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Abstract—This study presents new gait representations
for improving gait recognition accuracy on cross gait
appearances, such as normal walking, wearing a coat and
carrying a bag. Based on the Gait Energy Image (GEI), two
ideas are implemented to generate new gait representations.
One is to append lower knee regions to the original GEI, and
the other is to apply convolutional operations to the GEI and
its variants. A set of new gait representations are created and
used for training multi-class Support Vector Machines
(SVMs). Tests are conducted on the CASIA dataset B. Various
combinations of the gait representations with different
convolutional kernel size and different numbers of kernels
used in the convolutional processes are examined. Both the
entire images as features and reduced dimensional features by
Principal Component Analysis (PCA) are tested in gait
recognition. Interestingly, both new techniques, appending
the lower knee regions to the original GEI and convolutional
GEI, can significantly contribute to the performance
improvement in the gait recognition. The experimental results
have shown that the average recognition rate can be improved
from 75.65% to 87.50%.

I. INTRODUCTION

G

AIT recognition, which is non-intrusive in identifying
individuals in distance, is still challenging in biometric
research. The main advantage of gait recognition is that it
allows low-resolution images to be used for long distance
detection, and has non-interference to target activities.
Moreover, gait information which is the personal walking
characteristic is hardly to be forged.

There are two main stages in conventional gait
recognition, gait feature extraction and classification. Gait
features which represent the walking characteristic can be
extracted from both gait model and gait image sequence. In
a model free approach, gait features are usually extracted
from gait representation called compact image which is
generated from a complete gait cycle. The basic compact

image, called GEI [1] or Average Silhouette [2], can be
generated by averaging all binary silhouette gait images in
a full cycle in a same view angle. GEI has been commonly
used in the model free research because of its simplicity and
low-time consuming. Nonetheless, other gait compact
images have consequently been implemented to fulfill
recognition efficiency such as Gait Entropy Image (GEnI)
[3], Gait Gaussian Image (GGI) [4], Flow Histogram Energy
Image (FHEI) [5], Gradient Histogram Gaussian Image
(GHGI) [6] and Gait Information Image (GII) [7]. This
study has chosen GEI as the original gait

representation. New gait representations are developed
from the original in this study and presented in Section II.

Based on the compact images, there are various feature
extraction processes available in gait recognition research
such as PCA [8], [9], Linear Discriminant Analysis (LDA)
[10], [11] and Convolutional Neural Network (CNN) [12]-
[14]. In this study, a new type of compact image, called
convolutional compact image, is developed, combined with
PCA in gait feature extraction.

The second stage is classification. Existing classifiers in
gait recognition include Nearest Neighbor (NN) [4], [15],
SVM [16], [17], CNN [18], etc. This study has chosen
oneagainst-all multi-class SVM as the classifier.

In summary, GEI and its variants are used as the gait
representation, from which gait features are extracted by
convolutional processes and the classification performance
has been tested with multi-class SVM. CASIA dataset B [19]
which has three appearances and 11 camera view angles is
used in training and testing. The rest of the paper is
organized as follows. Section II presents the methodology
for the gait recognition system. Section III discusses
experiments and results. The conclusion is given in Section
Iv.

II. METHODOLOGY

A gait recognition system, as shown in Fig. 1, usually has
two phases: training and testing. The training phase is for
model creation. In some cases, a gait representation can be
directly used as the input for training a classifier. The
testing or prediction phase compares the testing sample
with all existing models to make a decision with the highest
score in similarity.

A. Gait Representations
As indicated in Section I, there exist many gait
representations. Nonetheless, one original and one newly
developed representations are employed in this study. An
example of the two gait representations is shown in Fig. 2.

1) GEI

@C-Equ © 2023

The Authors.

Open Access under CcC BY 4.0.

How to cite: Dr. Aisha R. Patel and Dr. Liam T. McCormick (2023). Advances in Gait Dynamics: Developing Novel Representations for Enhanced
Recognition. Journal of Computer Engineering, 12(2), 47-52. DOL: https://doi.org/10.5281/zenodo.19347870



https://doi.org/10.5281/zenodo.19347870

JCE

Advances in Gait Dynamics: Developing Novel...

