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applications. However, the performance of gait recogni-
tion is affected by various variations, including cross-view 
variations, carrying or clothing conditions, or walking speed 
changes. One of the key challenges in gait recognition is to 
minimize the impact of these variations and extract invari-
ant gait features. Various methods have been proposed to 
extract gait features. For example, a Gait Energy Image 
(GEI) [1] is generated by averaging the aligned Q2sil-
houettes of gait sequences into a single image. Similarly, 
Chrono Gait Image (CGI) [2], Gait Entropy Image (GEnI) 
[3], Gait Flow Image (GFI) [16], and Period Energy Image 
(PEI) [4] also aggregate the gait cycle into one image to 
represent gait. Recently, numerous approaches have uti-
lized convolutional neural networks (CNNs) to generate 
gait feature representations, leading to significant perfor-
mance improvements. These methods can be categorized 
into global and local feature-based approaches [5]. Global 
feature-based approaches extract features from the whole 
silhouette. For instance, Wu et al. [8] presented a CNN-LB 
method that automatically learns distinctive gait features 

1  Introduction

Gait recognition is a biometric technology used to identify 
individuals based on their unique body shapes and walk-
ing styles. It enables the recognition of persons from a con-
siderable distance or at low resolution, which is often not 
possible with other biometric methods such as face, finger-
print, or palm print recognition. Furthermore, gait recogni-
tion does not require active cooperation from the subject, 
making it particularly advantageous for video surveillance 
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Abstract
Gait, a behavior-based biometric feature, has gained increasing popularity in human identification, particularly in sur-
veillance systems, due to its ability to function without physical contact or explicit consent. Traditional silhouette-based 
methods have demonstrated that different body parts exhibit distinct movement patterns during walking, thereby enhancing 
recognition accuracy. In this study, we propose an improved part-based gait recognition approach by leveraging ensemble 
learning on local body regions. The Gait Energy Image (GEI) is segmented into five horizontal parts, and ensemble 
learning is applied to the convolutional neural network (CNN) responsible for their processing. A separate MetaModel is 
trained for each body part to integrate the part-based features obtained from ensemble learning and synthesize the most 
discriminative ones. Additionally, a part-removal process is introduced to mitigate the effects of appearance-based varia-
tions by analyzing absolute differences between images with and without variations. The aggregated most distinctive 
features contribute to robust recognition. We evaluate our proposed approach on the CASIA-B, CASIA-C, and Outdoor-
Gait datasets, and experimental results indicate that ensemble learning significantly enhances part-based gait recognition 
performance under various appearance variations, outperforming several state-of-the-art methods. The datasets and source 
code are available at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​b​​u​s​r​​a​k​c​​k​u​g​​u​r​l​​u​/​E​n​​h​a​​n​c​i​​n​g​-​P​​a​r​t​​-​b​a​​s​e​d​​-​G​a​​i​t​-​R​​e​c​​o​g​n​​i​t​i​o​​n​-​v​​i​a​-​​E​n​s​​e​m​b​​l​e​-​L​​e​a​​r​n​i​​n​g​-​a​​
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from GEI pairs. Chao et al. [6] extracted the frame-level 
global features from unordered silhouette images. Jimenez 
et al. [9] introduced a multi-modal network that fuses four 
different global modalities, including silhouettes. In con-
trast, local feature-based approaches focus on extracting 
features from specific regions of the silhouettes and then 
combining them for improved recognition. For instance, 
Zhang et al. [7] divide the silhouettes into four horizontal 
parts and fuse the features extracted from each part using 
separate CNNs. Fan et al. [10] introduced a temporal part-
based framework that includes a focal convolution layer. 
Lin et al. [5] designed a 3D CNN framework to extract both 
global and local features for discriminative gait represen-
tations. Based on the performance of the aforementioned 
part-based methods, this paper improves the overall perfor-
mance of a simple part-based CNN architecture by applying 
ensemble learning, which enhances the robustness of fea-
tures extracted by CNN models for each body part. Several 
reasons can be listed as to why ensemble learning frequently 
enhances predictive performance [44]:

	● When only a small dataset is available, a model may 
learn patterns that fit the training data perfectly but fail 
to generalize to unseen data. Averaging predictions 
from multiple models reduces the risk of choosing an 
incorrect prediction, thus improving overall prediction 
performance.

