
  
Abstract— Human gait is attracted as a biometric for an 

automated recognition system in visual surveillance and monitoring 
applications. This paper proposes a system of automatic gait 
recognition using Speeded up robust features (SURF), which 
achieves high recognition accuracy results. The system proposed in 
the paper can be mainly divided into four procedures including 
human motion detection and human silhouettes extraction, interested 
points detection, human gait features extraction and gait 
classification. In the experiment, four classifiers namely sparse 
representation based classification (SRC), local sparse representation 
based classification (LSRC), Meta-sample based sparse 
representation classification (MSRC) and Non-negative Least 
Squares classification (NNLS) are applied for classification and 
experimental results are compared with the four different classifiers. 
It is easy to implement and has better recognition accuracy. 
Experimental results conducted on own dataset with 22 subjects (11 
males and 11 females) which can achieve 98.48% correct 
classification rate. 
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I. INTRODUCTION 
IOMETRIC technologies occupied the role of analyzing 
and measuring unique biological properties of a living 
person which is then digitalized and stored.  There are 

two types of biometrics, they are behavioral and physical. 
Physical biometrics measures the inherent physical 
characteristics on an individual. It based on direct 
measurements of a part of the human body and related to the 
shape of the body. The examples of physical biometrics are: 
Fingerprint, Face, Hand Geometry, Iris, Palm geometry and 
DNA etc. Behavioral biometrics is related to the behavior of a 
person which is acquired naturally of the human. The 
examples of behavioral biometrics are Voice, Signature, 
Keystroke and Gait etc. Each biometric feature has its own 
strengths and weaknesses. So, the relative user need to decide 
effectively which feature is suitable to use in a particular 
situation.  The suitable biometric can be selected based on the 
situation and the user demands in various computer based 
security systems. 
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Gait is an identifying feature of a person that is determined 
by his or her weight, limb length joints and habitual posture. 
The analysis of biometric gait recognition has been studied for 
a longer period of time [1, 2, 3, 4, and 5] to be used in the 
identification, surveillance and forensic systems. There are 
three different approaches in gait recognition: Machine Vision-
based (MV), Floor Sensor-based (FS) and Wearable Sensor-
based (WS). In machine vision (MV)-based category, gait 
captured using a video-camera from distance. Most of the MV-
based gait recognition algorithms are based on the human 
silhouettes. In floor sensor (FS)-based approach, a set of 
sensors or force plates are installed on the floor. Such sensors 
enable to measure gait related features, when a person walks 
on them. Examples of the gait related features are max-time 
value of heel strike, max-amplitude value of the heel strike, 
Stride length, stride cadence and time on toe to time on heel 
ratio for recognition. In wearable sensor (WS)-based gait 
recognition, gait is collected using body worn motion 
recording (MR) sensors. The MR sensors can be placed on any 
part of the body as per the characteristics of the sensor. The 
acceleration of gait can be recorded by the MR sensor and it is 
utilized for authentication.  

The rest of the paper is organized as follows. Section II 
describes a brief overview of the related works in the field gait 
features comparative analysis. The overview of the proposed 
system is introduced in section III and in section 4 describes 
the methods proposed in this study in detail including motion 
detection, interested points detection, gait feature extraction 
and motion analysis. Gait recognition based on the MSRC 
classification techniques is discussed in Section V. 
Experimental setups are explicated and analyzed in Section 
VI. Finally, the conclusion of the system is presented in 
Section VII. 

II.  RELATED WORKS 
Human gait analysis can be used as a useful tool in a variety 

of applications. So, the study of human gait has generated 
much interest in fields including biomechanics, clinical 
analysis, computer animation, robotics, and biometrics. Human 
gait is known to be one of the most universal and complex of 
all human activities. It has been studied in medical science [3], 
psychology [2], and biomechanics [1] for decades. In 
computer vision, automated person identification approaches 
is described in [4] that presents a view-invariant approach for 
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automatic human identification at a distance by using gait 
biometric gait features.  

In the study of [5], it shows a behavioral walking 
characteristic can be used to recognize unauthorized and 
suspicious persons when they enter a surveillance area. The 
system is evaluated using side view videos of NLPR database. 
In the work of [6], it presents a human identification approach 
that utilizes and integrates information from side face and gait 
at the feature level. The features of face and gait are obtained 
separately using principal component analysis (PCA) from 
enhanced side face image (ESFI) and gait energy image (GEI), 
respectively. The experimental results demonstrated that the 
synthetic features, encoding both side face and gait 
information.  

