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Abstract
This paper presents a comprehensive exposition of deep learning architectures and pipe-
lines for biometric applications using complex characteristics of human gait. The variety 
and complexity that we have come across encompass the majority of deep learning tech-
niques. Recognizing humans by their walking patterns is a complicated biometric process-
ing approach that identifies people without intervention and works well even with low-res-
olution images. Several covariates, such as footwear, heavy clothing and carry situations, 
view angle, occlusion, speed transition, and others, can affect the gait recognition rate. We 
provide an extensive literature review focusing on the performance of deep learning mod-
els in covariate conditions. It shall help researchers to understand specific aspects of deep 
learning pipelines in gait recognition. The discussion is done on data acquisition, input, 
dataset, preprocessing, feature extraction, transformation, activation function, classifica-
tion and training parameters. We also demonstrate the most often used strategies for each 
parameter over the previous five years. The datasets used so far are compared with the 
accuracy achieved for each covariate condition. Finally, we listed the benefits and draw-
backs of deep learning approaches in covariate conditions along with open problems in the 
identification based on behavioral traits and concluded the paper by highlighting important 
lessons.
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1  Introduction

Biometrics, also known as measures and estimations of unique features of human beings, 
are the observations and indications of physical attributes of body and behavior such as 
walk signature or height (Sun et al. 2017). Due to advances in computing, biometrics has 
become a universal technique to authenticate an individual to ensure secure access to sensi-
tive information and premises and maintain one’s privacy. Biometric signatures are catego-
rized as physiological, behavioral, or both, which correspond to the anatomy of the body. 
Fingerprints, facial features, palm prints, retinal patterns, and odor/scent are a few exam-
ples of the former (Jain et al. 2016). Typing speed, keystroke pressure, signature on docu-
ments, and gait are behavioral traits that can be uniquely linked to a person (Stylios et al. 
2021). The above techniques are widely used to recognize people present in groups and 
sensitive areas for surveillance purposes.

Gait recognition can be done from a distance without the intervention of the subject and 
works with low-resolution images, which has picked up the interest of researchers in the 
field over the last 20 years (Sepas-Moghaddam and Etemad 2022). In earlier days, identity 
was captured using passwords or cards. However, authentication based on cards and pass-
words can be easily compromised. Since biometric signatures are exclusive to each indi-
vidual, they are far more accurate than earlier and ensure that identity is unique and cannot 
be copied or stolen by anyone. Therefore, biometrics are more secure as reliable evidence 
of “who you are” and are not prone to duplication. Gait signature is often withstanding to 
attackers as it is difficult to imitate anyone’s gait and is not affected by wearing a mask, 
cap, gloves, or moving away from the camera (180° from the camera).

The two most common techniques are model-based and model-free. Model-based 
approaches focus on extracting the gait characteristics by using the anatomy of the subject 
and joint angles. Such approaches require high computational cost, but they are computing-
intensive and necessitate high-resolution pictures (Wolf et al. 2016). Model-free techniques 
focus on human body motion and often function by extracting gait features from silhouettes 
directly (Zhang et al. 2017). We have selected all the papers that have developed gait rec-
ognition applications. Along with gait recognition, researchers are also using it for recon-
struction, adversarial robustness, person identification, age, pedestrian recognition, detec-
tion, gender, action recognition, and surveillance.

Deep learning has emerged as a potential approach for effective gait recognition. 
It might be challenging to start gait recognition using deep learning since one does not 
know which deep learning pipeline to use or what outcomes to expect. Currently, there 
are a few review papers that provide details about deep learning algorithms for gait rec-
ognition (Connor et al. 2018; Alharthi et al. 2019; Nambiaret et al. 2019). However, some 
critical factors are missing in these publications, like examining about benefits and limita-
tions of approaches used, reporting the deep learning parameters used in each paper, most 
adopted approaches in the gait pipeline and comparison of accuracy achieved for a given 
dataset. The majority of survey papers focused on model-based gait detection systems, 
putting model-free techniques to the side. Several significant publicly accessible datasets 
were missing in previous survey papers like NTU RGB+D Dataset, SDUGait database, 
and more. Factors such as speed variation in walking, spatial and temporal characteristics 
substantially affect gait recognition findings, yet they are often overlooked.

We tried to encompass most of the factors missing in the previous reviews and included 
as many deep learning parameters as possible to help researchers that are new to this field. 
The following are the key contributions of the review paper. 
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(1)	 Evaluation of over a hundred gait recognition methods using deep learning with eight-
een different parameters for covariate conditions.

(2)	 Emphasize the most prominent approaches amongst various deep learning pipelines 
reported.

(3)	 Present a collection of datasets that were applied in deep learning algorithms in the 
literature referred.

(4)	 Highlight deep learning parameters for various gait covariate conditions, which may 
improve the recognition rate.

(5)	 Examined the advantages and drawbacks of deep learning based approaches.
(6)	 List a number of open research questions based on gaps observed in research works so 

far and propose solutions for a new research direction.
(7)	 Compare and illustrate the accuracy achieved by a given dataset for various covariate 

conditions.

The following is a structural breakdown of the paper. Section 1 presents an overview of 
gait recognition including motivation, contribution, and organization. The structure of a 
deep learning-based gait identification system is described in Sect. 2. The examination of 
numerous factors reported in 113 studies led to the development of a deep learning pipeline 
for gait recognition along with the most adopted techniques of DL pipelines. Section 3 dis-
cusses the salient features of DL pipelines along with the benefits and limitations of each 
approach performed on various covariate conditions. Some open research gaps and their 
solutions are also proposed for future experiments. Comparative analysis of prominent 
components of deep learning pipelines is done by looking at the accuracy and dataset used 
in the research papers. In Sect. 4, we present the conclusion and prospects. In Appendix A 
in Fig. 6, we provide the acronyms used in this article.

2 � Deep dive into deep learning for covariates

Deep learning techniques are very effective at performing various tasks and providing new 
insights from complex covariate conditions in gait recognition. Figure 1 depicts all possi-
ble stages of the deep learning pipeline for gait recognition.

These points are further discussed in the following sub-sections. In most cases, deep 
learning approaches have the limitation of acting as a black box. For example, if pretrained 
models are used or hyper tuning is not done, deep learning models rarely provide informa-
tion about what led them to a particular decision. Table 1 lists deep learning parameters 
used specifically in covariate conditions for gait recognition. After going through this table, 
one can quickly determine which deep learning pipeline effectively solves particular covar-
iate conditions.

2.1 � Data acquisition and input images

First stage of gait detection involves the collection of gait datasets through various means 
(sensing technologies). The performance of the deep learning model and its accuracy are 
heavily reliant on the data quality used. As shown in Fig. 2, gait acquisition can be divided 
into four broad categories, as per the camera types like day camera (RGB camera, CCTV 
camera), night camera (depth camera, microsoft kinetic), event-based camera (dynamic 
vision sensor, event sense camera), wave-based sensors (lidar, radar).
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Inputs to the gait pipeline can be taken in many forms like images, videos or pre-pro-
cessed images, and the collection of these images forms a dataset. Cheheb et al. (2018) 
provided a gallery of samples for training and recognized gait through a probe sample 
for testing. One of the important input technique is Gait Energy Image (GEI). GEI is 
a large descriptor that encapsulates many details by averaging a gait cycle (Xu et  al. 
2019). GEI retains the spatial detail of a gait series and is one of the many ways to get 
information from cameras (Babaee et  al. 2018a). Occlusion is a common occurrence 
that takes place when two or more persons get too near to one another and seem to inte-
grate or become one. Gait recognition systems often track obscured frames incorrectly. 

Fig. 1   Deep learning pipeline for gait recognition

Fig. 2   Categories of sensors used for gait data
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Many times incomplete GEI is obtained due to occlusion, Babaee et  al. (2018b) used 
incomplete GEI as input. Figure 3 depicts the most adopted input techniques.

