5. Conclusion
In this paper, a camera-based line-laser obstacle detection
system is proposed for designing fall prevention shoes of
users. The system simply consists of an RGB camera, a ﬁlter,
and a line-laser, so it is suitable to be installed on customer
wearable devices, and the overall costs of the products are
acceptable compared to shoes. We successfully veriﬁed the
algorithms, including SAD threshold to trigger the obstacle
detection event, line-laser pattern segmentation, homography transformation, and obstacle dangerous level classiﬁcation. Finally, a prototype for the prevention of falls of the
elderly was carried out.
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An automatic atlas-free method for segmenting the cervical spinal cord on midsagittal T2-weighted magnetic resonance
images (MRI) is presented. Pertinent anatomical knowledge is transformed into constraints employed at diﬀerent stages of
the algorithm. After picking up the midsagittal image, the spinal cord is detected using expectation maximization and
dynamic programming (DP). Using DP, the anterior and posterior edges of the spinal canal and the vertebral column are
detected. The vertebral bodies and the intervertebral disks are then segmented using region growing. Then, the anterior
and posterior edges of the spinal cord are detected using median ﬁltering followed by DP. We applied this method to 79
noncontrast MRI studies over a 3-month period. The spinal cords were detected in all cases, and the vertebral bodies were
successfully labeled in 67 (85%) of them. Our algorithm had very good performance. Compared to manual segmentation
results, the Jaccard indices ranged from 0.937 to 1, with a mean of 0.980 ± 0.014. The Hausdorﬀ distances between the
automatically detected and manually delineated anterior and posterior spinal cord edges were both 1.0 ± 0.5 mm. Used
alone or in combination, our method lays a foundation for computer-aided diagnosis of spinal diseases, particularly
cervical spondylotic myelopathy.

1. Introduction
The human spinal cord is a long cylindrical structure of the
central nervous system extending from the medulla oblongata. Its function is relaying neural signals between the brain
and the rest of the body. Residing within the spinal canal
formed by the spinal vertebrae, the spinal cord is prone to
external compression caused by degeneration, trauma, and
so forth. Pathological conditions aﬀecting the spinal cord,
also known as myelopathy, lead to motor, sensory, and autonomic dysfunctions, as well as a reduction in quality of life
[1]. Among them, cervical spondylotic myelopathy (CSM)
is the commonest cause of spinal cord dysfunction in adults
globally [2].

Current radiological modality of choice to assess the
severity of cervical myelopathy is magnetic resonance imaging (MRI). It provides information about the etiology of
canal stenosis, the degree of cord compression, and pathological changes within the cord [3]. Fehlings et al. measured
canal compromise on computed tomographic (CT) and T1and T2-weighted MR images, as well as cord compression
on T1- and T2-weighted MR images from patients with
spinal cord injury [4]. Based on these methods, experts
have developed standardized measurements on midsagittal
MR images to quantitatively assess the severity of cord
compression in cervical myelopathy in recent years [1–3].
Automation of these measurements requires segmentation
of the spinal cord, whether compressed or not, in the
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original MR images. To our knowledge, no such attempt
has been reported.
Current automatic or semiautomatic spinal cord segmentation algorithms focus on multiple sclerosis, which causes
atrophy manifested as a decreasing spinal cord area in MR
images [5–8]. The earliest semiautomatic method based on
an active surface overestimated the cord area in T1weighted images by approximately 14%, compared to manual outlining [5]. To initialize the algorithm, a human user
must mark the approximate cord centerline on a few representative slices. Deformable atlas and Hough transform were
employed in newer methods to decrease human intervention
used to detect the cord in axial images as well as to improve
segmentation accuracy [6, 7]. The Dice coeﬃcients were
around 0.9 for the T1-, T2-, and T2∗-weighted images.
For spinal cord segmentation in MR images from patients
with CSM, these methods may encounter a problem when
the cerebrospinal ﬂuid (CSF) spaces outside the cord are
compressed secondary to canal stenosis, reducing local
tissue contrast.
In the literature, there were only a few atlas-free segmentation methods for the human spinal canal or spinal
cord [9, 10]. Archip et al. presented a knowledge-based
approach to identify the spinal cord in CT images of the
thorax [9]. They constructed a task-oriented anatomical
structure map to deﬁne the lumbar vertebrae. Although
they employed knowledge at incorrect body regions, the
results were useable because bony structures are the brightest ones and have fairly stable intensity levels. Kawahara
et al. proposed a method to ﬁnd the globally optimal segmentation of the spinal cord using a high dimensional minimal
path search [10]. They represent spinal cord shape principal
component analysis. Then, a modiﬁed A∗ minimal path
search algorithm in six dimensions was used. Despite dramatically reduced memory requirement, their run-time was
between 1 and 5 hours per case.
In this paper, we report an automatic atlas-free algorithm
that can perform cervical spinal cord segmentation in
standard T2-weighted sagittal MR images without any preprocessing. Human intervention is minimized. Without an
atlas, the anatomical knowledge is transformed into constraints employed at diﬀerent stages of the algorithm. Our
method is able to ﬁnd the spinal cord in images from patients
without disruption of the spinal canal. We applied this
method to a large number of consecutive patients undergoing
a noncontrast MRI study over a 3-month period. The results
are presented and evaluated.

2. Materials and Methods
2.1. Materials. All adult subjects undergoing noncontrast
cervical spine MRI examination from October to December
2015, mainly for CSM, at a regional hospital in Northern
Taiwan were retrospectively identiﬁed in the database.
Patients with a history of cervical spine surgery were
excluded. Sagittal T2-weighted images from the subjects
were downloaded from the picture archiving and communication system to a personal computer in lossless JPEG
format. Our data collection process conformed to the

Journal of Healthcare Engineering
Symmetry-based
selection of midsagittal
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Figure 1: The ﬂowchart of our algorithm.

requirements of Institutional Review Board, Taipei Hospital, Department of Health, Taiwan, and was approved as
such (TH-IRB-0016-0001).
Image acquisitions were performed on a Siemens Magnetom Avanto 1.5 Tesla MRI scanner (Siemens Healthcare,
Erlangen, Germany) using standard coils. Each subject had
a T1- and a T2-weighted scan covering the full cervical
spinal cord. Parameters for the T2-weighted scan were
turbo spin echo sequence, TR = 3300 ms and TE = 95 ms;
ﬂip angle = 150°; bandwidth = 223 Hz/voxel; number of
averages = 2; and reconstruction diameter = 22 × 22 cm. For
sagittal T2 sequence, 3 mm sagittal slices with 0.33 mm
gaps between them were planned over the coronal image
to cover the whole spinal canal [11]. A saturation band
is placed over the anterior, inferior aspect. A total of
13 gray scale images were generated in each sagittal T2
scan. These images are 320 × 320 pixels in size, with a
resolution of 0.6875 mm per pixel. The signal intensities
(SIs) of the pixels assume a relative scale, stored in 256
gray levels.
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ALL

PLL LF

ALL

PLL LF

Figure 2: A midsagittal T2-weighted MR image (left) and our schematic drawing showing the spinal cord and its surrounding structures
(right). The ligaments, including the anterior longitudinal ligament (ALL), the posterior longitudinal ligament (PLL), and the ligamentum
ﬂavum (LF), are deliberately thinned, and the internal architectures of intervertebral disks are neglected.

2.2. Symmetry-Based Selection of the Midsagittal Image.
The ﬂowchart of our algorithm is shown in Figure 1.
For each MRI data set, we start from selection of one or
two midsagittal images based on symmetry between pairs
of images. The spinal cord is detected using expectation
maximization (EM) and dynamic programming (DP).
Only one image is designated as the midsagittal image
and undergoes further processing according to the model
depicted in Figure 2.
Using DP, the anterior and posterior edges of the spinal
canal are detected, as well as the approximate anterior edge
of the vertebral bodies (VBs). After thresholding and DP,
the VBs and the intervertebral disks were segmented using
region growing and then labeled according to their relative
sizes. The superior and inferior edges of the cervical VBs were
veriﬁed by the user and corrected as needed. Finally, the spinal cord is segmented by using DP to detect its anterior and
posterior edges.
We deﬁne x-, y-, and z-axes as left-right, anterior-posterior
(ventral-dorsal), and superior-inferior (cranial-caudal) axes,
respectively. Measurements performed on x-, y-, and z-axes
are termed width, depth, and height unless otherwise
speciﬁed. xy, yz, and xz planes correspond to axial, sagittal,
and coronal anatomical planes. A sagittal T2-weighted scan
contains 13 gray scale images, denoted as I k , where
k = 1, 2, …, 13. Let I ky,z denote the gray level of the pixel at
position y, z of the kth sagittal image I k , 0 ≤ I ky,z ≤ 255 for
1 ≤ y, z ≤ 320.
Similar to the brain, the human vertebral column and
the spinal cord are bilaterally symmetric about the intact
midsagittal plane (iMSP) [12]. We apply this knowledge
to identify the midsagittal MR image, which usually contains the largest anterior-posterior (A-P) diameter of the
cervical spinal cord. Let kMSP denote the sagittal position
closest to the iMSP. We have to deﬁne a diﬀerence metric
between two images I p and I q , denoted as D I p , I q , and
then test diﬀerent trial values of kMSP to ﬁnd the best

one minimizing the global asymmetry quantiﬁed using
several pairs of corresponding images.
13