Moving objects detection from a video sequence is a 
fundamental and essential task for nearly every system of 
vision-based human analysis in visual surveillance system. It 
handles segmentation of moving objects from stationary 
background objects. In statistical approach, background model 
is usually estimated using Gaussian model and is adaptively 
updated to deal with changes in dynamic scene environment. 
In the [8], it presents a learning factor control for adaptive 
background subtraction algorithm based on the Gaussian 
Mixture Model. The method adaptively adjusts the rate of 
adaptation in background model corresponding to events in 
video sequence. Experimental results show the algorithm 
improves classification accuracy compared to other known 
methods.  

Robust feature descriptors such as SIFT [9, 10 and 11], 
SURF [12, 13, 14 and 15], and GLOH [16] have become a 
basic component in applications such as image recognition, 
multi-view stereo, and image registration. These descriptors 
have been demonstrated to be very robust for image matching 
and visual recognition. In the work of [17], two recent feature 
detectors and descriptors SIFT and SURF are applied in the 
field of human action recognition on the standard KTH human 
action database. As a comparison of their performance, the 
performance of both techniques is very close to each other. 
However, it shows SURF is much more efficient than SIFT 
almost 35 times faster. An approach in [18] making use of 
SURF feature and Adaboost for hand posture recognition is 
proposed. Experimental results showed that in terms of better 
recognition accuracy than outperforms existing methods. 

In recent years, it has been shown that sparse representation 
(SR) by 1 l -norm minimization is robust to noise, outliers and 
even incomplete measurements, and SR has been successfully 
used for classification. Sparse representation-based 
classification (SRC) has received many attentions recently in 
the pattern recognition field [19]-[22]. In the study [23], it 
proposed a new sparse representation (SR) based approach for 
tumor classification using gene expression data. A set of meta-
samples are extracted from the training samples by using SVD 
or NMF and then input testing sample is represented as the 
linear combination of these meta-samples. The meta-sample 
based SR classification (MSRC) was compared with the 

standard SR classification (SRC) and the benchmark SVM 
methods on 9 typical datasets. The results validated that 
MSRC is effective and efficient in tumor classification. In 
[24], the comparison experiments between LSRC and SRC is 
indicated which are experiments on face recognition data sets 
ORL and Extended Yale B. In LSRC, the sparse representation 
is calculated in the local neighborhood of each test sample. 

III. OVERVIEW OF THE SYSTEM 
The first part of the proposed system is extracted the 

foreground or moving objects from the background scene on 
the input video sequence. A background subtraction procedure 
is performed to segment motion from the background, and the 
moving region corresponding to the spatial silhouette of the 
walking figure is successively tracked through a simple 
correspondence method. Background subtraction based on the 
simple frame difference method is used in this system.  

The second part is interested points detection in the human 
silhouettes from the background subtraction. The fast interest 
points detector and descriptor, the speeded up robust feature 
(SURF) is applied to the foreground of the output of 
background subtraction. SURF [13, 14] operates in two main 
stages namely the detector and the descriptor stages. The 
detector analyzes the image and returns a list of interest points 
for prominent features in the foreground image. The descriptor 
describes the neighborhood of every interest point as a feature 
vector from silhouettes of walking person.  

The third part of the system is gait feature extraction [25], 
the location of the interest points from the detector are used in 
the extraction of motion parameters on the sequence of gait 
figures. The motion parameters such as linear and angular 
positions, joint angles, angular velocities and gait velocities 
are presented as the human gait features. Finally, the extracted 
gait features are comparing with gait signals that are stored in 
a database. Sparse representation SR based classifiers [21, 22] 
are applied to examine the discriminatory ability of the 
extracted features. Sparse representation (SR) first is codes a 
testing sample as a sparse linear combination of all the training 
samples, and classifies the testing sample by evaluating which 
class leads to the minimum representation error. SR has been 
successfully used for classification it has been shown in recent 
years. Figure 1 summarizes the process flow of the proposed 
approach.   