GEI [1] is generated by averaging all binary images in
walking sequence with the same view angle, as expressed in

(1):
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where N is the number of silhouette frames in a complete
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H is the height, W is the width and D is the depth of X . In

this experiment, D is equal to 1 because X is grey scale
image.
The number of output images or feature maps has the

is the binary image at frame ¢, and (x, y) is the pixel coordinate convolved images is generated from the original gait in a frame.

representation by applying convolution with normalization

techniques to GEI. This gait representation is called CGEIL. An

2) Convolutional Gait Energy Image (CGEI) example of the representation can be seen in Fig. 2 (b).

Fig. 1 Gait recognition system overview

gait sequence, t is the frame number in the gait sequence,
Bu(x, y) (a) GEI (b) CGEI

Fig. 2 Gait representations

The original gait representation X has been convolved
with M multi-dimensional filter. Output feature map is
formally given by
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same number of kernels or p''; however, each output may
have very different value because of random filters applied.
Each channel of the feature map x has been normalized by:
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feature maps. Finally, the new gait representation is
generated from the average of normalizing the feature
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maps. The size of CGEIL, which is smaller than the size of
GEI, can easily be calculated by

Scer S0 Sk 01 (4)

where Sccz is the CGEI width/height, Sois the original gait

representation image width/height, and SK is the kernel
width/height.
B. Multiple Lower Knee Gait Image (MLKGI)

The main purpose of this study is to investigate the effect
of cross appearances, such as wearing a coat and carrying a
bag, on gait classification performance. One of our
assumptions is that some parts of a human body may be
more significant than other parts in contributing the
variance, hence improving gait recognition rate. The lower
knee region in the gait representation has been selected in
this study because it is the body part with the largest
movement in complete gait cycle.

classification. This gait classification system is

demonstrated in Fig. 5.

This study focused on cross appearance classification. All
experiments were conducted on the CASIA gait dataset B
which has three appearances and eleven view angles from
o[ - 1800. We chose 116 objects, which have the complete
sequence silhouette images in each appearance and view
angle from 124 objects in this dataset. Each object has 10
video sequences, six for normal walk, two for wearing a
coat, and two for carrying a bag. Four normal walk, images
were used as gallery in training and the remaining, two from
each appearance as probe for SVM prediction.

TABLE I
CLASSIFICATION RATE WITH DIFFERENT KERNEL SIZE
. CGEI
Xrlleg‘l,:: GEI Kermel Size
3x3 5x5 7x7 9x9

0 74.80%  76.90% 75.43% 76.38% 75.72%
18 77.27%  81.26% 80.49% 80.11% 78.94%
36 77.27%  83.79% 82.04% 81.29% 78.59%
54 76.52%  85.86% 84.02% 82.39% 79.28%
72 76.01%  88.71% 86.49% 85.63% 80.72%
90 75.49%  88.91% 86.72% 86.52% 80.55%
108 75.03%  88.68% 85.69% 84.89% 80.34%
126 73.74%  84.14% 81.93% 80.57% 77.70%
144 74.83%  82.33% 80.20% 80.52% 77.27%
162 76.15%  79.66% 78.05% 79.14% 76.81%
180 75.03%  76.58% 75.49% 76.95% 75.55%
Average 75.65% 83.35%  81.50%  81.31%  78.32%

TABLE II

CLASSIFICATION RATE WITH DIFFERENT NUMBER OF KERNEL

View Number of kernels
Angle 8 16 32
0 77.01%  76.90%  79.71%
18  81.64%  81.26%  84.02%
36 81.61%  83.79%  86.67%
54 82.30% 85.86% 87.82%
72 84.05% 88.71% 88.65%
90 84.63% 88.91% 89.43%
108 84.08% 88.68% 88.30%
126 81.21% 84.14% 85.98%
144 80.17%  82.33%  84.37%
162 7897%  79.66%  82.39%
180 76.47% 76.58% 79.17%
Average 81.10%  83.35%  85.14%

A. CGEI Testing

This experiment examines the effect of number of kernels
and kernel size used to generate CGEI on gait classification
performance. The entire gait representation image is used
as gait features. However, the size of CGEI depends on the
kernel size since there was no padding in the convolutional
process. For example, GEI has size of 120x120 pixels or
14400 pixels, CGEI which has been generated by kernel size
3x3 has size of 118x118 or 13924 pixels. The average correct
classification rate (CCR) of cross appearance is shown in
Tables I and II for the fixed convolution number of kernels
and the fixed kernel size, respectively.

Table I shows that the number of kernels affects the
classification rate. CGEI generated from the average of 32
convolved images had the highest CCR. From Table II, the
CGEI generated from the kernel size of 3x3 had better CCR
than the other kernel size. All CCR results from CGEI are
significantly better than those from GEI. Especially, CGEI
has a better result than CGEI under each view angle.

