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Medical imaging is becoming indispensable for patients’
healthcare. Machine learning plays an essential role in the
medical imaging field, including computer-aided diagno-
sis, image segmentation, image registration, image fusion,
image-guided therapy, image annotation, and image data-
base retrieval. With advances in medical imaging, new imag-
ing modalities and methodologies such as cone-beam/multi-
slice CT, 3D ultrasound imaging, tomosynthesis, diffusion-
weighted magnetic resonance imaging (MRI), positron-
emission tomography (PET)/CT, electrical impedance to-
mography, and diffuse optical tomography, new machine-
learning algorithms/applications are demanded in the med-
ical imaging field. Because of large variations and complexi-
tyit is generally difficult to derive analytic solutions or simple
equations to represent objects such as lesions and anatomy in
medical images. Therefore, tasks in medical imaging require
“learning from examples” for accurate representation of data
and prior knowledge. Because of its essential needs, machine
learning in medical imaging is one of the most promising,
growing fields.

The main aim of this special issue is to help advance the
scientific research within the broad field of machine learning
in medical imaging. The special issue was planned in con-
junction with the International Workshop on Machine
Learning in Medical Imaging (MLMI 2010) [1], which was
the first workshop on this topic, held at the 13th Inter-
national Conference on Medical Image Computing and
Computer-Assisted Intervention (MICCAI 2010) in Septem-
ber, 2010, in Beijing, China. This special issue is one in a
series of special issues of journals on this topic [2]; it focuses
on major trends and challenges in this area, and it presents

work aimed at identifying new cutting-edge techniques and
their use in medical imaging.

The quality level of the submissions for this special issue
was very high. A total of 17 papers were submitted to
this issue in response to the call for papers. Based on a
rigorous review process, 10 papers (59%) were accepted
for publication in the special issue. The special issue starts
by a review of studies on a class of machine-learning
techniques, called pixel/voxel-based machine learning, in
medical imaging by K. Suzuki. A series of medical imaging
applications of machine-learning techniques are presented.
A large variety of applications are well represented here,
including organ modeling by D. Wang et al. and X. Qiao and
Y.-W. Chen, brain function estimation by V. Michel et al.,
image reconstruction by H. Shouno et al., lesion classifica-
tion by P. Wighton et al., modality classification by X.-H.
Han and Y.-W. Chen, lesion segmentation by M. Zortea et al.,
organ segmentation by S. Alzubi et al., and visualization of
molecular signals by F. Mattoli et al. Also, the issue covers
various biomedical imaging modalities, including MRI by D.
Wang et al., CT by X. Qiao and Y.-W. Chen and H. Shouno
et al., functional MRI by V. Michel et al., dermoscopy by P.
Wighton et al. and M. Zortea et al., scintigraphy by X.-H.
Han and Y.-W. Chen, ultrasound imaging by X.-H. Han and
Y.-W. Chen, radiography by X.-H. Han and Y.-W. Chen, MR
angiography by S. Alzubi et al., and microscopy by F. Mattoli
et al. as well as a variety of organs, including the kidneys by
D. Wang et al., liver by X. Qiao and Y.-W. Chen, brain by V.
Michel et al. and F. Mattoli et al., chest by S. Alzubi et al.,
skin by P. Wighton et al. and M. Zortea et al., and heart by
F. Mattoli et al. Various machine-learning techniques were
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developed/used to solve the respective problems, including
structured dictionary learning by D. Wang et al., generalized
N-dimensional principal component analysis by X. Qiao
et al., multiclass sparse Bayesian regression by V. Michel
et al., Bayesian hyperparameter inference by H. Shouno
et al., supervised learning of probabilistic models based on
maximum aposteriori estimation and conditional random
fields by P. Wighton et al., joint kernel equal contribution in
support vector classification by X.-H. Han and Y.-W. Chen,
and iterative hybrid classification by M. Zortea et al.

We are grateful to all authors for their excellent contribu-
tions to this special issue and to all reviewers for their reviews
and constructive suggestions. We hope that this special issue
will inspire further ideas for creative research, advance the
field of machine learning in medical imaging, and facilitate
the translation of the research from bench to bedside.

Kenji Suzuki
Pingkun Yan

Fei Wang
Dinggang Shen
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Machine learning (ML) plays an important role in the medical imaging field, including medical image analysis and computer-
aided diagnosis, because objects such as lesions and organs may not be represented accurately by a simple equation; thus, medical
pattern recognition essentially require “learning from examples.” One of the most popular uses of ML is classification of objects
such as lesions into certain classes (e.g., abnormal or normal, or lesions or nonlesions) based on input features (e.g., contrast
and circularity) obtained from segmented object candidates. Recently, pixel/voxel-based ML (PML) emerged in medical image
processing/analysis, which use pixel/voxel values in images directly instead of features calculated from segmented objects as input
information; thus, feature calculation or segmentation is not required. Because the PML can avoid errors caused by inaccurate
feature calculation and segmentation which often occur for subtle or complex objects, the performance of the PML can potentially
be higher for such objects than that of common classifiers (i.e., feature-based MLs). In this paper, PMLs are surveyed to make clear
(a) classes of PMLs, (b) similarities and differences within (among) different PMLs and those between PMLs and feature-based
MLs, (c) advantages and limitations of PMLs, and (d) their applications in medical imaging.

1. Introduction

Machine learning (ML) plays an essential role in the med-
ical imaging field, including medical image analysis and
computer-aided diagnosis (CAD) [1, 2], because objects
such as lesions and organs in medical images may be too
complex to be represented accurately by a simple equation;
modeling of such complex objects often requires a number
of parameters which have to be determined by data. For
example, a lung nodule is generally modeled as a solid sphere,
but there are nodules of various shapes and nodules with
internal inhomogeneities, such as spiculated nodules and
ground-glass nodules [3]. A polyp in the colon is modeled
as a bulbous object, but there are also polyps which exhibit
a flat shape [4, 5]. Thus, diagnostic tasks in medical images
essentially require “learning from examples (or data)” to
determine a number of parameters in a complex model.

One of the most popular uses of ML in medical image
analysis is the classification of objects such as lesions into cer-
tain classes (e.g., abnormal or normal, lesions or non-lesions,
and malignant or benign) based on input features (e.g.,
contrast, area, and circularity) obtained from segmented

object candidates (This class of ML is referred to feature-
based ML.). The task of ML here is to determine “optimal”
boundaries for separating classes in the multidimensional
feature space which is formed by the input features [6].
ML algorithms for classification include linear discriminant
analysis [7], quadratic discriminant analysis [7], multilayer
perceptron [8, 9], and support vector machines [10, 11].
Such ML algorithms were applied to lung nodule detection
in chest radiography [12–15] and thoracic CT [16–19],
classification of lung nodules into benign or malignant in
chest radiography [20] and thoracic CT [21, 22], detection
of microcalcifications in mammography [23–26], detection
of masses in mammography [27], classification of masses
into benign or malignant in mammography [28–30], polyp
detection in CT colonography [31–33], determining subjec-
tive similarity measure of mammographic images [34–36],
and detection of aneurysms in brain MRI [37].

Recently, as available computational power increased
dramatically, pixel/voxel-based ML (PML) emerged in medi-
cal image processing/analysis which uses pixel/voxel values in
images directly instead of features calculated from segmented
regions as input information; thus, feature calculation or
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Table 1: Classes of PMLs, their functions, and their applications.

PMLs Functions Applications

Neural filters (including neural edge
enhancers)

Image processing
Edge-preserving noise reduction [38, 39]. Edge
enhancement from noisy images [40]. Enhancement
of subjective edges traced by a physician [41].

Convolution neural networks
(including shift-invariant neural
networks)

Classification

FP reduction in CAD for lung nodule detection in
CXR [42–44]. FP reduction in CAD for detection of
microcalcifications [45] and masses [46] in
mammography. Face recognition [47]. Character
recognition [48].

Massive-training artificial neural
networks (MTANNs, including a
mixture of expert MTANNs, a
LAP-MTANN, an MTSVR)

Classification (image processing +
scoring), pattern enhancement and
suppression, object detection (pattern
enhancement followed by thresholding or
segmentation)

FP reduction in CAD for detection of lung nodules
in CXR [57] and CT [17, 52, 63]. Distinction
between benign and malignant lung nodules in CT
[58]. FP reduction in CAD for polyp detection in CT
colonography [53, 59–62]. Bone separation from
soft tissue in CXR [54, 55]. Enhancement of lung
nodules in CT [56].

Others Image processing or classification
Segmenting posterior ribs in CXR [64]. Separation
of ribs from soft tissue in CXR [65].

segmentation is not required. Because the PML can avoid
errors caused by inaccurate feature calculation and segmen-
tation which often occur for subtle or complex objects,
the performance of the PML can potentially be higher for
such objects than that of common classifiers (i.e., feature-
based MLs). In this paper, PMLs are surveyed and reviewed
to make clear (a) classes of PMLs, (b) the similarities
and differences within different PMLs and those between
PMLs and feature-based MLs, (c) the advantages and
limitations of PMLs, and (d) their applications in medical
imaging.

2. Pixel/Voxel-Based Machine Learning (PML)

2.1. Overview. PMLs have been developed for tasks in
medical image processing/analysis and computer vision.
Table 1 summarizes classes of PMLs, their functions, and
their applications. There are three classes of PMLs: neural
filters [38, 39] (including neural edge enhancers [40, 41]),
convolution neural networks (NNs) [42–48] (including
shift-invariant NNs [49–51]), and massive-training artificial
neural networks (MTANNs) [52–56] (including multiple
MTANNs [17, 38, 39, 52, 57, 58], a mixture of expert
MTANNs [59, 60], a multiresolution MTANN [54], a Lapla-
cian eigenfunction MTANN (LAP-MTANN) [61], and a
massive-training support vector regression (MTSVR) [62]).
The class of neural filters has been used for image-processing
tasks such as edge-preserving noise reduction in radiographs
and other digital pictures [38, 39], edge enhancement from
noisy images [40], and enhancement of subjective edges
traced by a physician in left ventriculograms [41]. The
class of convolution NNs has been applied to classification
tasks such as false-positive (FP) reduction in CAD schemes
for detection of lung nodules in chest radiographs (also
known as chest X-rays; CXRs) [42–44], FP reduction in CAD
schemes for detection of microcalcifications [45] and masses
[46] in mammography, face recognition [47], and character

recognition [48]. The class of MTANNs has been used for
classification, such as FP reduction in CAD schemes for
detection of lung nodules in CXR [57] and CT [17, 52, 63],
distinction between benign and malignant lung nodules in
CT [58], and FP reduction in a CAD scheme for polyp detec-
tion in CT colonography [53, 59–62]. The MTANNs have
also been applied to pattern enhancement and suppression
such as separation of bone from soft tissue in CXR [54, 55]
and enhancement of lung nodules in CT [56]. There are
other PML approaches in the literature. An iterative, pixel-
based, supervised, statistical classification method called
iterated contextual pixel classification has been proposed for
segmenting posterior ribs in CXR [64]. A pixel-based, super-
vised regression filtering technique called filter learning has
been proposed for separation of ribs from soft tissue in CXR
[65].

2.2. Neural Filters. In the field of signal/image processing,
supervised nonlinear filters based on a multilayer ANN,
called neural filters, have been studied [38, 39]. The neural
filter employs a linear-output ANN model as a convolution
kernel of a filter. The inputs to the neural filter are an object
pixel value and spatially/spatiotemporally adjacent pixel
values in a subregion (or local window). The output of the
neural filter is a single pixel value. The neural filter is trained
with input images and corresponding “teaching” (desired
or ideal) images. The training is performed by a linear-
output backpropagation algorithm [40] which is a back-
propagation algorithm modified for the linear-output ANN
architecture. The input, output, and teacher (desired output)
for neural filters are summarized in Table 2. Neural filters
can acquire the functions of various linear and nonlinear
filtering through training. Neural filters have been applied
to reduction of the quantum noise in X-ray fluoroscopic
and radiographic images [38, 39]. It was reported that the
performance of the neural filter was superior to that of
well-known nonlinear filters such as an adaptive weighted
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Table 2: Classification of ML algorithms by their input, output, and teacher (desired output).

ML algorithms Input Output Teacher

Neural filters
Pixel values in a subregion (local
window) in a given image

Single pixel value (image is formed
by collecting pixels)

Desired pixel value

MTANNs
Pixel values in a subregion (local
window) in a given image

Single pixel value (image is formed
by collecting pixels; likelihood score
for the given image is obtained by
use of the scoring method)

Likelihood of being a specific
pattern at each pixel

Convolution NNs Pixel values in a given image
Class to which the given image
belongs

Nominal class label for the given
image

Shift-invariant NNs Pixel values in a given image Class to which each pixel belongs Nominal class label for each pixel

Multilayer perceptron for
character recognition

Pixel values in a given binary
image (character)

Class to which the given image
belongs

Nominal class label for the given
image

Classifiers (e.g., linear
discriminant analysis, NNs,
support vector machines)

Features extracted from a
segmented object in a given
image

Class to which the segmented object
belongs

Nominal class label for the
segmented object

averaging filter [66]. A study [38] showed that adding fea-
tures from the subregion to the input information improved
the performance of the neural filter. Neural filters have
been extended to accommodate the task of enhancement of
edges, and a supervised edge enhancer (detector), called a
neural edge enhancer, was developed [40]. The neural edge
enhancer can acquire the function of a desired edge enhancer
through training. It was reported that the performance of the
neural edge enhancer in the detection of edges from noisy
images was far superior to that of well-known edge detectors
such as the Canny edge detector [67], the Marr-Hildreth
edge detector [68], and the Huckel edge detector [69]. In its
application to the contour extraction of the left ventricular
cavity in digital angiography, it has been reported that the
neural edge enhancer can accurately replicate the subjective
edges traced by a cardiologist [41].

2.3. Massive-Training Artificial Neural Network (MTANN).
An MTANN was developed by extension of neural filters
to accommodate various pattern-recognition tasks [52]. A
two-dimensional (2D) MTANN was first developed for dis-
tinguishing a specific opacity (pattern) from other opacities
(patterns) in 2D images [52]. The 2D MTANN was applied to
reduction of FPs in computerized detection of lung nodules
on 2D CT slices in a slice-by-slice way [17, 52, 63] and
in CXR [57], the separation of ribs from soft tissue in
CXR [54, 55, 70], and the distinction between benign and
malignant lung nodules on 2D CT slices [58]. For processing
of three-dimensional (3D) volume data, a 3D MTANN was
developed by extending the structure of the 2D MTANN, and
it was applied to 3D CT colonography data [53, 59–62].

The generalized architecture of an MTANN which unifies
2D and 3D MTANNs is shown in Figure 1. The input,
output, and teacher for MTANNs are shown in Table 2. An
MTANN consists of an ML model such as a linear-output
ANN regression model and a support vector regression
model, which is capable of operating on pixel/voxel data
directly [40]. The linear-output ANN regression model
employs a linear function instead of a sigmoid function as

Machine-learning model
(e.g., linear-output ANN
regression and support

vector regression)

Machine-learning
model as a

convolution kernel

Output object pixel value O(x, y, z or t)

Object pixel

I(x, y, z or t)

···

···

t or z

t or z

y

Local window (subregion) R

Input image

Likelihood map

Scoring for converting
pixels into a single score

Class

x

y

x

Figure 1: Generalized architecture of an MTANN (a class of PML)
consisting of an ML model (e.g., linear-output ANN regression
and support vector regression) with subregion input and single-
pixel output. All pixel values in a subregion extracted from an
input image are entered as input to the ML model. The ML model
outputs a single pixel value for each subregion, the location of which
corresponds to the center pixel in the subregion. Output pixel value
is mapped back to the corresponding pixel in the output image.
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the activation function of the unit in the output layer because
the characteristics of an ANN were improved significantly
with a linear function when applied to the continuous
mapping of values in image processing [40]. Note that the
activation functions of the units in the hidden layer are a
sigmoid function for nonlinear processing, and those of the
unit in the input layer are an identity function, as usual.
The pixel/voxel values of the input images/volumes may be
normalized from 0 to 1. The input to the MTANN consists
of pixel/voxel values in a subregion/subvolume, R, extracted
from an input image/volume. The output of the MTANN is
a continuous scalar value, which is associated with the center
voxel in the subregion, and is represented by

O
(
x, y, z or t

)
= ML

{
I
(
x − i, y − j, z − k or t − k

) | (i, j, k) ∈ R
}

,
(1)

where x, y, and z or t are the coordinate indices, ML(·)
is the output of the ML model, and I(x, y, z or t) is a
pixel/voxel value of the input image/volume. A three-layer
structure may be selected as the structure of the ANN,
because it has been proved that any continuous mapping
can be approximated by a three-layer ANN [71, 72]. The
structure of input units and the number of hidden units
in the ANN may be designed by use of sensitivity-based
unit-pruning methods [73, 74]. Other ML models such as
support vector regression [10, 11] can be used as a core
part of the MTANN. ML regression models rather than
ML classification models would be suited for the MTANN
framework, because the output of the MTANN is continuous
scalar values (as opposed to nominal categories or classes).
The entire output image/volume is obtained by scanning
with the input subvolume of the MTANN on the entire
input image/volume. The input subregion/subvolume and
the scanning with the MTANN can be analogous to the
kernel of a convolution filter and the convolutional operation
of the filter, respectively.

The training of an MTANN is shown in Figure 2. The
MTANN is trained with input images/volumes and the
corresponding “teaching” images/volumes for enhancement
of a specific pattern and suppression of other patterns in
images/volumes. The “teaching” images/volumes are ideal or
desired images for the corresponding input images/volumes.
For enhancement of lesions and suppression of nonlesions,
the teaching volume contains a map for the “likelihood of
being lesions,” represented by

T
(
x, y, z or t

) = {
a certain distribution, for a lesion,

0, otherwise.
(2)

To enrich the training samples, a training region, RT ,
extracted from the input images is divided pixel by pixel
into a large number of overlapping subregions. Single pixels
are extracted from the corresponding teaching images as
teaching values. The MTANN is massively trained by use of
each of a large number of input subregions together with
each of the corresponding teaching single pixels, hence the

Subregion

R(x, y, z or t)

Weight/parameters
adjustment

Error
E

Teaching pixel

Tc(x, y, z or t)

Output pixel
O(x, y, z or t)

··· −

Input vector
I(x, y, z or t)

Machine-
learning
model
ML(I)

Figure 2: Training of an MTANN (a class of PML). An input vector
is entered as input to the ML model. An error is calculated by
subtracting of a teaching pixel from an output pixel. The parameters
such as weights between layers in an ANN model are adjusted so
that the error becomes small.

term “massive-training ANN.” The error to be minimized by
training of the MTANN is represented by

E = 1
P

∑
c

∑
(x,y,z or t)∈RT

{
Tc

(
x, y, z or t

)−Oc
(
x, y, z or t

)}2,

(3)

where c is a training case number, Oc is the output of
the MTANN for the cth case, Tc is the teaching value for
the MTANN for the cth case, and P is the number of
total training voxels in the training region for the MTANN,
RT . The expert 3D MTANN is trained by a linear-output
backpropagation (BP) algorithm [40] which was derived for
the linear-output ANN model by use of the generalized delta
rule [8]. After training, the MTANN is expected to output
the highest value when a lesion is located at the center of
the subregion of the MTANN, a lower value as the distance
from the subregion center increases, and zero when the input
subregion contains a nonlesion.

A scoring method is used for combining output pixels
from the trained MTANNs. A score for a given region of
interest (ROI) from the MTANN is defined as

S =
∑

(x,y,z or t)∈RE

fW
(
x, y, z or t

)×O
(
x, y, z or t

)
, (4)

where fW is a weighting function for combining pixel-based
output responses from the trained MTANN into a single
score, which may often be the same distribution function
used in the teaching images, and with its center correspond-
ing to the center of the region for evaluation, RE; and O is
the output image of the trained MTANN, where its center
corresponds to the center of RE. This score represents the
weighted sum of the estimates for the likelihood that the
ROI (e.g., a lesion candidate) contains a lesion near the
center; that is, a higher score would indicate a lesion and
a lower score would indicate a non-lesion. Thresholding is
then performed on the scores for distinction between lesions
and non-lesions.

2.4. Convolution Neural Network (NN). A convolution NN
has first been proposed for handwritten ZIP-code recogni-
tion [75]. The architecture of a convolution NN is illustrated
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in Figure 3. The input, output, and teacher for convolution
NNs are summarized in Table 2. The convolution NN can be
considered as a simplified version of the Neocognitron model
[76–78] which was proposed to simulate the human visual
system in 1980 [78]. The input and output of the convolution
NN are images and nominal class labels, respectively. The
convolution NN consists of one input layer, several hidden
layers, and one output layer. The layers are connected with
local shift-invariant interconnections (or convolution with a
local kernel). Unlike the neocognitron, the convolution NN
has no lateral interconnections or feedback loops, and the
error BP algorithm [8] is used for training of the convolution
NN. Units (neurons) in any hidden layer are organized in
groups. Each unit in a subsequent layer is connected with
the units of a small region in each group in the preceding
layer. The groups between adjacent layers are interconnected
by weights that are organized in kernels. For obtaining the
shift-invariant responses, connection weights between any
two groups in two layers are constrained to be shift-invariant;
in other words, forward signal propagation is similar to a
shift-invariant convolution operation. The signals from the
units in a certain layer are convolved with the weight kernel,
and the resulting value of the convolution is collected into
the corresponding unit in the subsequent layer. This value is
further processed by the unit through an activation function
and produces an output signal. The activation function
between two layers is a sigmoid function. For deriving the
training algorithm for the convolution NN, the generalized
delta rule [8] is applied to the architecture of the convolution
NN. For distinguishing an ROI containing a lesion from
an ROI containing a non-lesion, a class label (e.g., 1 for
a lesion, 0 for a non-lesion) is assigned to an output
unit.

Variants of the convolution NN have been proposed.
The dual-kernel approach, which employs central kernels
and peripheral kernels in each layer [43], was proposed for
distinction between lung nodules and nonnodules in chest
radiographs [42, 43] and distinction between microcalci-
fications and other anatomic structures in mammograms
[43]. This dual-kernel-based convolution NN has several
output units (instead of one or two output units in the
standard convolution NN) for two-class classification. The
fuzzy association was employed for transformation of output
values from the output units to two classes (i.e., nodules
or nonnodules; microcalcifications or other anatomic struc-
tures). A convolution NN which has subsampling layers has
been developed for face recognition [47]. Some convolution
NNs have one output unit [48, 79], some have two output
units [80], and some have more than two output units
[42, 43, 45, 47] for two-class classification.

Shift-invariant NNs [50, 51] are mostly the same as con-
volution NNs except for the output layer, which outputs
images instead of classes. The shift-invariant NNs were used
for localization (detection) of lesions in images, for example,
detection of microcalcifications in mammograms [50, 51]
and detection of the boundaries of the human corneal
endothelium in photomicrographs [81].

Input layer

Class A
Class B

Hidden layers Output layer

Figure 3: Architecture of a convolution NN (a class of PML). The
convolution NN can be considered as a simplified version of the
Neocognitron model, which was proposed to simulate the human
visual system. The layers in the convolution NN are connected with
local shift-invariant inter-connections (or convolution with a local
kernel). The input and output of the convolution NN are images
and nominal class labels (e.g., Class A and Class B), respectively.

2.5. Multilayer Perceptron for Character Recognition. A multi-
layer perceptron has been proposed for character recognition
from an optical card reader [82, 83]. The architecture of the
multilayer perceptron for character recognition is shown in
Figure 4. The input, output, and teacher for the multilayer
perceptron for character recognition are summarized in
Table 2. The input and output of the multilayer perceptron
are pixel values in a given binary image that contains a
single character (e.g., a, b, or c) and a class to which the
given image belongs, respectively. The number of input
units equals the number of pixels in the given binary image
(e.g., 16 × 16 pixels). The number of output units equals
the number of classes (i.e., 26 for small-letter alphabetic
characters). Each output unit is assigned to one of the classes.
The class to which the given image belongs is determined as
the class of the output unit with the maximum value. In the
teaching data, a class label of 1 is assigned the corresponding
output unit when a training sample belongs to that class;
0 is assigned to the other output units. Characters in given
images are geometrically normalized before they are entered
to the multilayer perceptron, because the architecture is
not designed for being scale-invariant. Because character
recognition with this type of the multilayer perceptron
architecture is not shift-, rotation-, or scale-invariant, a large
number of training samples is generally required. To enrich
training samples, shifting, rotating, and scaling of training
characters are often performed.

This type of multilayer perceptron has been applied to
the classification of microcalcifications in mammography
[23]. In this application, input images are not binary but
gray-scale images. Pixel values in ROIs in mammograms
or those in the Fourier-transformed ROIs were entered
as input to the multilayer perceptron. In that study, the
performance of the multilayer perceptrons based on ROIs in
the spatial domain and the Fourier domain was found to be
comparable.

2.6. Non-PML Feature-Based Classifiers. One of most popu-
lar uses of ML algorithms would probably be classification.
In this use, an ML algorithm is called a classifier. A standard
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Class A Class B

· · ·
· · ·

Figure 4: Architecture of a multilayer perceptron for character
recognition. The binary pixel values in an image are entered as
input to the multilayer perceptron. The class to which the given
image belongs is determined as the class of the output unit with
the maximum value.

classification approach based on a multilayer perceptron
is illustrated in Figure 5. The input, output, and teacher
for a classifier with features are summarized in Table 2.
First, target objects are segmented by use of a segmentation
method. Next, features are extracted from the segmented
objects. Then, extracted features are entered as input to an
ML model such as linear discriminant analysis [7], quadratic
discriminant analysis [7], a multilayer perceptron [8, 9], and
a support-vector machine [10, 11]. The ML model is trained
with sets of input features and correct class labels. A class
label of 1 is assigned to the corresponding output unit when a
training sample belongs to that class, and 0 is assigned to the
other output units. After training, the class of the unit with
the maximum value is determined to be the corresponding
class to which an unknown sample belongs. For details of
feature-based classifiers, refer to one of many textbooks in
pattern recognition such as [6–8, 10, 84].

y

Feature extractor

Features

Segmented
object

Max

Class A Class B

Classifier
(e.g., multilayer

perceptron)

Class
determination

· · ·
· · ·

Figure 5: Standard classifier approach to classification of an object
(i.e., feature-based ML). Features (e.g., contrast, effective diameter,
and circularity) are extracted from a segmented object in an image.
Those features are entered as input to a classifier such as a multilayer
perceptron. Class determination is made by taking the class of the
output unit with the maximum value.

3. Similarities and Differences

3.1. Within Different PML Algorithms. MTANNs [52] were
developed by extension of neural filters to accommodate var-
ious pattern-recognition tasks. In other words, neural filters
are a subclass or a special case of MTANNs. The applications
and functions of neural filters are limited to noise reduction
[38, 39] and edge enhancement [40, 41], whereas those of
MTANNs were extended to include classification [52–54, 57–
62], pattern enhancement and suppression [54], and object
detection [56]. The input information to MTANNs, which is
the pixel values in a subregion, is the same as that to neural
filters. However, the output of (thus, teacher for) neural
filters is the desired pixel values in a given image, whereas that
of MTANNs is a map for the likelihood of being a specific
pattern in a given image, as summarized in Table 2.

Both convolution NNs and the perceptron used for char-
acter recognition are in the class of PML. Input information
to the convolution NNs and the perceptron is the pixel
values in a given image, whereas the output of (thus, teacher
for) both algorithms is a nominal class label for the given
image. Thus, the input and output information are the
same for both algorithms. However, the input images for
the perceptron for character recognition are limited to be
binary, although the perceptron itself is capable of processing
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gray-scale images. The major difference between convolution
NNs and the perceptron used for character recognition is
their internal architectures. Units in layers of the perceptron
are fully connected, whereas the connections in the con-
volution NN are spatially (locally) limited. Because of this
architecture, forward signal propagation in the convolution
NN is realized by a convolution operation. This convolution
operation offers a shift-invariant property which is desirable
for image classification. The applications and functions of
the perceptron are limited to character recognition such
as zip code recognition and optical character recognition,
whereas those of convolution NNs are general classification
of images into known classes such as classification of lesion
candidates into lesions or nonlesions [42–46], classification
of faces [47], and classification of characters [48].

Convolution NNs, shift-invariant NNs, and MTANNs
perform convolution operations. In convolution NNs and
shift-invariant NNs, convolution operations are performed
within the network, as shown in Figure 3, whereas the
convolutional operation is performed outside the network in
the MTANN, as shown in Figure 1.

3.2. Between PML Algorithms and Ordinary Classifiers. The
major difference between PMLs and ordinary classifiers (i.e.,
feature-based classifiers) is the input information. Ordinary
classifiers use features extracted from a segmented object
in a given image, whereas PMLs use pixel values in a
given image as the input information. Although the input
information to PMLs can be features (see addition of features
to the input information to neural filters in [38], i.e.),
these features are obtained pixel by pixel (rather than by
object). In other words, features for PMLs are features at
each pixel in a given image, whereas features for ordinary
classifiers are features from a segmented object. In that
sense, feature-based classifiers may be referred to as object-
based classifiers. Because PMLs use pixel/voxel values in
images directly instead of features calculated from segmented
objects as the input information, feature calculation or
segmentation is not required. Although the development
of segmentation techniques has been studied for a long
time, segmentation of objects is still challenging, especially
for complicated objects, subtle objects, and objects in a
complex background. Thus, segmentation errors may occur
for complicated objects. Because, with PMLs, errors caused
by inaccurate feature calculation and segmentation can be
avoided, the performance of PMLs can be higher than that
of ordinary classifiers for some cases, such as complicated
objects.

The output information from ordinary classifiers, con-
volution NNs, and the perceptron used for character recog-
nition is nominal class labels, whereas that from neural
filters, MTANNs, and shift-invariant NNs is images. With
the scoring method in MTANNs, output images of the
MTANNs are converted to likelihood scores for distinguish-
ing among classes, which allow MTANNs to do classification.
In addition to classification, MTANNs can perform pattern
enhancement and suppression as well as object detection,
whereas the other PMLs cannot.

4. Applications of PML Algorithms in
Medical Images

4.1. Edge-Preserving Noise Reduction by Use of Neural Filters.
Quantum noise is dominant in low-radiation-dose X-ray
images used in diagnosis. For training a neural filter to
reduce quantum noise in diagnostic X-ray images while
preserving image details such as edges, noisy input images
and corresponding “teaching” images are necessary. When
a high radiation dose is used, X-ray images with little
noise can be acquired and used as the “teaching” images.
A noisy input image can be synthesized by addition of
simulated quantum noise (which is modeled as signal-
dependent noise) to a noiseless original high-radiation-dose
image fo(x, y), represented by

fN
(
x, y

) = fo
(
x, y

)
+ n

[
σ
{
fo
(
x, y

)}]
, (5)

where n[σ{ fo(x, y)}] is noise with standard deviation

σ{ fo(x, y)} = kN
√
fo(x, y) and kN is a parameter determin-

ing the amount of noise. A synthesized noisy X-ray image
obtained with this method and a noiseless original high-
radiation-dose X-ray image are illustrated in Figure 6(a).
They are angiograms of coronary arteries. They were used
as the input image and as the teaching image for training of
a neural filter. For sufficient reduction of noise, the input
region of the neural filter consisted of 11 × 11 pixels. For
efficient training of the entire image, 5,000 training pixels
were sampled randomly from the input and teaching images.
The training of the neural filter was performed for 100,000
iterations. The output image of the trained neural filter for
a nontraining case is shown in Figure 6(b). The noise in the
input image is reduced while image details such as the edges
of arteries are maintained. When an averaging filter was used
for noise reduction, the edges of arteries were blurry, as
shown in Figure 6(b).

4.2. Edge Enhancement from Noisy Images by Use of Neural
Edge Enhancer. Although conventional edge enhancers can
very well enhance edges in images with little noise, they do
not work well on noisy images. To address this issue, a neural
edge enhancer has been developed for enhancing edges from
very noisy images [40]. The neural edge enhancer is based
on a neural filter and can be trained with input images and
corresponding “teaching” edge images. Figure 7(a) shows
a way of creating noisy input images and corresponding
“teaching” edge images from a noiseless image for training
of a neural edge enhancer. Simulated quantum noise was
added to original noiseless images to create noisy input
images. A Sobel edge enhancer [85] was applied to the
original noiseless images to create “teaching” edge images.
The key here is that the Sobel edge enhancer works very well
for noiseless images. The neural edge enhancer was trained
with the noisy input images together with the corresponding
teaching edge images. For comparison, the trained neural
edge enhancer and the Sobel edge enhancer were applied
to nontraining noisy images. The resulting nontraining
edge-enhanced images are shown in Figure 7(b). Edges are
enhanced clearly in the output image of the neural edge
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Noisy input angiogram
(simulated low-radiation-dose image)

Teaching image
(high-radiation-dose image)

(a)

Noisy input angiogram Output image of the 
trained supervised

NN filter

Output image of an
averaging filter

(b)

Figure 6: Reduction of quantum noise in angiograms by using a supervised NN filter called a “neural filter.” (a) Images used for training of
the neural filter. (b) Result of an application of the trained neural filter to a nontraining image and a comparison result with an averaging
filter.

enhancer while noise is suppressed, whereas the Sobel edge
enhancer enhances not only edges but also noise.

4.3. Bone Separation from Soft Tissue in Chest Radiographs
(CXRs) by Use of MTANNs. CXR is the most frequently
used diagnostic imaging examination for chest diseases such
as lung cancer, tuberculosis, and pneumonia. More than 9
million people worldwide die annually from chest diseases
[86]. Lung cancer causes 945,000 deaths and is the leading
cause of cancer deaths in the world [86] and in countries such
as the United States, the United Kingdom, and Japan [87].
Lung nodules (i.e., potential lung cancers) in CXR, however,
can be overlooked by radiologists in from 12 to 90% of
cases that have nodules visible in retrospect [88, 89]. Studies
showed that 82 to 95% of the missed lung cancers were partly
obscured by overlying bones such as ribs and/or a clavicle
[88, 89]. To address this issue, dual-energy imaging has been

investigated [90, 91]. Dual-energy imaging uses the energy
dependence of the X-ray attenuation by different materials;
it can produce two tissue-selective images, that is, a “bone”
image and a “soft-tissue” image [92–94]. Major drawbacks of
dual-energy imaging, however, are that (a) the radiation dose
can be double, (b) specialized equipment for obtaining dual-
energy X-ray exposures is required, and (c) the subtraction
of two-energy images causes an increased noise level in the
images.

For resolving the above drawbacks with dual-energy
images, MTANNs have been developed as an image-
processing technique for separation of ribs from soft tissue
[54, 70]. The basic idea is to train the MTANN with
soft-tissue and bone images acquired with a dual-energy
radiography system [92, 95, 96]. For separation of ribs from
soft tissue, the MTANN was trained with input CXRs and
the corresponding “teaching” dual-energy bone images, as
illustrated in Figure 8(a). Figure 8(b) shows a nontraining
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Adding noise Sobel edge enhancer

(a)

Noisy input angiogram  Output image of the trained neural edge
enhancer

Output image of the Sobel edge enhancer

(b)

Figure 7: Enhancement of edges from noisy images by use of a supervised edge enhancer called a “neural edge enhancer.” (a) A way to create
noisy input images and corresponding “teaching” edge images from noiseless images for training a neural edge enhancer. (b) Result of an
application of the trained neural edge enhancer to a nontraining image and a comparison result with a Sobel edge enhancer.

original CXR and a soft-tissue image obtained by use of
the trained MTANN. The contrast of ribs is suppressed
substantially in the MTANN soft-tissue image, whereas the
contrast of soft tissue such as lung vessels is maintained.
There is another PML approach called filter learning to do
the same task [64].

4.4. Enhancement and Detection of Lesions by Use of MTANNs.
Computer-aided diagnosis (CAD) has been an active area of
study in medical image analysis [1, 2, 97, 98]. Some CAD
schemes employ a filter for enhancement of lesions as a
preprocessing step for improving sensitivity and specificity,
but some do not employ such a filter. The filter enhances
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Input chest radiograph “Teaching” dual-energy soft-tissue image

(a)

Soft-tissue image by the trained MTANNOriginal chest radiograph

(b)

Figure 8: Separation of bones from soft tissue in CXRs by use of an MTANN. (a) Images used for training the MTANN. (b) Result of an
application of the trained MTANN to a nontraining CXR.

objects similar to a model employed in the filter; for example,
a blob-enhancement filter based on the Hessian matrix
enhances sphere-like objects [99]. Actual lesions, however,
often differ from a simple model; for example, a lung
nodule is generally modeled as a solid sphere, but there are
nodules of various shapes and inhomogeneous nodules such
as nodules with spiculation and ground-glass nodules. Thus,
conventional filters often fail to enhance such actual lesions.

To address this issue, a “lesion-enhancement” filter based
on MTANNs has been developed for enhancement of actual
lesions in a CAD scheme for detection of lung nodules in CT
[56]. For enhancement of lesions and suppression of non-
lesions in CT images, the teaching image contains a map
for the “likelihood of being lesions.” For enhancement of a
nodule in an input CT image, a 2D Gaussian distribution
was placed at the location of the nodule in the teaching
image, as a model of the likelihood of being a lesion. For
testing of the performance, the trained MTANN was applied
to nontraining lung CT images. As shown in Figure 9, the
nodule is enhanced in the output image of the trained
MTANN filter, while normal structures such as lung vessels

are suppressed. Note that small remaining regions due to
vessels can easily be separated from nodules by use of their
area information which can be obtained by use of connected-
component labeling [100–102].

4.5. Classification between Lesions and Nonlesions by

Use of Different PML Algorithms

4.5.1. MTANNs. Shift-invariant NNs are mostly the same as
convolution NNs except for the output layer, which outputs
images instead of classes. The shift-invariant NNs can be
used for localization (detection) of objects in images in
addition to classification [50, 51]. A major challenge in CAD
development is to reduce the number of FPs [27, 103–107],
because there are various normal structures similar to lesions
in medical images. To address this issue, an FP-reduction
technique based on an MTANN has been developed for a
CAD scheme for lung nodule detection in CT [52]. For
enhancement of nodules (i.e., true positives) and suppression
of nonnodules (i.e., FPs) on CT images, the teaching
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Figure 9: Enhancement of a lesion by use of the trained lesion-enhancement MTANN filter for a nontraining case. (a) Original chest CT
image of the segmented lung with a nodule (indicated by an arrow). (b) Output image of the trained lesion-enhancement MTANN filter.
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Figure 10: Training of an MTANN for distinction between lesions and non-lesions in a CAD scheme for detection of lesions in medical
images. The teaching image for a lesion contains a Gaussian distribution; that for a non-lesion contains zero (completely dark). After the
training, the MTANN expects to enhance lesions and suppress non-lesions.

image contains a distribution of values that represent the
“likelihood of being a nodule.” For example, the teaching
volume contains a 3D Gaussian distribution with standard
deviation σT for a lesion and zero (i.e., completely dark)
for non-lesions, as illustrated in Figure 10. This distribution
represents the “likelihood of being a lesion”:

T
(
x, y, z or t

)
=

⎧⎪⎪⎨⎪⎪⎩
1√

2πσT
exp

{
−
(
x2 + y2 + z2 or t2

)
2σ2

T

}
, for a lesion,

0, otherwise.

(6)

A 3D Gaussian distribution is used to approximate an
average shape of lesions. The MTANN involves training with
a large number of subvolume-voxel pairs, which is called a
massive-subvolumes training scheme.

A scoring method is used for combining of output voxels
from the trained MTANNs, as illustrated in Figure 11. A
score for a given ROI from the MTANN is defined as

S =
∑

(x,y,z or t)∈RE

fW
(
x, y, z or t

)×O
(
x, y, z or t

)
, (7)
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Figure 11: Scoring method for combining pixel-based output responses from the trained MTANN into a single score for each ROI.

where

fW
(
x, y, z or t

)
= fG

(
x, y, z or t; σ

) = 1√
2πσ

e−(x2+y2+z2 or t2)/2σ2 (8)

is a 3D Gaussian weighting function with standard deviation
σ and with its center corresponding to the center of the
volume for evaluation, RE, and O is the output image of
the trained MTANN, where its center corresponds to the
center of RE. The use of the 3D Gaussian weighting function
allows us to combine the responses (outputs) of a trained
MTANN as a 3D distribution. A 3D Gaussian function is
used for scoring, because the output of a trained MTANN is
expected to be similar to the 3D Gaussian distribution used
in the teaching images. This score represents the weighted
sum of the estimates for the likelihood that the ROI (lesion
candidate) contains a lesion near the center; that is, a higher
score would indicate a lesion and a lower score would
indicate a nonlesion. Thresholding is then performed on the
scores for distinction between lesions and non-lesions.

An MTANN was trained with typical nodules and typical
types of FPs (nonnodules) and corresponding teaching
images. The trained MTANN was applied to 57 true positives
(nodules) and 1,726 FPs (nonnodules) produced by a CAD
scheme [52]. Figure 12 shows various types of nodules
and nonnodules and the corresponding output images of
the trained MTANN. Nodules such as a solid nodule, a
part-solid (mixed-ground-glass) nodule, and a non-solid
(ground-glass) nodule are enhanced, whereas nonnodules
such as different-sized lung vessels and soft-tissue opacity
are suppressed around the centers of ROIs. For combining
output pixels into a single score for each nodule candidate, a
scoring method was applied to the output images for distinc-
tion between a nodules and a nonnodule. Thresholding of

scores was done for classification of nodule candidates into
nodules or nonnodules. Free-response receiver operating
characteristic (FROC) analysis [108] was carried out for
evaluation of the performance of the trained MTANN. The
FROC curve for the MTANN indicates 80.3% overall sen-
sitivity (100% classification performance) and a reduction
in the FP rate from 0.98 to 0.18 per section, as shown in
Figure 13.

4.5.2. Convolution NNs and Shift-Invariant NNs. Convolu-
tion NNs have been used for FP reduction in CAD schemes
for lung nodule detection in CXRs [42–44]. A convolution
NN was trained with 28 chest radiographs for distinguishing
lung nodules from nonnodules (i.e., FPs produced by an ini-
tial CAD scheme). The trained convolution NN reduced 79%
of FP detections (which is equivalent to 2-3 FPs per patient),
while 80% of true-positive detections were preserved. Con-
volution NNs have been applied to FP reduction in CAD
schemes for detection of microcalcifications [45] and masses
[46] in mammography. A convolution NN was trained
with 34 mammograms for distinguishing microcalcifications
from FPs. The trained convolution NN reduced 90% of FP
detections, which resulted in 0.5 FP detections per image,
while a true-positive detection rate of 87% was preserved
[45].

Shift-invariant NNs have been used for FP reduction in
CAD for detection of microcalcifications [50, 51]. A shift-
invariant NN was trained to detect microcalcifications in
ROIs. Microcalcifications were detected by thresholding of
the output images of the trained shift-invariant NN. When
the number of detected microcalcifications was greater than
a predetermined number, the ROI was considered as a
microcalcification ROI. With the trained shift-invariant NN,
55% of FPs was removed without any loss of true positives.
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Figure 12: Illustrations of various types of nontraining nodules and nonnodules and corresponding output images of the trained MTANN.
Nodules are represented by bright pixels, whereas nonnodules are almost dark around the centers of ROIs.

5. Advantages and Limitations of
PML Algorithms

As described earlier, the major difference between PMLs and
ordinary classifiers is the direct use of pixel values with PML.
In other words, unlike ordinary classifiers, feature calculation
from segmented objects is not necessary. Because the PML
can avoid errors caused by inaccurate feature calculation and
segmentation, the performance of the PML can potentially
be higher than that of ordinary feature-based classifiers for
some cases. PMLs learn pixel data directly, and thus all
information on pixels should not be lost before the pixel
data are entered into the PML, whereas ordinary feature-
based classifiers learn the features extracted from segmented
lesions and thus important information can be lost with
this indirect extraction; also, inaccurate segmentation often
occurs for complicated patterns. In addition, because feature
calculation is not required for PML, development and

implementation of segmentation and feature calculation,
and selection of features are unnecessary.