 
 
 
 
 
 

  Fig.1 Block diagram of the proposed system 

IV. PROPOSED SYSTEM  
In surveillance and security applications, the ability to 

identify an unknown subject without their knowledge or 
cooperation is extremely required. In this system, human 
identification based on automatic extracted human gait 
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signature by computer vision techniques is proposed. This 
system presents a model-free approach to extract the gait 
features by using SURF feature descriptor. The proposed 
approach extracts the static gait features (height and width) 
and dynamic gait features (joint trajectories). The input to the 
system is a gait video sequence captured by a static camera. 

A. Motion Detection and Human Silhouettes Extraction  
The first module serves to detect and track the walking 

figure in an image sequence. A background subtraction 
procedure is performed to segment motion from the 
background, and the moving region corresponding to the 
spatial silhouette of the walking figure is successively tracked 
through a simple correspondence method. Motion objects 
detection from a video sequence captured using a static camera 
is a fundamental and essential task in visual surveillance 
system. The basic idea is to estimate the pixel properties of the 
static background and foreground objects are segmented from 
the background in each frame. Human silhouettes are the basic 
of gait recognition. The silhouettes are extracted by simple 
background subtraction method.  Frame difference background 
subtraction method is used in this approach because of its high 
performance and low memory requirements. Background 
subtraction method has a main advantage compared to the 
other methods that it easily adapts to the changing background.   

In this method the current frame is subtracted from a 
reference frame, if the difference between the two is greater 
than a set threshold value (Th), the pixel is then considered as a 
part of foreground. If not, it is taken into the background 
category.  According to this scheme, pixels belongs to 
foreground if          

          hT1)ty,I(x,t)y,I(x, >−−           (1)                    

Where It is the current frame, It-1 is the previous frame and 
Th is a chosen threshold. Frame differencing, also known as 
temporal difference, uses the video frame at time t-1 as the 
background model for the frame at time t. The original signal 
and the detected foreground of frame different method are 
showed in Fig2.  This technique is sensitive to noise and 
variations in illumination, and does not consider local 
consistency properties of the change mask. Firstly, the original 
signal is converted grayscale by rgb2gray function. It can be 
reduced computational time and memory storage.  

B. Speeded Up Robust Feature (SURF) Extraction 
Fast interest points detectors and feature descriptor, SURF 

[13, 14 and 26] is applied to the foreground of the output of 
background subtraction. SURF feature is invariant to rotation, 
scale, brightness and, after reduction to unit length, contrast. 
Moreover, SURF approximates with respect to repeatability, 
distinctiveness, and robustness, so it can be much faster 
computed compared with other detector. It operates in two 
modes: the strongest point detector and descriptor.  The 
detector of such interest points should be able to find the same 
interest point under different viewing conditions, such as 
different viewpoints, illumination changes, contrast etc.  The 

descriptor describes the features of the neighborhood of every 
interest point and constructs the feature vectors of the interest 
points.  

 
 
 
 
 
 
 
 
 
 

Fig.2 Frame different background subtraction method 
 

In the interested point detection, the interest points are 
detected from the scale space using Hessian-matrix 
approximation the approximate second order Gaussian 
derivatives. SURF uses the determinant of the approximate 
Hessian matrix as the base of the detector. Integral image are 
used in Hessian matrix approximation, which reduces the 
computation time and allows the fast evaluation of box filters. 
In an integral image, the value of each pixel x is the sum of all 
pixels from the original image within a rectangular region from 
the top-left corner pixel to x. With the approximate second 
order derivatives of the Gaussian filter and the calculated 
integral image, convolution with Gaussian filters of various 
sizes can be done at the same speed. The integral image 
representation J of an image I is defined as [26]: 

 

                                         (2) 
An interest point detection algorithm extracts regions of 

interest that tend to be repeatable and invariant under 
transformations such as brightness or perspective changes. To 
find the interest point, detect blob-like structures at locations 
where the determinant is at maximum. For scale invariant, the 
SURF constructs a pyramid scale space, like the SIFT. 
Different  from the SIFT to repeatedly smooth the image with 
a Gaussian and then sub-sample the image, the SURF directly 
changes the scale of box filters to implement the scale space 
due to the use of the box filter and integral image. Given a 
point x = (x, y) in an image I, the Hessian matrix H(x, σ) in x 
at scale σ is defined as follows [27]:  

 

 

 
Where Lxx(x, σ), Lxy(x, σ) and Lyy(x, σ) are the convolutions 

of the Gaussian second order partial derivatives with the image 
I in point x respectively. These interest points are used in 
human gait figures. 

