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ARTICLE INFO ABSTRACT

Keywords: Exploring Gait Biometrics within the domain of deep learning offers a potent fusion that sig-
Gait Recognition nificantly enhances pattern recognition capabilities. Over the past decade, the evolution of deep
Biometrics learning (DL) pipelines has showcased their effectiveness in overcoming complex challenges
Deep Learning within image and signal processing applications. Constructing these pipelines requires a deep
Surveillance understanding of the diverse intermediate layers and their implications. The iterative refinement
Pattern Recognition process involves careful selection and rigorous performance validation of each configuration,

demanding significant time and contemplation. Consequently, the task of selecting a robust
DL pipeline that excels across various datasets remains challenging. The central objective of
this review is to provide guidance to researchers, fostering a comprehensive grasp of distinct
gait sensing technologies, while establishing a solid foundation in deep learning concepts. Al-
though gait recognition is a relatively recent development and is yet to find widespread applica-
tion in real-world scenarios, this article offers a thorough examination of gait biometrics tailored
specifically for real-time surveillance applications. Delving into the complexities, it elucidates
the crucial parameters governing deep learning pipelines and their nuanced selection to address
specific challenges. Through an analysis of recent research articles on deep learning models and
their performance across diverse datasets, the review outlines the merits and demerits of vari-
ous approaches. The ultimate aim is to facilitate the development of an optimized pipeline that
seamlessly integrates existing methodologies, enabling the attainment of swift yet precise results
for a given problem.

1. Introduction

The rise in popularity of automated identification over the past few years has increased the focus of professionals
working in computer vision and kinematics on gait recognition in real-time settings. This is because automated iden-
tification entries are becoming increasingly common. A person’s gait, which can be recognized from a great distance
and does not need cooperation from the target, is one of the most important biometric qualities humans possess. In
vision-based techniques, it is likely that videos from low-resolution cameras will be carried out. Other biometric iden-
tification methods have absolutely no possibility of functioning correctly in such stated scenarios [76]. Thanks to this
capability of gait, it is now possible to employ it in a real-time environment. Because gait patterns are challenging to
replicate and substantially more difficult to hide than facial characteristics, they are regarded as more secure forms of
biometric identification [77].

Deep learning has emerged as a promising method for recognizing humans through gait [80]. Starting gait recog-
nition with deep learning might be difficult since researchers don’t know which deep learning pipeline to use or what
results to anticipate. There are presently just a few review publications discussing deep learning techniques for gait
identification, including deep pipeline parameters. A few surveys on gait analysis have been conducted[70] [71] [72]
[73] [74] [75], but the majority of survey publications concentrated on model-free gait recognition systems, ignoring
model-based strategies. Despite the aforementioned benefits, gait identification real-time performance suffers because
of factors like gait characteristics analyzed from various deep learning architectures and datasets. Researchers have
focused on finding a method to develop a reliable gait recognition system in response to these problems [78] [79]. This
survey article aims to analyze in-depth the most recent developments in gait recognition research.
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1.1. Contribution

The following are the important contributions of the paper.

1) Demonstrating the effectiveness of deep learning (DL) pipelines in resolving complex challenges in image and
signal processing applications over the last decade.

2) Emphasizing the need for a comprehensive understanding of various intermediate layers and their implications
in crafting robust DL pipelines.

3) Outlining the meticulous iterative refinement process involving careful selection and rigorous performance val-
idation of each configuration.

4) Acknowledging the challenges in selecting a robust DL pipeline that can perform effectively across diverse
datasets.

5) Serving as a guiding resource for researchers, facilitating a comprehensive grasp of distinct gait sensing tech-
nologies and establishing a strong foundation in deep learning concepts.

6) Providing a detailed survey of gait biometrics tailored for real-time surveillance applications, despite the rela-
tively recent emergence of gait recognition in practical scenarios.

1.2. Organization

The paper is organized as follows. The first section provides an outline of the topics, including motivation, contri-
bution, and organization. In Section 2, an examination of numerous factors reported in studies resulted in the develop-
ment of a deep learning pipeline for gait in terms of — data collection, data types, dataset, preprocessing, deep learning
techniques, feature extraction, feature reduction, regularisation, activation function, hyper-parameters, optimizer, loss
function, classification, and system configuration. Section 3 discusses and highlights the benefits and shortcomings of
pipeline components along with gait sensing technology. The accuracy and dataset utilized in research publications
compare major features of deep learning pipelines. Section 4 is the conclusion. We list the acronyms used in this
article in the abbreviations section.

