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Abstract — Recently, great attention has been given to human identification based on gait biometric. Gait recognition is the process 
of identifying people through their style of walking. Gait can identify subjects from long distance and without inconvenient 
interruption. However, most of the existing Gabor-based gait recognition approaches suffer from the curse of dimensionality, even 
after utilizing dimensionality reduction techniques.  Consequently, this adds more computational and storage burdens and may 
make the human identification process more difficult. This paper presents an effective gait recognition method based on the 
statistical analysis of Gabor patterns. This method adopts the Gait Energy Image (GEI) to capture the spatio-temporal 
characteristics of the human gait sequence during one motion cycle. Then, it applies Gabor filters and encodes the magnitude of the 
resulting Gabor responses from different-sized regions using set of statistical measures. Consecutively, classification is performed 
using Support Vector Machine (SVM) classifier. Finally, intensive experiments are carried out on the two benchmark OU-ISIR A 
and CASIA B gait datasets to demonstrate the effectiveness of the proposed method. The experimental results have shown that our 
proposed statistical method can achieve promising performance in term of accuracy and efficiency. 
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I. INTRODUCTION 
 
Nowadays, biometric recognition has been widely used 

as a powerful tool for automatic human identification and 
authentication.  The gait biometric identifies people by their 
way of walking [1-3]. Unlike other biometrics like face and 
fingerprint, it does not request the target subject to interact in 
a predefined and cooperative manner such as being close to 
the acquisition device or standing at a specific angle. In gait-
based systems, the process of image acquisition is non-
intrusive. Thus, it can be done in public areas without 
attracting the attention of subjects under surveillance. Also 
the system can work at longer distances (e.g. 10m or more), 
unlike most of the other biometrics. Moreover, the gait 
modality is difficult to disguise and can be of low resolution 
[4]. 

Gait recognition is becoming a hot research area [5]. 
However, it has certain limitations. It can be greatly affected 
by a number of conditions like type of shoes, clothes, etc. 
The discriminating power of walking style can also be 
degraded by certain physical factors such as injuries. 
Nevertheless, gait is still a potential choice for intelligent 
visual surveillance and tracking of subjects [6]. 

Most of the gait-based recognition approaches can fit into 
two main categories: model-based [7-9] and model-free 
[10,11] methods. In the model-based category, the search for 
the human movement parameters is usually guided by a 
statistical or generic model [4]. Here, the frequency and 
amplitude are typically merged with extracted features, or the 
collection of images is directly used.  On the other hand, the 
model-free approaches use static and dynamic components. 
The static component reflects the shape and size of a human 

body whereas the dynamic component reflects the movement 
dynamics. Examples of static features are height, width, 
stride length, and silhouette bounding box lengths; whereas 
frequency and phase of movement are examples of dynamic 
features. In general, model-free category can also be 
classified into temporal and spatio-temporal methods. The 
research on model-free systems is relatively more than that 
on model-based systems because of the computationally 
tractable process [4]. 

Temporal gait recognition approaches are expensive in 
terms of storage and computation due to the frame by frame 
feature extraction and classification. To overcome storage 
and computation burden, we adopt GEI [12] as the spatio-
temporal gait representation. GEI represents the human 
walking in a single image conserving motion temporal 
properties. Several gait recognition approaches relied on 
features extracted from GEIs. However, they use reduced-
dimensionality GEIs or apply the feature extraction 
algorithm on the holistic GEI. Due to its robustness against 
local distortion and noise, Gabor filters have been widely 
used as an effective feature extraction approach in many 
fields of research [13]. They have been also utilized in many 
biometric applications such as iris recognition [14], face 
recognition [15], gait recognition [16-20]. The main problem 
with Gabor filter is the huge dimensionality caused by the 
convolution process. 

The aim of our work is to present and investigate the 
performance of a statistical Gabor-based region analysis 
approach for gait characterization from GEI images. We 
convolve the GEI using a set of Gabor filters to enable a 
more robust representation of appearance and motion 
information of gait. With the use of region-level 
segmentation and statistical analysis, we capture more 
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advantageous gait information with a practical 
dimensionality. The experimental evaluation on OU-ISIR A 
[21] and CASIA B [22] datasets reveals that better 
performance can be achieved with the proposed method as 
compared to several related gait recognition approaches. 

