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With the fast development of information science, informa-
tion contained in big data has raised the interest of researchers
from many different disciplines. Extracting and exploring
the information from big datasets are essential to applying
computational intelligence and soft computing to natural
and social sciences. Recent advances of machine learning
(especially, deep learning) make it possible to gain insight
into big data and extract meaningful information, which
has accelerated the progression of computational intelligence.
Computer vision techniques contribute to understanding
image and high-dimensional data from the real world to
produce numerical or symbolic information. Visualization
methods provide various ways to demonstrate information
from complex datasets. Both computer vision techniques and
visualizationmethods can be utilized to visually demonstrate
the extracted information from datasets.

This special issue is dedicated to latest developments in
machine learning and visual computing. Five articles from
researchers around the world contribute to further steps
into the theories and applications of machine learning and
visual computing. The special issue covers a widespread
research topics, from theoretical investigations to real-world
applications, and comprises articles in active research areas
like face classification, action recognition, and deep learning.

In the applications of computer vision techniques, M.
Ngadi et al. introduce a practical face detection method
by using the Local Binary Patterns (LBP) for the feature
extraction and a novel Neighboring Support Vector Classifier
(NSVC) for classification.The experimental results on differ-
ent natural images show that the proposed method can get
promising results within a short detection time. G. Zhang

et al. provide a novel person reidentification method which
leverages the clothing features in real-life videos.

Toward improving machine learning algorithms based
on theoretical finding, B. Zu et al. propose a Low-
Rank Kernel-based Semi-supervised Discriminant Analysis
(LRKSDA). Extensive experiments on public databases show
that LRKSDA can outperform other related Kernel Semi-
supervised Discriminant Analysis methods. X. Li et al. pro-
pose an action recognition method by mining key skeleton
poses with latent support vector machine (latent SVM). The
detailed experimental results on three benchmark action
datasets demonstrate that the proposed approach achieves
superior performance to the state-of-the-art skeleton-based
action recognition methods.

This special issue includes one review paper. The work
by D. Xie et al. provides a survey of deep learning. The
authors not only reviewed typical deep learning algorithms
in computer vision and signal processing but also provided
detailed information on how to apply different deep learning
techniques to specific areas such as road crack detection and
fault diagnosis.
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Deep learning is a subfield of machine learning, which aims to learn a hierarchy of features from input data. Nowadays, researchers
have intensively investigated deep learning algorithms for solving challenging problems in many areas such as image classification,
speech recognition, signal processing, and natural language processing. In this study, we not only review typical deep learning
algorithms in computer vision and signal processing but also provide detailed information on how to apply deep learning to specific
areas such as road crack detection, fault diagnosis, and human activity detection. Besides, this study also discusses the challenges
of designing and training deep neural networks.

1. Introduction

Deep learning methods are a group of machine learning
methods that can learn features hierarchically from lower
level to higher level by building a deep architecture. The
deep learning methods have the ability to automatically learn
features at multiple levels, which makes the system be able
to learn complex mapping function 𝑓 : 𝑋 → 𝑌 directly
from data, without help of the human-crafted features. This
ability is crucial for high-level feature abstraction since high-
level features are difficult to be described directly from raw
training data. Moreover, with the sharp growth of data, the
ability to learn high-level features automatically will be even
more important.

The most characterizing feature of deep learning meth-
ods is that their models all have deep architectures. A
deep architecture means it has multiple hidden layers in
the network. In contrast, a shallow architecture has only
few hidden layers (1 to 2 layers). Deep architectures are
loosely inspired by mammal brain. When given an input
percept, mammal brain processes it using different area of
cortex which abstracts different levels of features. Researchers
usually describe such concepts in hierarchical ways, with
many levels of abstraction. Furthermore, mammal brains
also seem to process information through many stages of
transformation and representation. A very clear example is
that the information in the primate visual system is processed

in a sequence of stages: edge detection, primitive shapes, and
more complex visual shapes.

Inspired by the deep architecture of mammal brain,
researchers investigated deep neural networks for two
decades but did not find effective training methods before
2006: researchers only obtained good experimental results of
neural network with one or two hidden layers but could not
get good results of neural network with more hidden layers.
In 2006, Hinton et al. proposed deep belief networks (DBNs)
[1], with a learning algorithm that uses unsupervised learning
algorithm to greedily train deep neural network layer by layer.
This training method, which is called deep learning, turns
out to be very effective and efficient in training deep neural
networks.

Many other deep architectures, that is, autoencoder, deep
convolutional neural networks, and recurrent neural net-
works, are successfully applied in various areas. Regression
[2], classification [3–9], dimensionality reduction [10, 11],
modeling motion [12, 13], modeling textures [14], informa-
tion retrieval [15–17], natural language processing [18–20],
robotics [21], fault diagnosis [22], and road crack detection
[23] have seen increasing deep learning-related research
studies. There are mainly three crucial reasons for the rapid
development of deep learning applications nowadays: the big
leap of deep learning algorithms, the significantly increased
computational abilities, and the sharp drop of price in
hardware.
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This survey provides an overview of several deep learning
algorithms and their emerging applications in several specific
areas, featuring face recognition, road crack detection, fault
diagnosis, and falls detection. As complementarity to existing
review papers [24, 25], we not only review the state-of-the-art
deep learning methods but also provide detailed information
on how to apply deep learning to specific problems. The
reminder of this paper is organized as follows. In Section 2,
the two categories of deep learning algorithms are intro-
duced: restricted Boltzmann machines (RBMs) and convo-
lutional neural networks (CNNs). The training strategies are
discussed in Section 3. In Section 4, we describe several
specific deep learning applications, that is, face recognition,
road crack detection, fault diagnosis, and human activity
detection. In Section 5, we discuss several challenges of
training and using the deep neural networks. In Section 6,
we conclude the paper.

2. Deep Learning Algorithms

Deep learning algorithms have been extensively studied in
recent years. As a consequence, there are a large number of
related approaches. Generally speaking, these algorithms can
be grouped into two categories based on their architectures:
restricted Boltzmann machines (RBMs) and convolutional
neural networks (CNNs). In the following sections, we
will briefly review these deep learning methods and their
developments.

2.1. Deep Neural Network. This section introduces how to
build and train RBM-based deep neural networks (DNNs).
The building and training procedures of a DNN contain two
steps. First, build a deep belief network (DBN) by stacking
restricted Boltzmann machines (RBMs) and feed unlabeled
data to pretrain the DBN. The pretrained DBN provides
initial parameters for the deep neural network. In the second
step, labeled data is fed to train the DNN using back-
propagation. After two steps of training, a trained DNN is
obtained. This section is organized as follows. Section 2.1.1
introduces RBM, which is the basic component of DBN. In
Section 2.1.2, RBM-based DNN is introduced.

2.1.1. Restricted Boltzmann Machines. RBM is an energy-
based probabilistic generative model [26–29]. It is composed
of one layer of visible units and one layer of hidden units.
The visible units represent the input vector of a data sample
and the hidden units represent features that are abstracted
from the visible units. Every visible unit is connected to every
hidden unit, whereas no connection exists within the visible
layer or hidden layer. Figure 1 illustrates the graphical model
of restricted Boltzmann machine.

As a result of the lack of hidden-hidden and input-input
interactions, the energy function of a RBM is

Energy (k, h; 𝜃) = −b𝑇k − c𝑇h − h𝑇Wk, (1)

where 𝜃 = {W, b, c} are the parameters of RBM and they need
to be learned during the training procedure; W denotes the
weights between the visible layer and hidden layer; b and c

ℎ0 ℎ1
ℎ2 ℎi

�0 �1 �i· · ·

· · ·

Figure 1: Restricted Boltzmann machine.

are the bias of the visible layer and hidden layer, respectively;
this model is called binary RBM because the vectors v and h
only contain binary values (0 or 1).

We can obtain a tractable expression for the conditional
probability 𝑃(ℎ | V) [30]:
𝑃 (ℎ | V) = exp (b𝑇k + c𝑇h + h𝑇Wk)

∑h̃ exp (b𝑇k + c𝑇h̃ + h̃
𝑇
Wk)

= ∏𝑖 exp (c𝑖h𝑖 + h𝑖W𝑖k)∏𝑖∑h̃𝑖 exp (c𝑖h̃𝑖 + h̃𝑖W𝑖k)
= ∏
𝑖

exp (h𝑖 (c𝑖 +W𝑖k))∑h̃𝑖 exp (h̃𝑖 (c𝑖 +W𝑖k)) = ∏𝑖 𝑃 (h𝑖 | V) .

(2)

For binary RBM, where ℎ𝑖 ∈ {0, 1}, the equation for a
hidden unit’s output given its input is

𝑃 (ℎ𝑖 = 1 | V) = 𝑒𝑐𝑖+𝑊𝑖V1 + 𝑒𝑐𝑖+𝑊𝑖V = sigm (𝑐𝑖 +𝑊𝑖V) . (3)

Because V and ℎ play a symmetric role in the energy
function, the following equation can be derived:

𝑃 (V | ℎ) = ∏
𝑖

𝑃 (V𝑖 | ℎ) , (4)

and for the visible unit V𝑗 ∈ {0, 1}, we have
𝑃 (V𝑗 = 1 | ℎ) = sigm (𝑏𝑗 +𝑊𝑇⋅𝑗 ℎ) , (5)

where𝑊⋅𝑗 is the 𝑗th column of𝑊.
Although binary RBMs can achieve good performance

when dealing with discrete inputs, they have limitations to
handle continuous-valued inputs due to their structure.Thus,
in order to achieve better performance on continuous-valued
inputs, Gaussian RBMs are utilized for the visible layer [4, 31].
The energy function of a Gaussian RBM is

Energy (k, h) = ∑
𝑖

(V𝑖 − 𝑎𝑖)22𝜎2𝑖 −∑
𝑖𝑗

𝑤𝑖𝑗ℎ𝑗 V𝑖𝜎𝑖 −∑𝑗 𝑐𝑗ℎ𝑗, (6)

where 𝑎𝑖 and 𝜎𝑖 are the mean and the standard deviation
of visible unit 𝑖. Note here that only the visible layer V
is continuous-valued and hidden layer ℎ is still binary. In
practical situation, the input data is normalized, whichmakes𝑎𝑖 = 0 and 𝜎𝑖 = 1. Therefore, (6) becomes

Energy (k, h) = 12k𝑇k − c𝑇h − h𝑇Wk. (7)
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Figure 3: The architecture of convolution neural network.

2.1.2. Deep Neural Network. Hinton et al. [1] showed that
RBMs can be stacked and trained in a greedy manner to
form so-called deep belief networks (DBNs) [32]. DBNs are
graphical models which learn to extract deep hierarchical
representation of the training data. ADBNmodelwith 𝑙 layers
models the joint distribution between observed vector V andℓ hidden layers ℎ𝑘 as follows [30]:
𝑃 (V, ℎ1, . . . , ℎℓ) = (ℓ−2∏

𝑘=0

𝑃 (ℎ𝑘 | ℎ𝑘+1))𝑃 (ℎℓ−1, ℎℓ) , (8)

where V = ℎ0, 𝑃(ℎ𝑘−1 | ℎ𝑘) is a conditional distribution for the
visible units conditioned on the hidden units of the RBM at
level 𝑘 and 𝑃(ℎℓ−1, ℎℓ) is the visible-hidden joint distribution
in the top-level RBM.This is illustrated in Figure 2.

As Figure 2 shows, the hidden layer of low-level RBM is
the visible layer of high-level RBM, which means that the
output of low-level RBM is the input of high-level RBM.
By using this structure, the high-level RBM is able to learn
high-level features from low-level features generated from the
low-level RBM. Thus, DBN allows latent variable space in its

hidden layers. In order to train a DBN effectively, we need to
train its RBM from low level to high level successively.

After the unsupervised pretraining step forDBN, the next
step is to use parameters from DBN to initialize the DNN
and do supervised training for DNNusing back-propagation.
The parameters of the𝑁-layer DNN are initialized as follows:
parameters {𝑊𝑛, 𝑐𝑛} (𝑙 = 1, . . . , 𝑁) except the top layer
parameters are set the same as the DBN, and the top layer
weights {𝑊𝑁, 𝑐𝑁} are initialized stochastically. After that, the
whole network can be fine-tuned by back-propagation in a
supervised way using labeled data.

2.2. Convolutional Neural Network. Convolutional neural
network is one of the most powerful classes of deep neural
networks in image processing tasks. It is highly effective and
commonly used in computer vision applications [33]. The
convolution neural network contains three types of layers:
convolution layers, subsampling layers, and full connection
layers. The whole architecture of convolutional neural net-
work is shown in Figure 3. A brief introduction to each type
of layer is provided in the following paragraphs.
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Figure 4: Digital image representation and convolution matrix.

2.2.1. Convolution Layer. As Figure 4 shows, in convolution
layer, the left matrix is the input, which is a digital image,
and the right matrix is a convolutionmatrix.The convolution
layer takes the convolution of the input image with the
convolution matrix and generates the output image. Usually
the convolution matrix is called filter and the output image is
called filter response or filtermap. An example of convolution
calculation is demonstrated in Figure 5. Each time, a block of
pixels is convoluted with a filter and generates a pixel in a new
image.

2.2.2. Subsampling Layer. The subsampling layer is an impor-
tant layer to convolutional neural network. This layer is
mainly to reduce the input image size in order to give the
neural network more invariance and robustness. The most
usedmethod for subsampling layer in image processing tasks
is max pooling. So the subsampling layer is frequently called
max pooling layer. The max pooling method is shown in
Figure 6. The image is divided into blocks and the maximum
value of each block is the corresponding pixel value of the
output image. The reason to use subsampling layer is as
follows. First, the subsampling layer has fewer parameters
and it is faster to train. Second, a subsampling layer makes
convolution layer tolerate translation and rotation among the
input pattern.

2.2.3. Full Connection Layer. Full connection layers are sim-
ilar to the traditional feed-forward neural layer. They make
the neural network fed forward into vectors with a predefined
length. We could fit the vector into certain categories or take
it as a representation vector for further processing.

3. Training Strategy

Compared to conventional machine learning methods, the
advantage of the deep learning is that it can build deep
architectures to learn more multiscale abstract features.
Unfortunately, the large amount of parameters of the deep
architectures may lead to overfitting problem.

3.1. DataAugmentation. Thekey idea of data augmentation is
to generate additional data without introducing extra labeling
costs. In general, the data augmentation is achieved by
deforming the existing ones. Mirroring, scaling, and rotation
are the most common methods for data augmentation [34–
36]. Wu et al. extended the deforming idea to color space,
the provided color casting, vignetting, and lens distortion

3 15 64 22 55 62

92

17

231

59

82

213 7 32 145 34

178 86 33 12 21

87 48 5 23 234

56 55 45 3 218

97 94 33 238 44

Original data

Convolution step

291

3 × 1 + 15 × 1 + 64 × 1 + 92 × 1 + 213 × 0 + 7 × 2 +

17 × 1 + 178 × 0 + 86 × 1 = 291

Figure 5: An example of convolution calculation.
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Figure 6: The example of the subsampling layer.

techniques in their work, which enlarged the training set
significantly [37].

3.2. Pretraining and Fine-Tuning. Training a deep learning
architecture is a time-consuming and nontrivial task. On one
hand, it is difficult to obtain enough well-labeled data to train
the deep learning architecture in real application, although
the data augmentation can help us obtain more training
data.

For visual tasks, when it is hard to get sufficient data, a
recommendable way is to fine-tune the pretrained CNN by
natural images (e.g., ImageNet) and then use specific data set
to fine-tune the CNN [36, 38, 39]. Tajbakhsh et al. showed
that, for medical applications, the use of a pretrained CNN
with adequate fine-tuning outperformed or, in the worst case,
performed as well as a CNN trained from scratch [38].

On the other hand, the deep learning architecture con-
tains hundreds of thousands of parameters to be initialized
even with sufficient data. Erhan et al. provided the evidence
to explain that the pretraining step helps train deep architec-
tures such as deep belief networks and stacked autoencoders
[40]. Their experiments supported a regularization expla-
nation for the effect of pretraining, which helps the deep-
learned model obtain better generalization from the training
data set.



Applied Computational Intelligence and Soft Computing 5

4. Applications

Deep learning has been widely applied in various fields,
such as computer vision [25], signal processing [24], and
speech recognition [41]. In this section, we will briefly review
several recently developed applications of deep learning (all
the results are referred from the original papers).

4.1. CNN-Based Applications in Visual Computing. As we
know, convolutional neural networks are very powerful tools
for image recognition and classification.These different types
of CNNs are often tested on well-known ImageNet Large-
Scale Visual Recognition Challenge (ILSVRC) data set and
achieved state-of-the-art performance in recent years [42–
44]. After winning the ImageNet competition in 2012 [42],
the CNN-based methods have brought about a revolution in
computer vision. CNNs have been applied with great success
to the object detection [35, 45, 46], object segmentation [47,
48], and recognition of objects and regions in images [49–
54]. Comparedwith hand-crafted features, for example, Local
Binary Patterns (LBP) [55] and Scale Invariant Feature Trans-
form (SIFT) [56], which need additional classifiers to solve
vision problems [57–59], the CNNs can learn the features
and the classifiers jointly and provide superior performance.
In next subsection, we review how the deep-learned CNN is
applied to recent face recognition and road crack detection
problem in order to provide an overview for applying the
CNN to specific problems.

4.1.1. CNN for Face Recognition. Face recognition has been
one of the most important computer vision tasks since
the 1970s [60]. Face recognition systems typically consist
of four steps. First, given an input image with one or
more faces, a face detector locates and isolates faces. Then,
each face is preprocessed and aligned using either 2D or
3D modeling methods. Next, a feature extractor extracts
features from an aligned face to obtain a low-dimensional
representation (or embedding). Finally, a classifiermakes pre-
dictions based on the low-dimensional representation. The
key to get good performances for face recognition systems is
obtaining an effective low-dimensional representation. Face
recognition systems using hand-crafted features include [61–
64]. Lawrence et al. [65] first proposed using CNNs for
face recognition. Currently, the state-of-the-art performance
of face recognition systems, that is, Facebook’s DeepFace
[66] and Google’s FaceNet [67], are based on CNNs. Other
notable CNN-based face recognition systems are lightened
convolutional neural networks [68] and Visual Geometry
Group (VGG) Face Descriptor [69].

Figure 7 shows the logic flow of CNN-based face recog-
nition systems. Instead of using hand-crafted features, CNNs
are directly applied to RGB pixel values and used as a
feature extractor to provide a low-dimensional representation
characterizing a person’s face. In order to normalize the
input image to make the face robust to different view angles,
DeepFace [66] models a face in 3D and aligns it to appear as
a frontal face. Then, the normalized input is fed to a single
convolution-pooling-convolution filter. Next, 3 locally con-
nected layers and 2 fully connected layers are used to make

Image

Face detection

Preprocessing

CNN

Representation

Classification

Figure 7: Logic flow of CNN-based face recognition [70].

Table 1: Experiment results on LFW benchmark [70].

Technique Accuracy
Human-level (cropped) [74] 0.9753
FaceNet [67] 0.9964 ± 0.009
DeepFace-ensemble [66] 0.9735 ± 0.0025
OpenFace [70] 0.9292 ± 0.0134

final predictions. The architecture of DeepFace is shown in
Figure 8. Though DeepFace achieves the best performance
on face recognition up to date, its representation is difficult
to interpret and use because the faces of the same person
are not clustered necessarily during the training process. In
contrast, FaceNet defines a triplet loss function directly on
the representation, whichmakes the training procedure learn
to cluster face representation of the same person [70]. It
should also be noted that OpenFace uses a simple 2D affine
transformation to align face input.