Ordinary classifiers such as linear discriminant analysis,
ANNs, and support vector machines cannot be used for
image processing, detection (localization) of objects, or
enhancement of objects or patterns, whereas MTANNs can
do those tasks. For example, MTANNs can separate bones
from soft tissue in CXRs [54], and MTANN can enhance and
detect lung nodules on CT images [56].

The characteristics of PMLs which use pixel data directly
should differ from those of ordinary feature-based classifiers.
Therefore, combining an ordinary feature-based classifier
with a PML would yield a higher performance than that
of a classifier alone or a PML alone. Indeed, in previous
studies, both classifier and PML were used successfully for
classification of lesion candidates into lesions and non-
lesions [17, 45, 46, 49–53, 58–63].

A limitation of PMLs is the relatively long time for train-
ing because of the high dimensionality of input data. Because
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Figure 13: FROC curve indicating the performance of the MTANN
in distinction between 57 true positives (nodules) and 1.726 FPs
(nonnodules).

PMLs use pixel data in images directly, the number of input
dimensions is generally large. For example, a 3D MTANN
for 3D CT data requires 171 dimensions for its input [53,
60]. The ordinary feature-based classifiers are more efficient
than PMLs. In an application of PMLs and feature-based
classifiers to CAD schemes, a feature-based classifier should
be applied first, because the number of lesion candidates that
need to be classified is larger at an earlier stage. After the
number of lesion candidates is reduced by use of the feature-
based classifier, a PML should be applied for further reduc-
tion of FPs. Indeed, previous studies employed this strategy
[17, 52, 53, 58–61].

To address the issue of training time for PML, dimen-
sionality reduction methods for PML have been proposed
[61]. With the use of the Laplacian-eigenfunction-based
dimensionality reduction of the input vectors to a 3D
MTANN, the training time was reduced by a factor of
8.5.

6. Conclusion

In this paper, PMLs were surveyed and compared with
each other as well as with other non-PML algorithms (i.e.,
ordinary feature-based classifiers) to make the similarities,
differences, advantages, and limitations clear. The major
difference between PMLs and non-PML algorithms (e.g.,
classifiers) is a need for segmentation and feature calculation
with non-PML algorithms. The major advantage of PMLs
over non-PML algorithms is that no information is lost due
to inaccurate segmentation and feature calculation, which
would result in a higher performance for some cases such as
complicated patterns. With the combination of PMLs with
non-PML algorithms, the performance of a system can be
improved substantially. In addition to a classification task,
MTANNs can be used for enhancement (and suppression)
and detection (i.e., localization) of objects (or patterns) in
images.
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We develop a hyperparameter inference method for image reconstruction from Radon transform which often appears in the
computed tomography, in the manner of Bayesian inference. Hyperparameters are often introduced in Bayesian inference to
control the strength ratio between prior information and the fidelity to the observation. Since the quality of the reconstructed
image is controlled by the estimation accuracy of these hyperparameters, we apply Bayesian inference into the filtered back-
projection (FBP) reconstruction method with hyperparameters inference and demonstrate that the estimated hyperparameters
can adapt to the noise level in the observation automatically. In the computer simulation, at first, we show that our algorithm
works well in the model framework environment, that is, observation noise is an additive white Gaussian noise case. Then, we also
show that our algorithm works well in the more realistic environment, that is, observation noise is Poissonian noise case. After
that, we demonstrate an application for the real chest CT image reconstruction under the Gaussian and Poissonian observation
noises.

1. Introduction

In the field of medical imaging and noninvasive measure-
ment, computed tomography (CT) plays an important role
in diagnosis. The tomography image is reconstructed from
a series of projection data, which are transmitted signals
throughout an object, such as X-rays, in multiple directions.
A lot of algorithms have been proposed to reconstruct
tomography images [1–4]. Radon transform is usually used
in mathematical formulations to describe the generating
process of the observation data, and inverse of the Radon
transform is considered as one of the frameworks for the
image reconstruction from observation data; unfortunately,
this reconstruction formulation does not care about noisy
observations.

In order to improve image quality occurred by noisy ob-
servation, several image restoration methods based on the

Bayesian inference are discussed in the field of image process-
ing [5, 6]. The purpose of image restoration lends itself nat-
urally to the Bayesian formulation, which infers a posterior
probability for the original image using the prior probability
of an assumed model for the original image and the corrup-
tion process. One well-known strategy for Bayesian image
restoration is to adopt the image that maximizes the poste-
rior probability; this is called the maximum a posteriori (pos-
terior) probability (MAP) inference. In MAP inference, the
quality of a restoration image is controlled by the strengths
ratio between fidelity of the observation process and the
prior strength of the model. Hyperparameters are often
introduced to describe these strengths of the ratio; however,
these hyperparameters inference is a hard problem in the
MAP framework. In order to estimate hyperparameters in
the MAP framework, the cross-validation method is consid-
ered as effective; however, we consider that there exists several
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problems. The first point is computational cost. In general,
the cross-validation requires high computational cost. And
the second point is to determine the cost function for the
hyperparameters. In the field of image restoration, several
types of methods are compared [7]; however, it is difficult
to choose a cost function that is suitable for our problem.

In contrast, from the viewpoint of the Bayesian inference,
the hyperparameter inference problem can be expressed
naturally. For example, in the field of the image restoration,
Molina et al. demonstrated several hyperparameter inference
methods in the Bayesian manner in the manner of a hier-
archical Bayes inference [8]. Pryce and Bruce and MacKay et
al. proposed marginal likelihood maximization to infer those
hyperparameters, which is called “evidence” framework or
type 2 marginal likelihood maximization [6, 9–13].

In typical conventional methods, which use MAP infer-
ence for the computed tomography, a cost function that con-
sists of data-fitting terms and several smoothness constraints
has been introduced, and a minimization of the cost function
is carried out in order to obtain the reconstructed image
from the noisy observation data. Unfortunately, there have
been few discussions related to the inference of a proper ratio
between the data fitting and the constraints within the MAP
framework. On the contrary, from the Bayesian inference
point of view, it is natural to discuss the hyperparameter
inference for image restoration using an evidence framework
[14–16].

In our previous work, we proposed a CT image recon-
struction in the manner of Bayes inference with a hyper-
parameter inference method from the noisy Radon-trans-
formed observation by the evidence framework [12, 13]. In
the previous work [12], however, we only showed that the
Bayesian inference framework works well in the specific envi-
ronment, that is, we assumed the additive white Gaussian
noise for the 2-dimensional object observation. Gaussian
noise is one of the tractable models for a mathematical
formulation; however, in the X-ray CT or positron emission
tomography (PET) image observation, we should assume
Poissonian noise for the observation. Thus, in this study,
we show that our reconstruction algorithm also works well
under the Poissonian noise as well as under the Gauss
noise case. Considering the Poissonian noise case for the
observation which is different from our assuming model, we
show a kind of robustness of our reconstruction model.

Moreover, we apply our reconstruction model into the
real CT image data. Shepp and Logan phantom, which is
usually used for evaluation of CT/PET image reconstruction,
is a simple model of the axial cross-section human body. The
internal organ of human body is not so much simple, so we
use a real CT image data for reconstruction.

2. Formulation

In order to explain our Bayesian inference method, we show
the conventional CT reconstruction method using filtered
backprojection (FBP) under the formulation of the Radon
transform. After that, we introduce Bayesian inference into
the reconstruction process.

x

y

s

t

θ

Projection: τ(s, θ)

Object: ξ(x, y)

Figure 1: Schematic diagram of the Radon transform. Detectors are
aligned on the s axis, which has an angle described as θ.

2.1. Radon Transform. Briefly, the Radon transform assumes
that the observed signals are transmitted through the
target object. Figure 1 shows the schematic diagram of the
Radon transform. We describe the target object density as
the function of the (x, y) coordinate and assume that the
detectors are aligned along the s axis that is rotated in θ. We
can thus denote the relationship between the (x, y) and (s, t)
coordinates as a rotation⎛⎝s

t

⎞⎠ =
⎛⎝ cos θ sin θ

− sin θ cos θ

⎞⎠⎛⎝x
y

⎞⎠. (1)

We describe the density of the target as ξ(x, y, z), that is,
ξ(x, y, z) represents the absorption coefficients of the X-ray
in the case of X-ray CT observation. The detectors are aligned
on the s axis, so we describe the observation τ(s, θ, z) as the
following formulation, called Radon transform:

τ(s, θ, z) =
∫
dtξ

(
x, y, z

) = ∫
dtξ

(
x(s, t), y(s, t), z

)
. (2)

2.2. FBP Reconstruction. Before introducing the Bayes infer-
ence, we formulate the conventional filtered backprojection
(FBP) method. This reconstruction method is mainly for-
mulated on the frequency domain, so we introduce the 2-
dimensional Fourier transform of the reconstruction image
σ(x, y) and its inverse transform pair as

σ̃
(
x̃, ỹ

) = ∫∫∫
dx dy σ

(
x, y

)
e−2π j(xx̃+y ỹ), (3)

σ
(
x, y

) = ∫∫
dx̃ d ỹ σ̃

(
x̃, ỹ

)
e2π j(xx̃+y ỹ), (4)

where the (x̃, ỹ) represents the frequency space coordinate.
Meanwhile, we can apply a 1-dimensional Fourier trans-

form for the s of the observed data τ(s, θ) as τ̃(s̃, θ). The
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τ̃(s̃, θ) satisfies the following relationship, which is called a
projection theorem:

τ̃(s̃, θ, z̃) = ξ̃(s̃ cos θ, s̃ sin θ, z̃). (5)

The FBP method is derived as a coordinate transfor-
mation from Cartesian coordinate (x̃, ỹ) into the polar
coordinate (s̃, θ) in the inverse Fourier transform (4)

σ
(
x, y, z

) = ∫ π

0
dθ

∫∞
−∞

ds̃
∣∣s̃∣∣σ̃(s̃ cos θ, s̃ sin θ)e2π jss̃ (6)

=
∫ π

0
dθg(s, θ), (7)

where
g(s, θ) =

∫
ds̃
∣∣s̃∣∣τ̃(s̃, θ) e2π jss̃, (8)

since we can assume that the reconstruction image σ(x, y)
should be identical to the original image ξ(x, y) without the
observation noise, and we can apply the projection theorem
in (5).

Thus, the reconstructed image σ(x, y) can be obtained by
substituting the coordinate relationship s = x cos θ + y sin θ,
that is derived from the rotation coordinate in (1) into (7).
We call this reconstruction method the FBP method [1, 2].

2.3. Stochastic Model. In this section, we introduce a stochas-
tic observation process into the FBP method. Of course, it
is natural to consider Poissonian noise for observation in
a realistic model; however, introducing Poissonian process
makes it hard to solve the reconstruction in analytic form.
We consider that a solvable model is important for under-
standing the reconstruction process. So in our theoretical
framework, we introduced additive white Gaussian noise for
observation on the signal ξ(x, y). When we consider the
Gaussian noise np(x, y) on the image ξ(x, y), the observation
through the Radon transform τ(s, θ) can be described as

τ(s, θ) =
∫
dt
(
σ
(
x, y

)
+ np

(
x, y

)) = ∫
dtσ

(
x, y

)
+ Np(s, θ),

(9)

where Np(s, θ) = ∫
dt np(x, y), and we also treat it as

Gaussian noise. In the manner of the conventional image
restoration method proposed by Tanaka and Inoue, we also
introduce the energy function Hn(τ | σ) as follows [14, 16]:

Hn(τ | σ) = 4π2
∫ π

0
dθ

∫
ds
(
τ(s, θ)−

∫
dtσ

(
x, y

))2

.

(10)

The important point of (10) is that the energy function
Hn(τ | σ) is defined as a kind of quadrature form of
the difference between observation τ(s, θ) and the Radon
transform of the reconstruction image

∫
dtσ(x, y). We can

thus denote the observation process as

p(τ | σ) = 1
Zn

(
γ
) exp

(−γHn(τ | σ)
)
, (11)

Zn
(
γ
) =∑

τ

exp
(−γHn(τ | σ)

)
, (12)

where Zn(γ) is to normalize a factor called the partition
function. The hyperparameter γ represents a precision
parameter that is proportionate to the inverse of the variance
of the Gaussian noise Np(s, θ), that is, the large γ indicates
a good S/N ratio in the observation. Moreover, introducing
both a polar coordinate for the frequency domain and
Planchrel’s theorem, we can drive the following expression:

p(τ | σ) = 1
Zn

(
γ
) exp

(
−4π2γ

∫
dθ

∫
ds̃

∣∣τ̃s̃,θ − σ̃s̃,θ
∣∣2
)

,

(13)

where τ̃s̃,θ = τ̃(s̃, θ) and σ̃s̃,θ = σ̃(s̃ cos θ, s̃ sin θ). In the
following formulation, we adopt these expressions for the
polar coordinate in the frequency domain description for the
sake of convenience.

To reconstruct an image from noisy data, using Bayes
inference, we also denote the prior distribution. At first,
we introduce the following energy function HMRF(σ) for
smoothness of the image:

HMRF(σ) =
∫∫

dx dy
∥∥∇σ(x, y)

∥∥2, (14)

where ∇ means gradient operator ∇ = (∂/∂x, ∂/∂y). This
energy plays a role in the Markov random field (MRF) like
a constraint since the gradient operation in the discretized
space can be regarded as the difference between the neigh-
boring pixels. So, this constraint controls neighboring pixel
values to become similar to the target pixel. Then, we also
introduce the following energy constraint to avoid taking
large absolute pixel values:

HL2(σ) =
∫∫

dx dy
∥∥σ(x, y

)∥∥2, (15)

which are sometimes called “L2 constraint.” Hence, we treat
the prior as Gibbs-Boltzmann distribution of the linear
combination of energies HMRF(σ) and HL2(σ)

p(σ) = 1
Zpri

(
β,h

) exp
(−βHMRF(σ)− 4π2hHL2(σ)

)
, (16)

Zpri
(
β,h

) =∑
σ

exp
(−βHMRF(σ)− 4π2hHL2(σ)

)
. (17)

The hyperparameters β and h control the strength of each
constraint. The prior probability can thus be described as
follows when we adopt the polar coordinate in the frequency
domain:

p(σ) = 1
Zpri

(
β,h

) exp
(
−4π2

∫
dθ

∫
ds̃
(
βs̃2 + h

)∣∣s̃∣∣∣∣σ̃s̃,θ∣∣2
)
.

(18)

From (13) and (18), we can derive the posterior proba-
bility with Bayes theorem p(τ | σ) = p(τ | σ)p(σ)/

∑
σ p(τ |

σ)p(σ). Then, we can describe the posterior as

p(τ | σ) ∝ exp

(
−4π2

∫ π

0
dθ

∫
ds̃ Fs̃

∣∣∣∣σ̃s̃,θ − γ

Fs̃
τ̃s̃,θ

∣∣∣∣2
)

,

(19)

where Fs̃ = (βs̃2 + h)|s̃| + γ.
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In order to calculate the denominator value called
partition function, we discretize the integral description in
the partition function over polar coordinate in frequency
domain. When we denote the sampling width for radial
direction and polar angle as Δs̃ and Δθ , respectively, the
discretized sampling point (s̃k̃, θl) can be described as s̃k̃ =
k̃Δs̃ and θl = lΔθ , respectively, where k̃ and l represent
the indexes of the radial direction and the polar angle. The
angle θl corresponds to the detectors array angle in the
observation. Therefore, we assume that the observation is
carried out Nθ times in the angle [0,π], that is, Δθ = π/Nθ .
The coordinate value s̃k̃ represents the position in the radial
direction, which means the spatial frequency described in
the Fourier transform. From the Nyquist frequency, we can
denoteΔs̃ = 1/NsΔs, whereΔs is an interspace of the detectors
in the array. We assume the length of detectors array as L,
and Ns detectors are assigned with the same interspace in the
array, so Δs = L/Ns.

When we discretize the integral
∫
ds̃ in the posterior

as
∑Ns−1

k̃
Δs̃, we can derive the marginalized posterior

probability as a Gaussian distribution

p
(
σ̃k̃,l | τ

)
= N

(
σ̃k̃,l |

γ

Fk̃
τ̃k̃,l,

Ns

8π2ΔθΔsFk̃

)
, (20)

where the descriptions σ̃k̃,l, τ̃k̃,l, and Fk̃ represent σ̃k̃,l =
σ̃(s̃k̃ cos θl, s̃k̃ sin θl), τ̃k̃,l = τ̃(s̃k̃, θl), and Fk̃ = Fs̃k̃ = (βs̃2

k̃
+

h)|s̃k̃| + γ, respectively.

2.4. Image Reconstruction. We adopt the marginalized pos-
terior mean 〈σ(x, y)〉 for the image reconstruction solution.
The posterior mean can be denoted as

〈
σ
(
x, y

)〉 = ∫ π

0
dθ

∫∞
−∞

ds̃
∣∣s̃∣∣〈σ̃s̃,θ〉e2π j s̃(x cos θ+y sin θ). (21)

Thus, {〈σ̃s̃,θ〉}, which represents an average set of Fourier
expressions, is required to obtain the mean pixel value over
the posterior 〈σ(x, y)〉. We can evaluate 〈σ̃s̃,θ〉 by discretizing
the coordinate as in the previous section, thereby obtaining〈

σ̃k̃,l

〉
= γ

Fk̃
τ̃k̃,l . (22)

This solution, called the posterior mean (PM) solution,
provides identical result as the MAP does, that is, energy
function Hn(σ) minimization with the constraint of the
smoothness of HMRF(σ) and HL2(σ),

σMAP = argmaxσ ln p(τ | σ)p(σ)

= argminσ
(
4π2γHn(τ | σ)

+βHMRF(σ) + 4π2hHL2(σ)
)
.

(23)

Of course, PM solution is not identical to MAP solution in
general; however, in this case, the PM solution and the MAP
solution are identical, because the posterior distribution is
denoted as a Gaussian distribution.

2.5. Hyperparameter Inference. To reconstruct an appropri-
ate tomography image with our Bayesian inference, we need
to assign proper values to the hyperparameters β, h, and
γ. These hyperparameters β and h control the strength of
constraints, while γ controls the fidelity of the observation.
We infer these hyperparameters by using maximization of
marginal log likelihood, which is sometimes called evidence
framework [9–11]. The marginal log-likelihood is denoted as
the linear combination of log partition functions,

ln p
(
τ | β,h, γ

) = lnZpost
(
β,h, γ

)− lnZn
(
γ
)− lnZpri

(
β,h

)
,

(24)

where Zn(γ) is also denoted as (12), Zpri(β,h) is denoted as
(17), and, for the posterior, we introduce Zpost(β,h, γ);

Zpost
(
β,h, γ

) =∑
σ

exp
(−4π2γHn(τ | σ)

−βHMRF(σ)− 4π2hHL2(σ)
)
.

(25)

We use discretization to evaluate each partition function and
obtain

lnZpri
(
β,h

) = −Nθ

2

Ns−1∑
k̃=0

ln
(
βs̃2

k̃
+ h

)
,

lnZn
(
γ
) = −NθNs

2
ln γ,

lnZpost
(
β,h, γ

) = −4π2ΔθΔs

Ns

Ns−1∑
k̃=0

γ
(

1− γ

Fk

)

×
∣∣∣τk̃,l

∣∣∣2 − Nθ

2

Ns−1∑
k̃=0

lnFk̃.

(26)

To maximize the marginal log likelihood (24), we adopt
a naive gradient method corresponding to the hyperparame-
ters β, h, and γ, that is, we update hyperparameters using the
following rule:

⎛⎜⎜⎝
lnβt+1

lnht+1

ln γt+1

⎞⎟⎟⎠ =
⎛⎜⎜⎝

lnβt

lnht

ln γt

⎞⎟⎟⎠ + η

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

∂ ln p
(
τ | βt,ht, γt)
∂ lnβ

βt

∂ ln p
(
τ | βt,ht, γt)
∂ lnh

ht

∂ ln p
(
τ | βt,ht, γt)
∂ lnh

γt

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
, (27)

where η is a sufficiently small value. Those update rules (27)
are denoted for lnβ, lnh, and ln γ, since β, h, and γ should be
nonnegative values.
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Figure 2: Comparison of the reconstructed tomography images derived using the Bayesian method and conventional FBP. The top row shows
the Bayesian FBP methods, and the bottom one shows the conventional one. Each column corresponds to the strength of the observation
Gaussian noise standard deviations. We show the magnification of a part of the reconstructed images around the edge of the phantom, whose
location is indicated by white rectangle in the true image.

3. Evaluation by a Computer Simulation

3.1. Phantom Image Reconstruction. In the computer
simulation, we created the Shepp and Logan phantom
image in Nx × Ny (pixels) and mapped the image into an
origin-centered square with an edge length set to L, that
is, the area is set to [−L/2,−L/2] × [L/2,L/2]. In the
square, the area, which takes distance from the origin larger
than L/2, is sometimes unobservable by the detectors from
several angles, and we therefore ignore this area during
our evaluation. For each angle θl, we assume the s axis as
Figure 1, and the origin in the (x, y) coordinate projects to
the point s = 0 in any angle. We set the sampling parameters
as Nx = Ny = Nθ = Ns = 256, and the length of the detectors
array as L = 1.

For hyperparameter inference, we adopt a gradient
method that requires initial state of these parameters. In the
following simulations, the initial state of β(0), h(0), and γ(0)

is set to be 1. And the number of iterations is limited to the
10000 times.

3.1.1. Gaussian Noise Case. In order to evaluate the perfor-
mance of the hyperparameter inference, we carry out the
simulation in the additive white Gaussian noise environment
at first. We assumed that the Gaussian noise np(x, y)
was added during the observation process (see (9)) and
controlled the noise standard deviation (SD) in the range
of 0 to 6. A small SD means the low noise level in the

observation process, and the larger SD becomes, the higher
additive Gaussian noise level becomes. On the other hand,
the large SD observation makes a lot of information loss
for reconstruction. The MRF like prior (16) plays a roll of
compensation for the information loss. In the simulation,
Gaussian noise value sometimes makes fluctuation to the
result, so we evaluated the average performance over 10 trials.

The computational cost is mainly consumed by hyper-
parameters inference. In this study, we adopted gradient
method for the hyperparameter inference, so the compu-
tational cost depends on the initial state of these hyperpa-
rameters and learning coefficients η. In typical cases, about
1000∼2000 iterations are required to converge for the η =
10−6. It takes 1∼2 minutes for Intel Xeon E5530 2.40 GHz
with 24 GiB memory.

Figure 2 shows typical results of the reconstruction
images. The most left image shows the “true” which means
a reconstruction image without any observation noise (SD =
0.0). The top part shows the result using our Bayesian
inference with inferred hyperparameters, and the bottom
one shows the result using the conventional FBP method
[1]. Each column corresponds to the SD of the additive
Gaussian noise np(x, y). In Figure 2, we show magnification
of each reconstructed image around the edge whose location
is located as the white rectangle in the “true” image. The
degradation of the image in the conventional FBP result
when the noise SD is large is clearly visible, whereas the
contrast of the image has been maintained in the Bayesian
reconstruction result.
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Figure 3: Qualities of reconstruction images measured by PSNR.
The horizontal axis shows the SD of the Gaussian noise. The vertical
axis shows the PSNR. The solid line shows the median of the 10
trials of our Bayesian inference results, and box plot shows quartile
deviation. The dashed line shows the results of the conventional FBP
method.

We used the peak signal-to-noise ratio (PSNR) to
evaluate the quality of the reconstructed image. The result
of this evaluation is shown in Figure 3. The horizontal axis
indicates the SD of the np(x, y), and the vertical shows the
PSNR between the reconstructed image for both a noised
and noiseless reconstruction images. The solid line shows the
median of the Bayesian inference reconstruction results for
10 trials, and each box plot shows the quartiles deviations.
The dashed one shows those of the conventional FBP results.
The Bayesian inference maintained high reconstruction
quality compared to the conventional FBP method. Even
when the SD of the noise was 4.0, the PSNR value remained
27.5 (dB). On the other hand, the PSNR of the conventional
FBP method was degraded and became 27.7 [dB] when the
SD is only 1.5. This demonstrated that the Bayesian inference
is more robust to the observation noise rather than the
conventional FBP method.

Figure 4 shows the reconstruction performance against
the hyperparameter β. The horizontal axis shows the value
of the hyperparameter β, and the vertical one shows the
PSNR. We fixed other hyperparameters, h and γ, to the
estimated value. Each image in the figure shows the recon-
struction result with corresponding hyperparameter setting.
The hyperparameter β controls the smoothness of the image
in the prior equation (16), so too much large β makes
excessive blurring. Our hyperparameter inference algorithm,
shown in the filled rectangle in the figure, looks to provide
optimal value.
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Figure 4: Reconstruction performance against hyperparameter β.
The horizontal axis shows the β, and the vertical one shows the
PSNR. Other hyperparameters, h and γ, are fixed to the estimated
value. The filled rectangle shows the result of our hyperparameter
inference for β.

3.1.2. Poissonian Noise Case. Gauss noise observation is
the assumed model in our formulation equation (9); how-
ever, the CT/PET observation process is usually described
as the Poissonian process. Thus, we should evaluate the
reconstruction quality for the Poissonian noise case for
the more realistic environment. Of course, our model is
designed for the Gaussian noise case, so the performance of
reconstruction for the Poissonian process observation might
become worse; however, quantitative evaluation is important
in the meaning of the approximation.

In the computer simulation, we used R PET package
for Poissonian noise sampling [17]. The Poissonian noise
value is generated by acceptance-rejection method [18,
19]. Hence, the number of the samplings determines the
noise strength property corresponding to the SDs in the
Gaussian case, that is, less number of the samplings make
low signal-to-noise ratio. The computational cost is also
consumed by hyperparameter inference, and it takes about
1000 times iterations for the η = 10−6, that is, it requires
∼1 minute for the convergence in our computational
environment.

Figure 5 shows the reconstructed image using our
Bayesian method and conventional FBP method. The top
part shows the result of our Bayesian reconstruction images,
and the bottom one shows the conventional FBP result. The
most left image shows also the “true” image that means a
reconstructed image without any Poissonian noise. In other
columns, we show the image with Poissonian noise whose
strength is controlled by sampling levels, that is, the S/N
ratio becomes worse when sampling level becomes low [20].
In the figure, the noise strength becomes large for the right
direction.
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Figure 5: Comparison of the reconstructed tomography images derived using the Bayesian method and conventional FBP under the
Poissonian noise. The top row shows the results of our method, and the bottom one shows the results of the conventional FBP method.
Each column corresponds to the strength of the observation noise which can be denoted as the number of sampling in the acceptance
rejection method. We show the magnification of a part of the reconstructed images around the edge of the phantom, whose location is
indicated by a white rectangle in the true image.
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Figure 6: Qualities of reconstruction images measured by PSNR.
The horizontal axis shows the SD of the sampling level, which
means the inverse of the Poissonian noise. The vertical axis shows
the PSNR. The solid line shows the median of the 10 trials of our
Bayesian inference results, and box plot shows quartile deviation.
The dashed line shows the results of the conventional FBP method.

Figure 6 shows the quantity evaluation result in the
meaning of the PSNR against the sampling level of the obser-
vation. The horizontal axis shows the sampling level, and
the vertical one shows the PSNR. The solid line shows the
median of 10 trials for our Bayesian reconstruction method,
and the box plots are quartiles for each sampling levels.
The dashed one shows the result of the conventional FBP
method. Roughly speaking, the Bayes reconstruction shows
better result in the meaning of the PSNR.

3.2. Real CT Image Reconstruction. In order to evaluate the
performance of our method for the CT/PET image, we
applied our method to a real CT image reconstruction.

We prepare several real CT images provided by
Tokushima University Hospital. The acquisition parameters
of those HRCT images are as follows: Toshiba “Aquilion 16”
is used for imaging device, and each slice image consists
of 512 × 512 pixels, and pixel size corresponds to 0.546∼
0.826 mm; slice thickness is 1 mm. Thus, we set the sampling
parameters as Nx = Ny = Nθ = Ns = 512.

In order to obtain noise-corrupted data τ, we simulate
Gaussian and Poissonian noised observation for these CT
images in the same manner with phantom images.

Figure 7 shows a reconstruction result for the real chest
CT image with Gaussian noise. The top row shows our
Bayesian method, and the bottom one shows the conven-
tional FBP results. Each column corresponds to the additive
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True SD = 1 SD = 2 SD = 3 SD = 4 SD = 5

SD = 1 SD = 2 SD = 3 SD = 4 SD = 5

Figure 7: Comparison of the reconstructed images using real CT data with Gaussian noise between Bayes method and conventional FBP
method. The top row shows the results of our method, and the bottom one shows the conventional FBP results. Each column corresponds
to the strength of the observation noise that can be denoted as standard deviation (SD) of adding noise. We also show the magnification of
a part around the bronchus, whose location is indicated by black rectangle in the true image.

Smpl. lv. = 5120 Smpl. lv. = 2560 Smpl. lv. = 1280 Smpl. lv. = 640

Bayes reconstruction for Poissonian noise

FBP reconstruction for Poissonian noise

True Smpl. lv. = 320

Smpl. lv. = 5120 Smpl. lv. = 2560 Smpl. lv. = 1280 Smpl. lv. = 640 Smpl. lv. = 320

Figure 8: Comparison of the reconstructed images using real CT data with Poissonian noise between Bayes method and conventional FBP
method. The top row shows the results of our method, and the bottom one shows the conventional FBP results. Each column corresponds
to the strength of the observation noise that can be denoted as the number of sampling in the acceptance-rejection method. We also show
the magnification of around bronchus indicated by black rectangle in the true image.

Gaussian noise strength for pseudo-observation. In each
image, we show a magnification part around bronchus,
whose location is described as a black rectangle in the
true image. In the Bayesian reconstruction, our MRF prior
makes a blurring effect for edge components on the image.
The hyperparameter inference mechanism would try to
compensate for the information loss, which is caused by the

observation noise, by use of the MRF prior. As a result, the
large SD makes strong blurring effect to the image. In the
magnification image of the Bayesian inference, the bronchus
parts are hard to identify around SD > 4.0, however, vessels
along the bronchus are able to identify for these SDs. In
contrast, in the conventional FBP results, both of those
parts are just difficult to identify for these SDs. Figure 8
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Figure 9: Qualities of reconstruction images measured by PSNR
for real CT image reconstruction under the Gaussian noise. The
horizontal axis shows the observation SD of Gaussian noise, and
the vertical axis shows the PSNR. The solid line shows the result
of our Bayesian method, and the dashed one shows that of the
conventional FBP method.

also shows a Poissonian noise case for the chest CT image.
We can see the similar tendency to the Gaussian case. In
the magnification images, we can identify the bronchus over
1280 sampling levels. In contrast, low sampling level makes
large blurring effect by the MRF prior. As a result, bronchus
part is hard to identify at fewer than 640 sampling levels.
However, the reconstruction result looks better than those of
the conventional FBP method.

Moreover, we evaluate the quantitative reconstruction
performance by PSNR for the real CT image. Figure 9
shows the result for the Gaussian noise case, and Figure 10
shows the one for the Poissonian case. Each horizontal axis
means the noise strength control variable, and the vertical
shows the reconstruction performance by PSNR. In both of
these results, the Bayes reconstruction method shows better
performances in the strong noise area. In contrast, in the
weak noise area, the Bayes reconstruction result is just worse
than that of the conventional method. We can see that the
real CT image is more complex than the Shepp and Logan
phantom image like Figure 5, and simple MRF like prior
(16) prefers smooth image. Thus, in the weak noise area,
complex shape in the real image makes overestimate for the
prior strength β, which controls blurring effect by the prior.
As a result, our Bayesian reconstruction method prefers too
much smooth image in the weak noise area; however, the
PSNR value stays around 30 (db) for the SD = 2 in the
Gaussian case and around 28 (db) for the 2560 samplings in
the Poissonian case.
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Figure 10: Qualities of reconstruction images measured by PSNR
for real CT image reconstruction under the Poissonian noise. The
horizontal axis shows the sampling level, and the vertical axis shows
the PSNR. The solid line shows the result performance of Bayesian
method, and the dashed line shows the results of the conventional
FBP method.

4. Conclusion

We proposed a hyperparameter inference based on the
Bayesian inference in order to reconstruct tomography image
formulated by Radon transform. As a stochastic model, we
introduced a simple MRF-like distribution p(σ) for the prior
and formulated the observation process p(τ | σ) by assuming
the Gaussian noise channel.

We discretized the image signals in the frequency domain
expressed by the polar coordinate in order to evaluate the
posterior distribution analytically, resulting in the ability to
conduct posterior mean for the reconstructed image. Using
the marginal-likelihood maximization method, we show that
the hyperparameters introduced as β, h, and γ, which allows
us to maintain a balance between observation fidelity and
prior constraint, could be determined automatically. And
using those hyperparameters, we could obtain a higher-
quality reconstructed image than when using the conven-
tional FBP method.

In order to evaluate the performance of our method,
we simulated two observation noise cases, that is, Gaussian
and Poissonian noises. We controlled noise strength by
SD for Gaussian noise and sampling levels for Poissonian
noise. In the phantom simulation for the Gaussian noise,
we confirmed that our hyperparameter inference worked
well against the PSNR, and the performance for the recon-
struction was better than that of the conventional FBP. The
computational cost for the hyperparameter inference depend
on the initial state of them; however, about 1200∼2000 times
iterations made convergence to them for typical cases. In
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the Poissonian cases, the tendency of the reconstruction
performance is similar to the Gaussian case. Our Bayesian
method made better performance than the conventional FBP
in any noise strength area. However, in the strong Poissonian
noise case, that is, the noise could not approximate well
by Gaussian noise, we confirmed that the performance of
the reconstruction was not good enough for diagnosing.
Moreover, we evaluated the performance by a real chest CT
image. The real image has a little complex shape against the
phantom image. Thus, in the low-noise strength area for
both noise cases, the prior components worked too much for
the smoothness effect. As a result, the PSNR was just worse
than the conventional FBP in such area. However, detail
structure of the organ was easy to identify in the obtained
image of our model.

In this study, we demonstrate applying our algorithm to
the only 2-dimensional image reconstruction. We consider
the algorithm easy to extend for 3-dimensional case. Thus,
we would reformulate our algorithm for applying to the 3-
dimensional image reconstruction and confirm the perfor-
mance in the future work.
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Many subproblems in automated skin lesion diagnosis (ASLD) can be unified under a single generalization of assigning a label,
from an predefined set, to each pixel in an image. We first formalize this generalization and then present two probabilistic models
capable of solving it. The first model is based on independent pixel labeling using maximum a-posteriori (MAP) estimation.
The second model is based on conditional random fields (CRFs), where dependencies between pixels are defined using a graph
structure. Furthermore, we demonstrate how supervised learning and an appropriate training set can be used to automatically
determine all model parameters. We evaluate both models’ ability to segment a challenging dataset consisting of 116 images and
compare our results to 5 previously published methods.

1. Introduction

Incidence rates of melanoma are increasing rapidly in the
western world, growing faster than any other cancer [1].
Since there is no effective therapy for patients with advanced
melanoma [2], educational campaigns attempt to encourage
high-risk individuals to undergo routine screening so that
melanomas can be identified early while they are still easily
treatable [3]. While worthwhile, these educational campaigns
generate a large amount of referrals to dermatologists, whose
services are already undersupplied [4].

Automated skin lesion diagnosis (ASLD) is expected to
alleviate some of this burden. By acting as a screening tool,
ASLD can reject obviously benign lesions, while referring
more suspicious ones to an expert for further scrutiny. Most
ASLD methods adopt the standard computer-aided diagno-
sis (CAD) pipeline illustrated in Figure 1. First an image
is acquired with a digital dermoscope. Next, undesirable
artifacts (such as hair or oil bubbles) are identified and, if
necessary, replaced with an estimate of the underlying skin

color. After this, the lesion is segmented, and discriminative
features are then extracted. Finally, supervised learning is
used to classify previously unseen images.

Our previous work demonstrated how the use of super-
vised learning, under the proper generalization (of assigning
labels to pixels), was able to solve several tasks in this pipeline
including detecting occluding hair, segmenting the lesions,
and detecting the dermoscopic structure pigment network
[5]. Our method was relatively simple; it labeled pixels
in an image independently using modest features, linear
discriminant analysis (LDA) for supervised dimensionality
reduction, and maximum a-posteriori (MAP) estimation.
Nevertheless, in spite of its simplicity, our model was
able to perform comparably to other previously published,
nongeneral methods for lesion segmentation [6–10] and hair
detection [11].

In this paper, we seek to expand on this generalization by
replacing the per-pixel (PP) estimation model with a condi-
tional random field (CRF) model. The largest criticism levied
at the PP approach is that pixels are labeled independently,
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Feature
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Figure 1: Typical computer aided diagnosis (CAD) pipeline usually
adopted for automated skin lesion diagnosis (ASLD). Our goal is
to (1) generalize the artifact detection, segmentation as well as a
portion of the feature extraction stage into a single mathematical
framework and (2) propose and evaluate probabilistic models
which employ supervised learning to quickly and automatically
“learn” to perform these tasks.

regardless of the label assigned to their neighbors. This
assumption of independence is clearly not valid, as there is
a high degree of correlation between neighboring pixels in
any image (any image other than pure noise, i.e.). CRF-based
models attempt to relax this assumption of independence by
creating a graphical model which defines the dependencies
between pixels.

In order to apply a CRF model, a parameter vector
specifying the relative contribution of the input features is
required. Often, these parameters are determined in an ad
hoc fashion via trial and error. Since our goal is a general
method, easily applicable to a variety of problems, it is
crucial that these parameters be determined automatically
based on observations. We, therefore, apply the maximum
likelihood estimator for the parameter vector and describe
a gradient-based method for its computation. We also
address many practical considerations encountered during
the implementation.

The paper is organized as follows: in Section 2, we
briefly review previous work. In Section 3, we formulate the
generalization in Section 3.1, review our previous PP model
[5] in Section 3.2, and present our CRF model in Section 3.3.
In Section 4, we present results. Finally, we conclude in
Section 5.

2. Previous Work

Our original PP model was based on the work by Debeir et
al. [12] who also attempts to generalize many tasks in ASLD.
Our model was found to perform comparably to many pub-
lished lesion segmentation algorithms including K-means++
(KPP) [6], J-image segmentation (JSEG) [7], dermatologist-
like tumor area extraction algorithm (DTEA) [8], statistical
region merging (SRM) [9], and threshold fusion (FSN) [10].
It also performed comparably to DullRazor [11] for detecting
occluding hair and was able to identify the dermoscopic
structure pigment network. Our PP model is briefly reviewed
in Section 3.2; however, we refer readers to our previous
study for further details, as well as a more comprehensive
review of previous work in ASLD, including the methods
against which we compare [5].

We defer the review of the CRF model until Section 3.3,
where we examine it in detail.

3. Method

This section is divided into 3 parts. We begin in Section 3.1
by formalizing the generalization that is capable of perform-
ing a variety of tasks in ASLD. In Section 3.2, we briefly
review our previous PP model [5]. Finally, in Section 3.3, we
outline our CRF model.

3.1. The Generalization. We are given a set of observa-
tions {xm, ym}, consisting of images (x) and corresponding
ground truths labeling (y). Using the notation of Szummer
et al. [13], the superscript xm or ym indexes a specific
image/labeling in the set and the subscript xi or yi indexes
a specific pixel. Let NI represent the number of images, and
Nm

P represents the number of pixels in image xm. An imageset
can contain any number of channels (or features), which we
denote by NC . Valid values for each entry in the label field
(yi) are defined by the label set L = {l1, . . . , lNL}, where NL is
the number of possible labels.

Given our training set {xm, ym}, we use supervised
learning to predict the label fields for previously unseen
images.

Formally, we are given{
xm, ym

}
; m = 1, . . . ,NI ; i.i.d,

L = {li}; i = 1, . . . ,NL; li ∈ N,

xm ∈ RNm
P ×Nc ,

ym ∈ LN
m
P .

(1)

And our task is to use the information in {xm, ym} to
infer the function f : x → y that produces the best possible
label field.

3.2. The PP Model. In this section, we briefly review our per-
pixel (PP) estimation model [5]. An overview of the training
and testing phases of the model is illustrated in Figures 2
and 3, respectively. Under this model, we assign the most
probable label to each pixel independently

y∗i = arg max
l j

[
P
(
yi = l j | xi

)]
; i = 1, . . . ,NP , (2)

Applying Bayes’ rule and simplifying, we arrive at the
standard maximum likelihood formulation

y∗i = arg max
l j

[
P
(
xi | yi = l j

)
P
(
yi
)]

; i = 1, . . . ,NP. (3)

We model the posterior P(x | y = l) as a set of NL

multivariate normal distributions P(x | y = l j) = N(μlj ,Σl j ),
whose parameters (μlj ,Σl j ) are estimated using the training
set {xm, ym}. We model P(y) as a discrete distribution. Let
NYi represent the number of elements in ym that assume the
value li, then

P
(
yi
) = NYi

ΣNL
j=1NY j

. (4)
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Figure 2: The training phase of our per-pixel (PP) model. Features are first computed, then the dimensionality of the featurespace is reduced
using LDA. Posterior probabilities in this subspace are then estimated.
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Figure 3: The testing phase of our per-pixel (PP) model. Features are computed as in the training phase. The projection Q is used to
transform the features into the subspace determined in the training phase. Maximum a-posteriori estimation, using the posteriors estimated
in the training phase, is then used to generate the label.

We also normalize the probabilities across the label set,
which are later used as features in the CRF model. The
normalized likelihood that a pixel i is associated with the
label l j is

Li, j =
P
(
xi | yi = l j

)
∑NL

k=1 P
(
xi | yi = lk

) . (5)

In order to examine the model’s performance across
the entire sensitivity/specificity range, we consider many
thresholds T on Li, j over the range [0, 1] and label pixels
accordingly.

As the number of channels (NC) in the images grows,
we perform supervised dimensionality reduction on the
observations x to focus the predictive power of our dataset
onto a smaller subset of parameters. Linear discriminant
analysis (LDA) is used to determine the subspace of x which
best separates the labels [14].

LDA performs an eigenvalue decomposition of a scatter
matrix representing the ratio of between-class covariance to
within-class covariance. It returns a matrix of eigenvectors
Q ∈ RNc×NL−1 which projects observations (x) from NC

dimensions to NL − 1

Q = eig
(
S−1
w Sb

)
,

Sw =
NL∑
i=1

Σli ,

Sb =
NL∑
i=1

(
μli − μ

)(
μli − μ

)T ,

(6)

where μ is the overall mean of x across all images and
classes. Once the projection Q is determined, the posteriors

are estimated, likelihoods are computed, and inference is
performed in this subspace (xQ)

P
(
xQ | y = l j

)
= N

(
μQl j ,Σ

Q
l j

)
; j = 1, . . . ,NL,

y∗i = arg max
l j

[
P
(
xiQ | yi = l j

)
P
(
yi
)]

; i = 1, . . . ,NP ,

(7)

Li, j =
P
(
xiQ | yi = l j

)
∑NL

k=1 P
(
xiQ | yi = lk

) , (8)

where the superscript Q (μQl j ,Σ
Q
l j

) is used to differentiate the
label means/covariances in this subspace from the original
space in which the observations were performed (μlj ,Σl j ).

3.3. The CRF Model. In this section, we seek to improve upon
the PP model developed in previous work [5] and described
in Section 3.2. We present an overview of conditional
random fields (CRFs) in Section 3.3.1. In Section 3.3.2, we
describe how the CRF parameters can be determined empir-
ically using maximum likelihood estimation (MLE) [15]. In
Section 3.3.3, we discuss practical considerations for finding
these parameters, including how to estimate the partition
function [16] and how to regularize the likelihood expression
[15]. In Section 3.3.4, we solve the MLE formulation via
gradient-based methods. An overview of the training and
testing phases of our CRF model is illustrated in Figures 4
and 5, respectively.