D I j , I 2k−j
m
j=1

kMSP = arg min 〠
k

,

1

where m denotes the number of image pairs.
Theoretically, kMSP can assume any real value between 1
and 13 in our images, with an ideal value of 7 for a perfectly
positioned patient. However, interpolating images take
additional time and generate noisy in-between images, so
we only use original images to evaluate global symmetry.
Since D I p , I q is deﬁned only when p and q are integers,
kMSP must be an integer or a half-integer. When kMSP is
an integer, I kMSP is the only image near the iMSP. When it
is a half-integer, I kMSP −0 5 and I kMSP +0 5 are the two nearest
images located on both sides of the iMSP, but they are usually not equally distant from it. To make meaningful comparison using enough number of images, we only evaluate
candidate values when there are at least 4 image pairs available; thus, 4 ≤ kMSP ≤ 10.
Several functions can be chosen as the deﬁnition of
D I p , I q , including the mean or standard deviation of the
SI diﬀerence, cross-correlation between corresponding
pixels, and the negative of mutual information (MI) using
joint histogram. After a pilot study, we found that the standard deviation of the corresponding pixels’ gray level diﬀerences between I p and I q performs best empirically, so
D I p , I q is deﬁned as such. As a result, D I p , I q = D I q , I p
and D I p , I p = 0 for the same image. After computing
D I p , I q for all 78 image pairs, the kMSP of the given data
set can be found.
2.3. Spinal Cord Detection Using Expectation Maximization
and Dynamic Programming. Table 1 lists SIs of diﬀerent
tissues on T2-weighted MR images. The spinal cord generally has a smooth contour throughout its course, as
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Table 1: Signal intensities of diﬀerent tissues on T2-weighted MR images. ALL: anterior longitudinal ligament; PLL: posterior longitudinal
ligament; LF: ligamentum ﬂavum.
Structure
Spinal cord
Cerebrospinal ﬂuid

Component

Signal intensity
Isointense
Hyperintense
Hypointense
Isointense
Hypointense
Hypointense
Hyperintense
Hypointense
Very hypointense

Cortical bone
Bone marrow
End plate
Annulus ﬁbrosus
Nucleus pulposus

Vertebral body

Intervertebral disk
Ligaments (ALL, PLL, and LF)
Air

Remark
Reference

May vary

Decreases with age

0.14
0.12
0.1
0.08
0.06
0.04
0.02

Air hypo

Isointense

Hyperintense

Air hypo

Isointense

Hyperintense

Figure 3: An example of classifying pixels on the histogram (left) after ﬁtting with four Gaussian distributions (right). Horizontal dotted lines
denote relative frequency.

shown in Figure 2. It is isointense to the brainstem on all
imaging sequences, while the surrounding CSF demonstrates characteristic hyperintensity on T2-weighted images
[13]. On images, the spinal cord serves as the reference to
classify pixels into hyper-, iso-, and hypointense ones,
which have SIs higher than, similar to, and lower than
it, respectively.
The normal appearance of the VBs is determined by the
ratio of fatty yellow marrow to the hematopoietic red marrow, while their bony cortex demonstrates low SI. The three
major components of an intervertebral disk include the
nucleus pulposus, annulus ﬁbrosus, and cartilaginous end
plate. Only the nucleus pulposus in its core demonstrates
high SI due to high water content, which decreases with
age. The other two structures demonstrate low SI and are difﬁcult to diﬀerentiate from the surrounding vertebral cortex
and ligaments.
The ligaments of the spine include the anterior longitudinal ligament (ALL), the posterior longitudinal ligament

(PLL), and the posterior ligamentous complex among which
the ligamentum ﬂavum (LF) immediately posterior to the
CSF-containing dural sac is of our interest. On T2weighted images, the ALL and the PLL are seen as hypointense bands along the anterior and posterior edges of the
vertebral column, while the LF is seen as a hypointense band
extending along the posterior edge of the spinal canal
(Figure 2).
We employ EM algorithm to cluster the pixels on the
given midsagittal MR image according to their gray levels,
or SIs. This method is widely used in processing brain MR
images [14]. A Gaussian mixture model (GMM) is employed
to ﬁt the normalized histogram, as shown in Figure 3. This
model assumes that the MR image consists of a number of
distinct tissue types from which every pixel has been drawn.
The intensities of pixels belonging to each of tissue type
conform to a normal distribution, which can be described
by a mean, a variance, and the number of pixels belonging
to the distribution.
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For human experts, visually classifying the pixels into
hyper-, iso-, and hypointense ones is enough for making
diagnoses. However, we frequently encountered problems
in modeling the histogram using only three Gaussians
because the hypointense pixels do not assume a perfect
Gaussian distribution. Since there is no reason to assume that
the hypointense ligament pixels share the same Gaussian
distribution as the hypointense air pixels, we used two significantly overlapping Gaussians to ﬁt the hypointense peak,
increasing the total number to 4. Because the larger, narrower
Gaussian mostly represents air pixels outside the body, we
call it “air intense” to represent these very hypointense pixels.
The other three Gaussians are called hyper-, iso-, and
hypointense, respectively. Using EM, the number of Gaussian
distributions is increased sequentially from one to four to ﬁt
the normalized histogram. Other details of the algorithm
are implemented according to a textbook [15].
In spine images, isointense pixels are the most important
as they usually represent the cord. The given gray level is classiﬁed isointense if the isointense Gaussian distribution contributes to the largest portion of that part of the histogram,
as shown in Figure 3. Other pixels are classiﬁed similarly.
Those with gray levels lower than the peak of the air intense
pixels are automatically classiﬁed as such.
Although the EM algorithm always converges, sometimes
the “isointense” Gaussian does not accurately represent true
isointense pixels, that is, the cord. The SIs of the pixels can
be aﬀected, or “modulated,” by inhomogeneity of the radiofrequency ﬁeld, placement of saturation bands, and adjustment by the MR operator [11]. On sagittal T2-weighted
images, artifactual longitudinal thin linear hyperintensities
are routinely seen, known as Gibbs artifact or truncation artifact [13]. Moreover, quantization of the SI into 256 gray levels
also aﬀects the EM process as the hyperintense Gaussian is
often truncated if its mean is close to 256. As a result, relying
on a ﬁxed threshold to ﬁnd the isointense pixels inevitably
causes problems in some images.
From our pilot studies, we have found that the gray levels
of the spinal cord pixels are mostly between 60 and 100. To
cope with the errors associated with the EM algorithm, we
checked the upper threshold of isointense pixels derived from
EM. If it is larger than 127 or smaller than 64, adjustments
are made for correct classiﬁcation. If the threshold is larger
than 127, it is recalculated according to the mean and
standard deviation of the isointense Gaussian distribution.
The resulting value is limited to the range between 127
and 159. On the other hand, if the upper threshold is
smaller than 64, indicating three Gaussians assigned to
the hypointense and air intense peaks, it is set to 128 without
further recomputation.
Dynamic programming (DP) is a method of solving
problems by combining the solutions to simpler subproblems
[16]. It is typically applied to optimization problems to ﬁnd a
solution with the optimal value. “Programming” in this context refers to the method of tabulating the solutions of the
subproblems. When the subproblems overlap, a DP algorithm solves each subproblem just once and then saves its
answer in a table, thereby avoiding the work of recomputing
it for many times.
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In our application, we want to detect some anatomical
structures on a midsagittal MR image using DP. We regard
this image I as a large 320 × 320 checkerboard. The ﬁtness
or optimality of a given pixel at position y, z , f y,z , can be
deﬁned locally using features derived from its gray level,
I y,z , and from its neighboring pixels. Then, the optimal solution representing the structure to be detected is characterized
as the best path B, which is composed of values
bzsup , bzsup +1 ,…, bzinf , representing a series of points
bzsup , z sup , bzsup +1 , z sup + 1 , …, bzinf , z inf running from
the uppermost row z = z sup to the lowermost row z = z inf
within the region of interest. The path must be continuous,
so one can only move from y, z to y − 1, z + 1 , y, z + 1 ,
or y + 1, z + 1 .
We deﬁne the cumulative ﬁtness values of a given pixel at
y, z , qy,z , using f y,z and values from its allowable predecessors, qy−1,z−1 , qy,z−1 , and qy+1,z−1 . For the ﬁrst row, qy,zsup is
equal to f y,zsup . When the pixel is out of the region of interest
bounded by yant and ypost , it is excluded from the best path. In
our application, z sup and z inf are constants, while yant and
ypost can be functions of z or constants.

qy,z =

0 if y < yant or y > ypost
f y,z if z = z sup
max qy−1,z−1, qy,z−1 , qy+1,z−1 + f y,z otherwise

2

Starting from the uppermost row, the table storing of the
cumulative ﬁtness values is constructed. An auxiliary table
py,z is also constructed to store the locations of the predecessors of a given point,
−1 if qy−1,z−1 > qy,z−1, qy−1,z−1 > qy+1,z−1
0 if qy,z−1 > qy−1,z−1, qy,z−1 > qy+1,z+1
py ,z =
+1 if qy+1,z−1 > qy−1,z−1, qy+1,z−1 > qy,z−1

3

If the maximum occurs in two or more predecessors, py,z
is deﬁned as 0 if qy,z−1 is the maximum and as −1 if
qy+1,z−1 = qy−1,z−1 > qy,z−1 .
To ﬁnd B, we select the point with the largest cumulative
ﬁtness value in the lowermost row and then backtrack its predecessors using the auxiliary table until the ﬁrst row is
reached.
bzinf = arg max qy,zinf ,

4

bz−1 = bz + pbz ,z f or z = z inf − 1, …, z sup

5

y

Let f w denote the ﬁtness function used to compute the
wth best path Bw . In the following sections, we use DP several
times to ﬁnd various anatomical structures represented by
B1 , B2 , …, B8 using f 1 , f 2 , …, f 8 .
Connected to the brainstem, the spinal cord is the only
isointense structure traversing the whole image vertically,
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as shown in Figure 2. The shape and size of the cord are
limited by those of the bony spinal canal, which vary considerably. For patients with cervical spinal canal stenosis,
those with a 7.1 mm canal depth, about 10 pixels deep in
our images, were more likely to have CSM, whereas
patients with a 10.8 mm canal were more likely to be nonmyelopathic [17]. Halving this value, we use 5 pixels as a
reasonable estimate for the A-P diameter (depth) of the
compressed cord.
In a given midsagittal image, the spinal cord can be
detected by ﬁnding the longest isointense structure of
suﬃcient depth. We deﬁne f 1 using classiﬁcation results of
5 consecutive pixels in y direction,
2

f 1y,z = 〠 uy+j,z ,
j=−2

where uy,z =

6

1 if I y,z is isointense
0 otherwise

The boundaries z sup , z inf , yant , and ypost are set to 1, 320, 1,
and, 320, respectively. Then, B1 can be found using DP.
Since B1 employs the results of the EM algorithm instead
of the original SI, it can be ﬁne-tuned using local SI homogeneity, as deﬁned in f 2 . Constants are added to ensure that f 2
has positive values everywhere. Similar adjustments are also
used in (8) and (9).
2

f 2y,z = 〠 65536 − I y+j+1,z −I y+j,z

2

7

j=−3

Working around B1 , we compare 6 pairs of consecutive
pixels to detect the best homogeneous isointense structure
B2 , which is likely to be the cord, using DP. z sup ,zinf , yant ,
and ypost are set to 1, 320, B1 − 40, and B1 + 40, respectively.
Although local zigzagging is common, B2 is usually closer
to the spinal cord along its course than B1 , as shown in
Figure 4. Since B1 and B2 are not ﬁnal segmentations, there
is no need for them to be “centerlines” of the spinal cord.
Using f 1 and f 2 , the exact location of the spinal cord
can be detected on the sagittal image. If there is only one
midsagittal image selected from the previous stage, the
histogram along with pixel classiﬁcation, B1 and B2 are
saved and further processing is performed. If there are 2
candidate midsagittal images, we select one whose SI among
pixels traversed by B2 is more stable by comparing their SIs
against the moving average derived from 31 neighboring
pixels along the path, summed over the lower two-thirds
of the image. Setting the range to 31 pixels, we hope to
cover one VB and one intervertebral disk to decrease error
associated with adjacent structures.
2.4. Ligament Detection Using Dynamic Programming. We
deﬁne the range where the ligaments, namely ALL, PLL, and
LF, may be detected, relative to the location of B2 , using measurements described in the literature [17]. The normal