	● Single models that rely on local search algorithms may 
get trapped in local minima. However, by combining 
multiple learners, ensemble learning reduces the risk of 
obtaining a local minimum.

	● A correct prediction may be outside the search space 
of a single model. By aggregating multiple models, the 
search space can be expanded or varied, leading to a 
more suitable search area for the data and increasing the 
probability of reaching the correct prediction.

Ensemble learning techniques have demonstrated remark-
able success in various domains, particularly in human 
activity recognition, person re-identification, and action 
recognition, where their ability to improve prediction accu-
racy through model diversity has been well-established. For 
instance, in the field of human activity recognition, Gupta 
and Semwal [45] introduced an ensemble learning approach 
that applies different classification algorithms such as Sup-
port Vector Machine (SVM), K-Nearest Neighbor (KNN), 
Extreme Learning Machine (ELM), and Principal Compo-
nent Analysis (PCA) for multi-activity gait classification 
based on the fact that the combination of different classifiers 
provides average performance that avoids overfitting and is 
less dependent on hyper-parameters. In another study [46], it 
has been proven that the proposed ensemble learning hybrid 

model based on CNNs outperforms each of the other hybrid 
models. In person re-identification, Ye et al. [47] proposed a 
collaborative ensemble learning strategy that improves the 
performance of a two-stream CNN by facilitating knowledge 
transfer among different classifiers with fewer hyperparam-
eters. In a separate study [48], a multi-branch architecture 
with self-ensemble learning was introduced, which utilizes 
self-ensemble prediction to increase the quality of mean 
teacher-based soft labels. In a study for three-dimensional 
(3D) action recognition conducted by Liang et al. [49], one 
stage of the proposed three-stream CNN incorporates a mul-
titask and ensemble learning network to enhance its gener-
alization ability. Xu et al. [50] proposed an ensemble neural 
network for skeleton-based action recognition, consisting 
of four one-dimensional (1D) CNN subnets with residual 
structures to extract diverse and complementary features. 
Then, they fused four subnets into a single ensemble net-
work, achieving remarkable performance. While ensemble 
learning has been proven to yield successful results in areas 
such as human activity recognition, person re-identification, 
and action recognition, its application in gait recognition 
has remained relatively underexplored and limited. For 
instance, in a study proposed by Wang and Yan [22], a new 
gait feature is extracted based on the distance between two 
gait regions, then a set of view-dependent Hidden Markov 
Model (HMM) learners are trained separately according to 
different views of the same individual. Finally, a set of view-
dependent learners are ensembled to classify gaits. In another 
study [21], random sampling with a replacement strategy is 
used to generate a series of training sets from GEIs, then 
primary CNNs with different hyperparameters are trained, 
and finally, a secondary classifier is used to ensemble CNN 
models. However, these studies have certain methodologi-
cal and experimental limitations. In particular, the absence 
of gallery and probe dataset partitioning makes it difficult 
to compare their results with state-of-the-art studies, which 
is essential for demonstrating the effectiveness of ensemble 
learning. In this study, we employ two distinct ensemble 
learning approaches—k-fold cross-validation and boot-
strap aggregating—to extract the most informative features 
from different human body parts. Furthermore, we propose 
a MetaModel (MM) that effectively integrates the outputs 
of the ensemble architecture members. As a result, overall 
performance is enhanced, and comprehensive experiments 
are conducted on three benchmark datasets: CASIA-B [27], 
CASIA-C [28], and Outdoor-Gait [29]. The following steps 
are carried out in sequence: (1) The GEI is partitioned into 
five distinct horizontal parts. (2) To enhance the robustness 
of the features extracted from each part, n different homo-
geneous CNN networks are trained separately for each 
part. An MM is then trained for each of n different features, 
each of dimension d, extracted from the homogeneous 
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networks. The most distinctive feature with dimension d is 
then produced for the current part through the MM. (3) The 
extracted five distinctive features are combined to achieve 
robust recognition. (4) A part-removal process is performed 
by calculating an absolute difference image over GEI with 
and without variations to handle different appearance-based 
variations. According to the calculated absolute difference 
image, a specific threshold value is determined for each 
horizontal part, and the horizontal parts above this threshold 
value are removed from the recognition process.