Nowadays, face recognition inmobile computing is a very
attractive topic [71, 72]. While DeepFace and FaceNet remain
private and are of large size, OpenFace [70] offers a light-
weighted, real-time, and open-source face recognition system
with competitive accuracy, which is suitable for mobile
computing. OpenFace implements FaceNet’s architecture
but it is one order of magnitude smaller than DeepFace
and two orders of magnitude smaller than FaceNet. Their
performances are compared on Labeled Faces in the Wild
data set (LFW) [73], which is a standard benchmark in
face recognition.The experiment results are demonstrated in
Table 1. Though the accuracy of OpenFace is slightly lower
than the state of the art, its smaller size and fast execution time
show great potential in mobile face recognition scenarios.

4.1.2. CNN for Road Crack Detection. Automatic detection
of pavement cracks is an important task in transportation
maintenance for driving safety assurance. Inspired by recent
success in applying deep learning to computer vision and
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Figure 8: Outline of DeepFace architecture [66].
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Figure 9: Illustration of the architecture of the proposed ConvNet [23].

medical problems, a deep learning based method for crack
detection is proposed [23].

Data Preparation. A data set with more than 500 pavement
pictures of size 3264 × 2448 is collected at the Temple
University campus by using a smartphone as the data sensor.
Each image is annotated by multiple annotators. Patches of
size 99 × 99 are used for training and testing the proposed
method. 640,000 patches, 160,000 patches, and 200,000
patches are selected as training set, validation set, and testing
set, respectively.

Design and Train the CNN. A deep learning architecture is
designed, which is illustrated in Figure 9 and conv, mp, and
fc represent convolutional, max pooling, and fully connected
layers, respectively.TheCNNs are trained using the stochastic
gradient descent (SGD) method on GPU with a batch size of
48 examples, momentum of 0.9, and weight decay of 0.0005.
Less than 20 epochs are needed to reach a minimum on the
validation set.The dropout method is used between two fully
connected layers with a probability of 0.5 and the rectified
linear units (ReLU) as the activation function.

Evaluate the Performance of the CNN. The proposed method
is compared against the support vector machine (SVM) and
the Boosting methods. The features for training the SVM
and the Boosting method are based on color and texture of
each patch which are associated with a binary label indicating
the presence or absence of cracked pavement. The feature
vector is 93-dimensional and is composed of color elements,
histograms of textons, and LBP descriptor within the patch.

The Receiver Operating Characteristic (ROC) curves of
the proposed method, the SVM, and the Boosting method
are shown in Figure 10. Both the ROC curve and Area
under the Curve (AUC) of the proposedmethod indicate that
the proposed deep learning based method can outperform
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Figure 10: ROC curves [23].

the shallow structure learned from hand-crafted features. In
addition,more comprehensive experiments are conducted on300 × 300 scenes as shown in Figure 11.

For each scene, each row shows the original image with
crack, ground truth, and probability maps generated by the
SVMand the Boostingmethods and that by theConvNet.The
pixels in green and in blue denote the crack and the noncrack,
respectively, and higher brightness means higher confidence.
The SVM cannot distinguish the crack from the background,
and some of the cracks have been misclassified. Compared
to the SVM, the Boosting method can detect the cracks
with a higher accuracy. However, some of the background
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Figure 11: Probability maps.

patches are classified as cracks, resulting in isolated green
parts in Figure 11. In contrast to these two methods, the
proposedmethod provides superior performance in correctly
classifying crack patches from background ones.

4.2. DBN-Based Applications in Signal Processing

4.2.1. DNN for Fault Diagnosis. Plant faults may cause abnor-
mal operations, emergency shutdowns, equipment damage,
or even casualties.With the increasing complexity of modern
plants, it is difficult even for experienced operators to diag-
nose faults fast and accurately. Thus, designing an intelligent
fault detection and diagnose system to aid human operators
is a critical task in process engineering. Data-drivenmethods
for fault diagnosis are becoming very popular in recent years,
since they utilize powerful machine learning algorithms.
Conventional supervised learning algorithms used for fault
diagnosis are Artificial Neural Networks [76–81] and support
vector machines [82–84]. As one of emergingmachine learn-
ing techniques, deep learning techniques are investigated
for fault diagnosis in a few current studies [22, 85–88].
This subsection reviews a study which uses Hierarchical
Deep Neural Network (HDNN) [22] to diagnose faults in
a well-known data set called Tennessee Eastman Process
(TEP).

TEP is a simulation model that simulates a real industry
process. The model was first created by Eastman Chemical
Company [75]. It consists of five units: a condenser, a
compressor, a reactor, a separator, and a stripper. Two liquid
products G and H are produced from the process with the
gaseous inputs A, C, D, and E and the inert component B.
The flowsheet of TEP is shown in Figure 12.

Data Preparation. The TEP is monitored by a network of𝑀
sensors that collect measurement at the same sampling time.
At the 𝑖th sample, the state of 𝑚th sensor is represented by a
scalar 𝑥𝑚𝑖 . By combining all𝑀 sensors, the state of the whole
process in 𝑖th sampling interval is represented as a row vector𝑥𝑖 = [𝑥1𝑖 , 𝑥2𝑖 , . . . , 𝑥𝑀𝑖 ]. The fault occurring at the 𝑖th sampling
interval is indicated with class label 𝑦𝑖 ∈ {1, 2, . . . , 𝐶}, where
value 1 to 𝐶 represents one of 𝐶 fault types. There are total𝑁
historical observations collected from all𝑀 sensors to form
a data set𝐷 = {(𝑥𝑖, 𝑦𝑖), 𝑖 = 1, 2, . . . , 𝑁, 𝑦𝑖 ∈ {1, 2, . . . , 𝐶}}. The
objective of fault diagnosis is to train a classification ℎ : 𝑥𝑖 →𝑦𝑖 given data set𝐷 = {(𝑥𝑖, 𝑦𝑖), 𝑖 = 1, 2, . . . , 𝑁}.

For each simulation run, the simulation starts without
faults and the faults are introduced at sample 1. Each run
collects a total of 1000 pieces of sample data. Each single
fault type has 5 independent simulation runs. The Tennessee
Eastman Process has 20 different predefined faults but faults
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Figure 12: Tennessee Eastman Process [75].

3, 9, and 15 are excluded for fault diagnosis due to no effect or
subtle effect on all the sensors [82, 84].Thus, the training data
set has a total of𝑁 = 5×17×1000 = 85000 data samples; that
is, 𝐷train = {(𝑥𝑖, 𝑦𝑖), 𝑖 = 1, 2, . . . , 𝑁, 𝑦𝑖 ∈ {0, 1, . . . , 𝐶}}, 𝑁 =85000, 𝐶 = 17. Then, test data is generated using the same
method. Because only fault diagnosis methods are investi-
gated in this work, normal operation data is not considered.
Data normalization and data augmentation techniques are
used to achieve better performance.

Design and Train the HDNN. The general diagnosis scheme
of HDNN [22] is as follows. The symptom data generated
by simulation is transmitted to a supervisory DNN. The
supervisory DNN then classifies symptom data into different
groups and triggers the DNN which is specially trained for
that group to do further fault diagnosis. Figure 13 illustrates
the fault diagnosis scheme of the HDNN, where each agent
represents a DNN.

Evaluate the Performance of the DNN. The experiment
result of the HDNN is compared to single neural network
and Duty-Oriented Hierarchical Artificial Neural Network
(DOHANN) [76] and is shown in Figure 14. 7 out of 17
faults have been diagnosed with 90% accuracy. The highest
Correct Classification Rate (CCR) is 99.6% from fault 4,
while the lowest CCR is 50.4% from fault 13. The average
CCR of our method is 80.5%, while the average of CCRs
of SNN and DOHANN is 49.7% and 70.7%, respectively. It
demonstrates that the DNN-based algorithm outperforms
other conventional NN-based algorithms.

Agent 2

Agent 1

Agent 3

Agent 4

Subagent 1

Subagent 2

agent
Supervisory

Measured
process variables

Figure 13: Schematic diagram of HDNN [22].

4.2.2. DNN for Human Activity Detection. Human activity
detection has drawn much attention from researchers due
to high demands for security, law enforcement, and health
care [90–93]. In contrast to using cameras to detect human
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Figure 14: Correct classification rate of SNN, DOHANN [76], and
HDNN [22].

activity, sensors such as worn accelerometers or in-home
radar which use signals to detect human activities are robust
to environmental conditions such as weather conditions
and light variations [94–99]. Nowadays, there are a few
emerging research works that focus on using deep learning
technologies to detect human activities based on signals
[89, 92, 100].

Fall detection is one of the very important human activity
detection scenarios for researchers, since falls are a main
cause of both fatal and nonfatal injuries for the elderly. Khan
and Taati [100] proposed a deep learning method for falls
detection based on signals collected from wearable devices.
They propose an ensemble of autoencoders to extract features
from each channel of sensing data. Unlike wearable devices
which are intrusive and easily broken and must be carried,
in-home radars which are safe, nonintrusive, and robust to
lighting conditions show their advantages for fall detection.
Jokanovic et al. [89] proposed a method that uses deep
learning to detect fall motion through in-home radar. The
procedure is demonstrated in Figure 15. They first denoise
and normalize the spectrogram as input. Then, stacked
autoencoders are performed as a feature extractor. On top
of the stacked autoencoders, a softmax regression classifier
is used to make predictions. The whole model is compared
with a SVM model. Experiment results show that the overall
correct classification rate for deep learning approach is 87%,
whereas the overall correct classification rate for SVM is 78%.

5. Challenges

Though deep learning techniques achieve promising perfor-
mance on multiple fields, there are still several big challenges
as research articles indicate.These challenges are described as
follows.

5.1. Training with Limited Data. Training deep neural net-
work usually needs large amounts of data as larger training
data set can prevent deep learning model from overfitting.
Limited training data may severely affect the learning ability
of a deep neural network. Unfortunately, there are many
applications that lack sufficient labeled data to train a DNN.

Thus, how to train DNN with limited data effectively and
efficiently becomes a hot topic.

Recently, two possible solutions draw attention from
researchers. One of the solutions is to generalize new training
data from original training data using multiple data augmen-
tation methods. Traditional ones include rotation, scaling,
and cropping. In addition to these, Wu et al. [37] adopted
vignetting, color casting, and lens distortion techniques.
These techniques can further producemore different training
examples. Another solution is to obtain more training data
using weak learning algorithms. Song et al. [101] proposed a
weakly supervised method that can label image-level object-
presence. This method helps to reduce laborious bounding
box annotation costs while generating training data.

5.2. Time Complexity. Training deep neural network is very
time-consuming in early years. It needs a large amount
of computational resources and is not suitable for real-
time applications. By default, GPUs are used to accelerate
training of large DNNs with the help of parallel computing
technique. Thus, it is important to make the most of GPU
computing ability when training DNNs. He and Sun [102]
investigated training CNN under time cost constrains and
proposed fast training methods for real-world applications
while having similar performance as existing CNN models.
Li et al. [103] remove all the redundant computations during
training CNNs for pixel wise classification, which leads to a
speedup of 1500 times.

5.3. Theoretical Understanding. Though deep learning algo-
rithms achieve promising results on many tasks, the under-
lying theory is still not very clear. There are many questions
that need to be answered. For instance, which architecture
is better than other architectures in certain task? How many
layers and how many nodes in each layer should be chosen
in a DNN? Besides, there are a few hyperparameters such as
learning rate, dropout rate, and the strength of regularizer
which need to be tuned with specific knowledge.

Several approaches are developed to help researchers to
get better understanding in DNN. Zeiler and Fergus [43]
proposed a visualization method that illustrates features in
intermediate layers. It displays intermediate features in inter-
pretable patterns, which may help design better architectures
for future DNNs. In addition to visualizing features, Girshick
et al. [49] tried to discover the learning pattern of CNN by
testing the performance layer by layer during the training
process. It demonstrates that convolutional layers can learn
more generalized features.

Although there is progress in understanding the theory
of deep learning, there is still large room to improve in deep
learning theory aspect.

6. Conclusion

This paper gives an overview of deep learning algorithms
and their applications. Several classic deep learning algo-
rithms such as restricted Boltzmann machines, deep belief
networks, and convolutional neural networks are introduced.
In addition to deep learning algorithms, their applications are
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Figure 15: Block diagram of the deep learning based fall detector [89].

reviewed and compared with other machine learning meth-
ods.Thoughdeepneural networks achieve goodperformance
on many tasks, they still have many properties that need to
be investigated and justified. We discussed these challenges
and pointed out several new trends in understanding and
developing deep neural networks.
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December 2014.

[102] K.He and J. Sun, “Convolutional neural networks at constrained
time cost,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR ’15), pp. 5353–5360,
Boston, Mass, USA, June 2015.

[103] H. Li, R. Zhao, and X. Wang, “Highly efficient forward and
backward propagation of convolutional neural networks for
pixelwise classification,” https://arxiv.org/abs/1412.4526.

https://arxiv.org/abs/1610.03761
https://arxiv.org/abs/1412.4526


Research Article
Mining Key Skeleton Poses with Latent SVM for
Action Recognition

Xiaoqiang Li,1 Yi Zhang,1 and Dong Liao2

1School of Computer Engineering and Science, Shanghai University, Shanghai, China
2School of Mathematic and Statistics, Nanyang Normal University, Nanyang, China

Correspondence should be addressed to Xiaoqiang Li; xqli@i.shu.edu.cn and Dong Liao; liaodong@nynu.edu.cn

Received 23 August 2016; Revised 8 November 2016; Accepted 15 December 2016; Published 23 January 2017

Academic Editor: Lei Zhang

Copyright © 2017 Xiaoqiang Li 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.

Human action recognition based on 3D skeleton has become an active research field in recent years with the recently developed
commodity depth sensors. Most published methods analyze an entire 3D depth data, construct mid-level part representations, or
use trajectory descriptor of spatial-temporal interest point for recognizing human activities. Unlike previous work, a novel and
simple action representation is proposed in this paper which models the action as a sequence of inconsecutive and discriminative
skeleton poses, named as key skeleton poses.Thepairwise relative positions of skeleton joints are used as feature of the skeleton poses
which are mined with the aid of the latent support vector machine (latent SVM). The advantage of our method is resisting against
intraclass variation such as noise and large nonlinear temporal deformation of human action. We evaluate the proposed approach
on three benchmark action datasets captured by Kinect devices: MSR Action 3D dataset, UTKinect Action dataset, and Florence
3D Action dataset. The detailed experimental results demonstrate that the proposed approach achieves superior performance to
the state-of-the-art skeleton-based action recognition methods.

1. Introduction

The task of automatic human action recognition has been
studied over the last few decades as an important area of
computer vision research. It has many applications including
video surveillance, human computer interfaces, sports video
analysis, and video retrieval. Despite remarkable research
efforts and many encouraging advances in the past decade,
accurate recognition of the human actions is still a quite
challenging task [1].

In traditional RGB videos, human action recognition
mainly focuses on analyzing spatiotemporal volumes and
representation of spatiotemporal volumes. According to the
variety of visual spatiotemporal descriptors, human action
recognition work can be classified into three categories. The
first category is local spatiotemporal descriptors. An action
recognition method first detects interesting points (e.g.,
STIPs [2] or trajectories [3]) and then computes descriptors
(e.g., HOG/HOF [2] and HOG3D [4]) based on the detected
local motion volumes. These local features are then com-
bined (e.g., bag-of-words) to represent actions. The second

category is global spatiotemporal templates that represent the
entire action. A variety of image measurements have been
proposed to populate such templates, including optical flow
and spatiotemporal orientations [5, 6] descriptors. Except the
local and holistic representational method, the third category
is mid-level part representations which model moderate
portions of the action. Here, parts have been proposed which
capture a neighborhood of spacetime [7, 8] or a spatial key
frame [9].These representations attempt to balance the trade-
off between generality exhibited by small patches, for exam-
ple, visual words, and the specificity by large ones, for exam-
ple, holistic templates. In addition, with the advent of inex-
pensive RGB-depth sensors such as Microsoft Kinect [10], a
lot of efforts have been made to extract features for action
recognition in depth data and skeletons. Reference [11] repre-
sents each depth frame as a bag of 3D points along the human
silhouette and utilizes HMM to model the temporal dynam-
ics. Reference [12] learns semilocal features automatically
from the data with an efficient random sampling approach.
Reference [13] selects most informative joints based on the
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Figure 1: Two athletes perform the same action (diving water) in different way.

discriminative measures of each joint. Inspired by [14], Sei-
denari et al. model the movements of the human body using
kinematic chains and perform action recognition by Nearest-
Neighbor classifier [15]. In [16], skeleton sequences are rep-
resented as trajectories in an 𝑛-dimensional space; then these
trajectories are then interpreted in a Riemannian manifold
(shape space). Recognition is finally performed using 𝑘NN
classification on this manifold. Reference [17] extracts a
sparse set of active joint coordinates and maps these coor-
dinates to lower-dimensional linear manifold before training
an SVM classifier. The methods above generally extract the
spatial-temporal representation of the skeleton sequences
with well-designed handcrafted features. Recently, with the
developing of deep learning, several Recurrent Neural Net-
works (RNN) models have been proposed for action recog-
nition. In order to recognize actions according to the relative
motion between limbs and the trunk, [18] uses an end-to-end
hierarchical RNN for skeleton-based action recognition. Ref-
erence [19] uses skeleton sequences to regularize the learning
of Long Short TermMemory (LSTM), which is grounded via
deep Convolutional Neural Network (DCNN) onto the video
for action recognition.

Most of the above methods relied on entire video
sequences (RGB or RGBD) to perform action recognition, in
which spatiotemporal volumes were always selected as rep-
resentative feature of action. These methods will suffer from
sensitivity to intraclass variation such as temporal scale or
partial occlusions. For example, Figure 1 shows that two ath-
letes perform some different poses when diving water, which
makes the spatiotemporal volumes different. Motivated by
this case, the question we seek to answer in this paper is
whether a few inconsecutive key skeleton poses are enough
to perform action recognition. As far as we know, this is an
unresolved issue, which has not yet been systematically inves-
tigated. In our early work [20], it has been proven that some
human actions could be recognized with only a few incon-
secutive and discriminative frames for RGB video sequences.
Related to our work, very short snippets [9] and discrimina-
tive action-specific patches [21] are proposed as representa-
tion of specific action. However, in contrast to our method,
these two methods focused on consecutive frame.

In this paper, a novel framework is proposed for action
recognition in which key skeleton poses are selected as
representation of action in RGBD video sequences. In order
tomake ourmethodmore robust to translation, rotation, and
scaling, Procrustes analysis [22] is conducted on 3D skeleton
joint data. Then, the pairwise relative positions of the 3D
skeleton joints are computed as discriminative features to
represent the human movement. Finally, key skeleton poses,
defined as the most representative skeleton model of the
action, are mined from the 3D skeleton videos with the help
of latent support vector machine (latent SVM) [23]. In early
exploration experiments, we noticed that the number of the
inconsecutive key skeleton poses is no smaller than 4. During
testing, the temporal position and similarity of each of the
key poses are compared with the model of the action. The
proposed approach has been evaluated on three benchmark
datasets: MSR Action 3D [24] dataset, UTKinect Action
dataset [25], and Florence 3D Action dataset [26]; all are
captured with Kinect devices. Experimental results demon-
strate that the proposed approach achieves better recognition
accuracy than a few existing methods. The remainder of
this paper is organized as follows. The proposed approach is
elaborated in Section 2 including the feature extracting, key
poses mining, and action recognizing. Experimental results
are shown and analyzed in Section 3. Finally, we conclude this
paper in Section 4.