Sometimes background subtraction is not precise when the silhouette color in the frame 
matches the background. Luo and Tjahjadi (2020) used RGB gait images; however, cap-
turing features from such silhouettes results in feature loss in the areas where the silhou-
ette color matches the background color. Luo et al. (2019) used gait silhouettes efficiently 
obtained after background subtraction. Uddin et  al. (2019a) used low-resolution frames 
which are captured during video surveillance using closed-circuit television (CCTV). Cas-
tro et  al. (2020) used optical flow images as input which depict the depth of an image 
and are included in the TUM dataset. In an indoor area, a kinect sensor can be used to 
collect gait data along with the depth data (Karianakis 2018). A motion control device 
based on augmented reality is centered on body segments captured by an action camera 
(Delgado-Escaño et al. 2020). Costilla-Reyes et al. (2018) used footstep signals obtained 
from footstep pressure to analyze various gait data deficiencies. Gait detection applications 
that utilize video-based 2-dimensional motion analysis are well known in a 2D position. It 
does not necessitate as much expertise as 3D systems, and the equipment needed is readily 
accessible and fairly priced due to the high computing expense. 3D techniques in surveil-
lance have had limitations thus far, but Huynh-The et al. (2020) used 3D data to recognize 
gait. In different intelligent surveillance systems, the study of 4D dynamic with 4D input 
data scenarios with many walking pedestrians has piqued interest (Haque et al. 2016). The 
most used input technique is gait silhouettes (34%), followed by gait energy images, then 
frames/images, and after all, others.

2.2 � Dataset description

A dataset is critical in implementing a gait recognition system which should contain all the 
real-time covariate conditions for training and testing purposes. More progress has been 
achieved in data gathering technology in recent years, and numerous factors that impact 
gait identification have been added for training. In this section, we examine gait datasets 
that have been in existence based on visual images and used in the cited literature. Figure 4 
depicts the most adopted gait dataset. The most used gait dataset is CASIA B (63%), fol-
lowed by OULP (31%), TUM-GAID 14%, and the rest.

Fig. 3   Most adopted input 
techniques
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OU-ISIR treadmill B dataset (Makihara et  al. 2012) comprises the subjects walking 
with 25 cameras surrounding the treadmill that take pictures at 60 FPS of 640 by 480 
image size. Images of 68 subjects with clothing variations were taken from a side view 
while altering the combination of the attire. OU-ISIR large population dataset (Iwama et al. 
2012) comprises subjects with two cameras surrounding the ground they are walking on. 
Dataset images contain silhouettes and are normalized to 88 by 128 as the camera took 
images at 30 fps from the size 640 by 480 pixels. The data set consists of images from over 
4000 people of different ages. OU-ISIR large population dataset with age (Xu et al. 2017), 
comprises subjects from the age of 2 to 90 years. The 63,846 subjects walking on a track 
were captured by a camera that took images of 640 by 480 pixels at 30 fps. The GEI of the 
images taken was normalized to the size of 88 by 128. The dataset consists of both the test-
ing and training data with 31,923 subjects.

OU-ISIR large population dataset with bag (Uddin et  al. 2018) provides carry object 
details as a covariate. The dataset constitutes 62,528 subjects of age group in the range 
of 2 to 95 years. The subjects walked thrice in a straight course and the camera captured 
images of 1280 by 980 pixels at 25fps speed. The images were normalized and the back-
ground was subtracted to form the GEI of 88 by 128 pixels. OU-ISIR multi-view large 
population dataset (Takemura et  al. 2018) 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° 
intervals that took images at 25fps. OU-ISIR multi-view large population dataset with pose 
sequence (An et al. 2020), is built upon OU-MVLP. Seven network cameras 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 (Ngo et al. 2014), 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.

CASIA gait database A (Wang et al. 2003) 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 (Yu et al. 2006) 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. CASIA gait database C 
(Tan et  al. 2006), provides infrared thermal images of 153 subjects walking at different 
walking paces captured at night. TUM-IITKGP gait database (Roy et al. 2011), provides 
occlusion sequences (long coat, hand in pocket, static occlusion, dynamic occlusion). TUM 
gait from audio, image and depth database (GAID) provides RGB video of 305 subjects 
in 3 different variations. It covers spatial-temporal covariate conditions. Human ID gait 

Fig. 4   Most adopted gait datasets
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challenge dataset (Sarkar et al. 2005), consists of a gait video of 122 subjects. The dataset 
provides cross view gait covariate with a mixture of 32-factor distinctions. CMU motion of 
body (MoBo) database (Gross and Cohn 2001) provides treadmill gait of 25 subjects and 
covers carrying, cross-view and speed covariates. The subjects were asked to walk in four 
different paces and six cameras were used to capture the images. KY4D gait database A 
(Iwashita et al. 2010), 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 images that were further reconstructed using a visual hull approach.

Human3.6M: large scale dataset (Ionescu et al. 2014) consists of 3.6 million 3D images 
of 11 subjects with different poses under 17 distinct scenarios. The images were captured 
using four cameras of high resolutions. NTU RGB+D dataset (Shahroudy et al. 2016) con-
sists of 56,880 images of 40 subjects in 60 action classes. The dataset covers view varia-
tion using three cameras. NTU RGB+D 120 dataset (Liu et al. 2019) consists of 8 million 
frames extracted from 114 thousand samples of videos of 106 subjects in distinct action 
classes. BIWI RGBD-ID dataset (Munaro et al. 2014) is constituted of 56 testing and 50 
training progressions for 50 distinct subjects. The camera used captures videos at ten fps 
and the images are 1280 by 960 pixels. IIT PAVIS (Barbosa et al. 2012) consists of skele-
ton streams and a depth of 29 subjects. Microsoft kinect SDK was used to capture the fron-
tal sequence of the subjects. MSR action 3D dataset (Imran et al. 2016) constitutes depth 
images of 20 actions captured using depth camera. This dataset covers spatial, temporal 
covariates and only one subject was used. Cornell Activity Datasets: CAD-60 (Sung et al. 
2012) constitutes 57600 RGB-D video progressions of 60 subjects carrying out 12 distinct 
activities that are captured with the help of microsoft kinect sensor. UPCV1 (Kastaniotis 
et al. 2015; Khan et al. 2022) constitutes points of one subject taken indoor and considers 
spatial, temporal covariates. UPCV2 (Kastaniotis 2013) constitutes points of 18 subjects 
taken indoor and considers spatial-temporal and occlusion covariates.

SDUGait database (Wang et  al. 2016) constitutes 2D and 3D data of 52 subjects. 
The dataset used two Kinect V2 to capture 21 joints and subtracted the foreground 
to form silhouette images. Dataset iLIDS Video reIDentification (iLIDS-VID) (Wang 
et  al. 2014) constitutes 300 pedestrians captured with the help of two disjoint cam-
eras in public space. This dataset considers clothing and views variation. Person Re-ID 
dataset (Hirzer et al. 2011) constitutes 1331 subject trajectories of view one and two 
combined, captured with the help of two cameras. SZU depth pedestrian dataset (Li 
et  al. 2012) constitutes depth images of 4637 pedestrians along with 198 non-pedes-
trians captured using SwissRanger SR4000 camera in an indoor environment. AVA 
multi-view dataset for gait recognition (Spagnolo and Moeslund 2014) consists of 
gait sequences of 20 subjects in different trajectories. They considered view covariate. 
Human action recognition by 3D human skeletons (Vemulapalli et  al. 2014) is con-
sidered pose covariate and constitutes 3D sequences of 10 subjects. The event-camera 
dataset (Mueggler et al. 2017) consists of 13 subjects and 26 sequences. Speed covari-
ate is considered and the dataset was collected both indoor and outdoor. Caltech pedes-
trian detection benchmark (Dollar et  al. 2011) or GM-ATCI rear-view pedestrians 
dataset constitutes over 200K pedestrians who mounted a standard automotive rear-
view display camera for detection. The Inria aerial image labeling dataset (Dalal and 
Triggs 2005) covers a total of 810 kilometers square area and can be used in remote 
sensing. ETH dataset (Ess et al. 2008; Barth et al. 2015) consists of pedestrians walk-
ing that have been captured with the help of a stereo rig mounted on a car that captures 
video at 13–14 fps. Seely et  al. offer a 3D dataset that included 103 people and had 
1030 samples total, of which only 1005 were considered legitimate (Seely et al. 2008). 
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In fourteen invalid samples out of twenty-five, the clipping came from when the sub-
ject was located outside the reconstruction region. The use of three-dimensional data 
allows silhouettes to be synthesized from any arbitrary perspective, even if a camera 
does not immediately view the viewpoint. This is possible because silhouettes may be 
represented in three dimensions. Hadid et  al. explored how clothes might imperson-
ate a target, indicating that such attacks can exploit major vulnerabilities (Hadid et al. 
2012).