In the remaining part of the paper, Sect. 2 presents the 
related work. Section 3 describes the proposed method in 
detail. Experiments and results are presented in Sect. 4, and 
the last section concludes the paper.

2  Related work

Previous studies on gait recognition can be grouped 
into model-based and appearance-based approaches. 
The first group, model-based approaches, focuses 
on extracting the skeleton or structural features of 
the human body. They reconstruct a 3D model of the 
human body [11, 12] utilizing gait videos captured 
from multiple cameras at different view angles. For 
example, Liao et al. [13] proposed PoseGait, which 
leverages 3D human body joints as a feature for a 
CNN architecture. On the other hand, Teepe et al. 
[14] introduced GaitGraph, which combines skeleton 
poses with a Graph Convolutional Network (GCN). 
Recently, Li et al. [15] presented Cyclegait, which uti-
lizes sequences of skeleton coordinates. Model-based 
methods are highly robust to cross-view variations; 
however, reconstructing a 3D model is complex and 
challenging in real-world scenarios due to the require-
ment for specialized cameras.

On the other hand, in appearance-based approaches, 
gait patterns are usually generated based on the gait 
period [1–4, 16, 43]. Among the generated gait pat-
terns, the most commonly used gait pattern is GEI, 
which represents the dynamic and physical features 
in an image [1]. CGI, GEnI, GFI, and PEI are other 
gait patterns generated similarly to GEI. Motivated by 
the remarkable achievements of CNNs in recent years, 
CNN-based solutions have been increasingly applied 
in gait recognition [59, 60]. Wu et al. [8] applied 
3D convolutions to extract spatio-temporal features 
from GEIs and learn pair-wise similarities, aiming to 
develop a general descriptor for human gait. Similarly, 
Wolf et al. [20] presented a 3D CNN model using a 