2. Various Deep Learning Parameters Recognizing Gaits

Deep learning approaches successfully complete a variety of classification tasks and provide fresh perspectives on
challenging covariate situations. Deep learning systems often have the drawback of behaving as a "black box" in the
majority of situations; for instance, if pre-trained models are employed if hyper tuning is not performed, they seldom
reveal the reasoning behind a given a choice. The deep learning pipeline for recognizing gaits is shown in Figure 3,
together with all of its potential parameters. The deep learning parameters used in gait recognition are shown in Table
1-7 and Table 9. One may readily identify which deep learning pipeline can tackle certain covariate situations by
looking through this table.

2.1. Dataset

In recent years, data collection technology has advanced further, and new gait identification-related training vari-
ables have been included. The gait datasets that have been utilized in the mentioned research and are currently available
are examined in this section. OU-ISIR large population dataset [48] comprises subjects with two cameras surrounding
the ground they are walking on. OU-ISIR multi-view large population dataset [49] is made by capturing the walking
patterns of 10,307 subjects lying in the age group of 2 to 87 years. The images were captured from 14 different view
angles and were 1280 by 980 pixels. Seven cameras were placed at 15-degree intervals that took images at 25fps.
OU-ISIR multi-view large population dataset with pose sequence [50], is built upon OU-MVLP. Seven network cam-
eras with a frame rate of 25 fps were used to capture the gait sequence of 10,307 subjects. The images were in RGB
format and were of the dimensions 1280 by 980. In the OU-ISIR inertial sensor, dataset [50], the sensors are positioned
around the waist of 744 subjects of 2-78 years of age groups. The readings were taken on a flat surface as well as an
up-slope and down-slope. List of datasets used in deep learning-based gait papers are listed in table 1.

CASIA gait database A [51], consists of 12 image sequences of 20 subjects and provides four images of different
view angles (0, 45, 90). There are a total of 19,139 images in the dataset. CASIA gait database B [52], provides
clothing variation, carrying condition, and view angle variation. The dataset captured 11 view angles, and the dataset
was built by capturing video sequences of 124 subjects. TUM gait from an audio, image, and depth database (GAID)
[53], provides RGB video of 305 subjects in 3 different variations. It covers spatial-temporal covariate conditions.
CMU motion of body (MoBo) database [54], provides treadmill gait of 25 subjects and covers carrying, cross-view,
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and speed covariates. The subjects were asked to walk at four different paces, and six cameras were used to capture
the images. KY4D gait database A [55], provides images and 3D models of 42 subjects walking in a straight course
and covers clothing and pose covariates. Sixteen cameras were placed along the path to capture further reconstructed
images using a visual hull approach.

Dataset eGalT [56] constitutes gait parameter validation of 101 subjects walking on a straight course. They used
a wearable sensor on the lateral side of the shoes. Googlenet dataset [57] is a 22 layers deep CNN. It uses inception
modules, giving the network freedom to select multiple filter sizes of convolution for every block. SZTAKI-LGA
database [58] is used for activity recognition and person identification based on the gait. The dataset constitutes data
from 54 subjects and ten outdoor sequences. ZJU-GaitAcc dataset [59] constitutes gait sequences of 175 subjects
between the age group of 16 to 40. The dataset covers pose covariate for gait recognition. McGill dataset [60] contains
raw sensor data gathered from 20 subjects that carried their phone in their pockets.

EID-M EEG dataset [61] is a sensor-based dataset with 7000 samples. These samples are collected from eight
subjects with their eyes in a rest state on 14 electrodes with the help of EPOC+ at 128Hz for a duration of 54s.
DVS128-Gait+ EV dataset [62] is a sensor-based dataset having 21 subjects and 100 sequences. GPJATK dataset
[63] is a 3D dataset that constitutes 166 sequences of 32 subjects captured with the help of 10 mocap cameras and
four video cameras. 3D flash lidar camera gait dataset [64] constitutes 16,300 people and 166 gait sequences. The
Data was captured indoors and covered temporal and noisy image covariates. SisFall database [65] constitutes of
19 people and 38 gait sequences. The Data was captured indoors and covered temporal covariate. UniMiB SHAR
database [66] consists of acceleration samples obtained from cellular devices of 30 subjects. ASLH database is a
temporal sensor-based dataset [67] constitutes 378 gait sequences of 63 subjects captured indoors. CNU database
[68] considers sensor-based covariates and constitutes 495 subjects with four gait sequences of each subject captured
indoors. SIIT-CN [69] considers sensor-based covariates and contains real-time data captured indoors.