2.3 � Feature selection and data preprocessing techniques

After the input is taken in the gait pipeline, it is passed to the next stage of the gait pipeline 
for preprocessing and feature selection. Figure 5 depicts the most adopted preprocessing 
techniques in gait recognition.

The most used preprocessing technique is GEI (10%), followed by GAN (5%), back-
ground subtraction (4%) and the rest. Table 2 shows the various techniques used by the 
researchers for data preprocessing and feature selection.

The primary and crucial stage after collecting gait videos is to identify and monitor the 
target subject in the video. The selection of data preprocessing techniques plays a vital role 
in the recognition rate and, thus, becomes a paramount concern in selecting the best one. In 
gait recognition, while doing data preprocessing, some techniques are frequently used, like 
background modeling, region of interest finding, noise removal, resizing the image, and 
silhouette extraction.

2.4 � Deep learning techniques

Various deep learning techniques are used to recognize gait. We provide a categorical over-
view of deep learning techniques in Fig. 6 and brief descriptions of each approach used 
to recognize gait. The four deep learning strategies are supervised learning, unsupervised 

Fig. 5   Most adopted features and data preprocessing techniques
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Table 2   Data preprocessing and feature selection techniques

Cite Data preprocessing Image

Xia et al. (2019), Castro 
et al. (2017)

Cycles Extraction, normalized

 
Tong et al. (2017) Angle embedded dynamic Image

 
Li et al. (2019) Discriminant, class-invariant features

 
Ling et al (2019) Outlier detection

 
Yu et al. (2019) Gait Cycle Segmentation

 
Yu et al. (2017) CNN

 
Cheheb et al. (2018) Kalman filter

 
Thapar et al. (2019) Low pass filtered at 30 Hz; down sampled 

to 50 Hz

 
Castro et al. (2020) Event noise cancellation

 
Shiraga et al. (2016) 3D Pose estimation

 
Zhang et al. (2017) Motion map computation

 
Li et al. (2017) Morphological filters

 
Jia et al. (2017) Synthesized 3D gait model

 
Thapar et al. (2018) Normalized 2D Pose
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learning, hybrid learning, and reinforcement learning. There are six types of networks: 
feedforward, generative adversarial network, recurrent network, hybrid learning, discrimi-
native and user-defined network. The most used deep learning techniques are CNN (51%), 
followed by LSTM (12%), GAN (11%) and the rest are depicted in Fig. 7.

Fig. 6   Categorical review of deep learning techniques

Fig. 7   Most used deep learning techniques
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2.4.1 � Feedforward network

When a machine learning algorithm utilizes several layers of nodes to generate high-
level functions from input data, it is called a deep neural network. It entails translating 
data into a more abstract and artistic aspect (Zhu et al. 2018). Traditional feedforward 
networks use multi-layer perceptrons; however, CNN has recently exceeded them. To 
translate image input to a vector output, convolutional neural networks (CNNs) are uti-
lized. They have become the de facto norm for any prediction problem that requires 
image data as an input (Wang et al. 2020a). CNNs are a powerful paradigm for learning 
representations for volumetric data since they take a 3D volume or a series of 2D frames 
as input (Thapar et al. 2018). Fully connected networks (FCNs) lack dense layers (as do 
traditional CNNs), relying instead on 1x1 convolutions to perform the role of fully con-
nected layers (dense layers) (Babaee et al. 2018b). Deconvolution transposes the convo-
lution layer, which is used to sharpen features affected by fast motion capture (Babaee 
et al. 2019b).

VGRNet2 is a 3D CNN network and instead of beginning from scratch, it has been 
pre-trained to solve its clothing covariate problem (Mehmood et al. 2020). Densent-V3 
is a commonly used image recognition model that uses convolutional neural networks to 
allow faster computation and deeper networks by reducing dimensionality with stacked 
11 convolutions. The modules were created to address computing cost and overfitting 
problems (Wu et al. 2015). VGG16 (also known as OxfordNet) is a convolutional neural 
network model capable of adapting to a wide range of input sizes (Sun and Liu 2018), 
and VGG-19 is a 19-layer deep convolutional neural network (Li et  al. 2017b). The 
depth and amount of completely linked nodes of a qualified VGG-D network, VGG16, 
is over 533MB which helps to solve view variation covariate conditions (Zhang et  al. 
2017). Unfortunately, VGGNet has two significant flaws: it is incredibly slow to learn 
and develop; second, the network architecture weights are very high. Many deep learn-
ing gait recognition problems use VGG; however, narrower network architectures are 
often preferred (such as SqueezeNet, GoogLeNet) for cross-view covariate conditions 
(Zhang et al. 2019e). The design of AlexNet is made up of eight layers: There are five 
convolutional layers and three linked layers (Arshad et al. 2022).

2.4.2 � Generative adversarial network

A generative adversarial network (GAN) is an analytic framework that matches two 
neural networks against each other to produce fresh, simulated occurrences of data that 
would compete for actual data. They are commonly used in video and photogeneration, 
as well as in gait recognition to generate the occluded images and enable the model to 
learn in an unsupervised manner (Li et  al. 2019a). Over time, the generator network 
gains the capacity to produce believable artificial data, such as fake images. It utilizes 
discriminator feedback to gradually improve its accuracy until the discriminator cannot 
distinguish between the output and actual results (Babaee et al. 2019a). In a GAN, the 
discriminator is a classifier. It tries to differentiate between real data and data produced 
by the generator. It can use any network infrastructure that is suitable for data classifica-
tion (Xia et al. 2019).
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2.4.3 � Recurrent network

In recurrent networks, nodes are linked in a network that is directed by a temporal series, 
thus preserving the temporal features. This feature of recurrent networks allows them 
to act in a time-complex way, and temporal data can be easily captured. McLaughlin 
et al. (2016). In contrast to traditional feedforward neural networks, LSTM is a recurrent 
neural network (RNN) with input connections. It can deal with individual data points 
as well as whole data sequences (Li et al. 2019a). The most traditional time-dependent 
graph LSTM system forecasting with graph convolution neural network is based on sta-
tistical and autoregressive approaches (Battistone and Petrosino 2019). A residual neu-
ral network is a form of artificial neural network based on pyramidal cell structures in 
the cerebral cortex. Skip links, or shortcuts, are used by residual neural networks to 
hop through certain layers (Yang et  al. 2019). Residual blocks are a form of highway 
network that does not have any gate in its skip connections. Residual blocks, in essence, 
enable memory (or information) to move from the first to the last layers (Jia et al. 2019).

An autoencoder is a neural network made up of several progressively increasing, 
sparsely valued layers, each of which has an output connected to the input of the next 
lower-valued layer by a hidden connection. Auto-encoders are a series of encoders and 
decoders connected in a network. The encoder converts the incoming data into interme-
diate representations known as latent variables. The decoder uses these latent variables 
to reconstruct the input data. However, verifying that the network does not memorize the 
data is necessary. Nevertheless, it is vital to identify features that characterize it accu-
rately. Auto-encoders include contractive, sparse, variational and denoising auto-encoders. 
Encoder-decoder, also known as seq2seq, is a recurrent neural network programmed to 
solve sequence-to-sequence problems. Since parameters in the input and output sequences 
will differ, sequence-to-sequence prediction problems are challenging to solve (Babaee 
et al. 2019a). A stacked autoencoder increases deep learning efficiency as noisy autoencod-
ers are inserted in the layers (Yeoh et al. 2017). The spatial dependence is captured using 
bidirectional paths on the line. The temporal dependency is captured using an encoder-
decoder architecture with scheduled sampling in the diffusion convolutional recurrent neu-
ral network (Deng et al. 2020).