B. Multiple Lower Knee Gait Image Testing

This experiment investigates the effect of number of
duplicated lower knee regions appending to the original
image, from one to five on the gait recognition performance.
Both of GEI and CGEI are used as the input to generate
MLKGI. The average CCR of each MLKGI has been shown
in Tables III (GEI) and IV (CGEI).

Table III indicates that MLKGI can continuously improve
the CCR of GEI with increasing the number of duplicated
lower knee regions appending to the original image, whlist
Table III shows that the result of MLKGI matches the result
of CGEI only when the number of duplicated lower knee
regions is greater than or equal to 3.

TABLE III
CLASSIFICATION RATE WITH DIFFERENT NUMBER OF LOWER KNEE
REGION

View Number of duplicated lower knee regions
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Angle 1 2 3 4 5 3x3 and 32 kernels from the original MLKGI was chosen for previous expe
0 77.61% 7891% 79.71% 8026%  81.06% because this kernel setting gave the best result from is shown in Table V.
18 78.10% 79.60% 81.01% 81.15% 81.24%
36 78.22% 78.48% 78.82%  79.48%  80.23% Normal Walk  90%
54 7848% 7925% 7934% 80.40% 81.01% 100% ol A 5%
72 7839% 79.37% 80.34%  81.09%  81.98% 0% v—vm 80%
90 78.59%  79.77% 80.75%  82.90%  83.42% e 75%
108 7741% 78.33% 79.63%  80.34%  80.83% e 70% \\W
126 76.87% 77.90% 78.76%  79.17%  79.37% 6% 65%
144 7721% 78.02% 7836% 7851%  79.02% 95% | CRRARSERE
162 78.10% 78.07% 78.39%  78.76%  79.11% IR R
180 7736% 78.62% 79.60%  80.11%  80.92% <
Average  77.85% 78.76% 79.52%  80.20%  80.74% 100,00%
TABLE IV 90,00%
CLASSIFICATION RATE WITH DIFFERENT NUMBER OF LOWER
KNEE REGION IN CASE OF CGEI 80,00%
View Number of duplicate lower knee ./._._*—.—H‘
Angle 1 2 3 4 5 70,00%
0 80.00% 82.10% 82.01% 82.13% 85.43% T SRR
18 82.70% 83.56% 83.88% 84.20% 85.86%
36 84.02% 8397% 85.72% 85.78%  86.15% Fig. 6 CCR in each appear
> ST 83T 8T.70% - §7.79% - 87.82% From Table V, almost MLKGI with PCA had slightly
o )
;i :ZZ;Z‘: :;g:z;‘: 235222 Zz;:ﬁ: ZZ;;: higher CCR than CGEI. The five'duplicate 10w§r knees had
’ ’ ’ ’ ’ the best CCR which is 87.50% in these experiments. The
108 85.75% 86.75% 88.88% 88.25% 88.30% detail of each appearance CCR which has compared all best
126 82.50% 83.42% 85.95% 85.72%  85.66% CCRs from all experiments has been show in Fig. 6.
144 81.78% 83.13% 84.05% 84.28% 85.14%
162 81.38% 82.10% 83.53% 82.90% 85.14% TABLE V
180 80.83% 81.90% 8224% 82.87% 85.46% THE CCR OF MLKGI WiTH PCA N CASE OF CGEI
Average 83.25% 84.36% 85.74% 85.60% 86.60% X;egvl:: 1 N“‘;‘b"‘r °fd“p3h°ate 1°Wezknee ]
C. Feature reduction with PCA 0 8034% 80.09% 8147% 82.16%  85.29%
Experiments A and B used whole GEI and CGEI images 18 84.05% 82.82% 83.76% 8420%  86.44%
as gait features in the classification process. Since the large 36 85.49% 83.97% 8537%  85.75%  87.13%
number of features is used, it is time consuming in the SVM 54 8730% 86.81% 87.33%  87.79%  89.28%
training phase. In this experiment, PCA was added to the 7 89.08%  89.05% 88.76%  89.14%  90.09%
gait recognition system to reduce the dimensionality of the 90 89.83%  89.60% 88.42%  88.56%  90.66%

feature space. 464 selected components are applied in the
optimal feature map as gait representation before SVM
training and prediction processes. CGEI generated with the

kernel size of

108 89.17% 89.05% 88.05%  88.25%  89.57%
126 85.40% 85.60% 8543%  85.75%  87.33%
144 83.48% 83.62% 84.02%  84.40%  85.80%
162 82.07% 81.47% 82.33%  82.93%  85.63%
180 80.37% 80.55% 82.16%  82.96%  85.29%
Average 85.16% 84.78% 85.19% 85.62%  87.50%

The comparison CCR of various methods which were
recently published has been shown in Tables VI and VII.