The rest of the paper is organized as follows. In Section 
II, we summarize the most related state-of-art approaches. 
Section III explains the proposed method. The experiments 
on OU-ISIR A and CASIA B gait datasets are discussed in 
Section IV. Finally, the paper conclusion is drawn in Section 
V. 

II. RELATED WORK 

In this section, we summarize the most related 
approaches in the literature that utilize Gabor filters for gait 
recognition. Moreover, in similar problems, there are several 
attempts to minimize the burden of the huge dimensionality 
of Gabor responses. 

The authors in [16] applied a Gabor filter on a modified 
version of GEI representation. A three-step search (TSS) 
algorithm was used to prevent the confliction of treating 
multi-walkers in a silhouette as one person. Adaptive 
background model was also utilized to alleviate the effect of 
illumination variance and slow walking. Gabor wavelets 
were then convolved with the modified GEI to generate the 
Gabor feature vectors. The dimensionality was reduced using 
PCA and an SVM with RBF-kernel was trained and used for 
classification. The highest recognition was obtained with 
lateral view (0°) of CASIA A gait database. 

In [17], the authors utilized Gabor filters on a gait 
silhouette to get Gabor-based gait features. They applied 
Gabor filters with different orientations and scales on 
silhouettes to represent body shapes. PCA and Maximization 
of Mutual Information (MMI) were used to reduce the 
dimensionality of Gabor features. Then, Gaussian Mixture 
Model-Hidden Markov Models (GMM-HMMs) were trained 
and used to classify the new test samples. The proposed 
method was evaluated using CASIA B database and 
compared to other approaches. 

Changyou Chen, Junping Zhang and Rudolf Fleischer 
[18] proposed a dimensionality reduction method called 
tensor-based Riemannian manifold distance-approximating 
projection (TRIMAP). A graph is constructed from the given 
data in a way that preserves the geodesic distance between 
data points. Then, the graph is projected into a lower 
dimensional space by tensor-based optimization methods. 
The authors used a Gabor filter to extract features from GEI 
representation of gait image sequences and applied their 
dimensionality reduction on the extracted features. They 
obtained promising gait recognition rate on the gait database 
from the University of South Florida. 

In [19], a novel solution is proposed for the under sample 
problem (USP) and called the general tensor discriminant 
analysis (GTDA). USP refers to the problem in which the 
dimensionality of the extracted features is much higher than 
the training samples. GTDA was used as a preprocessing 
step for the linear discriminant analysis (LDA) classification 
method. The have claimed that their reduction method 
outperforms most of the popular and frequently used 

methods such as the principle components analysis (PCA) 
and two-dimensional LDA (2DLDA). GTDA reduces the 
effect of USP problem. Also, it preserves the discriminative 
information in the training dataset. The solution of GTDA 
converges due to the use of projection optimization 
algorithm and this leads to stable classification accuracy. The 
authors used Gabor-based gait images representation to test 
and evaluate their new method. Three different versions of 
Gabor are used: 1) the sum of Gabor filters over directions 
(GaborD), 2) the sum of Gabor filters over scales (GaborS), 
and 3) GaborSD which the sum of both GaborD and GaborS. 
The USF gait dataset was used for conducting several 
number of experiments to test the recognition rate stability of 
the GTDA. 

A Gabor-based representation of GEI gait images using 
discriminative common vectors (DCV) is proposed and 
described in [23]. First, GEI image is convolved with 40 
Gabor kernels. Then, DCV is applied on the Gabor responses 
to reduce the dimensionality and enhance the distinguishing 
ability of GEI. The proposed method is evaluated on the 
benchmark USF HumanID database and experimental results 
demonstrated that the proposed approach can help in 
improving the overall performance. 

