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Abstract

Gait recognition uses video of human gait processed by computer vision methods to
identify people based on walking style. The complexity introduced by covariates makes
the previous methods less efficient and inaccurate. This study proposes an approach
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Anubha Parashar, Computer Science and objects, or other covariates. It aims to estimate human locomotion using Convolutional

Neural Networks. Gathering video data, extracting video frames in a particular order,
posture estimation for each frame, using multilayer RNN for gait recognition from the
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pose, and obtaining one-dimensional object vectors, are all critical steps. Furthermore,
these one-dimensional identification vectors are stored in a data set along with the name
of the person walking in the video. The proposed data set is used to train a classification
model to predict the person in a new video by first processing it to get its identification
vector and then to use it as a test case in the classification model. A graphical user
interface was also developed so that anyone with no programming or technical experience
can easily use the tool. The developed application does everything for gait detection from
mp4 videos by obtaining the identification vectors and saving them into the data set.
Using this application, one can quickly identify the person walking in a video. The results
obtained offered an accuracy from 60.88% to 95.23%.
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1 | INTRODUCTION

Human gait refers to locomotion achieved through the
movement of human limbs [2]. Human gait analysis, refers to

Surveillance systems (CCTV) combined with biometric sys-
tems is the most popular approach in vogue to ensure security
and privacy of people. Surveillance Systems are installed almost
everywhere because they help in overseeing cash registers and
employees in secure premises and the people in protected
environments, by screening their movement in high-risk area,
keeping an eye on unwanted visitors strolling around. Bio-
metrics have their some inherent advantages as compared to
manual watch. It can be utilised for identification of criminals,
present a superior level of security than usual means of
authentication [38]. These systems can be integrated in sut-
veillance systems by embedding biometric feature recognition
of gait. Gait can be defined as a person's manner of walking [1].

the systematic study of human locomotion and get beneficiary
data or study out of it. In this research, gait recognition has
been implemented so that a set of values can be obtained from
a gait study over the video of a person walking in the frame.
Thus, we create an application that can be used with existing
surveillance systems, which uses gait recognition to make it
smarter and more reliable. In comparison with other biomettic
features like face, voice or fingerprint, it has been found that
gait can be reliably perceived at a greater distance with simple
instrumentation, and it does not require the cooperation or
awareness of the individual.

There a large amount of data that is being generated every
day and stored. There has been a huge growth of both
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structured and unstructured data. The amount of data produced
every day in 2022 is massive in comparison to the data produced
a decade ago, and this has resulted in an increase and use of
machine learning and neural networks. But, most of this data
produced is Unstructured Data. That means, most of the data
produced today is in the form of e-mails, documents, videos,
photos, audio files, presentations, webpages and many other
kinds of unstructured data. Unstructured data can be seen or
defined as the data that is not actively managed or stored in a
structured format like, RDBMS, excel etc. In this case, we will be
working with video data. The number of CCTV cameras used by
police in India has significantly increased in last 4 years [3].
There are few disadvantages of unstructured video data is:

(1) It is not easy to store, manage, or preserve unstructured
data, because of the absence of structure and schema.

(2) It is very difficult to index or tag the data.

(3) Operations-like update, delete, and search is very difficult,
due to unclear structure of a large video data set.

(4) Compared to structured data, storage cost is high. For
example, most of the CCTV data are stored for a particular
amount of time (e.g. A month) and then deleted due to
lack of storage.

Processing this unstructured kind of data to get valuable
information out of it is not an easy task. We implement a deep
neural network to identify characteristics of a person's manner
of walking known as a person's gait. And to do that, we
implement pose estimation before actual gait estimation. Hu-
man pose estimation is a computer vision problem, that deals
with the prediction of the body part and joint positions of a
human [4]. Through pose estimation on a video, we are able to
track every movement of a human and do various bio-
mechanical analysis and study over a period of time. Gait
recognition techniques are being studied and various theoret-
ical methodologies have been proposed. The only constraints
that bind the practical application to this study are covariates,
processing capacity, and robustness of the algorithm [5, 6]. The
accuracy of gait recognition is hampered by the presence of
covariates, which play a very crucial role in the process. The
viewpoint, the clothing, the footwear, the kind of surface,
the carried weight, the walk pace, the amount of time, and the
emotional state are all covariates [1].