2.2. Feature Extraction

When dealing with massive amounts of raw data, feature extraction refers to the process of transforming raw data
into numerical characteristics that may be analysed while retaining the information in the original data set. A large
number of variables in these large data sets involve using a large number of computer resources to process them.
Table 3 provides a detailed overview of the various methods used in deep learning frameworks with different feature
extraction and representation techniques explored.

2.3. Feature Reduction

Component and discriminant analysis are two techniques that may be used to reduce dimensionality. For exam-
ple, auto-encoders may transform input data into a condensed or encoded output to save on storage space or for data
compression. Such datasets may be made simpler to interpret while losing the least amount of information feasible by
reducing the number of dimensions using PCA. It does this by creating new variables that step-by-step reduce variance
while being unrelated to one another [41] [44]. The concealed vector will be converted into the output sequence by the
decoder [7] [15] [42] [44]. Average pooling is the process of figuring out the average for each patch on the map [5].
A linear transformation is a function that converts one vector space to another while maintaining each vector space’s
underlying structure [14]. List of feature reduction techniques used in deep learning-based gait papers are listed in
table 6.

A new model-based approach for a finite element model for the 3D temporal displacement field fitting [44]. GRUs
is a gating mechanism in recurrent neural networks, although they have fewer parameters than LSTMs since they
don’t have an output gate [4]. TensorFlow Transform is a package for pre-processing TensorFlow input data [22].
The F-score, often known as the F-measure, is a measurement of a test’s accuracy. It is determined using the test’s
accuracy and recall [24]. The probability density function of the Gaussian distribution, which represents statistical
noise, is identical to that of the normal distribution [25]. PCA may provide translation-invariant and deformation-
stable transformations using the DCT (scattering transform) [29]. Batch normalization is a deep neural network training
approach that standardizes the inputs to each layer of each little batch. This significantly reduces the number of training
epochs necessary to develop deep networks by stabilizing the learning process and stabilizing the learning process [30].
While scattering, the Doppler Fourier Transform is a novel way of getting velocity angle distributions.

2.4. Regularization Techniques
The process of regularisation includes adding a penalty term to the error function in order to optimize a function.
The extra term controls the overly fluctuating function, preventing the coefficients from reaching extreme levels. Nor-
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Table 1
Feature extraction and representation techniques

Cite Technique

[1-2][4-6] CNN s

[7-14] [17]

[19-23]

[25-28]

[30-33]

[37-40]

[42] [46-

47
Encoder

[3] Encoder,
Decoder

[15] Convolutional
autoencoder

[16] Quasi-periodic
signals

[24] 3D Joint
location
estimator

[29] Scattering
transform

[36] CNN with

Residual Block

[41] OF, average
pooling
[43] 3D Gait _— Retrieval
Estimation . )_.C (;al;;:i-::mc
3D Gait Estimation
[44] Spatial temporal ~ ~A~ 2
feature
[45] Reconstructed

trajectories and = oo -

f - o s 2
encode feature E.I.L.
embeddings ! i

malization is the process of meticulously dissecting tables to get rid of redundant data and undesirable characteristics
like Insertion, Update, and Deletion Anomalies. It takes many steps to transform data into a tabular representation and
remove redundant data from linked tables. The quantity of data provided is often what increases the effectiveness of
deep learning neural networks. Data augmentation is a technique for generating new training data from existing data.
Variants of the training set picture that the model is likely to see are referred to as this. List of regularization techniques
used in deep learning-based gait papers are listed in table 5.
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Table 2