Similarly, the authors in [24] proposed an enhanced 
version of GEI called Enhanced GEI (EGEI). Dynamic 
region analysis based on variance analysis is proposed to 
segment the GEI into several discriminative dynamic 
regions. To alleviate the noise effect, a dynamic weight mask 
is applied. The obtained EGEI was then convolved with 
Gabor filters and then Gabor responses were passed over 
discriminative common vectors (DCV) for dimensionality 
reduction purpose. Experimental results over USF HumanID 
demonstrated the effectiveness of the proposed method in 
term of accuracies. 

LBP-based approach is proposed in [25] to reduce the 
dimensionality of obtained Gabor responses. LBP operator 
encodes each Gabor response into histogram of binary codes. 
Each pixel is tested with respect to its neighbors by using 
hard thresholding. Similarly, the same authors use the same 
mechanism on the phase of Gabor responses [26]. 

In [27], the authors proposed Local Gabor Phase Patterns 
(LGPP) based on applying the Local XOR Patterns (LXP) 
operator on both real and imaginary parts of Gabor 
responses. LXP operator is first quantize the values into 
different ranges and then threshold the interest point with its 
neighbors. Similarly, local Gabor-based LXP patterns 
(LGXP) is proposed in [28]. Authors applied LXP on the 
Gabor phase to generate binary patterns which in turn 
represented using histogram distribution. 

III. METHODOLOGY 

In this section, we describe the proposed methodology 
for gait recognition. Our approach is based on the generation 
of GEI and Gabor filters. However, unlike earlier Gabor-
based approaches for gait recognition, which mainly utilize 
the whole Gabor responses, our approach applies statistical 
feature extraction in overlapping regions. Fig. 1 shows an 
outline of the proposed framework. 
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Figure 1.   The flowchart of the proposed framework 

A. Gait Period Detection 

We have implemented the gait cycle detection algorithm 
described in [29]. First, the aspect ratio of the width and 
height of moving subject's silhouette bounding box is 
extracted as a function of time. Then, the background 
component is removed from the aspect ratio signal by 
subtracting its mean and dividing by its standard deviation. 
After that, the signal is smoothed with symmetric average 
filter. Further, auto correlation is computed to find the peaks. 
Finally, first order derivative is computed to find peak 
positions. The real period is estimated as the average 
distance between each pair of consecutive peaks. 

B. Gait Energy Image (GEI) Construction 

GEI image is constructed from a given gait sequence of 
human silhouettes. First, each gait silhouette is normalized 
into 240 x 240 and then aligned to address the variations in 
the distance between the camera and the subject. Then, the 
binary aligned silhouettes are averaged to construct the GEI 
image as follows [12]: 
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where M is the number of silhouettes in the sequence; 

Bt(x,y) is the binary silhouette at time t in the sequence. 

C. Preprocessing 

We simply extract GEI bounding box automatically 
around the target subject to discard the black region and to 
focus on extracting features from the main GEI (region of 
interest). Fig. 2 shows an example of a bounding box over 
GEI of a male carrying a bag. 

 

 
Figure 2.   GEI bounding box of a male sample from CASIA B 

D. Gabor Filters 

In our work, the GEI gait image is represented as a 
function G(x,y), which is then convolved with a bank of 
Gabor filters. The filter bank has 5 different scales and 8 
different orientations. The result of the convolution process 
is given by [30]: 

 
        , ,( , ) ( , ) ( , )v vG x y GEI x y x y              (2) 

 
where * represents convolution, , ( , )v x y  is a 2D 

Gabor wavelet kernel function at orientation µ = 0, 1, 2, …, 
7 and scale v = 0,1,2,3,4, and Gv,µ(x,y) represents the 
convolution output. The kernel is defined by [30]: 
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Where z = (x, y), || • || is the Euclidean norm operator, 

,
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   with kv = kmax /λv, λ = 1.2 is the spacing factor 

between Gabor wavelets in the frequency domain, and ɸµ=πµ/8 
is the orientation where µ = 0, 1, 2, …, 7; and kmax=0.35. The 
Gabor response contains two main parts: real part Rv,µ(x,y), 
and imaginary part Imv,µ(x,y). In our experiments, we used 
the magnitude of the Gabor response which is computed as 
follows: 