In the features description, the first-order Haar wavelet 
responses in x and y directions are used in SURF to describe 
the intensity distribution within the neighborhood of an interest 
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point. The descriptor computes the features of the interest 
points and it constructs the feature vector by characterizing the 
appearance of the interest points. The first step consists of 
constructing a square region centered at interest point an 
oriented along the orientation decided by the orientation 
selection method. This descriptor has to be distinctive and at 
the same time robust to noise, detection errors, and geometric 
and photometric deformations. The robustness is increased and 
the computation time is decreased by using haar wavelets 
whose size depends on the features scale σ. To achieve 
rotation invariance, it can be rotated according to a feature 
direction such as horizontal direction x and vertical direction 
y. The Harr wavelet response in dx and dy are first weighted 
with a Gaussian centered at the interest point. Then dx and dy 
are summed up over each dimensional descriptor vector v for 
its underlying intensity structure [28]: 

 

                        (3)            

 

 
Fig.3 Stages of the SURF algorithm 

Local feature descriptors describe a pixel in an image 
through its local neighbourhood content. The descriptor should 
be distinctive and at the same time robust to changes in 
viewing conditions. Its performance often depends on the 
interest point detector. The speed up robust features is person-
specific, since the number and the positions of points selected 
by SURF detector are different in each person’s image. 

 

 

 

 

 

 

 
Fig.4 Strongest point detector on foreground images 

C. Gait Features Extraction 
For the gait feature extraction, features of the interest points 

from the detector are used. These interest points help in 
generating gait features and in extracting gait pattern for the 
gender classification. It is calculated the width and height of 
the human silhouette from each frame during the walking 
sequences. The location of the interest points from the 
sequence of gait figures are used in motion parameters 
extraction. The linear and angular position, joint angles, angle 
velocities and gait velocities are calculated as motion 
parameter features. These features are represented as human 
gait patterns, which are together used for gait classification.    
The centre coordinate of each human silhouette is calculated 
from two border points as [25]: 

                               (4)                                                                                                                                
Where xs represents first pixel and xe represents the end 

pixels on the horizontal line.  Human body motion is typically 
addressed by the movement of the limbs and hands such as the 
velocities of hand or limb segments, and the angular velocity 
of various body parts. In general the angles θl,k of frame k can 
be approximated by the location of joint angle (lx,ly) is 
calculated by  

                     ))/()((tan 1
, cycxkl ylxl −−= −θ     (5)                                                                      

The angular velocities ωl,k at frame k, given an inter-frame 
time ∆t (1/25 sec) is calculated by 

                             (6) 
Also, the gait velocity vk at frame k is calculated by 

                                 (7)            
These gait features can be accurately identified female or 

male under different lightning conditions and different camera 
viewing angle due to the gait motion analysis.  

V. CLASSIFICATION 
For the classification, the supervised sparse representation 

SR based classification algorithm is applied, as sufficient data 
is available for training and testing. It is believed that the 
sparsely constraint will make the coding vector more 
discriminative so that the classification accuracy can be 
improved. Sparse representation by 11 -norm minimization is 
robust to noise, outliers and even incomplete measurements 
and SR has been successfully used for classification. It is 
widely used for different applications, such as signal 
separation, denoising, image inpainting, robust classification, 
inducing similarity measurement and shadow removal. In this 
paper compare with the four types of SR based classification 
methods: (1) Meta-sample based SR classification (MSRC) 
[23], (2) Local sparse representation based SR classification 
(LSRC) [24] and (3) Sparse representation based classification 
(SRC) [20] and Non-negative Least Square classification 
(NNLS) [29].  