Figure 4: Spinal cord detection using dynamic programming. Near
the black line indicating the best path containing the largest
number of isointense pixels, the white line denoting the best path
traversing the region having the most homogeneous signal
intensity is detected.

cervical spinal canal has an approximate depth of 15–
20 mm, corresponding to 22–30 pixels in our images. The normal lower cervical VBs, including C3, C4, C5, C6, and C7,
have approximate depths of 15–20 mm, corresponding to
22–30 pixels. They have approximate heights of 10–15 mm,
corresponding to 14–22 pixels. Their normal areas on sagittal
images range approximately from 300 to 600 pixels.
All ligaments appear hypointense on T2-weighted images
(Table 1). Therefore, B3 and B4 are deﬁned in a straightforward fashion.
f 3y,z = f 4y,z = 256− I y,z

2

8

Using DP, B3 and B4 are found anterior and posterior to
B . They represent PLL and LF, respectively. By setting yant
and ypost relative to the location of the detected spinal cord,
that is, B2 , we can ensure that no other hypointense structures will become the optimal solution erroneously. Based
on normal spinal canal depth, the boundaries for B3 , z sup ,
z inf , yant , and ypost are set to 1, 320, B2 − 30, and B2 − 1,
respectively. Those for B4 are set to 1, 320, B2 + 1, and
B2 + 30.
It is more diﬃcult to ﬁnd ALL because the air-ﬁlled trachea is just anterior to it, separated by the thin isointense
esophagus. We deﬁne f 5 in a slightly diﬀerent way. In addition to the hypointense ligament and the cortical bone immediately behind it, we detect 16 isointense bone marrow pixels
further posteriorly.
2

f 5y,z = 256− I y,z

2

16

+ 〠 I y+j,z 2

9

j=1

Then, the approximate location of ALL, represented by
B5 , is found using DP. Based on normal VB depth, the
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boundaries are set to 1, 320, B3 − 60, and B3 − 21 for B5 . After
detecting B3 , B4 , and B5 , we can segment the key regions on
the midsagittal image, namely the vertebral column and the
spinal canal, as shown in Figure 5.
Although the vertebral column can be reliably detected
using DP in most images, additional prevertebral soft tissue
regions can be included, which may interfere with separation
and detection of individual VBs. For atlas-dependent
methods, the VBs and the spinal cord can be detected and
labeled after image registration or other template-matching
algorithm, usually after manual initialization [18]. Since our
method is atlas-free and the only available information at this
stage is spinal cord location, we must apply additional techniques to achieve the goal automatically.
2.5. Knowledge-Based Vertebral Body and Intervertebral Disk
Detection and Labeling. The vertebral column, with its anterior and posterior edges deﬁned by B5 and B3 , contains the
VBs and the intervertebral disks. The bony cortex of the
VB, along with the annulus ﬁbrosus and the end plates of
the disks, is hypointense. Other structures of the vertebral
column are isointense (Table 1). Therefore, we can construct
a histogram of the vertebral column pixels to separate these
two groups by ﬁnding the corresponding peaks and set the
threshold, t VB , at the midpoint. This threshold is usually
diﬀerent from that deﬁned to separate hypointense pixels
from isointense ones in the EM process.
To facilitate separation of individual isointense bone
marrow regions of the VBs, we need another ﬁtness function
f 6 to connect as many hypointense cortical bone and annulus
pixels as possible. On the other hand, the posterior half of
the VB regions must be retained for region growing algorithm
to work.
f 6y,z = 256− I y,z
where vy,z =

2

20

+ 65536 〠 vy+j,z ,

1 if I y,z < t VB
0 otherwise

j=1

10

The solution of the 6th DP process, B6 , usually lies between
B and B3 . It does not correspond to any speciﬁc structure but
overlaps with B5 at the anterior edges of the disks. Therefore,
we call B6 “truncated ALL.”
After thresholding all pixels between B6 and B3 using t VB ,
we employ exhaustive region growing to segment all isointense regions to ﬁnd the VBs of the lower cervical spine.
For each region, the location, height, depth, and area are calculated. Because some parts of the VB regions are outside the
jagged B6 , we consider all regions larger than 150 pixels, that
is, larger than half of normal VB size, being valid regions.
Then, all regions are sorted according to their z coordinate
in preparation for labeling.
The sizes and shapes for the lower cervical and upper
thoracic VBs are relatively stable. In contrast, the C1 and
C2 vertebrae assume complex shapes. Moreover, they are
connected by other ligaments in addition to extensions of
the ALL and the PLL, making their detection highly challenging. Despite such complexity, the odontoid process and the
5

Figure 5: Detecting the edges of diﬀerent structures using dynamic
programming. From left to right: B5 , B6 , B3 , B7 , B8 , and B4 . The
horizontal lines denote the superior and inferior edges of the spinal
canal. The original MR image is shown in the left part of Figure 7.

body of C2 vertebra usually appear as a connected region collectively, having a total height that averaged 30 mm in adults,
about 1.5 times that of the lower cervical VB [19]. We use this
knowledge to detect C2.
After detecting a large region followed by more than 5
valid VB regions inferiorly, the distance between the centers
of the ﬁrst and the second regions on the z-axis is checked.
If it is smaller than 50 mm, or 70 pixels, these two regions
are considered C2 and C3. Beginning from C3, all “regular”
VB regions are labeled. The labeling process continues inferiorly for all VBs detected in the region growing process. The
superior and inferior edges of the cervical spinal canal are
approximated using the superior edge of the C2 region and
the interior edge of the T1 region, respectively. An example
is show in Figure 5. To avoid errors associated with vertebral
regions at levels above C3 or below C7, we employ extrapolation on the z-axis from centers of the C3 and C7 VBs. The
height of C2 is estimated as 1.5 times that of C3, while the
height of T1 is estimated as that of C7. We intentionally
include the T1 region so that the C7-T1 disk can be detected.
The SIs, sizes, and shapes of intervertebral disks change
signiﬁcantly with aging and various disease processes. Compared to detecting the VBs, detecting the disks is a much
more diﬃcult task. Therefore, we only attempt disk detection
on images with successfully detected and labeled VBs. In late
adulthood, the disks are dehydrated and the hyperintense
region is minimal. However, the disk is still a region with
heterogeneous SI, prohibiting improvement of segmentation
accuracy using simple thresholding.
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After removing the VB regions, the “void” regions within
the vertebral column should be the disks. We use exhaustive
region growing to detect the disk regions regardless of SI.
Then, all regions larger than 100 pixels are considered disks
and are labeled according to labels of the adjacent VBs. Since
our method does not take SIs of the disk pixels into account,
it is robust to disk pathologies, which commonly accompany
CSM, as illustrated in Figure 6.
Although we have tested and tuned our algorithm in a
pilot study, it still failed to identify pertinent structures on
some images. Compared to the DP algorithm, the region
growing algorithm used to detect VBs and disks is more sensitive to noisy SI. Therefore, we display the VB segmentation
and labeling results to the user to allow corrections to be
made. For images in which our algorithm fails to ﬁnd or label
the VBs, the superior and inferior edges of the cervical spinal
canal can be designated by the user. At this stage, the user can
also exclude images in which the complete cervical spinal
canal does not exist or is not found by the algorithm from
further processing.
2.6. Spinal Cord Border Detection Using a Compound Fitness
Function. We perform cord segmentation after specifying the
anterior, posterior, superior, and inferior edges of the spinal
canal. Since there is no atlas for comparison, we have no
information about how the SI of a given pixel is aﬀected by
various factors. To alleviate this problem, we apply median
ﬁltering to decrease noise [20]. For a given z within the spinal
canal, we calculate the median gray level of the spinal
cord, cz , using hypointense and isointense pixels within
the range of B2z − 5 to B2z + 5 in y direction and z − 15 to
z + 15 in z direction.
A compound ﬁtness function is then constructed to maximize the contrast at the edge of the spinal cord, while keeping SIs within the spinal cord region as homogeneous as
possible. Four terms representing similarity to the median
cord gray level, heterogeneity between adjacent pixels, contrast between cord and noncord pixels, and penalty for passing through noncord pixels are incorporated into f 7 ,
7h
7c
7p
f 7y,z = f 7s
y,z + f y,z + f y,z + f y,z

11

The components are deﬁned as follows. The weighting
of each term is deﬁned empirically using another training
set of images.
f 7s
y,z = 0 5 I y−1,z − cz
− I y+1,z − cz
f 7h
y,z = − I y,z − I y+1,z
f 7c
y,z = 0 5 I y,z − I y−1,z
f 7p
y ,z

=

2
2

2

− 3 I y,z − cz

2

− I y+2,z − cz
− I y,z −I y+2,z
2

,

12
2

− I y+3,z − cz
2

2

,

Figure 6: Vertebral body and intervertebral disk detection and
labeling in a midsagittal MR image.