custom input format consisting of the grayscale image 
and optical flow in the horizontal and vertical direc-
tions. Takemura et al. [17] designed a Siamese net-
work with a pair of input GEIs by optimizing the 
input, output, and loss functions of CNNs. Chao et 
al. [6] introduced an end-to-end deep learning model 
GaitSet, which extracts gait features from independent 
silhouettes. This architecture primarily consists of an 
operation called Set Pooling (SP), which aggregates 
frame-level features into a single set-level feature, 
and a structure called Horizontal Pyramid Mapping 
(HPM), which maps the set-level feature into a more 
discriminative space. In another study, Zhao et al. [51] 
used GaitSet as the backbone network and proposed a 
multi-modal network that uses pose heatmaps along 
with silhouettes to simultaneously gather part and body 
motion information. Elharrouss et al. [18] utilized 
GEIs for angle estimation and gait recognition using 
multitask CNN models. They first extracted GEIs by 
applying background subtraction techniques to detect 
moving objects. Then, the multitask CNN estimated 
the gait angle and performed the recognition process. 
Hou et al. [19] proposed a network named Gait Lat-
eral Network (GLN), which can learn discriminative 
and compact representations from the silhouettes and 
leverage the inherent feature pyramid in deep CNNs 
to enhance the gait representations. However, the 
aforementioned studies focus on gait representations 
based on global information, which are more sensitive 
to appearance variations and may neglect fine-grained 
body part details. Therefore, numerous studies have 
utilized local features rather than global features to 
improve the robustness of gait feature representa-
tion. For instance, Fan et al. [10] introduced GaitPart, 
a model that captures part-level spatial features and 
local micro-motion features by employing a focal 
convolution layer. The model has two components a 
Frame-level Part Feature Extractor (FPFE) to learn the 
part-level spatial features and a Micromotion Capture 
Module (MCM) to model the local micro-motions fea-
tures. Zhang et al. [7] proposed a temporal attention 
model to extract distinct features from four horizon-
tal parts of silhouettes. In the model, multiple sepa-
rate hybrid CNN- Long Short-Term Memory (LSTM) 
architecture is trained for each local body part. Lin 
et al. [5] presented a 3D CNNs framework to attain 
discriminative representations from both global and 
local information of the gait frames. They developed 
a Global and Local Feature Extractor (GLFE) module 
to aggregate global and local features in a principal 
manner and a new operation, namely Local Tempo-
ral Aggregation (LTA), to further preserve spatial 
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complementary information of the silhouette and skel-
eton modalities. They abstracted parts of the human 
body and the motion linkages between parts or joints 
as graphs. It can be observed that the primary objec-
tive of these methods is to design an architecture that 
can most effectively achieve gait recognition, either 
by extracting global and local features more efficiently 
or by modeling the relationships among the extracted 
local features in the most meaningful way. They also 
generally do not directly focus on local areas affected 
by appearance-based variation. In this study, we intro-
duce an ensemble learning method to extract the most 
effective and robust features from local regions in a 
novel way. First, we utilize horizontal GEI segments 
for recognition, then apply ensemble learning to the 
CNNs responsible for each local partition of the GEI 
to improve the overall network performance. In addi-
tion, we propose a part-elimination process for regions 
affected by appearance-based variations. Furthermore, 
we assess the effectiveness of this approach across 
three distinct datasets: CASIA-B [27], CASIA-C [28], 
and Outdoor-Gait [29].

3  Methodology

The Gait Energy Image (GEI) [1] is an effective and 
efficient gait pattern that captures both spatial and tem-
poral characteristics of human movement. Compared 
to other gait representations, GEI reflects the overall 
shapes of gait silhouettes and their changes within a 
cycle while being relatively insensitive to contour dis-
tortions and small-scale changes [21]. In this study, 
the GEI pattern is divided into five horizontal parts to 
focus on local regions. Subsequently, ensemble learn-
ing is applied to extract features from each part, lead-
ing to more robust feature representations.

3.1  Ensemble learning

Ensemble learning aims to enhance prediction accuracy by 
combining multiple models. The basic idea is to obtain bet-
ter results by using the strengths of different models. In this 
approach, different models or variations of the same model 
are employed to evaluate data from multiple perspectives. 
The predictions from individual models are aggregated using 
voting, averaging, or more advanced fusion techniques [23]. 
Traditional ensemble learning involves integrating conven-
tional machine learning models and applying them across 
various domains. Due to its generalizability and ability to 