2.4.4 � Hybrid learning

The capsule network (CapsNet) is the newest addition to the feedforward networks, 
explicitly designed to address inherent discriminator constraints of the CNN. Current 
DL research is focused on capsules, which are learned via a dynamic routing technique. 
Even while CapsNets are still in their early stages, they have already shown their power to 
change the DL landscape. Nonlinear deep neural networks have nonlinear activation layers, 
which gives them their nonlinearity. To help hierarchical model relationships capsule neu-
ral network must be used. The aim is to imitate biological neural organization as nearly as 
possible (Xu et al. 2019). The neural network and the amount of training it receives deter-
mine the mechanism for relating the input and output (Khan et al. 2020). Faster R-CNN is 
fed into a CNN named the region prediction network (RPN). It considers a larger number 
of potential regions than the initial R-CNN algorithm. It employs a quick deep learning 
approach to predict which regions are more likely to contain subjects of interest (Sun and 
Liu 2018).
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2.4.5 � Discriminative and user defined networks

Deformable convolution and deformable RoI pooling are built on the concept of aug-
menting the spatial sampling positions with additional offsets. Knowing the offsets from 
goal tasks is given more importance (Zheng et  al. 2016). Coupled bilinear produces 
aligned gait matrix characteristics for two viewpoints using two sets of bilinear trans-
formation matrices while keeping the spatial structural detail of the original GEI. It will 
iteratively optimize the inter-class distance metric to the intra-class distance metric to 
discover the ideal matrix subspace where the gait energy images surrounding views are 
matched in horizontal and vertical coordinates (Ben et al. 2019). JUCNet (Joint Unique-
gait and Cross-gait Network) is a network that combines the advantages of unique and 
cross gait conditions, resulting in a significant increase in overall accuracy (Zhang et al. 
2019d). A pose estimation network is a computer vision strategy for predicting and 
tracking the position of a person or object (Liao et  al. 2017). 2D Skeleton pose esti-
mation uses GPU acceleration to achieve low-latency joint real-time object identifica-
tion and 2D main point pose estimation with high precision (Thapar et al. 2019). Image 
super-resolution (SR) strategies use deep back projection networks to recreate a higher-
resolution image, or series (Wang et al. 2020b).

2.5 � Feature extraction and representation

When dealing with huge amounts of raw data, feature extraction is a method that divides 
the data into smaller groups that may be processed more efficiently. Table 3 provides a 
detailed overview of the various methods used in deep learning frameworks with differ-
ent feature extraction and representation techniques explored. Figure 8 depicts the most 
adopted feature extraction techniques in gait recognition. The most used feature extrac-
tion technique ratio is CNN (62%), followed by the encoder (10%) and others.

2.6 � Feature reduction and transformation

Feature reduction and transformation can be accomplished in various ways. The most 
adopted feature reduction and transformation techniques are PCA (10%), followed by 
the discriminator (8%), decoder (5%), LDA (4%), and others. Figure 9 depicts the most 
adopted feature reduction and transformation techniques in gait recognition.

A discriminator is nothing more than a classifier, and it attempts to tell the differ-
ence between real data and data produced by the generator (Wang et al. 2019b). When 
accompanied by a typical convolutional layer in a generative model, an up-sampling 
layer is a basic layer with no weights that double the dimensions of data (Babaee et al. 
2019b). The gait characteristics in the probe viewing angle are transformed to those in 
the gallery viewing angles using a view transformation model (He et  al. 2019). Tech-
niques including flipping, rotating, zooming, clipping, translating, and adding noise 
also increase with the amount of data accessible. Data augmentation is a method for 
creating fresh training data using current training data artificially (Wang et al. 2019a). 
Sparse representation aims to reflect signals with as few significant coefficients as pos-
sible. This is effective for several uses, including compression (Xia et al. 2019). As the 
name suggests, Dimensionality reduction methods minimize the number of measure-
ments (i.e., variables) in a dataset while preserving as much data as possible (Alotaibi 
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Table 3   Feature extraction and representation details

Cite Technique Image

Babaee et al (2018), Babaee et al. (2018), Xia 
et al. (2019), Babaee et al. (2019), Li et al 
(2019), Das et al. (2019), He et al. (2019), 
Uddin et al. (2019), Wang et al. (2019), Yeoh 
et al. (2016), Alotaibi and Mahmood (2017), 
Castro et al. (2017), Tong et al. (2017), Yang 
(2019), Ling (2019), Castro et al. (2019) , 
Li et al. (2020), Luo and Tjahjadi (2020) , 
Li et al. (2020), Yu et al. (2017), Yu e al. 
(2019), Alotaibi and Mahmood (2017) , Yu 
et al. (2017), Yao et al. (2018), Cheheb et al. 
(2018), Zhang et al. (2019), Thapar et al. 
(2019), Mehmood et al. (2020), Swee (2014), 
Shiraga et al. (2016), Wolf et al. (2016), 
Li et al. (2017), Zhang et al. (2019), Deng 
(2020),

CNNs

 

Encoder

 
Babaee et al. (2019) Encoder, Decoder

 
Yeoh et al. (2017) Convolutional 

autoencoder

 
Sun and Liu (2018) Quasi-periodic 

signals

 
Yan et al. (2015) 3D Joint location 

estimator

 
Liao et al. (2019) Scattering trans-

form

 
Castro et al. (2020) CNN with 

Residual Block

 
Zhang et al. (2017) OF, average 

pooling

 
Jia et al. (2017) 3D Gait Estima-

tion
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and Mahmood 2017). PCA is a way to reduce the dimensions of datasets, increasing 
interpretability and thus decreasing knowledge loss. It accomplishes this by generat-
ing new uncorrelated variables that optimize variance in a sequential manner (Zhang 
et al. 2017). Linear discriminant analysis (LDA) is a method for reducing dimensional-
ity (Alotaibi and Mahmood 2017). Auto-encoders can convert data input to a lowered or 
encoded output to protect data or reduce storage space reduction. The hidden parameter 
would be converted into the output sequence by the decoder (Li et al. 2020b).

A variety of filters in pooling layers, such as the horizontal pooling layer, are used in 
deep learning networks (Fan et al. 2020). The pooling function reduces the dimension of 
the feature matrix, which is extracted by the convolution layer (Castro et  al. 2020). The 
color image is processed using the YCbCr transformation. The result is then processed 
using a neural network on the Y channel to produce a grey image filled with color details 
to produce the color effect image (Mehmood et al. 2020). The rectifier feature is used to 
improve non-linearity in gait images, which is why pooling by a rectifier is used (Jia et al. 
2017). Linear interpolation is a curve-fitting technique that employs linear polynomials to 

Table 3   (continued)

Cite Technique Image

Thapar et al. (2018) Spatial temporal 
feature

 
Zhang et al. (2019) Reconstructed 

trajectories and 
encode feature 
embeddings

 

Fig. 8   Most adopted feature extraction techniques
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create class labels well within the context of a distinct collection of existing data points 
(Linda et al. 2020). Maximum pooling, also known as max pooling, is a pooling process 
that determines the maximum value in the function map. In the case of average pooling, 
the findings are downsampled and highlight the most present feature in the patch rather 
than the average existence of the feature (Chao et al. 2019).

Geometric transformations of free form in the deformation network help to infer the 
detailed shape of instance deformation from its canonical shape mask (Xu et al. 2020). A 
linear transformation is a process of preserving each vector space underlying linear struc-
ture (Haque et al. 2016). The term “ablation analysis” refers to the process of eliminating 
a “function” of a model or algorithm to see if it affects the results (Zhang et al. 2019d). 
Local directional patterns are used to track gait edges in greyscale images (Uddin et  al. 
2019b). The propagation of visible movement velocities of a brightness pattern in a gait 
image is often known as optical flow (Hawas et al. 2019a). Euclidean distance is used to 
locate the sample by assigning weights nearest to the desired sample and belonging to the 
same class. When several samples have the same distance to the reference sample, the first 
one detected is used (Batchuluun et al. 2018). Through segmented image generation, such 
as semantic segmentation, the deconvolution layer is used to conduct computations from 
the output to the input layer (Song et al. 2019; Khan et al. 2022). Aggregation is a way 
of reducing many variables into a few numerical values or figures (Delgado-Escaño et al. 
2020). A distribution is formed by a sample of results and the gaussian distribution, also 
known as the normal distribution, takes the likelihood for every observation from the sam-
ple space using parameterized mathematical function (Yao et al. 2018).