1.1 | Motivation

Video surveillance has become a vital aspect of security systems
in numerous enterprises. Inside commercial buildings, college
campuses, hostels, and residential ventures, CCTV cameras can
be found practically everywhere, and all of these surveillance
systems have control rooms that keep the records/CCTV
footage. However, these footages are unstructured data that
must be inspected manually in the event of an emergency with
no technological assistance. The goal is to develop a tool that
can be used to employ gait analysis to make this procedure
smarter [7]. We can save gait analysis data and use it to forecast

the same individual in other videos later. A basic graphical user
interface (GUI) should be supplied to make the application easy
to use and accomplish numerous important tasks with the click
of a button. The current system has a number of drawbacks:

(1) The data obtained from surveillance Systems are un-
structured and raw, and cannot be used in any kind of
neural network or ML model [8].

(2) The surveillance footage must be manually to identify
people which can turn into a lengthy process.

(3) Surveillance systems have been the same since a very long
time, with no software advances.

(4) Covariate situation is not handled properly [9-11].

1.2 | Contribution

The main contributions of the paper are:

1. Pose-based GEIs can better represent body parts and dy-
namics descriptors with respect to the usually blurred
depiction provided by a general GEI (Gait Energy Image).

2. Pose based features for better handling the covariates. This
makes the processing very robust against various covariate
factors such as clothing, carrying conditions, shoe types and
so on.

3. The necessary gait data (set of values) can be stored and
preserved, even when the video data is deleted.

4. Creation of new gait data set for further train and test for
making robust gait recognition system.

1.3 | Otrganisation

In section 1, we summarises the theoretical concepts used and
implemented in the paper. Section 2 discuss the work that is
related. In Section 3, we presents the methodology that was
done and the concepts and architecture that was chosen.
Section 4 tells the implementation that was adopted in detail
with enough pictorial assistance to understand the whole
architecture better. It explains what modules were created to
implement the whole architecture and dives into the various
functions and classes created. It also discusses the result of the
software mainly the accuracy of the classification that will tell
us how accurately the gait recognitions are done. Section 6
conveys the conclusion and the possible future scope of the
project.

2 | LITERATURE REVIEW

Variation in viewing angles, clothing, and carrying conditions
degrade the gait recognition rate. Model-based approaches atre
quite efficient in handling such variations. Weizhi et al. [4]
proposed a three-dimensional convolution neural network and
LSTM network to capture spatial and temporal features from
two-dimensional images. Their model is good at capturing
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spatial and temporal features. The three-dimensional pose-
based method can extract features more precisely in view
variation than two-dimensional pose-based methods. But, their
model has very low accuracy. Initial techniques to recognise
gait were mostly based on appearance. In appearance-based
techniques, parameters were taken from silhouettes. It is easy
to compute the silhouettes and gives good recognition accu-
racy but gets highly affected due to covariates. In contrast to
appearance-based, model-based approaches are not much
affected due to covariates but require a high computational
cost and do not give good recognition accuracy with low-
resolution images. Liao et al. [12] proposed a model based
on pose features that use CNN for gait recognition of
3-dimensional human pose. Since their model uses 3-
dimensional pose estimates, it is invariant to changes in the
view angles and various factors. Also, using a three-
dimensional pose for spatial, temporal features improves the
accuracy of the model. Their proposed model provides an
effective representation of gait features and robustness towards
covariate condition variations. But their model has very low
accuracy and a high computational cost as it converts two-
dimensional joint points to three-dimensional ones. There is
a big fluctuation in the accuracy when the angle difference
between train and test set becomes 90°.

Early techniques do not consider the entire height of the
subject, due to which there is a decrease in recognition accu-
racy. Sokolova et al. [13] considered the entire height, along
with the joint angle points. They proposed a novel pose-based
CNN approach that considers the entire height of a silhouette
and joint angles. Their method is not much affected due to
covariates, especially viewing angles. Their consideration of the
entire height and the joint angle points improves the recog-
nition accuracy instead of considering the entire silhouettes.
Their model has a lower recognition rate because their tech-
nique only uses motion whilst eliminating all the colour in-
formation. Tavares et al. [14] proposed the PifPaf technique
that extracts features from noisy environments with noises.
They are using images from high-resolution cameras and thus,
are getting the best pose features. Their model has given poor
results and has low accuracy. Also, they did not consider
covariate situations. Their proposed model is costly as it re-
quires high-resolution cameras, and high-resolution cameras
are not installed at all places.

Luo et al. [15] targeted difficulties in real three-dimensional
structured data and proposed a hierarchical temporal memory
network using convolution neural network and recurrent
neural network. Their proposed method uses an estimation
technique to detect body shape, images of body-parsing, and
virtual garments. Due to the use of all these techniques, their
model performs well in object and clothing variations. Their
method captures both spatial and temporal features which is
more time-consuming, This algorithm performs well only on
large-sized data sets. Hossen et al. [16] proposed a RNN-based
method. Recurrent neural networks with gated recurrent units
architecture are very powerful in capturing the temporal dy-
namics pose sequence of the human body and performing
recognition. The authors also designed a low-dimensional gait

feature descriptor based on the 2D coordinates of human pose
information proven to be invariant to various covariate factors
and effective in representing the dynamics of various gait
patterns. Their results are robust as they found effective gait
features for the view variant environment. Nevertheless, they
did not consider the cross-view conditions.