 

       2 2
, , ,( , ) ( , ) ( , )v v vMag x y R x y Im x y         (4) 

 
Once the 40 Gabor responses are generated, the proposed 

statistical method is applied on the magnitude of each Gabor 
response to get the statistical features. Then, feature vector of 
each response is merged together to form the global feature 
vector. Finally, linear-kernel SVM classifier is trained using 
the produced features and used in the classification phase. 
Fig. 3 demonstrates an example of GEI Gabor convolution 
output using filter bank of 5 different scales and 8 different 
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orientations. The silhouette sample belongs to a male of 
CASIA B dataset. 

 

 
Figure 3.   An example of GEI Gabor convolution output using filter 

bank of 5 different scales and 8 different orientations. The sample belongs to 
a male of CASIA B 

 

E. Overlapping Region-Level Analysis on Gabor Patterns 

To capture as much discriminative gait information as 
possible, the obtained 40 Gabor responses are partitioned 
into predefined different-sized overlapping regions. Different 
partitioning scenarios are attempted to test which partitioning 
is more effective to gait applications. Fig. 4 and 5 show a 
demonstration examples of a Gabor response partitioning of 
5 main non-overlapping and overlapping body regions of 
CASIA B, respectively. Each color represents the boundary 
of a region. We set 10 pixels as the length of the common 
area between each two adjacent regions. Experimental results 
show that partitioning of GEI can capture more 
discriminative gait information than the holistic GEI. 
Different partitioning scenarios are designed and 
implemented to test which partitioning scenario is more 
effective for gait recognition. 

F. Statistical Gabor-Based Gait Features Extraction 

As most related statistical Gabor analysis approaches 
perform, we first extract the mean and standard deviation to 
describe the gait. However, these two statistical features are 
not enough and may lead to the loss of important gait 
information in the Gabor patterns. Consequently, we utilize 6 
more statistical features to capture the texture content which 
participate in notable improvement of the overall gait 
recognition performance. Statistical features are extracted 
from each region of each Gabor pattern. Then, the obtained 
set of features is merged to form the global feature vector to 
be used in training and classification. 

Using a normalized co-occurrence matrix, pij, for a 
specific spatial relationship, the utilized statistical features 
are defined as follows: 

 
 Energy: measures the uniformity of an image as 

follows: 

                            2
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 Correlation: measures to what level a pixel in an 

image is correlated to its neighbors; it is given by: 
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 Contrast: measures the intensity local variation in 

the co-occurrence matrix: 
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Figure 4.   Demonstration of 5 non-overlapping regions of Gabor patterns 

of a male sample of CASIA B dataset. 
 

 
 Entropy: measures randomness or disorder of an 

image. Highest value is obtained when all 
intensities are the same. It is given by: 

 

2
,

ij ij
i j

Entr p log p                 (8) 

 Homogeneity: measures the spatial closeness of the 
distribution of elements in an image: 
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 Smoothness: measures the number of times the 

density function can be differentiated: 
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                      (10) 

 

 
Figure 5.   Demonstration of 5 overlapping regions of Gabor patterns of a 

male sample of CASIA B dataset. 

G. Gait Classification 

In this stage, a support vector machine (SVM) classifier 
with a linear kernel function is used for gait recognition 
using the extracted feature vectors. There are several 
implementations of SVM. In our study, we built our model 
using LibSVM which implements one-against-one for multi-
class classification. If k is the number of subjects under 
investigation, then k(k-1)/2 binary classifiers are constructed. 
Each classifier is trained on data belonging to two classes. 
Then max-win voting scheme is used to decide the predicted 
class. If there is a tie (more than one class has identical max 
vote, the one with the smaller index is chosen). 

 

IV. EVALUATION 

A. Datasets 

The OU-ISIR Gait Database [21] is meant to aid research 
efforts in the general area of developing, testing and 
evaluating algorithms for gait-based human identification. 
The Institute of Scientific and Industrial Research (ISIR), 
Osaka University (OU) has copyright in the collection of gait 

video and associated data and serves as a distributor of the 
OU-ISIR Gait Database. The Treadmill Dataset A is 
composed of 34 subjects walking on a treadmill from side 
view with speed variation from 2 km/h to 10 km/h at 1 km/h 
interval. Each subject has two sequences of "gallery" and 
"probe" for each speed. 