3.3.1. Overview. The CRF model is an undirected graphical
model that is naturally suited to represent and exploit the
dependencies between observations, such as neighboring
pixels in an image [15]. The probability that a label field y
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Figure 4: The training phase of our CRF model. We follow the same procedure as in our PP model up until the posteriors are estimated. We
then calculate pixel likelihoods and use these as node features in our CRF model. We infer CRF parameters using gradient descent.
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Figure 5: The testing phase of our CRF model. After the likelihoods are computed, we use the CRF parameters from the training phase, and
the software FastPD to generate label fields.

is associated with the image x under model parameters w is
given by

P
(
y | x;w

) = 1
Z(x,w)

exp
(−E(y, x;w

))
, (9)

where the function Z(x,w), known as the partition function,
is used to normalize the probabilities for given values of x
and w

Z(x,w) =
∑
y

exp
(−E(y, x;w

))
. (10)

The energy function E represents the linear of combina-
tion of features employed by the model and is parameterized
by the weight vector w

E
(
y, x;w

) = NW∑
k=1

wkΦk
(
y, x

)
. (11)

Given an undirected graph G = (V, E), where V
represents the nodes (i.e., pixels) of an observation, E
represents the dependencies between nodes (throughout this
document, E is the 4-connected set of neighboring pixels),
and the energy function E is the weighted sum of features
Φi(y, x). Features can either operate over the nodes of the
graph (ΦV ), or over its edges (ΦE)

ΦV
(
y, x

) = ∑
i∈V

φ
(
yi, xi

)
,

ΦE
(
y, x

) = ∑
(i, j)∈E

φ
(
yi, y j , xi, x j

)
,

(12)

In order for the model to be tractable, edge features
ΦE

i (y, x), and their corresponding weights must adhere to

certain constraints. Let E represent the set of edge features.
The following constraints must be satisfied [17]

wi > 0 ∀i ∈ E,

φE
(
yi, y j , xi, x j

)
= 0 ∀

(
yi, y j

)
s.t. yi = y j .

(13)

Strictly speaking, the second constraint can be replaced
with the more general constraint that edge feature functions
be submodular [18]. However, throughout this document, we
will impose this stricter constraint which can be interpreted
as “an edge cost is only incurred across nodes with differing
labels.”

A CRF solver is one that, given observations x and
parameters w, can find the most likely labeling y∗

y∗ ←− arg max
y

P
(
y | x;w

)
. (14)

We use the software FastPD [19, 20], which can exactly
solve (14), under the constraints imposed above.

3.3.2. Determining MLE Parameters. Since the emphasis of
our work is on a general model capable of performing a
variety of tasks, it is crucial that model parameters (w) be
determined automatically from training data via empirical
means. In this section, we derive the partial derivatives of
the likelihood function which can be used by gradient-based
methods to compute w.

Since the observations {xm, ym} are assumed to be
independent. The likelihood of the data, given the set of
parameters, is equal to the product of the probabilities in the
observed set, under those parameters

�(w) =
NI∏
m=1

P
(
ym | xm;w

)
. (15)
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The maximum likelihood estimator is then

w∗ = arg max
w

NI∏
m=1

P
(
ym | xm;w

)
. (16)

If we can find the partial derivatives ∂�/∂wi, we can
optimize w using gradient-based methods. We begin by
expressing the likelihood function �(w) in terms of w

w∗ = arg max
w

NI∏
m=1

P
(
ym | xm;w

)

= arg max
w

NI∑
m=1

ln
(
P
(
ym | xm;w

))

= arg max
w

NI∑
m=1

(−E(ym, xm,w
)− ln(Z(x,w))

)

= arg min
w

NI∑
m=1

⎛⎝NW∑
k=1

wkΦk
(
ym, xm

)

+ ln

⎡⎣∑
y

exp

⎛⎝−NW∑
k=1

wkΦk
(
y, xm

)⎞⎠⎤⎦⎞⎠.
(17)

Solving for the partial derivatives, we get the following
expression for the gradients of the likelihood function:

∂�

∂wi
=

NI∑
m=1

⎛⎝Φi
(
ym, xm

)

+

∑
y −Φi

(
y, xm

)
exp

(
−∑Nw

k=1 wkΦk
(
y, xm

))
∑

y exp
(
−∑Nw

k=1 wkΦk
(
y, xm

))
⎞⎠.

(18)

However, we now come to an impasse. The second term of
(18) would have us iterating over all possible label fields y.
For a binary classification task over a modestly sized image of
256 × 128, this would require a summation over 2256×128 ≈
2 × 109000 labelings. Clearly this is intractable, and we must
resort to estimating this second term.

3.3.3. Practical Considerations. In order to derive CRF
parameters with grid-structured models for even modestly
sized images, a method to estimate the partition function is
required. Inspired by [21], we employ one of the simplest
estimation methods and approximate the partition function
using saddle-point approximation (SPA) [16]∑

y

Φ
(
y, x

) ≈ Φ
(
y∗, x

)
,

y∗ ←− arg max
y

P
(
y | x;w

)
.

(19)

We also introduce an additional practical consideration.
Since gradient-based methods will be used to determine w,

we regularize the likelihood function (�(w)) by the squared
L2 norm of the parameters [15] to penalize large weight
vectors (since scalar multiples of a weight vector produce
identical results). This makes the resulting likelihood func-
tion strictly convex. The regularized likelihood is then

�(w) =
NI∑
m=1

⎛⎝NW∑
k=1

wkΦk
(
ym, xm

)− ln
∑
y

exp
NW∑
k=1

wkΦk
(
y, xm

)⎞⎠.
− ‖w‖

2

2σ2

(20)

And the gradients become

∂�

∂wi
=

NI∑
m=1

⎛⎝Φi
(
ym, xm

)

+

∑
y−Φi

(
y, xm

)
exp

(
−∑Nw

k=1 wkΦk
(
y, xm

))
∑

y exp
(
−∑Nw

k=1 wkΦk
(
y, xm

))
⎞⎠−wi

σ2
.

(21)

Which under SPA becomes

∂�

∂wi
≈

NI∑
m=1

(
Φi

(
ym, xm

)−Φi
(
y∗, xm

))− wi

σ2
. (22)

3.3.4. Implementation. We are now ready to implement a
gradient-based method to estimate the CRF parameter vector
w. Given an initial weight vector w0, the gradients of the
likelihood function are estimated as per (22). These gradients
are used to update the weight vector, which in turn is used to
estimate a new set of gradients. This process is repeated until
convergence.

We have observed (as does [21]) that gradient meth-
ods using saddle point approximation lead to oscillating
behavior. Therefore, we keep a record of the best empirical
set of parameters found, rather than the parameters of the
final iteration. We also enforce the constraint from (13) that
weights for edge-based features must remain positive.

In addition to the training set ({x, y}), the algorithm
also requires an initial weight vector (w0), a regularization
factor (σ2 ), a step size (γ), and termination conditions
(convergence criteria: ε; maximum number of iterations:
Nitr). The algorithm has been found to be robust to these
additional parameters. Pseudocode of our implementation is
presented in Algorithm 1.

4. Results

Previous work has demonstrated our model’s ability to
generalize to many applications [5]. Here, we focus on a
single application (lesion segmentation) and present results
for our two models. We also compare our results to 5
previously published methods (KPP [6], JSEG [7], DTEA [8],
SRM [9], and FSN [10]).
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(a) (b) (c)

(d) (e) (f)

Figure 6: The effect of L∗ normalization on the segmentation likelihoods. left column: original dermoscopic image; middle: segmentation
likelihoods (Li,lesion) before L∗ normalization; right: after L∗ normalization.

Require: x, y,w0, σ2 > 0, γ < 0, ε > 0, Nitr > 0
max ← 0
for i← 1 to Nitr do
gi ← 0
a← 0
for m← 1 to NI do
y∗ ← arg maxy P(y | xm;wi−1)
a← a + accuracy(y∗, ym)/NI

gi ← gi + Φ(ym, xm)−Φ(y∗, xm)−wi−1/(NIσ2)
end for
if a > max then

max ← a
w∗ ← wi−1

end if
wi ← wi−1 + γgi

for all j ∈ E do
if wi

j < 0 then
wi

j ← 0
end if

end for
if ‖wi −wi−1‖ < ε then

break
end if

end for
return w∗

Algorithm 1: Calculating the CRF parameter vector w using
gradient descent and saddle-point approximation.

The dataset consists of 116 images from dermoscopy
atlases [22, 23], which were acquired by a several dermatol-
ogists in separate practices using differing equipment. The
images have not been properly color calibrated. Since the
goal was to create a difficult dataset, 100 of the 116 lesions

were selected to be particularly challenging to segmentation
algorithms [7]. We intentionally chose a simplistic featureset
to emphasize the power of the models under consideration.

The features employed were 5 Gaussian, and 5 Lapla-
cian of Gaussian filters applied a various scales (σ =
[1.25, 2.5, 5, 10, 20]) in each channel of the image in CIE
L∗a∗b∗ space. The responses of these filters represent the
observations x (where NC = 30). Each image was expertly
segmented by a dermatologist. These ground truth labelings
are denoted as y.

For all experiments, 10-fold cross-validation was
employed. The dataset was randomly divided into 10 groups,
and label fields for each group of images were determined
using model parameters which were estimated from the
observations in the 9 other groups. In both the PP and CRF
models, all steps after the computation of features (refer to
Figures 2 and 4) were included within the cross-validation
loop including determining the projection Q, estimating the
prior/posteriors, determining CRF parameter vector w, and
so forth.

4.1. The PP Model. We begin by summarizing previous
results on how our PP model faired on this dataset. A more
detailed analysis, including the relative contribution of vari-
ous aspects of the model (including features, dimensionality
reduction, and classification method), can be found in our
previous work [5].

Since that time, we have discovered that we can partially
compensate for the lack of color calibration by subtracting
the mean of the L∗ channel before computing features. While
not as desirable as full color and lighting calibration [24], this
procedure at least compensates for various camera exposure
levels, as can be seen in the resulting PP likelihood maps
in Figure 6 (as calculated by (8)). Figure 7 illustrates a ROC
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Table 1: Comparison of our PP model’s ability to segment lesions to our CRF model and 5 previously published methods.

Performance

Method PP (nearest pt.)

Method n Sens Spec Sens Spec

CRF 116 0.845 0.924 0.843 0.921

KPP [6] 116 0.765 0.770 0.941 0.763

JSEG [7] 91 0.627 0.987 0.677 0.980

DTEA [8] 116 0.597 0.986 0.638 0.985

SRM [9] 112 0.790 0.946 0.773 0.957

FSN [10] 116 0.808 0.934 0.814 0.939
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Figure 7: ROC curve comparing our PP model before normaliza-
tion (red line) and after normalization (blue line) to 5 previously
published methods.

curve comparing the performance of our PP model (before
and after normalization) to the segmentation algorithms
KPP [6], JSEG [7], DTEA [8], SRM [9], and FSN [10].
Our method performs comparably to JSEG, DTEA, SRM,
and FSN and outperforms KPP although only KPP, DTEA,
and FSN algorithms were able to generate results for all 116
images. Table 1 summarizes the results.

4.2. The CRF Model. As described in Section 3.3, the CRF
model operates over an undirected graph G = (V, E)
and consists of node features (ΦV (y, x)) and edge fea-
tures (ΦE(y, x)). The graph structure employed was the 4-
connected set of neighboring pixels. Our featureset contains
2 features: one over the nodes and one over the edges. The

node features are the likelihoods as computed by (8) of the
PP model as in Section 4.1, and the edge features are set to
the CIE L∗ intensity difference between neighboring pixels,
if the labels of said pixels differ

ΦV
1

(
y, x

) = ∑
i∈V

P
(
xiQ | yi

)∑NL
j=1 P

(
xiQ | yi = l j

) ,

ΦE
2

(
y, x

) = ∑
(i, j)∈E

∣∣∣L∗(xi)− L∗
(
x j
)∣∣∣1yi /= y j ,

(23)

where we use 1yi /= y j to denote the indicator function (i.e.,
1yi /= y j evaluates to 1 if yi /= y j ; 0 otherwise)

While the method described in Section 3.3 is general
enough to handle an arbitrary number of node and edge
features, there are 2 reasons why we chose only one of each.
To begin, we seek to make the comparison between the PP
model and the CRF model as meaningful as possible. Using
the likelihoods from the PP model as the node feature is
an elegant way to evaluate the improvements realized by the
CRF model. Note that with this choice of features, the CRF
model with weight vector w = [1, 0] gives identical results
to the PP model. Additionally, the saddle-point method for
approximating the partition function seems to degrade as the
number of features increases. We note, however, that even in
studies where the partition function can be computed exactly
(because the CRF graph contains no loops), the loss incurred
by such piecewise training methods is negligible [25].

Figure 8 compares some segmentations produced by
the PP and CRF model. By relaxing the assumption of
independence in the PP model, the CRF model is able to
smooth over small areas of discontinuity, filling in “gaps” in
segmentations, and removing noise. In Figures 8(a) and 8(c),
the “holes” in the resulting PP segmentations do not manifest
in the CRF segmentations (Figures 8(b) and 8(d)) due to the
model’s holistic search for the best label field, rather than best
individual label. Additionally, while the PP model is already
fairly robust to occluding hair (Figure 8(e)), the CRF model
is even more robust, able to smooth over misclassifications
due to artifacts.

We also tested the stability of the CRF model with respect
to regularization and the hyperparameter σ2. Varying σ2 (to
assume values in the range [10−6, Inf]) had little effect on
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Figure 8: Comparing segmentations from our PP model (left) and CRF model (right). Since the CRF model relaxes the assumption of pixel
independence in the PP model, it is able to smooth over local discontinuities. The result is better segmentations which fill in “holes” and
remove “noise.”

performance of the model on this particular dataset. In spite
of the seemingly ineffectual nature of this parameter, we do
not remove it from the model since the emphasis of this work
is on general models for ASLD. The effect of σ2 in general
(over many tasks in ASLD) has yet to be determined.

While subjectively, the CRF model offers substantial
improvements; objectively, the CRF model is a marginal
improvement over the PP model. Figure 9 shows an ROC
curve comparing the CRF’s performance to that of the
PP model and previously published methods, and Table 1
summarizes the results.

5. Conclusions

In this paper, we have generalized several common problems
in ASLD into a single formulation. We also presented 2
probabilistic models capable of solving the formulation,
and described how supervised learning can be used to

determine all model parameters. Since the parameters for
the resulting models can all be determined automatically
from training data, it is hoped that these models can be
applied quickly and effectively to a variety of relevant tasks in
ASLD.

While both methods perform comparably to previously
published methods, the qualitative improvements realized by
CRF model aren’t reflected in the quantitative score. Unlike
the PP model, the CRF model does not assign labels to pixels
independently. Rather, the CRF model selects the best label
field to assign to an image. This allows the CRF model to
fill in “holes” and smooth out noise that would otherwise
appear.

The discrepancy between the objective and subjective
performance of the CRF model implies that our evaluation
metric (pixel-wise sensitivity and specificity) may be less
than ideal. Therefore, future work will explore the use of
alternate evaluation metrics [26, 27].
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Figure 9: ROC curve comparing our CRF model (diamond) to our
PP model (line) and 5 previously published methods.

Even though the models presented are competitive, there
are many potential directions in which they can be improved
upon even further. In our grid-structured CRF model, we
must resort to approximating the partition function due
to the computational complexity of calculating it exactly.
Imposing a tree-based structure over the image [25] would
enable the exact computation of the partition function via
dynamic programming and should lead to more reliable CRF
parameters. Replacing our gradient-based method for deter-
mining CRF parameters with a max-margin formulation
[13] is another possible way to increase the reliability of the
resulting parameters. We can also induce non-linearities into
the model by replacing the linear dimensionality reduction
step (LDA) with its nonlinear counterparts (i.e., KLDA [28]).
Finally, the use of semi-supervised learning techniques may
be used to decrease the cost of acquiring expertly annotated
datasets [29].
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We present a method based on generalized N-dimensional principal component analysis (GND-PCA) and a 3D shape normal-
ization technique for statistical texture modeling of the liver. The 3D shape normalization technique is used for normalizing liver
shapes in order to remove the liver shape variability and capture pure texture variations. The GND-PCA is used to overcome
overfitting problems when the training samples are too much fewer than the dimension of the data. The preliminary results of
leave-one-out experiments show that the statistical texture model of the liver built by our method can represent an untrained liver
volume well, even though the mode is trained by fewer samples. We also demonstrate its potential application to classification of
normal and abnormal (with tumors) livers.

1. Introduction

In the recent years, digital atlases of human anatomy have
become popular and important topics in medical image
analysis research [1, 2]. For interpretation of images of
structures and variations in the organs of the human body,
it is important to have a model of the way organ volumes can
be represented.

The digital atlas can be categorized as a statistical shape
atlas (statistical shape model) and a statistical appearance
(volume) atlas (statistical appearance (volume) model). The
statistical shape model focuses on the shape information,
such as feature points and volume surface [3]. It is a useful
tool for study of variations in anatomic shape and has
been widely used in medical image analysis, for example,
medical image segmentation [4–6] and shape registration
[7]. The statistical appearance model is focused on both
shape and texture (voxel intensity) information. Inspired
from the works of active shape models (ASMs) [3], the
authors of [5, 8] proposed 3D ASMs for construction of
3D statistical models for segmentation of the left ventricle
of the heart. In [9], the authors extended the work on
active appearance models (AAMs) [10], and propose the

use of 3D AAMs for the segmentation of cardiac MR and
ultrasound images. Also, work [11] was done to build
the 3D statistical deformation models (SDMs) for 3D
MR brain images. Radiologists are mainly depending on
the intensity variations (texture information) in livers on
medical images to identify modules or tumors and make a
diagnostic decision. However, there has been little research
on applications of digital atlas to computer-assisted diagnosis
(CAD). We have shown the potential application of statistical
shape models to the classification of normal and cirrhotic
livers [12]. Because many diseases will change the texture
(voxel value) of the organ significantly, we need to capture
not only shape variations, but also texture (voxel value)
variations. Compared to statistical shape modeling, statistical
texture modeling usually faces overfitting problems, and
the statistical texture modeling for medical volumes is a
challenging task because the dimensions of the medical
volume are very high, while the training samples are much
fewer than the dimensions of the data.

In our previous work, we have proposed a tensor-based
subspace learning method named generalized N-dimension-
al principal component analysis (GND-PCA) for statistical
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appearance modeling of medical volumes [13]. The high-
dimensional volume is treated as a 3rd-order tensor, and the
optimal subspace on each mode is calculated simultaneously
by minimizing of the square error between the original tensor
(volume) and the reconstructed tensor (volume), based on
the subspace with an iteration algorithm. As an improvement
on our previous work [13], we propose a framework for
capturing texture variations of the liver by using GND-
PCA together with a 3D shape normalization technique (a
nonrigid registration technique). The GND-PCA is used
to overcome the overfitting problem, and the 3D shape
normalization technique is used for normalizing liver shapes
to remove the liver shape variability and capture pure texture
variations. The leave-one-out experiments show that the
statistical texture model of the liver built by our method can
represent an untrained liver volume well, even though the
model is trained by fewer samples. The preliminary results
also show that the features extracted by the statistical texture
model have the capability of discrimination for different
types of volume data, such as normal and abnormal (with
tumors).

The rest of the paper is organized as follows. In Section 2,
we introduce our methodology. In Section 3, we present the
experimental evaluation of our approach after introducing
the datasets we used. Section 4 concludes the paper by
summarizing the main points of our contribution.

2. Methodology

Our proposed method for statistical texture modeling con-
sists of two steps: (1) employing a nonrigid transformation
for 3D shape normalization and (2) applying the GND-PCA
method for feature extraction. The basic scheme is presented
in Figure 1.

2.1. 3D Shape Normalization. In order to remove shape
variations, we apply a nonrigid transformation based on
mathematical forms for normalizing all of the datasets to the
same shape. This is because the mathematical nonrigid trans-
formations are simpler, and they can make the registration
faster. Additionally, we do not need to assume the physical
parameters, which are difficult to guess in practice. Hence, we
adopted the mathematical nonrigid transformation in our
research.

Here, we applied rigid transformation for global trans-
formation and B-spline transformation for local transforma-
tion. The combination of global and local transformations
can be represented by

T(x) = TGlobal(x) + TLocal(x), (1)

where x = [x, y, z]T is the coordinate of a 3D point.
A rigid transformation is expressed by

TGlobal(x) = Rx + t, (2)

where R is the rotation matrix which can be calculated from
the rotation angles θ = [θx, θy , θz]

T around each axis. t is the

translation vector t = [tx, ty , tz]
T along each axis. There are 6

parameters that should be estimated.

Input rough medical data
Segmentation

Pose registration

Liver volume data

volume data
Shape-normalized liver

Statistical texture
modeling for liver

Feature extraction

3D shape normalization

Preprocessing

Figure 1: Basic scheme of statistical texture modeling.

The local motion is described by cubic B-spline-based
free-form deformation (FFD) modeling [14, 15]. FFD is
based on locally controlled functions such as the B spline
and has been applied successfully to image registration. The
basic idea of FFD is to deform an object by manipulating an
underlying mesh of control points. B spline transformation
is defined on a regular mesh of control points with uniform
spacing. Let ρ = [ρx, ρy , ρz]

T be the spacing of the control
points along each axis. The coordinate of a control point can
be expressed by

ϕi j =
[
ϕijk,x,ϕijk,y ,ϕijk,z

]T = [
iρx, jρy , kρz

]T
, (3)

where i, j, k are the sequence number of the control
points. Given the coefficients (translations) of the control
points denoted as λi j = [λi jk,x, λi jk,y , λi jk,z]

T , the B-spline
transformation of a point x can be expressed by

TLocal(x) =
∑
i jk

λi jkβ
(3)

(
x − ϕijk,x

ρx

)
β(3)

(
y − ϕijk,y

ρy

)

× β(3)

(
y − ϕijk,z

ρz

)
,

(4)

where β(3)(a) is the third order cubic B-spline kernel. The
coefficients of the control points, λi jk, are the parameters of
the B-spline transformation.

The parameters of global and local transformation are
optimized separately [16]. We applied software in matlab
named nonrigid B-spline grid image registration toolbox
[17], which is based on FFD.

2.2. GND-PCA Method. Modeling for medical images is an
important task in medical image analysis. The principal
component analysis (PCA) method [18] is an efficient
method for building statistical appearance models. In the
PCA-based face representation and recognition methods, the
2D face image matrices must be previously transformed into
1D image vectors column by column [19]. Such an unfolding
process causes two problems; one is the huge calculation cost
and another is the poor performance to be generalized.
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To overcome these problems, a new technique called 2-
dimensional principal component analysis (2D-PCA) [20]
has been proposed, which directly computes eigenvectors of
the covariance matrix of the image without matrix-to-vector
conversion. It was reported that the recognition accuracy
with 2D-PCA on several face databases was higher than that
with conventional 1D-PCA. However, the main disadvantage
of 2D-PCA is that it needs many more coefficients than that
with 1D-PCA for image representation. A method called
generalized 2-dimensional principal component analysis
(G2D-PCA) [21] has been proposed for finding the optimal
basis for both row- and column-mode subspaces.

Recently, a method called N-dimensional PCA (ND-
PCA) was proposed for high-dimensional data analysis [22].
In this method, the high-dimensional data are treated as a
higher-order tensor which is directly trained to obtain the
bases on one mode subspace by higher-order singular value
decomposition (HOSVD) [23, 24]. This method was applied
to 3D scanning data. Because ND-PCA only compresses the
data on one mode subspace, it also suffered from the problem
that the data cannot be represented efficiently, similar to the
problem of 2D-PCA.

Inspired by the framework of generalized 2-dimensional
principal component analysis [21] and N-dimensional prin-
cipal component analysis [22], in our previous work, we
proposed a method called generalized N-dimensional princi-
pal component analysis (GND-PCA). The high-dimensional
data are treated as a series of higher-order tensors, and the
optimal subspace on each mode is simultaneously calculated
by minimizing the square error between the original tensor
and the reconstructed tensor based on the subspace with an
iteration algorithm.

Algorithm 1. GND-PCA is formalized as follows. Given a
series of the N-order tensors with zero means, Ai ∈
RI1×I2×···×IN , i = 1, 2, . . . ,M, M is the number of samples. We
hope to get another series of low-rank (J1, J2, . . . , JN ) tensors
A∗

i which accurately approximate the original tensors, where
Jn ≤ In. The new series is decomposed by the matrices
U (n) ∈ RIn×Jn with orthogonal columns according to Tucker’s
model [24], which is shown by

A∗
i = Bi×1U(1)×2U(2) × · · ·×nU(n) × · · ·×NU(N), (5)

where Bi ∈ RJ1×J2×···×JN are core tensors. An illustration of
reconstructing a third-order tensor by three orthogonal bases
is shown in Figure 2.

The orthogonal matrices U(n) can be determined by
minimizing the cost function as

C=
M∑
i=1

∥∥∥Ai −Bi×1U(1)×2U(2)×· · ·×nU(n)×· · ·×NU(N)
∥∥∥2
.

(6)

Supposing that the rank of the N matrices U(n) is known, we
use an iteration algorithm to obtain the N optimal matrices,

U(1)
Opt, U(2)

Opt, . . . , U(N)
Opt, which are able to minimize the cost

function C.

I1
I1

I2

I2

I3

I3

J1

J1

J2

J2

J3 J3

Bi
U(1)

Opt

U(2)
Opt

U(3)
Opt

Âi
×1

×2

×3

Figure 2: Reconstruction of a three-order tensor by the three
orthogonal bases of mode subspace.
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(Slice 30)

(a)

Abnormal dataset 2
(Slice 55)

(b)

Abnormal dataset 3
(Slice 72)

(c)

Abnormal dataset 4
(Slice 50)

(d)

Figure 3: Slices of abnormal datasets.

Here, each matrix U(n) contains a set of basis vectors.
An input sample can be calculated as a core tensor with the
benefit of U(n). This core tensor is the feature of the input
sample.

Details about GND-PCA can be found in [13].

3. Experimental Results

3.1. Datasets and Preprocessing Step. The dataset we used to
test the proposed method contains 23 abdominal CT scans
collected from 23 patients, taken under similar conditions of
illuminations and scanner setting. Each dataset obeys these
conditions: slice thickness 2.5 mm, pitch 1.25 mm, 256× 256
matrix, and 79 slices. This dataset contains 19 cases with
no radiologic finding (noted as normal) and 4 cases with
radiologic finding (noted as abnormal). Figure 3 illustrates
slices of abnormal datasets with tumors (red circles label the
tumor positions).
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(a)

(b)

Sample 1 Sample 4 Sample 19

Figure 4: Example of datasets (some slices). (a) Original datasets. (b) 3D shape normalized datasets.

(a) (b)

(c) (d)

Figure 5: 3D shape normalization processing (one slice from volume data). (a) Moved image. (b) Fixed image. (c) Shape normalized moved
image. (d) Inverse of 3D shape normalization.

The dimension of each sample is 256 × 256 × 79.
Initially livers are segmented manually from the datasets.
Then we apply a rigid registration [9] for position nor-
malization. Such pretreated datasets are noted as original
datasets. As we mentioned in the previous section, we also
apply a nonrigid registration to the dataset for both posi-
tion and shape normalization to remove shape variations.
The shape-normalized volumes are noted as 3D shape-
normalized datasets. Some original datasets and their 3D
shape-normalized data are shown in Figure 4.

3.2. 3D Shape Normalization Step. We show the effectiveness
of shape normalization in Figure 5. Here, Figure 5(a) is
one slice of moved-volume dataset, and Figure 5(b) is the

corresponding slice of fixed-volume dataset. Figure 5(c) is
the normalized slice of the moved volume dataset. In order
to show that 3D shape-normalization processing causes little
loss of texture information while interpolate the pixel values
for shape deformation, we apply 3D shape normalization to
the normalized moved-volume dataset again to transform
it back to the original shape. Comparison of the inverse
slice (Figure 5(d)) with the original slice (Figure 5(a)) shows
that 3D shape normalization processing keeps almost all
texture information. Thus, it is reasonable to apply 3D
shape normalization as a preprocessing step to remove shape
variations.

In our experiment, we chose the B-spline grid dimen-
sions as (26 26 8), and we randomly chose one dataset as
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(a) (b) (c) (d)

Figure 6: Reconstructed results for two slices of one test sample without shape normalization. (a) Original images. (b) Images reconstructed
with 10× 10× 4 basis by GND-PCA. (c) Images reconstructed with 100× 100× 40 basis by GND-PCA. (d) Images reconstructed by PCA
(eigenface method); all 15 available bases are used in the reconstruction.

(a) (b) (c) (d)

Figure 7: Reconstructed results for two slices of one test sample after shape normalization. (a) 3D shape-normalized images. (b) Images
reconstructed with 10×10×4 basis by GND-PCA. (c) Images reconstructed with 100×100×40 basis by GND-PCA. (d) Images reconstructed
by PCA (eigenface method); all 15 available bases are used in the reconstruction.
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the fixed volume and normalized the other dataset to the
same shape.

3.3. Modeling for Generalization. The proposed GND-PCA is
applied to both original and shape-normalized datasets. The

leave-one-out experiment is done to test the generalization
ability of GND-PCA. As a small number of abnormal
datasets of the liver, we randomly used 15 datasets to
learn the optimal subspaces, and of the others the one left
untrained was used as an input. Typical results are shown
in Figures 6 and 7. The test volume was reconstructed
from 10 × 10 × 4 and 100 × 100 × 40 mode-subspace
bases by GND-PCA, respectively. Figure 8 illustrated that the
reconstructed images were improved by an increase in the
subspace basis. In spite of having very few samples, we still
could obtain an almost perfect reconstruction with 100 ×
100× 40 basis. In order to make a comparison, we also show
the reconstructed results by the conversional PCA (eigenface)
method in Figures 6(d) and 7(d), which show that the quality
of the reconstructed results are not satisfied even though the
entire 15 available bases are used for reconstruction because
of overfitting.

The normalized correlations between the original vol-
ume and the reconstructed volume are shown in Figure 8.
Compared with in the case of the original dataset, the
datasets can be represented by a small number of bases in
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Table 1: Euclidean distances of features.

Original data 3D shape-normalized data

ED ED-LDT ED ED-LDT

LDT 26984 0 13817 0

Normal dataSet 1 29101 2117.5 13339 −477.55

Normal dataSet 2 20394 −6589.4 8474.4 −5342.3

Normal dataSet 3 16811 −10173 11872 −1944.7

Normal dataSet 4 21584 −5399.6 9432.6 −4384

Abnormal dataSet 1 25896 −1087.8 18400 4583.8

Abnormal dataSet 2 29633 2649.2 17314 3497.1

Abnormal dataSet 3 23303 −3680.3 16502 2685.6

Abnormal dataSet 4 30405 3421.6 19241 5424

LDT

LDT LDT

LDTLDT

Bcenter

Bcenter

Bcenter

BcenterBcenter

Training Testing

Input a testing

normal data,

Input a testing

abnormal data,

True

True

False

False

Figure 9: The rule for judging a test sample as normal or abnormal (2D case as example).

the case of shape-normalized dataset because the subspace
contains only texture variations.

3.4. Modeling for Discrimination. Next, we introduce a sim-
ple experiment to show that the features extracted by our
methods have the capability for discrimination. We used
only 15 normal datasets for training and left the other 8
datasets for testing. The testing samples included 4 normal
datasets and 4 abnormal datasets. After we obtained the
optimal subspace by the GND-PCA method, each sample
was represented by a core tensor. The core tensor is a feature
of the sample and is noted as Bi. We also calculate the mean
feature of all of the training datasets and noted it as BCenter.
Here, the dimension of the core tensor is 100× 100× 40.

The Euclidean distance (ED) is applied to the calculation
of the distance between Bi and BCenter. Table 1 shows the
ED for all the testing samples. Compared with those in
the original datasets, the distances decreased in the shape-
normalized dataset’s experiments. We demonstrated that
shape variations are removed by 3D shape normalization.

Next, we showed how to identify the normal datasets
and abnormal datasets. The features captured by our method

are tensor formed; they can be flatten as high-dimensional
vectors. In order to separate the features into two classes:
normal and abnormal, we need to find a high-dimensional
hyperplane. It is difficult to describe the hyperplane in high-
dimensional space; we use Figure 9 as a 2D case to show how
to find a hyperplane. Compared with the normal datasets,
abnormal datasets have some significant parts in texture.
If we do not consider the effect of shape, the significant
parts caused a higher value of ED for abnormal datasets
because we only used normal samples for training. We used
the largest ED of the training sample (LDT), which is also
shown in Table 1, as a boundary of normal and abnormal for
classification. Table 2 gives the classified results for two kinds
of dataset experiments. It demonstrates that the features
extracted by our method have better performance for
discriminations between the normal and abnormal classes.

4. Conclusion

In this paper, we developed a statistical texture model-
ing method for medical volumetric images based on 3D
shape normalization and GND-PCA. We first propose to
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Table 2: Classification result.

Class Test sample number Correct classified number Accuracy

Original data experiment
Normal 4 3 75%

Abnormal 4 2 50%

3D shape normalized data experiment
Normal 4 4 100%

Abnormal 4 4 100%

use a 3D shape normalization technique to normalize all
volume datasets to the same shape to obtain the 3D shape-
normalized datasets, which can be considered to contain only
the texture variations. Then we trained them to construct the
statistical model only for texture by GND-PCA method for
application to liver volumes. Reconstruction results show a
good performance on generalization by using our proposed
method. We also designed a simple experiment to identify
different types of data with corresponding features, such
as normal and abnormal, which proved that the proposed
model can be used for computer-assisted diagnostics of liver
disease. In the future, we will test our method with more
datasets for classification and use our method in practical
applications.
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This paper proposed a novel algorithm to sparsely represent a deformable surface (SRDS) with low dimensionality based on
spherical harmonic decomposition (SHD) and orthogonal subspace pursuit (OSP). The key idea in SRDS method is to identify
the subspaces from a training data set in the transformed spherical harmonic domain and then cluster each deformation into
the best-fit subspace for fast and accurate representation. This algorithm is also generalized into applications of organs with
both interior and exterior surfaces. To test the feasibility, we first use the computer models to demonstrate that the proposed
approach matches the accuracy of complex mathematical modeling techniques and then both ex vivo and in vivo experiments
are conducted using 3D magnetic resonance imaging (MRI) scans for verification in practical settings. All results demonstrated
that the proposed algorithm features sparse representation of deformable surfaces with low dimensionality and high accuracy.
Specifically, the precision evaluated as maximum error distance between the reconstructed surface and the MRI ground truth is
better than 3 mm in real MRI experiments.

1. Introduction

Organ deformation during operations has imposed substan-
tial challenges for performing precise diagnosis and surgery
in minimum invasive surgery (MIS), such as natural orifice
transluminal endoscopic (NOTES) [1]. The deformation
markedly decreases the precision of the prior surgical plan
that is based on the preoperative images (e.g. computed to-
mography (CT) or magnetic resonance imaging (MRI)), so
it must be effectively compensated to lower surgical risks.
However, this is not a trivial task due to the high degree of
freedom of the 3D nonrigid deformation and limited field
of view [1] for observation during MIS. To recovery, the 3D
deformation with high resolution in real time, a critical issue
is to seek an efficient representation of deformable surface,
according to which the sampling and surface recovery strat-
egy can be designed for updating the 3D visualization. This
paper focuses on the topic of block sparse representation of
deformable surfaces. The later topic of real time tracking an
deformable organ with limited access to the organ is explored
further in [2–4].

Various techniques have been proposed for surface de-
scription, and each has its own advantage and disadvantage
according to the application requirements. Broadly speaking,
there are two major categories of surface representation
methods: local feature-based models and global or para-
metric models. The work in [5] based on geometric partial
differential equations (PDE) belongs to the former category
which derives Euler-Lagrange equation and then a geometric
evolution equation (or geometric flow) to describe the
surfaces. Similarly, the method in [6] treats the whole surface
as a union of localized patches. Global surface representation
methods [7–10], particularly, decomposing surfaces into
other primitive shapes, are more appropriate for shape
analysis and classification due to the lower dimensionality
of the parameter space. This paper falls into the category of
parametric global surface description.

Parametric surface representation describes a surface in
a single functional form, such that the surface is fully char-
acterized by a set of parameters in a particular domain.
Surface harmonics such as spheroidal harmonics, cylindrical
harmonics, and spherical harmonics (SH) [7] are widely
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used as building blocks for global surface description. Each
harmonic does not bear localized features but contributes to
the entire shape description. Among those different types of
harmonics, a well-known approach is the spherical harmonic
decomposition (SHD), which has advantages of smoothness
and high accuracy [7, 11]. With proper parameterization
[11, 12], any genus-0 surface (The genus of a connected
surface is an integer representing the maximum number of
cuttings along nonintersecting closed simple curves without
rendering the resultant manifold disconnected. It is equal to
the number of handles on it, so a sphere is genus 0 and a
torus is genus 1.) can be analyzed in the harmonic domain
with reduced data dimensions. SHD has been widely used
in applications related to surface description, including static
modeling of kidney [8] and brain [9, 10], as well as spatial-
temporal modeling of left-ventricular with known motion
period. In [13], hemisphere is also applied to open surfaces.

Sparse signal representation has steadily gained attention
over the years in the signal processing community. The aim
is to find a representation which is sparse, or compact, such
that most of the energy of a signal can be captured with
only a few nonzero coefficients in a given dictionary. The
first widely applied methods to seek sparse representation are
greedy approaches, including matching pursuit (MP) [14],
orthogonal matching pursuit (OMP) [15], and orthogonal
least square (OLS) [16]. Those methods iteratively first
select the most correlated element from dictionary and then
remove the contribution of that element with decorrelation,
before finding the next atom. Iteration terminates when any
stopping criteria is met. The second type is global optimiza-
tion algorithms, such as Basis Pursuit (BP) [17], FOCUSS
[18] and Iterative Thresholding [19]. Global Optimization,
in the approximate sense, relaxes the sparseness constrain,
and its sparsity is a side-effect of the optimization. For exam-
ple, the basis pursuit (BP) method approximates the l0-norm
sparsity constraint with an l1-norm criteria, which effectively
converts the problem into a convex optimization one, solved
globally with linear programming. The orthogonal subspace
pursuit (OSP) method [20] used in our paper belongs to the
greedy category, which does not require prior knowledge of
the dimension of the subspaces and combines the learned
subspaces to produce a data-driven dictionary with good
sparseness and generalizability.

Besides sparse decomposition algorithms as mentioned
above, an equally important issue for sparse representation is
how to select a dictionary for an application. The two main
groups for dictionary design methods are structured dic-
tionaries built out of common bases, and trained dictionaries
that are inferred from the training data. For the common
bases, it is well known that the wavelet transform can be
used to generate sparse multiscale representations of im-
ages, the short-time Fourier transform (STFT) generates
sparse time-frequency representation of speech signals, and
the DCT is another transform that has been used for
compression in audio coding algorithms due to its good
compaction property. For dictionary learning, the applicable
approaches include maximum likelihood estimation (MLE)
[21], method of optimal directions (MOD) [22], maximum
a-posteriori (MAP) [23], and so forth. Those methods

attempt to generalize the type of considered signal with the
basis identified from a representative training data set. The
proposed approach is based on trained dictionary, since, to
the best of our knowledge, there is no common basis in which
random surfaces can be sparsely represented.

Although sparse representation has been widely applied
in the fields of signal compression, image denoising, blind
source separation, and compressed sensing, there is still very
limited application in 3D surfaces [24]. In fact, the main
statistically motivated surface modeling methods are based
on principle component analysis which is not sparse [25–29].
Those methods first compute the mean shape and then build
the model by establishing legal variations learned from a set
of training data for a given type of images, such as bone [25].
With PCA, the major variations of the shape populations are
described by the first few basis vectors, such that any surface
of that shape population can be projected into an orthogonal
subspace spanned by the retained vectors. More advanced
techniques, such as multiresolution deformable model [27],
are provided to improve the accuracy considering limited
sample size.

Most of the previous surface modeling/representation
works are designed for either static models [8–10], or
particular deformable organs with known physical properties
(such as motion cycle) [30]. Further, computation bottleneck
caused by large spherical harmonics basis hampered the
applicability for real-time application. For PCA-based mod-
eling methods, the resulting space that captures the variation
in the population is either a super subspace including all
training data or a truncated subspace with sacrificed gen-
eralization. In addition, PCA tends to be computational
expensive when performing eigenvector decomposition as
training data dimension increases, and it does not lead to any
structure in the representation.

To bring the demonstrated merits of sparse coding to
3D surface representation, we propose a generally applicable
algorithm of parametric sparse representation of deformable
surfaces based on SHD and orthogonal subspace pursuit. The
main contributions of this paper include the following.

(i) Propose an algorithm of sparse representation of de-
formable surfaces.

(ii) Generalize the representation approach for organs in-
volving both interior and exterior surfaces.

(iii) Present evaluation results conducted using computer
models, ex vivo experiments based on 3D MRI scans
of freshly excised porcine kidneys, and in vivo cardiac
MRI scans of real patients.

This paper is organized as follows: in Section 2, we de-
scribe the proposed algorithm of sparse representation of
deformable surface, denoted as SRDS thenceforth. Section 3
presents some experimental results using finite element
model (FEM) data, ex vivo and in vivo experimental data.
Finally, in Section 4, we finish with a few conclusions.
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2. The SRDS Algorithm

The SRDS algorithm consists of three main steps to achieve
sparse representations of deformable surfaces, as outlined
in Figure 1. Initially, SHD is performed to depict the
deformable surfaces in the training set in the harmonic
domain. Then OSP is applied in the transformed domain
to identify the subspaces in which the SH coefficient vectors
of the deformations can be linearly represented. Finally,
each deformation is clustered to the proper subspace and
represented with the corresponding coefficient vector with
block sparsity. This representation method is also extended
to organ deformations occurred on both interior and exterior
layers as described in Section 2.4. Furthermore, as a practical
issue, pixel-wise surface alignment among all the 3D surfaces
is also addressed in Section 2.5.

2.1. Step 1: SHD. Spherical harmonics are solutions to La-
place’s equation expressed in the spherical coordinate system,
defined as

Ylm
(
θ,ϕ

) = (−1)m
√

2l + 1
4π

√
(l −m)!
(l + m)!

Plm(cos θ)eimϕ, (1)

where θ is the polar angle within [0, π], ϕ is the azimuthal
angel within [0, 2π), l is the harmonic degree within [0, +∞],
and m is the harmonic order varying in [−l, l]. Plm is the
associated Legendre function. After proper parameterization
[11, 12], a 3D surface x with finite energy can be expanded
with SH series as

x
(
θ,ϕ

) = ∞∑
l=0

+l∑
m=−l

flmYlm
(
θ,ϕ

)
. (2)

Each harmonic coefficient flm is calculated using the inner
product of the function x(θ,ϕ) and basis Ylm(θ,ϕ)

flm =
∫ 2π

ϕ=0

∫ π

θ=0
x
(
θ,ϕ

)
Ylm

(
θ,ϕ

)
sinθ dϕdθ. (3)

Assume that harmonics up to level L (l ≤ L) are involved
in the transformation. Let Y denote the matrix composed
of all (L + 1)2 discretized harmonics, so Y has the following
formation:

Y =
∣∣∣−→Y 0,0

−→
Y 1,−1

−→
Y 1,0

−→
Y 1,1 · · · −→Y L,L

∣∣∣
N×(L+1)2 . (4)

Then a surface can be represented in the matrix format as

x = Y
−→
f , (5)

where x stands for a surface with N samples and−→
f = [ f0,0 f1,−1 f1,0 f1,1 · · · fL,L]T is the harmonic

coefficient vector. Notice that this equation is not exactly
equal but approximately. For simplicity, we still use equal
sign with least square estimation in this paper. The linear
problem in (5) can be solved with the least square (LS) con-

straints outputting
−→
f

−→
f =

(
YTY

)−1
YTx. (6)
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coefficients
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data

Coefficients
abstraction (SH)

X = YF

X = GC

Subspace pursuit
and pruning (OSP)
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D = ∩J
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{−̃→ck} for m = 1 · · ·M

X = [x1 · · · xK ]

Figure 1: Flowchart of SRDS algorithm consists of three steps spec-
ified in the solid rectangulars; ellipsoids denote data input and
output.