Current methods based on skeleton have achieved less ac-
curacy as they tackle normal and noise data while recognising
gait. In ref. [17], the authors proposed a method based on
skeleton using the Siamese network along with autoencoder
networks. Their model is effective for covariates like variations
in clothes, time, and carrying objects. Their method can also
reconstruct common trajectories and perform accurate gait
recognition with images with side view angles. They are not
dealing with the cross-view condition. Li et al. [18] proposed a
model based on a joint relationship mapping pyramid to capture
spatial and temporal features. The computational cost of their
approach is very high. Kooksung et al. [19] proposed a new
approach for automatically extracting the features with the help
of an autoencoder based on RNN. Their proposed method is
better at recurrent neural network features than principal
component analysis and singular value decomposition. Their
recurrent neural network performance is very low because they
did not consider sequential data while decreasing dimensionality.

3 | METHODOLOGY

The application uses three major concepts of Object detection
[20], Pose Estimation [21], and Gait recognition [22].

3.1 | Object detection

Object detection is a computer vision and image processing
task that involves recognising, identifying, and finding occur-
rences of meaningful things (in our case, people) in images and
videos. R-CNN [23] and variations like Fast R-CNN [24] and
Faster R-CNN [25] are the most common object detection
algorithms, followed by Single Shot Detectors (SSDs) [26] and
YOLO [27]. R-CNNs are one of the few object detectors
based on deep learning and neural networks. While R-CNN
and its derivatives are very accurate, they are also quite slug-
gish. Both Single Shot Detectors (SSDs) and YOLO employ a
one-stage detector technique to help boost the speed of deep
learning-based object detectors. This implies that only one trip
through the neural network is required to forecast all of the
bounding boxes (objects) in one go. Rather than employing
CNN, these algorithms tackle the issue as a regression prob-
lem. We all are working with YOLOv3 (version 3) [28],
specifically YOLO trained on the COCO data set [29].

3.2 | Pose estimation

The challenge of distinguishing human positions is a chal-
lenging one for computer vision. The algorithm must cope
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with a vast number of conceivable human positions, as well as
different changes in human appearance (such as clothes) and
the presence of a large number of individuals in close vicinity.
CNN (Convolutional Neural Network) [30] have recently been
proved to be extraordinarily resilient in their ability to do these
tasks end-to-end. Human posture estimate is performed by the
architecture, as detailed here. The following body joints and
components are important in pose estimation and must be
detected:

Right ankle
Right knee
Right hip
Left hip
Left knee
Left ankle
Pelvis
Thorax
Upper neck
Head top

. Right wrist
Right elbow
Right shoulder

e A i o

—_ e
» = oo

FIGURE 1 Pose estimation.

14. Left shoulder
15. Left elbow
16. Left wrist

Figure 1 depicts how gait information is saved and can be
seen how covariates like bags and coats effects the pose fea-
tures. In Figure 6, the algorithm proposes to extract pose
features first and then use it for gait analysis, and focuses just
on the pose of the person and changes in the pose of the
person.

As shown in Figure 2, the CNN flow comprises two linked
deep neural networks. The network in the illustration is a
detection network that uses a per-pixel sigmoid loss to
recognise distinct body parts. Because we want to detect the 16
body joints and components specified above, the result is a
collection of 16 feature points. This technique of detecting
body parts is quite reliable, and the locations of these body
parts are subsequently plotted using lines.

A CNN with two components is the suggested architec-
ture. The first component is a deep network for human body
detection. Using a pixel-wise sigmoid cross-entropy loss
function, we train detectors together. The second component
is a deep LSTM network that determines where all pieces are
located (both visible and occluded). The suggested model di-
rects the network's attention and encodes structural part
connections.