A. Meta-sample based SR classification (MSRC) 
In meta-sample based clustering, each sample is represented 

as a linear combination of meta-samples. A set of meta-
samples are extracted from the training samples, and then an 
input testing sample is represented as the linear combination of 
these meta-samples by l1-regularized least square method. 
Classification is achieved by using the coefficient vector for 
the meta-samples extracted from each category, which is 
obtained by l1-regularized least square. In MSRC, it is 
expected that a testing sample can be well represented by using 
only the training samples from the same class. It does not 
contain the separate training and testing stages so that the 
over-fitting problem is much lessened more detail in [23]. The 
classification algorithm can be summarized as following [40]:  
    Input: matrix of training samples  nm

k RAAAA ×∈= ],...,,[ 21  
for k classes; testing sample mRy ∈  
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 Step1: Normalize the columns of A to have unit Ll -norm.       
 Step2: Extract the meta-samples of every class using SVD  

    Step3: Solve the optimization problem defined in  
           }

1
{min),( xyWxJ xx

λλ +−=  
     

 

   Step4: Compute the residuals  
2

)()( xWyyr ii δ−=  
   Output: )(minarg yridentity ii

=  

As the common point of SRC and MSRC, the coefficient 
vector is used for classification or clustering. As the different 
point, MSRC is represented as a linear combination of meta-
samples which is extracted in a supervised manner from each 
class separately. 

B. Local Sparse Representation based Classification (LSRC) 
Local Sparse Representation based Classification (LSRC) 

scheme performs sparse decomposition in local neighborhood. 
The computing of sparse linear representations with respect to 
an over-complete dictionary of base elements or signal atoms 
has received a great deal of attentions in statistical signal 
processing community. The LSRC determined the local 
neighborhood before calculation sparse representation. It 
solves the l1-norm constrain least square problem in the local 
neighborhood of each test sample instead of solving the same 
problem for all of training samples more detail in [24].  

The LSRC classification algorithm can be summarized as 
follows: 

Normalize the columns of A to have unit l2− norm; 
1. Find the k neighbors for test samples y from training 

samples using k-nn rules; 
2. Solve the l1− norm constrained least square problem in 

neighborhood of test sample y 
     

1

2

2)(1

^
minarg XyXAx yNx

λ+−=  

   Where km
yN RA ×∈)( is data matrix which consists of the k 

samples in neighborhood of test sample y. 

3. Compute the residual,  
2

^

)( )()( xAyyr iyNi δ−=  

for i = 1,…,c, where δi : Rk →  Rk is the characteristic 
function that selects the coefficients associated with the 
ith class; 

    5.  Identify )(minarg)( yryI ii
= , where I(y) stands for finding 

the class label of the test sample y. 
Experiments on face recognition data sets ORL and 

Extended Yale B demonstrated in [24] that the proposed 
LSRC algorithm can reduce the computational complexity and 
remain the comparative classification accuracy and robustness. 

C. Sparse Representation based Classification (SRC) 
For the classification, the supervised sparse representation 

based classification (SRC) algorithm is applied, as sufficient 
data is available for training and testing. There are two key 
points in SRC [21]. The first key point is that encodes a query 
sample as a linear combination of a few atoms from a 
predefined dictionary, and the second key point is that the 

coding of y is performed collaboratively over the whole 
dataset X instead of each subset Xi. The SRC does not contain 
separate training and testing stages to be the over-fitting 
problem is much lessened.  

Let matrix A = [a1, a2, ..., an] ∈ Rm×n. The SRC algorithm 
can be summarized as below: 

1. Normalize each column of A to unit l2− norm; 
(Preprocessing) 

• Each column of A is required to be unit l2-norm in 
order to avoid trivial solutions that are due to the 
ambiguity of the linear reconstruction. 

2. Solve the l1− norm minimization problem  
    

yAxtsxx
x

== ..,minarg
11

^  

• The second step which is used to calculate the sparse 
representation where kxk0 is l0− norm which is 
equivalent to the number of non-zero components in 
the vector x. 

3. Compute the residual  
2

^

)( )()( xAyyr iyNi δ−= , for i = 1, ..., c, 

, where δi : Rk →  Rk is the characteristic function that 
selects the coefficients associated with the ith class;  

4. Identify  )(minarg)( yryI ii
=  , where I(y) stands for 

finding the class label of y. 
In this method, a testing sample is represented as the linear 

combination of the original training samples, and the 
representation error over each class is used as an indicator to 
classify the testing sample. The success of this technique is 
partially due to its robustness to noise and missing data. 