Similarly, f 8 is deﬁned using the same components as f 7 ,
with their constituent pixels in reverse order,
8h
8c
8p
f 8y,z = f 8s
y,z + f y,z + f y,z + f y,z

Using DP, the anterior and posterior edges of the spinal
cord, B7 and B8 , are detected. The region between them represents the spinal cord on the given T2-weighted midsagittal
MR image.
The proposed segmentation method was validated against
manual segmentation results. Similar to previous works, we
used two measurements to validate the areas and edges
resulted from the segmentation process [7]. The Jaccard
index was used for quantifying the overlapping between cord
regions deﬁned by diﬀerent observers.

2

− I y,z − I y+3,z , 13

16

J=

TP
,
TP + FP + FN

17

14

−131072, if point y, z is air intense or hyperintense
0, otherwise
15

where TP, FP, and FN denote the numbers of true-positive,
false-positive, and false-negative pixels, respectively. It can
be easily converted to Dice coeﬃcient using the relationship
D = 2J/ 1 + J .
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Figure 7: Segmentation results in nearly normal and severely degenerated cervical spines. The left half of each image is the original image
containing the cord (gray) and its surrounding cerebrospinal ﬂuid region (white). The right half of each image is the segmentation result.
Erroneously classiﬁed pixels are shown in white. Components of the epidural space are also shown in some nonstenotic areas, but they are
clinically irrelevant.

The Hausdorﬀ distance, which is deﬁned as the maximum distance between two curves, was used to quantify the
distance between the anterior and posterior edges of the spinal cord. Three board-certiﬁed neurosurgeons performed
spinal cord segmentation on the same images used for automatic segmentation. Interobserver agreements between them
were calculated. Agreements between each human observer
and the automatic method were also calculated. Then, the
gold standard was determined using a voting process from
three manual segmentations to assess the accuracy of the
proposed method.

3. Results
A total of 84 eligible data sets from 84 patients were identiﬁed
in the hospital database. All 1092 T2-weighted sagittal MR
images were downloaded and processed. Our symmetrybased selection algorithm found 156 midsagittal images.
These images were reviewed manually and were found to
contain the odontoid process, which has an average width
of 9 mm and is located near the iMSP [21]. Therefore, all of
them were veriﬁed as midsagittal images.
Despite successful detection of midsagittal structures,
10 images from 5 data sets were excluded from further
processing. In 4 data sets, no single MR image contains the
complete cervical spinal canal due to excessive scoliosis, disqualifying the constraints of our algorithm. In one data set,
the orientation of the spinal canal was signiﬁcantly changed
due to severe kyphosis related to thoracic wall deformity,
prohibiting the DP algorithm to ﬁnd appropriate solutions.
Without the review process, these images would still fail
VB detection and labeling and would be rejected for further
processing instead of reporting erroneous automatic segmentation results.
From the remaining 79 data sets, a total of 146 images
were selected as midsagittal images eligible for spinal cord
detection. Among these 79 patients, there were 40 males
and 39 females. Their ages ranged from 25 to 85 years, with

a mean of 53.5 ± 12.0. After EM and two rounds of DP, the
spinal cords were detected in all images. For each data set
containing two midsagittal images, the one containing the
more homogeneous spinal cord region was retained. After
symmetry-based image selection and cord detection, the
7th image was selected in 45 (57%) of 79 data sets. The 6th
and the 8th images were selected in 22 (28%) and 10 (13%)
patients, respectively. The 5th image was selected in one
and the 9th in another.
In 36 (46%) of the 79 images, the original threshold
derived from the GMM was suitable for separating isointense
pixels from hyperintense ones. For the remaining images, the
thresholds were out of range. Automatic threshold adjustment using the isointense Gaussian was done in 43 (54%).
In one image, the hyperintense pixels did not form an
obvious peak on the histogram, resulting in absence of the
pertinent Gaussian, and the upper threshold for isointense
pixels was automatically set to 127.
Using DP, the PLLs were detected on all images without
problem. The LFs were also detected on all images. After a
manual review, small false-positive regions were noted in 6
cases and small false-negative regions in 2. These errors did
not aﬀect accuracy of cord segmentation. On the other hand,
the results of ALL detection were less stable.
Prevertebral tissues were frequently considered part of
the vertebral column.
After truncating the vertebral column region using B6
and subsequent region growing operations, 67 (85%)
images had successful detection and labeling of the VBs.
The labels were correct in 66 images. In one image, the
congenitally fused C3-4 vertebral bodies were mistaken
as C2 and the labels needed to be corrected. Manual
designation for superior and inferior edges of the spinal
canal was required in this image and in other 12 whose
labeling was unsuccessful. Detection of the anterior and
posterior edges of the spinal cord within cervical spinal
canal was successful in all 79 images. Two examples are
shown in Figure 7.
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Table 2: Interobserver agreements between the results of spinal cord segmentation by our algorithm and by three human experts, compared
using Jaccard indices. Results in mean ± standard deviation and ranges in parentheses.
Observer 1
0.980 ± 0.015
(0.922~1.000)

Automatic segmentation

Observer 2
0.979 ± 0.015
(0.937~1.000)
0.987 ± 0.010
(0.955~1.000)

Observer 1

Observer 3
0.977 ± 0.015
(0.939~1.000)
0.987 ± 0.010
(0.957~1.000)
0.989 ± 0.010
(0.951~1.000)

Observer 2

Table 3: Interobserver agreements between the results of spinal cord edge detection by our algorithm and by three human experts, compared
using Hausdorﬀ distances. Results in mean ± standard deviation and ranges in parentheses.

Automatic segmentation
Observer 1

Observer 1
1.51 ± 0.74
(0~3.61)

Anterior
Observer 2
1.51 ± 0.66
(0~3)
1.02 ± 0.43
(0~2.24)

Observer 2

The heights of the spinal canal regions ranged from 150
to 231 pixels, with a mean of 187.8 ± 18.8. On average, males
have longer canals than females (201.7 versus 173.5 pixels or
139 versus 119 mm) because they are taller. The number of
spinal canal pixels ranged from 3000 to 5760, with a mean
of 3943 ± 527. They account for only 4% of all pixels in the
image. The number of manually segmented spinal cord pixels
ranged from 1148 to 2473, with a mean of 1798 ± 250, and the
number of automatically segmented spinal cord pixels
ranged from 1155 to 2438, with a mean of 1803 ± 251. On
average, the area of the spinal cord occupies about 46% of
the spinal canal.
The mean gray levels of manually segmented cord pixels
on the images ranged from 57.9 to 123.9, with a mean of
76.0 ± 9.3, while the standard deviations of these cord pixels
ranged from 9.2 to 21.1, with a mean of 14.1 ± 2. Generally,
the SIs of cord pixels decrease signiﬁcantly as z increases.
The mean correlation coeﬃcient between the gray level and
z was −0.57 ± 0.21 with a median of −0.63. In 65 of the 79
images, the correlation coeﬃcients were lower than −0.4.
Compared to the gold standard, our algorithm had
very good performance. The Jaccard indices ranged from
0.937 to 1, with a mean of 0.980 ± 0.014. Converted to the
Dice coeﬃcient, the range was 0.968 to 1, with a mean of
0.990 ± 0.007, better than that described in the previous study
[7]. The Hausdorﬀ distances between the automatically
detected anterior spinal cord edge and the manually delineated one ranged from 0 to 3 pixels, about 0 to 2 mm, with
a mean of 1.44 ± 0.67 pixels. The Hausdorﬀ distances
between the automatically detected posterior spinal cord
edge and the manually delineated one ranged from 0 to 5.1
pixels, about 0 to 3.5 mm, with a mean of 1.47 ± 0.76 pixels.

Observer 3
1.54 ± 0.68
(0~3.16)
1.01 ± 0.38
(0~2)
0.97 ± 0.39
(0~2)

Observer 1
1.50 ± 0.76
(0~4)

Posterior
Observer 2
1.44 ± 0.78
(0~5.83)
1.05 ± 0.55
(0~3.61)

Observer 3
1.58 ± 0.79
(0~5.10)
1.05 ± 0.44
(0~3)
1.01 ± 0.57
(0~3)

Agreements between the results of spinal cord segmentation by our algorithm and by three human experts were
shown in Tables 2 and 3. Both interobserver agreement
measurements among three human experts were better than
those between human and our algorithm.