2. Proposed Approach

Due to the large performance variation of an action, the
appearance, temporal structure, and motion cues exhibit
large intraclass variability. So selecting the inconsecutive and
discriminative key poses is a promising method to represent
the action. In this section, we answer the question of what are
and how to find the discriminative key poses.

2.1. Definition of the Key Poses and Model Structure. The
structure of the proposed approach is shown in Figure 2.
Each action model is composed of a few key poses, and each
key pose in the model will be represented by three parts:
(1) a linear classifier 𝑔𝑖(𝑥) which can discriminate the key
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Figure 2: Structure of our model.

pose from the others, (2) the temporal position 𝑝𝑖 and offset𝑜𝑖, where the key poses 𝑖 are most likely to appear in the
neighborhood of𝑝𝑖 with radius 𝑜𝑖, and (3) the weight of linear
classifier 𝑤𝑔𝑖 and weight of the temporal information 𝑤𝑝𝑖 .

Given is a video that contains𝑚 frames𝑋 = {𝑥1, . . . , 𝑥𝑚},
where 𝑥𝑖 is the 𝑖-th frame of the video. The score will be
computed as follows:

𝑓 (𝑋𝑇𝑛) = max
𝑡∈𝑇𝑛

𝑛∑
𝑖=1

(𝑤𝑔𝑖 × 𝑔 (𝑥𝑡𝑖) + 𝑤𝑝𝑖 × Δ𝑡𝑖) , (1)

in which 𝑋𝑇𝑛 is the set of key poses of video 𝑋, 𝑇𝑛 = {𝑡 |𝑡 = (𝑡1, . . . , 𝑡𝑛), 1 ≤ 𝑡𝑖 ≤ 𝑚}, and 𝑥𝑡𝑖 ∈ 𝑋𝑇𝑛 . For example,𝑇𝑛 is {1, 9, 10, 28} in Figure 3(a). 𝑛 is the total number of key
poses in the action model; in our following experiment, 𝑛 is
ranging from 1 to 20. 𝑡𝑖 is the serial number of the key pose in
the sequence of frames of video. AndΔ𝑡𝑖 is defined as follows:

Δ𝑡𝑖 = 12𝜋𝑜𝑖 exp(
− (𝑡𝑖 − 𝑡0 − 𝑝𝑖)22𝑜𝑖2 ) , (2)

in which 𝑡0 is the frame at which action begins. Δ𝑡 is a
Gaussian function and reaches peak when 𝑡𝑖 − 𝑡0 = 𝑝𝑖. 𝑡0
has been manually labeled on the training set. The method
of finding 𝑡0 in a testing will be discussed in Section 2.4.

2.2. Feature Extracting and Linear Classifier. With the help of
real-time skeleton estimation algorithm, the 3D joint posi-
tions are employed to characterize the motion of the human
body. Following themethods [1], we also represent the human
movement as the pairwise relative positions of the joints.

For a human skeleton, joint positions are tracked by the
skeleton estimation algorithm and each joint 𝑗 has 3 coordi-
nates at each frame.The coordinates are normalized based on
Procrustes analysis [22], so that the motion is invariant to the
initial body orientation and the body size. For a given frame𝑥 = {𝑗1𝑥 , 𝑗1𝑦 , 𝑗1𝑧 , . . . , 𝑗𝑛𝑥 , 𝑗𝑛𝑦 , 𝑗𝑛𝑧}, 𝑛 is the number of joints.
The feature of this frame 𝜑(𝑥) is

𝜑 (𝑥) = {𝑗𝑎,𝑏 | 𝑗𝑎,𝑏 = 𝑗𝑎 − 𝑗𝑏, 1 ≤ 𝑎 < 𝑏 ≤ 𝑛}
+ {𝑗1𝑥 , 𝑗1𝑦 , 𝑗1𝑧 , . . . , 𝑗𝑛𝑥 , 𝑗𝑛𝑦 , 𝑗𝑛𝑧}

𝑗𝑎 − 𝑗𝑏 = {𝑗𝑎𝑥 − 𝑗𝑏𝑥 , 𝑗𝑎𝑦 − 𝑗𝑏𝑦 , 𝑗𝑎𝑧 − 𝑗𝑏𝑧} .
(3)

And the feature is a 630-dimension (570 pairwise relative
positions of the joint and 60 joint position coordinates) vector
for MSR Action 3D and UTKinect Action dataset. AS for
Florence 3DAction dataset, it is a 360-dimension vector. (The
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(a) Key poses of drink are 1, 9, 10, and 28 (subject 1, action drink, video 4, total 32 frames)

(b) Key poses of stand up are 1, 3, 10, and 11 (subject 1, action stand up, video 21, total 29 frames)

(c) Key poses of wave are 4, 7, 8, and 12 (subject 2, action wave, video 1, total 13 frames)

(d) Key poses of drink are 5, 7, 9, and 11 (subject 2, action drink, video 3, total 14 frames)

Figure 3: Key poses for different action in Florence 3D Actions dataset.

selection of alternative feature representations will be dis-
cussed inExperimentResult.)Then,we train a linear classifier
for each key pose according to the following equation:

𝑔 (𝑥) = 𝑤 ⋅ 𝜑 (𝑥) . (4)
The question of which frame should be used for training 𝑔(𝑥)
will be discussed in Section 2.3.

2.3. Latent Key Poses Mining. It is not easy to decide which
frames contain the key poses, because key poses’ space 𝑇𝑛 is
too large to enumerate all the possible poses. Enlightened by
[23], since the key pose positions are not observable in the
training data, we formulate the learning problem as a latent
structural SVM, regarding the key pose positions as the latent
variable.

Rewrite (1) as follows:

𝑓 (𝑋) = max
𝑡∈𝑇𝑛

𝑊 ⋅ Φ (𝑋, 𝑡)
𝑊 = (𝑤𝑔1 , 𝑤𝑝1 , . . . , 𝑤𝑔𝑛 , 𝑤𝑝𝑛)

Φ (𝑋, 𝑡) = (𝑔 (𝑥𝑡1) , Δ𝑡1, . . . , 𝑔 (𝑥𝑡𝑛) , Δ𝑡𝑛) ,
(5)

in which 𝑡 = (𝑡1, . . . , 𝑡𝑛) is treated as the latent variable. Given
a labeled set 𝐷 = {⟨𝑋1, 𝑌1⟩, . . . , ⟨𝑋𝑖, 𝑌𝑖⟩, . . .}, where 𝑋𝑖 ={𝑥1, . . . , 𝑥𝑚} and 𝑌𝑖 ∈ {−1, +1}, the objective is to minimize
the objective function:

𝐿𝐷 (𝑊) = 12 ‖𝑊‖2 + 𝐶 𝑛∑
𝑖=1

max (0, 1 − 𝑌𝑖𝑓 (𝑋𝑖)) , (6)
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Require:𝐷𝑝, 𝐷𝑛, 𝑁;𝑝𝑜𝑠 = 1, 𝑛𝑒𝑔 𝑝𝑜𝑠𝑒 = {𝑥𝑖 | 𝑖 = 𝑟𝑎𝑛𝑑𝑜𝑚(), 𝑥𝑖 ∈ 𝑋, 𝑋 ∈ 𝐷𝑛};
for 𝑖 = 1 . . . 𝑁 do𝑜𝑖 = 5𝜑𝑒𝑥𝑝 = 𝜑(𝑥𝑝𝑜𝑠)

where 𝑥𝑝𝑜𝑠 is the pos-th frame of the first video in 𝐷𝑝
for𝑋 ∈ 𝐷𝑝 do

𝑝𝑜𝑠 𝑝𝑜𝑠𝑒 = {𝑝𝑜𝑠 𝑝𝑜𝑠𝑒, argmin
𝑥𝑗

(𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 (𝜑𝑒𝑥𝑝, 𝜑 (𝑥𝑗)))}
where pos – 𝑜𝑖 < 𝑗 < 𝑝𝑜𝑠 + 𝑜𝑖, 𝑥𝑗 ∈ 𝑋

end for
Train 𝑔𝑖(𝑥) with pos pose and neg pose𝑝𝑖 = 𝑎V𝑒𝑟𝑎𝑔𝑒 {𝑗 | 𝑥𝑗 ∈ 𝑝𝑜𝑠 𝑝𝑜𝑠𝑒}
for 𝑋 ∈ 𝐷𝑝 do
For each frame 𝑥𝑗 ∈ 𝑋, 𝑠[𝑗] = 𝑠[𝑗] + 𝑔𝑖(𝑥𝑗)

end for
pos = argmin

𝑗
(𝑠[𝑗])

end for
Training 𝑤𝑔𝑖 and 𝑤𝑝𝑖 with linear SVM

Algorithm 1

in which 𝐶 is the penalty parameter. Following [23], the
model is first initialized: 𝐷𝑝 and 𝐷𝑛 are the positive and
negative subsets of𝐷, and the model is initialized with𝑁 key
frames as shown in Algorithm 1. In Algorithm 1, 𝑝𝑜𝑠 𝑝𝑜𝑠𝑒
and 𝑛𝑒𝑔 𝑝𝑜𝑠𝑒 are the positive frame set and the negative
frame set, respectively.They are used to train the linear classi-
fier 𝑔(𝑥). In order to initialize our model, we firstly compute𝜑(𝑥𝑝𝑜𝑠), the feature of the 𝑝𝑜𝑠-th frame which belongs to the
first video sample in𝐷𝑝.Then the Euclidean distance between𝜑(𝑥𝑝𝑜𝑠) and the feature of the frames in other samples in the
neighborhood of temporal position 𝑝𝑜𝑠 with radius 𝑜𝑖 in 𝐷𝑝
is computed. The frame which has the minimum Euclidean
distance from 𝜑(𝑥𝑝𝑜𝑠) in each sample is added in 𝑝𝑜𝑠 𝑝𝑜𝑠𝑒.
Then 𝑝𝑜𝑠 𝑝𝑜𝑠𝑒 is used to train the linear classifier 𝑔𝑖(𝑥) and
choose 𝑝𝑖 as the average of frame number in 𝑝𝑜𝑠 𝑝𝑜𝑠𝑒. To
select the next key pose, 𝑝𝑜𝑠 chose 𝑗with the minimum score
based on 𝑔𝑖(𝑥) for next loop; in other words, the 𝑗-th frame
which is most different from previous key pose is selected
in the next loop. Finally, all 𝑤𝑔𝑖 and 𝑤𝑝𝑖 are trained with the
linear SVM when Algorithm 1 is completed.

Once the initialization is finished, the model will be
iteratively trained as follows. First, to find the optimal value 𝑡
subjected to 𝑡opt ∈ 𝑇𝑛 where 𝑡opt = argmax𝑡(𝑊 ⋅ Φ(𝑋, 𝑡)) for
each positive video example and update 𝑝 with the average
value of all 𝑡opt, the new linear classifier 𝑔(𝑥) is trained with
modified 𝑝 for each key pose. Second, (6) is optimized over𝑊, where 𝑓(𝑥) = 𝑊 ⋅ Φ(𝑋, 𝑡opt) with stochastic gradient
descent. Thus, the models are modified to better capture
skeleton characteristics for each action.

2.4. Action Recognition with Key Poses. The key technical
issue in action recognition in real-world video is that we do
not knowwhere the action starts, and searching start position

in all possible places takes a lot of time. Fortunately, the score
of each possible start position can be computed, respectively.
So a parallel tool such asOpenMPorCUDAmight be helpful.

Given a test video 𝑋 with 𝑚 frames, first, the skeleton
feature score 𝑔(𝑥) of each frame has been computed in
advance so we could reuse them later. Then for each possible
action start position 𝑡0, we compute the score of each key pose𝑥𝑡𝑖 according to the following equation:

score = max
𝑡𝑖≥𝑡0

(𝑤𝑔𝑖 × 𝑔 (𝑥𝑡𝑖) + 𝑤𝑝𝑖 × Δ𝑡𝑖) . (7)

These scores are summed together as the final score of 𝑡0. If
the final score is bigger than the threshold, then an action
beginning at 𝑡0 has been detected and recognized. Figure 3
shows key poses for different actions in Florence 3D Action
dataset.

3. Experiment Result

This section presents all experimental results. First, trying to
eliminate the noise generated by translation, scale, and rota-
tion changes of skeleton poses, we preprocess the dataset with
Procrustes analysis [22]. And we conduct the experiment
for action recognition with or without Procrustes analysis
on UTKinect dataset to demonstrate effectiveness of Pro-
crustes analysis. Second, the appropriate feature extraction
was selected from four existing feature extraction methods
according to experimental result on Florence 3D Action
dataset. Third, quantitative experiment is conducted to select
the number of inconsecutive key poses. Last, we evaluate our
model and compare it with some state-of-the-art method on
three benchmark datasets:MSRAction 3D dataset, UTKinect
Action dataset, and Florence 3D Action dataset.
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3.1. Datasets

(1) Florence 3D Action Dataset. Florence 3D Action dataset
[26] was collected at the University of Florence during 2012
and captured using a Kinect camera. It includes 9 activities;
10 subjects were asked to perform the above actions for two
or three times. This resulted in a total of 215 activity samples.
And each frame contains 15 skeleton joints.

(2) MSR Action 3D Dataset. MSR Action 3D dataset [11]
consists of the skeleton data obtained by depth sensor similar
to the Microsoft Kinect. The data was captured at a frame
rate of 15 frames per second. Each action was performed by
10 subjects in an unconstrained way for two or three times.
The set of actions included high arm wave, horizontal arm
wave, hammer, hand catch, forward punch, high throw, draw𝑥,
draw tick, draw circle, hand clap, two-hand wave, side boxing,
forward kick, side kick, jogging, tennis swing, and tennis serve.

(3) UTKinect Action Dataset. UTKinect Action dataset [24]
was captured using a single stationary Kinect and contains
10 actions. Each action is performed twice by 10 subjects in
indoor setting. Three synchronized channels (RGB, depth,
and skeleton) are recorded with a frame rate of 30 frames
per second. The 10 actions are walk, sit down, stand up, pick
up, carry, throw, push, pull, wave hands, and clap hands. It
is a challenging dataset due to the huge variations in view
point and high intraclass variations. So, this dataset is used
to validate the effectiveness of Procrustes analysis [22].

3.2. Data Preprocessing with Procrustes Analysis. Skeleton
data in each frame of a given video usually consists of a
fixed number of predefined joints. The position of joint is
determined by three coordinates (𝑥, 𝑦, 𝑧). Figure 4 shows the
skeleton definition in MSR Action 3D dataset. It contains
20 joints which could be represented by their coordinates.
Regarding raw human skeleton in the video as the features is
not a good choice in consideration of the nature of skeleton—
rotation, scaling, and translation. So, before the experiment,
we should normalize the datasets by Procrustes analysis.

In statistics, Procrustes analysis is a form of statistical
shape analysis used to analyze the distribution of a set of
shapes and is widely applied to the field of computer vision
such as face detection. In this paper, it is used to align the
skeleton joints and eliminate the noise owed to rotation,
scaling, or translation. Details of Procrustes analysis will be
depicted next.

Given a skeleton data with 𝑘 joints ((𝑥1, 𝑦1, 𝑧1), (𝑥2,𝑦2, 𝑧2), . . . , (𝑥𝑘, 𝑦𝑘, 𝑧𝑘)), the first step is to process the joints
with translation transformation. We compute the mean
coordinates (𝑥, 𝑦, 𝑧) of all joints and put them on the origin
of coordinates. The translation is completed after each joint
coordinate subtracting the mean coordinate, denoted as
equation (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) = (𝑥𝑖 − 𝑥, 𝑦𝑖 − 𝑦, 𝑧𝑖 − 𝑧). The purpose
of scaling is making mean square root of all joint coordinates
equivalent to 1. For the skeleton joints, we compute 𝑠 accord-
ing to the following equation:

𝑠 = √𝑥21 + 𝑦21 + 𝑧21 + ⋅ ⋅ ⋅ + 𝑥2𝑘 + 𝑦2𝑘 + 𝑧2𝑘𝑘 . (8)
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Figure 4: Skeleton of MSR Action 3D.

And the scaling result is calculated as follows: (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) =(𝑥𝑖/𝑠, 𝑦𝑖/𝑠, 𝑧𝑖/𝑠). The rotation of skeleton is the last step of
Procrustes analysis. Removing the rotation is more com-
plex, as standard reference orientation is not always avail-
able. Given is a group of standard skeleton joint points𝐴 = ((𝑢1, V1, 𝑤1), (𝑢2, V2, 𝑤2), . . . , (𝑢𝑘, V𝑘, 𝑤𝑘)), which repre-
sent an action 𝑠𝑡𝑎𝑛𝑑 facing positive direction of x-coordinate
axis. The mean coordinate of 𝐴 is put on the origin of
coordinate and the mean square root of coordinate is
1. Then we compute the rotation matrix 𝑅 for skeleton𝐵 = ((𝑥1, 𝑦1, 𝑧1), (𝑥2, 𝑦2, 𝑧2), . . . , (𝑥𝑘, 𝑦𝑘, 𝑧𝑘)) which has been
scaled and transformed as aforementioned method by (9),
in which 𝑀 is 3 ∗ 3 matrix. 𝑈Σ𝑉𝑇 is the singular value
decompositionwith orthogonal𝑈 and𝑉 and diagonalΣ. And
the rotation matrix 𝑅 is equal to matrix 𝑉 multiplied by the
matrix transform of 𝑈. At last, skeleton joint points 𝐵 can be
aligned with 𝐴 through computing 𝑅multiplied by 𝐵.

𝑀 = 𝐵𝑇𝐴
𝑀 = 𝑈Σ𝑉𝑇
𝑅 = 𝑉𝑈𝑇.

(9)

We followed the cross-subject test setting of [30] on
UTKinect dataset to test the validity of Procrustes analysis.
Result is shown in Table 1. It is easy to see that the recognition
rate of almost all actions is improved after preprocessing
skeleton joint pointwith Procrustes analysis. In particular, the
recognition rate of action𝑤𝑎𝑙𝑘 is improved by 10%. It turned
out that the translation, scaling, and rotation of human action
skeleton in the video affect the recognition accuracy and
Procrustes analysis is an effective method to eliminate the
influence of geometry transformation.
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Table 1: Results of action recognition with or without Procrustes analysis.

Walk Sit down Stand up Pick up Carry Throw Push Pull Wave Clap
with PA 93% 86% 91% 97% 92% 88% 87% 91% 99% 91%
without PA 83% 84% 85% 92% 89% 83% 87% 82% 93% 87%

3.3. Feature Extraction Method Selection. With the deep
research on action recognition based on skeleton, there are
many efficient feature representations.We select four of them
(Pairwise [1], the most informative sequences of joint angles
(MIJA) [31], histograms of 3D joints (HOJ3D) [24], and
sequence of the most informative joints (SMIJ) [13]) as
alternative feature representations.