Perform SHD for each of the K training deformed sur-
faces in X = {xk}Kk=1, so the group of deformations can be
described by matrix F

F =
∣∣∣−→f 1

−→
f 2 · · · −→f K

∣∣∣
(L+1)2×K . (7)

Consequently, the training set of deformations can be totally
characterized by columns in F as

X = YF. (8)

2.2. Step 2: Subspace Identification with OSP. The aim of
the second step is to explore the structures in those training
deformations in the transformed harmonic domain and rec-
ognize the inherent subspaces in which the SHD coefficient
vectors of the training deformations can be projected with
high accuracy. The newly developed OSP algorithm [20]
is adopted since it features better generalization and less
computational cost compared to the gold standard K-SVD
algorithm [31]. OSP is an iterative process that terminates
when one of the predefined criteria is met. In this paper,
we specify the following two stopping criteria: (1) an error
threshold for ε subspaces selection and (2) a maximum
number of iterations Emax for both controlling the subspace
dimensions and avoiding deadlock searching. Further, the
threshold for vector clustering is denoted as η, that is, we
declare that a vector lives in a subspace if it can be projected
to that subspace with error (l2 distance) no larger than η.

A. Subspace Pursuit. Initially, each vector
−→
f k of length

(L + 1)2 in F is normalized by l2 norm. For convenience, we
still use F to denote SH coefficient matrix even after nor-
malization. The algorithm first identifies a subspace from F
based on the stop criteria, then finds all the vectors in F that
can be represented in that subspace with error level below
η and remove those vectors from F to prepare for the next
subspace pursuit. The process can be generalized as follows,
in whichA⊗B means that elements from B are excluded from
A, and A⊕ B stands for inclusion.
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(1) Initialization: i = 0, D = ∅, F0 = F,

(2) Subspace searching and clustering

(i) i = i + 1; choose a vector
−→
f i from Fi (e.g. first

column of Fi) and let Fi = Fi−1 ⊗ −→f i to remove−→
f i.

(ii) Find ni vectors from F′ = F⊗−→f i for represent-

ing
−→
f i with error no larger than ε within Emax

iterations and the ni vectors form Si.
(iii) Perform SVD decomposition on Si: UΣVT =

Si; let Ai contain the first ni vectors of U ; update
D = D⊕ Ai.

(iv) Select vectors from Fi that can be represented by
Ai with error no larger than η, and then remove
them from Fi.

(v) Repeat above steps until all the vectors are
clustered.

B. Subspace Pruning. One disadvantage of the traditional
OSP algorithm is the presence of “spurious” or redundant
subspaces especially as the dimension of the training data set
increases. Those subspaces identified in the earlier iterations
actually can be better represented by the later identified
subspaces. Therefore, a postprocessing step is used to identify
and then discard the redundancy among the subspaces
without decreasing the performance. This is implemented by
repartitioning the training data among the initial subspaces
and then eliminating subspaces in which very few or no
vector is clustered. In some cases, where the subspace size
is limited to some constraint, an optimization step can be
applied in conjunction with the pruning step. The details of
the subspace optimization design is described in [20].

C. Matrix F Factorization. After identifying the inherent sub-
spaces, the coefficient matrix F of training set can be parti-
tioned into two-part union of subspaces and corresponding
coefficients via the following procedures.

Since each vector
−→
f k has been clustered into the belong-

ing subspace during the subspace identification process, the

corresponding coefficients for each
−→
f k can be obtained

accordingly. Suppose that
−→
f k lives in subspace Ai which

is spanned by ni orthogonal basis, so its corresponding
coefficients −→c k can be calculated using LS estimator

−→c k =
(

AT
i Ai

)−1
AT
i

−→
f k. (9)

Then
−→
f k can be characterized by −→c k in its subspace

−→
f k = Ai

−→c k. (10)

If there are totally J subspaces identified from F, a
structured dictionary constructed by concatenating all defor-
mation subspaces is established as D = ⋃J

i=1{Ai}, with

dimension I = ∑J
i=1 ni. Since each vector

−→
f k lies in one of

the subspaces,
−→
f k can also be represented in the structured

dictionary with a block sparse vector {−̃→c k}, which is obtained

via extending the coefficients {−→c k}Kk=1 by zero padding in
positions corresponding to other subspaces in D. Figure 2
provides an example of 3 subspaces to illustrate the sparsity

of coefficient vector −̃→c 1. If
−→
f 1 lies in subspace A2 which are

spanned by the 5th, 6th, and 7th columns in D, then −̃→c 1 has
nonzero values only at index of 5, 6, and 7. Consequently, F
can be factorized as

F = DC, (11)

where C = |−̃→c 1
−̃→c 2 · · · −̃→c K |I×K is the corresponding

coefficient matrix with block sparsity.

2.3. Step 3: Structured Sparse Surface Representation

A. Sparse Representation of Training Surfaces. Integrating
the subspace pursuing results in the harmonic domain
in (11) with the initial SHD process in (8), the training
deformations X can be sparsely represented in the original
spatial domain as

X = YDC

= GC,
(12)

where G = YD with size of N × I is the desired structured
dictionary in the spatial domain. Since D = ⋃J

i=1{Ai}, G is
inherently structured by subspaces of G = ⋃J

i=1{Gi} with
Gi = YAi of size N × ni.

Up to this point, with matrix G that captures the
deformation features in the considered population, each
training deformation xk in X can be fully characterized by

a sparse coefficient −̃→c k as

xk = G−̃→c k. (13)

The sparsity of −̃→c k has already been illustrated in Figure 2.

B. Sparse Representation of Testing Surfaces. For the testing
deformations beyond the training set, we utilized the fact that
the dictionary identified from an extensive training data fea-
tures good generalization such that any deformation of that
particular population can be represented in the subspaces
with high accuracy. This is justified because organs only
deform in limited ways due to their mechanical properties, so
the deformation variations can be fully learned from a train-
ing data set. This applied structure allows fast deformation
representation in subspaces of low dimensionality.

The testing set is denoted as H = {hm}Mm=1, where
M is the number of deformations to be represented. The
straightforward strategy is to find a best-fit subspace for hm

by projecting it to every subspace {Gi}Ji=1 and choose the
subspace with minimal projection error. Since the number
of subspaces J and the dimension of each subspace {ni}Ji=1
are both small with the postprocessing of subspace pruning,
this best-fit strategy still results in low computational cost.
However, when the number of subspaces is too large, an
alternative threshold approach can be applied by finding
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×
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coeffs

A1 A2 A3

=

D
−̃→c1

Figure 2: Sparsity of coefficient vector −̃→c 1.

a subspace Gi in which hm can be represented with an
error level smaller than η. The former best-fit method is
implemented in Section 3 for performance validation.

Suppose that Gi∗ is the chosen subspace, so coefficient
vector −→c m can be estimated with LS as

−→c m =
(

GT
i∗Gi∗

)−1
GT

i∗hm. (14)

Then block sparse vector

−̃→c m = [0 0 · · · −→c m · · · 0 0 0] (15)

is obtained according to the rules described in Section 2.2.

Further, the sparsity of −̃→c k or −̃→c m can be increased by
trimming off nonzero elements with absolute value lower
than a given threshold δ.

It is worth noting that, different from the traditional
learning approaches relying on orthogonal least square
(OLS) [32] or matching pursuit (MP) [33] algorithms which
select atoms from the training set and recombine them for
representing each surface in the testing set sparsely, our SRDS
algorithm avoids this heavy overload caused by reshuffling all
the atoms. Instead, we apply the block structure of the dic-
tionary learned from a representative training data set. This
essentially enables the representation of each deformable
surface compactly and sparsely with high accuracy and low
computational cost.

2.4. Extended Sparse Surface Representation. For an organ
with both interior and exterior surfaces, such as bladder,
deformations can take place on both layers. The above theory
can be extended to achieve sparse surface representation for
deformations occurred on both interior and exterior wall of
the object.

Initially, spherical parameterization is conducted on in-

terior and exterior parts separately. We denote −→x in
k and−→x ex

k (1 ≤ k ≤ K) as the corresponding interior and exterior

of each training surface −→x k. Then each pair of −→x in
k (with N1

vertices) and −→x ex
k (with N2 vertices) can be approximated by

spherical harmonic basis as

−→x k =
⎡⎢⎣−̂→x in

k

−̂→x ex
k

⎤⎥⎦ =
⎡⎣Yin O

O Yex

⎤⎦ ·
⎡⎢⎣−→f

in

k

−→
f

ex

k

⎤⎥⎦ (16)

where Yin of size N1 × (L + 1)2 and Yex of size N2 ×
(L + 1)2 denote the spherical harmonic basis for inner
and outer surfaces, respectively. L is the highest degree of

harmonics included.
−→
f

in

k and
−→
f

ex

k are the corresponding
harmonic coefficient vectors. Therefore, each deformation

is represented by vector
−→
f k =

[ −→
f

in

k−→
f

ex

k

]
, and all K training

frames can be characterized by F = ⋃{−→f k}Kk=1 as

X = YF =
⎡⎣Yin O

O Yex

⎤⎦
⎡⎢⎣−→f

in

1 · · ·
−→
f

in

K

−→
f

ex

1 · · ·
−→
f

ex

K

⎤⎥⎦. (17)

The following procedures of subspace identification and
sparse surface representation as described in Sections 2.2
and 2.3 can be applied straightforwardly. After identifying J

subspaces D = ⋃J
i=1{Ai} from SH coefficient matrix F, each

training deformation can be sparsely represented with block

sparse coefficient vector −̃→c k as:

−→x k =
⎡⎢⎣−̂→x in

k

−̂→x ex
k

⎤⎥⎦ =
⎡⎣Yin O

O Yex

⎤⎦D−̃→c k

= G−̃→c k = Gi
−→c k,

(18)

where Gi =
[

Yin O
O Yex

]
Ai is the subspace with size of (N1 +

N2) × ni, and G = ⋃J
i=1{Gi} is the desired structured

dictionary. Accordingly, −̃→c k is the block sparse vector, and−→c k is the nonzero coefficient values in the selected subspace.

2.5. Surface Correspondence. Similar to other surface mod-
eling methods [25, 27, 28], the proposed approach requires
point-wise correspondence across difference surfaces besides
rigid registration [34]. Specifically, this point-to-point align-
ment is established, such that an identical spherical param-
eterization can be applied in the SHD procedure. Figure 3
illustrates the goal of surface correspondence. Same colored
vertices on deformation 1 and 2 indicate a matched pair.
After established correspondence of the point pairs over
the two deformations, vertices on deformation 2 can be
numbered in the same order as deformation 1.

Different correspondence methods have been proposed,
such as minimum description length [35], SH-coefficient
alignment [36], and so forth. We applied the SH based
method [36] in this paper as well as ray-casting method for
simple surfaces. The former SH-based method is based on
the underlying fact that two points with the same parameter
pair when mapped to a sphere are considered to be a
corresponding pair. Therefore, it fixes parameterization of
the template and rotate the other to optimize the surface
correspondence by minimizing the root mean squared
distance of the two SH coefficient vectors. The latter ray-
casting method is introduced in the following section.

2.5.1. Point Correspondence with Ray Casting. For surfaces,
if unique intersection exists between a ray starting from its



6 International Journal of Biomedical Imaging

300
28

1

(a)

110

3
50

(b)

1

28 300

(c)

Figure 3: Surface correspondence: (a) vertex index on deformation
1, (b) vertex index on deformation 2 before correspondance, (c)
corresponding vertex index on deformation 2.

object center and the surface, a ray-casting method can be
applied to obtain sample pairs across all the deformations.
For illustration, Figures 4(a) and 4(b) depict two different
cases of ray-surface intersection in the simplified 2D space.
In Figure 4(a), there is only one intersected point (p1 for ray−→r1 , and p2 for ray −→r2 ) between each ray and the deformed
surface S1. By contrast, Figure 4(b) gives an example when
multiple intersections (p1, p1′, p1′′ for ray −→r1 and p2 for ray−→r2 ) are involved between rays and the surface S2.

If the condition of single ray-surface intersection applies,
deformations can be resampled through the following steps
to achieve point correspondence.

(i) Construct an icosahedron of W vertices with radius
large enough to embrace the largest deformation
volume among those under consideration; larger W
results in denser samples to maintain the local details
but incurs more computational cost.

(ii) Align the center of the 3D surfaces to the origin of
icosahedron such that rays casting from the origin
can intersect with the surface.

(iii) For each ray segment originated from the center to
a vertex on the icosahedron, find the triangle on the
surface mesh that intersects with the segment and use
that intersected point as new surface sample.

Figure 4(c) illustrates the desired sample pairs as
(p1,1, p2,1) and (p1,2, p2,2) over two deformations S1 and S2.
This resampling process also establishes a one-to-one map
between a point on the object and a point on the sphere
(icosahedron), which naturally meets the purpose of spheri-
cal parameterization. As a result, point-wise correspondence
can be achieved across all the resampled surfaces, and a
uniform spherical harmonic matrix Y can be applied. As an
example, Figures 5(a) and 5(b) compare an original kidney

surface with the corresponding resampled surface. We can
see that ray-casting procedure well maintains the shape.

3. Experiments

Three types of experiments are conducted to demonstrate the
feasibility of the proposed SRDS algorithm. The computer-
generated FEM data is first used to demonstrate that the
SRDS approach matches the accuracy of complex mathe-
matical modeling techniques, then an ex vivo experiment is
conducted using 3D MRI scans of porcine kidneys for eval-
uation in practical settings, and finally in vivo experiment is
carried over dynamic cardiac MRI scans for evaluation in real
patients.

3.1. Experiment with FEM Data. Three representative organs
are employed in this FEM experiment: 3D cortical mesh as
an example of complicated shapes, gallbladder as an instance
with geometrically simple shape, and bladder consisting of
both interior and exterior walls.

3.1.1. Computer Model Setup. The initial 3D models of dif-
ferent organs are fed into a FEM-based surgical simulation
tool to generate deformation data for testing. For instance,
Figure 6 demonstrates two examples of shape distortions
due to the endoscope poking and grasping one side of the
gallbladder.

Table 1 lists the FEM experimental setup of the three or-
gans including number of vertices N , SH level L, number of
deformations for training K , and testing M. “GBL” stands
for gallbladder in all the tables. The maximum SH level
used for brain model is chosen according to [9], and the
levels for gallbladder and bladder are determined when the
SHD representation error is below 0.1% (EOF). The complex
brain structure requires more vertices and higher SH level
for surface representation to achieve sufficient accuracy. To
evaluate the representation precision qualitatively, an eval-
uation parameter EOF is defined as the normalized Euclidean
distance between the original surface and the reconstructed
surface

EOF =
∥∥x̂k − xk

∥∥
2

‖xk‖2
. (19)

All surfaces are centered to the origin of the coordinate
system so that EOF will not be heavily affected by the de-
nominator.

3.1.2. Results. With the FEM data, the proposed SRDS al-
gorithm is evaluated from three perspectives: (1) subspace
dimensionality, (2) sparsity and accuracy of representations,
and (3) the effect of subspace pursuit threshold ε and co-
efficient truncation threshold δ on the performance. The

sparsity is defined as the l0 norm of the coefficient vector −̃→c m.

A. Training Results. During training stage, we set ε = 0.005
for subspace detection, η = 0.01 for clustering, Emax =
50 as the maximum iteration times, and δ = 0.005 for
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Figure 4: Ray casting sampling: (a) unique ray-surface intersection, (b) multiple ray-surface intersections, and (c) ray casting on two de-
formed surfaces.

(a) (b)

Figure 5: Resample with ray casting (a) original surface of kidney,
(b) resampled surface of kidney.

(a) (b)

Figure 6: Gallbladder deformation generated by surgical simulator:
(a) and (b) are distortions caused when the endoscope pokes and
grasps the gallbladder.

coefficient truncation. Subspaces on X , Y , and Z axis are
identified separately. Table 2 shows that the subspace number
J and dimensions of resulting dictionary (dim(G) = I) are
markedly small relative to N or L2 in all three tests. We
notice that the subspace dimensions of brain are relatively
smaller than the other two. This is because of smaller training
data size and minor extent of deformation considered in the
brain experiment, which results in smaller dictionary size to
capture the deformation features.

B. Sparsity and Accuracy Evaluation. Sparsity is examined
in terms of (μ/σ), where μ is the average l0 norm of the

coefficient vector −̃→c k (training) or −̃→c m (testing) and σ is
the corresponding standard deviation. To verify that whether
our method achieves equivalent sparsity and precision when
applying the structure of the dictionary, we also test the
case without relying on any structure learned from training
set, during which sparse representation of each deformation
in the testing set is repursued from the training set using

Table 1: FEM Model setup.

Vertices N SH level L Training K Testing M

Brain 40962 80 35 35

GBL 3038 25 250 114

Bladder N1 = 4434, 30 74 46

N2 = 4274

Table 2: Dimension of dictionary (J/I).

Brain GBL Bladder

Subspace on X (J/I) 2/13 2/39 1/37

Subspace on Y (J/I) 2/6 2/48 1/30

Subspace on Z (J/I) 1/3 1/42 1/34

Table 3: Sparsity (μ/σ) and accuracy evaluation.

X (μ/σ) Y (μ/σ) Z (μ/σ) EOF (%)

Brain train (SRDS) 3.1/0.2 3.4/0.9 3.0/0.2 1.31

Brain test (SRDS) 3.5/0.5 3.9/0.4 3.0/0.0 1.32

Brain test (OSP) 4.1/0.6 4.5/0.5 3.9/0.8 1.30

GBL train (SRDS) 25.8/12.2 4.8/1.8 32.3/7.3 0.13

GBL test (SRDS) 33.2/1.0 44.1/1.1 40.8/1.3 0.15

GBL test (OSP) 44.4/4.0 48.3/2.3 43.9/4.5 0.13

Bladder train (SRDS) 24.1/3.7 20.8/2.9 24.8/4.0 0.076

Bladder test (SRDS) 24.6/2.7 21.0/2.5 25.6/3.2 0.073

Bladder test (OSP) 22.5/4.3 16.3/6.5 23.0/5.2 0.070

OSP approach. In the following tables, we use “OSP” to
refer to the results obtained using such a repursuing process.
Table 3 summarizes the sparsity of the SRDS representation
of three organs for both training and testing set. It illustrates
that the number of atoms needed for representing the
complex deformations is much smaller than the dimension
of spherical harmonic vectors ((L + 1)2), and particularly the
sparsity and accuracy via SRDS is very close to that from OSP
repursuit for the testing deformations, which indicates the
good generalization of the structured dictionary.

The reconstruction error in terms of EOF is further
compared with that from standard SHD method, as shown
in Figure 7. In general, the accuracy of SRDS is equivalent



8 International Journal of Biomedical Imaging

Training Testing

Methods (brain)

E
O

F
(%

)

0

0.5

1

1.5

(a)

Methods (gallbladder)

Training Testing

E
O

F
(%

)

0

0.1

0.2

(b)

Methods (bladder)

SH
SRDS

Training Testing

E
O

F
(%

)

0

0.05

0.1

(c)

Figure 7: EOF of brain, gallbladder, and bladder reconstruction
with SHD and SRDS methods. The left pair is for training set; the
right pair is for testing set.
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Figure 8: Dimension I of trained dictionary G decreases on all three
axis as ε increases.

to that of SHD method. Specifically, it shows that the SRDS
method achieves average EOF of 1.32% (brain) and 0.14%
(gallbladder) versus 1.29% (brain) and 0.13% (gallbladder)
with SHD method. For bladder model with deformations on
multiple layers, the overall representation error with SRDS
is 0.07%, very close to 0.06% with SHD. Figures 11 and
12 show typical reconstructed deformations of the testing
data for the three organs with SHD and SRDS methods.
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Figure 9: Sparsity (μ) of surface representation changes with dif-
ferent ε on three axis: (a) is for training set; (b) is for testing set.
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Figure 10: EOF of gallbladder reconstruction increases as ε gets
larger for both training and testing sets.

Figures 12(e) and 12(f) demonstrate the interior and exterior
representation of the bladder at a same time instance. From
those results, we can see that the SRDS algorithm achieves
the accuracy equivalent to complex mathematical modeling
techniques while significantly lowers the representation di-
mensionality.
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Figure 11: Reconstructed brain deformations using SHD approach: (a) is the initial brain shape and the circle marks one typical area under
deformation, (b)–(e) are the reconstructed brain deformations.
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Figure 12: Reconstructed brain deformations using SRDS approach: (a) is the initial brain shape, (b)–(e) are the reconstructed brain de-
formations.
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Figure 13: Sparsity (μ) of surface representation changes with dif-
ferent δ on three axis: (a) is for training set; (b) is for testing set.

C. Effect of ε. The performance of SRDS algorithm is exam-
ined as the subspace pursuit threshold ε varies. Specifically,
we study the effect of ε on the dimensionality (I) of the
structured dictionary G, sparsity and accuracy of the surface
representation. Figure 8 shows how the subspace dimensions
on three axis change during the training stage as ε increases

0 0.0001 0.0005 0.001 0.005 0.01 0.05 0.08 0.1
1

1.2

1.4

1.6

1.8

2

2.2

E
O

F
(%

)

Training
Testing

δ

×10−3

Figure 14: EOF of gallbladder reconstruction increases as δ gets
larger for both training and testing sets.

from 0.001 to 0.01. Figure 9 displays the influence of ε on
the average sparsity μ of the surface representation results
for both training and testing data sets. In general, smaller
ε leads to larger subspace size and less description sparsity,
since lower ε usually leads to more recruited atoms to meet
the desired representation accuracy. Therefore, there is a
tradeoff between representation accuracy and desired spar-
sity. Figure 10 reveals the representation EOF as a function
of ε. Not surprisingly, the reconstruction error is increased
as ε becomes larger. An empirical point can be chosen
according to the training curve when space dimension I
expands significantly but only trivial EOF improvement is
gained, that is, ε = 0.005 is a preferred value in this test
according to Figure 10.
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Table 4: Subspace dimension and sparsity (μ/σ) for intramodel ex-
periment.

X (μ/σ) Y (μ/σ) Z (μ/σ) EOF (%) Haus (mm)

J/I 1/17 2/31 2/31

Train (SRDS) 16.9/0.4 15.5/1.5 15.8/1.5 0.24 0.55

Test (SRDS) 17.0/0.0 16.9/0.3 16.7/0.9 0.64 0.87

Test (OSP) 16.6/1.5 16.3/0.9 17.1/0.8 0.60 0.85

Table 5: Subspace dimension (J/I) in intermodel experiments.

X axis Y axis Z axis

Ex1 (J/I) 1/36 1/37 1/37

Ex2 (J/I) 2/87 2/86 2/87

Ex3 (J/I) 3/79 2/88 3/83

D. Effect of δ. The influence of coefficient truncation thresh-
old δ on the performance of SRDS algorithm is also
tested while δ is varied among [00.0001 0.0005 0.001
0.005 0.01 0.05 0.08 0.1]. Figure 13 shows the effect of
δ on the average sparsity μ of the surface representation
results. We can see that, as the truncation threshold δ
enlarges, the sparsity of the representation is increased for
both training and testing data sets at the price of decreased
representation error as shown in Figure 14, so there is
tradeoff between sparsity and accuracy. Empirically, one
can choose the δ value when the representation precision
remarkably deteriorates while the sparsity is still increasing.
Therefore, according to Figures 13 and 14, an appropriate
value for δ is between 0.005 and 0.01.

3.2. Ex vivo Experiment Using MRI. To evaluate the proposed
algorithm in real applications, an ex vivo experiment using
three porcine kidneys were conducted at the Center for
Interdisciplinary Applications in Magnetic Resonance (CIA-
MR) of University of Minnesota. Deformations imposed to
each kidney were controlled and maintained still during
imaging by a customized nonmagnetic mechanical device
as shown in Figure 15. Each deformed kidney shape was
scanned in 3D MRI mode with spatial resolution of 1.2 mm
to generate both training set and testing set. The SH degree
L of the organ representation is set to be 20, and each 3D
kidney mesh after surface correspondence has N = 4002
vertices. Different from computer-generated deformations
where surface correspondence is intrinsically established, the
shapes from MRI scans are rendered independently, so the
method described in Section 2.5 is applied to achieve point-
wise correspondence.

Both intramodel and intermodel experiments are con-
ducted. The former uses training and testing deformations
from the same kidney; the later utilizes two out of the three
kidneys for training and the third one for testing in a cross-
evaluation fashion. Besides sparsity and EOF, Hausdorff
distance between the represented shape and corresponding
MRI surface is also examined as a physical measurement of

error. The Hausdorff distance between surface x and x′ is
defined as

d(x, x′) = max
p∈x d

(
p, x′

)
, (20)

where d(p, x′) is defined as the distance between a point p on
surface x and the closest point on surface x′, that is,

d
(
p, x′

) = min
p′∈x′

∥∥p, p′
∥∥

2 (21)

with ‖ · ‖2 denoting the Euclidean norm.

3.2.1. Intramodel Test. In the intramodel experiment, 31 de-
formations of the same kidney were generated and scanned
by the MRI machine, among which 20 frames were randomly
selected as training set, and the other 11 were applied for
testing the generalization of the learned subspaces.

Table 4 shows the trained subspace dimensions (J as
number of subspace, I as dictionary size of G), the sparsity
of the descriptors in each axis for both training set and
testing set, and the corresponding errors in terms of EOF
and Hausdorff distance. Similar to the FEM experiment, the
sparsity is also evaluated with OSP repursuit process in the
testing set for comparison. The table shows that the sparsity
and the accuracy achieved with SRDS is very close to that
from OSP repursuing process. However, the SRDS method
features delay-free surface representation by applying the
structure in the identified dictionary. Further results about
computational efficiency are shown in Section 3.4. One may
notice that the size of training data in the MRI experiment
is smaller than that in FEM test due to the less availability
of 3D MRI images. As a rule of thumb, larger training set
carries richer deformation information and thus leads to
better generalization of the dictionary. However, given the
size of training data and extent of deformation involved in
the ex vivo experiment, high representation precision is still
achieved.

Figure 16 illustrates the accuracy of the surface repre-
sentation in the intramodel test. The average EOF in Fig-
ure 16(a) for training set is 0.24% and 0.64% for testing set,
with maximum rate less than 1%. Further, error as Hausdorff
distance (shown in Figure 16(b)) is 0.55 ± 0.23 mm with
95th percentile error of 0.86 mm for the training set, and
0.87 ± 0.10 mm with 95th percentile error of 0.96 mm for
the testing set. This intramodel experiment demonstrated
that the SRDS algorithm identifies subspaces generalizable
enough to accurately represent deformations beyond the
training set for the same object.

Figure 17 visualizes the color-coded error distribution
at all vertices on the represented surface with SRDS rel-
ative to the actual MRI scans. Figure 17(a) illustrates the
error range for different colors. Figures 17(b) and 17(d)
show the error distribution for a typical reconstruction in
the training and testing set, respectively. Figures 17(c) and
17(e) show maximum 90% level reconstruction errors, that
is, 90% of all deformations in the training or testing set
have representation point errors less than the values shown in
the figures. Consistent with the EOF and Hausdorff distance
results, the color diffusion in Figure 17 indicates that the
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Figure 15: Images of three porcine kidneys for experiment.
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Figure 16: Boxplots of representation error in intramodel experiment: (a) EOF of training and testing set, (b) Hausdorff distance of training
and testing sets.

precision in the testing group is relatively lower than that in
the training group. However, among all the pixel-wise errors
shown in Figure 17(e), less than 3% of all the surface points
have error distance larger than 0.5 mm.

3.2.2. Intermodel Test. Three intermodel experiments are
performed to further validate the proposed SRDS method
applied to organs from different subjects. In the following
context, “Ex1” stands for the experiment training on Kidney
2 and 3 plus one initial shape of Kidney 1 while testing
on deformations of Kidney 1, and the like for “Ex2” and
“Ex3”. In each experiment, both sparsity and accuracy are
examined.

The number of subspaces (J) and dimensions (I) of
the identified dictionary are listed in Table 5. The training

results vary among the three experiments but all features
low subspace dimensions. Table 6 shows the sparsity of the
intermodel experiments using the SRDS algorithm, and the
error level is evaluated in terms of EOF and Hausdorff
distance. Each testing deformation is also sparsely retrained
using OSP for comparison. We can see that the sparsity and
representation error resulting from SRDS method is very
close to that using OSP.

Figure 18 shows the representation accuracy using SRDS
algorithm in training and testing sets for the three tests. In
general, the error in testing set is larger than that in the train-
ing set. Particularly, as for EOF evaluation, “Ex1” leads to the
largest EOF error relative to “Ex2” and “Ex3”, but the average
error rate is still as low as 0.3% for training set and 2.0% for
testing set. Table 7 lists the specific Hausdorff measurements
corresponding to boxplots in Figures 18(c) and 18(d),
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Figure 17: Representation error in intramodel experiment: (a) color-coded scales, (b) example representation error in training set, (c) 90%
representation error in training set, (d) example of representation error in testing set, and (e) 90% representation error of testing set.
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Figure 18: Boxplots of representation error in intermodel experiments: (a) EOF of training set, (b) EOF of testing set, (c) Hausdorff distance
of training set, (d) Hausdorff distance of testing set.

including minimum, 95th percentile and mean. We can
see that the 95th percentile Hausdorff distance across all
experiments is below 3 mm, and the mean is belong 2.1 mm.
Comparing those error levels with the intramodel test, one
can see that the homology existing among the training
and testing deformations contributes to better dictionary
generalization and, thus, leads to higher representation
accuracy.

Figures 19, 20 and 21 show the color-coded error fields
of a typical representation and at the maximum 90% level
for the three intermodel experiments. In either training set
or testing set, it is observed that large errors are mostly
distributed around the edge area where local details are rich.
Consistent with the previous EOF and Hausdorff distance
measurements, the color diffusion in Figures 19–21 indicates
that errors in testing set is larger than that in training set and
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Figure 19: Representation error in intermodel Ex1: (a) color-coded scales, (b) example of color-coded point error in training set, (c) 90%
color-coded point error in training set, (d) example of color-coded point error in testing set, and (e) 90% color-coded point error of testing
set.
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Figure 20: Representation error in intermodel Ex2: (a) color-coded scales, (b) example of color-coded point error in training set, (c) 90%
color-coded point error in training set, (d) example of color-coded point error in testing set, and (e) 90% color-coded point error of testing
set.
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Figure 21: Representation error in intermodel Ex3: (a) color-coded scales, (b) example of color-coded point error in training set, (c) 90%
color-coded point error in training set, (d) example of color-coded point error in testing set, and (e) 90% color-coded point error of testing
set.
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Figure 22: Boxplots of representation error in LV interpatient experiments: (a) EOF, (b) Hausdorff distance.
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Table 6: Sparsity (μ/σ) and accuracy evaluation for intermodel experiment with kidneys.

X (μ/σ) Y (μ/σ) Z (μ/σ) EOF (%) Haus (mm)

Ex1 train (SRDS) 34.7/5.5 35.6/5.5 36.4/1.6 0.32 0.69

Ex1 test (SRDS) 35.7/1.3 36.7/0.9 36.7/1.8 2.01 2.08

Ex1 test (OSP) 36.7/2.4 36.0/2.4 35.9/2.6 1.94 1.94

Ex2 train (SRDS) 42.8/4.5 42.8/2.2 43.5/3.7 0.26 0.59

Ex2 test (SRDS) 47.0/3.1 44.5/1.8 46.3/2.4 1.02 1.27

Ex2 test (OSP) 44.0/2.2 41.9/12.1 45.9/2.0 0.95 1.22

Ex3 train (SRDS) 37.1/9.1 43.3/2.2 40.8/1.3 0.25 0.59

Ex3 test (SRDS) 41.4/6.5 45.1/1.7 40.4/1.3 0.90 1.18

Ex3 test (OSP) 41.2/8.4 42.7/9.7 39.3/10.6 0.83 1.16

<0.3 mm

0.3∼0.6 mm

0.6∼0.9 mm

0.9∼1.2 mm

1.2∼2 mm

(a) (b) (c)

Figure 23: Representation error in in vivo experiment: (a) color-
coded scales, (b) example representation error in testing set, (c) 90%
representation error of testing set.

“Ex1” generates relatively larger error comparing to “Ex2” or
“Ex3.”

3.3. In Vivo Experiment Using MRI. The proposed approach
is also tested over the in vivo cardiac MR images [37],
consisting of automatically segmented images from volumet-
ric MRI scans of a diastole-systole-diastole cycle. For each
patient, there are around 22 phases in a cardiac cycle. Surface
correspondence of LV shapes within and across patients are
accomplished using the approach described in Section 2.5.
Since the generated surfaces from automatic segmentation
software are quite rough, we use the spherical harmonic
representation as a filter to smooth out those surface noises
and then apply the smoothed surfaces as training and testing
data. Therefore, the demonstrated error in this section is
relative to the SHD surfaces, not to the original raw surfaces.
The iter-patient results are reported as follows.

Similar to the ex vivo test, we use the segmented left
ventricles (LV) of 2 different patients plus an initial LV
surface for the third patient as training data, and the
remaining LV shapes in a beating cycle of the third patient
are used to test the generalization of the identified subspaces.
The formulated tests are noted as “Ex1,” “Ex2,” and “Ex3.”
Table 8 lists the sparsity test results of the three cross
validations for both training and testing sets. We can see
that the sparsity in the training set is close to that in the

Table 7: Hausdorff distance for intermodel experiment with
kidneys.

Min (mm) 95th (mm) Mean (mm)

Ex1 train 0.23 1.14 0.69± 0.42

Ex1 test 0.33 2.81 2.08± 0.61

Ex2 train 0.30 1.03 0.59± 0.23

Ex2 test 0.49 1.99 1.27± 0.49

Ex3 train 0.23 1.03 0.59± 0.39

Ex3 test 0.54 1.74 1.18± 0.44

testing set, but the former achieves much higher accuracy.
This is because that the identified subspaces generalize
perfectly for those elected atoms among the training set
after spherical harmonic smoothing. Consistent with the
previous experiments, the representation of testing surfaces
using SRDS is also compared with that using repursuing OSP.
According to the results, SRDS achieves performance slightly
worse than but close to that of OSP. However, as demon-
strated in Section 3.4, without relying on the structured
dictionary learned from the training population, OSP is a
computational expensive task, since for each testing surface,
it requires to research for atoms from the training set to
achieve sparse representation.

Figure 22 provides boxplots for the representation accu-
racy of the testing set in terms of EOF and Hausdorff
distance. Table 9 provides the minimum, 95th percentile,
and mean Hausdorff measurements corresponding to Fig-
ure 22(b). In coincidence, “Ex1” leads to slightly larger errors
than the other two tests, with average EOF of 3.2% (“Ex1”),
and mean Hausdorff distance of 1.67 ± 0.39 mm. The 95th
percentile Hausdorff distance across all experiments is below
2.2 mm. Figures 23(b) and 23(c) show the color-coded error
field of a typical representation and at the maximum 90%
level for the testing set in one interpatient experiment (c).
As indicated by the color distribution, majority of the point
errors are below 0.9 mm. Particularly, in the 90th percentile
evaluation in Figure 23, only 3% of all the point-wise errors
are above 0.9 mm.

3.4. Efficiency. To examine the efficiency of the proposed
SRDS method quantitatively, the computational time to rep-
resent each surface in the testing set using SRDS method is
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Table 8: Sparsity (μ/σ) along X , Y , Z axis and accuracy of in vivo LV tests.

X (μ/σ) Y (μ/σ) Z (μ/σ) EOF (%) Haus (mm)

Ex1 train (SRDS) 37.0/0.0 35.4/0.5 31.7/9.0 0.13 0.08

Ex1 test (SRDS) 37.0/0.0 36.0/0.0 34.6/1.5 3.21 1.07

Ex1 test (OSP) 33.3/10.5 36.8/2.6 33.8/9.2 2.92 0.98

Ex2 train (SRDS) 35.4/7.4 32.8/14.1 32.4/3.3 0.17 0.10

Ex2 test (SRDS) 38.0/0.0 37.0/0.0 34.0/0.0 2.31 1.15

Ex2 test (OSP) 32.1/6.3 24.0/10.5 32.3/6.5 1.93 1.07

Ex3 train (SRDS) 36.7/3.2 38.8/1.5 38.4/0.5 0.12 0.07

Ex3 test (SRDS) 39.6/1.2 40.0/0.0 38.8/0.4 2.33 1.09

Ex3 test (OSP) 32.7/11.5 33.4/11.3 30.1/12.2 1.98 0.99

Table 9: Hausdorff distance for in vivo experiment with LV.

Min (mm) 95th (mm) Mean (mm)

Ex1 train 0 0.50 0.08± 0.18

Ex1 test 0.99 2.16 1.67± 0.39

Ex2 train 0 0.63 0.10± 0.24

Ex2 test 0.75 1.37 1.14± 0.18

Ex3 train 0 0.60 0.07± 0.21

Ex3 test 0.72 1.46 1.09± 0.24

Table 10: Computational time of SRDS and OSP.

Training K SH level L SRDS (sec) t1 OSP (sec) t2 t2/t1
Brain 35 80 0.3 51.2 170.7

GBL 350 25 0.6 39.1 65.2

Bladder 74 30 2.5 57.2 22.9

Kidney 52 20 0.8 9.2 11.5

LV 51 25 0.5 6.9 13.8

compared with that resulting from OSP repursuing approach
for the above five organs. The results are summarized in
Table 10, including training set size K , maximum SH level
L, average time (in seconds) required with SRDS (t1) and
OSP (t2), respectively, and the ratio between the two. As
shown in Table 10, the time consumption for seeking sparse
representation of the testing surfaces using the SRDS is
at least 10 times lower than that using the original OSP
method which does not rely on the dictionary structure
learned from the training data set. The advantage is more
pronounced when the training data size K or the SH level
L is large. For example, in the brain model, the high SH
level L leads to substantial computational delay during the
search for proper atoms for representation, such that the
SRDS achieves a speed orders of magnitude faster than the
OSP method without training. On the other hand, for the
case of gallbladder, the large training size also increases the
time used by repursuing OSP, so it runs 65 times slower than
SRDS.

To summarize, considering the test results for sparsity,
accuracy, and efficiency given in this experiment section,
we can see that the proposed SRDS method achieves sparse

surface representation with high computational efficiency
and accuracy.

4. Conclusions and Discussion

This paper introduced a new algorithm for block sparse rep-
resentation of deformable organ surfaces with high accuracy.
The proposed SRDS design first identifies the deforma-
tion subspaces from the training data set in the trans-
formed spherical harmonic domain and then represents each
deformed surface with a block sparse vector in the structured
dictionary. SRDS is generalized to applications involving
organs with multiple surface layers, such as bladder. The
algorithm has been validated with FEM data and real 3D
MRI scans under both ex vivo and in vivo conditions.
The FEM test results demonstrate that SRDS achieves
accuracy matching that of complex mathematical modeling
techniques. Further, the maximum representation error in
ex vivo experiment is below 1 mm for intramodel test and
below 3 mm for intermodel test. For the in vivo experiment,
the SRDS achieves an accuracy of better than 2.5 mm.

SRDS algorithm has already been used in tracking organ
deformations in minimum invasive surgery [2–4]. The struc-
ture introduced in the dictionary enables efficient surface
recovery from limited samples. In addition, the merits of
block sparse surface representation presented here can be
applied to various medical organ modeling, shape classi-
fication, and similarity retrieval where reduced parameter
dimension can potentially speed up the implementations.
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The experimental study presented in this paper is aimed at the development of an automatic image segmentation system for
classifying region of interest (ROI) in medical images which are obtained from different medical scanners such as PET, CT, or
MRI. Multiresolution analysis (MRA) using wavelet, ridgelet, and curvelet transforms has been used in the proposed segmentation
system. It is particularly a challenging task to classify cancers in human organs in scanners output using shape or gray-level
information; organs shape changes throw different slices in medical stack and the gray-level intensity overlap in soft tissues.
Curvelet transform is a new extension of wavelet and ridgelet transforms which aims to deal with interesting phenomena occurring
along curves. Curvelet transforms has been tested on medical data sets, and results are compared with those obtained from the
other transforms. Tests indicate that using curvelet significantly improves the classification of abnormal tissues in the scans and
reduce the surrounding noise.

1. Introduction

In the last decade, the use of 3D image processing has been
increased especially for medical applications; this leads to
increase the qualified radiologists’ number who navigate,
view, analyse, segment, and interpret medical images. The
analysis and visualization of the image stack received from
the acquisition devices are difficult to evaluate due to the
quantity of clinical data and the amount of noise existing
in medical images due to the scanners itself. Computerized
analysis and automated information systems can offer help
dealing with the large amounts of data, and new image
processing techniques may help to denoise those images.

Multiresolution analysis (MRA) [1–3] has been success-
fully used in image processing specially with image segmen-
tation, wavelet-based features has been used in various appli-
cations including image compression [4], denoising [5], and
classification [6]. Recently, the finite ridgelet and curvelet
transforms have been introduced as a higher dimensional
MRA tool [7, 8].

Image segmentation requires extracting specific features
from an image by distinguishing objects from the back-
ground. The process involves classifying each pixel of an

image into a set of distinct classes, where the number of
classes is much smaller. Medical image segmentation aims to
separate known anatomical structures from the background
such cancer diagnosis, quantification of tissue volumes, radi-
otherapy treatment planning, and study of anatomical struc-
tures.

Segmentation can be manually performed by a human
expert who simply examines an image, determines borders
between regions, and classifies each region. This is perhaps
the most reliable and accurate method of image segmenta-
tion, because the human visual system is immensely complex
and well suited to the task. But the limitation starts in
volumetric images due to the quantity of clinical data.

Curvelet transform is a new extension of wavelet trans-
form which aims to deal with interesting phenom-
ena occurring along curved edges in 2D images [9]. It is
a high-dimensional generalization of the wavelet transform
designed to represent images at different scales and dif-
ferent orientations (angles). It is viewed as a multiscale
pyramid with frame elements indexed by location, scale,
and orientation parameters with needle-shaped elements
at fine scales. Curvelets have time-frequency localization
properties of wavelets but also shows a very high degree of
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Figure 1: Proposed segmentation system for medical images.

directionality and anisotropy, and its singularities can be well
approximated with very few coefficients.

This paper is focusing on a robust implementation of
MRA techniques for segmenting medical volumes using
features derived from the wavelet, ridgelet, and curvelet
transforms of medical images obtained from a CT scanner.
The rest of this paper is organised as follow: Section 2
illustrates the proposed medical image segmentation system
using MRA techniques. The mathematical background and
the methodology for the proposed MRA techniques have
been explained in Section 3. The results and analysis of
the implemented wavelet, ridgelet, and curvelet transforms
for medical image segmentation are illustrated in Section 4.
Finally, Section 5 includes the conclusions and future work
of this research.

2. Proposed Medical Image
Segmentation System

The main aim of this research is to facilitate the process of
highlighting ROI in medical images, which may be encap-
sulated within other objects or surrounded by noise that
make the segmentation process not easy. Figure 1 illustrates
the proposed medical image segmentation system using
MRA. Wavelet, ridgelet, and curvelet transforms are applied
on medical images with other pre- and postprocessing
techniques to present segmented outputs and detected ROI
in an easier and more accurate way.

3. Methodology—Multiresolution Analysis

Image segmentation using MRA such as wavelets has been
widely used in recent years and provides better accuracy in
segmenting different types of images. Many recent develop-
ments in MRA have taken place, while wavelets are suitable
for dealing with objects with point singularities. Wavelets
can only capture limited directional information due to its
poor orientation selectivity. By decomposing the image into
a series of high-pass and low-pass filter bands, the wavelet
transform extracts directional details that capture horizontal,
vertical, and diagonal activity. However, these three linear
directions are limiting and might not capture enough
directional information in noisy images, such as medical
CT scans, which do not have strong horizontal, vertical,
or diagonal directional elements. Ridgelet improves MRA
segmentation; however, they capture structural information
of an image based on multiple radial directions in the
frequency domain. Line singularities in ridgelet transform
provides better edge detection than its wavelet counterpart.
One limitation to use ridgelet in image segmentation is
that ridgelet is most effective in detecting linear radial
structures, which are not dominant in medical images.
The curvelet transform is a recent extension of ridgelet
transform that overcome ridgelet weaknesses in medical
image segmentation. Curvelet is proven to be particularly
effective at detecting image activity along curves instead of
radial directions which are the most comprising objects of
medical images.
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3.1. Wavelet Transform. In the last decade, wavelet transform
has been recognized as a powerful tool in a wide range of
applications, including image/video processing, numerical
analysis, and telecommunication. The advantage of wavelet
is that wavelet performs an MRA of a signal with localization
in both time and frequency [10, 11]. In addition to this,
functions with discontinuities and functions with sharp
spikes require fewer wavelet basis vectors in the wavelet
domain than sine cosine basis vectors to achieve a compara-
ble approximation. Wavelet operates by convolving the target
function with wavelet kernels to obtain wavelet coefficients
representing the contributions in the function at different
scales and orientations. Wavelet or multiresolution theory
can be used alongside segmentation approaches, creating
new systems which can provide a segmentation of superior
quality to those segmentation approaches computed exclu-
sively within the spatial domain [12].