CASIA B [22] includes sequence samples of 124 subjects 
of 93 males and 31 females. Gait sequences for each subject 
were captured from 11 different views. Each subject was 
asked to walk 10 times through a straight line of concrete 
ground (6 normal walking, 2 wearing a coat, 2 carrying a 
bag). At each walking, there were 11 cameras capturing the 
subject’s walking. Consequently, each subject has 110 video 
sequences and the database contains 110 x 124 = 13640 total 
sequences for all subjects. 

B. Experimental Setup 

For the OU-ISIR dataset, each subject has one sequence 
as gallery (training) and one as probe (test) under each speed. 
Moreover, the benchmark experimental setup proposed by 
the authors of CASIA B database [22] was adopted. Gallery 
set of normal walking of all subjects is always used to train 
the SVM model. Three sets under different covariates are 
used as the probe sets as follows: 

 
 Probe Set A: when subjects are normally walking. 
 Probe Set B: when subjects are carrying bags. 
 Probe Set C: when subjects are wearing coats. 

 
This allows testing the approach to identify subjects 

under different scenarios; see Fig. 6 for an example of GEI 
images under three different covariates for a male of CASIA 
B. 

Moreover, to evaluate our proposed partitioning 
approach, the experiments were conducted using CASIA B 
over two scenarios: 

 
 Scenario 1: without partitioning. 
 Scenario 2: with partitioning. 

 

C. Performance Metric 

The performance of the proposed features is measured in 
identification mode. Identification mode is the process of 
determining the identity of an unknown subject. Moreover, 
we adopted the closed-set identification strategy which 
guarantees the existence of the unknown subject within the 
database gallery. 

The experimental results are reported using the correct 
classification rate (CCR) metric which represents the 
performance at rank-1. CCR (rank-1) indicates that the probe 
sample is matching with the only one returned candidate. 
The following equation represents the CCR percentage: 

 

(%) 100c

t

S
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S
                        (11) 
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where Sc is the number of correctly identified subjects; St 
is the total number of tested subjects. 

 

 
Figure 6.   An example of GEI of a male from CASIA B with three 

different covariates and viewing angle 90°. 

D. Discussion 

Several gait recognition approaches were implemented 
and compared to our proposed features such as pHOG [31], 
LXP [27], LBP [32], SLBP [33]. All comparisons were 
conducted in terms of correct classification rate (CCR). 
Table I demonstrates the performance of our proposed 
method on OU-ISIR A dataset and without any partitioning. 
The results reveal that our statistical method is 
outperforming under almost all tested walking speeds. 

Moreover, the proposed approach was applied on the GEI 
images of CASIA B dataset without any partitioning. As 
shown in Tables II, III, and IV, the proposed method is 
always outperforming all other methods included in the 
comparison under all the three scenarios. Moreover, the 
performance was superior in the case of probe set A and B 
when subjects are normally walking and carrying bags 
respectively. It proves that our statistical Gabor-based 
approach has the ability to capture more discriminative gait 
information than the comparison involved methods. We need 
to investigate the applicability of our method for different 
machine learning problems such as face recognition and 
other biometrics. 

 

E. Partitioning Performance  

 
To evaluate the effect of partitioning on the overall 

performance, a group of experiments is designed on CASIA 
B. Experiments were conducted in two modes: overlapping 
and non-overlapping. Also, a set of different-sized regions is 
applied and investigated as an attempt to discover the 
efficient and effective partitioning strategy for gait 
recognition purposes. 

