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Abstract: In this paper, a deep learning based approach for frontal gait recognition was investigated and presented. In today’s world, gait recognition is an
interesting way for person identification. Person identification is required in various fields of human life and many different methods are used. Some of them
are fingerprint, methods based on different elements of the human eye such as the retina or iris, face recognition, speech or voice recognition, gait recognition,
etc. Itis important to note that some of them, such as gait or face recognition, are suitable for identification at a greater distance and without interaction with
adevice to capture the different features on which they are based. Gait recognition is a method that uses the manner of human qait for identification. In recent
years, many approaches to gait recognition have been developed and presented. In this work, a deep learning approach was developed based on a deep
learning model and a gait recognition method called Gait Energy Image (GEI). The experiment was performed using the well—known Casia Dataset B and the
results were presented.
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1. INTRODUCTION
Person identification is important and widely used in various fields of human life. It is required in various
security systems used by different public organizations and private companies. When crossing a border or
accessing a certain area of a company person identification is also required. Nowadays, many cities in the
world are equipped with cameras and people can be tracked and identified in case of law violations and
crimes.

Various methods are in use for person identification. The mentioned methods are usually based on some
human body characteristics and features derived from them. Accordingly, there are methods such as
fingerprint, methods based on eye elements (primarily iris or retina), voice and speech recognition,
keystroke dynamics, face recognition, gait recognition, etc. As can be concluded from the listed methods,
some of them are more reliable than others. For example, methods based on the iris of the human eye are
more reliable than methods based on keystroke dynamics. On the other hand, there are also methods that
work at a greater distance and without interaction with the person to be identified. For example, in case
of fingerprint methods, the person must place finger on a device for the features to be obtained. In the
case of face or gait recognition, the features can be detected and extracted from a greater distance and
without interaction with the person. This can be achieved by using a long-range RGB (Red, Creen, Blue)
camera or an RGB-D (Red, Green, Blue — Depth) device.

In the age of ubiquitous artificial intelligence and today’s rapid development in this area, further methods
for person identification are likely to be based largely on machine and deep learning. Many developed
methods are also based on machine and deep learning. A process of person identification based on the
use of artificial intelligence could be improved in terms such as speed of identification and reliability of
identification.

In this paper, a deep learning approach to frontal gait recognition was analyzed and presented. Frontal gait
recognition is needed in many areas of human life, especially in various security systems. In this type of
identification, a person usually faces a camera or sensor. It is important to note that in the case where a
person is facing the camera or sensor, other human body parts (and extracted features) such as the face
can also be used. In this case, a kind of fusion between gait and face features can be realized and used. A
well-known Gait Energy Image (GEI) [3] method and deep learning model were used to realize the
mentioned approach. An experiment was conducted on a known dataset where 99 subjects were used
and the results were presented.

2. A GAIT RECOGNITION APPROACH

Gait recognition is a method for person identification that exploits a person’s gait patterns for the purpose
of identification. In recent years, many methods have been developed and presented [1-5,8,9,11-16]. In
general, there are two approaches to gait recognition. The mentioned approaches are model-based and
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appearance-based. The appearance-based approach is usually based on the silhouettes of the person,
while the model-based approach is based on a defined model. In a defined model, various elements of the
human body, such as the length of the arms or legs, can be used for identification.

The main advantage of gait recognition is that this type of identification can be performed without
interaction with the person being identified. Also, an identification process based on gait recognition can
be performed over a greater distance and without knowledge of a person to be identified that
identification process is underway. This makes gait recognition an interesting method for identifying
people, especially in large spaces. An RGB camera or some kind of RGB-D device is usually sufficient for
data acquisition which depends on the approach used. In the case of an appearance-based approach, for
example, images in RGB format, but also depth images, can be used for silhouette extraction.

In the past, there were many problems because
the RGB cameras, but especially the RGB-D 1 3
devices, were not as widely available as they are
today. Also, the price of the mentioned devices
was much higher and the resolution was not up
to today’s level. Nowadays, such devices are
widely used and offer state-of-the-art
components and often supporting software and
tools, not infrequently based on artificial
intelligence. This often facilitates image
processing work, which is crucial in this field.