List of parameters used in deep learning-based gait papers

Cite Regularization techniques Optimizer Hyper-Parameters Loss function
[1] Dropout Adam SGD Back-propagation
[2] Normalization on the scores SVM SGD; BP SoftMax loss function
[3] NA Adam LR= 0.001 Cross-entropy loss
[4] NA Adam LR=.0001 M= .9 WD=5*  Average loss
10-4
[5] L2-norm Multi-task loss LR= 0.01 M=0.9 WD=  Cross entropy loss
0.0005 Mean=0 SD= 0.01
Bias=0 SGD
[6] Dropout regularization GA; PSO LR= 3e-6 RMSprop
[7] Gloraot initialization Adam LR= 0.001 Mean square error
[8] NA Adam LR= 0.0005 and 0.003 Cross-entropy;
[9] dropout = p=0.5 Back propagation LR, M used Mean square error
[10] NA NA NA NA
[11] Dropout Adam SGD Categorical cross entropy
[12] NA NA NA E = - sum (y' log(y))
[13] Data augmentation Stochastic ~ ap- BP; M= 0.9; LR= 0.001; Average loss
proximation WD= 5*10-4
[14] Dropout= 0.5 Adam LR= 0.001 Cross-entropy loss
[15] NA Adam SNE NA
[16] L1 norm NA NA Synchronization error
[17] NA NA LR= 0.0001 NA
[18] NA NA NA NA
[19] complex co-adaptations; Adam Adaptive learning rates Back propagation
Dropout= 0.5
[20] NA Adam SGD LR= 0.005 AdaGrad loss
[21] Dropout= 0.6, Batch size= 32 Adam LR= 0.0001 and RMSProp
[22] KL divergence Adaptive moment  LR=0.0001 NA
estimation
[23] NA NA NA NA
[24] NA NA NA Triplet loss
[25] L2 normalization ED similarity SGD LR=0.01 NA
[26] Stochastic magnitude perturba-  SGD NA Deep multi task
tion
[27] NA NA LR= 0.0025 Negative log-likelihood
[28] Batch normalization NA NA CCE; Contrastive triplet
ranking
[29] NA NA NA Log mean square
[30] NA Adam LR=LR x 0.1 NA
[31] Dropout ratio to 0.5 Adam NA NA
[32] L2Regularization; Dropout 50% NA LR= 0.01 Hungarian
[33] L2 lambda - Log-uniform 10-7 to ~ Adam LR= 0.0002 to 0.004 Algorithm
10-3
[34] Batch Norm 1 RMSprop SNE; LR= 0.001 Categorical cross-entropy
[35] NA NA NA Log-likelihood loss
[36] NA Adam LR= le-6 NA
[37] NA Minimizing con-  NA Cross entropy
tour
[38] NA Adam LR= 0.001 Least square optimization
[39] Normalized to a fixed size NA NA NA
[40] NA Nesterov LR= 0.008 Softmax loss, Center loss
[41] L2 norm Gradient Descent  LR=0.01 Softmax loss, Center loss
[42] NA NA NA Manhattan distance
[43] NA NA NA Mean square error
[44] Dropout layer Adam LR= 1 x 10-3 Softmax and Center loss
[45] NA Adam LR =0.001 Contrastive loss
[46] NA Joint Pyramid NA Triplet loss
[47] L2 regularizatio Adam NA Mean squared error

Dropout is a training method in which neurons are rejected at random. They "disappeared” at random.

This

means that on the forward pass, their influence on downstream neuron activity is erased temporally, and any weight
changes are not transferred to the neuron on the backward journey [1] [6] [9] [11] [14] [19] [21] [31] [32] [44]. Batch
normalization is a deep neural network training approach that standardizes the inputs to each tiny batch. This helps to
stabilize the learning process and minimizes the number of training epochs required to build deep networks [21] [28].
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L2 regularisation causes the weights to be small but not zero, and it produces a non-sparse solution [32] [47]. The total
of the magnitudes of the vectors in space is the L1 Norm. It is the most natural approach to measuring the distance
between vectors since it is the total of the absolute differences of the vectors’ components. All vector components
are weighted equally in this norm [16].L2 normalization adjusts the dataset values such that the sum of the squares in
each row is always greater than one. It is also known as least squares [5] [25] [41]. Data augmentation is a method of
creating fresh training data from existing training data [13].

Normalization layers alter the distribution of inputs to network layers [2] [39] [81].Some neurons in complex co-
adaptations are extremely reliant on others. If the independent neurons get "poor" inputs, the dependent neurons may
be impacted as well, potentially affecting model performance dramatically, as may occur with overfitting [19]. The KL
divergence, or Kullback-Leibler divergence, is used to calculate the difference between two probability distributions
over the same variable x [22]. Gloraot initialization is the process of assigning a tiny Gaussian value with mean =
0.0 and variance depending on the weight’s fan-in and fan-out [7]. The stochastic magnitude perturbation causes the
process to converge to a single stationary state [26].