3.3 | Gait recognition

We plan to implement gait recognition using pose estimation.
The spatial features can be defined as features that provide
locations of various natural or artificial boundaries or shapes to

Pose
Features
\ \ \
- \ Convolution right ankle
A \ \ . A
é ) Neural JFeature Extraction right knee
— / Network right hip
. / / / 2
0° 18° 36° 54° T2° 90° 108° 126° 144° 162° 180° left hlp
left knee
left ankle
pelvis
- thorax
L B g upper neck
1 |Name I} 1 2 ﬁgad to
2 [Aditil  -3.67E-05 -0.00016 Y
g 3 |Aditi2  -3.76E-05 -0.00017 I‘lght wrist
-2 4 |Adityal  -5.026-05 -0.00014 .
s 5 |Aditya2  -4.34E-05 -0.00015 .rlght elbow
o=t 6 |Aksshl  -3.00E-05 -0.00014 d right shoulder
2 7 |Akash2  -3.88E-05 -0.00013 left shoulder
= 8 |Akshayl -8.51E-05 -0.00017
@) - 9 |Akshay2 -6.73E-05 -0.00015 left elbow
| s | 10 [Anchall  -8.46E-06 -0.00014 left wrist
11 |Anchal2  -2.12E-05 -0.00015 =

Classification and Vector
Predicting through App Identification

Extracting

. Pose Estimation
estimated pose

FIGURE 2 Human pose estimation via convolution neural network.
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help visualise spatial data. Spatial refers to space. The spatial
features obtained from pose estimation are to be used to get
gait features of a person. As we have divided the video into
multiple frames and then implemented pose estimation on
each frame (image), we have to compare adjacent (previous in
our case) spatial descriptors to extract temporal features from a
set of pose descriptors for each frame. Temporal refers to time.
And as we extract temporal features from a set of spatial
features, the spatiotemporal are obtained, which is basically
analysis data collected across both time and space. This is done
using LSTM [31].

4 | IMPLEMENTATION AND RESULTS

This section will provide the detailed step-by-step methodol-
ogy that was used to create the application.

41 | Obtaining video data

Data is the most important aspect of any study related to
analysis. As we are working with the way a person walks, it is
necessary to get enough sample videos of different people
walking so that all the processes can be executed with actual
practical application, so that we could a see the results of every
step or phase. Videos of a few people walking across the frame

FIGURE 3 Dividing video into frames.

must be obtained to work upon. The person should be fully
visible in the video.

4.2 | Extracting frames in required format

After getting the data, it is necessary to get it into a format that
can be used in further algorithms. And the first step is, to get
multiple frames out of the video. Though, it is possible to just
divide the video into standard frames (figure 3) like screen-
shotting the video after each small-time interval, but the video
can have other objects in the video, which will pose as a dif-
ficulty and would be difficult to ignore or discard in further
processes. So, it is very necessary to crop the image so that the
frames contain only the person walking. And to do that, it is
most preferable to place the person at the centre of the
cropped frame.

Initially, frames are extracted using cv2 functions and for
each iteration for getting a frame, additional code is added to
use YOLOV3 object detection algorithm (figure 4), which de-
tects the person in the video. The frame is then be cropped and
square-fitted accordingly, so that we finally obtain a square
framed image which has the person at its centre at that
instance. The code should convert the frames into required
pixel dimensions before saving it to a location which can be
accessed later on. We used YOLOvV3 (version 3), in particular
YOLO trained on COCO data set.

¢ vo &3
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4.3 | Pose estimation

After getting the appropriate frames out of the video, the video
frames can then be passed on to the module that performs the
pose estimation (figure 5). To do this, frames of a video is read
from the file system and then stacked into a 4d array. This array
is then passed to the pose estimation module that will perform
pose estimation maintaining the order of the frames. Algo-
rithm for pose estimation is coded so that the pose in each
frame can be obtained. The CNN trained to detect the

individual body parts using a per-pixel sigmoid loss. Its output
is a set of feature points.

The generated detection for both visible (neck, head, left
knee) and occluded (ankle, wrist, right knee) components is
shown in the first row of Figure 6. (drawn with a line). It is
worth noting that the occluded sections' confidence is sub-
stantially lower than the non-occluded parts' but still greater
than the backdrop, giving important information regarding
their approximate placement. The result of the background
removed images is shown in the second row. Notice how the

FIGURE 4 Using human detection to crop and square-fit the frame as required.

FIGURE 5 Pose estimation on each frame.
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FIGURE 6 Extracting the estimated pose.

confidence for viewable portions is greater and more localised,
indicating that the network is capable of providing high con-
fidence for the right position of occluded components. The
descriptors that incorporate stance characteristics are used to
extract spatial data from video frames.

4.4 | Gait recognition

From the pose estimation, we get a structural view of how the
person walks and gives us numerical structural positions and
spatial features of the person after each small interval in the
walking. The second sub-network module that implements gait
is in charge of using a convolutional network to further convert
the obtained spatial information into one-dimensional posture
descriptors. Each layer in classic neural networks feeds into the
next. Each layer feeds into the next tier and straight into the
levels 2-3 hops away in a network with leftover blocks. We
now transmit these posture descriptors to several multilayer
recurrent cells after preparing our data for the primary pro-
cedure that will execute gait analysis. This is required to
compare the several instances we collected as frames and get
the temporal characteristics, which are essentially analysis data
on the change in attitude of the individual as he moves over
time. We use the LSTM to get the temporal (spaciotemporal)
features (Figure 7). All temporal features are finally aggregated
with Average temporal pooling into one-dimensional identifi-
cation vector with good discriminatory properties. This one-
dimensional identification vector contains all the necessary
differential features as values that can be saved into a data set
and/or used for identifying or predicting the person. We use a
pretrained model ‘H3.6m-GRU-1.ckpt’, trained on the data set
‘AVA Multi-View Data set for Gait Recognition (AVAMVG)’.