Shown experimental results demonstrate that using 
partitioning (overlapping or non-overlapping) is always 
enhancing the performance at almost all viewing angles and 
under the three tested covariates. Tables V, VI, and VII show 
the performance of non-overlapping partitioning for the three 
scenarios. Similarly, for overlapping partitioning, the results 
are shown in Tables VIII, IX, and X. It is obvious that using 
the holistic Gabor patterns to extract gait feature without any 

partitioning can't compete against the partitioning strategies. 
In addition, we utilized mean and standard deviation analysis 
to measure the partitioning degree of confidence. Fig. 7, 8, 
and 9 illustrate the outperformance of overlapping 
partitioning over holistic GEI using mean and standard 
deviation (std) analysis.  

 

 
Figure 7.   The performance of Holistic GEI vs. GEI Overlapping 

partitioning: Normal-Walking of CASIA B 
 

 
Figure 8.   The performance of Holistic GEI vs. GEI Overlapping 

partitioning: Carrying-Bag of CASIA B. 

The highest confidence was obtained under normal 
walking covariate for all viewing angles. In Fig. 8, the 
intersection of mean/std bar with the holistic performance in 
angles 72°, 90°, 108°, and 144° indicate that there is no 
guarantee to achieve better performance with partitioning. 
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Similarly, the confidence is lowest under angles 72°, 90°, 
and 108° in case of wearing a coat covariate. 

 

F. Effect of Covariates on the Performance 
 
Using CASIA B, it is obvious from reported tables that 

normal walking covariate achieves the best result over 
carrying-bag and wearing-coat covariate. It is due to the 
deformity in the normal shape of human body during normal 
walking. This causes difficulties in capturing the basic 
discriminative features originated from the normal walking. 
The performance under carrying-bag covariate is moderate. 
Bag is occupying region in the middle of the human body 
and cause deformity for that part of body during walking. 
However, coat causes the largest amount of deformity of the 
human body. Consequently, wearing-coat covariate is the 
most difficult and hardest scenario to discover and to extract 
representative features. 

TABLE I.  COMPARISON OF CORRECT CLASSIFICATION RATES UNDER 

DIFFERENT WALKING SPEEDS USING OU-ISIR-A 
Speed CCR (%) 

pHOG LXP LBP SLBP Mean+std proposed 
2 km/h 91.17 67.64 73.52 67.64 91.17 94.11 
3 km/h 88.23 55.88 67.64 61.76 88.23 100 
4 km/h 82.35 52.94 64.70 55.88 91.17 94.11 
5 km/h 76.47 38.23 64.70 47.05 88.23 94.11 
6 km/h 82.35 47.05 58.82 55.88 91.17 97.05 
7 km/h 91.17 32.35 58.82 44.11 91.17 94.11 
8 km/h 91.17 47.05 61.76 67.64 85.29 91.17 
9 km/h 94.11 47.05 61.76 55.88 76.47 82.35 
10 km/h 91.17 50 79.41 64.70 82.35 91.17 

 

 
Figure 9.   The performance of Holistic GEI vs. GEI Overlapping 

partitioning: Wearing-Coat of CASIA B. 

 

TABLE II.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

NORMAL-WALKING: PROBE A AND SCENARIO 1 
Angle CCR (%) 

pHOG LXP LBP SLBP Mean+std proposed 
0 82.76 61.64 56.90 68.54 88.79 95.26 

18 74.57 61.21 66.81 65.52 86.64 97.41 
36 76.72 53.02 60.35 61.21 76.29 91.38 
54 76.72 56.04 56.90 63.79 79.31 92.24 
72 81.47 60.78 68.54 68.54 84.91 91.81 
90 86.21 62.07 73.28 68.97 80.60 93.10 

108 81.04 63.36 68.97 65.52 83.19 93.97 
126 77.59 57.33 62.50 68.54 81.90 91.81 
144 76.72 57.33 61.21 66.81 79.74 91.38 
162 78.45 63.79 68.97 75.43 83.19 92.24 
180 83.62 53.02 57.33 66.38 87.07 95.26 

TABLE III.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 
CARRYING-BAG: PROBE B AND SCENARIO 1 

Angle CCR (%) 
pHOG LXP LBP SLBP Mean+std proposed 

0 45.26 26.72 28.02 28.45 45 64.66 
18 30.60 18.54 43.10 28.88 40.09 48.28 
36 30.60 15.95 34.05 23.71 36.64 48.28 
54 24.57 15.95 30.60 25 25 33.19 
72 20.26 9.91 34.05 29.74 30.60 42.67 
90 22.41 18.54 37.50 35.78 25.86 40.52 