Given is a skeleton 𝑥 = {𝑗1, 𝑗2, . . . , 𝑗𝑛}, in which 𝑗𝑖 =(𝑗𝑥𝑖 , 𝑗𝑦𝑖 , 𝑗𝑧𝑖). The Pairwise representation is computed as fol-
lows: for each joint 𝑎, we extract the pairwise relative position
features by taking the difference between the position of joint𝑎 and the position of another joint 𝑏: 𝑗𝑎𝑏 = 𝑗𝑎 − 𝑗𝑏, so the
feature of 𝑥 is 𝜑(𝑥) = {𝑗𝑎𝑏 | 𝑗𝑎𝑏 = 𝑗𝑎 − 𝑗𝑏, 1 ≤ 𝑎 < 𝑏 ≤ 𝑛}.
Due to the informativeness of the original joints, we made
an improvement on this representation by concatenating𝜑(𝑥)
and 𝑥.Then the new feature is𝜑(𝑥) = {𝑗𝑎,𝑏 | 𝑗𝑎,𝑏 = 𝑗𝑎−𝑗𝑏, 1 ≤𝑎 < 𝑏 ≤ 𝑛} + {𝑗1, 𝑗2, . . . , 𝑗𝑛}.

The most informative sequences of joint angles (MIJA)
representation regards joint angle as features. The shape of
trajectories of joints encodes local motion patterns for each
action. It chooses to use 11 out of the 20 joints capturing
information for an action and center the skeleton, using the
hip center joint as the origin (0, 0, 0) of the coordinate system.
From this origin, vectors to the 3D position of each joint are
calculated. For each vector, it computes the angle 𝜃1 of its
projection onto the x-z plane with the positive 𝑥-axis and the
angle 𝜃2 between the vector and 𝑦-axis. The feature consists
of the 2 angles of each joint.

Histograms of 3D joints (HOJ3D) representation chooses
12 discriminative joints of 20 skeletal joints. It takes the
hip center as the center of the reference coordinate system
and defines 𝑥-direction according to left and right hip. The
remaining 8 joints are used to compute the 3D spatial histo-
gram. The Spherical Coordinates space is partitioned to 84
bins. And for each joint location, a Gaussian weight function
is used for the 3D bins. Counting the votes in each bin and
concatenating them, we can get an 84-dimension feature
vector.

Sequence of the most informative joints (SMIJ) represen-
tation also takes the joint angle as feature but it is different
from MIJA. It partitions the joint angle time series of an
action sequence into a number of congruent temporal seg-
ments and computes the variance of the joint angle time
series of each joint over each temporal segment. The top 6
most variable joints in each temporal segment are selected
to extract features with mapping function Φ. Here Φ(𝑎) :
R|𝑎| → R is a function that maps a time series of scalar values
to a single scalar value.

In order to find the optimal feature, we conduct an
experiment on Florence 3D Action dataset, in which each
video is short. And we estimate other 5 joints coordinates
from original 15 joints of each frame in Florence dataset to
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Figure 5: Features selection.

make the same joints number of each frame as MSR Action
3D or UTKinect dataset. The experiment takes cross-subject
test settings; one half of the dataset is used to train the key
pose model and the other is used for testing. The model has
4 key poses and Procrustes analysis has been done before the
feature extracting. Results are shown in Figure 5. The overall
accuracy of Pairwise feature across 10 actions is better than
SMIJ andMIJA. And it is observed that, for all actions except
sit down and stand up, the Pairwise representation shows
promising results. So, in following experiment, we select
Pairwise feature to conduct action recognition experiment.
The estimated joints coordinates generate more noise, so the
accuracy is lower than the results on original Florence 3D
Action dataset (shown in Table 6).

3.4. Selection of Key Pose Numbers. In this section, we imple-
ment some experiments to determine how many key poses
are necessary for action recognition.The experimental results
are shown in Figure 6; the horizontal axis denotes the number
of key poses, and the vertical axis denotes recognition
accuracy of the proposed approach.The number of key poses
ranges from 1 to 20. We can see that the accuracy increases
with the number of key poses when the number is less than 4.
The accuracy almost achieves maximum values when the
number of key poses equals 4, and the accuracy does not
increase when the number of key poses is more than 4. To
consider the accuracy and computation time, 4 is selected
as the number of key poses for recognition action in our
following experiment.

Table 2 only enumerates recognition accuracy for each
action in UTKinect Action dataset when the number of key
poses ranges from 4 to 8. It can be seen that the recognition
accuracy varies with different key poses number for one
action. However, the average recognition accuracy is nearly
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Table 2: Recognition accuracy on different number of key poses.

Number Carry Clap Pick Pull Push Sit Stand Throw Walk Wave Average
4 0.960 0.870 0.900 0.980 0.930 0.850 0.890 0.890 0.970 0.920 0.915
5 0.910 0.860 0.910 0.970 0.920 0.840 0.900 0.910 0.980 0.930 0.913
6 0.910 0.890 0.920 0.970 0.920 0.910 0.880 0.890 0.980 0.960 0.923
7 0.920 0.870 0.890 0.970 0.940 0.900 0.910 0.890 0.980 0.940 0.921
8 0.900 0.860 0.900 0.990 0.920 0.900 0.920 0.900 0.980 0.940 0.921
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Figure 6: How many key poses does the model need?

Table 3: The three subsets of actions used in the experiments.

AS1 AS2 AS3
Bend Draw circle Forward kick
Forward punch Draw tick Golf swing
Hammer Draw X High throw
Hand clap Forward kick Jogging
High throw Hand catch Pick & throw
Horizontal arm wave High arm wave Side kick
Pickup & throw Side boxing Tennis serve
Tennis serve Two-hand wave Tennis swing

the same with different key poses number, so 4 is the high
cost-effective choice.

3.5. Results on MSR Action 3D Dataset. According to the
standard protocol provided by Li et al. [11], the dataset
was divided into three subsets, shown in Table 3. AS1 and
AS2 were intended to group actions with similar movement,
while AS3 was intended to group complex actions together.
For example, action ℎ𝑎𝑚𝑚𝑒𝑟 is likely to be confused with𝑓𝑜𝑟𝑤𝑎𝑟𝑑𝑝𝑢𝑛𝑐ℎ in AS1 and action pickup & throw in AS3 is
a composition of 𝑏𝑒𝑛𝑑 and high throw in AS1.

We evaluate ourmethod using a cross-subject test setting:
videos of 5 subjects were used to train our model and videos
of other 5 subjects were used for test procedure. Table 4 illus-
trates results for AS1, AS2, and AS3. We compare our perfor-
mance with Li et al. [11], Xia et al. [24], and Yang and Tian
[25]. We can see that our algorithm achieves considerably
higher recognition rate than Li et al. [11] in all the testing
setups onAS1, AS2, andAS3. ForAS2, the accuracy rate of the
proposedmethod is the highest. For AS1 or AS3, our recogni-
tion rate is only slightly lower than Xia et al. [24] or Yang and
Tian [25], respectively. However, the average accuracy of our
method on all three subsets is higher than the other methods.

Table 4: Comparison of our method with the others on AS1, AS2,
and AS3.

Action
subset Li et al. [11] Xia et al. [24] Yang and

Tian [25] Ours

AS1 72.9% 89.8% 80.5% 89.1%
AS2 71.9% 85.5% 73.9% 88.7%
AS3 79.2% 63.5% 95.5% 94.9%
Average 74.7% 79.6% 83.3% 90.9%

Table 5: Comparison of ourmethodwith the others onMSRAction
3D.

MSR Action 3D
Histogram of 3D joints [24] 78.97%
EigenJoints [25] 82.30%
Angle similarities [27] 83.53%
Actionlet [1] 88.20%
Spatial and temporal part-sets [28] 90.22%
Covariance descriptors [29] 90.53%
Our approach 90.94%

Table 5 shows the results on MSR Action 3D dataset. The
average accuracy of the proposedmethod achieves 90.94%. It
is easy to see that our method performs better than the other
six methods.

3.6. Results on UTKinect Action Dataset. On UTKinect
dataset, we followed the cross-subject test setting of [30],
in which one half of the subjects is used for training our
model and the other is used to evaluate the model. And we
compare our model with Xia et al. [24] and Gan and Chen
[30]. Figure 7 summarizes the results of ourmodel alongwith
competing approaches on UTKinect dataset. We can see that
our method achieves the best performance on three actions
such as pull, push, and throw. And the most important thing
is that the average accuracy of ourmethod achieves 91.5% and
is better than the other two methods (90.9% and 91.1% for
Xia et al. [24] and Gan and Chen [30], resp.). The accuracy
of actions such as clap hands and wave hands is not so good;
the reason may be the fact that the skeleton joint movement
ranges of these actions are not large enough and the skeleton
data contain more noise. So, it hinders our method from
finding the optimal key poses and degrades the accuracy.

3.7. Result on Florence 3D Actions Dataset. We follow the
leave-one-actor-out protocol which is suggested by dataset
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Table 6: Results on Florence 3D Actions dataset.

Subject 1 2 3 4 5 6 7 8 9 10 Average
Wave 0.79 0.83 0.81 0.95 0.95 0.78 0.95 0.83 0.90 0.87 0.87
Drink 0.66 0.83 0.48 0.84 0.70 0.68 0.68 0.87 0.85 0.82 0.74
Answer 0.79 1.00 0.68 0.89 0.65 0.86 0.94 0.96 0.80 0.78 0.84
Clap 1.00 1.00 0.95 0.84 1.00 0.91 1.00 0.92 1.00 0.78 0.94
Tight 0.97 0.94 0.95 1.00 0.95 0.86 0.95 0.92 1.00 0.95 0.95
Sit down 0.72 0.89 0.90 0.90 0.76 0.86 0.79 1.00 0.80 0.91 0.85
Stand up 1.00 0.83 1.00 0.90 0.90 0.90 0.84 0.88 0.95 0.96 0.92
Read watch 0.59 0.89 0.90 0.84 0.75 0.82 0.68 0.75 0.85 0.73 0.78
Bow 0.86 0.89 0.86 1.00 0.85 1.00 1.00 0.96 0.90 0.74 0.91
Average 0.82 0.90 0.84 0.91 0.83 0.85 0.87 0.90 0.89 0.84 0.87
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Figure 7: Results on UTKinect Action dataset.

collector on original Florence 3D Action dataset. All the
sequences from 9 out of 10 subjects are used for training,
while the remaining one is used for testing. For each subject,
we repeat the procedure and average the 10 classification
accuracy values at last. For comparison with other methods,
average action recognition accuracy is also computed. The
experimental results are shown in Table 6. In each column,
the data represent each action’s recognition accuracy, while
the corresponding subject is used for testing. The challenges
of this dataset are the human-object interaction and the
different ways of performing the same action. By analyzing
the experiment result of our method, we can notice that the
proposed approach obtains high accuracies for most of the
actions. Our method overcomes the difficulty of intraclass
variation such as bow and clap. The proposed approach gets
lower accuracies for the actions such as answer the phone and
readwatch; this can be explained by the fact that these actions
are human-object interaction with small range of motion
and the Pairwise feature could not well reflect the motion.
Furthermore, results compared with other methods are listed
in Table 7. It is clear that our average accuracy is better than
Seidenari et al. [15] and is the same as Devanne et al. [16].

Table 7: Comparing of our method with the others on Florence 3D
Actions dataset.

Florence 3D Actions
Seidenari et al. [15] Devanne et al. [16] Our approach
82% 87% 87%

4. Conclusion

In this paper, we presented an approach for action recognition
based on skeleton by mining the key skeleton poses with
latent SVM. Experimental results demonstrated that human
actions can be recognized by only a few frames with key
skeleton pose; in other words, a few inconsecutive and
representative skeleton poses can describe the video action.
Starting from feature extraction using the pairwise relative
positions of the joints, the positions of key poses are found
with the help of latent SVM. Then the model is iteratively
trained with positive and negative video examples. In test
procedure, a simple method is given by computing the score
of each start position to recognize the action.

We validated our model on three benchmark datasets:
MSR Action 3D dataset, UTKinect Action dataset, and Flo-
rence 3D Action dataset. Experimental results demonstrated
that our method outperforms all other methods. Because
our method relies on extracting descriptors of simple relative
positions of the joints, its performance degrades when the
actions are little varied and uninformative, for instance, those
actions that were performed only by forearm gestures such as
clap hands in UTKinect Action dataset. In the future, we will
explore the other local features reflecting minor motion for
better understanding human action.
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[14] M. Müller and T. Röder, “Motion templates for automatic clas-
sification and retrieval of motion capture data,” in Proceedings
of the ACM SIGGRAPH/Eurographics Symposium on Computer
Animation (SCA ’06), pp. 137–146, Vienna, Austria, September
2006.

[15] L. Seidenari, V. Varano, S. Berretti, A. Del Bimbo, and P. Pala,
“Recognizing actions from depth cameras as weakly aligned
multi-part bag-of-poses,” in Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition Workshops
(CVPRW ’13), pp. 479–485, Portland, Ore, USA, June 2013.

[16] M. Devanne, H. Wannous, S. Berretti, P. Pala, M. Daoudi, and
A. Del Bimbo, “3-D human action recognition by shape analysis
of motion trajectories on riemannian manifold,” IEEE Transac-
tions on Cybernetics, vol. 45, no. 7, pp. 1340–1352, 2015.

[17] T. Batabyal, T. Chattopadhyay, and D. P. Mukherjee, “Action
recognition using joint coordinates of 3D skeleton data,” in Pro-
ceedings of the IEEE International Conference on Image Process-
ing (ICIP ’15), pp. 4107–4111, IEEE, Québec, Canada, September
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Person reidentification, which aims to track people across nonoverlapping cameras, is a fundamental task in automated video
processing. Moving people often appear differently when viewed from different nonoverlapping cameras because of differences in
illumination, pose, and camera properties. The color histogram is a global feature of an object that can be used for identification.
This histogram describes the distribution of all colors on the object. However, the use of color histograms has two disadvantages.
First, colors change differently under different lighting and at different angles. Second, traditional color histograms lack spatial
information. We used a perception-based color space to solve the illumination problem of traditional histograms. We also used the
spatial pyramidmatching (SPM)model to improve the image spatial information in color histograms. Finally, we used the Gaussian
mixture model (GMM) to show features for person reidentification, because the main color feature of GMM is more adaptable for
scene changes, and improve the stability of the retrieved results for different color spaces in various scenes. Through a series of
experiments, we found the relationships of different features that impact person reidentification.

1. Introduction

As public security technology has become increasingly intel-
ligent, surveillance cameras have been set up in public places
such as airports and supermarkets. These cameras provide
huge amounts of nonoverlapping video data. It is often
necessary to track an object or person of interest that appears
on video frommultiple cameras under different illumination
conditions [1–3]. When searching for moving people in
surveillance video data, object retrieval systems for intelligent
video surveillance experience the following problems.

(1) Object retrieval results in video surveillance depend
on motion segmentation and video analysis. Digital
video is a series of images, constituted by frames that
contain rich information. If an image frame contains
moving objects, then object retrieval detection can be
used to segment a moving target [4]. Object retrieval
results depend on the object segmentation. If video
analysis cannot separate the foreground and moving
objects, the target object cannot be retrieved from the
many irrelevant foreground objects. A good object

retrieval system should adapt to various levels of
video quality for foreground detection, which could
eliminate unrelated objects and retrieve the target [5].

(2) Specific object retrieval in video surveillance faces
technical limitations. The moving objects of interest
in surveillance video are often persons and cars. Facial
features are the most distinctive elements for per-
son recognition, and relatively mature methods are
available for this process. However, low camera res-
olution often makes it difficult to extract perceivable
information about facial expression [6]. The mature
technology of video object retrieval based on facial
features should receive more technical exploration.

(3) External factors greatly influence objects appearance
under video surveillance. A robust object retrieval
system should be able to compensate for the following
factors.

(i) Person pose variation: a moving person may
have arbitrary poses (Figure 1(a)).
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(a) (b) (c) (d)

Figure 1: Images showing the same person in different camera views: (a) pose change, (b) illumination change, (c) occlusion, and (d) low
resolution.

(ii) Varying illumination conditions: illumination
conditions usually differ between camera views
(Figure 1(b)).

(iii) Occlusion: a person body partsmay be occluded
by other subjects, such as a carried bag, in one
camera view (Figure 1(c)).

(iv) Low image resolution: due to surveillance cam-
era performance, images of a moving person
often have low resolution (Figure 1(d)).

The color histogram is a tool used to describe the color com-
position of an image [7].The histogram shows the appearance
of different colors and the number of pixels for each color
in an image. Colors possess better immunity to the noise
jamming of images and are robust against image degradation
and scaling. We selected a global color approach to body
features for person reidentification in surveillance video.
Extracting the color information of the person makes the
method clear and simple. Because color statistic features lose
information about color spatial distribution, we combined
this approach with the spatial pyramid matching (SPM)
model. We tested our method in the RGB, HSV, and UVW
color spaces using real video images.We present related work
on person reidentification and feature analysis in Section 2.
We offer details on our proposed method in Section 3. We
report and discuss the experimental results in Section 4,
and we give conclusions and suggestions for future work in
Section 5.

2. Related Works

For the past few years, object retrieval techniques using
content-based video retrieval have received significant the-
oretical and technological support. Many researchers have
examined person reidentification, and the related literature is
extensive [8, 9]. This section discusses feature modeling and
effective matching strategies, which are important methods
for person reidentification.

2.1. Color Feature. Color features are one of the low-level
feature types that have been widely used in content-based
image retrieval (CBIR). Compared with other features, color
exhibits little dependence on image rotation, translation,

scale change, and even the shape change. Color is thus
thought of as almost independent of the images dimensions,
direction, and view angles. Most representations in previous
approaches are based on appearance. Gray and Tao [10] used
a similarity function that was trained from a set of data.These
authors focused on the problems of unknown viewpoint and
pose. The method is robust to viewpoint change because
it is based on the ensemble of localized features (ELF).
Farenzena et al. [11] presented an appearance-based method
based on the localization of perceptually relevant human
parts. The information features contain three parts: overall
chromatic content, the spatial arrangement of colors into
stable regions, and the presence of recurrent local motifs with
high entropy. The method is robust to pose, viewpoint, and
illumination variations. Zhao et al. [12] transformed person
reidentification into a distance learning problem. Using the
relative distance comparison model to compute the distance
of a pair of views, these authors considered a likely true
match pair to have a smaller distance than that of a wrong
match pair. These authors also used a new relative distance
comparison model to measure the distance between pairs
of person images and judge the pairs of true matches and
wrong matches. Angela et al. proposed a new feature based
on the definition of the probabilistic color histogram and
trained fuzzy 𝑘-nearest neighbors (KNN) classifier based on
an ad hoc dataset. The method is effective at discriminating
and reidentifying people across two different video cameras
regardless of viewpoint change. Metternich et al. [13] used a
global color histogram and shape information to track people
in real-life surveillance data, finding that the appearance of
the subject impacted the tracking results. These authors also
focused on the performance of matching techniques over
cameras with different fields of view.

2.2. Metric Learning. Hirzer et al. [14] focused the match-
ing method of metric learning on person reidentification.
These authors accomplished metric learning from pairs of
samples from different cameras. The method benefits from
the advantages of metric learning and reduces the required
computational effort. Good performance can be achieved
even using less color and texture information. Khedher et
al. [15] proposed a new automatic statistical method that
could accept and reject SURF correspondence based on the
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Figure 2: Overview of the system.

likelihood ratio of two Gaussian mixed models (GMMs)
learned on a reference set. The method does not need to
select the matching SURF pairs by empirical means. Instead,
interest point matching over whole video sequences is used
to judge the person identity. Matsukawa et al. [16] focused
on the problem of overfitting and proposed a discrimina-
tive accumulation method of local histograms for person
reidentification. The proposed method jointly learns pairs
of a weight map for the accumulations and employs a
distance metric that emphasizes discriminative histogram
dimensions. This method can achieve better reidentification
accuracy than other typical metric learning methods on
various sizes of datasets.