2.5. Activation Function

The activation function of a node in deep learning affects its output by supplying input or a group of inputs. A
typical integrated circuit is a digital network of activation functions that may be switched on or off depending on the
input. The nonlinear activation mechanism allows the model to build complicated mappings between the network’s
inputs and outputs, which is necessary for investigating and modeling complex data such as pictures, video, audio,
and nonlinear or high-dimensional data sets. Rectified linear activation function (ReLU) returns 1 when the input is
positive; if the input is negative, it returns 0. For example, the rectification of a linear activation function allows models
to train faster and more successfully [1] [2] [4] [5] [7]1 [12] [13] [14] [15] [17] [19] [20] [21] [22] [26] [27] [28] [30]
[31] [32] [33] [36] [38] [39] [41] [45] [47]. List of activation functions used in deep learning-based gait papers are
listed in table 6.

Tanh function is derived from (-1 to 1). The benefit is that on the tanh graph, negative inputs will be substantially
negative, and zero inputs will be near zero. The function may be differentiated [3] [10] [11] [18] [35] [37] [43] [47].
The Softmax function is used as the activation function in the output layer of neural network models that predict a
multinomial probability distribution. Softmax activation generates a single value for each node in the output layer [3]
[25] [41]. The impact of the weight estimations activation function is that extremely high densities become unusual;
such estimation is often an unconscious aspect of everyday physical handling of items [16]. A radial basis function is
a method of approximating multivariable functions by using linear combinations of terms based on a single univariate
function. This has been radicalized so that it may be utilized in several dimensions [24]. Swish is a non-monotonic,
smooth function that regularly matches or exceeds. Deep learning applies to a range of difficult fields such as image
classification and machine translation. It is unbounded above and below, and the difference is due to the non-monotonic
property [33].

2.6. Hyper-parameters

Hyper-parameters need expertise and plenty of trial and error. Like learning rate, batch size, momentum, and
weight decay, configuring hyper-parameters is neither straightforward nor simple. List of hyper-parameters used in
deep learning-based gait papers are listed in table 5. During model training, these hyper-parameters act as controls
that may be adjusted. We must determine the ideal value for these hyper-parameters to receive the best outcomes from
our model. For convex loss functions like Support Vector Machines and Logistic Regression, SGD is a quick and easy
method for training linear classification and regression models [1] [2][5] [11] [20] [25]. A hyperparameter called the
learning rate determines how much the model should change each time the model weights are updated in response to
the projected errors [3] [4][5] [6] [7] [8] [91[13] [14] [17] [20] [21][25] [27] [30] [32] [33][36] [38] [40] [41] [44] [45]
[82].

When the model’s performance reaches a plateau, an adaptive learning rate is used to reduce the learning rate by
a factor of two or an order of magnitude [19]. Find the average value of a function using the mean [5]. The word
"momentum" (M=0.9) is used in the gradient descent process. Gradient descent is an optimization process that finds
the direction with the steepest slope in its current state and updates it by traveling in that direction [4] [5] [9] [13].
Using an optimization approach such as gradient descent and performing backpropagation.[2] [13]. Weight decay
is a regularisation approach that involves adding a modest penalty to the loss function; generally, the L2 norm of the
weights [4] [5] [13]. The standard deviation of a collection of values is a measure of their variance or dispersion. A low
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standard deviation implies that the values are near to the set’s mean, while a high standard deviation suggests that the
values are dispersed across a larger range [5]. Stochastic Neighbor Embedding is a nonlinear, unsupervised approach
for data exploration and visualization of high-dimensional data. SNE provides a sense of how Data is organized in
a high-dimensional space [15]. The activation function may be adjusted to the left or right using the bias value to
better suit the data [S]. Algorithms with low variance (but a large bias) are usually simpler. Low bias (high variance)
algorithms are more difficult to implement.

2.7. Optimizer

An optimizer is a method or technique for quickly adjusting several parameters to reduce loss. Let’s look at some
of the most popular Deep Learning optimizers that provide respectable outcomes in reviewed gait recognition tests.
List of optimizers used in deep learning-based gait papers are listed in table 5. Adam is a deep learning model training
approach that uses stochastic gradient descent instead of stochastic gradient descent. Adam combines the best features
of the AdaGrad and RMSProp algorithms to create an approach for optimising noisy situations with sparse gradients
[17 [3]1 [4] [7] [8] [14] [15] [19] [20] [21] [30] [31] [33] [36] [38] [44] [45] [47]. Computing the derivative from
each training data instance and calculating the update instantly is referred to as stochastic gradient descent [26]. The
Nesterov Accelerated Gradient technique begins with a gradient descent step, followed by a term that resembles a
momentum term but is not the same as the one found in classical momentum [41]. The Support Vector Machine
returns the matching hyperplane after maximizing the geometric margin. Support vectors are the names given to such
sites [2].