108 18.54 18.10 34.48 31.04 25 43.10 
126 21.98 18.10 31.47 26.72 26.72 37.50 
144 20.26 8.62 28.02 31.90 30.60 44.40 
162 35.78 21.55 35.35 27.16 35.35 50.43 
180 42.67 20.69 29.74 28.45 46.98 59.91 

TABLE IV.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

WEARING-COAT: PROBE C AND SCENARIO 1 
Angle CCR (%) 

pHOG LXP LBP SLBP Mean+std proposed 
0 12.93 7.33 9.91 7.33 15.09 17.67 

18 13.79 9.05 9.91 12.07 15.95 19.40 
36 12.07 7.33 15.95 13.79 15.52 25 
54 9.05 12.07 18.10 11.64 14.66 23.28 
72 9.48 12.07 16.38 12.07 13.79 37.50 
90 8.19 6.47 15.09 13.79 12.50 34.48 

108 9.48 9.48 13.79 11.64 15.09 38.36 
126 10.78 9.48 17.24 13.36 12.93 24.57 
144 11.21 13.79 10.78 11.21 10.78 19.83 
162 13.79 7.33 10.78 12.07 7.76 14.66 
180 12.93 6.90 11.21 7.33 10.35 17.67 

TABLE V.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

NORMAL-WALKING: PROBE A, SCENARIO 2 WITH NON-OVERLAPPING 

PARTITIONING 
Angle Number of Regions 

Holistic 5 7 8 10 16 
0 95.26 99.14 99.14 99.14 99.14 98.28 
18 97.41 98.71 98.71 99.57 99.57 99.14 
36 91.38 97.41 97.41 97.85 97.85 96.12 
54 92.24 98.71 97.41 97.85 97.41 96.55 
72 91.81 96.98 97.41 97.85 97.85 96.55 
90 93.10 97.41 98.71 98.71 99.14 97.85 
108 93.97 98.71 98.71 99.14 99.14 97.14 
126 91.81 99.14 98.71 98.28 98.71 97.85 
144 91.38 96.98 96.55 97.41 97.14 95.69 
162 92.24 98.28 97.41 97.41 97.14 96.12 
180 95.26 97.41 96.98 98.71 98.28 97.85 
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TABLE VI.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

CARRYING-BAG: PROBE B, SCENARIO 2 WITH NON-OVERLAPPING 
PARTITIONING 

Angle Number of Regions 
Holistic 5 7 8 10 16 

0 64.66 68.10 69.83 68.10 69.83 65.09 
18 48.28 56.47 58.62 54.74 52.16 47.85 
36 48.28 53.45 50.43 52.59 50.86 52.16 
54 33.19 56.90 56.47 64.66 62.50 51.29 
72 42.67 56.90 46.12 54.74 46.98 41.38 
90 40.52 55.60 46.98 47.85 41.38 37.50 
108 43.10 55.17 44.83 48.28 39.66 40.95 
126 37.50 47.85 41.81 42.67 42.24 43.10 
144 44.40 56.47 40.95 47.41 40.95 46.55 
162 50.43 60.35 56.90 57.76 56.47 61.64 
180 59.91 68.97 69.83 67.67 65.52 65.09 

TABLE VII.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

WEARING-COAT: PROBE C, SCENARIO 2 WITH NON-OVERLAPPING 

PARTITIONING 
Angle Number of Regions 

Holistic 5 7 8 10 16 
0 17.67 25 37.07 39.66 43.10 34.91 
18 19.40 20.26 29.31 39.66 43.97 31.04 
36 25 27.16 31.90 37.07 42.24 31.90 
54 23.28 26.29 36.21 43.97 50.86 40.52 
72 37.50 33.19 39.22 50 50.43 40.52 
90 34.48 35.78 39.22 44.40 46.12 30.17 
108 38.36 35.35 42.67 49.14 46.12 31.90 
126 24.57 26.29 33.62 42.67 45.69 31.90 
144 19.83 25 32.76 35.78 41.38 26.72 
162 14.66 23.71 31.04 38.79 39.66 30.17 
180 17.67 28.45 36.21 43.10 50 33.19 