S0 S0
100 100
150 150
200 200
30 20
0 S0 100 150 200 250 [ S0 100 150 200 250
4.5 | Creating data set

After having a complete implementation of gait analysis, where
the gait identification vector (Figure 8) can be obtained from
the video of a person walking, this identification vector is just
the product of processing the video data (which is an
unstructured data form). This identification vector values
(structured data form) can be saved into a database or used for
prediction. So, after extracting gait features and obtaining the
identification vector, it should be stored in a database (excel or
CSV) with the name of the person who is walking in the video.
And as we save multiple gait identification vector values into
the data set, we will have a database that can be used to train a
classification model.

4.6 | Predicting person in a new video using
SVM classifier

Using the database created in the previous step, we can train a
classification model. Classification is a process of categorising a
given set of data into classes, and in our case, every person in the
database is a class. The classification program (or function)
needs to be coded in such way that it takes a video or a set of
frames as input and passes it to steps and get the identification
vector for the input video. This identification vector can then be
used as a test data to get the classification (prediction) of who is
walking in the new video. A Support Vector Machine (SVM)
classification model will be idle for this classification problem as
it is observed that an identification vector contains 1536 distinct
values that describe the gait of a person. The data from the
database csv and the new identification vector needs to be
feature scaled which is a requirement of the SVM classifier.
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FIGURE 7 Gait recognition after Pose Estimation.

A B C D E F G | H . K L M
[Name | 1 2 3 4 5 6 7 8 9 10 11 12
Aditil  -3.67E-05 -0.00016 -5.58E-05 -0.0001 -0.00029 0.000418 4.45E-05 4.62E-05 0.000317 0.000262 0.000239 3.02E-05 -C
|Aditi2  -3.76E-05 -0.00017 -4.15E-05 -0.0001 -0.00028 0.000418 4.89E-05 4.26E-05 0.000308 0.000267 0.000243 2.85E-05 -C

Adityal  -5.02E-05 -0.00014 -7.23E-05 -8.05E-05 -0.0003 0.000431 3.56E-05 5.20E-05 0.000337 0.00024 0.000222 2.00E-05 -C
Aditya2  -4.34E-05 -0.00015 -6.28E-05 -8.27E-05 -0.0003 0.000447 4.26E-05 5.08E-05 0.00032 0.000244 0.000228 2.56E-05 -C
Akashl  -3.00E-05 -0.00014 -6.05E-05 -9.09E-05 -0.00028 0.000441 3.62E-05 4.98E-05 0.000319 0.000252 0.000231 4.35E-05 -C
Akash2  -3.88E-05 -0.00013 -5.67E-05 -9.00E-05 -0.00028 0.00044 3.02E-05 4.35E-05 0.000317 0.000261 0.000227 3.25E-05 -C
|Akshayl -8.51E-05 -0.00017 -5.36E-05 -7.54E-05 -0.0003 0.000435 6.09E-05 5.99E-05 0.000328 0.00033 0.000264 -1.39E-05 -C
|Akshay2  -6.73E-05 -0.00015 -7.15E-05 -7.90E-05 -0.00026 0.000415 6.45E-05 5.87E-05 0.000323 0.000292 0.000244 2.05E-05 -C
|Anchall  -8.46E-06 -0.00014 -4.20E-05 -9.58E-05 -0.00025 0.000432 3.03E-05 4.73E-05 0.000283 0.000266 0.000237 2.77E-05 -C
|Anchal2  -2.12E-05 -0.00015 -2.76E-05 -1.00E-04 -0.00026 0.000416 3.88E-05 3.65E-05 0.00029 0.000286 0.00025 2.15E-05
12 |Ayushl  -3.55E-05 -0.00015 -3.97E-05 -7.02E-05 -0.00029 0.000454 3.85E-05 3.02E-05 0.000306 0.000264 0.000242 2.09E-05 -C
13 |Ayush2  -2.85E-05 -0.00016 -3.96E-05 -7.63E-05 -0.00027 0.000446 4.95E-05 4.73E-05 0.000283 0.000273 0.000245 4.03E-05 -C
14 |Nutanl  -3.67E-05 -0.00014 -4.53E-05 -9.79E-05 -0.00024 0.000411 3.35E-05 4.51E-05 0.000291 0.000258 0.000236 3.80E-05 -C
15 |Nutan2  -4.17E-05 -0.00015 -5.08E-05 -9.50E-05 -0.00025 0.000421 4.96E-05 5.10E-05 0.000288 0.000276 0.00023 4.94E-05 -C
16 |Santoshl -2.05E-05 -0.00016 -5.94E-05 -7.34E-05 -0.00031 0.000445 3.43E-05 5.29E-05 0.00032 0.000251 0.000227 1.57E-05 -C
17 |Santosh2 -2.57E-05 -0.00016 -6.44E-05 -8.09E-05 -0.00029 0.00046 4.87E-05 6.77E-05 0.000301 0.00025 0.00023 3.33E-05 -C
18 |Suchetal -4.13E-05 -0.00017 -2.13E-05 -8.18E-05 -0.00028 0.000418 4.78E-05 5.96E-05 0.000319 0.000268 0.000246 -2.12E-05 -C
19 |Sucheta2 -5.21E-05 -0.00017 -2.72E-05 -8.28E-05 -0.00029 0.000413 6.57E-05 6.76E-05 0.000318 0.000265 0.000247 -1.63E-05
20 |Vivekl -4.39E-05 -0.00014 -6.73E-05 -9.14E-05 -0.00027 0.000404 5.41E-05 5.71E-05 0.000308 0.000234 0.000217 1.14E-05 -C