information. Sepas-Moghaddam and Etemad [53] 
proposed a model that first extracts gait convolutional 
energy maps (GCEM) from frame-level convolutional 
features. The model then used an attentive recurrent 
model to learn the relations between different par-
tial representations from split bins of the GCEM. In 
another study [54], a capsule network is adopted to 
learn deeper part-whole relationships. The network 
first obtains multi-scale partial representations and 
then recurrently learns the correlations and co-occur-
rences of the patterns among the partial features in 
forward and backward directions using Bidirectional 
Gated Recurrent Units (BGRU). Li et al. [52] intro-
duced GaitSlice, which uses a Slice Extraction Device 
(SED) to form top-down inter-related slice features 
and a Residual Frame Attention Mechanism (RFAM) 
to acquire and highlight keyframes temporally. Thus, 
they analyzed human gait based on spatio-temporal 
slice features. Ma et al. [55] proposed a new frame-
work that actual gait features include global motion 
patterns in multiple key regions and each global 
motion pattern is composed of a series of local motion 
patterns. They created a dynamic attention mechanism 
between the features of neighboring pixels that not 
only adaptively focuses on key regions but also gener-
ates more expressive local motion patterns. Chen et al. 
[56] proposed a framework called GaitAMR, which 
employs a holistic and partial temporal aggregation 
strategy to extract body movement descriptors both 
globally and locally. In the view domain, GaitAMR 
treats features selected from the optimal view as com-
plementary information to the spatiotemporal domain. 
Meanwhile, in the temporal domain, it focuses on 
capturing rich and unique temporal associations in the 
subject’s motion trajectory, both globally and partially. 
Wei et al. [57] introduce a Multi-scale Network for 
Gait Recognition (GMSN), which comprises two key 
modules: a Multi-scale Feature Extractor (MSFE) and 
a Part-based Horizontal Mapping (PHM). The MSFE 
utilizes parallel multi-scale CNNs to extract features 
at different scales, capturing local and global infor-
mation for a more comprehensive gait representation. 
Meanwhile, the PHM enhances the learning of critical 
body parts, emphasizing clear contours and movement 
patterns. In another study, Pan et al. [58] designed 
Local Relation Convolutional (LRConv) layers, which 
extract local detailed gait features by preserving edge 
detail information and leveraging contextual correla-
tion, along with the Human Body Focusing (HBF) 
module, which focuses on gait parts that are less 
affected by clothing occlusion. Xiong et al. [41] used 
a multimodal co-learning-based network to mine the 
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ensemble learning for gait recognition exhibit certain meth-
odological limitations and have not demonstrated consistent 
improvements on benchmark datasets. In this study, part-
based gait recognition is performed using ensemble learn-
ing. To achieve diversity in data sampling, we employ two 
essential methods: k-fold cross-validation and bootstrap 
aggregating, or bagging. Additionally, detailed experiments 
are conducted on three different datasets: CASIA-B [27], 
CASIA-C [28], and Outdoor-Gait [29].

3.2  Part-Based gait

Part-based gait recognition has been investigated in 
many studies before, based on the observation that 
specific body parts exhibit unique movement charac-
teristics, contribute differently to identification, and 
cause a decrease in recognition performance when 
covered. For this purpose, Rida et al. [24] presented 
a method to select the most discriminative horizon-
tal body parts by leveraging Group Lasso on motion 
features, aiming to reduce intra-class variation and 
enhance recognition performance. On the other hand, 
Rokanujjaman et al. [25] evaluated five horizontal 
body parts and identified three as effective contribu-
tors to identification due to their positive effects while 
classifying the remaining two as redundant because 
they negatively impacted recognition. In another 
study [26], an adaptive outlier detection method was 
proposed, where each row of the gallery and probe 
samples was evaluated as valid or invalid based on the 
adaptive threshold determined for that row, and body 
parts affected by clothing variations were excluded. 
In this study, to exclude appearance-based variations 
from recognition, GEI is first divided into five hori-
zontal parts, and then affected parts by clothing and 
carrying variations are detected and removed. Sub-
sequently, the recognition process is conducted using 
only the remaining unaffected body parts. Figures  2 
and 3 show two examples of part-removal processes 

improve classification performance, ensemble learning is 
also employed in deep learning-based classification tasks. 
Usman et al. [38] proposed a deep learning-based ensemble 
learning method to predict epileptic seizures. They used a 
feature set extracted from Electroencephalogram (EEG) 
signals to train an ensemble classifier that combines the 
outputs of three different models using a model-agnostic 
meta-learning method. Kazmaier et al. [39] applied several 
heterogeneous ensemble learning techniques to classify 
sentiment analysis datasets in another study. In their work, 
a novel ensemble selection approach was introduced that 
avoids storing individual predictions and retraining all can-
didate models for an ensemble.