2.7 � Normalization, augmentation, regularization

Normalization is a method of decomposing tables to remove data duplication and unwanted 
features such as insertion, updation, and deletion anomalies. It is a multi-step method that 

Fig. 9   Most adopted feature reduction techniques



Deep learning pipelines for recognition of gait biometrics…

1 3

converts data from connection tables into tabular form, thus eliminating redundant data. 
The volume of data accessible also increases the efficiency of deep neural networks. The 
most used regularization and augmentation technique is dropout (27%), followed by batch 
normalization(12%), L2 normalization (9%), LRN (9%), and others. Figure  10 depicts 
the most adopted normalization, augmentation, and regularization techniques in gait 
recognition.

Normalization aims to bring an image into an intuitive range and is used when the 
data is linear (Xu et al. 2019). In a network, the allocation of inputs to the layers changes 
because of normalization layers (He et al. 2020). Normalization is commonly used in unit 
variance and average zero mean conditions (McLaughlin et al. 2016). The space normal-
ized function removes leading and trailing whitespace from a string, replaces whitespace 
sequences with a single space, and returns the output (Carley et al. 2019). The method of 
linear normalization alters the spectrum of pixel values. Batch normalization is a train-
ing strategy for very deep neural networks that standardize the inputs of all mini-batches. 
Consequently, the learning phase is stabilized, and the number of training epochs required 
to train deep neural networks is greatly reduced (Zhang et al. 2019a). By normalizing over 
local input areas, the local response normalization layer conducts a type of “lateral inhibi-
tion” (Shiraga et al. 2016). The instance normalization mean and variance is measured for 
all spatial dimensions, i.e., for each subject in every image pixel (Swee et al. 2014).

Dropout is a training method in which neurons are rejected randomly and “disappear” at 
random. This implies that their impact on downstream neuron activity during the forward 
pass is eliminated, and any weight changes are not communicated to the neuron during 
the backward pass (Das et al. 2019). In linear transformation, the linear structure is main-
tained from one vector space to another by preserving each vector space structure. A linear 
operator or map is another name for a linear transformation (Yeoh et al. 2017). L1 norm 
is the number of magnitudes of the vectors in space. The sum of absolute differences of 

Fig. 10   Most adopted regularization, normalization, augmentation
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components in vectors is the most natural way of measuring the distance between vectors. 
All the components of the vectors are evenly weighted in this norm (Li et al. 2019b). L2 
normalization is also known as least squares, and it changes the dataset values such that 
the number of squares in each row is always greater than one (Castro et al. 2017a). Lp-
norm pooling attempts to learn the pooling parameters discriminatively (Zheng et al. 2016; 
Giorgi et  al. 2021). Z-normalization is a strategy of normalizing data that avoids outlier 
issues (Makihara et al. 2018). The comparison of a time series with itself at a particular 
time is known as normalized autocorrelation (Li et al. 2017a).

Data augmentation is a method for artificially creating extensive training data using 
current training data (Yan et al. 2015), thus modifying images in the training set that the 
model is likely to see. Rotation or flipping is the data augmentation technique to transform 
data for deep learning models (Wang et al. 2020b). Duplication and rotation are the data 
transform techniques used (Alotaibi and Mahmood 2017) to augment the data. In (Li et al. 
2020a), translation is used as a data augmentation technique. Auto-encoder is used to gen-
erate the data (Yu et  al. 2017); auto-encoders are composed of an encoder and decoder. 
The encoder extracts the features, and the decoder decodes them. A statistical noise with 
a probability density function equal to the regular distribution is known as gaussian noise 
(Haque et al. 2016). The 2D gaussian function is used to estimate the intensity distribution 
provided by a point source (Linda et al. 2020). Argument, triplet sampling, and interpola-
tion in a fully linked layer get the data points by parsing several centers, and each gait 
image is allocated to one of them. Modeling intra-class variation in real-world gait datasets 
is easier with it (Chao et al. 2019).

Regularization is a method for tuning the process that involves inserting an extra pen-
alty word into the error function. The additional term regulates the excessively fluctuating 
function, preventing the coefficients from taking extreme values. Weight decay is a regu-
larization technique that puts weight to cost function. If no additional update is scheduled, 
weight decay is a notion in the weight update rule that permits the weights to decay expo-
nentially to zero (Hawas et al. 2019b). Weight decay with the value of 0.001 is a parameter 
that controls how much an updating phase affects the current value of the weight. Losses 
like COCO apply a cosine margin penalty to the goal logit and are, therefore, simpler to 
practice (Zhang et al. 2019d). L2 regularization makes the weights minimal but not empty, 
and it produces a non-sparse solution (Hayfron-Acquah et  al. 2003). A data collection’s 
skewness is a numerical measure of how often it deviates from the normal curve. If the 
data distribution means is less than the mode, there may be more graphed dots on the left 
than on the right, resulting in a negative skew distribution (Arshad et al. 2022). Norm spec-
tral regularization is a technique for reducing the resilience of a system to perturbation 
(Jia et al. 2019). Time as a regularizer modifies the learning algorithm slightly to improve 
the model generalization. As a result, the success of the model on previously unseen data 
increases (Karianakis et al. 2017).

2.8 � Activation function

In deep learning, a node’s activation function influences its output by providing input or 
a collection of inputs. A typical integrated circuit may be considered a digital network of 
activation functions that can be turned on or off based on the input. The nonlinear acti-
vation mechanism enables the model to construct complex mappings between the inputs 
and outputs of the network, which are required for studying and modeling complex data 
such as images, video, audio, and nonlinear or high-dimensional datasets (Xia et al. 2019). 
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The most adopted activation function is ReLU (54%), followed by sigmoid (16%), LReLU 
(13%), and others. Figure 11 depicts the most adopted activation functions used in the deep 
learning pipeline to recognize gait.

An activation function with a rectified linear activation (ReLU) is a piecewise linear 
function that outputs the input directly if it is positive and zero otherwise. As a result of the 
corrected linear activation function, the problem of vanishing gradients is resolved, allow-
ing models to learn more quickly and perform better (Nithyakani et al. 2019; Tieu et al. 
2017; Saber et al. 2021). Leaky Rectified Linear Activation or LReLU derivative is one in 
the positive portion and a slight fraction in the negative part (Yu et al. 2017). The sigmoid 
activation function, commonly known as the logistic function, has long been used in neural 
networks to represent the activity of neurons. Using this function, the input is transformed 
to an integer in the range of 0.0 to 1.0 (Alotaibi and Mahmood 2017). Tanh is derived 
from (-1 to 1). The benefit is that in the tanh graph, negative inputs will be mapped highly 
negative, and zero inputs will be mapped near zero (Hayfron-Acquah et al. 2003). The soft-
max function is the activation function in deep network models’ output layer that replicates 
a multinomial probability distribution. For every node in the final layer, softmax activa-
tion produces a single value (Zhang et al. 2019d). Hidden activation functions convert the 
obtained feedback to hold values within a manageable range (Liao et al. 2017). Each output 
dimension depends on each input dimension in a fully connected layer (Liu et al. 2018).

Fig. 11   Most adopted activation 
function
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2.9 � Training parameters

To configure the training and hyper-parameters, one needs much practice and a lot of trial 
and error. Setting hyper-parameters such as learning rate, batch size, momentum, and 
weight decay requires time and effort. Let us start by defining these hyper-parameters. 
These hyper-parameters act as knobs that may be adjusted during the model’s develop-
ment. The most used training parameters are learning rate (59%), followed by SGD (30%), 
momentum (27%), weight decay (13%), and others. Figure  12 depicts the most adopted 
training parameters in gait recognition.

The learning rate is a hyperparameter that indicates how much the algorithm may 
adapt each time the model weights are adjusted in response to the predicted error 
(Xue et al. 2020). Adaptive learning rate aims to reduce the learning rate until the out-
put of the model reaches a peak, such as by a factor of two or an order of magnitude 
(Alotaibi and Mahmood 2017). The gradient descent algorithm uses the expression 
“momentum” (M=0.9). Gradient descent is an optimization algorithm that finds the 
path of the steepest slope in its current state and changes it by going in that direction 
(Wolf et al. 2016). Weight decay is a regularization procedure that involves applying a 
minor penalty to the loss parameter, normally the L2 norm of the weights (Wolf et al. 
2016). Stochastic gradient descent (SGD) is a quick and easy method for fitting lin-
ear classifiers and regressors to convex loss functions (Tong et al. 2017; Zheng et al. 
2022).