Discrete wavelet transform (DWT) can be implemented
as a set of high-pass and low-pass filter banks. In standard
wavelet decomposition, the output from the low-pass filter
can be then decomposed further, with the process continuing
recursively in this manner. According to [13], DWT can be
mathematically expressed by

aj(n) =
L−1∑
i=0

l(i) · aj−1(2n− i), 0 ≤ n < Nj ,

d j(n) =
L−1∑
i=0

h(i) · d j−1(2n− i), 0 ≤ n < Nj.

(1)

The coefficients aj(n) and d j(n) refer to approximation and
detailed components in the signal at decomposition level j,
respectively. The l(i) and h(i) represent the coefficients of
low-pass and high-pass filters, respectively.

DWT decomposes the signal into a set of resolution-
related views. The wavelet decomposition of an image creates
at each scale j a set of coefficient values wj with an overall
mean of zero. wj contains the same number of voxels as the

original image; therefore, this wavelet transform is redundant
[14, 15].

For images, 1D-DWT can be readily extended into 2D.
In standard 2D wavelet decomposition, the image rows are
fully decomposed, with the output being fully decomposed
columnwise. In nonstandard wavelet decomposition, all the
rows are decomposed by one decomposition level followed
by one decomposition level of the columns. Figure 2 illus-
trates the filter structure of 2D-DWT.

Wavelet uses a set of filters to decompose images depend-
ing on filter coefficients and the number of those coefficients.
The most popular wavelet filter is Haar wavelet filter (HWF)
which takes the averages and differences from the low- and
high-pass filters, respectively. Figure 3 illustrates an example
of applying 2D-DWT using HWF on an image for 2 levels of
decompositions.

3.2. Ridgelet Transform. In 1998, Donoho introduced the
ridgelet transform [16] continuous ridgelet transform (CRT)
can be defined from a 1D wavelet function oriented at
constant lines and radial directions. Ridgelet transform [17–
19] has been generating a lot of interest due to their superior
performance over wavelets. While wavelets have been very
successful in applications such as denoising and compact
approximations of images containing zero dimensional or
point singularities. Wavelets do not isolate the smoothness
along edges that occurs in images [20], and they are thus
more appropriate for the reconstruction of sharp point sin-
gularities than lines or edges. These shortcomings of wavelet
are well addressed by the ridgelet transform; the function-
ality of wavelet has been extended to higher dimensional
singularities and becomes an effective tool to perform sparse
directional analysis [3, 21]. Generally speaking, wavelets
detect objects with point singularities, while ridgelets are able
to represent objects with line singularities.

The finite ridgelet transform (FRIT) was computed in
two steps: a calculation of discrete radon transform and
an application of a wavelet transform. The finite radon
transform (FRAT) is computed in two steps: a calculation
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Figure 3: 2D-DWT. Original image (a), first decomposition level (b), and second decomposition level (c).

of 2D Fast Fourier Transform (FFT) for the image and an
application of a 1D inverse fast Fourier transform (iFFT)
on each of the 32 radial directions of the radon projection.
1D wavelet is applied restricted to radial directions going
through the origin for three levels of decompositions.

Applying FRAT on image can be presented as a set of
projections of the image taken at different angles to map
the image space to projection space. Its computation is
important in image processing and computer vision for
problems such as pattern recognition and the reconstruction
of medical images. For discrete images, a projection is
computed by summation of all data points that lie within
specified unit-width strips; those lines are defined in a finite
geometry [22].

Depending on [23], FRAT of a real function on the finite
grid Z2

p is defined in

rk[l] = FRAT f (k, l) = 1√
P

∑
(i, j)∈L(k,l)

f
(
i, j

)
. (2)

Here, L(k, l) denotes the set of points that make up a line on
the lattice Z2

p as in

L(k, l) =
{(
i, j

)
: j = ki + l

(
modp

)
, i ∈ Zp

}
, 0 ≤ k < p,

L
(
p, l

) = {(
l, j

)
: j ∈ Zp

}
.

(3)

To compute the Kth radon projection (i.e., the Kth row in
the array), all pixels of the original image need to be passed
once and use P histogrammers: one for every pixel in the row
[12]. At the end, all P histogrammed values are divided by K
to get the average values.

According to Alzu’bi and Amira in [3], once the wavelet
and radon transforms have been implemented, the ridgelet
transform is straightforward. Each output of the radon
projection is simply passed through the wavelet transform
before it reaches the output multiplier. As shown in Figure 4,
ridgelets use FRAT as a basic building block, where FRAT
maps a line singularity into point singularity, and the wavelet
transform has used to effectively detect and segment the
point singularity in radon domain.

Input
image

FRITFRAT DWT

Figure 4: FRIT block diagram.

Figure 5 shows a clinical chest slice from a CT scanner
[24] in the last step of ridgelet transform before image
reconstruction at different block sizes.

Continuous ridgelet transform is similar to the continu-
ous wavelet transform except that point parameters (x, y) in
the cartesian grid (Figure 6(a)) which perform pixels in the
image or an entry in a 2D matrix are now replaced by line
parameters (β, θ), where β is the intercept and θ is the angle.
Figure 6(b) illustrates the radial grid in ridgelet transform;
however, straight lines evaluate the image in the frequency

domain [3].
The segmentation result achieved using ridgelet trans-

formation on medical images was not promising. Medical
images comprised from curves which are still not singularity
points after applying radon transform. Wavelet transform
cannot detect those singularities properly, since it still not
singularity points [3], resulting that ridgelet transformation
is not suitable for segmenting these images.

Ridgelet transform can be used in other applications,
where images contain edges and straight lines. Curvelet
transform has been introduced to solve this problem; it deals
with higher singularities compared to wavelet and ridgelet
transforms.

3.3. Curvelet Transform. The curvelet transform has gone
through two major revisions. It was first introduced in [25,
26] by Candés and Donoho in 2000, which used a complex
series of steps involving the ridgelet analysis of the radon
transform of an image. Their performance was very slow;
hence, researchers developed a new version which is easier
to use and understand. In this new method, the use of the
ridgelet transform as a preprocessing step of curvelet was
discarded, thus reducing the amount of redundancy in the
transform and increasing the speed considerably [3].
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Figure 5: Ridgelet transform for real CT images at block sizes (3, 7, and 13).
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Figure 7: An approximating comparison between wavelet (a) and curvelet (b).

Curvelet aims to deal with interesting phenomena occur-
ring along curved edges in a 2D image. As illustrated in
Figure 7, curvelet needs fewer coefficients for representation,
and the edge produced from curvelet is smoother than
wavelet edge [27].

The newly constructed and improved version of curvelet
transform is known as Fast Discrete Curvelet Transform

(FDCT). This new technique is simpler, faster and less
redundant than the original curvelet transform which based
on ridgelets. According to Candes et al. in [9], two imple-
mentations of FDCT are proposed:

(i) unequally spaced Fast Fourier transforms (USFFT),

(ii) wrapping function.
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Figure 8: Curvelet tiling of space and frequency. The induced tiling
of the frequency plane (a). The spatial Cartesian grid associated with
a given scale and orientation (b).

Both implementations of FDCT differ mainly by the
choice of spatial grid that used to translate curvelets at each
scale and angle. Both digital transformations return a table
of digital curvelet coefficients indexed by a scale parameter,
an orientation parameter, and a spatial location parameter.
Wrapping-based transform is based on wrapping a specially
selected Fourier samples, and it is easier to implement and
understand.

3.3.1. Continuous-Time Curvelet Transform. Curvelet trans-
form works in two dimensions with spatial variable x,
frequency domain variable ω, and the frequency-domain
polar coordinates r and θ. Curvelet transform can be defined
by a pair of windows, radial window {W(r)}, and angular
window {V(t)} [9]. As illustrated in (4), these windows will
always obey the admissibility conditions.

∞∑
j=−∞

W2
(

2 j r
)
= 1, r ∈

(
3
4

,
3
2

)
,

∞∑
j=−∞

V 2(t − l) = 1, t ∈
(
−1

2
,

1
2

)
.

(4)

A polar “wedge” represented by Uj is supported by the radial
window {W(r)} and angular window {V(r)}. Equation (5)
defines Uj in the Fourier domain

Uj(r, θ) = 2−3 j/4W
(

2− j r
)
V

(
2� j/2�θ

2π

)
. (5)

Equation (6) defines the curvelet transform as a function of
{x = (x1, x2)} at scale 2− j , orientation θl and position xk( j, l),
where Rθ is the rotation in radians. Figure 8 illustrates
the induced tiling of the frequency plane and the spatial
Cartesian grid associated with a given scale and orientation
[9], and shaded area represents the polar wedge by Uj

ϕj,l,k(x) = ϕj

(
Rθl

(
x − x

( j,l)
k

))
. (6)

3.3.2. Fast Discrete Curvelet Transform via Wrapping. The
new implementation of curvelet transform based on Wrap-
ping of Fourier samples takes a 2D image as an input in the

2 j

2 j/2

Wedge at scale 4, orientation 4.
Curvelet is smoothly localized
obeying the parabolic scaling

Nondirectional curvelet
at coarsest level

Figure 9: 5-level curvelet digital tiling of an image.

form of a Cartesian array f [m,n], where 0 ≤ m < M, 0 ≤
n < N where M and N are the dimensions of the array. As
illustrated in (7), the outputs will be a collection of curvelet
coefficients cD( j, l, k1k2) indexed by a scale j, an orientation
l and spatial location parameters k1 and k2.

cD
(
j, l, k1k2

) = 0≤m<M∑
0≤n<N

f [m,n]ϕD
j,l,k1k2

[m,n]. (7)

Each ϕD
j,l,k1k2

is a digital curvelet waveform, superscript D
stands for “digital.” These approach implementations are
the effective parabolic scaling law on the subbands in the
frequency domain to capture curved edges within an image
in more effective way. As mentioned earlier, wrapping based
curvelet transform is a multiscale pyramid which consists
of several subbands at different scales consisting of different
orientations and positions in the frequency domain. At a
high frequency level, curvelets are so fine and looks like a
needle shaped element and they are non-directional coarse
elements at low frequency level.

Figure 9 illustrates the whole image represented in spec-
tral domain in the form of rectangular frequency tiling by
combining all frequency responses of curvelets at different
scales and orientations. It can be seen that curvelets are
needle like elements at higher scale.

It can be seen from Figure 9 that curvelet becomes finer
and smaller in the spatial domain and shows more sensitivity
to curved edges as the resolution level is increased, thus
allowing to effectively capturing the curves in an image, and
curved singularities can be well-approximated with fewer
coefficients.

In order to achieve a higher level of efficiency, curvelet
transform is usually implemented in the frequency domain.
This means that a 2D FFT is applied to the image. For each
scale and orientation, a product of Ujl “wedge” is obtained;
the result is then wrapped around the origin, and 2D IFFT
is then applied resulting in discrete curvelet coefficients.
Candes et al. describe the discrete curvelet transform in [9]
as illustrated in

Curvelet transform = IFFT
[
FFT(Curvelet)× FFT

(
Image

)]
.

(8)

The difficulty behind this is that trapezoidal wedge does not
fit in a rectangle of size 2 j × 2 j/2 aligned with the axes in
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Figure 10: Wrapping wedge data.

the frequency plane in which the 2D IFFT could be applied
to collect curvelet coefficients. Wedge wrapping procedure
proposed in [9] uses a parallelogram with sides 2 j and
2 j/2 to support the wedge data. The wrapping is done by
periodic tiling of the spectrum inside the wedge and then
collecting the rectangular coefficient area in the centre. The
centre rectangle of size 2 j × 2 j/2 successfully collects all the
information in that parallelogram [28]. Figure 10 illustrates
the process of wrapping wedge where the angle θ is in the
range (π/4, 3π/4) and the rectangles have the same width and
length as the parallelogram is centred at the origin [9].

The following are the steps of applying wrapping based
FDCT algorithm [9].

Step 1. Apply the 2D FFT to an image to obtain Fourier
samples

f̂ [m,n], −n

2
≤ m, n <

n

2
. (9)

Step 2. For each scale j and angle l, form the product

Ũ j,l[m,n] f̂ [m,n]. (10)

Step 3. Wrap this product around the origin and obtain

f̃ j,l[m,n] =W
(
Ũ j,l f̂

)
[m,n], (11)

where the range for m, n, and θ is now 0 ≤ m < 2 j , 0 ≤ n <
2 j/2, and −π/4 ≤ θ < π/4.

Step 4. Apply IFFT to each f̃ j,l, hence collecting the discrete
coefficients cD( j, l, k1k2).

The curvelet transform is a multiscale transform such as
wavelet, with frame elements indexed by scale and location
parameters. Wavelets are only suitable for objects with point
singularities, Ridgelets are only suitable for objects with line
singularities, while curvelets have directional parameters and

its pyramid contains elements with a very high degree of
directional specificity. The elements obey a special scaling
law, where the length and the width of frame elements
support are linked using

width ≈ length2 (12)

Discrete curvelet transform in the spectral domain utilizes
the advantages of FFT. During FFT, both image and curvelet
at a given scale and orientation are transformed into the
Fourier domain. The convolution of the curvelet with the
image in the spatial domain then becomes their product in
the Fourier domain. At the end of this computation process,
a set of curvelet coefficients are obtained by applying IFFT to
the spectral product. This set contains curvelet coefficients in
ascending order of the scales and orientations.

Curvelets are superior to the other transforms as in the
following.

(a) Optimally Sparse Representation of Objects with Edges.
Curvelets provide optimally sparse representation of objects
which display curve-punctuated smoothness except for dis-
continuity along a general curve with a bounded curvature.
Such representations are nearly as sparse as if the object
were not singular and turn out to be far sparser than other
transforms decomposition of the object.

(b) Optimal Image Reconstruction in Severely Ill-Posed Prob-
lems. Curvelets also have special microlocal features which
make them especially adapted to certain reconstruction
problems with missing data. For example, in many important
medical applications, one wishes to reconstruct an object
f (x1, x2) from noisy and incomplete tomographic data [28].
Because of its relevance in biomedical imaging, this problem
has been extensively studied, yet curvelets offer surprisingly
new quantitative insights [18]. For example, an application
of the phase-space localization of the curvelet transform
allows a very precise description of those features of the
object of function ( f ) which can be reconstructed accurately
from such data and how well, and of those features which
cannot be recovered.

As illustrated in (8), the data acquisition geometry sepa-
rates the curvelet expansion of the object into two pieces as
illustrated in

f =
∑

n∈Good

〈
f ,ϕn

〉
ϕn +

∑
n /∈Good

〈
f ,ϕn

〉
ϕn. (13)

The first part of (13) can be recovered accurately, while the
second part cannot. What is interesting here is that one can
provably reconstruct the recoverable part with an accuracy
similar to that one would achieve even if one had complete
data. There is indeed a quantitative theory showing that for
some statistical models which allow for discontinuities in the
object to be recovered, there are simple algorithms based
on the shrinkage of curvelet biorthogonal decompositions,
which achieve optimal statistical rates of convergence [18].

Figure 11 illustrates the frequency response of curvelets
at different scales and orientations for some test images using
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Figure 11: Curvelets at increasingly fine scales from 1 to 5. Spatial domain (a, c, e, g, i). Frequency domain (b, d, f, h, j) [29].
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Table 1: Wavelet and ridgelet comparisons depending on SNR and processing time.

Domain
Wavelet Ridgelet

Spatial
Level 1 Level 2 Level 3 P = 5 P = 11 P = 31

SNR (dB) 10.63 11.14 10.95 10.37 11.43 11.88 7.17

Time (sec) 0.23 0.24 0.50 71.5 29.91 10.01 1.18

“Curvelab (version: 2.1.2)” [29] in both spatial and frequency
domain.

It can be seen from Figure 11 that curvelets are nondi-
rectional at coarsest level. Figures 11(a), 11(c), 11(e), 11(g),
and 11(i) are the spatial representation of curvelet at scales
1 to 5. And Figures 11(b), 11(d), 11(f), 11(h), and 11(j)
are the frequency domain representation of curvelet that
is modulus of FFT. Figure 12 illustrates a clinical data for
human chest from CT scanner in spatial domain and its
curvelet coefficients.

In Figure 12, the low frequency coefficients (coarse scale)
are stored at the centre of the display. The concentric coronae
(formed by black strips) show coefficients at different scales
and the outer coronae correspond to higher frequencies.
Each corona has four strips further subdivided in angular
panels; each panel represents coefficients at a specified scale
and orientation suggested by the position of the panel.

Wedge wrapping is done for all the wedges at each scale in
the frequency domain to obtain a set of subbands or wedges
at each curvelet decomposition level, and these subbands are
the collection of discrete curvelet coefficients.

The aim is to identify the most effective texture descriptor
for medical images to capture edge information more
accurately. The discrete curvelet transform can be calculated
to various resolutions or scales and angles; the maximum
number of resolution depends on the original image size
and the angles. Number of angles at the second coarsest
level must be at least eight and a multiple of four; that is,
512×512 image has five maximum possible resolution levels
containing structural information of the image. Figure 13
illustrates how curvelet-based edge reconstruction in medical
imaging differs from other transforms methods.

4. Results and Analysis

The end users of the proposed system are the radiologists and
specialists who analyse medical images for cancer diagnosis.
After several meetings with those people in the radiology
departments in some hospitals, the main goal that they are
working is to detect the accurate cancer size in medical
images with the least error. This process may be affected
by the noise surrounding ROI, which make the process of
measuring the exact dimensions of the lesion so hard.

Different datasets have been carried out with the pro-
posed system to validate it for clinical applications. The
first one is NEMA IEC body phantom which consists of
an elliptical water filled cavity with six spherical inserts
suspended by plastic rods of inner diameters: 10, 13, 17, 22,
28, and 37 mm [25, 26]. Real clinical human images acquired
by a CT scanner [24] have also been used to experiment the

proposed approaches, this data has been previously analysed
by the radiologists and the provided reports explains that the
patients are diagnosed by cancer. Table 1 illustrates the SNR
values of extracted features from NEMA IEC DATA SET in
spatial domain, different levels of decomposition of wavelet
domain and at different block sizes in ridgelet domain.

It can be seen from Table 1 that small values of SNR have
been obtained for all techniques; this is due to the noise from
the acquisition systems itself. This noise will be a part of the
medical image after the reconstruction of all slices. Relatively,
better SNR values can be achieved with the second level of
wavelet decomposition and as the block size (p) is getting
bigger with the ridgelet transform, where the transformed
image is getting more similar to the original image. This
can be assigned to the major limitation of using ridgelet
transformation in medical image segmentation, where ridges
rarely exist in such data.

MRA transforms have been used with thresholding
technique to segment the experimental data. Thresholding
technique has been applied as a preprocessing step on the
original images at threshold value (t = 35) to remove as
much artificial spam sequel produced from the scanners. The
transform then applied to effectively represent objects with
edges which are the contours of the medical images followed
by another thresholding at (t = 7) to remove most of the
remaining noise and facilitate the measurement process.

Figure 14 illustrates the segmentation using curvelet
transform. Figures 14(a) and 14(c) illustrate the original
images from a CT scanner, and Figures 14(b) and 14(d)
illustrate the segmented phantom image and real chest
image, respectively, using curvelet transform. As illustrated
in Figure 15, results of the proposed segmentation technique
are vary in terms of smooth reconstruction of the spheres.
Curvelet transform segments the input image and removes
artifacts from the image to exhibit smooth and optimal
segmentation of NEMA phantom. Ridgelet transform detect
ROI but does not give promising segmentation results due
to the lack of ridges or straight lines in the tested data set.
Wavelet quadrants are varying also in their quality; relatively,
the best results have been achieved with the LL-filter output.

Table 2 illustrates NEMA spheres diameters error per-
centages measured using different multiresolution analysis
techniques and compared to previously implemented tech-
niques. ED has been used to measure the spheres diameters
and calculate the error percentages for each technique, and
sphere diameter error percentages have been calculated as
follows:

error % = Measured Diameter− Actual Diameter
Actual Diameter

× 100%.

(14)
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Figure 12: Clinical slice for the human chest from a CT scanner in spatial (a) and curvelet coefficients (b).

(a) (b)

Figure 13: Reconstruction of tomographic data. Wavelet domain (a), and curvelet domain (b).

From Table 2, in the case of K-means clustering, tumor
volumes are underestimated by approximately 5%-6% in
most cases; however, for the two smaller spherical inserts,
with diameter of 10 mm and 13 mm, respectively, these
underestimations are significantly greater. For the smallest
sphere, more than a 13% volume discrepancy is recorded,
with the K-means algorithm finding it difficult to quantify
the tumor accurately. Sphere 2 similarly is massively under-
estimated (11.5%). Unlike K-means clustering, MRFM tends
to overestimate the volumes of the spherical inserts, with the
exception of Spheres 1 and 2.

Spheres diameters are reduced to the half with each
decomposition level of wavelet transform. Three decompo-
sition levels of DWT have been applied on NEMA phantom
[25, 26] using two different filters (Haar, Daubechies),

and the measured diameters were doubled at each level
to produce a fair comparison with the other available
techniques. It can be seen that most of the error percentages
were decreasing while the spheres diameter increasing; it
is worth mentioning that there is no upper bound of the
spheres diameters to keep the errors decreasing, because the
ROI becomes clearer and easier to be detected and measured
properly. But tumours in real life are usually very small in
the early stage cancer, and the problem is to detect those
turnouts’ tumours as soon as possible.

The two smallest spherical inserts are still underestimated
in most of the techniques and got the largest error per-
centages. The large volumetric errors encountered using this
acquisition exist as a consequence of the poor slice thickness
setting selected for the scan. The 4.25 mm slice thickness
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(a) (b)

(c) (d)

Figure 14: Curvelet transform for segmentation. (a) NEMA IEC body phantom, (b) segmented phantom slice, (c) original real chest slice,
and (d) segmented real chest slice.

(a) (b) (c) (d)

Figure 15: Segmentation using conventional hard thresholding and curvelet-based segmentation. (a) Denoised spatial domain. (b) First
level in wavelet domain. (c) Ridgelet domain. (d) Curvelet domain.

causes large fluctuations in transaxial tumour areas to occur
between image slices. This problematic characteristic occurs
most notably with the smallest spherical inserts, where single
voxel reallocation causes a large deviation in percentage
error. In Figure 16, the percentage error computed between
the actual sphere volume and the volumes obtained using all

methodologies for each of the six tumours inserts is plotted.
It can be seen that all techniques are settled down according
to the error percentages as the sphere diameters increased.

It can be also seen from Table 2 that acceptable error
percentages have been achieved using ridgelet transform for
the big spheres (22 mm, 28 mm, and 37 mm), where the
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Table 2: The error percentages of spheres diameters measurements for NEMA IEC body phantom.

Spheres (mm)
Error % for measured diameters

10 13 17 22 28 37

K-means [3] −13.6 −11.5 −5.77 −5.51 −5.1 −5.01

MRFM [3] −7.41 −8.69 4.28 4.06 3.9 3.89

Clustering [3] 18.6 16.0 9.0 7.5 5.5 1.1

Iterative Thresholding [3] 3.0 3.1 0.6 0.9 1.1 1.8

Wavelet

Haar

Level 1 −2.9 −2.46 1.35 0.82 0.29 0.05

Level 2 −10.9 −6.67 3.88 −1.3 −0.76 −1.95

Level 3 — — 5.65 −18.2 2.57 −3.24

Daubechies

Level 1 −7.43 −2.69 0.12 2.0 2.17 1.81

Level 2 −5.2 0.15 −4.24 0.73 0.62 −0.11

Ridgelet −10.93 −6.67 3.88 −1.30 −0.76 −1.95

Curvelet 2.65 1.62 1.07 −0.82 −0.33 −0.09

Table 3: Comparison of curvelet, ridgelet, and wavelet denoising in terms of PSNR and MSE.

Image name
Curvelet denoising Ridgelet denoising Wavelet denoising

MSE PSNR (dB) MSE PSNR (dB) MSE PSNR (dB)

NEMA 41.67 31.93 108.78 26.14 101.12 28.08

Chest 58.8 30.44 152.45 23.55 147.63 26.44
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Figure 16: Visual comparison for error percentages in Table 2.

curves are not sharp and ridgelet detect it accurately as it
close to be ridges. But for the small spheres, ridgelet weakness
for medical image segmentation start appears clearly.

Curvelet transform overcomes the weakness of wavelet
for segmenting sharp curves and detect the small spheres
accurately with error percentages (0.82%–2.65%). For the
big spheres, errors achieved using wavelet transform are still
better than those achieved using curvelet transform due to
the sharpness of that spheres. But still very good results using
curvelet transform and acceptable for clinical applications.

PSNR and MSE have been also used to evaluate the
quality of the proposed techniques. The original image has
been contaminated with Gaussian white noise at σ = 20%
of the maximum intensity. Table 3 illustrates a comparison
study of curvelet transform with the other traditional
transforms, and comparison terms PSNR and MSE have
been used to test the quality of the transformed image.

From Table 3, it can be seen that the best results accord-
ing to both PSNR and MSE have been achieved using curvelet
transform. Wavelet transform performs better results com-
pared to ridgelet transform in both validation metrics.
Figure 17 illustrates two noisy images and the denoised
outputs using both wavelet and curvelet.

According to a study done by Dettori and Semler [23], the
ridgelet-based descriptors had significantly higher perfor-
mance measures in comparison to wavelet-based descriptors,
with accuracy rates higher than any other wavelet-based
feature set for all individual organs. This is not surprising
given the fact that the ridgelet transform is able to cap-
ture multidirectional features, as opposed to the wavelet
transform which focus mainly on horizontal, vertical, and
diagonal features. This can be generalized to most of the
images except for medical scanners, where the weakness of
wavelet is not dominant in such images.

Curvelet-based descriptors had an even higher perfor-
mance in comparison to both the wavelet and ridgelet,
with accuracy rates higher, respectively. The accuracy rate
using curvelet transform is better; this is expected, since
the curvelet transform is able to capture multidirectional
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(a) (b) (c)

(d) (e) (f)

Figure 17: MRA for image denoising. (a, d) Noisy images. (b, e) Wavelet. (c, f) Curvelet.
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Figure 18: Scanner variables effects on the segmented image.

features in wedges, as opposed to lines or points as in the
ridgelet or wavelet transform. The multidirectional features
in curvelets are very effective in extracting the important
features from medical images and then segmented accurately.

As illustrated in the previous tables and figures, it can be
seen that more efficient and smooth image reconstruction
is achieved using curvelet transform. In terms of optimal
reconstruction of the objects with edges and curves, curvelet-
based techniques outperform the traditional wavelet and
ridgelet transforms.

The algorithm presented in this chapter is able to classify
normal tissues in CT scans with high accuracy rates. These
hypotheses will be further tested and validated on different
predefined clinical data sets in chapter 8 of this thesis.

Segmentation using curvelet transform has been chosen
for experimenting the PET scanner sensitivity variables,
curvelet was applied in parallel with multithresholding and
classification techniques to classify the spheres in a separate
class from the other comprising objects at least noise
included. The experiment was evaluated based on the ratio
between the spheres area to the other area of the scanned
slice. The actual spheres area can be calculated according to
(15), given that the spheres diameters are 10, 13, 17, 22, 28,
37 mm

SOriginal = 1
2
π

∑
r∈{a}

r2, {a} = {10, 13, 17, 22, 28, 37}, (15)

where SOriginal is the actual area of all six spheres together. The
scan resolution can be acquired from Amide software where
each pixel size is 4.6875 × 4.6875 mm and each slice size is
128× 128 pixels. The overall slice area and the ratio between
both areas can be calculated according to (16), respectively,
where SBR is the spheres to background ratio

AOriginal = 128× 128× 4.6875× 4.6875 = 360000 mm2,

SBR = SOriginal

AOriginal − SOriginal
× 100% = 0.702%.

(16)
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(a) IT = 10, time = 2 min, collimator: 2D (left),
segmented (right)

(b) IT = 10, time = 3 min, collimator: 2D (left),
segmented (right)

(c) IT = 10, time = 4 min, collimator: 2D (left),
segmented (right)

(d) IT = 10, time = 2 min, collimator: 3D (left),
segmented (right)

(e) IT = 10, time = 3 min, collimator: 3D (left),
segmented (right)

Figure 19: Continued.
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(f) IT = 10, time = 4 min, collimator: 3D (left), seg-
mented (right)

Figure 19: Segmented results achieved at IT value (10), where the best results detected.
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Figure 20: AMIDE snapshot locating the kidney cancer.

Figure 21: ROI highlighted in the original image (kidney cancer).

Table 4 illustrates the results for a sample data provided from
the collaborator for different scanner variables. It can be
seen that the SBR percentages varies based on the scanner
variables used. To explain the effects of those variables on the
output image, Figure 18 illustrates the changes in the quality
of the segmented image based on the scanners variables.

It can be seen from Figure 18 that 3D scans produce
closer SBR percentages than 2D for all iterations except at
IT = 1. It can be noticed that the area evaluating the spheres
decreases as the IT value increases for both 2D and 3D and
for all bed section scanning times. These results match the
expectation of the radiologists at Paul Strickland Scanner

Table 4: Spheres to background ratio (SBR) for different variable
samples.

2D/3D Time/bed section Iteration SUB SBR (%)

2D 2 min 1 30 0.46

2D 2 min 5 30 0.31

2D 2 min 10 30 0.24

2D 2 min 30 30 0.22

2D 3 min 1 30 0.56

2D 3 min 5 30 0.59

2D 3 min 10 30 0.55

2D 3 min 20 30 0.53

2D 4 min 3 30 0.55

2D 4 min 15 30 0.42

2D 4 min 20 30 0.36

2D 4 min 30 30 0.31

3D 2 min 1 32 1.1

3D 2 min 3 32 0.76

3D 2 min 7 32 0.71

3D 2 min 10 32 0.69

3D 3 min 1 32 1.02

3D 3 min 3 32 0.77

3D 3 min 10 32 0.71

3D 3 min 15 32 0.68

3D 4 min 3 32 0.74

3D 4 min 10 32 0.68

3D 4 min 30 32 0.64
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Figure 22: MRA for real clinical data segmentation.

Centre. The segmented results achieved at IT = 10 are
illustrated in Figure 19.

A predefined clinical dataset comprised of 217 slices, with
slice thickness of 3.0 mm has been tested on the proposed
system. Based on the provided report, the patient is affected
by multiple bilateral renal cortical cysts; the largest one is
seen in the lower pole of the right kidney, measuring about
47× 45 mm. A snapshot taken for a DICOM viewer window
and the ROI has been located by the red lines in three
different orientations of the patient’s body scan (Figure 20).
It can be seen that ROI appears more clearly in its biggest
illustration in slice 198; this slice is illustrated in Figure 21,
and the ROI (kidney cancer) has been highlighted by red
colour.

MRA have been applied on the medical image to segment
it and detect ROI. Figure 22 illustrates the outputs of apply-
ing those techniques.

Table 5: Segmentation techniques’ performance based on patient
data (kidney cancer data).

Segmentation
technique

Cancer area
accuracy (%)

MSE
PSNR
(dB)

Data loss

DWT

Haar 91.0 102.7 35.2 Normal

Daubechies 89.5 104.5 34.3 Normal

Wavelet Packet 83.2 111.2 30.9 Normal

Ridgelet — 109.9 30.3 High

Curvelet 96.2 88.2 29.5 Normal
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Figure 23: Segmenting patient volume data affected by the kidney
cancer.

The performance of the proposed techniques for seg-
menting the illustrated slice in Figure 21 is explained in
Table 5. The area of the cancer has been measured and
compared to the provided report and then used to qualify
the performance of each technique as well as MSE, data loss,
and PSNR.

The clinical datasets have been segmented also using
3D segmentation techniques, and the lesions were detected
accurately. Curvelet transform has been used before 3D
segmentation to achieve a denoised CT output and ensure
smoother edges. Patient data which includes lesions in liver,
kidney and lung has been segmented and visualized in
Figures 23, 24, and 25, where the OOIs are located.

5. Conclusion

Due to the changing shapes of organs in medical images,
segmentation process using multiresolution analysis com-
bined with thresholding as pre- and postprocessing step
allows accurate detection of ROIs. Multiresolution analysis
such as wavelet transform is extensively used in medical
image segmentation and provides better accuracy in results.
Curvelet and ridgelet transforms are new extension of the
wavelet transform that aims to deal with interesting phe-
nomena occurring along higher dimensional singularities.
Though wavelets are well suited to point singularities, they
have limitations with orientation selectivity hence do not
represent changing geometric features along edges effectively.
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Figure 24: Segmenting patient volume data affected by the lung
cancer.
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Figure 25: Segmenting patient volume data affected by the liver
cancer (located by red arrows).

Curvelet transform exhibits good reconstruction of the edge
data by incorporating a directional component to the tradi-
tional wavelet transform. Experimental study in this report
has shown that curvelet-based segmentation of the medical
images not only provide good-quality reconstruction of
detected ROI, promising results are also achieved in terms
of accurately detecting ROI and denoising process. Curvelet
transform is a new tool and utilization of this technique; it is
far from sufficient in the medical image processing area. The
future work related to this is the implementation of 3D MRA
transform which can be applied directly on medical volumes
to detect obstacle and objects of interest.

References

[1] J. L. Starck, M. Elad, and D. Donoho, “Redundant multiscale
transforms and their application for morphological compo-
nent separation,” Advances in Imaging and Electron Physics,
vol. 132, pp. 287–348, 2004.

[2] A. Mojsilovic, M. Popovic, S. Markovic, and M. Krstic,
“Characterization of visually similar diffuse diseases from B-
scan liver images using nonseparable wavelet transform,” IEEE
Transactions on Medical Imaging, vol. 17, no. 4, pp. 541–549,
1998.

[3] S. Alzu’bi and A. Amira, “3D medical volume segmentation
using hybrid multiresolution statistical approaches,” Advances

in Artificial Intelligence, vol. 2010, Article ID 520427, 15 pages,
2010.

[4] C. Mulcahy, “Image compression using the Haar wavelet
transform,” Spelman Science and Mathematics Journal, vol. 1,
pp. 22–31, 1997.

[5] W. Fourati, F. Kammoun, and M. S. Bouhlel, “Medical image
denoising using wavelet thresholding,” Journal of Testing and
Evaluation, vol. 33, no. 5, pp. 364–369, 2005.

[6] B. Kara and N. Watsuji, “Using wavelets for texture classifica-
tion,” in IJCI Proceedings of International Conference on Signal
Processing, pp. 920–924, September 2003.

[7] M. N. Do and M. Vetterli, “The finite ridgelet transform for
image representation,” IEEE Transactions on Image Processing,
vol. 12, no. 1, pp. 16–28, 2003.

[8] M. Do and M. Vetterli, “Image denoising using orthonormal
finite ridgelet transform,” in Wavelet Applications in Signal and
Image Processing, vol. 4119 of Proceedings of SPIE, pp. 831–842,
2003.

[9] E. Candes, L. Demanet, D. Donoho, and L. Ying, “Fast
discrete curvelet transform,” SIAM: Multiscale Modeling and
Simulation, vol. 5, no. 3, pp. 861–899, 2006.

[10] I. Daubechies, “Wavelet transforms and orthonormal wavelet
bases, different perspectives on wavelets,” in Proceedings of the
Symposia in Applied Mathematics, vol. 47, pp. 1–33, American
Mathematical Society, San Antonio, Tex, USA, 1993.

[11] S. G. Mallat, “Theory for multiresolution signal decomposi-
tion: the wavelet representation,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 11, no. 7, pp. 674–693,
1989.

[12] K. Rajpoot and N. Rajpoot, “Hyperspectral colon tissue cell
classiffication,” in Medical Imaging, Proceedings of SPIE, 2004.

[13] I. S. Uzun and A. Amira, “Design and fpga implementation
of finite ridgelet transform,” in Proceedings of the IEEE
International Symposium on Circuits and Systems, (ISCAS ’05),
vol. 6, pp. 5826–5829, May 2005.

[14] E. J. Stollnitz, T. D. DeRose, and D. H. Salesin, “Wavelets for
computer graphics: a primer, part 1,” IEEE Computer Graphics
and Applications, vol. 15, no. 3, pp. 76–84, 2002.

[15] A. Haar, “Theorie der Orthogonalen Funkt Ionensysteme,”
Mathematische Annalen, vol. 69, no. 3, pp. 331–371, 1910.

[16] D. L. Donoho, “Ridge functions and orthonormal ridgelets,”
Journal of Approximation Theory, vol. 111, no. 2, pp. 143–179,
2001.

[17] M. N. Do and M. Vetterli, “Orthonormal finite ridgelet trans-
form for image compression,” in Proceedings of the Interna-
tional Conference on Image Processing, (ICIP ’00), pp. 367–370,
September 2000.

[18] E. Cand’es and D. Donoho, A Surprisingly Effective Non
adaptive Representation for Objects With Edges, Curves and
Surfaces, Vanderbilt University Press, Nashville, Tenn, USA,
2000.

[19] E. Candes, Ridgelets: theory and application, Ph.D. thesis,
Department of Statistics, Stanford University, Stanford, Calif,
USA.

[20] E. J. Candes and D. L. Donoho, “Ridgelets: a key to higher-
dimensional intermittency?” Philosophical Transactions of the
Royal Society A, vol. 357, no. 1760, pp. 2495–2509, 1999.

[21] J. L. Starck, E. J. Candes, and D. L. Donoho, “The curvelet
transform for image denoising,” IEEE Transactions on Image
Processing, vol. 11, no. 6, pp. 670–684, 2002.

[22] J. He, “A characterization of inverse Radon transform on the
Laguerre hypergroup,” Journal of Mathematical Analysis and
Applications, vol. 318, no. 1, pp. 387–395, 2006.



18 International Journal of Biomedical Imaging

[23] L. Dettori and L. Semler, “A comparison of wavelet, ridgelet,
and curvelet-based texture classification algorithms in com-
puted tomography,” Computers in Biology and Medicine, vol.
37, no. 4, pp. 486–498, 2007.

[24] Computed Tomography Scanner, King Abdullah University
Hospital, Ramtha, Jordan, 2009.

[25] International Electrotechnical Commission (IEC), Tech. Rep.
61675-1, Geneva, Switzerland, 1998.

[26] National Electrical Manufacturers Association (NEMA), Stan-
dards Publication NU2, Washington, DC, USA, 2001.

[27] L. Boubchir and J. Fadili, “Multivariate statistical modelling
of images with the curvelet transform,” in Proceedings of
the 8th International Conference on Signal Processing, Pattern
Recognition, and Applications, pp. 747–750, 2005.

[28] I. Sumana, Image retrival using discrete curvelet transform, M.S.
thesis, Monash University, Australia, 2008.

[29] L. Demanet, “The curvelet Organization,” http://www.curvelet
.org/software.html.



Hindawi Publishing Corporation
International Journal of Biomedical Imaging
Volume 2011, Article ID 241396, 7 pages
doi:10.1155/2011/241396

Research Article

Biomedical Imaging Modality Classification Using Combined
Visual Features and Textual Terms

Xian-Hua Han1 and Yen-Wei Chen1, 2

1 College of Information Science and Engineering, Ritsumeikan University, Kusatsu-Shi, 525-8577, Japan
2 College of Information Sciences and Technology, The Pennsylvania State University, University Park, PA 16802, USA

Correspondence should be addressed to Xian-Hua Han, hanxhua@fc.ritsumei.ac.jp

Received 22 February 2011; Revised 12 May 2011; Accepted 6 July 2011

Academic Editor: Fei Wang

Copyright © 2011 X.-H. Han and Y.-W. Chen. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

We describe an approach for the automatic modality classification in medical image retrieval task of the 2010 CLEF cross-language
image retrieval campaign (ImageCLEF). This paper is focused on the process of feature extraction from medical images and fuses
the different extracted visual features and textual feature for modality classification. To extract visual features from the images,
we used histogram descriptor of edge, gray, or color intensity and block-based variation as global features and SIFT histogram as
local feature. For textual feature of image representation, the binary histogram of some predefined vocabulary words from image
captions is used. Then, we combine the different features using normalized kernel functions for SVM classification. Furthermore,
for some easy misclassified modality pairs such as CT and MR or PET and NM modalities, a local classifier is used for distinguishing
samples in the pair modality to improve performance. The proposed strategy is evaluated with the provided modality dataset by
ImageCLEF 2010.

1. Introduction

Imaging modality is an important aspect of the image for
medical retrieval [1–6]. “In user studies, clinicians have
indicated that modality is one of the most important filters
that they would like to be able to limit their search by. Many
image retrieval websites (Goldminer, Yottalook) allow users
to limit the search results to a particular modality. However,
this modality is typically extracted from the caption and is
often not correct or present” [7]. Some works have shown
that image modality can be extracted from the image itself
using visual features [8–10]. Therefore, in this paper, we
propose to use both visual and textual features for medical
image representation, and combine the different features
using normalized kernel function in SVM.

In computer vision, studies have shown that the simple
global features such as histogram of edge, gray or color
intensity, can represent images, and give the acceptable
performance in image retrieval or recognition research fields.
Based on the success of the above-mentioned visual features
for general image recognition, we also use them as medical

image representation for modality classification. Recently,
using local visual feature for image representation has
become very popular, and been proved to be very effective
for image categorization or retrieval [11]. The most famous
approach for image representation using local visual feature
is bag of keypoints [12, 13]. The basic idea of bag of
keypoints is that a set of local image patches is sampled using
some method (e.g., densely, randomly, or using a keypoint
detector) and a vector of visual descriptors is evaluated on
each patch independently (e.g., SIFT descriptor, normalized
pixel values). The resulting distribution of descriptors in
descriptor space is then quantified in some way (e.g., by
using vector quantization against a prespecified codebook to
convert it to a histogram of votes for (i.e., patches assigned
to codebook centres) and the resulting global descriptor
vector is used as a characterization of the image (e.g., as
feature vector on which to learn an image classification
rule based on an SVM classifier). Furthermore, according
to the visual properties of medical images, we also calculate
a histogram of small-block variance as visual feature for
image representation. For textual feature, we predefine 90
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vocabulary words somewhat according to the statistical
properties of training samples’ captions and our knowledge
about medical modality, and calculate a binary histogram for
any medical image using their captions. After obtaining the
different features for image representation, we combine them
together using kernel function for SVM classifier. Because
different features maybe have deferent scale and dimension,
in order to allow each individual feature to contribute
equally for modality classification, we normalize the distance
between two samples using mean distance of all training
samples, and then, obtain the kernel function for each
individual feature. The final kernel for SVM classification
is the mean of individual kernel, which can be called Joint
Kernel Equal Contribution (JKEC). Furthermore, for some
easy misclassified modalities such as CT and MR or PET
and NM, a global classifier, which deals with all modalities
in the used database, may not be effective in distinguishing
the local modalities from each other. Therefore, after the
global classification, a local classifier is used in the easy
misclassified modality pairs to refine the classification results.
Finally, the proposed algorithm is evaluated on the modality
dataset of ImageCLEF 2010, and almost achieve the expected
accuracy rate expected by the modality classification task of
ImageCLEF 2010, which is about 97% classification rate.

2. Feature Extraction for Image Representation

In this section we describe how we extract a feature
representation, which is somewhat robust to the high
variability inherent in medical images and includes enough
discriminative information for modality category. Some
previous studies showed that it is difficult to correctly classify
image categorization with only one type of image feature
[14, 15]. So in this paper, we represent images with different
images features including gray and color intensity histogram,
block-based edge and variance histogram, popular bag-of-
words model as visual feature, and a binary histogram of
the predefined vocabulary words from image captions as
textual feature. Then we merge them together for modality
classification. Next, we simply introduce the used features for
medical image representation.