Stochastic approximation variable procedure with some unpredictability and uncertainty in the result [13]. Multi-
task loss occurs when a shared model learns many tasks at the same time. These methods have a number of benefits,
including increased data economy, decreased overfitting according to shared representations, and quick learning thanks
to the use of auxiliary data [5]. A computer method known as Genetic Algorithm - PSO works by repeatedly trying
to make a candidate solution better on a given quality metric [6]. Adaptive Moment Estimation is another method
for estimating adaptive learning rates for each parameter (Adam). Adam maintains an exponentially decaying average
of previous gradients v and an exponentially decaying average of previous squared gradients, much as Adadelta and
RMSprop [22]. ED similarity metric measures the requirement [25]. Minimizing contour minimizes objective function
during training with Key joints similarities [37]. Proper weight adjustment in backpropagation reduces error rates and
improves model reliability by enhancing generalization. Backpropagation is a technique for doing a backward pass
while modifying the parameters of a model [9].

2.8. Loss Function

A mathematical function called a loss function, often referred to as a cost function, transforms an event or the values
of one or more variables into a real sum that reflects any "cost" connected to the event. In a problem of optimization,
a loss function is minimized. List of loss functions used in deep learning-based gait papers are listed in table 5.

2.9. Classification

The learning exercise will provide a constrained set of categorization categories. This might be a multi-class
classification with several categories or a binary classification with only two classifications (0 and 1). A mathematical
function having a recognisable "S"-shaped curve, also called a sigmoid curve, is called a sigmoid function. The logistic
function given by the formula S(x) = 1/1+e-x and is a popular example of a sigmoid function [6]. The Softmax classifier
takes its name from the softmax function, which is used to convert raw class scores into normalised positive values
that add to one, allowing the cross-entropy loss to be applied [2] [3] [5] [8] [10] [13] [14] [15] [17] [18] [20] [21] [22]
[26] [27] [28] [30] [31] [32] [33] [36] [37] [38] [39] [40] [43] [44] [45] [46] [47] [83]. SVM is a type of machine
learning called "supervised machine learning." It can be used to solve problems like classification and regression. It
changes your data using a method called the "kernel trick," and then uses these changes to figure out the best boundary
between the possible outputs [3] [12] [18] [24] [35]. A simple approach called K nearest neighbour retains all existing
samples and classifies new ones based on a similarity score [25] [38] [41]. List of classification techniques used in
deep learning-based gait papers are listed in table 6.

To accomplish classification, the multi-channel DCNN model integrates the learned characteristics of each channel
and feeds them into a Multilayer Perceptron [1]. Support in a single class Vector Machine is an unsupervised learning
method that was created for binary classification and is trained solely on 'normal’ data [11]. The Radial Basis Function
(RBF) is a real-valued function whose value is solely determined by the distance between the input and a fixed point
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Table 3
List of parameters used in deep learning-based gait papers