Deep architectures with skip connections skip several layers in the neural network 
and feed the output of one layer as a reference to the next layers (Das et  al. 2019). 

Fig. 12   Most adopted training 
parameters
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Backpropagation is a process that uses an optimization algorithm such as gradient 
descent (Swee et al. 2014). The mean function finds the average value of the variables 
(Zhang et al. 2019d). The standard deviation is a calculation of a group of the vari-
ance value. A low standard deviation means that the values are like the mean value of 
the set, while a high standard deviation indicates that the values are distributed across 
a larger spectrum (Rauf et al. 2016). Stochastic neighbor embedding (SNE) is a non-
linear, unsupervised technique for discovering and visualizing high-dimensional data. 
SNE provides a sense of how data is organized in a high-dimensional space (Costilla-
Reyes et al. 2018). The activation feature may be moved to the left or right using the 
bias value to best match the results (Rauf et al. 2016; Marín-Jiménez et al. 2017; Song 
et al. 2019). Algorithms with a low variance but a large bias are usually simpler. Low 
bias with high variance algorithms is more challenging in implementation.

2.10 � Optimizer

An optimizer is a strategy or technique for updating numerous parameters to minimize loss 
with little effort. The most used optimizer is adam (25%), followed by SGD (5%), RMSprop 
(5%), and others. Figure 13 depicts the most adopted Optimizers in gait recognition.

Adam optimizer includes characteristics of both RMSProp and AdaGrad optimiz-
ers to solve noisy problems with sparse gradients (Zhang et al. 2019b). RMSprop uses 
the magnitude of recent gradients to normalize the gradients. Costilla-Reyes et  al. 
(2018) divide the present gradient by a moving average over the root mean squared 
gradients. He et al. (2019) used a discriminator optimizer with steps of the gradients 
accumulated from both the all-real and all-fake batches of the discriminator. Linear 
optimization aims to find the values of the variables that maximize or minimize the 
objective function (Li et  al. 2019b). Unknown variables are represented using prob-
ability distribution functions (Tong et al. 2017).

In a huge gait dataset, euclidean distance can be used to efficiently locate several 
global optima on the questing landscape over certain commonly utilized multimodal 
optimization test functions (Ling 2019; Wu et al. 2016). The learned parameters are 

Fig. 13   Most adopted optimizer details
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restricted to 0 or 1 in a binary connect optimizer (Castro et al. 2019). Iteratively run-
ning the model and comparing predicted forecasts to ground reality is used to meas-
ure the residual error cost function (Luo and Tjahjadi 2020). The method of apply-
ing details to a task-specific optimizer to avoid overfitting is known as regularizing 
retraining (Yan et al. 2015). Yu et al. (2019) used an optimizer to improve interclass 
distance and decrease the intraclass distance. To evaluate and visualize results, use 
least square error, where the objective (error) function is a quadratic function of a 
parameter(s) being optimized (Yu et al. 2017). In a multi-loss strategy, a model must 
balance several parameters, and the usual solution is to reduce a loss function that is 
the weighted total of the parameters (Liao et  al. 2017). Momentum optimization is 
a technique that aids in the acceleration of SGD in the desired direction (Yao et  al. 
2018). In multiobjective optimization issues, the manhattan distance approach to mul-
tiple criterion decision making is used (Mehmood et al. 2020). 2-fold cross-validation 
is a method for evaluating predictive models that divides the initial dataset into a train 
and test set to learn and validate the model (Li et al. 2017a).

Feature optimization reduces feature space by picking and utilizing functions spe-
cific to answers and readily distinguishable from other samples (Jia et al. 2017). The 
objective function is a real-valued function whose value must be reduced or maxi-
mized over all possible options. It is conceivable that there are many ideal solutions; 
in reality, there may be an infinite number of them (Hu et al. 2048). Restrictive triplet 
loss is a loss function that compares a baseline input to a positive and negative input. 
The distance between the baseline input and the positive input is kept as small as pos-
sible, whereas the gap between the baseline input and the negative input is kept as 
large as possible (Huang et  al. 2018). Stochastic gradient descent is computing the 
derivative from each training data instance and immediately calculating the change 
(Marín-Jiménez et al. 2017). The mean square error (MSE) is used to see how accu-
rate predictions or projections are to real values. MSE is a model validation metric for 
regression models, and the lower the value, the better the fit (Khan et al. 2020). The 
squared-error loss is a kind of loss function that grows quadratically with the differ-
ence and is used in estimators such as linear regression, impartial statistics estima-
tion, and several areas of machine learning (Xu et al. 2020).

A discrete time stochastic management loop is the markov decision process. It 
offers a statistical basis for modeling decision making in contexts where results are 
partly unpredictable and partly regulated by a decision maker (Haque et  al. 2016). 
Reinforcement learning aims to choose the best-known response for each given state, 
which necessitates ranking and assigns relative values to the behaviors (Karianakis 
et  al. 2017). Weight sharing develops much more powerful optimization algorithms 
that enable neural networks to manage problems more effectively, allowing them to 
learn faster and perform better (Liu et al. 2018). The efficiency of a classifier whose 
output is a probable number between 0 and 1 is measured by cross-entropy loss. 
Cross-entropy loss rises as the expected likelihood differs from the actual label (Tong 
et  al. 2018). Gaussian distribution is based on an inferior solution repair method to 
modify the ill-shaped distribution of the dataset (Rauf et  al. 2016). Discrimination 
capability (Carley et  al. 2019)across viewpoints is used to determine the most dis-
criminating gait features. Zero-mean gaussian is used in (Song et  al. 2019), and the 
value of standard deviation is one. Backpropagation is a technique to backpropagate 
errors while training the model (McLaughlin et al. 2016) by changing the parameters 
(weights and biases). Multi-layer perceptron is used in Arshad et  al. (2022), which 
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uses backpropagation to train the model. Proper weight adjustment in backpropaga-
tion reduces error rates and improves model tuning by increasing generalization.

2.11 � Loss function

A loss function, also known as a cost function, is a mathematical function that converts an 
occurrence or the values of one or more variables into a real number to depict the “cost” 
associated with it. A loss function is minimized in an optimization problem. Figure 14 rep-
resents various loss functions used in literature.

Fig. 14   Most adopted loss function details

Fig. 15   Most adopted classification functions
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Figure 14 depicts the most adopted loss functions in gait recognition. The most used loss 
function is cross-entropy loss (15%), followed by triplet loss (12%), contrastive loss(11%), 
euclidian loss (9%), and others.

2.12 � Classification

The last step of a gait recognition identification process is classification. A classification 
layer matches the labels and classifies/arranges them to the highest predicted labels. Fig-
ure 15 depicts the most adopted classification techniques. The ratio of the most used clas-
sification technique is softmax (45%), followed by the nearest neighbor (8%), then SVM 
(7%), and then the rest.

Classification can be categorized as binary classification with just two classes (0 or 
1) or a multi-class grouping with several levels. The process of categorizing the ele-
ments of a collection into two classes depending on a classification criterion is known 
as binary classification (Makihara et  al. 2018). For binary classification problems, 
logistic regression is the go-to approach (Tong et al. 2019). A sigmoid function is a 
mathematical equation with a distinctive “S”-shaped form, also known as a sigmoid 
curve, and described by the formula S(x) = 1/1+e-x (Liu and Liu 2020). Backpropa-
gation is a supervised learning algorithm for artificial neural networks that employ 
gradient descent (Song et  al. 2019). Regression is a set of mathematical procedures 
for measuring the associations between a dependent variable (often called the ’out-
come variable’) and one or more independent variables (often referred to as predic-
tors, covariates, or features). Linear regression is the most general form of regression 
analysis, in which a researcher seeks the line that best matches the data according to a 
certain mathematical criterion (Das et al. 2019). The softmax classifier takes its name 
from the softmax algorithm, which is used to squash raw class scores into normalized 
positive values that amount to one, allowing the implementation of cross-entropy loss 
(Shiraga et al. 2016; Sakai et al. 2019; Zhu et al. 2018).