2.1. Visual Features

2.1.1. Gray and Color Intensity Histogram. Intensity his-
tograms are widely used to capture the distribution informa-
tion in an image. They are easy to compute and tend to be
robust against small changes of camera viewpoints. For Gray
intensity histogram, we can calculate the number of each
intensity (0–255) for all image pixel, and normalize it using
pixel number. Given an image I in some color space (e.g.,
red, green, and blue), to calculate color histogram the color
channels are quantized into a coarser space with k bins for
red, m bins for green, and l bins for blue. Therefore the color
histogram is a vector h = (h1,h2, . . . ,hn)T , where n = kml,
and each element hi represents the number of pixels of the
discretized color in the image. We assume that all images

have been scaled to the same size. Otherwise, we normalize
histogram elements as

h′j =
y j∑n
j=0 y j

. (1)

2.1.2. Block-Based Edge Histogram. We firstly segment the
image into several blocks, and calculate edge histogram
weighted by gradient intensity in each block [16]. In
experiment, we grid-segment an image into 4-by-4 block,
and calculate a 20-bin edge histogram in each block. So we
have 320-(20 ∗ 16-)dimensional edge histogram feature for
medical image representation.

2.1.3. Block-Based Variance Histogram. For each pixel in an
image, a small patch centered by the specific pixel are used
for calculating the local variation of the pixel. After obtaining
the local variation of all pixels in the image, a histogram of
variation intensity is calculated for the image representation.

2.1.4. Bag-of-Words Feature. In computer vision, local
descriptors (i.e., features computed over limited spatial sup-
port) have proved well-adapted to matching and recognition
tasks, as they are robust to partial visibility and clutter. In
this paper, we use grid-sampling patches, and then compute
appearance-based descriptors on the patches. In contrast to
the interest points from the detector, these points can also
fall onto very homogeneous areas of the image. After the
patches are extracted, the SIFT [11] descriptor is applied to
represent the local features. The SIFT descriptor computes
a gradient orientation histogram within the support region.
For each of 8 orientation planes, the gradient image is
sampled over a 4-by-4 grid of locations, thus resulting in a
128-dimensional feature vector for each region. A Gaussian
window function is used to assign a weight to the magnitude
of each sample point. This makes the descriptor less sensitive
to small changes in the position of the support region and
puts more emphasis on the gradients that are near the
center of the region. To obtain robustness to illumination
changes, the descriptors are made invariant to illumination
transformations of the form aI(x) + b by scaling the norm
of each descriptor to unity [11]. These SIFT features are
then clustered with a k-means algorithm using the Euclidean
distance. Then we discard all information for each patch
except its corresponding closest cluster center identifier. For
the test data, this identifier is determined by evaluating the
Euclidean distance to all cluster centers for each patch. Thus,
the clustering assigns a cluster c(x)(c = 1, . . . C) to each
image patch x and allows us to create histograms of cluster
frequencies by counting how many of the extracted patches
belong to each of the clusters. The histogram representation
h(X) with C bins is then determined by counting and
normalization such that

hc(X) = 1
LX

LX∑
l=1

δ(c, c(xl)), (2)

where δ denotes the Kronecker delta function. Figure 1
shows the procedure of bag-of-words (BoW) feature extrac-
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tion and the extracted histogram feature of an example
image. Obviously, there exist alternatives to algorithmic
choices made in the proposed method. For example, different
interest point detectors can be used. However, it does not
manifest obvious merit for different background cluster of
images. Furthermore, the geometrical relation between the
extracted patches is completely neglected in the approach
presented here. While this relation could be used to improve
classification accuracy, it remains difficult to achieve an
effective reduction of the error rate in various situations by
doing so.

2.2. Textual Features. According to the statistical properties
of word occurrence in each training modality image’s
captions and our prior knowledge about the classifying
modalities, we select 90 key-words, such as CT, curve,
MR, urethrogram, and PET, as the vocabulary for forming
a binary histogram for each medical image. The binary
histogram for image representation is 90-dimension vector,
where each dimension is correspond to one selected keyword.

If one keyword appeared one or more than one time in an
image’s caption, the value of the corresponding dimension
in its represented binary histogram will be 1, otherwise it will
be 0. The textual feature extraction procedure is illustrated in
Figure 2.

3. Feature Fusion

Given a training set (xi, yi)i=1,2,...,N of N instances consisting
of an image xi ∈ χ and a class label yi ∈ 1, 2, . . . ,C, and
given a set of F image features fm : χ → Rdm , m =
1, 2, . . . ,F, where dm denotes the dimensionality of the mth
feature, the problem of learning a classification function
y : χ → 1, 2, . . . ,C from the features and training set
is called feature combination problem. In computer vision,
the problem of learning a multiclass classifier from training
data is often addressed by means of kernel methods. Kernel
methods make use of kernel functions defining a measure
of similarity between pairs of instances. In the context of
feature combination it is useful to associate a kernel to each
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image feature as the following equation (3), and combine the
kernels of different features together. For a kernel function K
of each feature between real vectors we define the short-hand
notation:

Km

(
Ii, I j ,

)
= K

(
fm(Ii), fm

(
I j
))
= K

(
S
(
fm(Ii), fm

(
I j
)))

,

(3)

where Ii and I j are two samples, fm(Ii) is the mth extracted
feature from the sample Ii, and S( fm(Ii), fm(I j)) is the
similarity measure between the mth features of the samples Ii
and I j . Then the image kernel Km: χ × χ ∈ R only considers
similarity with respect to image feature fm. If the image
feature is specific to a certain aspect, say, it only considers
color information, then the kernel measures similarity only
with regard to this aspect. The subscript m of the kernel
can then be understood as indexing into the set of features.
Because different features maybe have different scale and
dimension, in order to allow each individual feature to
contribute equally for modality classification, we normalize
the distance between two samples using mean distance of
all training samples, and then, obtain the kernel function
for each individual feature fm. The final kernel for SVM
classification is the mean of individual kernel, which can
be called Joint Kernel Equal Contribution (JKEC). For the
feature similarity calculation of two samples, we use several
distances: Euclidean distance (L2 distance), L1 distance, and
χ2 distance, for evaluating the classification performance.
The χ2 distance for two samples can be calculated as follows:

S
i, j
m = S

(
fm(Ii), fm

(
I j
))
=

L∑
1

(
xl − yl

)2

xl + yl
, (4)

where x and y represent the mth features fm(Ii), fm(I j) of
samples i and j, respectively, and xl is the lth element of

the vector x. S
i, j
m is the similarity measure of the mth feature

between the ith and jth training samples. Then, the RBF
function is used for calculating the kernel:

K
i, j
m = Km

(
Ii, I j ,

)
= exp

⎛⎝−S
(
fm(Ii), fm

(
I j
))

γm

⎞⎠, (5)

where γm is the normalized item for kernel function of the
mth feature. Here, we use the distance mean of all training

samples as γm = 1/N2(
∑N

i

∑N
i S

i, j
m ) (N is the training sample

number), which will lead to similar contribution of each
feature to kernel. Then the final combined kernel function
can be obtained by

K i, j = 1
M

M∑
i

K
i, j
m , (6)

where M is the feature number for image representation. The
proposed algorithm is evaluated on the modality training
dataset of ImageCLEF 2010, which expects about 97%
classification rate on the released evaluated and test datasets.
Because the ground-truths of the evaluated and test dataset
are not released, we cross-validate our proposed strategy with
the released training dataset firstly. The classification rate
with our experiment on training dataset almost approxi-
mated the required goal of the modality classification task.

4. Refinement Procedure for Easy
Misclassified Modalities

In the released medical database by ImageCLEF 2011, some
modalities have a lot of visual similarity such as PET and NM
modality. Therefore, it is difficult to distinguish them in the
global modality classification, which deals with all modalities
in the database. In this section, after the global conventional
classification, we design local classifiers to refine the classifi-
cation results in easy-misclassified modalities. Next, we firstly
explain the used dataset, and then, introduce how to design
the local classifier according to evaluation results.

4.1. Image Data. The database released for the ImageCLEF-
2010 Medical modality classification in medical retrieval task
includes 2390 annotated modality images (CT: 314; GX: 355;
MR: 299; NM: 204; PET: 285; PX: 330; US: 307; XR: 296)
for training and a separate evaluated set consisting of 2620
images. The aim is to automatically classify the evaluated set
using 8 different modality label sets including CT, MR, and
PET. Some example images are shown in Figure 3. A more
detailed explanation of the database and the tasks can be
found in [17].

4.2. Local Classifier Designing. For validating the discrimi-
nant properties of different modalities, we randomly select
180 samples from each medical modality in ImageCLEF
2010 training dataset, and the remainder for testing. We
combine all visual and textual features using the JKEC fusion
strategy introduced in Section 3, for modality classification.
The confusion matrix of one run is shown in Table 1. From
Table 1, it can be seen that 92.537% CT sample images
are correctly recognized as CT modality, and 3.9851% and
2.2388% are classified as MR and XR modalities, respectively.
On the other hand, about 2-3% MR or XR sample images
are also misrecognized as CT modality. At the same time,
it is obvious that NM and PET or GX and PX modalities
are also easily misclassified from each other. Therefore, we
design three local classifiers for the limited easy-misclassified
modalities, which are CT, MR, and XR group, NM and
PET group, GX and PX group, to refine the classification
results in local regions. The refinement procedure with
the local classifiers are shown in Figure 4. The compared
experimental results with or without refinement procedure
are shown in Figure 5. From Figure 5, it can be seen that the
recognition rates for CT, MR, PET, PX, and XR modalities
with local classifier refinement can be improved more than
1% compared to those without refinement.

5. Experiments

In this section, we validate the recognition rates of different
features with three types of similarity measures: Euclidean
distance (L2 distance), L1 distance and χ2 distance, and do the
cross-validation experiments using the combined visual and
textual features on ImageCLEF 2010 training dataset. Then,
the submitted runs to medical modality classification of
ImageCLEF 2010 and the released results will be introduced.
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Table 1: Confusion matrix of one run on medical evaluated dataset using combined visual and texture features.

Modality CT GX MR NM PET PX US XR

CT (%) 92.537 0 3.9851 0 0.4925 0.7463 0 2.2388

GX (%) 0 97.714 0 0 0 0.2857 0 0

MR (%) 3.3613 0 94.118 0 0 0.8403 0 1.6807

NM (%) 0 0 0 98.23 1.77 0 0 0

PET (%) 0 0 0.4224 2.53 97.048 0 0 0

PX (%) 0 1.333 0 0.6667 0 96.667 0 1.3333

PX (%) 0 0 0.7874 0 0.7874 98.425 0 0

XR (%) 1.7241 0 2.5862 0.8621 0 0.8621 0 93.966

(1) The recognition rates of different features with three
types of similarity measures: in order to validate what
kind of distance measure is adaptive to each extracted
feature for image representation, we apply three
types of similarity measures: Euclidean distance (L2

distance), L1 distance, and χ2 distance, for calculating
the kernel function as in (5) of SVM classifier. In
the experiments, with the ImageCLEF 2010 training
dataset, 180 images are randomly selected for training
from each modality, the remainder are for test. The
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compared recognition rates are shown in Figure 6,
where “Kai2” means χ2 distance. From Figure 6, it
can be seen that L1 and χ2 distance can obtain
much better performance than L2 distance for most
features, and χ2 distance can achieve a little better
than or similar results to L1 distance. Then, in
the next experiments, we utilize χ2 distance for a
similarity measure of all features to calculate SVM
kernel functions.

(2) Cross-validation experiments: in the experiments, we
firstly divide the training dataset of ImageCLEF 2010
into 5 groups, and use 4 groups as training and
1 group as test to cross-validate the performance
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Figure 7: The recognition rates of cross-validation strategy using
different features, where visual means the recognition rate using the
combined feature of all visual ones, visual + textual means those
using the combined textual and visual features, and visual + textual
+ refine means using refinement procedure after classification with
the combined textual and visual features.

of different features with χ2 distance as similarity
measure. The recognition rates are shown, Figure 7,
where visual means with the combined features of all
visual ones, Visual + Textual means with the com-
bined features of all visual and textual ones, visual
+ textual + refine means using refinement procedure
after classification with all combined features. From
Figure 7, it can be seen that the average recognition
rate can be improved about 1% after the refinement
procedure introduced in Section 4.

(3) Submitted runs: as Medical Image Processing Group
(MIPG) of our Intelligent Image Processing Lab-
oratory (IIPL) in Ritsumeikan University, we pre-
pared four runs for evaluation image set, which
used combine visual feature, textual feature, both
visual and textual features, and weighted visual and
textual features. The recognition results are shown
in Table 2. We submitted two runs using textual,
combined textual and visual features by on-line-
system, respectively. Our results are ranked second
among 6 participating teams, and the result of one
run is also ranked second among about 50 runs [18].
At the same time, the recognition rates (submitted
run: 93.36%, unsubmitted run: 93.89%) of our
methods using mixed feature (Visual plus textual)
are similar to the first ranking results 94% by Xerox
Research Centre Europe.

6. Conclusions

In this paper, we proposed to extract different visual and
textual features for medical image representation, and use
JKEC strategy to fusion them for modality classification. To
extract visual features from the images, we used histogram
descriptor of edge, gray, or color intensity and block-
based variation as global features and SIFT histogram as
local feature, and the binary histogram of some predefined
vocabulary words for image captions is used for textual
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Table 2: Overall classification rates on medical evaluated dataset using combination of different features.

Features Visual Textual Visual + texture Weighted visual + textual

Classification rate (%) 87.07 84.58 93.36 93.89

feature. Because different features maybe have different scale
and dimension, in order to allow each individual feature to
contribute equally for modality classification, we proposed
to use joint kernel equal contribution (JKEC) for kernel
fusion of different features. Furthermore, for some easy
misclassified modality pairs such as CT and MR or PET and
NM modalities, a local classifier is used for distinguishing
samples in the pair modality to improve performance. The
proposed algorithm is evaluated by the provided modality
dataset by ImageCLEF 2010.
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Accurate detection of the borders of skin lesions is a vital first step for computer aided diagnostic systems. This paper presents
a novel automatic approach to segmentation of skin lesions that is particularly suitable for analysis of dermoscopic images.
Assumptions about the image acquisition, in particular, the approximate location and color, are used to derive an automatic
rule to select small seed regions, likely to correspond to samples of skin and the lesion of interest. The seed regions are used
as initial training samples, and the lesion segmentation problem is treated as binary classification problem. An iterative hybrid
classification strategy, based on a weighted combination of estimated posteriors of a linear and quadratic classifier, is used to
update both the automatically selected training samples and the segmentation, increasing reliability and final accuracy, especially
for those challenging images, where the contrast between the background skin and lesion is low.

1. Introduction

Melanoma is a common cancer in the adult population, and
accounts for a considerable number of deaths in fair skinned
people worldwide. It may arise within preexistent moles or de
novo in unaffected skin. When diagnosed at an early-stage
prognosis is excellent, the melanoma can be cured by simple
excision. However, as melanomas can be hard to distinguish
from common moles, even for experienced dermatologists,
early diagnosis is a challenge, especially for general practi-
tioners.

A recent advance in diagnosis of melanomas is the emer-
gence of dermoscopy, also known as epiluminescence micro-
scopy. Dermoscopy is a noninvasive diagnostic technique
that consists in the examination of skin lesions with a der-
moscope, which is a hand held optical device that typically
consists of a magnifying lens and a light source, used to
illuminate the skin. Usually, a transparent plate and liquid
medium is placed between the instrument and the skin,
allowing the inspection of a lesion, in the upper layers of

the skin, in great detail. This clear view of the skin can help
with diagnosing skin cancers [1].

There is a considerable variation in the appearance of
common moles and melanomas. They both appear as spots
on the skin, with diameters ranging from a few millimeters
up to several centimeters. Color typically is brown or black,
but red and blue also exists. In most situations the pigmented
lesion can easily be identified from the normal surrounding
skin which appears lighter.

Delineation of the contour of pigmented skin lesions
(segmentation) plays a relevant role for automatic feature
extraction, where the purpose is automatic diagnosis of
melanomas. Image segmentation is the process of adequately
grouping pixels into a few regions, whose pixels share some
similar characteristic, like color, texture, or shape [2]. Auto-
mated analysis of edges, colors, and shape of the lesion relies
upon an accurate segmentation and is an important first
step in any computer aided diagnosis system. Indeed, most
commercially available systems show a great variability in
reliability and specificity in the diagnostic process, and
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the image segmentation also varies greatly [3]. Irregular
shape, nonuniform color, and ambiguous structures make
the problem challenging [4]. The presence of hairs and skin
flakes are additional undesirable features that may interfere
with segmentation. An additional complication arises in the
validation of any technique, as there is no gold standard to
refer to. Even trained dermatologists differ significantly when
delineating the same lesion in separate incidents [5], so val-
idation of any technique has to be treated with care. Indeed,
an important feature of any segmentation procedure must
be reproducibility. Even under the best effort to counter this,
different images of the same lesion will differ slightly in illu-
mination, rotation, and shear due to the flexibility of the skin.

Supervised segmentation methods are those methods
that require input from the analyst, such as examples of
skin and lesion pixels, a rough approximation of the lesion
borders to be optimized, or a final refinement of a proposed
solution [6–8]. Generally, in such settings, the user needs
to provide a priori input for each particular image being
analyzed. This task relies on the experience and knowledge
of the user. Although this kind of approach may be very
effective, the process may be particularly time consuming
for health care professionals. As an alternative, automatic
segmentation methods (also called unsupervised methods)
attempts to find the lesion borders without any input from
the analyst and can, therefore, be applied even by persons
who are not trained in dermatology. Several approaches have
been proposed in this direction. Most common automatic
segmentation algorithms rely on techniques based on his-
togram thresholding [7, 9–12], where most commonly RGB
information is mapped to a one or two-dimensional color
space through choice of one of the channels, luminance,
or principal component analysis. Other approaches include
clustering [4, 13, 14], region-based techniques [7, 15, 16],
contour-based approaches [7, 17–20], genetic programming
[21], and segmentation fusion techniques [22]. A recent
overview of methods applied to segmentation of skin lesions
in dermoscopy images suggest that clustering is the most
popular segmentation method, probably due to the availabil-
ity of robust algorithms [6].

The algorithm proposed in Celebi et al. (2008) [16] uses
a region growing and merging technique called statistical
region merging (SRM) [23] to segment the image. SRM was
proven to be a robust segmentation algorithm for segmen-
tation of color images. In [16], SRM achieved better results
on segmentation of skin lesions when compared to five auto-
mated methods: the dermatologist-like tumor extraction
algorithm [15], the JSEG segmentation algorithm [24], the
mean-shift clustering [4], and the orientation-sensitive fuzzy
c-means [13]. The recently proposed automatic adaptive
thresholding (AT) by Silveira et al. (2009) [7] segments the
image by comparing the color of each pixel with a threshold.
The algorithm uses entropy to find the most suitable RGB
channel for discrimination, and a pixel is classified as lesion
if it is darker than the threshold. Distinct rules are proposed
to compute the threshold for the cases of bimodal or single
component histograms.

Currently, several instruments designed for computer
aided diagnosis (CAD) of skin lesions are commercially

available. Despite the use of powerful and dedicated video
cameras, the cost related to the acquisition material [25] or
the actual usefulness of these instruments for dermatologists
practising [3] may be the reasons that prevent their wide
diffusion to physicians.

At the other hand, current limitations of state-of-art
CAD instruments motivates the development of new algo-
rithms for analysis of skin lesions and simple data acquisition
options. Following an approach that might be practical
and intuitive for dermatologists, the images considered in
this study are taken by a consumer digital camera with a
dermatoscope attached. This simple image acquisition setup
was considered for instance in [26–28]. As a usual procedure
for dermatologists, an alcohol-based contact fluid liquid
between the skin and the dermoscope is used during the
acquisition of the images. This minimizes the formation of
air bubbles, reducing artifacts.

Although several algorithms for unsupervised image
segmentation have been proposed in the literature, they do
not necessarily perform well for the specific problem of
skin lesion segmentation, and it appears unlikely that one
particular method could outperform all other segmentation
methods for any lesion. Our idea is to exploit (a) the fact that
skin lesions are approximately located in the center of the
dermoscope during the acquisition process and (b) the color
characteristics of typical lesions and integrate such informa-
tion into a reliable framework for automated segmentation
of skin lesions. This results in an algorithm for segmentation
based on classification, where the initial training data set
is selected as portions of the image based on these initial
assumptions, and the training set is iteratively expanded.
This training and classification occurs within one image only,
the training set being small portions of the image called seed
regions. Thus, we arrive at our proposed algorithm, which
we will denote iterative classification Segmentation (ICS).

The proposed segmentation method introduces novelties
in the current state-of-art of methods designed specifically
for segmentation of dermoscopic skin lesions.

(1) An automated method is proposed to select small
seed regions to represent both the background skin
and lesion. In the proposed approach, seed regions
are used for initialization of an iterative classification
framework. This differs from previous studies, in
some of which seed regions are manually placed for
modeling the background skin [4], or others, where
it is assumed that the corners of the lesion images
are good estimates for the background skin [16]. We
believe our approach provides more flexibility in the
search for suitable regions despite its simplicity.

(2) The lesion segmentation problem is treated as a bina-
ry classification problem. A hybrid strategy that com-
bines classification posterior probability estimates
from two distinct classifiers is presented. For each
particular lesion, the best choice between a linear or
quadratic classifier (or a weighted combination of
both) is automatically set by optimization of the clas-
sification accuracy. The proposed classifier proved to
be valuable in the context of iterative classification.
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(3) An iterative approach is used to update the param-
eters of the classifiers and the final segmentation. In
contrast to semisupervised learning techniques that
make use of both labeled and unlabeled data for
training [29], where typically high confident samples
are iteratively added to the initial set of ground
truth manually labeled samples; here, the proposed
method attempts to use only automatically selected
samples with no supervision involved. It appears of
interest to understand if such kind of approach would
be valuable to solve the problem of segmentation of
skin lesions.

(4) The proposed method makes specific hypothesis for
the segmentation problem of interest, allowing the
design of safeguard criteria for driving the unsuper-
vised update of training samples. We believe that
the idea might also be successfully extended to seg-
mentation of other kind of medical images, provided
that the hypothesis, notably the a priori location of
and relative color of elements of interests, is properly
defined.

(5) As with most of methods dealing with image pro-
cessing, there are inevitably parameters that must be
set by the user. Throughout this paper, we attempt
to use parameters defined in length units as much
as possible, thus using the magnitude of a physical
quantity. Since in practical applications, the resolu-
tion of the equipment used for image acquisition can
be measured, the parameters can be easily converted
to pixel unities for image analysis. Surprisingly, we
observe in the literature that most papers dealing
with segmentation of skin lesions cite the relevant
algorithm parameters in pixels, or a value relative to
the image size, often without reference to the image
resolution. This complicates unbiased implementa-
tion of alternative techniques for comparison pur-
poses. Hopefully, our approach might help other
researchers using different equipment.

The remaining of the paper is organized as follows; in
Section 2, we introduce the ICS framework. Section 3 out-
lines the postprocessing steps allowing the final segmenta-
tion. Section 4 presents experimental evidence of the com-
petitiveness of the ICS algorithm for segmentation of skin
lesions using dermoscopy images. We conclude with final
remarks in Section 5.

2. Methodology

The proposed ICS framework is characterized by three main
processing stages.

(1) Initialization: automatic search for seed regions
under assumptions on the approximate location of
the lesion and the usual lighter nature of the skin
color compared to the lesion. The seed regions pro-
vide training samples for the binary classification
between background skin and lesion.

(2) Classification: two distinct base classifiers are made
available to the classification procedure, specifically a
linear and quadratic classifier. The decision of which
classifier to use for each particular lesion, or possibly
a combination of both classifiers (weighting), is
automatically decided using optimization of the clas-
sification accuracy. This classification strategy can be
seen as a hybrid classifier, here defined in terms of the
combination of the posterior classification probabil-
ities. The classification is iterated, facilitating robust
selection of new training samples and segmentation.

(3) Iteration: the automatically selected training samples
are updated and the classification is repeated itera-
tively until convergence.

A flowchart of the proposed ICS algorithm is depicted
in Figure 1. A detailed description of the assumptions and
the relevant processing stages is provided in Sections 2.2–2.5.
The postprocessing that leads to the final segmentation mask
is presented in Section 3.

2.1. Preprocessing. The RGB image is first processed to the
perceptual uniformity CIE L∗u∗v color space. The L∗u∗v
color space attempts perceptual uniformity, and it is exten-
sively used for applications such as computer graphics and
was previously used for segmentation of skin lesions [13].

2.2. Assumptions. Specific assumptions about the dermo-
scopic image acquisition and the colors of skin and lesion
are used for the initial automatic selection of seed regions, as
described below.

2.2.1. Image Acquisition. We assume that at least part of the
lesion is located inside the circular spatial domain d1 =
{r ≤ 5 mm}, where r is the radius of a disk centered in the
image (r = 5 mm corresponds to the red circular ring in
Figure 2). In practice, this assumes that some care was taken
during the acquisition of the image. The assumption is not
very stringent: as it will be described in Section 2.3, only a
small part of the lesion needs to be located inside this spatial
domain. When the lesion is relatively small, the domain d1

might enclose the entire lesion.
In a similar way, we assume that in the remaining part

of the imaged area, the spatial domain d2 = {5 mm <
r ≤ �}, where � is the radius of the entire circular imaged
area acquired using the dermatoscope (with our equipment,
� ≈ 8.7 mm), a few small skin regions, possibly spatially
homogeneous, are available. In general, this should be true,
except for big lesions covering the entire image. For skin
lesions covering the full dermoscopic area, (i.e., ≈240 mm2

with the current dermatoscope), segmentation between skin
and mole is not applicable. From a medical point of view, the
size of a lesion is itself indicative of further medical attention,
but since segmentation is meaningless in such cases, we will
ignore these in the remainder.

2.2.2. Skin Color. An a priori assumption regarding the
color of both skin and lesion areas is necessary to initialize
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Figure 1: A flowchart of the proposed ICS algorithm showing the main processing modules.

the unsupervised (automatic) selection of training samples.
We assume that the lighter areas in d2 are likely to be skin and
those areas in d1 that differs most, in a statistical sense, from
the skin correspond to lesion.

The statistical difference is here computed measuring
the Euclidian distances in the Luminance component of the
calibrated RGB image processed to the CIE L ∗ u ∗ v color
space. As will be shown later in experiments (in Figure 3),
the location of the seed regions using only the Luminance
component proved to be robust enough to the great majority
of lesions analyzed.

2.3. Stage1: Initial Unsupervised Selection of Training Samples

2.3.1. Skin Samples. The peripheral spatial domain d2 is
divided into four quadrants. In each quadrant, we search for
a small seed, a box of size wskin × wskin pixels corresponding
to the lighter colored areas by looking for the regions with
maximum average value of the pixel’s luminance component.
According to the assumption in Section 2.2.2, these regions
are likely to be skin portions. We suggest wskin = 1.0 mm. The
skin seed regions corresponds to the green boxes depicted in
green in Figure 2.

Once the four skin seeds are positioned, in order to
further increase the robustness of the process, we select and
merge only the three seeds that correspond to the regions
that are statistically most similar by testing all three vs
one combination of regions (again, measuring the Euclidian
distance of the luminance component in the two sets). The
pixels located in the seed regions are the initial skin training
samples. Excluding one out of the four seeds reduces the risk
of incorporating regions that are contaminated by artifacts.

2.3.2. Lesion Samples. Once representative initial skin sam-
ples are identified (Section 2.3.1), we search in the central
spatial domain d1 for the box of size wmole × wmole whose
average pixel values in the luminance component has the
largest Euclidian distance from the initial skin training sam-
ples average value.

Depending on the size of the box compared to the size
of the lesion, skin pixels may be present inside the box.

Intuitively, a bigger box over the lesion would better capture
the variability of the lesion, but it increases the probability of
including skin pixels, so a tradeoff must be made. We suggest
wmole = 1.5 mm. Examples of this initial location for the
lesion seed are the blue boxes shown in Figure 2.

For illustrative purposes, Figure 2(b) includes the case
of a challenging lesion characterized by a brighter color
compared to the background skin. In this particular example,
the proposed method was able to accurately position both
seed regions.

2.4. Stage 2: Classification. Once the initial training samples
are automatically selected using the procedure described in
the previous section, the samples can be used for “super-
vised” classification. Note that the initial training samples
were obtained in an automated way using only assumptions
about the images. Notice, however, that since the initial
training samples were obtained from an automatic strategy, a
mechanism aiming at improving the segmentation accuracy
and the confidence of the automatic training samples selec-
tion would be desirable.

From a classification perspective, it is worth mentioning
that the initial seed regions (the automatically selected skin
and mole box regions in Figure 2 using the luminance L com-
ponent) are likely to be perfectly separable. This is because
the seeds are found by looking for bright pixels on the
periphery and the most dissimilar pixels in the center. There-
fore, it is likely that the decision boundary will be poorly
specified and hence unlikely that a quadratic classifier could
initially outperform a simple linear classifier. However, as
new training samples are iteratively added to the model, and
using all the L∗u∗v color components, one could expect that
the decision boundaries between both skin and lesion would
become progressively better defined in the feature space and
potentially allowing a quadratic classifier to benefit from the
higher flexibility in placing the discriminating boundaries.

Because of their simplicity and fast calculation, linear
discriminant analysis (LDA) and quadratic discriminant
analysis (QDA) [30] are initially considered as base classifiers
for the binary classification problem. QDA fits multivari-
ate normal densities with covariance estimates stratified by
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(a) Malignant melanoma

(b) Lesion lighter than the background skin

Figure 2: (Left) The small automatically selected green boxes correspond to the skin seed regions used as initial training. The location
is based on the brightest luminance in each quadrant. The blue box corresponds to the seed region for the lesion, selected as the region
statistically most different from the skin seeds. The three middle images show intermediate iterative steps at iterations j = {1, 2} and the
final iteration which is j = 7 in (a), j = 3 in (b). In these maps, yellow and blue pixels are those classified with high confidence as skin
and lesion, respectively. The maps include also red and green pixels, corresponding to those pixels classified with low confidence as skin and
lesion, respectively. The white contour in the rightmost figure is the final border obtained after postprocessing.

lesion and skin groups, when LDA uses a pooled covariance
matrix estimation. We also considered using a nonparamet-
ric classifier (specifically, the neatest-neighbor classifier), but
due to the computational burden it was discarded. LDA can
be seen as a particular case of the QDA classifier, raising the
question if there is some added value in considering the use
of a linear classifier in the proposed method. In preliminary
experiments, we found scenarios where the simple linear
choice appears to be preferable, for instance, in cases where
the seed regions corresponding to skin are placed on very
homogenous areas. This areas typically exhibit very low
variance, compromising the estimation of the covariance
matrix for the skin class in QDA. The low variance may
result also from the placement of the seed in regions that
does not provide an accurate representation of the statistics
of all the background skin (poor location). If the quadratic
classifier is used, despite the perceptual small differences
of color between the seed region for skin and the whole
background skin, it appeared that skin portions would be
wrongly classified as high confident skin (pλk(y = 1 |
x) > 0.98). This undesired behavior would compromise
the iterative update of confident training samples, especially
for the lesion. Especially at the beginning of the iterative
classification, it appears to be more prudent to use of linear
classifier. As more samples are added, a better estimate of the
class statistics would be a benefit for the quadratic classifier.

The above considerations suggests that the use of an iter-
ative procedure would be a reasonable choice for update of
the initially selected training samples, and ideally, the choice
between LDA and QDA should be automatic in the iterative
process.

Our proposed methodology for selection between LDA
and QDA for classification is very simple in nature. Assume
that the classification output for a given pixel x is y = 1 for
pixels classified as skin and y = 2 for lesion. We consider a
class of hybrid posterior estimates

pk
(
y = Ω | x) = λk p

QDA
k

(
y = Ω | x)

+ (1− λk)pLDA
k

(
y = Ω | x),

(1)

where 0 ≤ λk ≤ 1. Given the training data, our aim is to
choose a value of λk that maximizes classification accuracy of
classes Ω = {1, 2} at each iteration k = {1, 2, 3, . . . ,n}.

Without ground-truth samples, estimating classification
accuracy is a challenging task. We rely on the train-
ing samples from the automatically placed seed regions.
Such samples are dived in two spatially disjoint subsets. One
subset is used to train LDA and the other QDA. In practice,
one and a half of the three seed regions corresponding to
skin, and half of the mole seed region are used in each
classifier. This reduces the spatial correlation between the
samples used in both classifiers. For an easy implementation
of (1), the interval [0− 1] for λk is finely partitioned and the
value of λk that provides the best classification is chosen. For
each value of λk , we compute the classification accuracy for
both the skin and the lesion classes and retain the minimum
value. At least, half of the samples remained unseen by each
classifier, acting like independent test samples. An important
point is that in case of identical classification accuracies
for distinct values of λk , the lowest value of λk is selected,
privileging the simpler LDA. Typically, this is the case in the
first iterations.
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(b) 22 malignant lesions

Figure 3: Average accuracy (η) of the detected seed regions for the images in the test set, according to the diagnosis. For visualization
purposes, instead of the number of lesions, the vertical axis shows the corresponding percentage out of 100 benign and 22 malignant lesions.

2.5. Stage 3: Iterative Update of Training Samples and Classifi-
cation. After the initial binary classification, new additional
samples are added iteratively to the classification process to
better estimate the parameters of the classification model. In
order to keep classification stable, it is desirable to focus on
those skin and mole pixels classified with high confidence:
those pixels classified with an estimated a posterior prob-
ability higher than the predefined threshold pλk(y = Ω |
x) > τ. In our experiments, we set τ = 0.98, which seems
a reasonable empirical choice. In the case of the background
skin, any position in the image classified as skin with
high confidence is eligible for providing additional training
samples. In the case of the lesion, an additional safeguard
constraint is imposed. The idea is to eliminate artifacts and
lesion pixel candidates from small isolated regions that are
possibly not representative. For this purpose, mathematical
morphological opening [31] is applied to regions classified as
mole in the input binary mask. In our experiments, opening
is applied using a disk of diameter d = 1 mm as structural
element. In the sequence, the continuous subregion resulting
from opening that best encloses the initial lesion seed box is
selected. Lesion pixels classified with high confidence inside
this subregion are eligible for update. This restriction is not
applied for the segmentation itself but only for the selection
of training samples.

The classifiers are, thus, iteratively trained using those
samples from the original seed regions plus an additional
set of training samples randomly selected at each iteration.
For practical computational, the maximum number of added
samples for each class is limited to the corresponding number

of samples contained in the original seed regions. Thus, at
each iteration, half of samples are the original, and half are
updated with high confident ones.

The classification and training sample selection is repeat-
ed until convergence. The default stop criteria of the iterative
update of training samples is defined as∣∣∣∣1− mk+1

mk

∣∣∣∣ < 0.01, (2)

where mk is the number of pixels classified as lesion with high
confidence at iteration k.

3. Postprocessing

The final binary segmentation mask might contain a certain
number of disjoint regions classified as lesion. Ideally, the
segmentation procedure is expected to produce two inde-
pendent regions: lesion and background. Since these regions
are rarely homogeneous, segmentation can classify multiple
isolated objects as lesion. To obtain a single lesion object, a
set of postprocessing steps are applied.

First, mathematical morphological erosion [31] is ap-
plied to the binary mask obtained from classification. Ero-
sion is commonly used in image processing to eliminate
small isolated regions and artifacts. In our experiments, ero-
sion is applied using a disk of diameter d = 0.12 mm as
structural element. The size of this element seems to be a
safe choice [32] when the intention is to eliminate potential
isolated hairs classified as mole pixels over the background
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skin. Morphological dilation [31] is applied to the resulting
“cleaned” image. In order to better preserve the fine details
of the border, otherwise eliminated by the morphologi-
cal operations, a slightly bigger disk element of size d =
0.3 mm is used for the dilation, and the resulting image is
multiplied pixelwise by the input binary mask obtained from
classification.

In sequence, the remaining objects in the generated bi-
nary mask that are spatially closer than a given threshold are
connected. The idea is that small scattered objects classified
as mole could be part of a continuous subregion, that
eventually could be connected to a big segment, if close
together. Connecting regions classified as mole might also
be useful for those patients with light-colored hairs imaged
over the lesion, likely to be classified as background skin,
thus “breaking” the main lesion into subregions during the
classification. Again, this can be easily done using a classical
spatial image filtering procedure. A Gaussian filter is selected
for our experiments. The bandwidth is set identical to the
radius used in the above erosion procedure, and the empiri-
cal selected value 0.1 is used as threshold for generating the
final binary mask containing a certain number of subregions.

Each contiguous subregion i labeled as lesion is given a
score ni. If each region i is labeled Ri each region’s score is
given by

ni =
∑

u,v∈Ri

f (u, v), (3)

where f (u, v) is the two-dimensional Gaussian function

f (u, v) = exp

{
−
[

(u− uo)2

2σ2
u

+
(v − vo)

2

2σ2
v

]}
, (4)

where (uo, vo) are the coordinates of the center of the disk
image, and σ is the Gaussian bandwidth. This gives each
region a score that increases with size and proximity to the
centre, and penalizes regions that are small or off centre. In
our experiments, we set σu = σv = 2.5 mm. This particular
choice of σ gives over 95% of the total weight to regions
(at least partially) centered in a disk of diameter 10 mm. In
practice this postprocessing step allows to eliminate poten-
tially disconnected peripheral objects classified as lesion and
serves as a guide allowing the doctor to select the lesion to be
analyzed by framing the lesion at the center of the picture.

Except for the region with largest score ni, all remaining
objects labeled as lesion are discarded. Any holes in this
region are filled. It is worth mentioning that although
“single” lesions are more common, there exists also multi-
focal lesions. For such particular cases, the current default
preferred behaviour of our algorithm is to outline the larger
individual lesion.

Finally, the border of the lesion is drawn around the sub-
region with the highest score. The Gaussian filter used in the
postprocessing renders the contour visually smooth, as usu-
ally is the output of hand-drawn borders by dermatologists.
See the examples in Figure 2. However, when the border line
is intended to be used for computing features for diagnosis
in a computer aided diagnosis system, smoothing should be
used carefully, since it may be removing information about

the contour irregularity, which is an important feature, for
example, for the ABCD Rule of Dermatoscopy [33].

4. Experiments

4.1. Data Acquisition. The data used in this study are dermo-
scopic images acquired by a portable dermoscope (Dermlite
Pro II HR) attached to a digital camera (Ricoh GR, Ricoh
Company Ltd, Tokyo, Japan). The equipment acquires a
circular imaged area of diameter about 17.4 mm (1650
pixels), spatial resolution of about 2400 dpi and 8 bits per
channel color depth. The images have been corrected for
nonuniform illumination using calibration color standards.
A 5 × 5 median filter was applied for noise reduction, but
no further preprocessing was used for removing additional
artifacts. As mentioned in the introductory section, the
images considered in this study were acquired using an
alcohol-based contact fluid liquid between the skin and the
dermoscope, which minimizes formation of air bubbles in
the images. If bubbles were present, it might call for an ad
hoc preprocessing algorithm to remove light-colored areas
due to reflection in the image that might compromise the
skin modeling and location of the seed lesions, with loss of
accuracy [6].

A set of 122 images of pigmented lesions divided between
100 benign and 22 malignant lesions (i.e., melanomas)
were used for clinical evaluation of the segmentation. These
images were randomly selected from a larger database of der-
moscopic images and not used during development of the
ICS framework. Copies of the images were printed in 178 ×
178 mm paper format and independently given to three
dermatologists, who were asked to manually draw the con-
tours of the skin lesions. No additional information, like the
histopathological diagnosis, was given to the dermatologists.
After careful digitalization, the contour obtained from der-
matologists was stored for reference purposes.

It is worth noticing that delineation of the borders of
lesions is challenging for dermatologists and is not part of the
daily routine, and results can greatly vary between doctors.
Essentially, doctors are trained to differentiate between be-
nign and malignant lesions, not necessarily in the specific
task of border location.

4.2. Measures for Border Detection Evaluation. Qualitative
and quantitative approaches are the most common strategies
used in literature for the purpose of evaluation of the
performance of border detection in dermoscopic images.

Qualitative evaluation of lesion segmentation is a passive
strategy in the sense that a candidate border is shown to a
dermatologist, who is asked to provide a score or grade to
the solution (e.g., good, acceptable, poor, and bad) based on
visual assessment. Examples include [19, 34].

In quantitative evaluation, the role of the dermatologist is
reversed. In this context, the dermatologist is asked to man-
ually draw the border around the lesion, and the manually
drawn border is used as ground truth. Assessing accuracy of
an alternative segmentation requires definition of a similarity
score between ground truth and a candidate border. Among
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the many scores are the overlap-based agreement ratio in
[35] that uses the logical operation exclusive disjunction
(symbolized XOR), the sensitivity and specificity, precision
and recall, true positive rate, false positive rate, pixel
misclassification probability [36], the Hausdorff and the
Hammoude distances in [7], the weighted performance
index [37], among others. A common fact with these scores is
that they are computed from paired comparisons of borders.
Recently an extension considering simultaneous comparison
with multiple reference ground-truths (obtained by several
dermatologists) was examined in [38].

In this paper, we will focus on three of the previous
scores. In addition, an alternative score derived from the
Hausdorff distance computation will be introduced. The
first two scores considered are the sensitivity and specificity.
Sensitivity and Specificity are statistical measures of the
performance of a binary classification test, commonly used
in medical studies. In the context of segmentation of skin
lesions, sensitivity measures the proportion of actual lesion
pixels which are correctly identified as such. Specificity
measures the proportion of background skin pixels which are
correctly identified. Given the following definitions:

TP: true positive, lesion pixels correctly classified as
lesion,

FP: false positive, skin pixels incorrectly identified as
lesion,

TN: true negative, skin pixels correctly identified as skin,

FN: false negative, lesion pixels incorrectly identified as
skin,

and the number of pixels (#) in each of the above categories,
the sensitivity and specificity are given by

sensitivity = #TP
#TP + #FN

,

specificity = #TN
#TN + #FP

.

(5)

The third score considered is the Hausdorff distance
defined as follows. Let M = {m1,m2, . . . ,mz} and A =
{a1,a2, . . . ,an} denote the set of points belonging to the
manually and automatically drawn contours M and A,
respectively. The distance from mi to its closest point in A
is given by

d(mi, A) = min
j

∥∥∥mi − aj

∥∥∥. (6)

The Hausdorff distance is the maximum of the distance
to the closest points between the two curves,

dH = max

{
max

i
d(mi, A), max

j
d
(
aj , M

)}
. (7)

We convert dH from pixels to millimeters for easier interpre-
tation.

The forth and last score that will be considered is
also based on the distance between the ground truth and

candidate contour. Instead of taking the overall maximum
value of the distance between contour points, as done in (7),
we will compute the fraction of the contour pixels with an
error lower than a predefined threshold τ

e(τ) = 1
n + z

⎛⎝ z∑
i=1

I(d(mi, A) ≤ τ) +
n∑
j=1

I
(
d
(
aj , M

)
≤ τ

)⎞⎠,

(8)

where the indicator function I(·) = 1 when the condition is
satisfied, 0 otherwise.

The metric e(τ) is convenient in the sense that it
allows the analyst to set an error tolerance during the
comparison of a candidate border and the ground-truth
reference. What is computed in (8) is a ratio of contour
pixels matched below the error threshold tolerance. e(τ) is
robust to the presence of local high disagreement between
contours (outlier distances). For τ ≥ dH , e(τ) = 1, and we
should therefore set τ < dH . Since the value of dH is different
for each lesion, and the disagreement between contours
usually depends on how easy or difficult is the lesion to
be segmented, a tradeoff value for τ should be set. In our
experiments, we set τ = 0.5 mm. This applies for all lesions,
and we belive it to be a reasonable tolerance for assessing
the accuracy of the location of the contour of lesions seen at
the high magnification provided by dermoscopes. In contrast
to dH , a higher e(τ) score, indicates a better agreement of
contours.

To conclude this section, it is worth noticing than when
the sensitivity and specificity are computed, all pixels in the
binary segmentation masks contribute to the final result. The
Hausdorff distance, and the ratio of border samples with an
error lower than the above threshold τ = 0.5 mm used in
(8), are complementary scores to sensitivity and specificity,
that are more oriented towards the quantification using the
magnitude of a physical quantity as a measure of accuracy
and tolerance of segmentation.