Cite  Year  Feature Reduction Activation Function Classification GPU/CPU
[1] 2017 NA RelLU Multi channels DCNN CPU
[2] 2017 NA Rectified linear unit Softmax CPU
[3] 2020 NA Tanh; Softmax SVM CPU
[4] 2018  Gated Recurrent Units Rectied Linear Unit Softmax CPU
[5] 2019  Average pooling RelLU Softmax GPU
[6] 2019 NA Tanh Sigmoid activation CPU
[7] 2019  Decoder ReLU Semi-supervised CPU
[8] 2020 NA Rectified linear unit Softmax GPU
[9] 2020 NA Rectified Linear Units Linear regression CPU
[10] 2016 NA Tanh One-class Softmax CPU
[11] 2017 NA Tanh One-class SVM CPU
[12] 2017 NA RelLU SVM GPU
[13] 2017 NA RelLU Softmax GPU
[14] 2017  Linear transformation RelLU Softmax GPU
[15] 2018  Decoder ReLU Softmax GPU
[16] 2018 NA Weight estimates RBF network estimators GPU
[17] 2018 NA RelLU Softmax GPU
[18] 2018 NA Tanh Softmax; SVM classifier CPU
[19] 2018 NA Rectified Linear Unit Gradient boosting CPU
[20] 2019 NA RelLU Softmax CPU
[21] 2019 NA RelLU Softmax CPU
[22] 2019  TF Transform RelLU Softmax CPU
[23] 2019 NA NA NA CPU
[24] 2019  F- score Radial basis function SVM CPU
[25] 2020  Gaussian noise; Scaling Softmax; RelLU k-Nearest Neighbors GPU
[26] 2020 NA RelLU Log softmax CPU
[27] 2020 NA ReLU Softmax CPU
[28] 2019 NA RelLU Softmax CPU
[29] 2020 DCT; Scattering transform; PCA  NA HMM CPU
[30] 2020  Batch normalization RelLU softmax CPU
[31] 2020 Doppler Fourier Transform ReLU softmax CPU
[32] 2019 NA RelLU Softmax CPU
[33] 2020 NA RelLU; PRelLU LReLU; Swish Softmax CPU
[34] 2019 NA RelU SVM CPU
[35] 2017 NA Tanh SVM CPU
[36] 2019 NA RelLU Softmax GPU
[37] 2020 NA Tanh Softmax CPU
[38] 2020 NA RelU KNN; Softmax MLP; ANN; CPU
[39] 2018 NA RelLU Softmax CPU
[40] 2020 NA PRelLU Softmax CPU
[41] 2020 PCA RelLU; Softmax Nearest neighbour GPU
[42] 2019  Decoder NA NA CPU
[43] 2020 NA Sigmod; Tanh Softmax CPU
[44] 2020 Temporal displacement NA Softmax CPU
[45] 2020  Decoder; PCA RelLU; Softmax CPU
[46] 2020 NA NA Softmax GPU
[47] 2020 NA Tanh; ReLU Softmax GPU

[16]. For regression and classification issues, gradient boosting is utilized, which results in a prediction model in the
form of an ensemble of weak prediction models, often decision trees [19]. Semi-supervised learning is a hybrid of
supervised and unsupervised approaches. In semi-supervised learning, an algorithm learns from a dataset that contains
both labeled and unlabeled data, with the unlabeled data often being the majority [7]. When a model fails to predict
the right class, log softmax penalizes it significantly [26]. In a Markov chain with a hidden Markov, the development
of observable events that are dependent on internal elements that are not readily observable may be described using a
model [29]. Linear regression predicts a range of probabilities from O to 1 [9]. The Multilayer Perceptron is a neural
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network with many layers that are linked in a directed graph. This means that signals can only go in one direction across
the nodes. Each node, except for the input nodes, has a nonlinear activation function [38]. The process of learning to
split samples into multiple classes by discovering common characteristics between samples of known classes is known
as Artificial Neural Network [38].

3. Comparative Analysis of Most Adopted Deep Learning Approach

Description of accuracy achieved in various conditions with respect to dataset used are given in table 8, 9.

The most often used datasets are shown in Figure 5 (a). CASIA B is most used gait dataset. Figure 5 (b) displays
the most popular feature reduction and transformation techniques for identifying gaits. Decoders are most used for
feature reduction. Figure 6 (c) depicts the most extensively used regularisation techniques in gait analysis. Dropour
set to 0.5 is mostly used for regularisation. Figure 6 (d) shows the most often utilized activation functions in the deep
learning pipeline for gait recognition. ReLU is the most popular activation followed by tanh and softmax. Figure 6
(e) depicts the most commonly used gait recognition hyper-parameter settings. Usually learning rate is set as 0.0001.
The most often used Optimizers in gait recognition are shown in Figure 6 (f). Adam optimizer is used in most of the
papers. Different loss functions used in literature are shown in Figure 7 (a). Cross entropy loss followed by softmax
loss function is mostly adopted. Most adopted classification functions are shown in Figure 7 (b). In deep learning
mostly softmax is used as a classifier.

4. Conclusion

While the gait recognition system is still in its early stages compared to other biometrics like fingerprint, face,
voice, and iris identification, its non-intrusiveness makes it more desirable than other approaches for many applica-
tions. However, running deep learning methods in real-time has made it impossible to utilize this biometric effectively
in any circumstance and is thus its limitation as applications move to the edge for privacy and security in real time
gait applications. In this study, a large number of deep learning pipeline parameters for recognizing gaits were deter-
mined. We evaluated a set of datasets suitable for training deep learning pipelines to handle a range of confounders
in addition to evaluating the methods’ accuracy. Furthermore, we analyzed the most current deep learning models
for each parameter and highlighted those that delivered remarkable results. There is a variety of possible advantages
and disadvantages associated with deep learning techniques, which have been thoroughly addressed. Deep learning
approaches have also been discussed in terms of potential advantages and limitations. We examined the deep learning
approaches to gait identification that has been most widely used. In order to identify the gait recognition gaps that need
to be addressed, comparisons of accuracy attained and datasets utilized are also summarized.
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Table 4
Description of accuracy achieved in various conditions with respect to dataset used