An approach to gait recognition based on deep
learning could be realized as depicted in Figure 1.
As shownin Figure 1, the approachis divided into
three parts and is based on a well-known gait
recognition method called GEI. GEl is essentially
an image containing the silhouettes of a person
during a gait cycle. Figure 1. An Approach to Gait Recognition Based On Deep Learning

Figure 2. The Examples of GEIl Images from Casia Dataset B [10] [18] [19]
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The mentioned silhouettes are normalized, aligned, and temporally averaged [3]. Examples of GEl images
from the Casia Dataset B [10,18,19] are shown in Figure 2. Other gait recognition method may be used
instead of GEl, such as the Backfilled Gait Energy Image (BGEI) [16]. The approach shown in Figure 1 can be
modified to be based on gait recognition methods other than the aforementioned GEI or BGEI. In this
study, the same approach as in Figure 1 was used, based on the GEl method.

So, the first part of the mentioned approach is the part where GEl images should be created. This means
that silhouettes for all persons must be obtained first in order to create the GEl images for all persons. The
person silhouettes can be obtained from RGB or depth images. In Figure 1, Image Acquisition refers to
obtaining RGB or depth images with an RGB camera or some kind of RGB-D device.

The second part of the presented approach is the part where a deep learning model is to be built, trained
and validated (in this case with the GEl images) and then used for the purpose of person identification. In
this research, the TensorFlow platform [17] and Keras [6] were used to build the model, but other
platforms can also be used.

The third part is an identification part. After the modelis created, trained and validated with the GEl images
and then stored, it can be used for identification. This means that RGB or depth images of a particular
person should be obtained in real time, from a video or by other means. After that, the silhouettes should
be extracted and a GEl image should be created for that particular person. Then the mentioned GEl image
for the particular person will be passed to the model, and the model will classify the GEIl image.

3. EXPERIMENTAL SETUP

An experiment was performed using the specified approach (Figure 1). In the experiment, frontal gait
recognition for person identification was investigated. A known Casia Dataset B [10,18,19] was used for the
experimental evaluation. Casia Dataset B is a gait database of 124 subjects, taken from 11 viewpoints (e.g.
0,18, 90,180...), containing images (for example, for this type of research, silhouette images or GEl images
are available) where subjects are in normal gait or have clothing and carrying condition changes [10]. For
the experiment, 99 subjects with viewing angles of 0 and 18 degrees were used. Some examples of the
GElimages used in the experiment are shown in Figure 3.

a)  Carrying Condition Changes (lothing Changes ¢ Normal
a)  (Carrying Condition Changes (lothing Changes ¢ Normal