A classification layer implements a technique for determining cross-entropy loss in 
multi-class classification problems involving mutually exclusive groups. SVM (super-
vised machine learning ) algorithms are supervised learning algorithms that may be 
used to solve problems like classification and regression. The data is modified using 
a technique known as the kernel trick, and then an ideal border between the differ-
ent transformation outputs is determined using this method (Chen et  al. 2018). Lin-
ear SVM seeks the hyperplane with a gap between the different data points in the 
training set so that it classifies data with linear line (Yeoh et al. 2016). Multi SVMs 
are typically built by merging many two-class SVMs (Mehmood et  al. 2020). The 
nearest centroid classifier, also known as the prototype classifier, is a classification 
model that labels observations based on the mean (centroid) of the training sample 
class, which is closest to the observation (Alotaibi and Mahmood 2017). The nearest 
neighbor analysis quantifies the propagation or distribution of something through a 
spatial space. It gives a numerical meaning representing how clustered or uniformly 
distributed a group of points can be (Sokolova and Konushin 2017). The K nearest 
neighbors approach gathers all available samples and categorizes them into similarity 
matrix (e.g., distance functions) (Mehmood et  al. 2020). The fully connected layer 
uses the outputs of the convolution/pooling stage to classify them to the predicted 
output (Zhang et al. 2019f).
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Cross reconstruction attempts to create latent relations between various modalities, 
thus reducing feature space distribution variations (Li et al. 2020a). The discrimina-
tor also acts as a classifier. It attempts to differentiate between actual data and data 
produced by the generator. It could employ any network design suitable to the form of 
data being classified (Zhang et al. 2019e). Wasserstein generative adversarial network 
is a GAN extension that increases model consistency during learning and offers a 
loss function that corresponds with image quality (Uddin et al. 2019a). The autoen-
coder classification method is like anomaly detection, which learns the pattern of a 
regular operation (Zhang et al. 2019a). Latent Semantic Analysis is used for extract-
ing and expressing the contextual use-value of terms using mathematical computa-
tions on a vast corpus of text (Ling 2019). A directed acyclic graph framework in 
which each node contains a classifier. Classification algorithms are designed to clas-
sify class labels that are located near the root of the hierarchy (Castro et al. 2020). In 
the context of a tree structure, a decision tree constructs classification or regression 
models. It incrementally divides data into smaller subsets while developing an associ-
ated decision tree. Consequently, a tree containing decision and leaf nodes is created 
(Jia et al. 2017). Triplet loss is often seen in situations where the number of groups 
is uncertain, such as gait identification. With a triplet loss, qualified embedding can 
quickly determine if two gaits are similar and can set a threshold to determine if 
they belong to the same individual or not (Zhang et al. 2019c). The Metric learning 
approach is used for automatically building distance measures from supervised results 
(Ben et al. 2019). The horizontal pyramid pooling method is resistant to object defor-
mations (Chao et al. 2019).

When using triplet training pairs, the loss function is always triplet ranking loss 
(Xu et al. 2020). Recurrent attention models are neural networks that enable the net-
work to concentrate on aspects of a complicated input one at a time before the whole 
dataset is classified (Haque et al. 2016). On a multilayer feed-forward neural network, 
the backpropagation algorithm conducts the learning. It learns a set of weights for 
repeatedly predicting tuples’ class labels. Uddin et al. (2019b). LSTM is a recurrent 
neural network that does classification based on time series data (Battistone and Pet-
rosino 2019). The length of a line segment connecting two points in euclidean space 
is described as the euclidean distance (Fan et al. 2020). The histogram distance is a 
vector and probabilistic metric. A histogram is treated as a fixed-dimensional param-
eter in the vector method. As a result, regular vector norms, including city block, 
euclidean, and intersection, can be used as distance scales (Jia et  al. 2019). GaitSet 
extracts and classifies all spatial and temporal data as a reference or series method 
more accurately and reliably than current gait (He et al. 2020). A linear layer learns 
the average coefficient of correlation between the output and the input with no bias; 
for example, w will be positive if x and y are positively linked, and w will be negative 
if x and y are negatively correlated (Xue et al. 2020). An All-layer margin increases 
the chances of misclassification in deep networks. The relationship between normal-
ized output margin and generalization is captured in a plain and easy bound for linear 
classifiers where a broad output margin implies strong generalization (Xu et al. 2019).

2.13 � System configuration, GPU details, framework and language used

A graphics processing unit (GPU) is a small computer dedicated to a particular task. It 
differs from a CPU that does several jobs at the same time. GPUs have their processors, 
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motherboards, vRAM (visual RAM) and a proper thermal design for ventilation and cool-
ing. Table 4 provides an overview of platforms used by authors to run their gait recognition 
algorithms.

2.13.1 � Platform details

GPUs are employed to run gait recognition algorithms in 35% of the cited articles, whereas 
CPUs are used in 65 percent.

2.13.2 � System configuration

Most covariates like clothing, carrying variations, and spatial-temporal features require 
high system configuration with GPU, as depicted by Table 4.

2.13.3 � Framework used

The most common ones are cuda and cuDNN, MatConvNet, Caffe, TensorFlow, PyTorch, 
and Keras.

2.13.4 � Language used

The reviewed articles have used three languages- python is mostly used, followed by Mat-
lab, and very few used C++.

3 � Features of deep learning

The trend in different pattern recognition disciplines is a push towards deep learning algo-
rithms that avoid precisely handcrafting feature extraction methods by discovering the dis-
criminating regularities in raw data. Early gait recognition system gets less accurate results 
than using deep learning approaches. We provide the benefits and limitations of the deep 
learning pipelines in the articles reviewed with respect to covariate conditions (mentioned 
in Parashar et al. (2022)) in Table 5. The table shows how such models have been effec-
tively used to recognize or identify human gait.

3.1 � Shortcomings and solutions

We met several unanswered questions when analyzing a huge number of research pub-
lications and applying some of the recommended answers. The correct answers to these 
questions may lead to a significant expansion of knowledge and understanding in this deep 
learning field. For every research gap, we propose possible solutions.

3.1.1 � Research gaps

Appearance-based approaches are less complicated, but their accuracy is not very precise. 
Using deep learning to handle covariates is still problematic due to the lower accuracy of 
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the gait recognition algorithm. The accuracy of gait detection algorithms is limited because 
no gait algorithm can handle real-time data. Real-time analytics is problematic because of 
a lack of real-time processing of deep learning architectures and massive datasets covering 
all relevant situations. Temporal characteristics, multi-gait, and speed variation got rela-
tively less attention in current research. Privacy is still challenging in gait recognition sys-
tems, and there is only a tiny amount of current research devoted to security problems. 3-D 
datasets are more accurate than 2-D datasets, and their availability is sparse.

3.1.2 � Possible solutions that can be tried

To develop an optimized deep learning model, all the parameters must be hyper tuned 
for as many covariate scenarios as possible. More real-time datasets should be created to 

Fig. 16   Description of accuracy achieved in various covariate conditions with the dataset used
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ensure that training is rigorous and to improve the recognition accuracy. Real-time ana-
lytics may be performed utilizing powerful hardware designs and by creating optimized 
deep architectures that operate on massive datasets and account for all covariates. To cap-
ture all the covariate situations in real-time, several gait pipelines should be created and 
combined with working efficiently on various datasets. For training gait recognition algo-
rithms, hyper-tuning should be done according to real-time datasets rather than manually 
preprocessing their datasets. LSTM may be combined with other encoders as a deep learn-
ing pipeline to capture temporal information and speed variation. Multi-gait issues may be 
addressed using real-time datasets. To make it a cost-effective solution, further approaches 
for capturing 3D datasets or converting 2D datasets to 3D datasets should be developed.