21 |Vivek2 -6.33E-05 -0.00015 -4.87E-05 -8.82E-05 -0.00029 0.000426 5.14E-05 4.74E-05 0.000314 0.000267 0.000237 1.25E-05 -C

|

|

D8 VNV A WN S

FIGURE 8 Sample of how the application creates a database csv.
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4.7 | Designing a user interface

The program is meant to make surveillance systems smarter,

and a person who is handling the surveillance, need not have
any programming or technical knowledge. So, a simple GUI

¥ w«

Introduction

(Figure 9) is designed so all these processes can be put together
and be easily used by anyone.

We made sure that every necessary function can be
implemented at the click of a button. The GUI desctibes about
the functionalities, so that it helps a person operate the

= O X

Welcome to Gait prediction!! This application provides you 6 functionalities:

1) Get a video and predict the person walking in it.

2) Get video frames and predict the person walking in it.

3) Apply Gait Recognition on a video and save the gait vector obtained into the database.

4) Apply Gait Recognition on video frames and save the gait vector obtained into the database.
5) Get frames from all the videos in a directory and save it at the same location as the video.

6) Get frames from a video and save it at the same location as the video.

To implement functionality 1

Predict from Video |

To implement functionality 3

Gait Implementation from video |

To implement functionality 5
Get Frames from directory and save |

To implement functionality 2
Predict from Frames I

To implement functionality 4

Gait Implementaion from frames |

To implement functionality 6

Get Frames from video and save I

(a) Graphical User Interface for the program.

¢ Predict from Video - O X

To Predict
Enter Address/Choose file to perform prediction on:

Address Browse
Submit |

(b) Predict from Video in GUL

¢ Gait Analysis on a Video - ] ®

Gait Analysis on a Video
Enter Address of/Choose video file to perform gait recognition on:
Name

Address Browse
Submit

(d) Gait Analysis on a Video in GUI

’ Get Frames from videos from a directory — O X

To Get Frames

Enter Address/Choose file to get frames from:

Address
Submit |

(f) Get frames from a directory

Browse |

FIGURE 9 Application interface for surveillance system.

¢ Predict from Frames - ] X

To Predict
Enter Address of/Choose dirctory to perform prediction on:

Address Browse
Submit I

(€) Predict from Frames in GUI.

' Gait Analysis on Frames =) [m} X

Gait Analysis on Frames
Enter Address of/Choose dirctory to perform gait recognition on:
Name

Address Browse
Submit I

(e) Gait Analysis on Frames in GUI

§ Get Frames from Video = O X

To Get Frames
Enter Address/Choose file to get frames from:

Address
Submit |

(g) Get Frames from Video in GUI

Browse |
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application easily. Some important functionalities of this
application that are available in the GUI are:

(1) Get a video and predict the person walking in it.

(2) Get video frames and predict the person walking in it.

(3) Apply Gait Recognition on a video and save the gait vector
obtained into the database.

(4) Apply Gait Recognition on video frames and save the gait
vector obtained into the database.

(5) Get frames from all the videos in a directory and save it at
the same location as the video.

(6) Get frames from a video and save it at the same location as
the video.

This application can be used as an assistive program
to make the existing Surveillance System smarter (See
Algorithm 1).