4.3. Algorithm Settings and Benchmark. During the classifi-
cation, equal priors were assumed for skin and lesion. In
order to speed up computation, all images were downsam-
pled to 826× 826 pixels using bilinear interpolation [39].

For benchmarking, both unsupervised (automatic) and
supervised segmentation methods are considered.

4.3.1. Fully Automatic Segmentation Methods. The first algo-
rithm considered for benchmark was proposed in Celebi
et al. (2008) [16]. The approach uses a region growing
and merging technique called statistical region merging
(SRM) [23] to segment the image. The SRM-based approach
requires estimation of the color of the background skin. In
our implementation, instead of placing four boxes at the
corners of the image, as originality proposed, we used the
location of the seed regions found by ICS to model the
background skin. In practice, this avoids ambiguity, since the
results would otherwise depend on how a square is cropped
from the circular sector provided by dermoscopes, specially
for lesions covering a large portion of the dermoscope.
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The light-colored regions, that is, the regions whose
mean color has a distance <60 to the background skin color
are eliminated. The final result is obtained by removing the
isolated regions and then merging the remaining regions,
followed by a postprocessing stage [16]. SRM has an internal
parameter Q that makes it possible to control the coarseness
of the segmentation. Higher values of Q result in finer
segmentation and thus the generation of more regions [23].
Specific details about the setting of the parameter Q are not
reported by Celebi et al. in [16]. Using a trial and error
procedure, a few candidate values for the parameter Q (as
suggested in [23]) were applied to images from an indepen-
dent training set. Q = 32 was found to be a reasonable
choice. Clearly, a more in depth search using a more objective
criterion for setting the optimal value of Q might lead to
slightly different SRM results.

The second automatic algorithm considered for bench-
mark purposes is the adaptive thresholding (AT) recently
proposed by Silveira et al. (2009) in [7]. AT performs seg-
mentation by comparing the color of each pixel with a
threshold τ. A pixel is classified as lesion if it is darker than
τ. First the algorithm search for the RGB channel which
allows the best discrimination. It is assumed that the entropy
provides the answer, and the channel with maximum entropy
value is selected. In most dermoscopic images, the blue
channel is selected. The histogram of the automatically
selected color component is computed. For bimodal his-
tograms, the threshold is automatically computed as the local
minima between the maxima, plus a small offset to account
for quantization issues. When the histogram has a single
component, the threshold is obtained from the 5% percentile
color of a squared region located at the center of the image,
plus a constant offset. The default offset values presented in
[7] are used in our implementation.

4.3.2. Supervised Segmentation Methods. As mentioned in
the introductory section, supervised methods implies user
interaction during the segmentation process. The way super-
vision can be used varies a lot. Supervision could be used
in the initialization of the algorithm, or alternatively, at the
end of the process, allowing for instance user interaction
for manual correction of a proposed solution. Different
algorithms are available in literature. For instance, in [7], the
authors consider three edge-based methods that require only
two mouse clicks for initialization. Very promising results are
reported. In our study, however, we will prefer to deal with
approaches more oriented to pixelwise classification along
the lines of the proposed ICS method.

It is important to stress that in general a direct com-
parison between supervised and nonsupervised methods
is unfair. Supervised methods are expected to outperform
unsupervised methods, since they are given additional input
information. But the reason why the proposed automatic
ICS is compared with supervised methods in this paper has
an important motivation: we would like to estimate how
well a classification algorithm could perform if representative
ground-truth (manually labeled) skin and lesion samples
were used for training purposes.

In order to make the supervised analysis more trackable,
a few practical experimental simplifications are done. First,
we consider an estimated ground truth, given by the
pixelwise majority voting of the independent segmentation
masks provided by the three dermatologists (Section 4.1).
In addition, the image is randomly sampled with a ratio
corresponding to 1% of the total amount of pixels. Although
low, this ratio provide a visually dense sampling of the image
(≈22 pixels/mm2) that, given the high spatial resolution of
the dermoscopic image, typically allows the selection of
thousand of samples for both the background skin and the
mole class.

Three supervised classifiers will be used for the seg-
mentation (binary classification) task: the classic linear and
quadratic discriminant analysis, LDA and QDA, respectively,
and the support vector machines classifier (SVM) [40].
The SVM kernel used is the Gaussian radial basis function
(RBF). The regularization term in the formulation of SVM
and the kernel bandwidth are set using a traditional grid-
search procedure with maximization of the 10-fold cross
validation accuracy. Both LDA and QDA are also available
in the proposed ICS algorithm. SVM is a nonparametric
method based on a mathematical framework and presents
several advantages compared to other pattern recognition
methods, including the ability to handle large numbers or
predictors with relatively small sample. Diagnosis of skin
lesions is one among the many examples of use of SVM
[41].

4.3.3. Postprocessing. In order to minimize differences in the
final border location due to differences introduced by specific
postprocessing choices, mainly related to the criteria of
exclusion of isolated regions and smoothing applied to draw
the final border, the postprocessing discussed in Section 3
was applied to all the automatic and supervised segmentation
methods, allowing a fair comparison.

4.4. Experiment 1: Evaluation of the Accuracy of the Automatic
Selection of the Seed Regions. The location hypothesis that
allows the initial sample selection for the proposed iterative
segmentation algorithm plays a key role in the methodology.
Intuitively, a good initialization increases the chance of a
good final segmentation. In this first experiment, the interest
is to experimentally verify if the proposed algorithm is able to
accurately locate the skin and mole seed regions. For location
accuracy assessment, here, the segmentation masks provided
by the three dermatologists are combined to generate a
reference map. For each image, we focus on the regions of
agreement, where pixels are labeled as mole or skin by at
least two of the three dermatologists. Ideally, we would like
the algorithm to automatically place the initial small seed
regions inside this “safe regions”. How it deviates from this
ideal situation is then investigated in Figure 3. This figure
shows the percentage of cases in the test set, where the seed
regions are correctly located according with distinct accuracy
levels. For assessment purposes, the lesions are grouped
by diagnosis. For each lesion, the individual accuracies of
both skin and mole seed regions are computed as the ratio
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Table 1: Average accuracy of segmentation, quantified by the sensitivity (%), showing the performance of the proposed ICS method against
alternative solutions. Borders manually drawn by three dermatologists, and their agreement, are considered as the ground-truth reference
for accuracy assessment.

Manual by doctors Fully automatic Supervised

Ref. D1 D2 D3 SRM AT ICS LDA QDA SVM

D1 — 86.9 85.4 79.2 87.3 91.8 93.4 95.3 92.2

D2 89.5 — 87.1 79.6 87.1 93.4 94.3 96.8 93.6

D3 92.7 91.0 — 82.1 90.0 94.0 96.1 97.7 95.1

All 95.9 93.5 93.2 81.2 89.2 94.1 97.0 98.5 96.0

Table 2: Average accuracy of segmentation, quantified by the specificity (%), showing the performance of the proposed ICS method against
alternative solutions. Borders manually drawn by three dermatologists, and their agreement, are considered as the ground-truth reference
for accuracy assessment.

Manual by doctors Fully automatic Supervised

Ref. D1 D2 D3 SRM AT ICS LDA QDA SVM

D1 — 98.3 98.4 98.0 91.6 96.7 97.6 96.9 97.7

D2 96.1 — 97.6 98.3 90.3 96.3 96.9 96.2 96.8

D3 96.4 97.9 — 98.0 90.7 96.2 96.8 96.2 96.8

All 97.4 98.9 99.1 98.2 90.8 96.4 97.3 96.7 97.4

Table 3: Average accuracy of segmentation, quantified by the percentage of contour with an error≤0.5 mm, showing the performance of the
proposed ICS method against alternative solutions. Borders manually drawn by three dermatologists, and their agreement, are considered
as the ground-truth reference for accuracy assessment.

Manual by doctors Fully automatic Supervised

Ref. D1 D2 D3 SRM AT ICS LDA QDA SVM

D1 — 84.5 87.1 75.7 75.0 81.1 86.3 81.8 88.8

D2 84.5 — 86.8 76.8 74.8 84.5 88.2 84.8 90.1

D3 87.1 86.8 — 78.5 77.1 82.7 88.5 83.3 90.6

All 92.6 91.7 95.5 78.7 77.1 84.8 91.5 87.5 94.4

between pixels correctly classified and the respective size of
the seed. The “skin + mole” label in Figure 3 refers to the
average value. Results in Figure 3 shows that for over 90%
of the 122 dermoscopic lesions analyzed the seed regions are
positioned in locations where at least two out of the three
dermatologists would agree as accurate background skin or
mole regions.

4.5. Experiment 2: Clinical Evaluation. When it comes to
computing performance scores for assessment of the accu-
racy of the segmentation of skin lesions, like the scores
presented in Section 4.2, the reference segmentation to be
used as ground truth must be established.

According to previous studies, the use of the borders
provided by a single dermatologist as ground truth should
be avoided, since the solution for the same lesion by other
dermatologists would exhibit a natural variability. A detailed
discussion about this important point is beyond the scope
of this work, but the reader is referred to [36, 42] for more
details.

For the evaluation of the proposed method, the borders
provided by three dermatologists are considered individually.
An additional segmentation mask, generated by the pixelwise
agreement in terms of the majority voting of the solutions

provided by the three dermatologists is computed. The use
of this additional segmentation is a simple attempt to
obtain a more accurate estimation of the underline ground
truth. Majority voting attributes the same weight for each
dermatologist, which seems a reasonable hypothesis given
their similar professional training. The segmentation mask
generated by combination of the single solutions provided
by dermatologists is expected to be more accurate than each
of the individual solutions, because each manual solution is
drawn independently, with an expected accuracy better than
50% (random guess). This is one of the key points usually
exploited in the design of the so classed Ensemble methods
in statistics and machine learning [43]. We believe majority
voting would be a good attempt to estimate the underline
ground truth, ideally considering manual borders from many
independent dermatologists.

The average accuracy of segmentation is shown in
Tables 1, 2, 3, and 4. The performance scores are computed
using different references (marked “Ref.”) as ground truth:
each of the manually drawn border by the three dermatol-
ogists, marked as “D1”, “D2”, and “D3”, plus an additional
mask generated by the pixelwise majority voting of the three
dermatologists’s segmentations, marked as “All”. The accura-
cies are grouped in three blocks according to the nature of



International Journal of Biomedical Imaging 11

Table 4: Average accuracy of segmentation, quantified by the Hausdorff distance (mm), showing the performance of the proposed ICS
method against alternative solutions. Borders manually drawn by three dermatologists, and their agreement, are considered as the ground-
truth reference for accuracy assessment.

Manual by doctors Fully automatic Supervised

Ref. D1 D2 D3 SRM AT ICS LDA QDA SVM

D1 — 1.50 1.35 2.50 1.91 1.68 1.40 1.47 1.17

D2 1.50 — 1.31 2.42 2.14 1.56 1.22 1.33 1.14

D3 1.35 1.31 — 2.43 1.93 1.61 1.25 1.37 1.13

All 1.04 1.01 0.75 2.39 1.92 1.52 1.09 1.20 0.86

the segmentation solution: automatic methods and super-
vised methods. For reference purposes, scores corresponding
to manual segmentation are included. For 2 out of the 100
benign lesions present in the test set, SRM did not provide
a segmentation. These two lesions were excluded in this
experiment.

Concerning the automatic methods, the main focus in
this paper, Tables 1–4 shows that the proposed ICS method
provide very competitive results when compared to SRM
and AT, all the reference segmentations taken as ground
truth, and for the different accuracy scores considered. In
terms of sensitivity ICS scores above 91.8%, while SRM
remains under 82.1%, with intermediate values for AT. On
the other hand, the lower sensitivity scores of SRM are
balanced by the higher specificities that lies above 98.0%,
with ICS performing slightly lower at 96.7%. Surprisingly,
the sensitivities and specificities of the automatic methods,
in particular the proposed ICS, are very close to those of the
dermatologists. However, the better performance of human
segmentations when compared to the automatic methods
is much clearer when the other two scores, the Hausdorff
distance and the percentage of border pixels with an error
lower of 0.5 mm, are considered. For these two scores,
the ICS algorithm performs better than the SRM and AT
alternatives.

Tables 1–4 clearly evidence the very good segmentation
performance by the three supervised methods. Notice,
however, that the supervised results were obtained after a
dense sampling of training pixels, selected using the skin
and lesion portions given by the majority voting solution
(see details in Section 4.3.2). Thus, it is natural that in most
of cases the performance of LDA, QDA, and SVM are even
better than those of the single doctors. On the other hand, the
results are interesting in the sense that they provide an idea
where is the limit of the accuracy of a computer generated
segmentation would be in the current test set, provided that
individual training for each image based on the estimated
underline ground truth was available and considering the
current postprocessing employed. Somehow surprising is the
poor performance of QDA compared to LDA. In any event,
results show clear evidence that the nonlinear SVM classifier
performs the best.

The above experimental results are based on the average
values of the scores used for accuracy assessment. The disper-
sion of the scores is also an important factor to be analyzed.
This is shown in Figure 4. Here, to reduce the amount of

plots otherwise required for visualization of all data used
to compute the averages in Tables 1–4, only the case corre-
sponding to the use of the reference ground truth generated
by majority voting is depicted (the scores corresponding
to the row “all” in the previous tables). To understand the
traditional box plots depicted in Figure 4, it is necessary to
visualize its distinctive features. On each box, the central
mark is the median, the edges of the box are the 25th and
75th percentiles, the whiskers extend to the most extreme
datapoints the algorithm considers to be not outliers, and
the outliers are plotted individually. Not surprisingly, the
automatic segmentation methods show higher variability
when compared to the borders manually drawn by der-
matologists and the supervised methods tested. Overall, we
once again appreciate the very competitive results provided
by the proposed ICS algorithm, when compared to the
alternative automatic methods considered, for all the four
scores considered. Except for the Hausdorff distance, higher
values indicate a more accurate segmentation. For the test set,
ICS proved to be more stable as shown by the lower degree
of dispersion of the scores, in the plots shown by the shorter
distance between the lower and upper quartiles summarizing
the data.

The contrast between the background skin and the lesion
is expected to influence the accuracy of the delineation of
the borders of the lesion. When evaluating the reasons why
state-of-art CAD systems rejected analysing some lesions
that would be of interest for dermatologists, Perrinaud et al.
[3] observed that all instruments required the presence of
“adequate contrast” between the lesion and surrounding
nonlesional skin. Not surprisingly, borders manually drawn
by different dermatologists tends to agree less when the
delineation of the contours of the lesion is unclear. The same
behavior is expected in automatic segmentation methods,
impacting CAD systems.

In order to get additional insights about the performance
of the different segmentation methods for distinct levels of
contrast, Figure 5 shows the average values of the accuracy
of segmentations, quantified by the four distinct scores,
focusing on the automatic segmentation methods analyzed.
For reference purposes, the scores obtained from manual seg-
mentation are included. In this complementary analysis, the
set of 120 test lesions is grouped in three disjoint subsets (cat-
egories), here labeled as “low”, “intermediate”, and “high”,
referring to increasing levels of contrast between background
skin and lesion. In this study, the luminance component of
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Figure 4: Dispersion of the accuracy of segmentation, quantified by the four distinct border measures, showing the performance of the
proposed ICS method against the different segmentation methods analyzed. D1, D2, and D3 corresponds to the manual segmentations
provided by dermatologists. SRM, AT, and ICS are automatic methods. LDA, QDA, and SVM are supervised methods that here include
only for reference purposes. The accuracy scores are computed using the mask generated by majority voting of the manual segmentations
provided by three dermatologists as ground-truth reference.

the dermposcopic image is used to measure the contrast,
quantified by the absolute value of the difference between
the median of the lesion and skin pixels. For the purpose
of computing the luminance difference between background
skin and lesion pixels, the mask generated by majority voting
of the manual segmentation of the three dermatologists was
used.

The three subsets of lesions were automatically parti-
tioned by minimizing the within-cluster sum of squares of
the luminance values, according to the Euclidian distance cri-
teria. The resulting subsets contained 49, 56, and 15 lesions,
corresponding to the subsets labeled as low, intermediate,
and high contrast, respectively. For indicative purposes, the
respective values obtained for the contrast at the center
of the clusters were 9.0, 21.9 40.4 (from 3 × 8 bits RGB
images converted to L ∗ u ∗ v space). The high number
of lesions with very low contrast stress the challenge of
accurately segment the current test set, composed by many
lesions of very low contrast (accounting for 41% of the 120
lesions), randomly selected, and previously unseen by the
segmentation methods tested.

Figure 5 confirms that the accuracy of all the segmenta-
tion methods decreases when the contrast between lesion and
skin is lower. In terms of segmentation scores, we observe

that the proposed ICS presents very competitive results when
compared to the SRM and AT algorithms, specially in pres-
ence of low contrast lesions. For instance, in terms of average
sensitivity and specificity for this particular “low contrast”
subset of lesions, ICS scores 88.6% and 93.7%, whereas
AT scores 84.4% and 80.7%, when SRM scores 61.7% and
98.3%, respectively. Concerning these performance scores,
we conclude that the best tradeoff is provided by ICS, fol-
lowed by AT and SRM. The competitive performance of ICS
is also confirmed when compared to the best performance
by alternative algorithms, for both the Hausdorff distance
(2.4 mm for ICS against 3.5 mm for AT) and the percentage
of contour with an error ≤0.5 mm (74.5% for ICS against
60.5% for SRM). The good news is that when the level of
contrast between skin and lesion increases, suggesting that
the moles are easier to be segmented, the performance of the
three methods increases considerably, remaining similar for
all algorithms.

We conclude this experiment examining the accuracy
of the segmentation methods in terms of histopathological
diagnosis. The lesions are grouped in two subsets according
to benignity (98 lesions) or malignancy (22 lesions). Figure 6
once again confirms the very competitive results provided by
ICS. In the current test, set we observe that ICS performed
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Figure 5: Average values of the accuracy of segmentation, quantified by the four distinct border measures, showing the performance of the
proposed ICS method against the different segmentation methods analyzed. The lesions are grouped in three disjoint sets: low, intermediate,
and high contrast between skin and lesion. The mask generate by majority voting of the manual segmentation by three dermatologists is
used as ground-truth reference. The bars refer to low (orange), medium (blue), and high (pink) contrast lesions.

similarly well for both benign and malignant lesions. This
behavior of ICS was found consistent for the different accu-
racy scores. The differences in terms of performance for
benign and malignant lesions is more remarkable for both
the AT and SRM algorithms, that in general tended to score

better on the malignant set, compared to their respective
scores in the begin set.

4.6. Experiment 3: Convergence and Posteriors in ICS. The
aim of the experiment is to provide additional details about



14 International Journal of Biomedical Imaging

80

85

90

95

100

D1 D2 D3 SRM AT ICS

Se
n

si
ti

vi
ty

(%
)

(a) Sensitivity

86

88

90

92

94

96

98

100

Sp
ec

ifi
ci

ty
(%

)

D1 D2 D3 SRM AT ICS

(b) Specificity

75

80

85

90

95

100

Malignant

D1 D2 D3 SRM AT ICS

Benign

e
<

0.
5

m
m

(%
)

(c) Percentage of contour with an error
≤0.5 mm

1

1.5

2

2.5

H
au

sd
or

ff
di

st
an

ce
(m

m
)

D1 D2 D3 SRM AT ICS

Malignant
Benign

(d) Hausdorff distance

Figure 6: Average values of the accuracy of segmentations, quantified by the four distinct border measures, showing the performance of
the proposed ICS method against the different segmentation methods analyzed. The lesions are grouped by histopathological diagnosis. The
mask generate by majority voting of the manual segmentation of the three dermatologists is used as reference. The bars refer to benign (blue)
and malignant (green) lesions.

the behavior of the proposed ICS framework during the clas-
sification. The two main aspects, (i) the number of iterations,
and (ii) how the posteriors of the LDA and QDA classifiers
are combined, are experimentally investigated.

Figure 7(a) provides details about the number of itera-
tions. On average, the method converged in 4.7 iterations.

This suggests that just a few iterations are enough for mod-
eling the statistics of the background skin and lesion. During
experiments, we set the maximum number of iterations
n = 30. If not converged at iteration n = 30, the iterative
classification was stopped, and the last result used. As shown
in Figure 7(a), this occurred only for one lesion, suggesting
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Figure 7: (a) Number of iterations for convergence and the (b) frequencies of the automatically selected value for the weight λ showing how
the LDA (λ = 0) and QDA (λ = 1) posteriors where combined according to (1) in the proposed ICS algorithm. Results are summarized
according to three intervals of possible λ values.

that the proposed method is very likely to converge for the
task of segmentation of dermoscopic images.

How the posteriors are combined in the proposed ICS
framework is analyzed in Figure 7(b). For summarization
purposes, we group the values of λk in (1) in three intervals
(i) 0 ≤ λk ≤ 1/3 (ii) 1/3 < λk ≤ 2/3, and (iii) 2/3 <
λk ≤ 1 and count the number of lesions that had, for
some of the iterations k = {1, . . . ,n}, a λk value inside
the intervals. As shown in Figure 7(b), for most of the
cases (94 lesions) the proposed ICS framework selected low
values of λk , suggesting the preference for LDA. This fact
is not surprising in the current implementation. Since the
separability between the initial samples from the skin and
lesion seeds is usually good, the accuracy of the seed regions
is very high in most cases (≈100%), and in case of identical
accuracy for both LDA and QDA, λk in (1) is taken as
the lowest value possible, thus intentionally privileging the
simpler LDA (for the reasons discussed in Section 2.4). It is
also worth noticing that when LDA was used in the context
of supervised segmentation, LDA tended to perform slightly
better than QDA (Tables 1–4). But selection of low values for
λk is not always the case, in particular, for other 42 and 21
lesions in the two remaining intervals shown in Figure 7(b),
indicating intermediate preferences between LDA and QDA,
and a stronger preference for QDA, respectively. In the
current analysis, the total number of lesions contained in the
three intervals is bigger than the number of lesions in the test
set. This is due the fact that λk is optimized for each iteration,
so in this analysis, a given lesion may account in more than
one of the intervals considered until reaching convergence.

We conclude our analysis showing in Figures 8 and 9 a
few examples of pigmented skin lesions from the test set, and
the manual border drawn by the dermatologists, the pro-
posed ICS, and the alternative AT and SRM methods. Note
that none of the methods performs better in all cases.

5. Conclusions and Final Remarks

We have presented an automatic algorithm for segmentation
of pigmented skin lesions. The technique is primarily devel-
oped for analysis of images acquired by a portable dermato-
scope attached to a consumer-grade digital camera.

In contrast to other automatic segmentation techniques,
the proposed ICS algorithms relies on specific assumptions
about the image acquisition, in particular the approximate
location and color of the skin and lesion. The assumptions
are simple in nature and are designed for the specific problem
of segmentation of dermoscopic images. The main purpose
is a safe selection of initial small seed regions corresponding
to skin an lesion portions that through iterative classification
leads to the final segmentation mask.

The clinical accuracy assessment using 122 dermoscopic
images, randomly selected, with ground-truth lesion borders
manually drawn by three dermatologists suggests competi-
tive segmentation results when the proposed ICS algorithm
is compared to alternative automatic segmentation methods.
The improvements are particularly remarkable for lesions
with low contrast between background skin and lesion. In
addition, in the current test set the proposed algorithm was
found to perform similarly well for both begin and malignant
lesions.

Overall, the proposed framework is simple and flexible
enough to allow testing with different classifiers. Com-
pared to a traditional 1-D histogram-based segmentation,
the proposed approach uses all the RGB color informa-
tion available. In addition, since the proposed segmenta-
tion framework is essentially classification based, it could
eventually accommodate additional input features such as
contextual information. Usually, convergence was reached
in a few iterations. The algorithm is relatively fast (takes
about 1 min.), and the processing time depends essentially on
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(a) Manual borders (b) Automatic borders

Figure 8: Example of lesions in the test set and the border provided by (a) the three dermatologists and (b) the automatic borders by
AT (black border), SRM (gray border), and the proposed ICS algorithm (white border). None of the methods performed better in all
cases.

the choice of the classifiers, whose posteriors are combined
automatically.

We believe that the suggested framework is general
enough to be useful for analysis of other kind of images
acquired by different equipments, adapting the initial as-
sumptions about the geometry of acquisition and color of the
lesion of interest to the specific problem at hand. In addition,
despite not directly envisaged in this paper, it appears also
that the proposed method could be easily modified to accom-
modate user iteration, for instance, by manual placement
of seed regions, rendering the proposed method even more
robust.

We conclude reminding that it is important to keep in
mind that the effect of border detection error upon the
accuracy of a computer aided diagnosis system can only be
validated when used as a part of a final diagnostic system.
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(a) Manual borders (b) Automatic borders

Figure 9: Example of lesions in the test set and the border provided by (a) the three dermatologists and (b) the automatic borders by AT
(black border), SRM (gray border), and the proposed ICS algorithm (white border). None of the methods performed better in all cases.
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Inverse inference has recently become a popular approach for analyzing neuroimaging data, by quantifying the amount of
information contained in brain images on perceptual, cognitive, and behavioral parameters. As it outlines brain regions that convey
information for an accurate prediction of the parameter of interest, it allows to understand how the corresponding information
is encoded in the brain. However, it relies on a prediction function that is plagued by the curse of dimensionality, as there are far
more features (voxels) than samples (images), and dimension reduction is thus a mandatory step. We introduce in this paper a new
model, called Multiclass Sparse Bayesian Regression (MCBR), that, unlike classical alternatives, automatically adapts the amount
of regularization to the available data. MCBR consists in grouping features into several classes and then regularizing each class
differently in order to apply an adaptive and efficient regularization. We detail these framework and validate our algorithm on
simulated and real neuroimaging data sets, showing that it performs better than reference methods while yielding interpretable
clusters of features.

1. Introduction

In the context of neuroimaging, machine learning approach-
es have been used so far to address diagnostic problems,
where patients were classified into different groups based
on anatomical or functional data. By contrast, in cognitive
studies, the standard framework for functional or anatomical
brain mapping was based on mass univariate inference
procedures [1]. Recently, a new way of analyzing functional
neuroimaging data has emerged [2, 3], and it consists in
assessing how well behavioral information or cognitive states
can be predicted from brain activation images such as
those obtained with functional magnetic resonance imaging
(fMRI). This approach opens new ways for understanding
the mental representation of various perceptual and cogni-
tive parameters, which can be regarded as the study of the
corresponding neural code, albeit at a relatively low spatial
resolution. The accuracy of the prediction of the behavioral
or cognitive target variable, as well as the spatial layout of
predictive regions, can provide valuable information about

functional brain organization; in short, it helps to decode the
brain system [4].

Many different pattern recognition and machine leaning
methods have been used to extract information from brain
images and compare it to the corresponding target. Among
them, Linear Discriminant Analysis (LDA) [3, 5], Support
Vector Machine (SVM) [6–9], or regularized prediction [10,
11] has been particularly used. The major bottleneck in
this kind of analytical framework is that there are far more
features than samples, so that the problem is plagued by the
curse of dimensionality, leading to overfitting. Dimension
reduction can be used to extract relevant information from
the data, the standard approach in functional neuroimaging
being feature selection (e.g., Anova) [3, 6, 11, 12]. However,
by performing feature selection and parameter estimation
separately, such approach is not optimal. Thus, a popular
combined selection/estimation scheme, Recursive Feature
Elimination [13], may be used. However, this approach
relies on a specific heuristic, which does not guarantee
the optimality of the solution and is particularly costly.
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By contrast, there is great interest in sparsity-inducing
regularizations, which optimize both simultaneously.

In this paper, we assume that the code under investiga-
tion is about some scalar parameter that characterizes the
stimuli, such as a scale/shape parameters but possibly also
position, speed (assuming a 1-D space), or cardinality. Thus,
we focus on regression problems and defer the generalization
to classification to future work. Let us introduce the follow-
ing predictive linear model:

y = Xw + b, (1)

where y represents the behavioral variable and (w, b) are
the parameters to be estimated on a training set. A vector
w ∈ Rp can be seen as an image; p is the number of features
(or voxels), and b ∈ R is called the intercept. The matrix
X ∈ Rn×p is the design matrix. Each row is a p-dimensional
sample, that is, an activation map related to the observation.
With n� p, the estimation of w is ill posed.

To cope with the high dimensionality of the data, one
can penalize the estimation of w, for example, based on
the �2 norm of the weights. Classical regularization schemes
have been used in functional neuroimaging, such as the
Ridge regression [14], Lasso [15], or Elastic Net regression
[16]. However, these approaches require the amount of
penalization to be fixed beforehand and possibly optimized
by cross-validation. To deal with the choice of the amount of
penalization, one can use the Bayesian regression techniques,
which include the estimation of regularization parameters in
the whole estimation procedure. Standard Bayesian regular-
ization schemes are based on the fact that a penalization by
weighted �2 norm is equivalent to setting the Gaussian priors
on the weights w:

w ∼ N
(
0,A−1), A = diag

(
α1, . . . ,αp

)
,

∀i ∈ [
1, . . . , p

]
, αi ∈ R+,

(2)

where N is the Gaussian distribution and αi the precision
of the ith feature. The model in (2) defines two classical
Bayesian regression schemes. The first one is Bayesian Ridge
Regression (BRR) [17], which corresponds to the particular
case α1 = · · · = αm. By regularizing all the features
identically, BRR is not well suited when only few features are
relevant. The second classical scheme is Automatic Relevance
Determination (ARD) [18], which corresponds to the case
αi /=αj if i /= j. The regularization performed by ARD is
very adaptive, as all the weights are regularized differently.
However, by regularizing each feature separately, ARD is
prone to underfitting when the model contains too many
regressors [19] and also suffers from convergence issues [20].

These classical Bayesian regularization schemes have
been used in fMRI inverse inference studies [10, 14, 21].
However, these studies used only sparsity as built-in feature
selection and do not consider neuroscientific assumptions
for improving the regularization (i.e., within the design of
the matrix A). Indeed, due to the intrinsic smoothness of
functional neuroimaging data [22], predictive information
is rather encoded in different groups of features sharing
similar information. A potentially more adapted approach

is the Bayesian regression scheme presented in [23], which
regularizes patterns of voxels differently. The weights of the
model are defined by w = Uη, where U is a matrix defined as
set of spatial patterns (one pattern by column) and η are the
parameters of the decomposition of w in the basis defined by
U . The regularization is controlled through the covariance
of η, which is assumed to be diagonal with only m possible
different values cov(η) = exp(λ1)I(1) + · · · + exp(λm)I(m).

The matrices I(i) are diagonal and defined subsets of
columns of U sharing similar variance exp(λi). Due to
its class-based model, this approach is similar to the one
proposed in this paper, but the construction of I relies
on ad hoc voxel selection steps, so that there is no proof
that the solution is correct. A contrario, the proposed
approach jointly optimizes, within the same framework, the
construction of the pattern of voxels and the regularization
parameter of each pattern.

In this paper, we detail a model for the Bayesian
regression in which features are grouped into K different
classes that are subject to different regularization penalties.
The estimation of the penalty is performed in each class sep-
arately, leading to a stable and adaptive regularization. The
construction of the group of features and the estimation of
the predictive function are performed jointly. This approach,
called Multiclass Sparse Bayesian Regression (MCBR), is thus
an intermediate solution between BRR and ARD. It requires
less parameters to estimate than ARD and is far more
adaptive than BRR. Another asset of the proposed approach
in fMRI inverse inference is that it creates a clustering of
the features and thus yields useful maps for brain mapping.
After introducing our model and giving some details on
the parameter estimation algorithms (the variational Bayes
or Gibbs sampling procedures), we show that the proposed
algorithm yields better accuracy than reference methods,
while providing more interpretable models.

2. Multiclass Sparse Bayesian Regression

We first detail the notations of the problem and describe the
priors and parameters of the model. Then, we detail the two
different algorithms used for model inference.

2.1. Model and Priors. We recall the linear model for
regression:

y = f (X, w, b) = Xw + b. (3)

We denote by y ∈ Rn the targets to be predicted and X ∈
Rn×p the set of activation images related to the presentation
of different stimuli. The integer p is the number of voxels and
n the number of samples (images). Typically, p ∼ 103 to 105

(for a whole volume), while n ∼ 10 to 102.

Priors on the Noise. We use classical priors for regression, and
we model the noise on y as an i.i.d. Gaussian variable:

ε ∼ N
(
0,α−1In

)
,

α ∼ Γ(α;α1,α2),
(4)
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where α is the precision parameter and Γ stands for the
gamma density with two hyperparameters α1,α2:

Γ(x;α1,α2) = αα1
2 xα1−1 exp−xα2

Γ(α1)
. (5)

Priors on the Class Assignment. In order to combine the
sparsity of ARD with the stability of BRR, we introduce an
intermediate representation, in which each feature j belongs
to one class among K indexed by a discrete variable z j (z =
{z1, . . . , zp}). All the features within a class k ∈ {1, . . . ,K}
share the same precision parameter λk, and we use the
following prior on z:

z ∼
p∏
j=1

K∏
k=1

π
δjk
k , (6)

where δ is Kronecker’s δ, defined as

δjk =
⎧⎨⎩0 if z j /= k,

1 if z j = k.
(7)

We finally introduce an additional Dirichlet prior [24] on
π:

π ∼ Dir
(
η
)

(8)

with a hyperparameter η. By updating at each step the
probability πk of each class, it is possible to prune classes.
This model has no spatial constraints and thus is not spatially
regularized.

Priors on the Weights. As in ARD, we make use of an
independent Gaussian prior for the weights:

w ∼ N
(
0, A−1) with diag(A) =

{
λz1 , . . . , λzp

}
, (9)

where λz j is the precision parameter of the jth feature, with
z j ∈ {1, . . . ,K}. We introduce the following prior on λk:

λk ∼ Γ
(
λk; λ1,k, λ2,k

)
(10)

with hyperparameters λ1,k, λ2,k. The complete generative
model is summarized in Figure 1.

2.1.1. Link with Other Bayesian Regularization Schemes.
The link between the proposed MCBR model and the
other regularization methods, Bayesian Ridge Regression and
Automatic Relevance Determination, is obvious.

(i) With K = 1, that is, λz1 = · · · = λzp , we retrieve the
BRR model,

(ii) With K = p, that is, λzi /= λz j if i /= j, and assigning
each feature to a singleton class (i.e., z j = j), we
retrieve the ARD model.

Moreover, the proposed approach is related to the one
developed in [25]. In this paper, the authors proposed, for
the distribution of weights of the features, a binary mixture of
Gaussians with small and large precisions. This model is used
for variable selection and estimated by the Gibbs sampling.
Our work can be viewed as a generalization of this model to
a number of classes K ≥ 2.

y

X

α1 α2

α

w

λ1,k λ2,k

λk

z

π

η

ε

y = Xw + ε + b

ε ∼ N (0,α−1In)

π ∼ Dir(η)

w ∼ N (0, A−1)
with diag (A) = {λz1 , . . . , λzp}α ∼ Γ(α;α1,α2)

λk ∼ Γ(λk ; λ1,k , λ2,k)

k ∈ [1, . . . ,K]

z ∼∏p
j=1
∏K

k=1 π
δjk
k

Figure 1: Graphical model of Multiclass Sparse Bayesian Regression
(MCBR). We denote by y ∈ Rn the targets to be predicted and by
X ∈ Rn×p the set of activation images. both the weights of the model
w depend on a discrete variable z that assigns each feature to a class
k among K . Both the noise ε and the weights w have a Gamma prior
on their precisions. The variable z follows a Dirichlet prior π.

2.2. Model Inference. For models with latent variables, such
as MCBR, some singularities can exist. For instance in a
mixture of components, a singularity is a component with
one single sample and thus zero variance. In such cases,
maximizing the log likelihood yields flawed solutions, and
one can use the posterior distribution of the latent variables
p(z | X, y) for this maximization. However, the posterior
distribution of the latent variables given the data does not
have a closed-form expression, and some specific estimation
methods, such as variational Bayes or Gibbs sampling, have to
be used.

We propose two different algorithms for inferring the
parameters of the MCBR model. We first estimate the model
by the variational Bayes, and the resulting algorithm is thus
called VB-MCBR. We also detail an algorithm, called Gibbs-
MCBR, based on a Gibbs sampling procedure.

2.2.1. Estimation by Variational Bayes: VB-MCBR. The vari-
ational Bayes (or VB) approach provides an approximation
q(Θ) of p(Θ | y), where q(Θ) is taken in a given family
of distributions and Θ = [w, λ,α, z,π]. Additionally, the
variational Bayes approach often uses the following mean
field approximation, which allows the factorization between
the approximate distribution of the latent variables and the
approximate distributions of the parameters:

q(Θ) = q(w)q(λ)q(α)q(z)q(π). (11)

We introduce the Kullback-Leibler divergence D(q(Θ))
that measures the similarity between the true posterior



4 International Journal of Biomedical Imaging

p(Θ | y) and the variational approximation q(Θ). One can
decompose the marginal log-likelihood log p(y) as

log p
(

y | Θ) = F
(
q(Θ)

)
+ D

(
q(Θ)

)
(12)

with

F
(
q(Θ)

) = ∫
dΘq(Θ) log

p
(

y,Θ
)

q(Θ)
,

D
(
q(Θ)

) = ∫
dΘq(Θ) log

q(Θ)
p
(
Θ | y

) ,

(13)

where F (q(Θ)) is called free energy and can be seen as the
measure of the quality of the model. As D(q(Θ)) ≥ 0, the
free energy is a lower bound on log p(y) with equality if and
only if q(Θ) = p(Θ | y). So, inferring the density q(Θ) of
the parameters corresponds to maximizing F with respect
to the free distribution q(Θ). In practice, the VB approach
consists in maximizing the free energy F iteratively with
respect to the approximate distribution q(z) of the latent
variables and with respect to the approximate distributions
of the parameters of the model q(w), q(λ), q(α), and q(π).

The variational distributions and the pseudocode of the
VB-MCBR algorithm are provided in Appendix A. This algo-
rithm maximizes the free energy F . In practice, iterations are
performed until convergence to a local maximum of F . With
an ARD prior (i.e., K = p and fixing z j = j), we retrieve the
same formulas as the ones found for Variational ARD [18].

2.2.2. Estimation by Gibbs Sampling: Gibbs-MCBR. We de-
velop here an estimation of the MCBR model using Gibbs
sampling [26]. The resulting algorithm is called Gibbs-
MCBR; the pseudocode of the algorithm and the candi-
date distributions are provided in Appendix B. The Gibbs
sampling algorithm is used for generating a sequence of
samples from the joint distribution to approximate marginal
distributions. The main idea is to use conditional distribu-
tions that should be known and possibly easy to sample
from, instead of directly computing the marginals from the
joint law by integration (the joint law may not be known
or hard to sample from). The sampling is done iteratively
among the different parameters, and the final estimation
of parameters is obtained by averaging the values of the
different parameters across the different iterations (one may
not consider the first iterations, this is called the burn in).

2.2.3. Initialization and Priors on the Model Parameters.
Our model needs few hyperparameters; we choose here to
use slightly informative and class-specific hyperparameters
in order to reflect a wide range of possible behaviors for
the weight distribution. This choice of priors is equivalent
to setting heavy-tailed centered Student’s t-distributions
with variance at different scales, as priors on the weight
parameters. We set K = 9, with weakly informative priors
λ1,k = 10k−4, k ∈ [1, . . . ,K] and λ2,k = 10−2, k ∈ [1, . . . ,K].
Moreover, we set α1 = α2 = 1. Starting with a given
number of classes and letting the model automatically prune
the classes can be seen as a means of avoiding costly model

selection procedures. The choice of class-specific priors is
also useful to avoid label switching issues and thus speeds
up convergence. Crucially, the priors used here can be used
in any regression problem, provided that the target data
is approximately scaled to the range of values used in our
experiments. In that sense, the present choice of priors can
be considered as universal. We also randomly initialize q(z)
for VB-MCBR (or z for Gibbs-MCBR).

2.3. Validation and Model Evaluation

2.3.1. Performance Evaluation. Our method is evaluated with
a cross-validation procedure that splits the available data into
training and validation sets. In the following, (Xl, yl) are a
learning set (Xt, yt) is a test set, and ŷt = F(Xtŵ) refers to the
predicted target, where ŵ is estimated from the training set.
The performance of the different models is evaluated using
ζ , the ratio of explained variance:

ζ
(

yt, ŷt
) = var

(
yt
)− var

(
yt − ŷt

)
var

(
yt
) . (14)

This is the amount of variability in the response that can
be explained by the model (perfect prediction yields ζ = 1,
while ζ < 0 if prediction is worse than chance).

2.3.2. Competing Methods. In our experiments, the proposed
algorithms are compared to different state-of-the-art regular-
ization methods.

(i) Elastic Net Regression [27], which requires setting
two parameters λ1 and λ2. In our analyzes, a cross-
validation procedure within the training set is used
to optimize these parameters. Here, we use λ1 ∈
{0.2λ̃, 0.1λ̃, 0.05λ̃, 0.01λ̃}, where λ̃ = ‖XTy‖∞, and
λ2 ∈ {0.1, 0.5, 1., 10., 100.}. Note that λ1 and λ2 para-
metrize heterogeneous norms.

(ii) Support Vector Regression (SVR) with a linear kernel
[28], which is the reference method in neuroimaging.
The C parameter is optimized by cross-validation in
the range of 10−3 to 101 in multiplicative steps of 10.

(iii) Bayesian Ridge Regression (BRR), which is equivalent
to MCBR with K = 1 and λ1 = λ2 = α1 = α2 = 10−6,
that is, weakly informative priors.

(iv) Automatic Relevance Determination (ARD), which is
equivalent to MCBR with K = p and λ1 = λ2 = α1 =
α2 = 10−6, that is, weakly informative priors.

All these methods are used after an Anova-based feature
selection as this maximizes their performance. Indeed,
irrelevant features and redundant information can decrease
the accuracy of a predictor [29]. The optimal number of
voxels is selected within the range {50, 100, 250, 500}, using
a nested cross-validation within the training set. We do not
directly select a threshold on P value or cluster size, but
rather a predefined number of features. The estimation of the
parameters of the learning function is also performed using
a nested cross-validation within the training set, to ensure
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Table 1: Simulated regression data. Explained variance ζ for
different methods (average of 15 different trials). The P-values are
computed using a paired t-test.

Methods Mean ζ Std ζ P-value to Gibbs-MCBR

SVR 0.11 0.1 .0∗∗

Elastic net 0.77 0.11 .0004∗∗

BRR 0.19 0.14 .0∗∗

ARD 0.79 0.06 .0∗∗

Gibbs-MCBR 0.89 0.04 —

VB-MCBR 0.04 0.05 .0∗∗
∗∗

Level of significance of the P-values between 0.01 and 0.05.

a correct validation and an unbiased comparison of the
methods. All methods are developed in C and used in Python.
The implementation of elastic net is based on coordinate
descent [30], while SVR is based on LibSVM [31]. Methods
are used from Python via the Scikit-learn open source package
[32].

For VB-MCBR and Gibbs-MCBR, in order to avoid a
costly internal cross-validation, we select 500 voxels, and this
selection is performed on the training set. The number of
iterations used is fixed to 5000 (burn in of 4000 iterations)
for Gibbs-MCBR and 500 for VB-MCBR. Preliminary results
on both simulated and real data showed that these values are
sufficient enough for an accurate inference of the model. As
explained previously, we set K = 9, with weakly informative
priors λ1,k = 10k−4, k ∈ [1, . . . ,K] and λ2,k = 10−2, k ∈
[1, . . . ,K]. Moreover, we set α1 = α2 = 1, and we randomly
initialize q(z) for VB-MCBR (or z for Gibbs-MCBR).

3. Experiments and Results

3.1. Experiments on Simulated Data. We now evaluate and
illustrate MCBR on two different sets of simulated data.

3.1.1. Details on Simulated Regression Data. We first test
MCBR on a simulated data set, designed for the study of ill-
posed regression problem, that is, n� p. Data are simulated
as follows:

X ∼ N (0, 1) with ε ∼ N (0, 1),

y = 2(X1 + X2 −X3 −X4) + 0.5(X5 + X6 −X7 −X8) + ε.
(15)

We have p = 200 features, nl = 50 images for the training
set, and nt = 50 images for the test set. We compare MCBR
to the reference methods, but we do not use feature selection,
as the number of features is not very high.