4. Discussion
We have proposed an algorithm for automatic cervical spinal
cord segmentation from original T2-weighted sagittal
images. Our method is accurate and robust. All 156 midsagittal images selected from a total of 1092 were conﬁrmed
manually. We used EM on the histogram to ﬁnd the upper
and lower thresholds of isointense pixels. Although some
adjustments were needed, our algorithm was able to ﬁnd all
spinal cords automatically, whose areas account for only
4% of all pixels in images having complete cervical spinal
canals. Similar double threshold-based method was employed
in other studies, but cropping regions of interest from the
original images was needed before determining the threshold
automatically [22].
Our method is completely atlas-free. The anatomical
knowledge was built into the algorithm. Despite minimal
human intervention, the results of our method were very
accurate. The Dice indices and Hausdorﬀ distances were better than those described in the previous studies [7]. In addition, our method is based on sagittal MR slice. These
characteristics make our method complementary to current
atlas-dependent methods based on axial images. Clinically
useful metrics including cord compression and canal compromise described in [3] can be derived automatically on
midsagittal MR images. Although similar knowledge of the
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spinal cord was incorporated in the methodology described
previously [10], our emphasis other than anatomical structures, as detailed in Figure 2, has not been proposed.
When ﬁnding the MSP slices, we empirically deﬁne the
diﬀerence metric of image pairs using the standard deviation
of the corresponding pixels’ gray level diﬀerences. However,
the most commonly used tool for measuring image similarity
is MI [14, 23]. We consider the slightly inferior performance
of MI related to uncorrected radiofrequency ﬁeld inhomogeneity and other artifacts as described in Section 2.3.
The stability of the EM algorithm is lower than we had
expected. In addition to aforementioned sources of errors
that also destabilize MI, adjustment of the histogram, or
“windowing,” which helps radiologist reading the images,
may also aﬀect EM. After windowing, many hyperintense
pixels stuck at the highest gray levels and their gray level distribution is no longer Gaussian. The adjusted threshold was at
the allowed maximum in 6 of 43 images whose upper thresholds for isointense pixels were adjusted. In other images, the
hyperintense pixels were also too heterogeneous to allow
EM to ﬁt a stable Gaussian for them. As a result, the adjusted
threshold was at the allowed minimum in 32 images.
We use dynamic programming as the main tool used for
detecting anatomical structures and their edges. When the
cumulative ﬁtness values qy,zinf are the same, there may be
more than one optimal solution. Compared to the detection
of PLL and the LF, detecting the ALL appeared much more
diﬃcult using DP. Variations of the prevertebral anatomy
may play a role. Incorporating such knowledge may improve
the segmentation accuracy for VBs and disks. It takes less
than one minute to ﬁnd the midsagittal slice and only seconds to segment the spinal cord because only two dimensions
were used in the searching process. Although not directly
comparable, the speed of our clinically oriented one-slice
algorithm is considerably faster than the previous one using
six dimensions [10].
We constructed two compound functions, f 7 and f 8 , to
detect the edges of the spinal cord. After considering various aspects aﬀecting tissue contrast between the cord and
its surrounding tissues, they seemed rather robust. Within
the normal spinal canal, these functions accurately detect
the interface between the isointense spinal cord and the
hyperintense CSF region. When the CSF space disappears
as compressed by the severely stenotic canal, the same functions can detect the interface between the isointense cord
and the hypointense ligaments, as illustrated in Figure 7.
However, when the width of the CSF region is minimized
to one pixel, the partial volume eﬀect may render it isointense, resulting in false-positive results.
Based on our algorithm, used alone or combined with
others, one can develop a computer-aided diagnosis system
capable of massive screening on cervical spine diseases, particularly CSM. During the review of the automatic spinal
cord segmentation results, the human observers also evaluated the severity of canal stenosis. In most patients with moderate and severe stenosis, the changes in the anteroposterior
diameter of the spinal cord are limited. On the other hand,
changes in sizes of the CSF spaces are much more striking.
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If the cord diameter is used as the sole parameter measured
in patients with CSM, disease severity may be underestimated. Therefore, some experts advocate correlating routine
MR images to ﬂexion-extension MR images if the diagnosis is
in doubt [24].
There are several limitations to our algorithm that
deserve mention. On the given midsagittal MR image, we
used the spinal cord as the very ﬁrst feature to be recognized
and processed. Therefore, the algorithm cannot be applied to
lower lumbar spinal levels, where the cauda equina composed of multiple nerves is only a neural structure within
the canal. Although small regions of SI change within the spinal cord region caused by CSM did not aﬀect its accuracy,
our algorithm can fail when there are large cord lesions spanning long spinal levels. For the DP algorithm to detect the
anatomical structures, a continuous spinal canal with the
structures being aligned roughly and vertically is required.
If the canal is disrupted by trauma, tumor, or other pathologies, modiﬁcations of our algorithm are required for it to
work properly. Parameters of our algorithm must be tuned
before application to other anatomical regions, such as thoracic and upper lumbar spines, as well as before application
to other MRI scanners.

5. Conclusion
Automatic segmentation of the spinal cord and CSF in
MR images remains a diﬃcult task. We have presented an
automatic method of spinal cord segmentation on sagittal
T2-weighted images employing EM, DP, and region growing
algorithms. Relevant anatomical knowledge is transformed
into constraints in the algorithm enabling it to being atlasfree. Our method is accurate and robust and requires minimal human intervention. Used alone or combined with other
methods, it lays foundation for computer-aided diagnosis of
spinal diseases, particularly degenerative ones.
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In tongue diagnosis, colour information of tongue body has kept valuable information regarding the state of disease and its
correlation with the internal organs. Qualitatively, practitioners may have diﬃculty in their judgement due to the instable
lighting condition and naked eye’s ability to capture the exact colour distribution on the tongue especially the tongue with
multicolour substance. To overcome this ambiguity, this paper presents a two-stage tongue’s multicolour classiﬁcation based on
a support vector machine (SVM) whose support vectors are reduced by our proposed k-means clustering identiﬁers and red
colour range for precise tongue colour diagnosis. In the ﬁrst stage, k-means clustering is used to cluster a tongue image into four
clusters of image background (black), deep red region, red/light red region, and transitional region. In the second-stage
classiﬁcation, red/light red tongue images are further classiﬁed into red tongue or light red tongue based on the red colour range
derived in our work. Overall, true rate classiﬁcation accuracy of the proposed two-stage classiﬁcation to diagnose red, light red,
and deep red tongue colours is 94%. The number of support vectors in SVM is improved by 41.2%, and the execution time for
one image is recorded as 48 seconds.

1. Introduction
Tongue diagnosis is said to be the most active research in the
advancement of complementary medicine compared to other
diagnosis ﬁelds such as pulse and abdominal palpation [1].
For several decades, the objectiﬁcation of tongue’s colour,
texture, and geometry analysis as well as pathological feature
disease correlations have been researched thoroughly to
achieve standardization in clinical practice and to improve
the existing technology of computerized tongue image analysis device. In traditional east-Asian medicine, precise tongue
colour quantiﬁcation is essential to predict patients’ illness
caused by physical and mental disharmony. Hence, tongue
colour provides beneﬁcial information on blood congestion,
water imbalance, and psychological problems [2]. In Kampo

medicine as well as traditional Chinese medicine (TCM),
tongue colour is mainly classiﬁed into three colors such as
red, light red, and deep red as illustrated in Figure 1.
In 2010 and 2013, a tongue colour gamut descriptor
has been proposed by several researchers using one class
SVM [3, 4]. This proposed work suggested that the tongue
colour gamut is very narrow and comprises of diﬀerent
types of identical colour; thus, there are many overlapping
and similar pixel values that exist. By using the naked eye,
the colour information on diﬀerent regions of a tongue
body (or substance) might look almost similar. Nevertheless,
when we clustered the tongue body image into distinguished
pixels using clustering algorithm, there exist several clustered
regions with diﬀerent colour information on a tongue.
These clustered colour information is very useful in order
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(a)

(b)

(c)

Figure 1: Tongue colour samples: (a) light red, (b) red, and (c) deep red.

to determine what are the most contributing colour or area
on a tongue body for tongue colour evaluation and diagnosis.
However, in order to choose the most informative clustered
pixels to be used as input features in a classiﬁer, an eﬀective
feature selection method is necessary. According to [5], there
are several problems during preprocessing and data selection
that can reduce the performance of a classiﬁer:
(i) Impossible features or values have been inputted as
training examples.
(ii) Several values have not been inputted during training
(missing values).
(iii) Redundant or irrelevant data have been included as
training examples.
Similar researches in [6–9] have been discussed to sift
out redundant information from the samples used in the
classiﬁer during data selection. Nevertheless, some of these
works did not consider the basis theory of the sample
selection and the possibility of misclassiﬁcation or misclustering during sample selection. Moreover, too many features
included in the training examples have led to complex
descriptive feature mapping in the classiﬁer [10]. Currently,
there are many researches in computerized tongue image
analysis system that utilized machine learning techniques
aiming to have better accuracy rate and lesser runtime. Yet,
most of the journals or research works have been reported
on a trade-oﬀ between these two parameters (computation
time and accuracy). Several works only reported on the optimization of classiﬁcation accuracy but not the execution
time [10–13].
Therefore, creating a classiﬁer by taking into account the
most informative or meaningful features to improve the
response time and generalization ability is crucial. This paper
presents a two-stage classiﬁcation system for tongue colour
diagnosis aided with the devised clustering identiﬁers and
proposed colour range that can improve the classiﬁcation
accuracy and classiﬁer’s response time. Data selection
method in our case (k-means clustering) is based on tongue

colour pattern and area using traditional medicine perspective. The purpose of these clustering identiﬁers is to collect
only meaningful tongue features to reduce the classiﬁer
runtime via the reduction of support vectors and outliers.
Besides, red colour range in the second stage of classiﬁcation
reduces the possibility of overlapping pixels in the new
examples that can boost up the classiﬁcation accuracy.
To the best of our knowledge, this is the latest tongue colour
diagnosis system that promotes high accuracy and fast
response time classiﬁcation system which considered the most
contributing colour and area analysis using k-means, SVM,
and colour range. This novel two-stage classiﬁcation system
outperformed the conventional SVM by 20% in terms of computational time and 15% in terms of classiﬁcation accuracy.