Figure 3. Some Examples of GEl Images Used in the Experiment (First Row — Viewing Angle of 0 Degrees,
Second Row — Viewing Angle of 18 Degrees) [10] [18] [19]
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Images taken with a viewing angle of 0 degrees were used because the subject is facing the camera, which
is appropriate for frontal gait recognition. Images taken with a viewing angle of 18 degrees were used for
performance verification because the subject is slightly swiveled with respect to the camera.
The experiment was performed with four sets of GEl images. The first set of GEl images contains only the
images taken with a viewing angle of o degrees. This means that for each of the 99 subjects there were 10
GElimages (6 GEl images with normal gait, 2 GEl images with carrying condition changes and 2 GEl images
with clothing changes). Thus, there were 990 GEI images in total. The second set of GEl images contains
the images taken at 0 and 18 degrees. In this case, there were 1980 GEl images, 20 GEl images for each of
the 99 subjects (12 GEl images with normal gait, 4 GEl images with carrying condition changes and 4 GEl
images with clothing changes).
The third set of GEl images contains only the images taken with a o degrees viewing angle, but only the GEI
images with the subjecti.e. person in normal gait (excluding the images with variations in carrying condition
changes and clothing changes). There were 6 GEl images for each of the 99 subjects. Thus, there were 594
GEl images. The fourth set of GEl images contains the GEl images taken with a viewing angle of 0 and 18
degrees with the subject in normal gait (also excluding the images with variations in carrying condition
changes and clothing changes). In this case, there were 12 GEl images for each of the 99 subjects. A total
of 1188 GEl images.
The TensorFlow platform [17] and Keras [6] were used to create the model. To achieve this, the Keras
Sequential model was used. The model used consisted of preprocessing layer, convolution layers, pooling
layers, reshaping layer and core layers. The sets of GEl images used were divided in the ratio of 80 percent
for training and 20 percent for validation. In the case of the first set, out of 990 images, 792 were used for
training and 198 for validation. In the second set of GEl images (1980 GEl images), 1584 images were used
for training and 396 images were used for validation. In the third set of 594 GEl images, 476 images were
used for training and 118 for validation. The fourth set, with 1988 CEl images available, used 951images for
training and 237 for validation. Other settings were 30 epochs and the Adaptive Moment Estimation
Optimizer (Adam) [7] was used.
4. RESULTS AND DISCUSSION
With the experiment defined and the settings described above, the following results were obtained. In the
case of using the first set of GEl images (990 GEl images), the validation accuracy was 92.93%. In the case
of the second set of GEl images, containing 1980 CGEl images, the validation accuracy was 97.73%. In the
case of the third set of GEI images containing 594 GEl images, the validation accuracy was 96.61%. The
validation accuracy for the fourth set of GEl images (1188 GEl images) was 97.47%. The above results can
be seen in Table 1 and Figure 4. Figures 5-8 show the training and validation accuracy for the GEI image
sets used.

Table 1. The Obtained Results for Defined Experiment

Used Set of GEl Images Validation Accuracy
The First Set (Viewing angle of 0 degrees, 990 GEl Images) 92.93%
The Second Set (Viewing angle of 0 and 18 degrees, 1980 GEl Images) 97.73%
The Third Set (Viewing angle of 0 degrees, 594 GEI Images, Normal Gait) 96.61%
The Fourth Set (Viewing angle of 0 and 18 degrees, 1188 GEl Images, Normal Gait) 97.47%
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Figure 4. The Obtained Results for Defined Experiment (Validation Accuracy)
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Figure 5. Training and Validation Accuracy on the First Set
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Figure 6. Training and Validation Accuracy on the Second Set
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Figure 7. Training and Validation Accuracy on the Third Set

Figure 8. Training and Validation Accuracy on the Fourth Set

As shown in Table 1 and Figures 4-8, the highest validation accuracy of 97,73% was achieved when the
second set of GEI images was used. The said set of GEIl images contained the most images (1980 GEl
images) of the subjects with viewing angles of 0 and 18 degrees. The second highest validation accuracy
of 97,47% was also obtained when using images with the same viewing angles (fourth set). The mentioned
set was the second largest in terms of the number of GEl images (1188 GElimages). In the cases where the
sets contained only GEl images with a viewing angle of o degrees, the validation accuracy was lower but
exceeded 90% in both cases.

5. CONCLUSION

In this paper, an approach to frontal gait recognition based on deep learning was analyzed and described.
Gait recognition is a promising method that uses a person’s gait patterns for identification. The main
advantage of gait recognition is the ability to work over a larger distance and without interaction with the
person to be identified. Nowadays, two approaches are used for gait recognition: model-based and
appearance-based. The appearance-based approach is usually based on the silhouette of the person,
while the model-based approach is based on a defined model where different human features, such as the
length of the arms or legs, can be used.

The research in this paper is based on the use of deep learning in gait recognition. To achieve this, a deep
learning model was built using the TensorFlow platform and Keras, i.e. Keras Sequential Model. A well-
known gait recognition method called Gait Energy Image (GEI) was used as the baseline method for gait
recognition. An experiment was conducted using a well-known gait database called Casia Dataset B. The
GEl images from the mentioned database were used, which are suitable for frontal gait recognition. The
results obtained were promising, as the validation accuracy was above go% in all cases.
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