TABLE VIII.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

NORMAL-WALKING: PROBE A, SCENARIO 2 WITH OVERLAPPING 

PARTITIONING 
Angle Number of Regions 

Holistic 5 7 8 10 16 
0 95.26 98.28 98.71 98.28 97.85 98.28 
18 97.41 97.85 99.14 99.14 98.28 99.14 
36 91.38 96.98 96.98 96.98 96.55 96.12 
54 92.24 97.41 97.41 97.41 96.98 96.98 
72 91.81 97.85 96.98 96.98 96.98 96.55 
90 93.10 97.41 98.71 98.71 98.28 98.28 
108 93.97 98.28 98.28 98.71 98.28 97.85 
126 91.81 98.28 98.28 97.85 97.41 98.28 
144 91.38 95.26 95.69 96.12 95.69 96.55 
162 92.24 94.83 95.26 96.55 95.69 96.55 
180 95.26 96.98 96.98 97.41 97.41 97.41 

TABLE IX.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

CARRYING-BAG: PROBE B, SCENARIO 2 WITH OVERLAPPING 

PARTITIONING 
Angle Number of Regions 

Holistic 5 7 8 10 16 
0 64.66 66.38 61.21 65.09 63.79 70.69 
18 48.28 45.69 49.57 53.02 48.71 53.45 
36 48.28 53.02 48.28 50 46.55 51.29 
54 33.19 51.72 56.04 58.62 55.17 53.02 
72 42.67 50 38.36 43.54 37.93 45.69 
90 40.52 44.83 37.50 44.83 39.22 41.38 
108 43.10 48.28 37.50 40.52 37.07 41.38 
126 37.50 42.24 39.22 43.10 43.10 43.97 
144 44.40 46.98 40.95 43.10 40.09 48.71 
162 50.43 58.62 52.59 58.19 55.17 62.07 
180 59.91 62.93 57.76 69.83 64.66 66.81 

TABLE X.  COMPARISON OF CORRECT CLASSIFICATION RATES FOR 

WEARING-COAT: PROBE C, SCENARIO 2 WITH OVERLAPPING 
PARTITIONING 

Angle Number of Regions 
Holistic 5 7 8 10 16 

0 17.67 20.69 25 32.76 34.91 33.62 
18 19.40 17.67 23.71 31.47 33.62 32.76 
36 25 22.41 27.59 32.76 36.21 32.33 
54 23.28 25.86 32.33 39.66 46.55 38.79 
72 37.50 28.89 33.19 41.38 40.52 39.22 
90 34.48 28.45 31.47 38.79 41.81 32.76 

108 38.36 29.31 34.48 43.97 43.54 33.62 
126 24.57 23.71 29.31 37.93 38.79 31.47 
144 19.83 23.28 26.72 31.04 33.91 29.31 
162 14.66 21.12 29.74 35.78 37.07 31.04 
180 17.67 22.85 32.76 39.66 40.95 35.35 

 

V. CONCLUSION 
 
In this work, a statistical Gabor-based gait recognition 

method was proposed based on set of statistical measures. 
The GEIs images of OU-ISIR A and CASIA B datasets were 
convolved with a Gabor filter bank of 5 different scales and 
8 different orientations to get the Gabor-based gait 
representation. Then, these Gabor patterns were partitioned 
into overlapping and non-overlapping regions to enhance and 
preserve as much discriminative gait information as possible. 
Finally, we investigated several statistical features in 
companion with the mean and standard deviation. The 
experimental results demonstrate that the proposed method 
outperforms several gait recognition methods. Moreover, 
results show that using partitioning can enhance the 
performance to promising levels. However, we can't 
guarantee the performance behavior with these set of 
statistical measures. Deep investigation is required with 
different sets of measures and different datasets. 
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