3. System Description

3.1. An Overview of the Proposed System. The techniques of
moving person retrieval information from a video database
include shot segmentation, person detection, scene seg-
mentation, feature extraction, and similarity calculation. As
shown in Figure 2, shot segmentation refers to automatically
segmenting video clips into shots as the basic unit for
indexing. One second of video contains about 20–30 video
frames, andneighboring frames are very similar to each other.
There is no need to perform retrieval and matching for each
frame, and frame differentiation is used to detect and extract
themoving person. Frame differentiation relies on the change
of pixel value between neighboring key frames. A change
value greater than the established threshold value marks the
pixel position of the moving person.This step is important in
video parsing and directly affects the effectiveness of moving
person retrieval.

Themeasurementmethod for similarity calculation influ-
ences the results ranking of object retrieval. Essentially, image
similarity calculation computes the content of feature vectors
from the objects. Each feature attribute selection can employ
a different similarity computing method [17]. Frequently,
image features are extracted in the form of feature vectors
that can be regarded as points in multidimensional space.

The most common similarity measure method uses the
distance between two spots in feature space. We also use
distance measurement and correlativity calculation to scale
the comparability between images.

Our proposed method is presented in Figure 3. We use
traditional histogram and SPM histogram to retrieve the
object. The traditional histogram method contains three
parts, the color histogram feature extraction, color histogram
distance computing, and outputting. The difference between
SPM histogram and traditional histogram is the histogram
distance computing part. The sample image and matching
image are segmented into three parts, the upper, middle, and
lower part. The three parts then separately computed the
color histogram distance and use average distance to evaluate
the results. Then the system uses GMM model to filter the
top 20 results, extracts the GMM main color feature, and
computes the similarity of them. Finally, the system outputs
the rank of top 10 results.

3.2. Perception-Based Color Space Histogram Feature. Com-
putations in the RGB and HSV color spaces cannot solve
the problemof background illumination sensitivity.The color
spaces always affect the computing accuracy of the color
histogram [18]. We attempted to use perception-based color
space, which exhibits good performance in image processing
[19]. As the name suggests, the perception-based color space
associatedmetric approximates perceived distances and color
displacements, capturing relationships that are robust to
spectral changes in illumination [20]. RGB color space can
be transformed to perception-based color space through the
following steps.

RGB color space can be transformed to perception-based
color space through the following steps.

(1) Transform RGB to XYZ color space using the follow-
ing formula (1):

[[[
𝑋𝑌𝑍]]] = 10.177 ( 0.49 0.361 0.200.177 0.0812 0.0110.00 0.01 0.99 )[[[

𝐺 (𝑅)𝐺 (𝐺)𝐺 (𝐵)]]] , (1)
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Figure 3: Overview of proposed method.

where 𝐺( ) is the gamma correction function and equals 2.0.
The gamma correction function addresses color distortion
and rediscovers the real environment to a certain extent.

(2) Transform XYZ to UVW color space. In UVW color
space, the influence of lighting conditions is simulated by the
tristimulusmultiplication values and scale factor, as shown in
the following formula (2):

[[[[[
𝑋𝑌𝑍
]]]]] → [[[[[

𝑈𝑉𝑊
]]]]] = 𝐵−1𝐷𝐵[[[[[

𝑋𝑌𝑍
]]]]] , (2)

where 𝐷 is a diagonal matrix, accounting only for illumi-
nation, and independent of the material. 𝐵 is the transfer
matrix from the current color space coordinates to the
base coordinates. The nonlinear transfer uses the following
formula (3):

[[[[[
𝑈𝑉𝑊
]]]]] = 𝐴(l̂n(𝐵[[[[[

𝑋𝑌𝑍
]]]]])), (3)

where 𝐴 and 𝐵 are invertible 3 × 3 matrices and denote the
component-wise natural logarithm. Matrix 𝐵 transforms the
color coordinates to the basis in which relighting best corre-
sponds to multiplication by a diagonal matrix, while matrix𝐴 provides degrees of freedom that can be used to match
perceptual distances. Based on similar color experiments in

P P11 Pnm
P21

P23

Level 1Level 0 Level N

P22

P24
P12

Level 2

Figure 4: The method of SPM.

the database,𝐴 and 𝐵matrix-value formulas are shown as (4)
and (5), respectively.

𝐴 = ( 27.07439 −22.80783 −1.806681−5.646736 −7.722125 12.86503−4.163133 −4.579428 −4.576049) , (4)

𝐵 = (0.9465229 0.2946927 −0.1313419−0.117917 0.9929960 0.0073715540.0923046 −0.046457 0.9946464 ) . (5)

3.3. SPM Model. Lazebnik et al. [21] proposed the Spatial
Pyramid Matching (SPM) in 2006. SPM model contains
broad space information, with which the color histogram
information will be encoded orderly in space. The model
divides the image into different levels, which can then be
further refined. The SPM model space is shown in Figure 4.
The level 0 image 𝑃 is based on the original image feature
information. But the image feature is based on the global
unordered color information. Level 1 shows image separated
as space geometry. 𝑃11 and 𝑃12 are expressed by a spatial
order that contains simple space information.
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P11 and P12, which also lack internal space information,
are in level 1. If internal space information is necessary in P11
and P12, they must be separated using the same process. The
level 𝑖 + 1 feature is divided by level 𝑖. The levels of division
are decided by the actual situation.

3.3.1. The SPM Histogram Feature. Image similarity is com-
puted by the levels corresponding to parts in SPMmodel. For
two images 𝑃 and 𝑄, the formula is as follows:𝑑 (𝑃, 𝑄) = ∑𝑘𝑖𝑗𝑑 (𝑝𝑖𝑗, 𝑞𝑖𝑗) , (6)

where 𝑃𝑖𝑗 is the image 𝑃 histogram feature of the part 𝑗 in
level 𝑖; 𝑑(𝑝𝑖𝑗, 𝑞𝑖𝑗) is the feature similarity degree images 𝑃 and𝑄; and 𝐾𝑖𝑗 is the weight of the similarity calculation. In this
case, we focus on part 𝑗 of level 𝑖. The weight of calculation
should be set high.

3.4. Gaussian Color Model. Gaussian color model (GMM)
is constantly used for color image segmentation according
to the classification and clustering of image characteristics
[22]. The image is divided into different parts based on
pixel classification. We considered the main part of person
identification to be based on minutia matching and ignored
details. The retrieval of similar objects in a video system
prioritizes the main part of similarity matching and does not
emphasize accurate detail matching, so we considered the
main colors as the features of the Gaussian color model.

3.4.1. Gaussian Distribution. The Gaussian distribution is a
parametric probability density function that is a mean value
and variance continuous distribution maximum information
entropy [23]. As shown in (7), when distributing a unit value
that fits the normal distribution random variable, the fre-
quency of the variable that follows the Gaussian distribution
is entirely determined by the mean value 𝜇 and variance𝜎2. As 𝑥 approaches 𝜇, probability increases. 𝜎 means the
dispersion, and the value of 𝜎 is a much greater degree of
dispersion.

𝑓 (𝑥) = 1𝜎√2𝜋𝑒−(𝑥−𝜇)2/2𝜎2 . (7)

For an image, the Gaussian distribution describes the
distribution of specific pixel brightness that reflects the
frequency of some gray numerical value [24]. A single-mode
Gaussian distribution cannot represent amulticolored image.
Therefore, we used a multiplicity of Gaussian models to
showdifferent pixel distributions that approximately simulate
a multicolored image. Theoretically, we could increase the
numbers of models to improve the descriptive ability.

Every pixel of the color image could be represented as
a d dimensional vector 𝑥𝑖 (color image 𝑑 = 3 and gray
image 𝑑 = 1). The whole image could be represented as𝑋 = (𝑥𝑇1 , 𝑥𝑇2 , . . . , 𝑥𝑇𝑁), where 𝑁 is the sum of all pixels in a
picture, 𝑋 is represented as 𝑀 states in GMM, and the value
of 𝑀 is usually restricted from 3 to 5. The linear stacking of
the 𝑀 Gaussian distributions could show the GMM of the

probability density function, as shown in (8): 𝑥 is the pixel
sampling of a picture.

𝑃 (𝑥) = 𝑀∑
𝑘=1

𝑝 (𝑘) 𝑝 (𝑥 | 𝑘) = 𝑀∑
𝑘=1

𝜋 (𝑘)𝑁 (𝑥 | 𝜇𝑘,∑𝑘) . (8)

𝑁(𝑥 | 𝜇𝑘, ∑ 𝑘) is the single Gaussian density function. As
shown in (8), 𝑘 = 1, . . . ,𝑀 indicates the Gaussian density
function of𝑁𝑜.𝑘. 𝜇𝑘 is the sample mean vector,∑𝑘 is sample
covariance matrix, and 𝜋𝑘 is the nonnegative coefficient of
weight that describes the proportion of𝑁𝑜.𝑘 data in the total
data.

3.5. Color Histogram Feature Extraction. Thehistogram of an
image is related to the probability distribution function of
the images pixel density. When this concept is extended to
a color image, it is necessary to obtain the joint probability
distribution value for multiple channels [25]. In general, a
color histogram is defined by the following equation (9):ℎ𝐴,𝐵,𝐶 = 𝑁 ∙ Prob (𝐴 = 𝑎, 𝐵 = 𝑏, 𝐶 = 𝑐) , (9)

where 𝐴, 𝐵, and 𝐶 indicate three color channels (𝑅, 𝐺, and 𝐵
or 𝐻, 𝑆, and 𝑉) and 𝑁 is the sum of all pixels in the image.
In terms of computing, the first step is to discretize the pixel
values of the image, creating statistics for the number of pixels
of each color for color histogram.

3.6. Histogram of Color Feature Similarity Measurement.
Several methods exist to calculate and weigh the similarity
measurement of the histogram. The distance formula of
the similarity measure between images is based on the
color content. Euclidean distance, histogram intersection,
and histogram quadratic distance are widely used in image
retrieval.

The Euclidean distance of the histogram between two
images is given by the following equation (10):𝑑2 (ℎ, 𝑔) = ∑

𝐴

∑
𝐵

∑
𝐶

(ℎ (𝑎, 𝑏, 𝑐) − 𝑔 (𝑎, 𝑏, 𝑐))2 , (10)

where ℎ and 𝑔 are two histograms and 𝑎, 𝑏, and 𝑐 are the color
channels. The formula subtracts the pixel value in the same
bin of histograms ℎ and 𝑔.

The formula for histogram intersection distance is as
follows:

𝑑 (ℎ, 𝑔) = ∑𝐴 ∑𝐵 ∑𝐶min (ℎ (𝑎, 𝑏, 𝑐) − 𝑔 (𝑎, 𝑏, 𝑐))
min (|ℎ| , 𝑔) , (11)

where |ℎ| and |𝑔| stand for the pixel values of image sampling
in histograms ℎ and 𝑔, respectively.
3.7. Evaluation Method. (1) We focused on the degree of
search result accuracy using evaluation parameters for pre-
cision. Precision reflects the capability of filtering irrelevant
content. These video retrieval system performance criteria
reference the evaluation method for information search
systems. For a retrieval object, the retrieval system returns a
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sort of search results.The precision rate expresses the number
of correct relevant retrieval results divided by the number of
total retrieval results.

Precision (%) = 𝐴𝐴 + 𝐵 × 100,
AveragePrecision (%) = 1𝑛 𝑛∑

𝑖=1

Precision (𝑖) . (12)

In formula (12), 𝐴 is the number of correct relevant
retrieval examples, 𝐵 is the number of irrelevant video
retrieval examples, and 𝐶 is the number of missing correct
relevant retrieval examples.

(2) Cumulative Match Characteristic (CMC) curve is
employed to evaluate the performance of the reidentification
system. The CMC curve is used when the full gallery is
available. It depicts the relationship between the accuracy
and the threshold of rank. Most of the existing pedestrian
reidentification algorithms use theCMCcurve to evaluate the
algorithm performance. Given a probe set and a pedestrian
gallery set, the experimental result of CMC analysis describes
what is the percentage of probe searches in the pedestrian
dataset that returns the probes gallery mate within the top
r rank-ordered results.

4. Experiment

We evaluate our reidentification method on three datasets,
that is, the multicamera video data, the VIPeR data, and the
SARC3D data. We examine our proposed SPM histogram
+ GMM main color method, the SPM histogram method,
and the traditional histogram method on three datasets and
further compare our method with the Symmetry-Driven
Accumulation of Local Features (SDALF) method on the
public VIPeR and SARC3D datasets. The code of SDALF
could be downloaded on https://github.com/lorisbaz/sdalf.
All the experiments are run on a desktop computer with an
i7-3.4GHz CPU.

4.1. Experiment on Multicamera Videos. We evaluated the
performance of different color spaces for real-life video
data. Uneven illumination distribution should affect person
reidentification results in color images. Therefore, we created
a video data set to test the validity and robustness of our
method. We recorded the video data on a school campus. Six
pedestrians walked from left to right in order under a surveil-
lance camera, as shown in Figures 5 and 6. Our real-life video
data consists of two videos that were recorded simultaneously
at different locations. Location 1 was bright and location 2
was dark. The videos were recorded at 25 frames per second.
Pictures of the side viewpoints of the six pedestrians were
used as the retrieval samples, as shown in Figure 7. The six
pedestrians were without a hat, bag, or other accessories.The
RGB results are based on machine vision, while the HSV
results are closer to human visual perception. As shown in
Table 1, our proposed method outperforms the traditional
histogram method and the SPM histogram method. We find
that although the RGB color space reflects all sorts of colors
from the images, the background color which is mixed in

Table 1: The average precision for persons retrieval in location 1.

Method RGB HSV UVWS
Histogram 75 73.33 80
SPM histogram 71.66 75 70
GMM 86.66 85 88.33

Table 2: The average precision for persons retrieval in location 2.

Method RGB HSV UVWS
Histogram 73.33 75 81.66
SPM histogram 83.33 85 80
GMM 81.66 83.33 85

these channels has affected the reidentification result. This
problem is even severe in the SPM method, in which the
lower part of the separated image contains a greater part of the
background color than the body color. As shown in Table 2,
the performance of UVW is better than HSV and RGB. The
reason is that the results were affected mostly by the color
transfer. In different illumination, the color histogramof one’s
clothes would be transferred to another color. For example,
the red color in a dark environment seems like a black or gray
color. The UVW color space is aimed at this problem. In the
GMM color modeling, to solve the color transfer problem
in low resolution images, we employ the primary colors of
red, blue, and green as the dominant colors. However, for the
dark background images, the GMMmethod generates a poor
result.

4.2. Experiment on VIPeR Dataset. We examine the appear-
ance model for person reidentification based on the VIPeR
dataset, which consists of 632 pedestrian image pairs taken
from arbitrary viewpoints under varying illumination condi-
tions. Each image is scaled to 128 × 48 pixels.

As shown in Figure 8, our proposed method outperforms
the histogram-based methods in the RGB color space, and
the traditional histogram and the SPM histogram methods
generate very similar results. We also observe that the
proposed method in the HSV space performs better than in
the RGB space, as shown in Figure 9. This is because that the
image illumination in the VIPeR dataset varies significantly.
The SDALF method renders a slightly better result than our
proposed method, while our method has a great advantage
on the calculation cost. Specifically, the SDALF takes about
3850 seconds to extract its features from 1264 images in the
VIPeR dataset, while our proposed method takes only 40
seconds to extract and calculate the color histogram features.
In addition, the SDALF method needs about 4260 seconds
to compare all 399424 pairs of images, while our method
needs only 610 seconds to calculate the GMM similarity for
comparison in 1264 images.This result suggests that in terms
of computational cost our approach significantly outperforms
the SDALF method.

4.3. Experiment on SARC3D Dataset. The SARC3D dataset
consists of short video clips of 50 people which have been

https://github.com/lorisbaz/sdalf
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Figure 5: Location 1.

Figure 6: Location 2.

#P1 #P2 #P3 #P4 #P5 #P6

Figure 7: Example of placing a figure with experimental results.

captured with a calibrated camera. We employ the SARC3D
dataset to effectively evaluate different person reidentifica-
tion methods. To simplify the image alignment process, we
manually select four frames for each clip which correspond
to the predefined positions and postures, that is, back, front,
left, and right, of these people. The selected dataset consists
of 200 snapshots with four views for each person. For person
reidentification, we randomly choose one of the four views
for each person, calculate the similarity scores with all other
images, and find themost similar images by sorting their sim-
ilaritieswith the chosen image.The images of the sameperson
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Figure 8: CMC curves on the VIPeR dataset for the proposed
method and histogram methods in RGB space.
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Figure 9: CMC curves on the VIPeR dataset for the proposed
method and the other methods in HSV space.

with different positions and postures should be ranked higher
than the other images. In the dataset, 6 people are not fully
visible in their images and 2 people are observed with the
same dressing, that is, colors and combinations, except for
the waling postures. We remove images of these people to
avoid the different size of their masks form in the original
images. All methods in the experiment are based on the RGB
color space. Figure 10 shows the average CMC curves for the
person reidentification under differentmethods.Ourmethod
significantly outperforms the SDALF method in recognition
rate because the backward information in GMM matching
has been filtered out given the people annotation template
in the dataset. In the meantime, our method significantly
outperforms the SDALF method in calculation cost, with
only 30 seconds for color histogram feature extraction and
image matching in 126 images, while the latter takes about
440 seconds for feature extraction and 70 more seconds for
image matching.
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Figure 10: CMC curves on the VIPeR dataset for the proposed
method and the other methods in RGB space.

5. Conclusion

Person reidentification in multicamera videos often has
some problems that contain person pose variation, varying
illumination, and low image resolution. We propose to solve
two common problems in person reidentification, which are
the varying illumination and low image resolution. Varying
illumination conditions usually occur because of the differ-
ence between camera views. For example, the same people in
different camera video have a color transfer. The low resolu-
tion image often contains high noise. It is difficult to extract
the robust feature from the low resolution image. In order to
improve the illumination problem in histogrammethods, we
introduce the perception-based color space which has been
successfully employed in the image segmentation research
into the person identification method. Secondly, for the low
resolution images we incorporate spatial pyramid matching
(SPM) method into the main color extraction method,
which has shown great improvement in our experiment. In
addition, our method has shown significant advantage in the
computation cost compared with the traditional methods.
In this paper we just extract the main color feature by the
GMM model. We did not analyse the feature information
from the mean value parameter and variance in the GMM.
The main color feature also used the global object color; we
could combine the SPM model with GMM main color local
feature to retrieve the object from the video data.
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The growing demand in the field of security led to the development of interesting approaches in face classification. These works
are interested since their beginning in extracting the invariant features of the face to build a single model easily identifiable by
classification algorithms. Our goal in this article is to develop more efficient practical methods for face detection. We present a
new fast and accurate approach based on local binary patterns (LBP) for the extraction of the features that is combined with the
new classifier Neighboring Support Vector Classifier (NSVC) for classification.The experimental results on different natural images
show that the proposed method can get very good results at a very short detection time.The best precision obtained by LBP-NSVC
exceeds 99%.