2. Previous Works
Feature extraction or data transformation is a process of
transforming a raw feature data into quantitative data
structure or patterns for training accessibility [14]. Feature
detection and extraction is an essential procedure in tongue
diagnostic system after segmentation procedure as some of
the tongue features accumulated beneﬁcial information
related to the internal body system and health. During
tongue manifestation, the medical practitioners examined
the tongue’s features such as tongue coating, teeth marks,
prickles, purple spot and blue spot, or any abnormal features
on the tongue to predict the condition of their patient. For
instances, teeth marks on a tongue can be related to the
dehydration of ﬂuid in the body, substance with existence
of purple spot can be related to the blood congestion inside
the body, too many obvious prickles are related to the
appendicitis [15], and more feature disease or disharmony
state of the body correlations can be predicted. Hence, an
accurate feature detection or extraction algorithm is crucial
to examine the image in the feature’s region comprehensively
to acquire useful information in terms of its colour or texture.
To establish the standard of tongue diagnosis, the
standardization fundamental in deﬁning the most suitable
informative features for any signiﬁcant diseases is also
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essential. There are several reported works using hyperspectral images to attain meaningful tongue features for further
analysis such as coating colour and sublingual veins [16–18].
Even though the hyperspectral image sensing is insensitive
to various illumination and albedo eﬀects, the high cost of
the hyperspectral camera is a limitation. Since decades, the
objectiﬁcation of tongue colour, texture, and geometry
analysis as well as pathological feature disease correlations
have been researched comprehensively to establish a computerized tongue diagnosis device. Moreover, to determine
the most important features that can exclusively contribute
to improve performance of the classiﬁer is very crucial.
Some related works are reported in [6–9] using hybrid
classiﬁers to sift out several redundant features and adopted
only the most meaningful instances to boost up the performance of the classiﬁer in terms of its response time and
classiﬁcation accuracy. Through this motivation, this technique will reduce the number of training examples and lead
to the number of support vectors reduction, thus speeding
up the classiﬁer’s response time. However, some of these
works have not considered the possibility of misclassiﬁcation
or misclustering during sample selection. In addition, the
number of clusters produced by k-means clustering is always
the same as the number of classes produced by SVM; hence,
it cannot be applied in certain cases where SVM classes are
less than the clusters of k-means which may occur in some
classiﬁcation problems. To the best of our knowledge, none
of them have been implemented on image applications.
Because there is abundance of tongue features or pathological details that have been accumulated via thousands of
images progressively, the innovation in decision support
system and intelligent image analysis has evolved for accurate
and fast classiﬁcation and diagnosis. In general, there are
three learning algorithms which have been implemented
using machine learning such as supervised, unsupervised,
and semisupervised algorithms. By utilizing these algorithms,
an accurate classiﬁcation system to classify the most informative features with high generalization ability is desired. There
are several works reported in feature disease classiﬁcations
aiming to predict the mapping relationships between tongue
features and diseases [10, 11, 15, 19–21]. There are several
researches that utilized neural network in categorizing the
tongue features [18, 22–24]. Nonetheless, the two most applied
classiﬁers in tongue diagnosis ﬁeld are Bayesian network
classiﬁer [10, 25] and SVM-based classiﬁer [3, 11–13, 26, 27].
Even though there are suﬃcient training examples from
the textural and chromatic properties of a tongue used in
the classiﬁer, the accuracy in some reported works needs
to be improved [10, 28].
In [26], an SVM-based algorithm called transductive
support vector machine (TSVM) is proposed by combining
the labelled and unlabelled samples of tongue features as
training examples to reduce the human labour and improve
the classiﬁer’s accuracy since the unlabelled samples help to
provide much more classiﬁcation information during the
training process. Nevertheless, there are several classiﬁcation
problems of ambiguous separating boundaries between the
classes. This is because there is no model selection method
has been made prior to the classiﬁcation during the training
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process. The more unlabelled samples are included, the noisy
the data will be. Hence, the study on the selection method of
unlabelled samples remained as a future research. To compare the performances among classiﬁers, this research paper
has investigated ﬁve types of machine learning algorithms to
foresee the performance of these algorithms in terms of
tongue’s features and classiﬁcation [11]. Five diﬀerent
machine learning algorithms including ID3 (based on decision tree), J48 (based on decision tree), naive Bayes (based
on Bayesian network), BayesNet (based on Bayesian network),
and sequential minimal optimization (based on SVM) were
applied to a tongue dataset of 457 instances. Their comparison results have shown that the SVM-based algorithm
has relatively the best performance. However, with the
abundance of accumulated tongue features in the near
future, the limitations of conventional SVM algorithm
are on its speed and size. For a similar generalization performance, SVM response time is slower than other neural
network algorithms [29]. The computational complexity
that is linear with the number of support vectors is an
unsolved problem [30]. To date, the issue on how to choose
a good kernel functions in a data-dependent way [31]
and how to control the selection of support vectors has
been researched thoroughly especially in a noisy and continuous data [32].

3. Materials and Method
3.1. Clinical Data Collection. There are a total of 300 tongue
images after coating eliminations have been accumulated
during clinical practice in the Oriental Medicine Research
Centre, Kitasato University in Japan. All tongue images in
this proposed research were taken by tongue image analyzing
system (TIAS) that was invented by the Chiba University,
Japan. TIAS is a closed box acquisition system that is used
to capture the tongue image under stable condition in terms
of illumination condition and tongue’s position. There are
several components implemented in TIAS such as
(i) halogen lamps as illuminators with high colour
temperature to acquire adequate tongue colour
information,
(ii) integrating sphere which is a hollow cavity shaped
with coated interior to produce equal distribution
of light rays on a tongue,
(iii) 1280 × 1024 pixels high-speed charged couple digital (CCD) camera to capture high-resolution
24 bit RGB (redness, greenness, and blueness)
tongue images,
(iv) 24-colour chart for colour correction purposes.
All the images implemented underwent colour correction
procedure to maintain high colour reproducibility outcomes.
Around 300 tongue images after coating elimination in [33]
are used in k-means clustering procedures and 600 features
or instances of clustered results or what we called clustering
identiﬁers are used as training examples in SVM.
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Figure 2: (a) Raw image, (b) image after segmentation, and (c) image after coating removal.

3.2. Fast SVM Aided by k-Means Clustering Identiﬁers and
Colour Attributes. This section describes our full procedures
on our proposal of two-stage classiﬁcation system by
implementing an SVM classiﬁer aided with clustering
identiﬁers and red colour range. The preclassiﬁcation starts
with the most contributing colour and area analysis using
k-means clustering to develop clustering identiﬁers that can
be used as training examples to recognize tongue colour in
SVM. This automatic classiﬁcation system is proposed to
classify tongue images into light red tongue, red tongue,
and deep red tongue. In the ﬁrst-stage classiﬁcation, tongue
images after segmentation and coating removal such as in
Figure 2 are fed to k-means clustering algorithm with k = 4
to determine the most contributing colour and area on the
tongue image.
The outcome of the clustering procedure is the cluster
image that is divided into background, red/light red, deep
red, and region with transitional pixel clusters. The two most
informative clusters or clustering identiﬁers are red/light red
and deep red clusters. These two clustering identiﬁers will be
used as training examples in SVM to preclassify the deep red
tongue or red/light tongue. In the second-stage classiﬁcation
or ﬁnal classiﬁcation, the red/light red tongue images are
further classiﬁed into red tongue and light red tongue based
on the red colour range derived from our databases. The
detail on how we choose the most informative clusters will
be discussed in the next section.
3.2.1. The Most Contributing Colour and Area Analysis Using
k-Means Clustering Algorithm. The most important step in
our proposed classiﬁcation technique is a sampling strategy
of bag-of-features reduction (or also known as feature
selection) by applying clustering algorithm to deﬁne the most
contributing colour and area on tongue images. Feature
selection is a procedure of selecting an informative subset
of nonredundant features among the original or transformed
ones usually for eﬃciency purposes [34]. This technique is
mainly proposed to deﬁne the most meaningful colour
regions or area (or clusters) that can contribute to diagnose
the tongue colour (red, light red, and deep red). Moreover,

it is also can be considered as a down sampling technique
to eliminate the less contributing colour so that the computational complexity is reduced. Clustering is the process
of partitioning a group of data points into a small number
of groups. The goal is to assign a data label to each data
point and separate the data points to every cluster that
depends on the similar label. Given a set of n data points
in d-dimensional space Rd and an integer k, k-means clustering determines a set of k centre points in Rd such that the
mean squared distance from each data point to its nearest
centre point is minimized. In image processing analysis, each
pixel in the input image was treated as an object that has a
location in space. k-means clustering is usually implemented
to solve the image segmentation or feature extraction and
feature classiﬁcation. In our proposed work, k-means clustering algorithm has been implemented with Lab colour space
to produce informative cluster information and to identify
some hidden patterns that can be used as training pixels in
SVM to diagnose the tongue colour.
In east-Asian medicine perspective, the tongue accumulates several valuable information regarding the properties,
location, and development and prognosis of a disease [35].
The tongue is usually diagnose by observing its bilateral edge
regions [2]. Nevertheless, according to TCM, there are ﬁve
regions of the tongue that can be useful to relate directly or
indirectly to the internal organs such as bilateral edges
(related to liver and gallbladder), tip (heart and lung), centre
(spleen and stomach), and root (kidney). To this motivation,
we want to determine the most contributing colour and area
on a tongue body that can be used to diagnose the tongue
colour accurately. Apart from tongue’s root regions, we have
discovered that by using clustering algorithms, the tongue
regions are distinguished via the edges, the tip of the tongue,
and the centre of the tongue. Moreover, we have observed
that most of the pixels are clustered at the tip, bilateral edge,
and the whole tongue’s region (tip, edges, and centre). Hence,
we have adopted the two most informative clusters or also
known as clustering identiﬁers which represent the pixel
distribution around the tongue’s tip and edges which we
called the highest colour distance from black pixel (0, 0, 0)
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and the highest number of pixel cluster which has been
distributed sparsely across the tip, edges, and centre of a tongue. We named them as maximum colour distance identiﬁer and maximum pixels’ coverage area identiﬁers to
identify the red/light red cluster and deep red cluster,
respectively. This procedure was done along with the
veriﬁcation of several Oriental medicine practitioners at
Kitasato University, Japan.
The k-means clustering formula is described using cluster
centroid detection given by
Δdistance metric =

L1 ∗ − C 1 ∗

2

+ a1 ∗ − C 2 ∗

2

+ b1 ∗ − C 3 ∗ 2 ,
1

where (C 1 ∗ , C 2 ∗ , C3 ∗ ) is the centroid of each cluster.
We have tested several possible number of clusters and
observed the outcomes with the practitioner’s recommendation. By using k = 3, the mixture of red, light red, and deep
red pixels on one cluster was detected by observing the
centroid value of each cluster and the pixels are vaguely
distinguished. Whilst, by using k = 5, the redundant clusters
sharing similar average colour were detected or, in other
words, the colour distance between each cluster is not
signiﬁcant. After several experiments, we have chosen k = 4
because tongue substance usually comprises of three main
colours which is red, light red, and deep red. The other one
cluster left is reserved for a background. Moreover, by
looking at the perspectives of pixel’s distribution around four
tongue regions (left and right edges, tip, and the centre)
mentioned previously, we found that k = 4 is the most
accurate cluster number that characterised the distribution.
The practitioners conﬁrmed all clustered images on an IPS
(in-plane switching) monitor (ColourEdge CG246, EIZO®).
The development of clustering identiﬁers can help in
boosting up the performance of SVM via the reduction of
noisy pixels and outliers in the training data.
3.2.2. k-Means Clustering Identiﬁers. Based on our observation during the process of determining the number of cluster,
k using resulting clusters of k-means, we have recognized two
hidden patterns or we called it as identiﬁers to identify the
clusters that contained deep red region and red/light red
region. These identiﬁers are devised based on (i) maximum
colour distance from black pixel 0, 0, 0 and (ii) maximum
pixel’s coverage area. Moreover, based on the prelabelled
images beforehand, the output clusters from the k-means
were also measured in terms of their average colour value
in Lab colour space to develop the red colour range identiﬁer
to be used in the second-stage diagnosis.
Maximum colour distances from black pixel or chromatic intensity are determined based on (2) as
Δcolour distance =