TABLE VI
AVERAGE CCR COMPARISON FOR RECENTLY RESEARCH ON
CASIA
DATASET B USING ALL VIEW ANGLES
Method NM BG CL Overall
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[21] 9739 75.08 86.28  86.25

[22] 98.00 90.0 64.00 84.0

[23] 99.00 79.00 60.00 79.33

[24] 94.10 8420 87.60 88.60

Our proposed method 9896 8335 80.19 87.50
TABLE VII

CCR COMPARISON FOR RECENTLY RESEARCH ON CASIA DATASET B
USING 901 VIEW

Method NM BG CL Overall
[21] 98.39  75.89  91.96 88.75
[25] 93.55 87.63 89.24 90.14
[26] 98.80  70.10  89.29 86.06
[27] 98.40  86.70  94.80 93.30
Our proposed Method 98.62  88.53  84.83 90.66

IV. CONCLUSION

In this paper, novel gait representations have been
proposed and developed in gait recognition tests on the
CASIA dataset B. Based on the original GEI, a set of gait
representations were generated by applying convolutional
operation to the GEI and its variants, which were obtained
by appending the lower knee regions to the original GEI.
The results from testing experiments of cross appearance
gait recognition have shown that the newly developed gait
representations can better represent individual gait
characteristic, and the recognition rate has dramatically
been improved from 75.65% (GEI) to 87.50% (CGEI
generated by appending five lower knee regions to the GEI
and 32 convolutional kernels with 3*3 in size applied to the
appended GEI). Interestingly, it has been approved on the
CASIA dataset B that adding information of lower knee in
GEI is a positive approach, and convolutional GEIs are a
superior gait representation to GEI in cross appearance gait
recognition.

REFERENCES

[1] J. Han and B. Bhanu, "Individual recognition using gait energy
image," Pattern Analysis and Machine Intelligence, IEEE
Transactions on, vol.

28, pp. 316-322, 2006.

[2] Z. Liu and S. Sarkar, "Simplest representation yet for gait
recognition: averaged silhouette," in Pattern Recognition, 2004.
ICPR 2004. Proceedings of the 17th International Conference on,
2004, pp. 211-214
Vol.4.

[3] K. Bashir, X. Tao, and G. Shaogang, "Gait recognition using Gait
Entropy Image," in Crime Detection and Prevention (ICDP
2009), 3rd International Conference on, 2009, pp. 1-6.

[4] P.Aroraand S. Srivastava, "Gait recognition using gait Gaussian
image," in Signal Processing and Integrated Networks (SPIN),
2015 2nd International Conference on, 2015, pp. 791-794.

[5] Y. Yang, D. Tu, and G. Li, "Gait Recognition Using Flow
Histogram Energy Image," in Pattern Recognition (ICPR), 2014
22nd International Conference on, 2014, pp. 444-449.

[6] P. Arora, S. Srivastava, K. Arora, and S. Bareja, "Improved Gait
Recognition Using Gradient Histogram Gaussian Image,"
Procedia Computer Science, vol. 58, pp. 408-413, // 2015.

[71 P. Arora, M. Hanmandlu, and S. Srivastava, "Gait based
authentication using gait information image features," Pattern
Recognition Letters, vol.

68, Part 2, pp. 336-342, 12/15/ 2015.

[8] S.Zheng,J.G.Zhang, K. Q. Huang, R. He, and T. N. Tan, "Robust
View Transformation Model for Gait Recognition," 2011 18th
IEEE International Conference on Image Processing (Icip),
2011. [9] G. Chetty, P. Yarlagadda, V. Madasu, and A. Mishra,
"Multiview gait biometrics for human identity recognition," in
Computing for Sustainable Global Development (INDIACom),
2014 International Conference on, 2014, pp. 358-363.

[10] H. Xue and Z. Hao, "Gait recognition based on gait energy image
and linear discriminant analysis," in Signal Processing,
Communications and Computing (ICSPCC), 2015 IEEE
International Conference on, 2015, pp. 1-4.