1. Introduction

Researchers have shown that, to recognize a face, human uses
different features such as geometry, texture, and colors of
different parts of the face: eyes, mouth, nose, the front, and
the cheeks. Based on this observation, several studies have
been developed to verify whether it was possible tomodel this
behavior in a computational way.

This article is devoted to the problem of computer based
face classification [1], which became a popular and important
research topic in recent years thanks to its many applications
such as indexing and searching for image and video, security
access control, video surveillance. Despite many efforts and
progress that have been made during recent years, it remains
an open problem and is still considered one of the most
difficult problems in the community of computer vision,
mainly due to the similarities between the classes and class
variations such as occlusion, background clutter, perspective
changes, poses scaling, and lighting. Nowadays popular
detection approaches are based on descriptors and classifiers,
which generally extract visual descriptors in the pictures and
videos and then perform the classification using machine
learning algorithms based on the extracted features.

Generally, the size of the data can be measured by two
dimensions: the number of variables and the number of
examples. These two dimensions can take very high values,
which can be a problem with the exploration and analysis
of these data. In this context, it is essential to implement
some data processing tools that allow us to better understand
the information contained in our dataset. Dimensionality
reduction is one of the oldest approaches that answers this
problem. Its objective is to select or retrieve an optimal
subset of relevant characteristics according to a previously
fixed criterion. This selection/extraction allows reducing the
dimension of the space of the examples and making all the
data more representative of the problem.

This reduction has a dual purpose, the first is to reduce
redundancy, and the second allows facilitating subsequent
treatments (feature extraction reduces required storage space
and accordingly reduces the classification learning time and
accelerates the pattern recognition process) and therefore the
data interpretation.

The first step aims to select the best feature extraction
[2, 3] method for the context of face classification. In this
context, we found that the LBP descriptor gives the most
optimal representation of the image. The principle of this
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descriptor is to compare each pixel (considered as central
pixel in a window of radius 𝑅 and containing 𝑃 points)
to its neighbors and generate a binary code based on this
comparison [4]. For the validation of our choice, we make
a comparison with other feature extractions descriptors such
as Discrete Wavelet Transform (DWT) [5] and Histogram of
Oriented Gradients (HOG) [6].

The second step concerns the selection of the classifi-
cation function. We have chosen to use a method placed
in the context of the semisupervised classifiers, the NSVC.
It is based on the combination of two classifiers belonging
to two different families (nonsupervised classification: Fuzzy
C-Means and supervised one: SVM). The basic idea of
the Neighboring Support Vector Classifier (NSVC) is to
build new vicinal kernel functions, obtained by supervised
clustering in feature space. These vicinal kernel functions are
then used for learning.

Finally, our experiments show that LBP-NSVC outper-
forms all other feature selection and classification algorithms.
The main criteria used for comparison are the accuracy of
the classification and the execution time, without forgetting
the ability of the classifier to effectively manage practical
applications where the training datamay come from different
environments.

The rest of the paper is organized as follows. A brief
description of LBP is given in Section 2. Section 3 introduces
the NSVC based on supervised partitioning of features
space. Experimental results are presented in Section 4, while
Section 5 concludes the article.

2. Local Binary Patterns (LBP)

The LBPmethod can be regarded as a unifying statistical and
structural approach to texture analysis. Instead of trying to
explain the formation of the texture on the pixel level, local
models are formed around each pixel. Each pixel is labeled
with the code of the texture that is best at the local level
in his neighborhood. Thus, each LBP code can be regarded
as the code that best represents the local vicinity of the
pixel. The LBP distribution therefore has both structural
properties: primitives of textures and the rules for placement
of these primitives. For these reasons, the LBPmethod can be
used successfully to recognize a variety of textures, in which
structural and statistical methods have been traditionally
applied separately.

Local binary patterns were originally proposed by Ojala
et al. in 1996 [7]. The concept of the LBP is simple; it
proposes assigning a binary code to a pixel based on its
neighborhood. This code describing the local texture of a
region is calculated by thresholding of a neighborhood with
the gray of the central pixel level. In order to generate a binary
pattern, all the neighbors will then take a value “1” if their
value is greater than or equal to the current pixel and “0”
otherwise. This binary pattern’s pixels are then multiplied
by weights and summoned to obtain a current pixel LBP
code. We thus obtain, for any image, pixels with intensity
between 0 and 255 as in an ordinary 8-bit image. Rather
than describing the image by the sequence of the LBP codes,

18 33 10

12 15 43

35 10 54

Threshold:
15 1 1 0

0 1

1 0 1

(11011010)2 = 218

Figure 1: Example of LBP calculation.

one can choose as texture descriptor using a 255-dimension
histogram (Figure 1).

The LBP was extended later by using different neighbor-
hood sizes [8–10]. In this case, a circle of radius 𝑅 around
the central pixel is considered. Values of 𝑃 points sampled
on the edge of the circle are taken and compared with the
value of the central pixel. To obtain the values for 𝑃 points
sampled in the vicinity for any radius 𝑅, an interpolation
is necessary. The notation (𝑃, 𝑅) is adopted to define the
vicinity of 𝑃 points of radius 𝑅 of a pixel. LBPP, 𝑅 is the
LBP code for the radius 𝑅 and the number of neighbors 𝑃.
The main difference is that the pixels must be interpolated to
obtain the values of the points on the circle. The important
property of the LBP code is that this code is invariant to
uniform illumination changes because the LBP for a pixel
depends only on differences between its gray-level and that
of its neighbors.

To calculate LBP code in a neighborhood of 𝑃 pixels in
RADIUS 𝑅, one simply counts the occurrences of pixels 𝑔𝑖
superior or equal to the central value:

LBP𝑚,𝑅 = 𝑚−1∑
𝑖=0

𝑢 (𝑔𝑖 − 𝑔𝑐) ⋅ 2𝑖, (1)

where 𝑢(⋅) is the sign function and where 𝑔𝑖 and 𝑔𝑐 are,
respectively, a nearby pixel and the central pixel grayscale

𝑢 (𝑥) = {{{
1, si𝑥 ≥ 0,
0, otherwise. (2)

The concept of the multiscale LBP is based on the choice of
the vicinity in order to calculate LBP code to process textures
at different scales [11, 12]. A neighborhood for a central pixel
is distributed on a circle and built from two parameters: the
number of neighbors “𝑃” on the circle and radius “𝑅” to
define a distance between a central pixel and its neighbors
(Figure 2). The texture 𝑇 of an image 𝐼 is categorized by the
combined distribution of gray values of 𝑛 + 1 pixels (where𝑛 > 0): 𝑇 = 𝑡(𝑔𝑐, 𝑔0, . . . , 𝑔𝑝−1), and 𝑔𝑐 corresponds to the
value of the central pixel and 𝑔𝑝, with 𝑝 = 0, . . . , 𝑃 − 1,
corresponds to the level of 𝑃 pixels regularly spaced on a
circle of radius 𝑅. If 𝑔𝑐 coordinates are equal to (0, 0), then𝑔𝑝 coordinates are given by the following equation:

(𝑥𝑝, 𝑦𝑝) = (𝑥𝑐 + 𝑅 cos(2Π𝑝𝑃 ) , 𝑦𝑐 − 𝑅 sin(2Π𝑝𝑃 )) . (3)

From the definition of neighborhood, the authors define,
first, a local binary pattern that is invariant to any mono-
tonic transformation of grayscale, LBPP, 𝑅. For each pixel
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Figure 2: Multiscale LBP. Examples of neighborhoods obtained for various values of (𝑃, 𝑅).
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Figure 3: LBP-based facial representation.

(𝑥, 𝑦) (𝑔𝑐 = 𝑔(𝑥, 𝑦)), the central pixel is not used for the
characterization of textures. Indeed, regardless of 𝑔𝑝 vicin-
ity, that pixel only describes a light intensity which is not
necessarily useful [11]. Subsequently, 𝑔𝑐 is used as a threshold
in the following manner:

𝑇 = 𝑡 (𝑢 (𝑔0 − 𝑔𝑐) , . . . , 𝑢 (𝑔0 − 𝑔𝑝−1)) . (4)

Accordingly, the calculation of the LBP code can be obtained
in the same way as the basic LBP (see (1)).

LBP-based face representation: each face image can be
considered to be a composition of micropatterns which
can be effectively detected by the LBP operator. Hadid et
al. [13] introduced LBP-based face representation for facial
recognition. To examine the face shape information, they
divided the images of face to𝑀 small nonoverlapping areas𝑅0, 𝑅1, . . . , 𝑅𝑀 (as shown in Figure 3).

The NSVC is a classifier adaptive to different datasets. It
is based, on one hand, on a nonsupervised approach such as𝐾-means or FCM and, on the other hand, on a supervised
approach: SVM.

3. Neighboring Support Vector
Classifier (NSVC)

Support Vector Machines, first introduced by Vapnik and
colleagues for the problems of classification and regression,
can be seen as a new training technique based on traditional
polynomial and radial basis function (RBF). As discussed
before, SVMs have attracted considerable attention because
of their high generalization ability and higher classification
performance relative to other pattern recognition algorithms.

However, the assumption that the training data are identi-
cally generated from unknown probability distributions may

limit the application of SVM to the problems of everyday life
[14].

To relax the assumption of identical distribution, the
NSVC [15–17] uses a set of vicinal cores functions built based
on supervised clustering in the feature space induced by the
kernel.The basic idea of theNSVC is to build new vicinal core
functions obtained by supervised clustering in the feature
space. These vicinal core functions are then used to SVM
training.

This approach consists of two steps:

(i) Supervised clustering step based on SKDA algorithm
(for supervised kernel-based deterministic annealing,
used to partition the training data in different vicinal
areas).

(ii) A training step where the SVM technique is used to
minimize the vicinal risk function (VRM) under the
constraints defined in clustering step based on SKDA.

Consider the following input output data together:

(𝑥𝑖, 𝑦𝑖)𝑙𝑖=1 , 𝑥𝑖 ∈ 𝑅𝑛, 𝑦𝑖 ∈ {−1, 1} , (5)

where 𝑙 is the number of input data points and 𝑛 is the
dimension of the input space.

The vicinity functions V(𝑥𝑖) of 𝑥𝑖 data points are built if
test data points satisfy two assumptions:

(i) The unknown density function is smooth in the
neighborhood of each point 𝑥𝑖.

(ii) The function minimizing the functional risk is also
smooth and symmetric in the neighborhood of each
point 𝑥𝑖.

The optimization problem based on the principle of VRM
named vicinal linear SVM [18, 19] can then be formulated as

minimize: 𝜙 (𝑤) = 12𝑤𝑇𝑤 + 𝐶
𝑙∑
𝑖=1

𝜉𝑖
subject to: 𝑦𝑖 ∫

𝑉(𝑥𝑖)
([⟨𝑥, 𝑤⟩ + 𝑏] 𝑝 (𝑥 | 𝑉 (𝑥𝑖))) 𝑑𝑥

≥ 1 − 𝜉𝑖
𝜉𝑖 ≥ 0, 𝑖 = 1, . . . , 𝑙,

(6)

where𝑤 is a weight,𝐶 is a punishment constant for 𝜉𝑖, 𝑏 is the
offset, V(𝑥𝑖) is the vicinity associatedwith the test point𝑥𝑖, and
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𝑝(𝑥 | 𝑉(𝑥𝑖)) is the conditional probability of the respective
vicinity in the input space.

The following theorem for the vicinal SVM solution is
true (see [18] for a proof):

𝑓 (𝑥) = 𝑙∑
𝑖=1

𝑦𝑖𝛽𝑖𝐿 (𝑥, 𝑥𝑖) + 𝑏, (7)

where to define the coefficients 𝛽𝑖 one has to maximize

𝑊(𝛽) = 𝑙∑
𝑖=1

𝛽𝑖 − 12
𝑙∑
𝑖,𝑗=1

𝛽𝑖𝛽𝑗𝑦𝑖𝑦𝑗𝑀(𝑥𝑖, 𝑥𝑗)

subject to
𝑙∑
𝑖=1

𝛽𝑖𝑦𝑖 = 0
𝛽𝑖 ≥ 0,

(8)

where 𝐿(𝑥, 𝑥𝑖) is called the monovicinal kernel and𝑀(𝑥𝑖, 𝑥𝑗)
is the bivicinal kernel of the vicinal SVM [18].

3.1. Supervised Kernel-Based Deterministic Annealing for
NSVC. The clustering of training data in the feature space is
a well-documented subject [20, 21]. It consists of nonlinearly
mapping the observed data of an input low-dimensional
space to a high-dimensional feature space using a kernel
function, which facilitates the separation of linear data,
denoting a nonlinear transformation of the input space 𝑋 to
a high-dimensional space using a kernel function as

Φ : R𝑛 → 𝐹
𝑥𝑖 → Φ(𝑥𝑖) ,
𝑗 = 1, . . . , 𝑙,

(9)

where Φ(𝑥𝑖) is the transformed point 𝑥𝑖.
All training data points are distributed in 𝑐 vicini-

ties/clusters in the feature space, where 𝜙𝑘(𝑧) is the center
of mass of the 𝑘th vicinity residing in 𝐹. This is a similar
representation to clustering based on the characteristic space
of 𝑘-means:

𝜙𝑘 = 𝑙∑
𝑖=1

𝛼𝑘𝑖𝑧𝑖, 𝑘 = 1, 2, . . . , 𝑐, (10)

where 𝑐 is the number of clusters, 𝛼𝑘𝑖 are the parameters to be
defined by the clustering technique (SKDA), and 𝑧𝑖 = 𝑦𝑖𝜙(𝑥𝑖)
denotes the data points labeled in the feature space.

The classification problem is usually defined mathemati-
cally by a cost function to be minimized; for NSVC case, this
function is the distortion function. Similar to the notation
used in [22], we let 𝑝(𝜙𝑘 | 𝑧𝑖) denote the probability of asso-
ciation of points 𝑧𝑖 mapped to the cluster center 𝜙𝑘. Using
the square distance 𝐷𝑘(𝑧𝑖) [15] between the center 𝜙𝑘 and
the training vector 𝑧𝑖, the distortion function in the function
space becomes

𝐽𝜙 = 𝑙∑
𝑖=1

𝑐∑
𝑘=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)𝐷𝑘 (𝑧𝑖) . (11)

Since no a priori knowledge of the distribution of data is
assumed, over all possible distributions which give a given
value of 𝐽𝜙 we choose the one that maximizes the conditional
Shannon entropy in the characteristic space:

𝐻𝜙 = − 𝑙∑
𝑖=1

𝑐∑
𝑘=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖) log𝑝 (𝜙𝑘 | 𝑧𝑖) . (12)

The optimization problem can be reformulated as the mini-
mization of the Lagrangian:

𝐹𝜙 = 𝐽𝜙 − 𝑇𝐻𝜙, (13)

where 𝑇 is the Lagrange multiplier.
To determine 𝛼𝑘𝑖 parameter, we minimize the free energy

function 𝐹 with respect to the likelihood of association [22],
which is related to the Gibbs distribution as

𝑝 (𝜙𝑘 | 𝑧𝑖) = 𝑝 (𝜙𝑘) 𝑒−(𝐷𝑘(𝑧𝑖)/𝑇)∑𝑐𝑚=1 𝑝 (𝜙𝑚) 𝑒−(𝐷𝑚(𝑧𝑖)/𝑇) , (14)

where 𝑝(𝜙𝑘) is the mass probability for 𝑘th cluster:

𝑝 (𝜙𝑘) = 𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖) . (15)

And so the energy function is

𝐹∗𝜙 = min
𝑝(𝜙𝑘|𝑧𝑖)

(𝐽𝜙 − 𝑇𝐻𝜙)

= −𝑇 𝑙∑
𝑖=1

𝑝 (𝑧𝑖) log 𝑐∑
𝑘=1

𝑝 (𝜙𝑘) 𝑒−(𝐷𝑘(𝑧𝑖)/𝑇).
(16)

The partial derivative of 𝐹 with respect to 𝜙𝑘 is
𝜕 (𝐹∗𝜙 )𝜕 (𝜙𝑘) = 0. (17)

Accordingly

𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘) 𝑒−(𝐷𝑘(𝑧𝑖)/𝑇) [𝑧𝑖 − 𝜙𝑘] = 0. (18)

By dividing by the normalization factor

𝑍𝑧𝑖 =
𝑐∑
𝑚=1

𝑝 (𝜙𝑚) 𝑒−(𝐷𝑚(𝑧𝑖)/𝑇). (19)

And, so,

𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘) 𝑒−(𝐷𝑘(𝑧𝑖)/𝑇)𝑍𝑧𝑖 𝑧𝑖

= 𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘) 𝑒−(𝐷𝑘(𝑧𝑖)/𝑇)𝑍𝑧𝑖 𝜙𝑘.
(20)
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Using (14) leads to

𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖) 𝑧𝑖 = 𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖) 𝜙𝑘, (21)

𝜙𝑘 = 𝑙∑
𝑖=1

𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)∑𝑙𝑖=1 𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)𝑧𝑖

= 𝑙∑
𝑖=1

𝛼𝑘𝑖𝑧𝑖.
(22)

Finally, we obtain the expression of 𝛼𝑘𝑖 that will be used to
construct the vicinal kernel for NSVC functions:

𝛼𝑘𝑖 = 𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)∑𝑙𝑗=1 𝑝 (𝑧𝑗) 𝑝 (𝜙𝑘 | 𝑧𝑗) . (23)

3.2. NSVC with the Feature Space Partitioning. The opti-
mization problem based on feature space partitioning is
formulated as follows [18]:

minimise: 𝜙 (𝑤) = 12𝑤𝑇𝑤 + 𝐶
𝐾∑
𝑘=1

𝜉𝑘
subject to: 𝑦𝑘 ∫

𝑉(𝜙𝑘)
[⟨𝑧, 𝑤⟩ + 𝑏] 𝑝 (𝑧 | 𝜙𝑘) 𝑑𝑧

≥ 1 − 𝜉𝑘,
𝑖 = 1, . . . , 𝑙
𝜉𝑘 ≥ 0, 𝑘 = 1, . . . , 𝐾,

(24)

where V(𝜙𝑘) represents the 𝑘th vicinity associated with the
mass center 𝜙𝑘 in the feature space and 𝑝(𝑧 | 𝜙𝑘) is the
conditional probability of respective vicinity in the feature
space. According to Bayes theorem, we have

𝑝 (𝑧𝑖 | 𝜙𝑘) = 𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)𝑝 (𝜙𝑘)
= 𝑝 (𝑧𝑖) 𝑝 (𝜙𝑘 | 𝑧𝑖)∑𝑙𝑗=1 𝑝 (𝑧𝑗) 𝑝 (𝜙𝑘 | 𝑧𝑗) .

(25)

By comparing (22) and (25), we get

𝜙𝑘 = 𝑙∑
𝑖=1

𝑝 (𝑧𝑖 | 𝜙𝑘) 𝑧𝑖. (26)

And the optimization constraint becomes

𝑦𝑘 ∫
𝑉(𝜙𝑘)

[⟨𝑧, 𝑤⟩ + 𝑏] 𝑝 (𝑧 | 𝜙𝑘) 𝑑𝑧
= 𝑦𝑘 [⟨∫

𝑉(𝜙𝑘)
𝑝 (𝑧 | 𝜙𝑘) 𝑧 𝑑𝑧, 𝑤⟩

+ ∫
𝑉(𝜙𝑘)

𝑏𝑝 (𝑧 | 𝜙𝑘) 𝑑𝑧]

= 𝑦𝑘 [⟨ 𝑙∑
𝑖=1

𝑝 (𝑧𝑖 | 𝜙𝑘) 𝑧𝑖, 𝑤⟩ + 𝑙∑
𝑖=1

𝑏𝑝 (𝑧𝑖 | 𝜙𝑘)]
= 𝑦𝑘 [⟨𝜙𝑘, 𝑤⟩ + 𝑏] .