Algorithm 1: Pose Estimation

Input: Silhouette

Output: Pose Descriptor

Get Frames vb5:; /* This module is used to
get frames in the required specific shape
and pixel size. We will be using YOLOV3
(version 3), in particular YOLO trained on
COCO data set. The functions implemented
in this module are: */

isEmpty (path):; /* This function checks if
the path specified is a valid directory. */

make square(im, min size, fill colour):;
/* This function fits an image into square
frame. */

get frames_and save (pathl):; /* This
function takes a directory path as an input
and creates frames for every video present
init. */

get frames and save from video (pathl):;
/* This function takes a video path as an
input and creates frames for
the video. */

n parray from images (folder):; /* This
function takes a directory path as an
input. The folder should contain video
frames in it. It returns a 4D numpy array
that contains all the images in it. */

n parray from video (video path):; /* Takes
video path as an input and returns a 4D
numpy array that contains all the video
frames in the required specific format. */

human pose resnet (net, reuse = False,
training = False):; /* Architecture of
Part Detector network is used in Human Pose
Estimation via Convolutional Part Heat Map
Regression. */

human pose neural network:; /* This module
contains 3 classes that are used to get a 4D

nparray of video frames and returns the
spatial features extracted. We use a
pre-trained model “Human3.6 m.ckpt”,
which is trained over a large data set
“Human3.6 m”. This model uses the module
part detector. */

gait neural network:; /* This module has 2
classes in it. It uses multilayer
recurrent cells and GRU to extract
temporal features that are then aggregated
with average temporal pooling into one-
dimensional identification vector with
good discriminatory properties. */

classGaitNN (object):; /* Responsibility of
GaitNN is the further processing of the
generated spatial features into one-
dimensional pose descriptors with the use
of a residual convolutional network. */

4.8 | Classification

This module deals with predicting a person in a new video.
Using the database csv, we train a classification model. The
new video is then processed and identification vector (con-
verted into a python list) is obtained. This identification list is
then passed to the model as test dataframe and the name of the

person is predicted. The functions in this module are given in
Algorithm 2.

Algorithm 2: Classification

predict from video(path of video,
path to csv=csv _path):; /* Takes path of a
video as parameter: path of video, and
path of the database csv as parameter:
path to csv. path to csv has a default
value that is defined in the module. This
function uses previously mentioned
function to get identification vector from
the video and predicts the person (class),
using the classification model. */
predict from frames(path of dir,
path to csv=csv_path):; /* The directory
should contain video frames extracted
using the program. path to csv has a
default value that is defined in the module.
This function uses previously mentioned
function to get identification vector from
the video frames and predicts the person
(class), using the classification model. */
Gui v2:; /* This module uses all the modules
mentioned above and creates a graphical
user interface that provides 6
functionalities. The functions from other
modules used are mentioned below: */
predict from video():; /* Get a video and
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predict the person walking in it. */

predict from frames():; /* Get video frames

and predict the person walking in it. */

video to gait and save():; /* Rpply Gait
Recognition on a video and save the gait
vector obtained into the database. */

frames gait implementation():; /* Get
video frames and predict the person
walking in it. */

get frames from video() :; /* Get frames
from a video and save it at the same
location as the video. */

get frames from directory():; /* Get
frames from all the videos in a directory
and save it at the same location as the
video. */

inception resnet v2:; [/* Themajor
advancements in image recognition
performance in recent years have been
driven by deep convolutional networks
[32]. The Inception architecture [33], for
example, has been proven to offer
excellent performance at a cheap
computational cost. Inception vl [34] is
a 27-layer convolutional neural network
(CNN) . The Inception-ResNet-v2 [35]
version of Inception is a more expensive
hybrid version with much-enhanced
recognition performance. */

complete gait implementation:; /* This
module puts together all the 3
implementations, namely: Getting Frames,
Pose Estimation, and Gait Recognition. */

Temporal features are then extracted across these pose
descriptors with the use of the multilayer recurrent cells -
LSTM or GRU. All temporal features are finally aggregated
with average temporal pooling into one-dimensional identifi-
cation vector with good discriminatory properties.

4.9 | Results

This application uses the methodology of implementing pose
estimation first and then gait recognition. These pose based
representation tacitly captute biometric spatial features and
temporal features more accurately than the usual GEI (Gait
Energy Image). Due to this 2-step process, the processing is
very robust against various covariate factors such as clothing,
carrying conditions, shoe types and so on. The program is
made in a way (in separate modules), that promotes adapt-
ability. A simple GUI is implemented so that this application
can be used by people with no technical or coding knowl-
edge, as the GUI provides simple explanation and imple-
ments the working at the click of a button as depicted in
Figure 9.