L2 ∗ − L1 ∗

2

+ a2 ∗ − a1 ∗

2

+ b2 ∗ − b1 ∗ 2 ,
2

where L1 ∗ , a1 ∗ , b1 ∗ is 0, 0, 0 . Using this identiﬁer, pixels
with more red and less blue (higher a∗ and b∗ ) concentration
(red and light red) can be easily detected compared to pixels

with less red and more blue (lower a∗ and b∗ ) concentration
because these pixels have longer distance from the black
pixel. In our Lab colour analysis on substance colour after
coating removal, red and light red tongue has been observed
to have a domination of a∗ , b∗ (chromatic) pixels compared
to deep red tongue that was inﬂuenced by black colour as
their distance to black pixel is nearer [33]. Hence, after series
of training procedures in SVM, this identiﬁer has the best
accuracy to classify red/light red tongue.
Moreover, maximum pixels’ coverage area formula can
be deduced as in
Anp = w′ × h′,

3

where all nonzero pixels are covered by the area where w′ ≤ w
and h′ ≤ h. In this equation, Anp is the number of nonzero
pixels area in the tongue image after clustering, w is width
area of tongue image before clustering, and h is the height
area of tongue image before clustering. Samples of the deep
red clusters and red/light red clusters identiﬁed by our
proposed clustering identiﬁers are as shown in Figure 3.
During the accumulation of average colour of every
clusters in k-means procedure, the average colour of the
maximum pixels’ coverage area clusters is observed to have
the least concentration of red (denoted by low a∗ and b∗
attributes) in Lab colour compared to other clusters. Hence,
after series of training procedures in SVM, this identiﬁer
has the best accuracy to classify deep red tongue.
3.2.3. Reduction of Support Vectors in SVM via Tongue
Clustering Identiﬁers. This section describes the theory and
fundamentals of our proposed SVM model aided with clustering identiﬁers to reduce the number of support vectors
during training and testing procedures that will lead to a fast
classiﬁcation system with high accuracy. A support vector
machine (SVM) is a supervised machine learning method
that is deﬁned by a separating hyper plane which can be used
for classiﬁcation of images. Given a set of labelled training
data, the algorithm outputs an optimal hyper plane which
predicts the new example to fall on which side of the gap.
In the image processing concept, this training algorithm of
SVM builds a model of mapping pixels and assigns them into
one category or the other divided by a discriminative hyper
plane. A good separation is achieved by the hyper plane that
has the largest margin which describes the distance to the
nearest training data point (support vectors) of any class.
The larger the margin, the lower the generalization error of
the classiﬁer will be. The reason why SVM insists on ﬁnding
the maximum margin hyper planes is that this optimization
oﬀers the best generalization ability. In other words, it compromises better classiﬁcation performance (e.g., accuracy)
on the training data of the future data. In addition, SVM
can also perform a nonlinear classiﬁcation using the kernel
method by mapping their inputs into high-dimensional
feature spaces implicitly. Besides, SVM is said to have high
generalization ability for classiﬁcation problem compared
to other machine learning algorithms even though the input
space is very high [36].
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(a)

(b)

(c)
Figure 3: (a) Deep red cluster identiﬁed by maximum pixels’ coverage area identiﬁer and (b) and (c) red/light red clusters identiﬁed by
maximum colour distance identiﬁer.

Currently, there are two types of approaches for multiclass SVM. The ﬁrst method is by considering all the data
using one optimization formula and the other one is by
combining several binary classiﬁers together and ﬁnally opt
for the one with the best optimization. According to this
paper [37], the formulation to solve multiclass SVM problems in one step requires the number of variables to be proportional to the number of classes. Therefore, there must be
several binary classiﬁers to be constructed or a larger
optimization problem is needed. Hence, in general, it is
computationally more expensive to solve a multiclass problem than a binary problem with similar number of training
databases [38]. Nevertheless, when the training data becomes

bigger, more time is needed for optimization. In [39], one of
the limitations of SVM classiﬁer is its computational ineﬃciency when there are millions of instances to be classiﬁed.
However, this problem can be solved by breaking the core
sets into a series of subsets. Through this motivation, we have
proposed a two-stage classiﬁer that can break a large optimization problem into a series of small problems (clusters)
where each problem only involves a small number of
informative pixels (small number of support vectors too)
so that the optimization problems can be solved successfully. Solving these small variables will deﬁnitely save its
response time whilst the generalization ability can be
improved signiﬁcantly.
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width=200; height=200;
DataSet = cell([], 1);
%list and returns a character vector containing the full path to the file
for i=1:length(dir(fullfile(Dataset2,'*.png')))
% Training set process
k = dir(fullfile(Dataset2,'*.png'))
%Reading image and its information
for j=1:length(k)
tempImage = imread(horzcat(Dataset2,filesep,k{j}))
imgInfo = imfinfo(horzcat(Dataset2,filesep,k{j}))
%Image conversion to grayscale and using intensity as classification parameter in SVM
if strcmp(imgInfo.ColorType,'grayscale')
DataSet{j} = double(imresize(tempImage,[width height]))
else
DataSet{j}= double(imresize(rgb2gray(tempImage),[width height])); %we only use the colour intensity
of grayscale picture to classify the images, we did measure the classification using hue (chromatic pixels),
but tongue intensity provide better classifications.
Algorithm 1: Pseudocodes of training input setting in SVM.
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Figure 4: SVM concept of classiﬁcation by constructed hyper plane.

Theoretically, the general binary (two classes) classiﬁcation using SVM can be visualized in Figure 5. The motivation
of our proposed algorithm is to have a margin that is as wide
as possible to separate the training points between the two
classes (deep red and light/red tongue) depending on the
location of support vectors. The general equation of these
hyper planes that separate these two categories can be
described as

1
min w
2

y i wT x i − b ≥ 1
2

s t yi w xi − b ≥ 1,
T

1≤i≤n
i = 1, 2, …, n,

4

where w is the normal vector of the hyperplane, b is the
bias, and xi is the support vectors that lie on a feature
space. In our case, the training input to SVM can be
devised in pseudocodes given by Algorithm 1.

Methodically, if we apply this (4) to the set of test data,
there will be many hyper planes generated to classify the data
with respect to two diﬀerent constraints. The best choice of
hyper planes is the one that has the largest separation
between the two classes as illustrated in Figure 4. These w
and b parameters are solved to determine the classiﬁer. The
maximum margin can be determined by those xi which lie
nearest to it. These xi are called boundary points or support
vectors. The complexity of the SVM algorithm is really
depending on the number of support vectors. In other words,
the cost function does not explicitly depend on the dimensionality of feature space and the number of training samples.
In soft margin cases, we need more training samples to get
better generalization ability and lesser number of support
vectors. In SVM, there are many types of kernel such as
linear, Gaussian, quadratic, and polynomial. The kernel is
deﬁned as the inner product in the feature space. Kernel trick
in SVM learns linear decision boundary in a high dimension
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Raw image

Segmentation of
tongue body from
perioral area

Coating separation
from tongue body

k‒means clustering
k=4

Background

Red/light red pixels
(region)

Deep red pixels
(region)

Transitional pixels

Analysing clusters with k‒
means clustering identifiers

Maximum pixels’ coverage area identifier
(pixels labelled as deep red)

Maximum colour distance identifier
(pixels labelled as light red/red)

Reduced support
vectors

SVM linear kernel

Classified tongue
images

Figure 5: Flowchart of our proposed ﬁrst-stage classiﬁcation.
Table 1: Red colour range for red and light red tongues.

space without explicitly working on the mapped data. The
linear kernel is the simplest example of a kernel and is
obtained by considering the identity mapping for the feature
space to satisfy φ x = x or in formulation k x, x′ = xT , x′ .
The down sampling procedures or sample selection
method for training purposes before classiﬁcation is essential
to reduce classiﬁer’s burden and complexity. Since the tongue
colour is very narrow [40], there are many overlapping pixels
of similar colour exist. In other words, the distributions of

Tongue colour
Red
Light red

L∗
L∗ < 56
L∗ ≥ 56

Lab colour range
a∗
b∗
32 ≤ a∗ ≤ 39
6 ≤ b∗ ≤ 10
∗
23 ≤ a ≤ 27
15 ≤ b∗ ≤ 19

tongue image pixels are usually nonlinear and continuous.
In our proposed work, we have discovered that the most
contributing colour and area analysis on the tongue by
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1: I = lightred/red test_image_from_SVM;
2: I1 = I(:,:,1); % L
3: II1 = mean(nonzeros(I1));
4: I2 = I(:,:,2); % a
5: II2 = mean(nonzeros(I2));
6: I3 = I(:,:,3); % b
7: II3 = mean(nonzeros(I3));
%For b colour range checking:
9: colour_average = II3
10: if (colour_average>=6)&&(colour_average<=10)
11: disp('Tongue is red colour');
12: else if (colour_average>=15)&&(colour_average<=19)
13:
disp('Tongue is light red colour');
14:
else
15:
disp ('Check b attributes');
%repeat to a and L attributes
Algorithm 2: Pseudocodes of red colour ranges.