(27)

Let one define the mono- and bivicinal kernels as

𝐿𝑘 (𝑥) = 𝑙∑
𝑖=1

𝑦𝑖𝛼𝑘𝑖𝐾(𝑥, 𝑥𝑖) , 𝑘 = 1, 2, . . . , 𝐾,

𝑀𝑘𝑚 (𝑥) = 𝑙∑
𝑖=1

𝑙∑
𝑗=1

𝑦𝑖𝑦𝑗𝛼𝑘𝑖𝛼𝑚𝑗𝐾(𝑥𝑖, 𝑥𝑗) ,
𝑘,𝑚 = 1, 2, . . . , 𝐾,

(28)

where 𝛼𝑘𝑖 parameters are obtained from the SKDA clustering
step. The decision boundary is

𝑓 (𝑥) = 𝑐∑
𝑘=1

𝛽𝑘𝑦𝑘𝐿𝑘 (𝑥) + 𝑏, (29)

where 𝛽𝑘 is the coefficient that maximizes the dual function:

maximize 𝑊(𝛽)
= 𝑐∑
𝑘=1

𝛽𝑘 − 12
𝑐∑
𝑘,𝑚=1

𝛽𝑘𝛽𝑚𝑦𝑘𝑦𝑚𝑀𝑘𝑚 (𝑥)

subject to
𝑐∑
𝑘=1

𝛽𝑘𝑦𝑘 = 0,
𝛽𝑘 ≥ 0.

(30)

In order to obtain a sparse solution at the cost of the extra
clustering procedure, a good selection of the number of
clusters is required.

4. Experimental Results

We will now carry out a deep evaluation of the classifiers
mentioned in previous sections. We start by a detailed
description of the dataset and then present the classification
results of all classifiers.

4.1. Dataset. Among the factors that influence or affect the
performance of face detection system are scale, pose, lighting
conditions, facial expression, and occlusion. For this reason
we established a robust database based on diverse illumi-
nation conditions and different color and texture variations
and, then, under various emotional facial expressions such as
neutral expression, anger, scream, sadness, sleepiness, being
surprised, wink, frontal smile, frontal smile with teeth, open
or closed eyes, and facial details (glasses/no glasses, hats/no
hats, and caps/no caps). Then, to use our database in the
context of face classification, the different facial images were
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Figure 4: Typical people images of database in varied environment.

Table 1: Accuracy of the method of extraction of features with
polynomial kernel of NSVC.

SLBP ULBP HOG DWT
Accuracy % 99.99 99.47 95.73 91.90
Parameter of kernel 2 3 6 3
ULBP: Uniform Local Binary Pattern. SLBP: Simple Local Binary Pattern.

taken at different lighting conditions to make the classi-
fication model invariant to illumination. The images were
adopted under divers unconstrained environment (Figure 4).

We detect people’s faces in our database using the cas-
cade detected of Viola-Jones algorithm and normalized the
detected faces with a fixed size of 30 ∗ 30 pixels. Figure 5
presents some typical face images of database.

4.2. Results of NSVC. The basic idea of Neighboring Support
Vector Classifier (NSVC) is to build new neighboring kernel
functions, obtained by supervised clustering in feature space.

Table 2: Accuracy of the method of extraction of features with
polynomial kernel of NSVC.

SLBP + DWT SLBP + HOG ULBP + DWT
Accuracy % 99.53 99.50 99.57
Parameter of kernel 2 3 2

These neighboring kernel functions are then used in SVM
based learning.

When using polynomial and RBF kernels, we have used
cross-validation in order to compute optimal learning param-
eters for both kernels.

We evaluate the accuracy of each feature extraction
method with NSVC.The results obtained are shown in Tables
1 and 2.

To test the performance of the proposed approach, we
compare the precision of the LBP-NSVC algorithm with
other combinations such as HOG-NSVC and DWT-NSVC.
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Figure 5: Typical face images of database.
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Figure 6: Classification error with respect to the number of weak classifiers.
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Figure 7: Classification error with respect to the number of weak classifiers.
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Figure 8: Comparison results of different classifiers methods on
SLBP.
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Figure 9: Comparison results of different classifiers methods on
ULBP.

So, every time we use LBP-NSVC in our experiments,
we must consider polynomial kernel to obtain more accurate
results. The following sections show a comparison of the
accuracies achieved with our experiences and other classi-
fiers.
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Figure 10: Comparison results of different classifiers methods on
SLBP + DWT.

4.3. Results of Adaboost. After classifying our database using
Adaboost, the method of boosting is particularly interesting
because we can choose the number of classifiers in order to
achieve the desired error rates on samples examples. More-
over, we observe that the error rate decreases exponentially
with the number of used weak classifiers (Figures 6 and 7).

Figure 6 shows the classification error with respect to the
number of weak classifiers for SLBP, ULBP and HOG with
Adaboost, and SLBP + DWT, SLBP + HOG, and ULBP +
DWT for Figure 7.

4.4. Classifiers Comparison. LBP-NSVC gave the best results
for dataset. We seek to demonstrate the performance of this
method in comparison with other classification methods.

Classifiers used for our comparison experiments are the
following: Naive Bayes, Decision Tree, 𝐾 Nearest Neighbors
(𝐾NN), linear Support Vector Machines (linear SVM), and
RandomForest.We compare the classification results of these
five algorithms together with our proposed NSVC on the
SLBP (Figure 8), ULBP (Figure 9), SLBP + DWT (Figure 10),
SLBP + HOG (Figure 11), and ULBP + DWT (Figure 12).

Figures 8–12 show the percentage of classification accu-
racy of differentmatching algorithms. It clearly shows that the
classification accuracy is best for the majority of algorithms.

It is clear that the approach of the proposed LBP-NSVC
produced the best or equal classification accuracy compared
to other methods.

In addition to its high performance, the NSVC is a new
theoretical method of classification which combines two
methods of classification belonging to two different fami-
lies (unsupervised method: Fuzzy C-Means and supervised
method: SVM).
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Figure 11: Comparison results of different classifiers methods on
SLBP + HOG.
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Figure 12: Comparison results of different classifiers methods on
ULBP + DWT.

5. Conclusion

We have proposed an original method for face detection.
Our system is based on the combination of two types of
information: LBP descriptors and descriptors such as DWT
andHOG. In order to manage these descriptors and combine

them in an optimized way, we propose using an advanced
learning system the NSVC. It allows selecting the most
important information through kernel weighting depending
on their relevance.

The experimental results on different real images show
that the proposed method can get very good results.

Our goal in the near future is to continue the study of LBP-
NSVC to test it on different datasets from other research areas
and try to find the best compromise between precision and
execution time.
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[8] M. Pietikäinen, A. Hadid, G. Zhao, and T. Ahonen, Computer
Vision Using Local Binary Patterns, vol. 40, Springer, 2011.

[9] T. Ahonen, A. Hadid, and M. Pietikaäinen, “Face recognition
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Semisupervised Discriminant Analysis (SDA) aims at dimensionality reduction with both limited labeled data and copious
unlabeled data, but it may fail to discover the intrinsic geometry structure when the data manifold is highly nonlinear. The kernel
trick is widely used to map the original nonlinearly separable problem to an intrinsically larger dimensionality space where the
classes are linearly separable. Inspired by low-rank representation (LLR), we proposed a novel kernel SDAmethod called low-rank
kernel-based SDA (LRKSDA) algorithm where the LRR is used as the kernel representation. Since LRR can capture the global data
structures and get the lowest rank representation in a parameter-free way, the low-rank kernel method is extremely effective and
robust for kinds of data. Extensive experiments on public databases show that the proposed LRKSDA dimensionality reduction
algorithm can achieve better performance than other related kernel SDA methods.

1. Introduction

For many real world data mining and pattern recognition
applications, the labeled data are very expensive or difficult
to obtain, while the unlabeled data are often copious and
available. So how to use both labeled and unlabeled data
to improve the performance becomes a significant problem
[1, 2]. Recently, semisupervised dimensionality reduction has
attracted considerable attention, which can be directly used
in the whole database [3]. Illuminated by semisupervised
learning (SSL), many methods have been put forward to
relieve the so-called small sample size (SSS) problem of LDA
[4, 5]. Semisupervised Discriminant Analysis (SDA) first
is proposed by Cai et al. [2], which can easily resolve the
out-of-sample problem [6] and is more suitable for the real
world applications. In SDA algorithm, the labeled samples
are used to maximize the different classes’ separability and
the unlabeled ones to estimate the data’s intrinsic geometric
information.

Semisupervised Discriminant Analysis may fail to dis-
cover the intrinsic geometry structure when the data mani-
fold is highly nonlinear [2, 7]. The kernel trick [8] has been
widely used to generalize linear dimensionality reduction

algorithms to nonlinear ones, which maps the original non-
linearly separable problem to an intrinsically larger dimen-
sionality space where the classes are linearly separable. So
the kernel SDA (KSDA) [2, 7] can discover the underlying
subspace more exactly in the feature space, which brings
a better subspace for the classification task by a nonlinear
learning technique. Cai et al. discussed how to perform
SDA in Reproducing Kernel Hilbert Space (RKHS), which
gives rise to kernel SDA [2]. You et al. have presented the
derivations of a first approach to optimize the parameters
of a kernel. It can map the original class distributions to
a space where these are optimally (with respect to Bayes)
separated with a hyperplane [7]. A new kernel-based non-
linear discriminant analysis algorithm is proposed to solve
the fundamental limitations in LDA [9]. A novel KFDA
kernel parameters optimization criterion is presented for
maximizing the uniformity of class-pair separabilities and
class separability in kernel space simultaneously [10]. To
overcome the nonlinear dimensionality reduction problems
and adopting multiple features restrictions of LFDA, Wang
and Sun proposed a new dimensionality reduction algorithm
called multiple kernel local Fisher discriminant analysis
(MKLFDA) based on the multiple kernel learning [11].
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The kernelization of graph embedding applies the kernel trick
on the linear graph embedding algorithm to handle data with
nonlinear distributions [12]. Weinberger et al. described an
algorithm for nonlinear dimensionality reduction based on
semidefinite programming and kernel matrix factorization
which learns a kernel matrix for high dimensional data that
lies on or near a low-dimensional manifold [13].

Low-rank matrix decomposition and completion are
recently becoming very popular since Yang et al. and Chen et
al. proved that a robust estimation of an underlying subspace
which can be obtained by decomposing the observations into
a low-rankmatrix and a sparse error matrix [14, 15]. Recently,
Liu et al. propose a low-rank representation method which
is robust to noise and data corruptions due to its ability
to decompose noise from the data set [14]. More recently,
low-rank representation [16, 17], as a promising method to
capture the underlying low-dimensional structures of data,
has attracted much attention in the pattern analysis and
signal processing communities. LRR method [16–18] seeks
the lowest rank representation of all data jointly, such that
each data point can be represented as a linear combination
of some bases.

Themajor problemof kernelmethods is to find the proper
kernel parameters. But all these kernel methods usually use
fixed global parameters to determinate the kernel matrix,
which are very sensitive to the parameters setting. In fact, the
most suitable kernel parameters may vary greatly at different
random distribution of the same data. Moreover, the kernel
mapping of KSDA always analyze the relationship of the
data using the mode one-to-others, which emphasizes local
information and lacks global constraints on their solutions.
These shortcomings limit the performance and efficiency
of KSDA methods. To overcome the disadvantages of the
traditional kernel methods, inspired by LRR, we proposed
a novel kernel-based Semisupervised Discriminant Analysis
called low-rank kernel-based SDA (LRKSDA) where the low-
rank representation is used as the kernel method. Compared
with other kernels, the low-rank kernel jointly obtains the
representation of all the samples under a global low-rank
constraint [19]. Thus it is better at capturing the global data
structures and very robust to different random distribution
of the data set. In addition, we can get the lowest rank repre-
sentation in a parameter-free way, which is very convenient
and robust for kinds of data. Extensive experiments on public
databases show that our proposed LRKSDA dimensionality
reduction algorithm can achieve better performance than
other related methods.

The rest of the paper is organized as follows. We start
by a brief review on an overview of SDA in Section 2. We
then introduce the low-rank kernel-based SDA framework
in Section 3. Then Section 4 reports the experiment results
on real world database tasks. In Section 5, we conclude the
paper.

2. Overview of SDA

Given a set of samples [x
1
, . . . , x

𝑚
, x
𝑚+1

, . . . , x
𝑚+𝑙

], where𝑁 =

𝑚 + 𝑙, the first 𝑚 samples are labeled as [y
1
, . . . , y

𝑚
], and

the remaining 𝑙 are unlabeled ones. They all belong to 𝑐

classes.The SDA [2] hopes to find a rejection matrix a, which
motivates us to present the prior assumption of consistency
by a regularizer term. The objective function is as follows:

a = max
a

a𝑇S
𝑏
a

a𝑇S
𝑡
a + 𝛼𝐽 (a)

, (1)

where S
𝑏
and S

𝑡
are the between class scatter and total class

scatter matrix. And S
𝑤
is defined as the within class scatter

matrix
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𝑖
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𝑏
=

𝑐
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𝑘=1

𝑙
𝑘
(𝜇
(𝑘)

− 𝜇) (𝜇
(𝑘)

− 𝜇)
𝑇

,

S
𝑡
=

𝑙

∑
𝑖=1

(x
𝑖
− 𝜇) (x

𝑖
− 𝜇)
𝑇

,

(2)

where 𝜇 is the mean vector of the total sample, 𝑙
𝑘
is the

number of samples in the 𝑘th class, 𝜇(𝑘) is the average vector
of the 𝑘th class, and x(𝑘)

𝑖
is the 𝑖th sample in the 𝑘th class.

The parameter𝛼 in (1) balances themodel complexity and
the empirical loss. The regularizer term supplies us with the
flexibility to incorporate the prior knowledge in the appli-
cations. We aim at constructing 𝐽(a) graph combining the
manifold structure through the available unlabeled samples
[2]. The key of SSL algorithm is the prior assumption of con-
sistency. For classification, it means that the nearby samples
are likely to have same label [20]. And for dimensionality
reduction, it implicates that the nearby samples have similar
embeddings (low-dimensional representations).

Given a set of samples {x
𝑖
}
𝑚

𝑖=1
, we can construct the

graphG to represent the relationship between nearby samples
by 𝑘NN algorithm. Then put an edge between 𝑘 nearest
neighbors of each other. The corresponding weight matrix S
is defined as follows:

S
𝑖𝑗
=

{

{

{

1, if x
𝑖
∈ 𝑁
𝑘
(x
𝑗
) or x

𝑗
∈ 𝑁
𝑘
(x
𝑖
)

0, otherwise,
(3)

where𝑁
𝑘
(x
𝑖
)denotes the set of 𝑘nearest neighbors of x

𝑖
.Then

𝐽(a) term can be defined as follows:

𝐽 (a) = ∑
𝑖𝑗

(a𝑇x
𝑖
− a𝑇x

𝑗
)
2

S
𝑖𝑗

= 2∑
𝑖

a𝑇x
𝑖
D
𝑖𝑖
x𝑇
𝑖
a − 2∑

𝑖𝑗

a𝑇x
𝑖
S
𝑖𝑗
x𝑇
𝑗
a

= 2a𝑇X (D − S)X𝑇a = 2a𝑇XLX𝑇a,

(4)

where D is a diagonal matrix whose entries are column (or
row since S is symmetric) sum of S; that is, D

𝑖𝑖
= ∑
𝑗
S
𝑖𝑗
. The

Laplacian matrix [21] is L = D − S.
We can get the objective function of the SDA with

regularizer term 𝐽(a) [2]:

a = max
a

a𝑇S
𝑏
a

a𝑇 (S
𝑡
+ 𝛼XLX𝑇) a

. (5)
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By maximizing the generalized eigenvalue problem, we can
obtain the projective vector a:

S
𝑏
a = 𝜆 (S

𝑡
+ 𝛼XLX𝑇) a. (6)

3. Low-Rank Kernel-Based SDA Framework

3.1. Low-Rank Representation. Yan and Wang [22] proposed
sparse representation (SR) to construct 𝑙

1
-graph [23] by

solving 𝑙
1
optimization problem. However, 𝑙

1
-graph lacks

global constraints, which greatly reduce the performance
when the data is grossly corrupted. To solve this drawback,
Liu et al. proposed the low-rank representation and used it
to construct the affinities of an undirected graph (here called
LR-graph) [19]. It jointly obtains the representation of all the
samples under a global low-rank constraint, and thus it is
better at capturing the global data structures [24].

LetX = [x
1
, x
2
, . . . , x

𝑛
] be a set of samples; each column is

a sample which can be represented by a linear combination of
the dictionary A [19]. Here, we select the samples themselves
X as the dictionary A:

X = AZ, (7)

whereZ = [z
1
, z
2
, . . . , z

𝑛
] is the coefficientmatrix with each z

𝑖

being the representation coefficient of x
𝑖
. Different from the

SR which may not capture the global structure of the data,
LRR seeks the lowest rank solution by solving the following
optimization problem [19]:

min
Z

rank (Z)

s.t. X = AZ.
(8)

The above optimization problem can be relaxed to the
following convex optimization [25]:

min
𝑍

‖Z‖∗

s.t. X = AZ.
(9)

Here ‖ ⋅ ‖
∗
denotes the nuclear norm (or trace norm) [26]

of a matrix, that is, the sum of the matrix’s singular values.
By considering the noise or corruption in our real world
applications, a more reasonable objective function is

min
Z,E

‖Z‖∗ + 𝜆 ‖E‖𝑙

s.t. X = AZ + E,
(10)

where ‖ ⋅ ‖
𝑙
can be 𝑙

2,1
-norm or 𝑙

1
-norm. In this paper we

choose 𝑙
2,1
-normas the error termwhich is defined as ‖E‖

2,1
=

∑
𝑛

𝑗=1
√∑
𝑛

𝑖=1
([E]
𝑖𝑗
)2. The parameter 𝜆 is used to balance the

effect of low rank and the error term. The optimal solution
Z∗ can be obtained via the inexact augmented Lagrange
multipliers method [27, 28].

3.2. Kernel SDA. SemisupervisedDiscriminant Analysismay
fail to discover the intrinsic geometry structure when the data

manifold is highly nonlinear. The kernel trick is a popular
technique in machine learning which uses a kernel function
to map samples to a high dimensional space [8, 29, 30]. By
using the kernel trick, we can nonlinearly map the original
data to the kernel feature space.