The best way of studying the results and the accuracy of
the gait implementation is by evaluating the classification
model in Table 1. For this, the data set is divided into two
parts, 1 for training the classifier and other to test the clas-
sifier on. SVM classifier with Gaussian kernel was chosen
because of the number of fields the data set has, that is, 1536
columns.

For getting proper result, the two data sets were created
using 106 videos: train and test data set. The train data set
contained gait values for 64 videos, and the test data set
contained gait values for 42 videos. An SVM classification
model was trained on the train data set, the test data set was
used to test the accuracy of the classifier. The accuracy score
was found to be 95.23%. The confusion matrix for the clas-
sification process is shown in Figure 10. Table 2 shows com-
parison of result with state-of-the-art.

5 | CONCLUSION AND FUTURE SCOPE

51 | Conclusion

A GUI-based application was made that runs gait recognition
in the background. This application can be used as an assistive

TABLE 1 Accuracy 0 18 36 54 72 90 108 126 144 162 180
0 6088 6314 674 7266 7692 8318 7582 686 628 613 60.34
18 6387 6613 7039 7565 7991 8617 7881 7159 6579 6429  63.33
36 6574 68 7226 7752 8178 8804  80.68 7346  67.66 6616 652
54 673 (956 7382 7908 8334 896 8224 7502 6922 6772 6676
72 6941 7167 7593 8119 8545 9171 8435 7713 7133 6983  (8.87
90 7453 7679 8105 8631 9057 9523 8947 7924 7344 7194  70.98
108 7189 7415 7841 8367 8793 9419 8683 79.61 7381 7231 7135
126 6925 7151 7577 8103 8529 9155 8419 7697 7117  69.67 68.71
144 6701 6927 7353 7879 8305 8931 8195 7473 6893 6743  66A7
162 6469 6695 7121 7647 8073 8699 79.63 7241 6661 6511 6415
180 6111 6337 67.63 7289 77.15 8341 7605 6883 6303 6153  60.57
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FIGURE 10 Confusion matrix for support vector machine (SVM)
model.

TABLE 2 Comparison of results

Cite Mean accuracy
[36] 73.49
[37] 49.72
Proposed 74.35

application that can assist an existing Surveillance System in an
organisation. This application has a complex structure that
uses the methodology of implementing frames extraction, pose
estimation first and then gait recognition in the same order. All
the neural networks used in the project are very robust and
most of them are predefined models or architectures. ‘Hu-
man3.6 m.ckpt’, ‘H3.6m-GRU-1.ckpt’, and YOLOV3 are the
predefined models used that are very accurate and fast. These
pose based gait recognition tacitly capture biometric spatial
features and temporal features more accurately than the usual
GEI (Gait Energy Image). The spaciotemporal features are
very robust to many factors that GEI cannot possibly achieve.
Due to this 2-step process of implementing pose estimation
before gait recognition, the processing is very robust against
various covariate factors such as clothing, carrying conditions,
shoe types and so on. The program is made in separate
modules, that promotes adaptability. A simple GUI is imple-
mented so that this application can be used by people with no
technical or coding knowledge, as the GUI provides simple
explanation and implements the working at the click of a
button [38].

5.2 | Future scope

Creating a program or an application in modules is a great
practise grouping related code into a module makes the code
easier to understand and use. We can use any Python source
file as a module by executing an import statement in some
other Python source file. This enables the application or the
software to be easy to alter and change. It also makes adding

new functionalities into the program easier compared to any
other software architecture. Thus, the software application
has been created in modules, or packages, which opens new
possibilities. These packages have separate functionalities and
pass messages to each other. This means that if we want to
change something in one package or implementation, we do
not need to change anything in any other packages or how
the program works as a whole. If any new functionality is to
be added in the system, a new package can be created that
would communicate with the other packages accordingly, and
implement the new proposed functionality. The only thing
that puts a constraint on this application is data gathering and
processing capabilities.
Three likely future possibilities for this application are:

1. Making the whole smart surveillance work on a cloud. All
the CCTV cameras will be needed to be connected through
cloud too. The processing required can be handled through
powerful cloud services like AWS, and the result can be
obtained on handy devices.

2. If a powerful enough computer with high RAM, GPU, and
CPU capabilities is available, the process of gait tecognition
and person prediction can be done in real-time. On a per-
sonal laptop, it takes around 2 min to do the whole process
on a 15 s video. As the whole process goes through 4
neural, for a fast and efficient gait results, it would require a
high-end Graphic processot.

3. Using a pretrained model for pose estimation and gait
analysis is effective. But making a system with neural net-
works trained on personal video data set will help us
creating a model specific to our data set.
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