VI. EXPERIMENTAL SETUP  
Data collection is captured the gait videos from the side 

view of a person using a static camera. In order to test the 
system properly, it is desired to train and test the system using 
video of actual people walking in front of a camera.  The 
experiment was carried out for 22 subjects walking to a static 
camera with different walking factors.  Each subject was 
captured by means of a video camera at 30frames/sec of frame 
rate and the video resolution is 320 by 240 pixels. These 
videos were taken under different lighting conditions, different 
speed of walking such as normal walking, fast and slow 
walking to the viewing plane.  A database of 1056 videos of 22 
people (11 female and 11 male), each of size about 5sec is 
used to analyze the system performance. For classification, 
two folds cross validation was applied by partitioning all the 
feature vectors into two disjoint subsets. By performing the 
cross validation, each disjoint subsets will be used in training 
and testing. This is to ensure that every feature vector will be 
trained and tested in order to evaluate the results appropriately. 
Using the cross validation method, human identification is 
tested on the threshold level 15. The proposed system 
evaluated the comparison of four different classifiers MSRC, 
LSRC, SRC and NNLS. 

For the experiment I, a database of 1056 videos of 22 
people is used to evaluate the system performance. In this 
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database contained 352 videos of normal walking, slow 
walking and fast walking particularly. For experiment II, the 
proposed system is applied to three types of walking: normal 
walking, slow walking and fast walking. For each types of 
walking, a database of 352 videos of 22 people (11males and 
11 females) is used to analyse the system performance. 

Experiment I: 
TABLE I 

IDENTIFICATION RATE (λ=0.1) 
P# SRC LSRC MSRC P# SRC LSRC MSRC 

P1  0.75 0.923   0.93 P12 0.75  0.879 0.985  
P2 0.59   0.912 0.960  P13 0.59 0.759  0.979  
P3 0.65  0.825  0.970  P14 0.72 0.937  0.977  
P4  0.57 0.922  0.975  P15 0.70 0.875   0.961 
P5  0.64 0.937   0.967 P16 0.78 0.915  0.979  
P6 0.56  0.937  0.984  P17 0.69 0.875  0.975  
P7  0.71 0.875  0.975  P18 0.74  0.922 0.970  
P8  0.65  0.812  0.977 P19 0.56 0.905  0.969  
P9  0.69  0.937  0.985 P20 0.75 0.837  0.985  
P10  0.63 0.875  0.979  P21 0.72 0.874  0.977  
P11  0.65  0.928 0.979  P22 0.56  0.874 0.978  

 
According to the Table I results, SRC has poor 

classification result with 75% for person identification. In 
MSRC is better accuracy over 93% than SRC and LSRC. In 
Table II, three types of NNLS are tested on the gait database 
to evaluate the system performance. The three types of NNLS 
are non-negative least square NNLS, meta-sample based non-
negative least square MNNLS, non-negative least square with 
missing value NNLSmiss (missing rate=0.7) , non-negative 
least square with radial basic function ‘rbf’ BNNLS. 
According to the results of Table II,, the accuracy of NNLS is 
over 81% . The accuracy of MNNLS, BNNLS and NNLSmiss 
are 83%, 91% and  56% respectively. BNNLS classifier is the 
best accuracy compared with the others NNLS, NNLSmiss and 
MNNLS. And then classification accuracy of MNNLS with the 
mssing value (missing rate=0.7) is better than the NNLS and 
NNLSmiss. 

TABLE II 
IDENTIFICATION RATE (λ=0.1) 

P
# 

NNL
S 

MN
NLS 

BNN
LS 

NN
LS
mis
s 

P
# 

NNL
S 

MN
NLS 

BNN
LS 

NNL
Smis
s 

1 0.937   0.935 0.970  0.56 12 0.912  0.879 0.922 0.56 

2 0.937   0.937 0.975  0.75 13 0.825  0.859 0.915 0.71 

3 0.875   0.852  0.967 0.59 14 0.922  0.922 0.917 0.72 

4  0.81  0.937 0.984  0.64 15 0.937  0.874 0.940 0.56 

5  0.937  0.938 0.975  0.56 16 0.937  0.931 0.935 0.75 

6 0.875   0.837  0.977 0.69 17 0.875  0.882 0.923 0.59 

7  0.928  0.834  0.985 0.74 18 0.812  0.905 0.912 0.64 

8 0.937   0.931 0.979  0.56 19 0.937  0.857  0.97 0.56 

9 0.937   0.839 0.979  0.75 20 0.875  0.925  0.98 0.78 

10 0.875 0.931 0.961 0.72 21 0.923 0.912 0.979 0.69 

11 0.812 0.928 0.979 0.56 22 0.912 0.930 0.979 0.74 

According to the Table III, MSRC is the best classification 
among them for all types of walking. For normal speed of 
walking, the classification accuracies of MSRC, LSRC and 
SRC are 98%, 93% and 75% respectively. For slow speed of 