Let 𝑍,𝑍 : 𝑅
𝑚

→ 𝐹 be a nonlinear mapping from 𝑅
𝑚

into 𝐹 feature space. For any two points x
𝑖
and x

𝑗
, we use a

kernel function 𝐾(x
𝑖
, x
𝑗
) = ⟨Φ(x

𝑖
),Φ(x

𝑗
)⟩ to map the data

into a kernel feature space. Some commonly used kernels
are including the Gaussian radial basis function (RBF) kernel
𝐾(x, y) = exp(−‖x − y‖2/𝜎2), polynomial kernel 𝐾(x, y) =

(𝑐 + ⟨x, y⟩)𝑑, and sigmoid kernel 𝐾(x, y) = tanh(⟨x, y⟩ + 𝛼)

[2, 31].
Let 𝜙 denote the data matrix in the kernel space: Φ =

[𝜙, (x
1
)𝜙(x
2
), . . . , 𝜙(x

𝑚
)]. The projective vectors 𝛼

1
, 𝛼
2
, . . . , 𝛼

𝑐

are the eigenvector problem in (6) and then we get 𝑚 × 𝑐

transformation matrix Θ = [𝛼
1
, 𝛼
2
, . . . , 𝛼

𝑐
]. The number of

the feature dimensions 𝑐 can be decided by us. Then a data
point can be embedded into 𝑐 dimensional feature space by

x → y = Θ
𝑇
𝐾 (:, x) , (11)

where𝐾(:, x) = [𝐾(x
1
, x), . . . , 𝐾(x

𝑚
, x)]𝑇.

Kernel SDA (KSDA) [2, 7] can discover the underlying
subspace more exactly in the feature space. It results in a
better subspace for the classification task by a nonlinear
learning technique.

3.3. Low-Rank Kernel-Based SDA. The major problem of all
these kernel methods is to find the proper kernel parameters.
And they usually use fixed global parameters to determinate
the kernel matrix, which is very sensitive to the parameters
setting. In fact, the most proper kernel parameters may vary
greatly at different randomdistribution even if they are for the
same data. Moreover, the traditional kernel mapping always
analyzes the relationship of the data using the mode one-to-
others, which emphasizes local information and lacks global
constraints on their solutions. These shortcomings limit the
performance and efficiency of KSDA methods. To overcome
these shortcomings mentioned above, inspired by low-rank
representation, we propose a novel kernel-based Semisuper-
vised Discriminant Analysis (LRKSDA) where LRR is used as
the kernel representation.

Let 𝑍,𝑍 : 𝑅
𝑚

→ 𝐹 be a low-rank mapping from 𝑅
𝑚

into a low-rank kernel feature space 𝐹. For the database X =

[x
1
, x
2
, . . . , x

𝑛
], a reasonable objective function is as follows:

min
Z,E

‖Z‖∗ + 𝜆 ‖E‖2,1

s.t. X = AZ + E.
(12)

The optimal solution Z = [z
1
, z
2
, . . . , z

𝑛
] is the coefficient

matrix with each z
𝑖
being the low-rank representation coeffi-

cient of x
𝑖
.

Let Z = [z
1
, z
2
, . . . , z

𝑛
] denote the data matrix in the

kernel space. The projective vectors 𝛼
1
, 𝛼
2
, . . . , 𝛼

𝑐
are the

eigenvector problem in (6) and 𝑚 × 𝑐 transformation matrix
isΘ = [𝛼

1
, 𝛼
2
, . . . , 𝛼

𝑐
]. The number of the feature dimensions
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𝑐 can be decided by us. Then a data point can be embedded
into 𝑐 dimensional feature space by

x → y = Θ
𝑇z, (13)

where z is the low-rank representation of x.
Since the low-rank representation jointly obtains the

representation of all the samples under a global low-rank
constraint to capture the global data structures, we can get
the lowest rank representation in a parameter-free way, which
is very convenient and robust for kinds of data. So low-rank
kernel-based SDA algorithm can improve the performance to
a very large extent. The step of the LRKSDA is as follows.

Firstly, map the labeled and unlabeled data to the LR-
graph kernel space. Secondly, execute the SDA algorithm
for dimensionality reduction. Finally execute the nearest
neighbor method for the final classification in the derived
low-dimensional feature subspace. The procedure of low-
rank kernel-based SDA is described as follows.

Algorithm 1 (low-rank kernel-based SDA algorithm). Input.
The whole data set [x

1
, . . . , x

𝑚
, x
𝑚+1

, . . . , x
𝑚+𝑙

], where 𝑙 sam-
ples are labeled and𝑚 are unlabeled ones.

Output.The classification results.

Step 1.Map the labeled and unlabeled data X to feature space
by the LRR algorithm:

min
Z,E

‖Z‖∗ + 𝜆 ‖E‖2,1

s.t. X = AZ + E.
(14)

Step 2. Implement the SDA algorithm for dimensionality
reduction.

Step 3. Execute the nearest neighbor method for final classi-
fication.

4. Experiments and Analysis

In this section, we conduct extensive experiments to examine
the efficiency of low-rank kernel-based SDA algorithm.
The simulation experiment is conducted in MATLAB7.11.0
(R2010b) environment on a computer with AMD Phe-
nom(tn)II P960 1.79GHz CPU and 2GB RAM.

4.1. Experiment Overview

4.1.1. Databases. The proposed LRKSDA is tested on six real
world databases, including three face databases and three
University of California Irvine (UCI) databases. In these
experiments, we normalize the sample to a unit norm.

(1) Extended Yale Face Database B [2]. This database has 38
individuals and around 64near frontal images under different
illuminations per individual. Each face image is resized to 32
× 32 pixels. And we select the first 20 persons and choose 20
samples of each subject.

(2) ORL Database [22]. The ORL database contains 10
different images of each for 40 distinct subjects. The images
are taken at different times, varying the lighting, facial
expressions, and facial details. Each face image is manually
cropped and resized to 32 × 32 pixels, with 256 grey levels per
pixel.

(3) CMU PIE Face Database [2]. It contains 68 subjects with
41,368 face images. The face images were captured under
varying poses, illuminations, and expressions. The size of
each image is resized to 32 × 32 pixels. We select the first 20
persons and choose 20 samples for per subject.

(4) Musk (Version 2) Data Set 2. This database contains
2 classes and 6598 instances with 166 features. Here, we
randomly select 300 examples for the experiments.

(5) Seeds Data Set. It contains 210 instances for three different
wheat varieties. A soft X-ray technique and GRAINS package
were used to construct all seven, real-valued attributes.

(6) SPECTHeart Data Set.Thedatabase describes diagnosing
of cardiac Single Proton Emission Computed Tomography
(SPECT) images. Each of the patients is classified into two
categories: normal and abnormal.The database of 267 SPECT
image sets was processed to extract features that summarize
the original SPECT images. The pattern was further pro-
cessed to obtain 22 binary feature patterns.

4.1.2. Compared Algorithms. In order to demonstrate how
the semisupervised dimensionality reduction performance
can be improved by low-rank kernel-based SDA, we list out
SDA, KSDA1, and KSDA2 algorithm for comparison. In all
experiments, the number of the nearest neighbors in the 𝑘NN
regularizer graph is set to 4.

(1) KSDA1 Algorithm. KSDA1 algorithm is the KSDA with
Gaussian radial basis function (RBF) kernel 𝐾(x, y) =

exp(−‖x − y‖2/𝜎2).

(2) KSDA2 Algorithm. KSDA2 algorithm is the KSDA which
uses polynomial kernel𝐾(x, y) = (𝑐 + ⟨x, y⟩)𝑑. Here, 𝑐 = 1.

The classification accuracy is influenced by the kernel
parameters. So after comparing, we choose a proper kernel
parameters 𝜎 and 𝑐 for the KSDA1 and KSDA2 algorithm
in each database in the following pairs, respectively, where
(0.9, 0.9) is for Extended Yale Face Database B, (0.55, 1.5)
is for ORL database, (0.9, 0.9) is for CMU PIE database,
(0.65, 0.2) is for Musk database, (0.05, 0.6) is for Seeds Data
Set, and (0.8, 0.3) is for SPECT Heart Data Set, respectively.
Since the most suitable kernel parameters vary greatly at
different random distribution even if they are for the same
data, these kernel parameters are relatively suitable after
comparing by many times’ runs.

4.2. Experiment 1: Different Algorithms Performances. To
examine the effectiveness of the proposed LRKSDA algo-
rithm, we conduct experiments on the six public databases.
In our experiments, we randomly select 30% samples from
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Table 1: Classification accuracy of different SDA algorithms on six databases.

Yale B ORL PIE Musk Seeds SPECT Heart
LRKSDA 0.825769 0.815 0.578243 0.836667 0.90625 0.778378
KSDA1 0.691392 0.693025 0.541478 0.756849 0.825 0.683333
KSDA2 0.723549 0.681576 0.534542 0.755128 0.709814 0.694154
SDA 0.668397 0.687692 0.527715 0.757407 0.819122 0.69857

Table 2: Classification accuracy of different graphs on ORL, Yale, and USPS databases.

Database Algorithm The percentage of labeled samples
10% 20% 30% 40% 50%

Yale B LRKSDA 0.711471 0.792667 0.825769 0.848636 0.877778
Yale B KSDA1 0.316113 0.536868 0.691392 0.807183 0.856101
Yale B KSDA2 0.33994 0.569484 0.723549 0.819317 0.877637
Yale B SDA 0.325919 0.560259 0.668397 0.815348 0.855167
ORL LRKSDA 0.615556 0.728125 0.815 0.873333 0.9
ORL KSDA1 0.172412 0.448653 0.693167 0.868578 0.937414
ORL KSDA2 0.172454 0.454899 0.681576 0.851755 0.930487
ORL SDA 0.173478 0.442731 0.687692 0.877294 0.948035
PIE LRKSDA 0.29 0.46 0.578243 0.701044 0.82734
PIE KSDA1 0.195252 0.371027 0.541478 0.711166 0.827522
PIE KSDA2 0.195345 0.37646 0.543015 0.712033 0.825519
PIE SDA 0.195707 0.387806 0.527715 0.725264 0.82658

each class as the labeled samples to evaluate the performance
with different numbers of selected features. The evaluations
are conducted with 20 independent runs for each algorithm.
We average them as the final results. First we utilize different
kernel methods to get the kernel mapping, and then we
implement the SDA algorithm for dimensionality reduction.
Finally, the nearest neighbor approach is employed for the
final classification in the derived low-dimensional feature
subspace. For each database, the classification accuracy for
different algorithms is shown in Figure 1. Table 1 shows the
performance comparison of different algorithms. Note that
the results are the best results of all these different selected
featuresmentioned above. From these results, we can observe
the following.

In most cases, our proposed low-rank kernel-based
SDA algorithm consistently achieves the highest classifica-
tion accuracy compared to the other algorithms. LRKSDA
achieves the best performance when the dimensionality is
larger than a certain low dimension. And the classification
accuracy is much higher than the other kernel SDA algo-
rithms. So it improves the classification performance to a
large extent, which suggests that low-rank kernel is more
informative and suitable for SDA algorithm.

Since the proper kernel parameters are the most impor-
tant thing of these traditional algorithms and since the kernel
parameters of KSDA1 and KSDA2 algorithm are fixed global
parameters, the two algorithms are very sensitive to different
data or different random distribution of the same data. The
performance improvement of these KSDA methods is not
obvious. More seriously, as a result of randomly select labeled
samples, the random distribution in each run may not adapt

the so-called proper kernel parameters of KSDA1 and KSDA2
algorithm. Moreover, the traditional kernel mapping always
analyzes the relationship of the data using the mode one-
to-others, which emphasizes local information and lacks
global constraints on their solutions. This situation may
result in not good performance in some case, while the low-
rank representation is better at capturing the global data
structures. And we can get the lowest rank representation in
a parameter-free way, which is very convenient and robust
for kinds of data. So low-rank kernel-based SDA separates
the different classes very well compared to other kernel SDA.
And it can improve the performance to a very large extent,
which means that our proposed low-rank kernel method is
extremely effective.

4.3. Experiment 2: Influence of the Label Number. We eval-
uate the influence of the label number in this part. The
experiments are conducted with 20 independent runs for
each algorithm. We average them as the final results. The
procedure is the same with experiment 1. For each database,
we vary the percentage of labeled samples from 10% to 50%
and the recognition accuracy is shown in Tables 2 and 3, from
which we observe the following.

In most cases, our proposed low-rank kernel-based SDA
algorithm consistently achieves the best results, which is
robust to the label percentage variations. While some other
compared algorithms are not as robust as our LRKSDA
algorithm, we can see that the classification accuracy is
very awful when the label rate is low. Thus, our proposed
method has much superiority than the traditional KSDA
and SDA algorithms. Sometimes these traditional methods
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Figure 1: Classification accuracy of different SDA algorithms on the six databases of (a) Extended Yale Face Database B, (b) ORL database,
(c) CMU PIE face database, (d) Musk (Version 2) Data Set 2, (e) Seeds Data Set, and (f) SPECT Heart Data Set.
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Table 3: Classification accuracy of different graphs on Musk, Seeds, and SPECT Heart databases.

Database Algorithm The percentage of labeled samples
10% 20% 30% 40% 50%

Musk LRKSDA 0.767778 0.827083 0.838095 0.838889 0.895125
Musk KSDA1 0.356299 0.592578 0.756849 0.83253 0.883174
Musk KSDA2 0.418741 0.607271 0.755128 0.817146 0.888439
Musk SDA 0.352444 0.611676 0.757407 0.840006 0.894315
Seeds LRKSDA 0.890323 0.893333 0.90625 0.90813 0.929608
Seeds KSDA1 0.46676 0.654862 0.825 0.874946 0.914757
Seeds KSDA2 0.410025 0.609322 0.709814 0.845034 0.890559
Seeds SDA 0.503879 0.725435 0.819122 0.872932 0.929595
SPECT Heart LRKSDA 0.778992 0.778378 0.776216 0.78038 0.826076
SPECT Heart KSDA1 0.404513 0.622916 0.683333 0.786381 0.85786
SPECT Heart KSDA2 0.398401 0.608538 0.702989 0.77983 0.869786
SPECT Heart SDA 0.364647 0.556669 0.69857 0.759696 0.818995

Table 4: Classification accuracy of different graphs with varying noise on Yale B database.

Noise types Algorithm Variance or density of the three noises
0 0.02 0.04 0.06 0.08 0.1

Gaussian LRKSDA 0.825769 0.816429 0.814286 0.807857 0.808214 0.807143
Gaussian KSDA1 0.691392 0.555408 0.565422 0.562556 0.574249 0.579816
Gaussian KSDA2 0.723549 0.585366 0.597015 0.602456 0.590576 0.59866
Gaussian SDA 0.668397 0.543879 0.540266 0.542199 0.541947 0.543264
“Salt and pepper” LRKSDA 0.825769 0.794643 0.7675 0.711786 0.643929 0.599286
“Salt and pepper” KSDA1 0.691392 0.56888 0.509246 0.474557 0.450803 0.436003
“Salt and pepper” KSDA2 0.723549 0.59498 0.522505 0.478096 0.446308 0.43581
“Salt and pepper” SDA 0.668397 0.553305 0.498777 0.468533 0.452681 0.429647
Multiplicative LRKSDA 0.825769 0.825357 0.821429 0.82 0.814286 0.793929
Multiplicative KSDA1 0.691392 0.631297 0.619849 0.594597 0.584588 0.576168
Multiplicative KSDA2 0.723549 0.641188 0.622062 0.616446 0.594529 0.594516
Multiplicative SDA 0.668397 0.594035 0.588897 0.58513 0.582225 0.556328

may achieve good performances in some databases with
high enough label rate. But they are not as stable as our
proposed algorithm. Since the labeled data is very expensive
and difficult, our proposed algorithm is much robust and
suitable to the real word data.

As we mentioned in the previous part, since the low-
rank kernel method gets the kernel matrix in a parameter-
free way, it is robust for different kinds of data, while for the
traditional kernel like Gaussian radial basis function kernel
and polynomial kernel, if the data’s structure does not fit the
stable kernel parameters they used, they cannot obtain the
good representation of the original data set. Therefore, the
low-rank kernel method is much more stable for all the data
sets we use. And the low-rank representation jointly obtains
the representation of all the samples under a global low-rank
constraint, which can capture the global data structures. So it
is robust to the label percentage variations even though the
label rate is low.

4.4. Experiment 3: Robustness to Different Types Noises. In
this test we compare the performance of different algorithms
in the noisy environment. Extended Yale Face Database B

andMusk database are randomly selected in this experiment.
The Gaussian white noise, “salt and pepper” noise, and
multiplicative noise are added to the data, respectively. The
Gaussian white noise is with mean 0 and different variances
from 0 to 0.1. The “salt and pepper” noise is added to
the image with different noise densities from 0 to 0.1. And
multiplicative noise is added to the data 𝐼, using the equation
𝐽 = 𝐼 + 𝑛 ∗ 𝐼, where 𝐼 and 𝐽 are the original and noised
data and 𝑛 is uniformly distributed random noise with mean
0 and varying variance from 0 to 0.1. The number of labeled
samples in each class is 30%. The experiments are conducted
with 20 runs for each algorithm.We average them as the final
results.The procedure is the samewith experiment 1. For each
graph,we vary the parameter of different noise.The results are
shown in Tables 4 and 5.

As we can see, our proposed low-rank kernel-based SDA
algorithm always achieves the best results, which means
that our method is stable for Gaussian noise, “salt and
pepper” noise, and multiplicative noise. And because of
the robustness of the low-rank representation to noise, our
methodLRKSDA ismuchmore robust than other algorithms.
With the different kinds of gradually increasing noise, the
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Table 5: Classification accuracy of different graphs with varying noise on Musk database.

Noise types Algorithm Variance or density of the three noises
0 0.02 0.04 0.06 0.08 0.1

Gaussian LRKSDA 0.838095 0.783333 0.810476 0.795238 0.789524 0.777619
Gaussian KSDA1 0.756849 0.689112 0.705138 0.702206 0.699312 0.710083
Gaussian KSDA2 0.755128 0.705054 0.695936 0.697523 0.695125 0.70306
Gaussian SDA 0.757407 0.713289 0.699202 0.714286 0.676558 0.681785
“Salt and pepper” LRKSDA 0.838095 0.785238 0.771429 0.772143 0.766429 0.761905
“Salt and pepper” KSDA1 0.756849 0.683009 0.667079 0.656237 0.66388 0.653854
“Salt and pepper” KSDA2 0.755128 0.705003 0.664427 0.658723 0.656934 0.652174
“Salt and pepper” SDA 0.757407 0.70503 0.697131 0.681818 0.678207 0.666734
Multiplicative LRKSDA 0.838095 0.832381 0.827143 0.809524 0.793333 0.784286
Multiplicative KSDA1 0.756849 0.733777 0.723228 0.71144 0.716774 0.71115
Multiplicative KSDA2 0.755128 0.737889 0.716812 0.710216 0.701506 0.68323
Multiplicative SDA 0.757407 0.749432 0.738486 0.726044 0.703764 0.68799

traditional KSDA and SDA algorithms’ performance falls a
lot, while our method’s performance is robust to these three
noises and drops a few.

Notice that the noise is from a different model other
than the original data’s subspaces. LRR can well solve the
low-rank representation problem. When the data corrupted
by arbitrary errors, LRR can also approximately recover the
original datawith theoretical guarantees. In otherwords, LRR
is robust in an efficient way. Therefore, our method is much
more robust than other algorithms with the three noises
mentioned above.

5. Conclusions

In this paper, we propose a novel low-rank kernel-based
SDA (LRKSDA) algorithm, which largely improves the per-
formance of KSDA and SDA. Since low-rank representation
is better at capturing the global data structures, LRKSDA
algorithm separates the different classes very well compared
to other kernel SDA.Therefore, our proposed low-rank kernel
method is extremely effective. Empirical studies on six real
world databases show that our proposed low-rank kernel-
based SDA is much robust and suitable to the real word
applications.
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