3.1.2. Results on Simulated Regression Data. We average the
results of 15 different trials, and the average explained
variance is shown in Table 1. Gibbs-MCBR outperforms the
other approaches, yielding higher prediction accuracy than
the reference elastic net and ARD methods. The prediction
accuracy is also more stable than the other methods. VB-
MCBR falls into the local maximum of F and does not yield

an accurate prediction. BBR has a low prediction accuracy
compared to other methods such as ARD. Indeed, it cannot
finely adapt the weights of the relevant features, as these
features are regularized similarly as the irrelevant ones. SVR
has also low accuracy, due to the fact that we do not perform
any feature selection. Thus, SVR suffers from the curse of
dimensionality, unlike other methods such as ARD or elastic
net, which performs feature selection and model estimation
jointly.

In Figure 2, we represent the probability density function
of the distributions of the weights obtained with BRR (a),
Gibbs-MCBR (b), and ARD (c). With BRR, the weights
are grouped in a monomodal density. ARD is far more
adaptive and sets lots of weights to zero. The Gibbs-
MCBR algorithm creates a multimodal distribution, lots of
weights being highly regularized (pink distributions), and
informative features are allowed to have higher weights (blue
distributions).

With MCBR, weights are clustered into different groups,
depending on their predictive power, which is interesting in
application such as fMRI inverse inference, as it can yield
more interpretable models. Indeed, the class to the features
with higher weights ({X1, X2, X3, X4}) belong which is small
(average size of 6 features) but has a high purity (percentage
of relevant features in the class) of 74%.

3.1.3. Comparison between VB-MCBR and Gibbs-MCBR. We
now look at the values of w1 and w2 for the different steps of
the two algorithms (see Figure 3). We can see that VB-MCBR
(b) quickly falls into a local maximum, while Gibbs-MCBR
(a) visits the space and reaches the region of the correct set of
parameters (red dot). VB-MCBR is not optimal in this case.

3.2. Simulated Neuroimaging Data

3.2.1. Details on Simulated Neuroimaging Data. The simu-
lated data set X consists of n = 100 images (size 12× 12× 12
voxels) with a set of four square regions of interest (ROI) (size
2 × 2 × 2). We call R the support of the ROI (i.e., the 32
resulting voxels of interest). Each of the four ROIs has a fixed
weight in {−0.5, 0.5,−0.5, 0.5}. We call wi, j,k the weight of
the (i, j, k) voxel. The resulting images are smoothed with
a Gaussian kernel with a standard deviation of 2 voxels,
to mimic the correlation structure observed in real fMRI
data. To simulate the spatial variability between images
(intersubject variability, movement artifacts in intrasubject
variability), we define a new support of the ROIs, called R̃
such that, for each image lth, 50% (randomly chosen) of the
weights w are set to zero. Thus, we have R̃ ⊂R. We simulate
the target y for the lth image as

yl =
∑

(i, j,k)∈R̃

wi, j,kXi, j,k,l + εl (16)

with the signal in the (i, j, k) voxel of the lth image simulated
as

Xi, j,k,l ∼ N (0, 1), (17)
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Figure 2: Results on simulated regression data. Probability density function of the weight distributions obtained with BRR (a), Gibbs-MCBR
(b), and ARD (c). Each color represents a different component of the mixture model.

and εl ∼ N (0, γ) is a Gaussian noise with standard deviation
γ > 0. We choose γ in order to have a signal-to-noise ratio of
5 dB.

3.2.2. Results on Simulated Neuroimaging Data. We compare
VB-MCBR and Gibbs-MCBR with the different competing
algorithms. The resulting images of weights are given in
Figure 4, with the true weights (a) and resulting Anova
F-scores (b). The reference methods can detect the truly
informative regions (ROIs), but elastic net (f) and ARD (h)
retrieve only part of the support of the weights. Moreover,
elastic net yields an overly sparse solution. BRR (g) also
retrieves the ROIs but does not yield a sparse solution, as all
the features are regularized in the same way. We note that the
weights in the feature space estimated by SVR (e) are nonzero
everywhere and do not outline the support of the ground
truth. VB-MCBR (c) converges to a local maximum similar
to the solution found by BRR (g); that is, it creates only one
nonempty class, and thus regularizes all the features similarly.
We can thus clearly see that, in this model, the variational

Bayes approach is very sensitive to the initialization and can
fall into nonoptimal local maxima, for very sparse support
of the weights. Finally, Gibbs-MCBR (d) retrieves most of
the true support of the weights by performing an adapted
regularization.

3.3. Experiments and Results on Real fMRI Data. In this sec-
tion, we assess the performance of MCBR in an experiment
on the mental representation of object size, where the aim is
to predict the size of an object seen by the subject during
the experiment, in both intrasubject and intersubject cases.
The size (or scale parameter) of the object will be the target
variable y.

3.3.1. Details on Real Data. We apply the different methods
on a real fMRI dataset related to an experiment studying
the representation of objects, on ten subjects, as detailed
in [33]. During this experiment, ten healthy volunteers
viewed objects of 4 shapes in 3 different sizes (yielding 12
different experimental conditions), with 4 repetitions of each
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Figure 3: Results on simulated regression data. Weights of the first two features found for the different steps of Gibbs-MCBR (a) and VB-
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Figure 4: Two-dimensional slices of the three-dimensional volume of simulated data. Weights found by different methods, the true target (a)
and F-score (b). The Gibbs-MCBR method (d) retrieves almost the whole spatial support for the weights. The sparsity-promoting reference
methods, elastic net (f) and ARD (h), find an overly sparse support of the weights. VB-MCBR (c) converges to a local maximum similar to
BRR (g) and thus does not yield a sparse solution. SVR (e) yields smooth maps that are not similar to the ground truth.
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Table 2: Intrasubject analysis. Explained variance ζ for the three
different methods. The P-values are computed using a paired t-test.
VB-MCBR yields the best prediction accuracy, while being more
stable than the reference methods.

Methods Mean ζ Std ζ P-val/Gibbs-MCBR

SVR 0.82 0.07 .0006∗∗∗

Elastic net 0.9 0.02 .001∗∗∗

BRR 0.92 0.02 .0358∗∗

ARD 0.89 0.03 .0015∗∗∗

Gibbs-MCBR 0.93 0.01 —

VB-MCBR 0.94 0.01 .99
∗∗

Level of significance of the P-values between 0.01 and 0.05.
∗∗∗Level of significance of the P-values below 0.01.

stimulus in each of the 6 sessions. We pooled data from
the 4 repetitions, resulting in a total of n = 72 images by
subject (one image of each stimulus by session). Functional
images were acquired on a 3-T MR system with an eight-
channel head coil (Siemens Trio, Erlangen, Germany) as
T2∗-weighted echo-planar image (EPI) volumes. Twenty
transverse slices were obtained with a repetition time of 2 s
(echo time: 30 ms; flip angle: 70◦; 2×2×2-mm voxels; 0.5 mm
gap). Realignment, normalization to MNI space, and general
linear model (GLM) fit were performed with the SPM5
software (http://www.fil.ion.ucl.ac.uk/spm/software/spm5/).
The normalization is the conventional method of SPM
(implying affine and nonlinear transformations) and not
the one using unified segmentation. The normalization
parameters are estimated on the basis of a whole-head EPI
acquired in addition and are then applied to the partial
EPI volumes. The data are not smoothed. In the GLM, the
effect of each of the 12 stimuli convolved with a standard
hemodynamic response function was modeled separately,
while accounting for serial autocorrelation with an AR(1)
model and removing low-frequency drift terms using a high-
pass filter with a cutoff of 128 s. The GLM is fitted separately
in each session for each subject, and we used in the present
work the resulting session-wise parameter estimate images
(the β-maps are used as rows of X). The four different shapes
of objects were pooled across for each one of the three sizes,
and we are interested in finding discriminative information
on sizes. This reduces to a regression problem, in which our
goal is to predict a simple scalar factor (size of an object).
All the analyzes are performed without any prior selection of
regions of interest and use the whole acquired volume.

Intrasubject Regression Analysis. First, we perform an intra-
subject regression analysis. Each subject is evaluated inde-
pendently, in a 12-fold cross-validation. The dimensions of
the real data set for one subject are p ∼ 7 × 104 and n = 72
(divided in 3 different sizes, 24 images per size). We evaluate
the performance of the method by a leave-one-condition-out
cross-validation (i.e., leave-6-image-out), and doing so the
GLM is performed separately for the training and test sets.
The parameters of the reference methods are optimized with
a nested leave-one-condition-out cross-validation within the
training set, in the ranges given before.

Table 3: Intersubject analysis. Explained variance ζ for the different
methods. The P-values are computed using a paired t-test. MCBR
yields highest prediction accuracy than the two other Bayesian
regularizations BRR and ARD.

Methods Mean ζ Std ζ P-val/Gibbs-MCBR

SVR 0.77 0.11 .14

Elastic net 0.78 0.1 .75

BRR 0.72 0.1 .01∗∗

ARD 0.52 0.33 .02∗

Gibbs-MCBR 0.79 0.1 —

VB-MCBR 0.78 0.1 0.4
∗

Level of significance of the P-values.
∗∗Level of significance of the P-values between 0.01 and 0.05.

Intersubject Regression Analysis. Additionally, we perform an
intersubject regression analysis on the sizes. The intersubject
analysis relies on subject-specific fixed-effect activations that
is, for each condition, the 6 activation maps corresponding to
the 6 sessions are averaged together. This yields a total of 12
images per subject, one for each experimental condition. The
dimensions of the real data set are p ∼ 7 × 104 and n = 120
(divided into 3 different sizes). We evaluate the performance
of the method by cross-validation (leave-one-subject-out).
The parameters of the reference methods are optimized with
a nested leave-one-subject-out cross-validation within the
training set, in the ranges given before.

3.3.2. Results on Real Data

Intrasubject Regression Analysis. The results obtained by the
different methods are given in Table 2. The P-values are
computed using a paired t-test across subjects. VB-MCBR
outperforms the other methods. Compared to the results
on simulated data, VB-MCBR still falls in a local maximum
similar to the Bayesian ridge regression which performs well
in this experiment. Moreover, both Gibbs-MCBR and VB-
MCBR are more stable than the reference methods.

Intersubject Regression Analysis. The results obtained with
the different methods are given in Table 3. As in the
intrasubject analysis, both MCBR approaches outperform
the reference methods, SVR, BRR, and ARD. However, the
prediction accuracy is similar to that of elastic net. In this
case, Gibbs-MCBR performs slightly better than VB-MCBR,
but the difference is not significant.

One major asset of MCBR (and more particularly Gibbs-
MCBR, as VB-MCBR often falls into a one-class local
maximum) is that it creates a clustering of the features,
based on the relevance of the features in the predictive
model. This clustering can be accessed using the variable
z, which is implied in the regularization performed on the
different features. In Figure 5, we give the histogram of the
weights of Gibbs-MCBR for the intersubject analysis. We
keep the weights and the values of z of the last iteration; the
different classes are represented as dots of different colors
and are superimposed on the histogram. We can notice
than the pink distribution represented at the bottom of the
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histogram corresponds to relevant features. This cluster is
very small (19 voxels), compared to the two blue classes
represented at the top of the histogram that contain many
voxels (746 voxels) which are highly regularized, as they are
noninformative.

The maps of weights found by the different methods
are detailed in Figure 6. The methods are used combined
with an Anova-based univariate feature selection (2500 voxels
selected, in order to have a good support of the weights). As
elastic net, Gibbs-MCBR yields a sparse solution but extracts
a few more voxels. The map found by elastic net is not easy
to interpret, with very few informative voxels scattered in the
whole occipital cortex. The map found by SVR is not sparse
in the feature space and is thus difficult to interpret, as the
spatial layout of the neural code is not clearly extracted. VB-
MCBR does not yield a sparse map either, all the features
having nonnull weights

4. Discussion

It is well known that in high-dimensional problems, reg-
ularization of feature loadings significantly increases the
generalization ability of the predictive model. However,
this regularization has to be adapted to each particular
dataset. In place of costly cross-validation procedures, we
cast regularization in a Bayesian framework and treat the
regularization weights as hyperparameters. The proposed
approach yields an adaptive and efficient regularization and
can be seen as a compromise between a global regularization
(Bayesian Ridge Regression) that does not take into account
the sparse or focal distribution of the information and
automatic relevance determination. Additionally, MCBR

creates a clustering of the features based on their relevance
and thus explicitly extracts groups of informative features.

Moreover, MCBR can cope with the different issues of
ARD. ARD is subject to an underfitting in the hyperpa-
rameter space that corresponds to an underfitting in model
selection (i.e., on the features to be pruned) [19]. Indeed,
as ARD is estimated by maximizing evidence, models with
less selected features are preferred, as the integration is done
on less dimensions, and thus evidence is higher. ARD will
choose the sparsest model across models with similar accu-
racy. A contrario, MCBR requires far less hyperparameter
(2 × K , with K � p) and suffers less from this issue, as
the sparsity of the model is defined by groups. Moreover, a
full Bayesian framework for estimating ARD requires to set
some priors on the hyperparameters (e.g., α1 and α2), and it
may be sensitive to specific choice of these hyperparameters.
A solution is to use an internal cross-validation for optimizing
these parameters, but this approach can be computationally
expensive. In the case of MCBR, the distributions of the
hyperparameters are bound to a class and not to each feature.
Thus, the proposed approach is less sensitive to the choice of
the hyperparameters. Indeed, the choice of good hyperpa-
rameters for the features is dealt with at the class level.

On simulated data, our approach performs better than
other classical methods such as SVR, BRR, ARD, and elastic
net and yields a more stable prediction accuracy. Moreover,
by adapting the regularization to different groups of voxels,
MCBR retrieves the true support of the weights and recovers
a sparse solution. Results on real data show that MCBR
yields more accurate predictions than other regularization
methods. As it yields less sparse solution than elastic net,
it gives access to more plausible loading maps which are
necessary for understanding the spatial organization of brain
activity, that is, retrieving the spatial layout of the neural
coding. On real fMRI data, the explicit clustering of Gibbs-
MCBR is also an interesting aspect of the model, as it can
extract few groups of relevant features from many voxels.

In some experiments, the variational Bayes algorithm
yields less accurate predictions than the Gibbs sampling
approach, which can be explained by the difficulty of
initializing the different variables (especially z) when the
support of the weight is overly sparse. Moreover, the VB-
MCBR algorithm relies on a variational Bayes approach,
which may not be optimal, due to strong approximations
in model inference. A contrario Gibbs-MCBR is more time
consuming but yields a better model inference. Finally, the
variability in the results may be explained by the difficulty to
estimate the model (optimality is not ensured).

The question of model selection (i.e., the number of
classes K) has not been addressed in this paper. One can
use the free energy in order to select the best model, but
due to the instability of VB-MCBR, this approach does
not seem promising. A more interesting method is the one
detailed in [34], which can be used with the Gibbs sampling
algorithm. Here, model selection is performed implicitly by
emptying classes that do not fit the data well. In that respect,
the choice of heterogeneous priors for different classes is
crucial: replacing our priors with class-independent priors
(i.e., λ1,k = 10−2, k ∈ [1, . . . ,K]) in the intersubject analysis
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on size prediction leads Gibbs-MCBR to a local maximum
similar to VB-MCBR.

Finally, this model is not restricted to the Bayesian
regularization and can be used for classification, within a
probit or logit model [35, 36]. The proposed model may thus
be used for diagnosis in medical imaging, for the prediction
of both continuous or discrete variables.

5. Conclusion

In this paper, we have proposed a model for adaptive regres-
sion, called MCBR. The proposed method integrates, in the
same Bayesian framework, BRR and ARD and performs a
different regularization for relevant and irrelevant features.
It can tune the regularization to the possible different
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Initialize a1 = α1, a2 = α2, l1 = λ1, l2 = λ2 and dk = ηk
Randomly initialize q(z j = k)
Set a number of iterations max steps
repeat

Compute A using (A.1), Σ using (A.2) and μ using (A.3).
Compute l1 using (A.4) and l2 using (A.5).
Compute a1 using (A.6) and a2 using (A.7).
Compute ρjk using (A.8).
Compute πk using (A.9) and dk using (A.10).

until max steps;
Return μ.

Algorithm 1: VB-MCBR algorithm.

Initialize α1, α2, λ1, λ2 and ηk
Randomly initialize z
Set a number of iterations burn number for burn-in
Set a number of iterations max steps
Repeat

Compute Σ using (B.1) and μ using (B.2).
Sample w in N (w | μ,Σ).
Compute l1 using (B.3) and l2 using (B.4).
Sample λ in

∏k=K
k=1 Γ(λk | l1,k , l2,k).

Compute a1 using (B.5) and a2 using (B.6).
Sample α in Γ(a1, a2).
Compute ρjk using (B.7).
Sample z in mult(exp ρj,1, . . . , exp ρj,K ).
Compute dk using (B.8).
Sample πk in Dir(dk).

until max steps;
return Average value of w after burn number iterations.

Algorithm 2: Gibbs-MCBR algorithm.

level of sparsity encountered in fMRI data analysis, and it
yields interpretable information for fMRI inverse inference,
namely, the z variable (latent class variable). Experiments
on both simulated and real data show that our approach is
well suited for neuroimaging, as it yields accurate and stable
predictions compared to the state-of-the-art methods.

Appendices

A. VB-MCBR Algorithm

The variational Bayes approach yields the following varia-
tional distributions:

(i) q(w) ∼ N (w | μ,Σ) with

A = diag
(
l1, . . . , lp

)
with

l j =
K∑
k=1

q
(
z j = k

) l1,k

l2,k
∀ j ∈ {

1, . . . , p
}

,
(A.1)

Σ =
(
a1

a2
XTX + A

)−1

, (A.2)

μ = a1

a2
ΣXTy; (A.3)

(ii) q(λk) ∼ Γ(l1,k, l2,k) with

l1,k = λ1,k +
1
2

p∑
j=1

q
(
z j = k

)
, (A.4)

l2,k = λ2,k +
1
2

p∑
j=1

(
μ2
j j + Σ j j

)
q
(
z j = k

)
; (A.5)

(iii) q(α) ∼ Γ(a1, a2) with

a1 = α1 +
n

2
, (A.6)

a2 = α2 +
1
2

(
y −Xμ

)T(y −Xμ
)

+
1
2

Tr
(
ΣXTX

)
; (A.7)

(iv) q(z j = k) ∼ exp(ρjk) with

ρjk = −1
2

(
μ2
j + Σ j j

) l1,k

l2,k
+ ln(πk) +

1
2

(
Ψ
(
l1,k

)− log
(
l2,k

))
,

(A.8)

πk = exp{Ψ(dk)−Ψ(
∑k=K

k=1 dk)}, (A.9)

dk = ηk +
p∑
j=1

q
(
z j = k

)
, (A.10)

where Ψ is the digamma function Ψ(x) = Γ′(x)/Γ(x).
The VB-MCBR algorithm is provided in pseudo-code
in Algorithm 1.

B. Gibbs-MCBR Algorithm

With Θ = [w, λ,α, z,π], we have the following candidate
distributions (i.e., the distributions used for the sampling of
the different parameters):

(i) p(w | Θ− {w}) ∝ N (w | μ,Σ) with

Σ =
(

XTXα + A
)−1

with A = diag
(
λz1 , . . . , λzp

)
, (B.1)

μ = ΣαXTy; (B.2)

(ii) p(λ | Θ− {λ}) ∝∏K
k=1Γ(λk | l1,k, l2,k) with

l1,k = λ1,k +
1
2

p∑
j=1

δ
(
z j = k

)
, (B.3)

l2,k = λ2,k +
1
2

p∑
j=1

δ
(
z j = k

)
w2

j ; (B.4)
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(iii) p(α | Θ− {α}) ∝ Γ(a1, a2) with

a1 = α1 +
n

2
, (B.5)

a2 = α2 +
1
2

(
y −Xμ

)T(y −Xμ
)
; (B.6)

(iv) p(z j | Θ− {z}) ∝ mult(exp ρj,1, . . . , exp ρj,K ) with

ρjk = −1
2
w2

j λk + ln(πk) +
1
2

log λk; (B.7)

(v) p(πk | Θ− {π}) ∝ Dir(dk) with

dk = ηk +
p∑
j=1

δ
(
z j = k

)
. (B.8)

The algorithm is provided in pseudocode in Algorithm 2.
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Università degli Studi di Perugia, Via del Giochetto, 06126 Perugia, Italy

2 Translational Cardiomyology Laboratory, SCIL K.U. Leuven, 3000 Leuven, Belgium
3 Dipartimento di Medicina Sperimentale, Sezione Anatomia Umana, Università di Pavia, 27100 Pavia, Italy
4 Dipartimento di Medicina Sperimentale e Diagnostica, Sezione di Microbiologia, Università degli Studi di Ferrara,
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Correspondence should be addressed to Sabata Martino, martinos@unipg.it and Aldo Orlacchio, orly@unipg.it

Received 4 November 2010; Revised 4 March 2011; Accepted 6 April 2011

Academic Editor: Pingkun Yan

Copyright © 2011 Filippo Mattoli et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The effectiveness of therapeutic treatment based on regenerative medicine for degenerative diseases (i.e., neurodegenerative or
cardiac diseases) requires tools allowing the visualization and analysis of the three-dimensional (3D) distribution of target drugs
within the tissue. Here, we present a new computational procedure able to overcome the limitations of visual analysis emerging
by the examination of a molecular signal within images of serial tissue/organ sections by using the conventional techniques.
Together with the 3D anatomical reconstitution of the tissue/organ, our framework allows the detection of signals of different
origins (e.g., marked generic molecules, colorimetric, or fluorimetric substrates for enzymes; microRNA; recombinant protein).
Remarkably, the application does not require the employment of specific tracking reagents for the imaging analysis. We report
two different representative applications: the first shows the reconstruction of a 3D model of mouse brain with the analysis of the
distribution of the β-Galactosidase, the second shows the reconstruction of a 3D mouse heart with the measurement of the cardiac
volume.

1. Introduction

Regenerative medicine-based applications represent a prom-
ising therapeutic approach for diseases with degenerative
tissues as hallmarks (i.e., Alzheimer’s disease, lysosomal
storage disorders, and some cardiac pathologies). To this end,
innovative combined gene transfer/stem cell implantation
strategies are advanced in order to reestablish the genetic
defect as well as the damaged tissues/organs [1–7]. Parallel
effort is also made on the development of new tools able to
investigate the tissues/organs architecture after treatment [8–
13]. Thus, the three-dimensional (3D) computational recon-

struction of anatomical tissues/organs following surgery
represents one of the necessary analytical instruments.

The most common technique for creating such models
is based on the 3D reconstruction from serial cross-section
images collected through several conventional techniques
(Computerized Tomography, Positron Emission Tomogra-
phy, Magnetic Resonance Imaging, 3D ultrasound, and X-
ray) as well as by synchrotron radiation or diffraction-
enhanced imaging [12–17]. However, these techniques do
not supply information on the macromolecular composition
in the image. Conversely, spectroscopy-based techniques
(i.e., 3D IR-imaging) present the advantage of underlying
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the image macromolecular composition directly [18–20],
but, because of the lack of penetration of mid IR radiation
into the tissue, this method precludes a real-time imaging
of whole samples. Advancing in computational technol-
ogy (open source library (e.g., http://www.eecs.tufts.edu/
∼alauri02/install.htm) [20, 21] as well as open source soft-
ware (e.g., http://www.fas.org/dh/)) support the overall im-
aging analysis procedures and the development of new tools
of imaging investigations. In this contest, progress will come
from computational methods able to detect target molecules
of various compositions within tissues/organs.

Addressing this issue, we present a simple and usable
framework that does not require sophisticated or expensive
apparatus. The procedure integrate 2D images obtained by
collecting serial tissue/organ slices into a 3D computational
model but is finalized to analyze the presence and distribu-
tion of target molecules as well as other tissue/organ para-
metric characteristics. The main advantage of our method
is that it is applicable to postmortem analysis of samples
processed in every experimental condition. The application
resolves some limitations of the above described techniques
since together with the anatomical structure information of
the reconstructed tissue/organ the method allows the real-
time detection of target macromolecules.

Here, we reported two different applications of our com-
putational procedure. The first consists in the generation of
a 3D brain model using C57/BL6 mice after in vivo gene
transfer with HSV-T0Z herpes simplex viral vector. Mainly,
we present the reconstruction of the 3D distribution of
the transgene within the brain. The second consists in the
generation a 3D model of C57/BL6 mouse heart in order to
measure the cardiac volume values.

2. Materials and Methods

2.1. Materials. C57/BL6 mice were from Charles River, Italy.
The 5-bromo-4-cloro-2-indlyl-β-D-galactopiranoside (X-
Gal) was obtained from Sigma Chemical Co. The medium
for tissue culture was from Euroclone, Celbio Lab., fetal calf
serum was from Mascia Brunelli, penicillin/streptomycin was
from Gibco BRL. All reagents used in this study were of
analytical grade.

2.2. HSV-T0Z Viral Vector Direct Injection into the Mice
Brain. One group of 5-month-old animals was injected with
a dose of herpes simplex viral vector encoding for the β-
Galactosidase enzyme (5 × 106 PFU, HSV-T0Z) into the
internal capsule of the left brain hemisphere of the mice
as previously described [22]. Mice were anesthetized with
0.02 mL/g body weight of 2,2,2-tribromoethanol and 2-
methyl-2-butanol and placed on the Styrofoam platform of
a stereotaxic injection apparatus (David Kopf Instruments,
Tujunga, Calif, USA). The skull was exposed following a
10 mm incision in the midline. The injection coordinates
for the internal capsule were −0.34 mm to bregma, 1.4 mm
mediolateral, and 3.8 mm depth. These coordinates were
chosen in order to minimize vector leakage into the ventric-
ular space. Each injection was 5 μL total, and the injection

speed was 0.1 μL/min. The injections were carried out using
a needle capillary (1.2 mm× 0.6 mm) attached to a Hamilton
syringe. The injections were delivered at a rate of 0.1 μL/min,
and the needle was slowly withdrawn after an additional 5
minutes. The scalp was closed by suture.

All procedures were performed according to protocols
approved by an internal animal care and use committee and
were reported to the Ministry of Health, as per Italian law.

2.3. Brain Serial Section Preparation. One month after in-
jection, mice were sacrificed by cardiac perfusion. The left
ventricle was cannulated, an incision was made in the right
atrium, and the animals were perfused with 2% paraformal-
dehyde in PBS until the outflow ran clear, then the brain was
included in ornithine carbamoyl transferase (O.C.T. com-
pound, Tissue-Tek, Sakamura, The Netherlands) after expo-
sure to 5%–30% glucose gradient and finally sectioned on a
cryostat into 15-μm-thick serial sections.

We collected brain serial sections in four series of slides
(A-B-C-D), so that: section 1 on slide B3 was collected im-
mediately after section 1 on slide A3 and immediately before
section 1 on slide C3. Thus, staining only 1/4 of the sections
(A), we checked the beta-gal staining distribution (1 section
every 60 μm) along the whole brain extension.

After perfusion, whole spines were removed, and after de-
calcification in 3% Trifluoracetic acid (Merck), spinal cords,
surrounded by vertebrae and remains of skeletal muscles,
were cut into blocks containing a known number of vertebrae
(four or five). Each block was sectioned on a cryostat into
10 μm serial sections.

Animal experimentation protocols were approved by the
Italian ethical committee.

2.4. Galactosidase Analysis. β-Galactosidase activity was
assayed through the histological substrate X-Gal as previ-
ously described [22].

2.5. C57/BL6 Hearts Sectioning. For histological heart analy-
sis, C57/BL6 mice were sacrificed with an intravenous bolus
injection of saturated potassium chloride, aiming at inducing
cardiac arrest at systole, and the hearts were rapidly excised
for fixation in buffered formaldehyde (4%), washed in PBS
and quickly frozen in OCT. Serial heart sections were fixed
with 4% PFA, and processed for hematoxylin-eosin staining
according to standard procedures. Images were taken with a
S100 TV microscope (Carl Zeiss MicroImaging Inc.) or with
deconvolution microscope DeltaVision RT for the panelling
image.

2.6. Development of Routines. The routines were developed
in Visual Basic 6 and applied on images of format “.bmp”
acquired by microscope.

2.6.1. To Reduce Image Soils and Glares. The routine clears
images, transforms to black colour (RGB 0,0,0) any pixel
with intensity of red/green/blue comprised between the val-
ues chosen by customers. Customer can select values by
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Figure 1: Soil and glare reduction. Soils and glares have been removed in order to have a clear vision of the final model. (a) We have on the
left the original image of the section of brain tissue, and on the right the image after soil and glare reduction. (b) The same procedure has
been used for heart section images.

dragging windows in tissue and background areas. The
software allows separating foreground from background. In
particular, salt/pepper noise may be eliminated through the
selection of colour levels adequately. The output images will
contain only the tissue colour range (Figure 1). We did not
modify the images. We have always converted the back-
ground into black colour. This step is based on the selection
of the colour tonality that is already part of the background.

2.6.2. To Centre the Image. The routine centres the section
area in the image elaborating each file by moving the selected
area from the total amount:∑1

n xn
n

− x0,

∑1
m yn
n

− y0. (1)

“n” is the number of not black pixels (not RBG 0,0,0), “xn”
and “yn” are coordinates of these pixels, “x0” and “y0” are the
centre of bitmap coordinates.

The centering step does not require foreground center
of each slice. In fact, even in the case where the slice sec-
tion is deformed, the method guarantees a correct analysis
(Figure 2).

2.6.3. To Orientate the Image. The routine orients the image
of each section with respect to the adjacent section by
rotating the tissue area of the bitmap 360◦, and for every
fraction of rotation calculates the difference “d”:

d =
1∑
n

(in − kn). (2)

“i” is the intensity of the pixel “n” of the first image
and “k” is the intensity of the pixel “n” of the previous
image. Notably, the section orientation may be validated
by comparing the anatomic tissue structure of the slice
section using specialized mouse atlas as reference (e.g., http://
www.bnl.gov/CTN/mouse/).

The image chosen is the one with the smallest value of
“d” (Figure 3).

2.6.4. To Reduce Deformation. To reduce image deformation,
we used an algorithm that extracts the contour of each
section. This algorithm divides the image in an amount of
slices depending on the image size. Each slice is a line of pixels
from the centre to the edge of image with the concentric lines
that can cover the whole 360◦ degrees of picture. The contour



4 International Journal of Biomedical Imaging

y

xxn, yn 0

y

x0

(a)

2 mm 2 mm

(b)

2 mm2 mm

(c)

Figure 2: Woven image centre. (a) Outline (the reported image doesn’t represent any specific tissue section) of the image centring routine
(see routine 1). xn and yn are coordinates of not black pixels (not RBG 0,0,0), x0 and y0 are the centre of the bitmap coordinates. The program
calculates a kind of barycentre of the woven area in the image and moves it to the centre of the bitmap. (b) Example of the image centring
procedure: left panel is an original image of the coronal serial sections, right panel is the same image after the automatic woven centring. (c)
Example of the image centring procedure for heart section images.

pixels are defined by checking each pixel for each line from
the border of picture toward the centre. The first not black
pixel is taken as contour pixel. Then, for each angle shot
is calculated the distance between the contour pixel and
the centre of the bitmap. These distances are annotated for
each sequential section. Then, the discontinuity between the
sections is diminished by the calculation of the average of the

contour pixels with the same angle in the adjacent pictures.
The new correct distance of any contour pixel will be

Ln = ln + ln+1

2
. (3)

“n” is the progressive number of the section and “l” is
the distance between the contour pixel and the centre of
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Figure 3: Woven image orientation. (a) Outline of the image orienting routine (see routine 2). The images of the woven area were oriented
regarding the adjacent slides by the routine that rotates the woven area of the bitmap 360◦, then it chooses the angle where the differences
between the adjacent images are the smallest, and hence, the images are the most similar. i is the intensity of the pixel number of the first
image and k is the intensity of the pixel n of the previous image. The image chosen is the one with the smallest value of d. (b) Example of the
image-orienting procedure: In the panels we can see two of the images obtained from the brain serial sections that are rotated with respect
to the adjacent image. (c) The same procedure has been used for the heart section images.
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the bitmap for the angle “α”. With the distance of the contour
pixels, the internal area pixels of the section are also adjusted
by a proportional linear correction (Figure 4).

Absence of image contour could be recognized using
image from mouse brain atlas atlas that display tissue sec-
tions identical to our.

2.6.5. To Reconstruct 3D Model and Calculate Tissue Volume.
The model has been assembled in a file containing a three-
dimensional matrix. For the correct dimensioning of the
model, we need the relative dimensions “x” and “y” of a
pixel and its depth “z”. To this aim, we have calculated
the depth of the pixels covering the distances between the
sections by carrying out the right proportion between the
real dimensions of the tissue section and the pixel dimensions
of the tissue area in the picture as follows:

Xrel = Yrel = Lw
nx
= Hw

ny
, (4)

“Xrel” and “Yrel” are the relative dimensions (height, width)
represented by one pixel, “Lw” and “Hw” are the effective
dimensions of a part of the tissue, and “nx” and “ny” are the
number of pixels that represent these parts of tissue.

Zrel = Xrel · ds, (5)

“Zrel” is the real depth represented by one pixel and “ds” is
the effective distance between two sequential sections.

The measure of volume has been carried out by calculat-
ing each not black voxel (i.e., every voxel representing a part
of tissue).

To visualize and navigate the 3D models, we loaded the
files containing data in software allowing the volume visual-
ization of 3D medical images. The software used is the demo
version of VolView 2.0 produced by Kitware.

We did not perform data interpolation. In our experi-
mental condition, the isointerpolation 3D volume doesn’t in-
crease the precision since the error order of the interpolation
of the volume is much lower than the order error occurring
during the reconstruction of the model from dissected slice
sections.

2.6.6. Isolation of a Molecular Signal into a 3D Model.
In order to view only the pixels that represent the β-
Galactosidase (X-Gal = blue signal), we selected the areas
where the blue component of the intensity RGB of the pixels
are greater than the other components for a value defined by
the customer.

3. Results and Discussion

We developed a computational procedure for the generation
of a 3D model starting from postmortem tissues/organs serial
slices in which it is possible to analyze and highlight target
molecular signals as well as anatomical areas of interest.

3.1. Routines Development. The total numbers of serial slices
processed were 113 for the brain and 100 for each heart,

taken from coronal brain serial sections of treated mice and
heart serial sections of wild-type mice. Before building the
3D model, we have optimized procedures consisting of four
steps.

(i) The first manipulation consisted of soil and glare
deletion. The intensity of the pixels outside of the woven area
in the slides was selected, and these pixels were transformed
into black colour. All sections with strong background noise
were excluded from the analysis. However, salt/pepper noise
may be eliminated through the selection of colour levels
adequately (Figure 1).

(ii) In the second step, images of each serial slices were
centred with respect to the total area of the bitmap. The rou-
tine calculates the barycentre of the section area in the image
and moves it to the centre of the bitmap (Figure 2). This
step generates a compacted model that allows the alignment
of the molecular signal (e.g., X-Gal marks within the brain
model) and the accurate reconstruction of the tissues/organs
(e.g., measure of the heart volume).

(iii) In the third step, each image from tissue slices was
oriented in comparison with the adjacent image by a routine
that rotates the section area of the bitmap 360◦. For each
fraction of rotation, the application calculates and memo-
rizes the summary of the difference between the intensity of
each pixel in the image with each pixel in the adjacent image.
Finally, the routine chooses the image in which the tissue
area is oriented with the best angle for the alignment between
the tissues in the adjacent images, that is, the angle with the
smallest summary memorized (Figure 3). These elaborations
were necessary in order to eliminate the inaccurcy generated
during the phase of fixing brain or heart slice sections.

To evaluate the alignment/rotation error, we performed
comparative analyses, elaborating brain sections acquired by
MRI. The images were downloaded by “The centre of trans-
lational neuroimaging” web site, and the model downloaded
was “3D MRI Digital Atlas database of an adult C57BL/6J
mouse brain” (http://www.bnl.gov/CTN/mouse/). The tis-
sues in the images scanned by MRI were moved and rotated
randomly, then, using our application, we have processed
these pictures in order to match them with originals.

Comparative analysis indicated that the inaccuracy was
just limited to the vertical curvature of the posterior portion
of brain that unaffected the correct reconstruction of the
model, even if small error occurs, those errors could at least
generate tiny modification of the volume shape but did not
interfere with the analysis.

Thus, our application allowed maintaining the structure
of the brain with the attack of the spine.

(iv) The last step was the correction of the deformation
caused by the technical slices preparation. Based on the an-
atomical structure of tissues, the sections deformations were
reduced by the comparison of each section with the adjacent
sections. Notably, our method allows a correct analysis of
data even tissue/organ are not symmetric. As reported above,
modification of the volume (such as shape distortion) did
not interfere with the analysis.

In respect to the active contour model [23, 24], the
algorithm that we used extracted the contour of each section
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Figure 4: Reduction of the tissue deformation. (a) Outline of the tissue deformation routine (see routine 3). The discontinuity between
the sections is diminished by the calculation of the medium of the contours. ln is the distance between the contour pixel and the centre of
the bitmap of the n serial section for the angle α. With the distance of the contour pixels, the internal area pixels of the section are also
adjusted by a proportional linear correction. (b) The images represent three original sequential sections of the brain. In the images below,
the deformations have been reduced in order to carry out sequential images which are more homogenous. (c) The images represent three
original sequential sections of the heart.
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Figure 5: 3D views of the brain model. (a) Superior view of the model. (b) Isometric view of the horizontal section of the brain model. In
this image we can see the internal structure of the mouse brain and the distance from the external of the brain to the injection point. (c)
Isometric view of the full model.

and memorized for each degree the distance between the
centre and the first not null-pixel by the control from the
outside towards the centre of the bitmap. This procedure was
replicated for each image. In this way, the surface of model,
composed by the contours of the serial images, is memorized
and can be smoothed by calculating the average of the
contours (Figure 4). Moreover, for the correct reconstruction
of the models, the distances of the sections compared to the
width of the pixel were calculated.

3.2. Assembly and Model Navigation. The 3D model can be
visualized and highly manipulated by a volume visualization
software. It can be magnified, moved, and turned on three
axes. The zones of greater interest can be isolated, measured,
and analyzed at molecular level (Figure 5).

Here, we report two different examples of this compu-
tational procedure. The first consists in the generation of
a 3D brain model using C57/BL6 mice injected with HSV-
T0Z herpes simplex viral vector. The second consists in
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Figure 6: Representative sections of HSV-T0Z distribution in the mouse central nervous system. Serial brain sections were produced
dissecting animals in coronal orientations (a–e). Here, we show a part of the representative coronal sections. Sections were stained with
the X-Gal substrate (blue signal) as described in method paragraph. In the dark field (DF) images are indicated the magnification and
measurement bars. Point of injection is shown (red arrow) into image (a) on the left hemisphere close to bregma line. In (e) there is a
representative section of cerebellum.

the generation a 3D model of mouse heart. We have used this
model to measure the heart volume value.

3.3. Generation of 3D Model of Mouse Brain after Gene
Transfer Approach. We used HSV-T0Z, a nonreplicating

herpes simplex viral vector reporting the β-Galactosidase
gene [22, 25]. HSV-1 has the ability to infect a wide variety
of cell types in the nonreplicating phase, for example,
neurons, as well as the intrinsic capacity to be transported
in a retrograde manner to motor and/or sensory neuronal
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cell bodies following peripheral inoculation [22, 25, 26].
We injected the vector into the internal capsule of the
left brain hemisphere. We designed an experimental plan
composed of two groups of five-month-old mice. Group
1, C57/BL6 + HSV-T0Z, 5 × 106 total PFU; group 2,
untreated C57/BL6 mice. The animals were sacrificed after
72 h and 1 month, and the brains were sectioned on serial
slices by a cryostat. The slices were analysed by a NIKON-
Eclisse-TE2000 microscope equipped with an Olympus F-
View camera. The coronal serial slices images were used to
compose the 3D virtual brain model as above described (see
video S1 and video S2 in Supplementary Material available
online at doi:10.1155/2011/236854).

We analysed the viral vector distribution by monitoring
the X-gal staining in coronal, transversal, and sagittal high-
throughput brain serial sections. New results confirmed our
previous work with a wide viral vector spreading in both
injected and uninjected hemispheres (Figure 6). Our com-
putational method allowed a more accurate step-forward
analysis of the distribution of those stained proteins.

First, we isolated the molecular signal by the selection
and the amplification of its levels of tonality (Figure 7). The
model allowed the detection of the β-Galactosidase stained
(the tonality of X-Gal staining is blue and always greater than
the general tonality of the brain section which is grey) and
the identification of the signal position in all the brain areas.
The 3D model allows to appreciate the high distribution of
the HSV-T0Z viral vector in brain area far away from the
site of injection, in both treated an untreated hemisphere
and cerebellum. Notably, the model allowed following the
viral vector within the brain after administration over time
(Figure 7; video S1). Further, in this model, it is possible
to merge the signal with the brain anatomical structure
allowing the investigation of putative mechanisms involving
the transgenic distribution (video S1, video S2).

3.4. Generation of 3D Model of Mouse Heart and Measurement
of Tissue Volume. To be useful, a 3D model of mouse heart
has to recreate the cardiac tissue in physiologic and path-
ologic state or after therapeutic treatment (i.e., cell trans-
plantation). The current echocardiography is not always
comprehensive. Here, we showed that report an example of
our method allowed the generation of a 3D mouse heart
model (Figure 8) and permitted the measure of its volume.
This parameter is particularly relevant for evaluating mor-
phological changes during aging and also for monitoring
the clinical progression of cardiac disease in murine animal
models [27–29].

The measure of heart tissue volume has been carried
out by the calculation of every voxel representing tissue
after an accurate evaluation of the virtual voxel volume with
respect of real tissue dimensions. We found that the total
heart volumes were 65.5 (±0.3) mm3 and 84 (±0.4) mm3,
the total ventricle chamber volumes were 5.2 ± 0.1 mm3 and
7.3 ± 0.2 mm3, and the total ventricle volumes were 58.3 ±
0.2 mm3 and 79.8 ± 0.4 mm3, in female and male C57/BL6
mice, respectively. The data were consistent in terms of

Figure 7: Isolation of the X-Gal staining. An isometric view with
the distribution of the X-Gal staining (in red) is shown, highlighting
a magnification of the signal. The model has been rendered with a
demo version of VolView 2.0 produced by Kitware, USA.

values, and the difference between male and female values
was statistically significant.

3.5. Conclusion. We have developed a new computational
procedure able to overcome the limitations of visual analysis
emerging by the examination of a molecular signal within
images of serial tissues/organs sections by using the con-
ventional techniques (Computerized Tomography, Positron
Emission Tomography, Magnetic Resonance Imaging, 3D
ultrasound. X-ray, and 3D IR imaging). Despite the high-
quality performance in evaluating samples for analytical
medicine, these techniques fall on the analysis at molecular
level of therapeutics compound (e.g., generic drugs and
recombinant proteins). In our case, the method that we
developed represents the simplest way to follow the three-
dimensional distribution of gene product in an in vivo gene
transfer approach or to measure volume of an organ such as
the heart. The only limitation of this method could be in the
state of the original tissue slices. In fact, much damaged brain
slices must be discarded. However, due to the availability of
adjacent sections to the disrupted slices, the relative loss of
data in the final model is minimized.

The 3D position of these molecules as well as their
distribution from the site of injection within the tissue/organ
architecture represents essential parameters for developing
efficacious clinical approaches and, also, for therapeutic
drugs design. The main characteristic of our method is in
the possibility of having a 3D-imaging apparatus where other
classical instruments are not applicable. This procedure is
suitable for every condition of imaging analysis postmortem
and without particular, sophisticated, or expensive instru-
ments.

However, on the basis of the easy application of the
procedure and mostly for the high-quality information that
we obtained, we consider our method to be a simple and
valid 3D-modeling instrument for studying the expression
and localization of stained cells/proteins/genes/RNA/drugs
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Figure 8: 3D views of the heart model. (a) Isometric view of the whole heart model. (b) Isometric view of the horizontal section of the
heart model. (c) Isometric view of the vertical section of the heart model. In this image, we can see the ventricles of the mouse heart and the
thickness of the heart walls.
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as well as the tissue architecture, even in the presence of
biomaterials for regenerative medicine.
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