Deep learning can automatically learn features without the need for pre-defined feature 
extractors. However, deep learning approaches have considerable drawbacks. Deep learn-
ing depends entirely on the dataset used to learn feature representation; as a result, the 
ability to generalize results may be hindered. Any covariate change in the dataset affects 
the output quality of the deep learning model. More real-time datasets are required to train 
strong deep networks with authoritative, extensive, and dependable benchmarks. As stated 
earlier, deep learning techniques are inherently black boxes. Through output visualization 
of layers, efforts have been made to comprehend the learning process of a particular net-
work. Figure 16 gives a detailed description of the accuracy of the dataset used in each 
paper. Various accuracies of covariate conditions are depicted, including occlusion, view 
variation, clothing, carrying condition, adversarial, speed variation, cross-view, multi-
modal, spatial-temporal, and multi-gait.

A considerable amount of work has been done in covariate conditions like clothing, 
cross-view, and spatial-temporal parts while recognizing gait. On the other hand, very little 
work is done under multi-gait, adversarial, multimodal, anonymization, and speed varia-
tion. Using dataset TUM-IITKGP, occlusion gives the best accuracy (Fig. 16 a); however, 
the accuracy of the OULP, OU-MVLP and CASIA B datasets is low. Researchers should 
consider datasets like OULP and OU-MVLP when developing deep learning solutions. 
The deep learning architecture should be built in such a way that it is able to deal with 
any dataset. Figure 12b shows the view variation results. CASIA dataset B obtains accept-
able results in this figure, but not OU-MVLP, because OU-MVLP has more subjects than 
CASIA B. In the OU-MVLP dataset, there are 10307 subjects, whereas, in the CASIA 
B dataset, there are only 124; therefore, other deep learning techniques should be imple-
mented to improve results when using the OU-MVLP dataset. The best accuracy for cloth-
ing and carrying variations can be seen in Fig.  12 (c) using the datasets CASIA B and 
USF. TUM-GAID and FVG both require a significant amount of work. Only a few datasets, 
such as TUM-IITKGP, have not been considered in the previous research. One sequence 
in TUM-IITKGP is of a long gown, which can be an excellent example of clothing varia-
tion. It is important to consider the TUM-IITKGP dataset because if there is a lot of vari-
ation in a dataset to train a deep learning algorithm, then the model is capable of real-time 
recognition.

The true power of deep learning can be seen when training with larger datasets, such 
as OU-MVLP. After training, hyper tuning of the parameters must be done to improve 
accuracy. Figure  12 (i) (d) shows that randomly generated datasets can produce accept-
able results for multi-gait and adversarial attacks. In Fig. 12f, the cross-view covariate is 
shown. This figure shows the best results on the OULP and CASIA B datasets. The OU-
MVLP dataset (Xu et al. 2020) shows unacceptable results. In Fig. 12h, spatial and tem-
poral covariates are given. This figure shows how well datasets like UPCV gait K2 and 
UPCV gait perform under spatial and temporal constraints. Datasets like BIWI and IIT 
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PAVIS have not produced satisfactory results, and much work in deep learning is needed to 
improve these datasets. Figure 12e and g show that very little work has been done in speed 
variation and multimodal systems, and acceptable results have not been obtained.

The use of deep learning on small datasets presents a challenge because, in general, the 
“power” of deep learning in recognizing patterns is proportional to the size of the data-
set; the smaller the dataset, the less powerful and accurate the deep learning algorithms 
are. This presents a challenge for those who wish to use deep learning on small datasets 
because of this. Researchers have the option of using data augmentation approaches to 
bridge this gap.

3.2 � Future direction

The deep learning frameworks that are now available perform exceptionally well in various 
contexts to deal with various covariate circumstances. However, their application raises 
a number of problems that need answering. The first challenge is making an informed 
decision on an appropriate framework. Next, what kinds of information can deep learning 
models capture? Nonetheless, how can hostile attempts readily trick the gait recognition 
system? In the end, what is the most basic configuration of a deep neural network capable 
of achieving a specific level of accuracy on a specific dataset, and how can the most suc-
cessful aspects of several designs be combined to improve the system?

4 � Conclusion

Let’s compare the gait recognition system to other forms of biometrics, such as fingerprint, 
face, voice, and iris recognition. Gait recognition is still in its infancy, but its unobtrusive 
nature makes it more appealing than other methods for several applications. However, the 
covariates have hindered the effective use of this biometric in all situations. This paper 
identified numerous parameters of the deep learning pipeline for gait recognition cover-
ing all the covariate conditions like occlusion, clothing, carrying condition, view variation, 
cross-view, spatial-temporal, multi-gait, adversarial, multimodal, anonymization, and walk 
speed variation. Along with the accuracy of the methods, we also assessed a collection of 
datasets appropriate for training deep learning approaches to handle a variety of covari-
ates. On top of that, we reviewed the most recent deep learning models for every parameter 
and highlighted the ones that performed exceptionally well on various covariate conditions. 
The possible benefits and limitations of deep learning techniques have also been listed. 
Research gaps were highlighted with respect to covariate-based papers using deep learning 
approaches. Their solutions are also proposed, and finally, we looked at the most depicted 
gait recognition methods of deep learning. Comparison of accuracy achieved and the data-
sets used are also discussed to uncover the overlooked areas in gait recognition so that they 
can be implemented in time to come.

Most of the literature employs automated CNN layers to collect and categorize the fea-
ture set. Hyper tuning of CNN parameters is challenging and varies from dataset to dataset. 
Pre-trained deep networks are widely utilized in gait surveillance systems. Still, the results 
are low for a few real-time datasets, while the accuracy is suitable for some manually pre-
processed datasets. Parameters and layers of deep learning must be studied properly with 
respect to gait recognition, and values of setting parameters should be compared with the 
previous state-of-the-art methods.
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Appendix A: Abbreviations

Abbreviations used in this paper are given in Fig. 16 in tabular form (Table 6) 

Author contributions  AP, AP: Conceptualization, Data acquisition, Analysis and interpretation of data, 
Investigation, Visualization, Writing - original draft. WD: Research Co-Supervisor, Contributed to refining 
the ideas, Reviewing, Editing and Finalizing this paper. RSS: Research Supervisor, Reviewing. IR: Contrib-
uted to refining the ideas, Reviewing and Finalizing this paper.

Table 6   Feature extraction and representation details

Abb. Full form Abb. Full form

DL Deep Learning DCNN Deep Convolutional Neural Network
BCE Binary Cross Entropy DNN Deep Neural Network
CCE Categorical Cross Entropy PReLU Parametric Rectification
SGD Stochastic Gradient Decent ReLU Rectified Linear Unit
MSE Mean Square Error LReLU Leaky Rectified Linear Unit
WD Weight Decay LSTM Long Short-Term Memory
LR Learning Rate FCL Focal Convolution Layer
M Momentum LDA Linear Discriminant Analysis
BP Back Propagation PCA Principal Component Analysis
SNE Stochastic Neighbor Embedding DCT Discrete Cosine Transform
SD Standard Deviation GAN Generative Adversarial Network
MSE Mean Square Error BS Background Subtraction
ED Euclidean Distance GEI Gait Energy Image
LRL Logistic Regression Loss OF Optical Flow
PSO Particle Swarm Optimization SSA Stacked Sparse Autoencoder
RMSP Root Mean Square Propagation SSM Silhouette Stereo Map
GA Genetic Algorithm CFA Canonical Feature Aggregation
CGI Chrono Gait Image PFA Pose Feature Aggregation
IMU Inertial Measurement Unit GMM Gaussian Mixture Model
BN Batch Normalization F CNN Fully Convolutional Neural Network
LRN Local Response Normalization HMM Hidden Markov Model
NAC Normalized Auto Correlation NDNN Non-Linear Deep Neural Network
SNR Spectral Norm Regularization COG Centre of Gravity
NN Nearest Neighbor RNN Recurrent Neural Network
KNN K Nearest Neighbor DRN Deep Recurrent Network
NC Nearest Centroid MB Model Based
SVM Support Vector Machine PB Pose Based
SNN Spiking Neural Networks MF Model Free
CNN Convolution Neural Network SNN Siamese Neural Network
MLP Multilayer Perceptron BCC Binary Cross Entropy
DCRNN Deep Convolutional and Recurrent 

Neural Network
ABGAN Alpha Blending Generative Adver-

sarial Networks
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