The general framework of any ensemble learning system 
is to use an aggregation function G to combine a set k of 
baseline classifiers, c1, c2, . . . , ck, towards predicting a 
single output. Given a dataset D of size n and features of 
dimension m, D = {(xi, yi) , 1 ≤ i ≤ n, xi ∈ Rm}, the 
prediction of the single output yi by this ensemble learning 
is given as follows [23]:

yi = φ (xi) = G(c1, c2, . . . , ck)� (1)

The selection of a data sampling method is one of the most 
important factors affecting the performance of ensemble 
learning. In an ensemble learning architecture, ensuring 
diversity in the data sampling decisions of the base clas-
sifiers is crucial [23]. An example of an ensemble learning 
architecture consisting of three base classifiers trained on 
different data samples is presented in Fig. 1.

Figure  1 illustrates a general ensemble learning archi-
tecture with three base classifiers. In this architecture, three 
separate training datasets are sampled from the original 
dataset to ensure diversity. Each training dataset is used 
to train a separate classifier. The classifier outputs are then 
aggregated (with voting, averaging, etc.) to produce the 
ensemble modeling output.

Ensemble learning has gained increasing attention in 
deep learning; however, its application in gait recognition 
remains limited. Previous methods [21, 22] that employ 

Fig. 1  An example of an 
ensemble learning architecture 
consisting of three base clas-
sifiers trained on different data 
samples [39]
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3.3  Part-Based gait recognition with ensemble 
learning

Different parts of the human body demonstrate unique 
morphological characteristics and movement patterns dur-
ing walking. Furthermore, partial features associated with 
specific body regions offer detailed information that is criti-
cal for individual identification tasks. Consequently, each 
body part requires a distinct representation [10]. Ensemble 
learning helps mitigate the limitations of individual mod-
els by leveraging diverse feature representations, leading 
to improved generalization. The body part representations 
can be further enhanced through ensemble learning to 
produce more robust and distinctive ones. As a result, the 
fusion of these representations enhances the discriminative 
power of the model, leading to more accurate recognition. 
In this paper, ensemble learning is applied to five distinct 
CNN architectures, each responsible for one of the five 
horizontally partitioned GEIs. This approach enhances the 
robustness of the extracted features and improves recogni-
tion accuracy through feature fusion. As illustrated in Fig. 4, 
the GEI is initially divided into five horizontal parts. Subse-
quently, each part is processed by a dedicated CNN model, 
which is subjected to ensemble learning independently. 
During each ensemble learning process, n data samples are 
generated, and n homogeneous CNN models are trained 
for each part. Each CNN output is represented by n distinct 

from the CASIA-B [27] dataset under carrying and 
clothing variation, respectively. In Fig. 2, a single part 
is detected and removed, whereas in Fig. 3, two parts 
are detected and removed.

In Figs. 2 and 3, an absolute difference image (marked 
with c) is initially calculated between a GEI with 
variations (marked with a) and its corresponding GEI 
without variations (marked with b). The resulting 
difference image is then divided into five horizontal 
parts, and an individual threshold value is determined 
manually depending on the type of variation for each 
part (For example, in the experimental study, th1:1100 
th2:500 th3:400 th4:500 th5:500 are the threshold (th) 
values ​​of five parts for BG variation of the CASIA-B 
dataset). The threshold value is calculated based on 
the sum of pixel values in the local region. The parts 
exceeding their respective thresholds are considered 
the most affected by the variation. These parts are 
removed and replaced with fully black parts. Sub-
sequently, recognition is conducted using only the 
remaining unaffected body parts. For example, in 
Fig.  2, recognition is performed on four body parts, 
and in Fig. 3, on three body parts.