walking, the identification rate is 96% in MSRC.  And the 
identification accuracies are 93%, 56% in LSRC and SRC 
respectively. For fast speed of walking, the accuracy of MSRC 
is 93%. 

Experiment II:    
TABLE III 

IDENTIFICATION RATE (λ=0.1) 
Normal Walking Slow Walking 

P# SRC LSRC MSR
C P# SRC LSRC MSRC 

1 0.75 0.879 0.985  1 0.56 0.875 0.902  
2 0.59 0.859 0.979  2 0.75 0.812 0.910  
3 0.72 0.937 0.977  3 0.72 0.937 0.965  
4 0.70 0.875  0.961 4 0.56 0.875 0.917  
5 0.78 0.915 0.979  5 0.75 0.928 0.968  
6 0.69 0.875 0.975  6 0.59 0.875  0.953 
7 0.74 0.922 0.970  7 0.65 0.902 0.910  
8 0.56 0.905 0.969  8 0.57 0.905 0.930  
9 0.75 0.857 0.985  9 0.64 0.879 0.921  
10 0.72 0.874 0.977  10 0.56 0.759  0.891 
11 0.56 0.874 0.978  11 0.71 0.937 0.959  
12 0.75 0.923  0.952 12 0.72 0.875 0.905  
13 0.59 0.912 0.960  13 0.56 0.915 0.920  
14 0.65 0.825 0.970  14 0.75 0.825 0.909  
15 0.57 0.922 0.975  15 0.59 0.922 0.955  
16 0.64 0.937  0.967 16 0.64 0.937 0.957  
17 0.56 0.937 0.984  17 0.56 0.937 0.948  
18 0.71 0.875 0.975  18 0.71 0.875 0.915  
19 0.65 0.852  0.977 19 0.65 0.812 0.909  
20 0.69 0.937  0.985 20 0.69 0.937 0.967  
21 0.63 0.875 0.979  21 0.63 0.875  0.901 
22 0.65 0.928 0.979  22 0.65 0.928 0.969  

 
Fast Walking 

P# SRC LSRC MSRC P# SRC LSRC MSRC 
1 0.57 0.912 0.922 12 0.59 0.922 0.875 
2 0.64 0.825 0.905 13 0.72 0.905 0.852 
3 0.56 0.922 0.857 14 0.56 0.837 0.922 
4 0.71 0.937 0.874 15 0.75 0.874 0.905 
5 0.65 0.937 0.874 16 0.59 0.874 0.857 
6 0.69 0.875 0.923 17 0.65 0.923 0.874 
7 0.63 0.812 0.912 18 0.57 0.912 0.874 
8 0.65 0.937 0.825 19 0.64 0.825 0.923 
9 0.72 0.875 0.922 20 0.56 0.922 0.912 
10 0.56 0.928 0.937 21 0.71 0.879 0.825 
11 0.75 0.875 0.937 22 0.69 0.759 0.922 