Cite Year  Dataset Accuracy Application

[1] 2017  eGalT — embedded 80.78 Gait Recognition

[2] 2017 10 subjects 93.36, 97.06  Gait Recognition

[3] 2020 EID-M EEG 99.57 Gait Recognition

[4] 2018  ZJU-gaitAcc 98.7 gait-based authentication

[5] 2019 OU-IS 94.8 People identification

[6] 2019 CASIA B 91.3 Security and authentication

[7] 2019  Calibration dataset 21.22 Gait Generation

[8] 2020 SBHAR; UniMiB; REALDISP 97; 93.6; 94 Gait Recognition

[9] 2020 PART VI - 3D motion 96.02 Gait Recognition

[10] 2016  Raw data form ankle-IMU 80 Gait Recognition

[11] 2017  GoogleNet 82 Gait Recognition

[12] 2017  OULP 96 Gait authentication

[13] 2017  ZJU-GaitAcc 93 Person re-identification

[14] 2017  McGill dataset 96.6 Gait Recognition
ou-Is 67.9

[15] 2018 22 subjects Treadmill 98 Smart surveillance

[16] 2018  ZJU-GaitAcc 92.2 Gait Recognition

[17] 2018 34 participants 90 Gait Recognition

[18] 2018  McGill University 71 Gait Recognition

[19] 2018  Grayscale R-D maps 99 Gait Recognition

[20] 2019  original dataset 87.97 Gait Recognition

[21] 2019  own dataset 94.25 Identification, Authentication

[22] 2019 No dataset 94.1 Gait Recognition

[23] 2019  OU-IS 89 Gait Recognition

[24] 2019  TigerCub 3D Flash lidar camera 84.88 Gait Recognition

[25] 2020 DFNAPAS 80.2 Subject identification
SisFall 74.58
UniMiB-SHAR 82
ASLH 81.72

[26] 2020 CNU 96.24 Gait Recognition
Oou-Is 82.53

[27] 2020 Identification 93.5 Gait Recognition
Authentication 93.7

[28] 2019 UIR 94.2 Gait Recognition
HHAR 87.9

[29] 2020  signals of a walking 91 Gait Recognition

[30] 2020 mmWave - radar waves 90 Gait Recognition

A. Abbreviations

The following abbreviations are used in this manuscript:
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Table 5

Description of accuracy achieved in various conditions with respect to dataset used

Cite Year  Dataset Accuracy  Application
[31] 2020 12 people data 89 Gait Recognition
[32] 2019 12 participants 84.88 Gait Recognition
[33] 2020  treadmill - pressure data 99.9 Recognition; Authorize user
[34] 2019  Floor Sensor System 93 Gait Recognition
[35] 2017 SZTAKI-LGA-DB 96.84 Gait Recognition
[36] 2019  DVS128-Gait+ EV-CASIA-B 96 Gait Recognition
[37] 2020 3D walking 97.2 Gait Recognition
[38] 2020 SIIT-CN-A, B, D, F, G 98.4 Gait Recognition
C 100
E 98.9
[39] 2018 CASIA B nm 55.91 Gait Recognition
CASIA B BG 37.07
CASIA B CL 22.69
[40] 2020 CASIA B NM 63.78 Gait Recognition
CASIA B BG 42.5
CASIA B CL 31.98
[41] 2020 CASIAB 92.95 Gait Recognition
TUM GAID 99.78
OU-LPPS 98.5
[42] 2019 CASIA A 70 Gait Recognition
[43] 2020 CMU Mobo 94 Gait Recognition
CASIA B - Bag 91.6
CASIA B Coat 92.4
KY4D 92
[44] 2020 CASIAA 100 Gait Recognition
CASIA B NM 99.41
CASIA B BG 97.8
CASIA B CL 82.82
[45] 2020 TUM GAIT 87.7 Gait Recognition
[46] 2020 CASIA B NM 73.9 Gait Recognition
CASIA B BG 59.1
CASIA B CL 44.6
[47] 2020 3D SKELETON 93.2 Gait Recognition

B. Data availability

My manuscript has no associated data.
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