Fig. 3  Part-removal process for clothing variation from the CASIA-B a sample with clothing variation b sample with normal variation c absolute 
difference image d part-removed image

 

Fig. 2  Part-removal process for carrying variation from the CASIA-B a sample with carrying variation b sample with normal variation c absolute 
difference image d part-removed image
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Algorithm 1  Part-based gait recognition based on ensemble learning

The first step of Algorithm 1 involves the part-removal 
process. By excluding parts affected by appearance-based 
variations from training, the classifiers can improve their 
generalization performance. The GEI is then segmented 
into five horizontal parts, each of which is processed inde-
pendently. During data sampling, k-fold cross-validation or 
bootstrap aggregating is employed to ensure diversity for 
each horizontal part. In the k-fold cross-validation approach, 
the dataset is divided into k equally sized folds and k clas-
sifiers are trained iteratively on the remaining k-1 folds. In 

d-dimensional features. The diversity introduced by the data 
sampling process enhances the strength of these represen-
tations. The MM is used to fusion the n distinct d-dimen-
sional features. Feature fusion aims to integrate multiple 
feature representations into a unified and more informative 
representation, enhancing the performance of recognition 
or classification tasks. The proposed MM employs a fully 
connected layer to combine feature vectors extracted from 
multiple independent models. By aggregating features from 
different sources, the model effectively captures comple-
mentary information, leading to a more discriminative rep-
resentation. The linear transformation applied through the 
fully connected layer enables the model to learn optimal 
feature mapping, preserving essential characteristics while 
reducing redundancy. Unlike traditional ensemble meth-
ods that rely on majority voting or weighted averaging, this 
approach directly refines the fused feature space, allow-
ing for more robust decision-making. Finally, recognition 
is achieved by concatenating the five robust and enriched 
body part representations. The framework of part-based 
gait recognition based on ensemble learning is described in 
detail in Algorithm 1.

Fig. 4  The proposed gait recognition process is achieved through the concatenation of robust features extracted from five human body parts, which 
are further enhanced by ensemble learning
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is performed for that part. Instead, features are extracted 
solely from the available parts, and recognition is based 
exclusively on these extracted features. An example of this 
process is presented in Fig. 5.

Figure 5 illustrates the recognition process in the pres-
ence of missing human body parts. In the figure, the gal-
lery image consists of a set of five horizontal parts (P1–P5), 
while the probe image contains three horizontal parts (P1, 
P4, P5), some of which are missing due to the part-removal 
process. Feature extraction is performed only for the avail-
able parts, omitting any missing components. First, the 
most discriminative part-based features are extracted from 
all available gallery and probe image parts using ensemble 
learning. The extracted features are then compared against 
the gallery, where a successful match is indicated with a 
checkmark (✔) and a failure with a cross (✖). Then, the 
features (F2, F3) corresponding to the missing parts in the 
probe image are discarded from the gallery image. Finally, 
recognition is performed by concatenating (©) the features 
of the three available horizontal parts, and the labeling pro-
cess considers only successfully matched features, leading 
to a final recognition result.

4  Experiments and results

4.1  Datasets

In this section, we evaluate the proposed method’s perfor-
mance for efficient gait recognition on three distinct gait 
datasets: CASIA-B [27], CASIA-C [28], and Outdoor-Gait 
[29].

The CASIA-B [27] dataset contains 124 subjects, with 10 
video groups for each. Six of these groups correspond to 
normal walking (NM), two to walking with a bag (BG), and 