 
TABLE IV 

IDENTIFICATION RATE (λ=0.1) 
Normal Walking Slow Walking 

P# NNLS MNN
LS 

BNNL
S 

NN
LS 

miss 
P# NNLS MNN

LS 
BNNL

S 
NNLS
miss 

1 0.875 0.895 0.905 0.59 1 0.874 0.837 0.912 0.56 

2 0.895 0.879 0.837 0.64 2 0.874 0.874 0.825 0.75 

3 0.825 0.875 0.874 0.56 3 0.923 0.874 0.902 0.59 

4 0.912 0.917 0.874 0.71 4 0.912 0.835 0.937 0.64 

5 0.890 0.905 0.923 0.65 5 0.825 0.872 0.937 0.56 

6 0.857 0.89 0.912 0.69 6 0.922 0.825 0.875 0.71 

7 0.874 0.895  0.977 0.63 7 0.879 0.822 0.852 0.65 

8 0.874 0.902  0.925 0.65 8 0.759 0.879 0.922 0.69 

9 0.903 0.897 0.825 0.57 9 0.937 0.759 0.905 0.63 

10 0.912 0.917 0.922 0.64 10 0.875 0.822 0.857 0.65 

11 0.825 0.875 0.937 0.56 11 0.812 0.837 0.874 0.78 

12 0.902 0.912 0.937 0.71 12 0.937 0.839 0.874 0.69 

13 0.917 0.902 0.875 0.65 13 0.875 0.875 0.923 0.74 
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14 0.907 0.893 0.852 0.69 14 0.928 0.852 0.912 0.56 

15 0.855 0.877 0.922 0.63 15 0.825 0.822 0.825 0.75 

16 0.852 0.874 0.905 0.65 16 0.922 0.805 0.922 0.72 

17 0.937 0.840 0.857 0.59 17 0.937 0.857 0.948  0.56 

18 0.875 0.823 0.874 0.65 18 0.937 0.874 0.915  0.70 

19 0.812 0.912 0.874 0.57 19 0.875 0.874 0.909  0.78 

20 0.907 0.825 0.923 0.64 20 0.852 0.829 0.927  0.69 

21 0.875 0.832 0.912 0.56 21 0.937 0.832  0.901 0.74 

22 0.897 0.879 0.825 0.71 22 0.875 0.874 0.897  0.56 

 

Fast Walking 

P
# 

NNL
S 

MN
NLS 

BNN
LS 

NN
LSm
iss 

P
# 

NNL
S 

MN
NLS 

BNN
LS 

NNL
Smis
s 

1 0.875 0.890 0.937 0.65 12 0.753 0.852 0.874 0.75 

2 0.828 0.857 0.875 0.57 13 0.891 0.937 0.923 0.59 

3 0.875 0.874 0.812 0.64 14 0.725 0.875 0.912 0.64 

4 0.822 0.874 0.937 0.59 15 0.865 0.895 0.912 0.56 

5 0.759 0.903 0.875 0.65 16 0.850 0.825 0.825 0.71 

6 0.879 0.912 0.928 0.57 17 0.891 0.912 0.922 0.65 

7 0.759 0.825 0.875 0.64 18 0.857 0.890 0.937 0.69 

8 0.870 0.902 0.922 0.56 19 0.871 0.857 0.937 0.63 

9 0.875 0.917 0.905 0.71 20 0.864 0.855 0.875 0.65 

10 0.905 0.907 0.837 0.72 21 0.856 0.852 0.812 0.63 

11 0.825 0.855 0.874 0.56 22 0.71 0.937 0.912 0.65 

 
The identification accuracies of Table IV, BNNLS 

classification method is the best accuracy for all types of 
walking normal walking, slow walking and fast walking. The 
classification methods confirms the good performance of 
human identification system except ‘NNLSmiss’ type but it is 
still reasonable results.   

VII. CONCLUSION 
This system aims identify human and to classify the 

uncontrolled gait, which means that people can walk freely 
along different directions and different speeds for each person 
in data collection. This system can identify the human whether 
who is unauthorized and suspicious persons or not when they 
enter a surveillance area which is an important component in 
surveillance. Either than, this system also manages the 
movement in the video, this will be a greater help to the user to 
observe their properties. Therefore, this system is not only can 
reduce the cost for monitoring by the user but also give 
advantages to the user. The system is speed up by using SURF. 
The threshold level 15 gives the good results for the human 
identification from the above experimental results. Non-
negative least square with radial basic function ‘rbf’ BNNLS 
gives good accuracy for all types of walking in this 
experiment.  But, MSRC classification method achieves 
highest classification accuracy for all types of walking rather 
than for all other tested classifiers. The experimental 
evaluation of this proposed system confirms the good 
performance of human identification system except ‘fast’ type 
but it is still reasonable results. For further experiments, the 
proposed system will be tested on the larger value of dataset 
and will be implemented the other machine learning algorithm 
such as KNN, SVM to compare with the proposed method. 
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