[11] L. Zhihui, X. Yong, J. Zhong, and D. Zhang, "Human Gait
Recognition via Sparse Discriminant Projection Learning,"
Circuits and Systems for Video Technology, IEEE Transactions
on, vol. 24, pp. 1651-1662, 2014. [12] M. Alotaibi and A.
Mahmood, "Improved Gait recognition based on specialized deep
convolutional neural networks," in 2015 IEEE Applied Imagery
Pattern Recognition Workshop (AIPR), 2015, pp. 1-7.

[13] K. Shiraga, Y. Makihara, D. Muramatsu, T. Echigo, and Y. Yagi,
"GEINet: View-invariant gait recognition using a convolutional
neural network," in 2016 International Conference on
Biometrics (ICB), 2016, pp. 1-8.

[14] T. Wolf, M. Babaee, and G. Rigoll, "Multi-view gait recognition
using 3D convolutional neural networks,” in 2016 IEEE
International Conference on Image Processing (ICIP), 2016, pp.
4165-4169. [15] C. Luo, W. Xu, and C. Zhu, "Robust gait
recognition based on partitioning and canonical correlation
analysis," in Imaging Systems and Techniques (IST), 2015 IEEE
International Conference on, 2015, pp. 1-

5.

[16] J. B. Flora, D. F. Lochtefeld, D. A. Bruening, and K. M.
Iftekharuddin, "Improved Gender Classification Using
Nonpathological Gait Kinematics in Full-Motion Video,"
Human-Machine Systems, IEEE Transactions on, vol. 45, pp.
304-314, 2015.

[17] D. Das, "Human gait classification using combined HMM &amp;
SVM hybrid classifier,” in Electronic Design, Computer
Networks & Automated Verification (EDCAV), 2015
International Conference on,

2015, pp. 169-174.

[18] Z. Wu, Y. Huang, L. Wang, X. Wang, and T. Tan, "A
Comprehensive Study on Cross-View Gait Based Human
Identification with Deep CNNs," IEEE Transactions on Pattern
Analysis and Machine
Intelligence, vol. 39, pp. 209-226, 2017.

[19] S.Yu,D.Tan,and T. Tan, "A Framework for Evaluating the Effect
of View Angle, Clothing and Carrying Condition on Gait
Recognition," in Pattern Recognition, 2006. ICPR 2006. 18th
International Conference on, 2006, pp. 441-444.

[20] D. Matovski, "Extending quality and covariate analyses for gait
biometrics," Doctoral, Faculty of Physical & Applied Science,
University of Southampton, 2013.

[21] I. Rida, X. Jiang, and G. L. Marcialis, "Human Body Part
Selection by Group Lasso of Motion for Model-Free Gait
Recognition," IEEE Signal Processing Letters, vol. 23, pp. 154-
158, 2016.

Journal of Computer Engineering | https://doi.org/10.5281/zenodo.19347870

Page 51



JCE

Advances in Gait Dynamics: Developing Novel...

[22]

[23]

[24]

[25]

[26]

Z. Luo, T. Yang, and Y. Liu, "Gait optical flow image
decomposition for human recognition,” in 2016 IEEE
Information  Technology, Networking, Electronic and
Automation Control Conference, 2016, pp. 581-586.

Y. D. Guan, R. F. Zhu, J. Y. Feng, K. Du, and X. R. Zhang,
"Research on Algorithm of Human Gait Recognition Based on
Sparse Representation," in 2016 Sixth International Conference
on Instrumentation & Measurement, Computer,
Communication and Control (IMCCC), 2016, pp. 405-410.

J. Lamar-Leon, R. Alonso-Baryolo, E. Garcia-Reyes, and R.
GonzalezDiaz, "Persistent homology-based gait recognition
robust to upper body variations," in 2016 23rd International
Conference on Pattern Recognition (ICPR), 2016, pp. 1083-
1088.

A. O. Lishani, L. Boubchir, E. Khalifa, and A. Bouridane, "Gabor
filter bank-based GEI features for human Gait recognition," in
2016 39th International Conference on Telecommunications
and Signal Processing (TSP), 2016, pp. 648-651.

I. Rida, L. Boubchir, N. Al-Maadeed, S. Al-Maadeed, and A.
Bouridane, "Robust model-free gait recognition by statistical
dependency feature selection and Globality-Locality Preserving
Projections,” in 2016 39th International Conference on
Telecommunications and Signal Processing (TSP), 2016, pp.
652-655

Journal of Computer Engineering | https://doi.org/10.5281/zenodo.19347870 Page 52