k-means clustering can be used to extract meaningful and
informative colour region on the tongue body so that the
redundant pixels can be eliminated. However, not all clusters
produced by our proposed k-means clustering algorithm are
relevant to be fed as training examples in SVM. To this
motivation, we have developed two tongue clustering identiﬁers to be fed as training examples in SVM and they are
called as maximum pixels’ coverage area identiﬁer and maximum colour distance identiﬁer. An outline of our ﬁrst-stage
classiﬁcation system aided by these clustering identiﬁers as
training examples to distinguish the deep red and red/light
red group of tongue can be visualized in Figure 5.
After series of training procedures, we have discovered
that maximum colour distance identiﬁer has the best ability
to classify deep red tongue and maximum pixels’ coverage
area identiﬁer has the best ability to classify red/light red
tongue based on the loss function formula calculated using
labelled tongue colour image databases. By using these
proposed clustering identiﬁers, the numbers of overlapping
pixels and misclassiﬁed points or outliers between the
boundaries have been greatly reduced; hence, the number
of support vectors is also reduced. This reduction of overlapping pixels promotes distance maximization (margin maximization) of separating hyper plane for better generalization
ability. The implementation of our proposed tongue identiﬁer as training examples is signiﬁcant as it also lead to
minimization of outliers that can prevent over ﬁtting during the classiﬁcation process. Moreover, SVM treats all
training points equally; hence, both the noisy points and
outliers will have negative impacts on the accurate classiﬁcation [41]. Methodically, in order to classify some training
points using an SVM model, the dot product of each support
vector has to be computed with every test point. In other
words, the SVM model did faster classiﬁcation with fewer
number of support vectors and vice versa. Thus, the computational complexity of our proposed classiﬁer model aided
with the clustering identiﬁer model has been reduced via
the reduction in the number of support vectors. The
detailed measurement analyses and results of our proposed

classiﬁcation method will be discussed in the Experimental
Results and Discussion. For SVM accuracy measurement,
we have estimated the classiﬁcation rate terminology via
the loss function formula given by
ACC ≅

nred/light red + ndeep red
N

× 100,

5

where ACC is the estimated successful classiﬁcation accuracy rate, nred/light red is the number of red/light red tongue
images that have been correctly classiﬁed, ndeep red is the
number of deep red tongue images that have been correctly
classiﬁed, and N is the total number of tongue images used
in classiﬁcation.
3.3. Red Colour Range in Lab Colour Space. This section
describes the second stage of classiﬁcation where red colour
range is used as a ﬁnal classiﬁer between red/light red groups
of tongue after ﬁrst classiﬁcation is done. If the new example
of tongue is classiﬁed as deep red tongue after the ﬁrst stage
of classiﬁcation, then it will not be classiﬁed further using this
red colour range. Nevertheless, if the new example is classiﬁed as red/light red tongue in the ﬁrst stage of classiﬁcation,
then, it has to be classiﬁed further using red colour range for
ﬁnal veriﬁcation. The measurement of red colour range is
done during the clustering procedures where we have
accumulated hundreds of average red and light red tongue
colour clusters which are labelled clinically beforehand by
the practitioners’ naked eye as red and light red tongues.
By naked eye, red and light red tongues look very similar
because the colour range of chromatic value (a∗ and b∗
attributes) is relatively similar for red and light red tongues [33], but technically, the value of luminance attributes
(L∗ ) is distinguishable. The red colour range in Lab colour
space is summarized in Table 1.
After the ﬁrst-stage classiﬁcation, red/light red cluster will
be tested using red colour range deﬁned in Table 1. The new
example of red/light red cluster should satisfy the range value
of every attribute L∗ , a∗ , b∗ in the table above. Red/light red
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Tongue images
with unknown
colour
300 images
k‒means clustering with k = 4

Background,
transitional pixels,
red/light red pixels,
deep red pixels

Clustering identification
using pixels’ coverage area

Clustering identification
using colour distance
Red/light
red pixels
and deep
red pixels

Another 130 images

Using SVM learning module for
170 images
Generate deep red tongue
classifier

Testing
Classify tongue images
into deep red tongue or
others

Using SVM classify module for
170 images

Deep red
tongue
image

Other
tongue
images

Distinguish
between red and
light red tongue

Training

Using red colour
range

Light red
tongue
image

Red tongue
image

Figure 6: The outline of proposed computerized tongue colour diagnosis system.

cluster which does not ﬁt the range of a∗ , b∗ value in Table 1
will be further classiﬁed based on luminance, L∗ value afterwards. Subsequently, the user will get the ﬁnal result of the
tongue colour whether it is red or light red tongue. The red
colour range pseudocodes were given by Algorithm 2.
The detailed procedures of our proposed tongue colour
diagnosis system aided with the proposed identiﬁers and
red colour range are illustrated in Figure 6.

4. Experimental Results and Discussion
4.1. Performance Analysis. This section discusses the experimental results and the performances of our proposed

two-stage classiﬁcation system using SVM model with clustering identiﬁers and red colour range. We have involved
over 300 images and 600 features of our clustering identiﬁers
as training examples in SVM to diagnose the red, light red,
and deep red tongue colours automatically. These tongue
images were taken by tongue image analyzing system
(TIAS) on hundreds of outpatients in the Oriental Medicine
Research Centre, Kitasato University in Japan, and each of
the tongue colour was validated and labelled beforehand by
several medical practitioners. The SVM algorithm is run in
MATLAB environment with Intel® Core™ i7-3820CPU
@3.60GHz. As a comparison, we have implemented raw
images after segmentation and coating removal as training
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Table 2: Comparison of average classiﬁcation accuracy and execution time of several algorithms using same database speciﬁcations.
Method

Conventional SVM (only SVM) [11, 13, 27, 28, 42]

Proposed SVM with clustering identiﬁers (SVM + k-means)

Neural network [18, 24]

examples without clustering identiﬁers. Several types of
kernels such as linear, Gaussian radial basis function (RBF),
quadratic, and polynomial kernels have been tested. However, without clustering identiﬁer, the accuracy rate measured
was not convincing. The rows labelled as “Conventional
SVM” in Table 2 summarizes the performance of the SVM
algorithm tested with diﬀerent kernels in terms of their
classiﬁcation accuracy and execution time. The last row in
Table 2 shows the performance of neural network algorithm
in classifying tongue colours whereby only 70.6% best
classiﬁcation rate was achieved.
Methodically, we have divided the experiment into two
stages, SVM classiﬁer and classiﬁcation based on Lab colour
ranges. The SVM is used to discriminate between the deep
red and red/light red tongue colours aided by the proposed
clustering identiﬁers. The best estimated classiﬁcation rate
attained is 89% when the linear kernel is being used as
summarized in the rows labelled as “SVM with clustering
identiﬁers” in Table 2.
Based on the measurement result by SVM on 300 images,
we have deduced that linear kernel is the best kernel that
can successfully separate the light red/red and deep red
tongues using combination of maximum colour distance
and pixels’ coverage area identiﬁers. By implementing the
result of k-means clustering algorithm that are based on
colour distance and pixel’s coverage area, the information
of training and testing images to be tested by SVM had
been simpliﬁed. Redundant pixels inside a tongue image
after segmentation and coating removal that are not useful
have been ﬁltered out via our proposed clustering identiﬁers.
By using these identiﬁers, there is a signiﬁcant diﬀerence in
classiﬁcation boundary between these two classes (red/light
red and deep red). In other words, the solution of SVM has
been simpliﬁed.
However, a low classiﬁcation accuracy have been
observed in light red and red tongue classiﬁcation by using
maximum colour distance identiﬁer in SVM because these
two colours look very similar to the naked eye. Nevertheless,
during the colour analysis measurement, the diﬀerence in
light red and red tongues was observed via each of the Lab
colour attributes: L∗ , a∗ , and b∗ statistically. Therefore, in
order to devise a reliable and precise diagnosis system, we
have derived the red colour range from Lab colour space
for red and light red tongues to be used to distinguish these

Technique/kernel
RBF
Polynomial
Linear
Quadratic
RBF
Polynomial
Linear
Quadratic
Conventional

Accuracy (%)
50
50
57
74
63
50
89
50
70.6

Execution time (s)
219
187
249
187
166
172
149
151
652

two colours in second-stage classiﬁcation such that overall
classiﬁcation accuracy is high for the whole tongue colour
diagnosis system. These colour attributes were accumulated
during the clustering procedures. Table 3 showed the comparison of accuracy between chromatic and luminance
attributes between red and light red tongues. This chromatic
and luminance attributes pattern indicator (Lab attributes)
does not apply to deep red tongue because deep red tongue
can be recognized by the ﬁrst-stage classiﬁer.
As can be seen in Table 3, low accuracy was recorded if
only chromatic or colour attribute range (range for a∗ and
b∗ only) was used to recognize the light red and red tongue
colours. In the light red and red tongues, several pixel values
of a∗ and b∗ are very similar; hence, there are some overlapping pixels between these two colours. Therefore, luminance
can distinguish the light red and red more accurately. Here,
chromatic with luminance attributes from the Lab colour
space gave the highest accuracy in red and light red tongue
second-stage classiﬁcation which is 95%. In total, the estimated classiﬁcation accuracy using our proposed two-stage
classiﬁer was recorded as 94%. Therefore, we have developed
the intelligent diagnosis system that can predict and diagnose
the tongue based on its colour and also can be an assisted tool
for the practitioner during the clinical practices.

5. Conclusion
In this work, we have proposed a two-stage classiﬁcation
method to diagnose three tongue colours: red, light red, and
deep red. The proposed automatic colour diagnosis system
is very useful for early detection of imbalances condition
inside the body. According to traditional medicine perspectives, light red tongue is considered normal; red tongue is
always associated to excess of heat, dehydration, hemoconcentration, or irritability; and deep red tongue is associated
with blood stagnation, coldness, and so forth. The ﬁrststage classiﬁer is mainly based on SVM aided by k-means
clustering identiﬁers: maximum colour distance identiﬁer
and maximum pixel’s coverage area identiﬁer. These two
identiﬁers have been employed to discriminate between the
red/light red with deep red tongue colour with measured
classiﬁcation accuracy of around 89%. To further obtain the
separation between the light red tongue and red tongue
accurately, red colour range using Lab colour space were
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Table 3: Comparison of red colour range’s performance in
classiﬁcation.
Lab colour space attributes
Only chromatic attribute range (a∗ , b∗ )
Both chromatic and luminance attribute range
(L∗ , a∗ , b∗ )

Accuracy
63%
95%

introduced for red and light red clusters. These colour
attributes were measured using average cluster value of red
and light red clusters during clustering process. The accuracy
of second-stage classiﬁcation using red colour range has been
recorded as 95%. Finally, using our proposed two-stage
classiﬁer, the overall estimated successful classiﬁcation rate
to discriminate red, light red, and deep red tongue colours
is 94%. The whole algorithm execution time is around
48 seconds to diagnose one tongue image which oﬀers fast
processing time for online diagnosis. This intelligent tongue
colour diagnosis system can be employed as an assisted tool
for the practitioners and medical doctors to diagnose any
unknown tongue colour image during their practice.
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