our scenario, k corresponds to the data sample number n. 
Bootstrap aggregating, on the other hand, applies random 
sampling with replacement to obtain n training data sam-
ples. This approach allows an instance to appear in multiple 
training data samples. The ensemble learning framework is 
then employed, where multiple CNNs are trained to produce 
n d-dimensional features for each horizontal part. These 
CNNs are identical in architecture but trained on different 
data samples. During the testing phase, the outputs of these 
CNNs represented as n distinct d-dimensional features, are 
utilized to train the MM, which consists of a single linear 
layer with an input size of n×d and an output size of d that 
transforms and refines the extracted features. The most dis-
tinctive features produced by the MM for each part are then 
combined to create a more discriminative representation. By 
concatenating these part-based features, a comprehensive 
gait representation is obtained, which is subsequently used 
to compute the rank-1 accuracy for different viewpoints. 
This approach effectively captures localized gait character-
istics while leveraging ensemble learning to improve clas-
sification performance, ensuring robustness across various 
conditions. In the proposed architecture, the ConvNeXt [30] 
is employed as the backbone CNN architecture due to its 
demonstrated success in a gait recognition study [31]. The 
study showed that combining GEIs from two distinct body 
parts within a ConvNext-based multimodal network yielded 
superior performance compared to other multimodal net-
works based on different architectures. Furthermore, trans-
fer learning is utilized to further enhance performance. For 
data sampling, the parameter n is set to 5, which corresponds 
to the total number of classifiers trained for a single horizon-
tal part. Additionally, the dimensionality d is 1024, which 
represents the output size of the final layer of ConvNeXt.

In appearance-based variations, each part is evaluated 
for its presence. If a part is absent, no feature extraction 

Fig. 5  An example of recognition process for 
appearance-based variations over existing hori-
zontal segments
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by averaging properly aligned and preprocessed silhouettes. 
Finally, each GEI is segmented into five horizontal parts, 
and then each part is normalized to a size of 224 × 224.

Figure  6 presents examples of GEIs obtained from 
CASIA-B, CASIA-C, and Outdoor-Gait datasets. Figure 6a 
illustrates GEIs from the CASIA-B dataset under NM, 
BG, and CL variations across 11 different views. Similarly, 
Fig. 6b displays GEIs generated from the CASIA-C dataset 
under fn, fs, fq, and fb conditions for both genders. Finally, 
Fig.  6c shows GEIs from the Outdoor-Gait dataset under 
NM, BG, and CL variations across three distinct scenes 
(SCENE-1, SCENE-2, and SCENE-3) for both genders.

In the training stage, the batch size is fixed at 4, and the 
learning rate is set to 1e-4 for all datasets. In the CASIA-B 
dataset, the number of epochs is set to approximately 30 on 
average for each body part. For the CASIA-C dataset, the 
number of epochs is set to approximately 45 for 24 subjects 
and around 50 on average for 62 subjects. Similarly, in the 
Outdoor-Gait dataset, the number of epochs is set to approx-
imately 50 on average for each body part. When determin-
ing the number of epochs for ensemble learning, fewer 
epochs are assigned for k-fold cross-validation, whereas a 
higher number of epochs is assigned for the bootstrap aggre-
gating approach. All experiments use Stochastic Gradient 
Descent (SGD) with momentum = 0.9 as the optimizer and 
utilize cross-entropy loss. During the test phase, a single 
d-dimensional feature is derived by training the MM on n 
d-dimensional features extracted from each part, where d 
is 1024, and n is set to 5. Cosine distance is selected as the 
similarity metric.

4.3  Experiments on CASIA-B dataset

The proposed architecture is first evaluated on the 
CASIA-B dataset. In Table 2, a comprehensive com-
parison is provided by considering the GEI with two 
different configurations, partitioning the body hori-
zontally into four and five parts. Additionally, five-
part learning and five-part learning with ensemble 
methods are evaluated separately. Finally, the compar-
ison results incorporating the part-removal processes, 
implemented to mitigate the effects of BG and CL 
variations during the training and testing stages, are 
also presented in separate rows.

Although some previous studies [7] have suggested that 
4-part learning (4part) represents the most optimal segmen-
tation strategy, Table  2 demonstrates that 5-part learning 
(5part) achieves better recognition rates within the pro-
posed architecture. This difference, while less noticeable in 
the NM variation, becomes more evident in the BG and CL 

two to walking in a coat (CL). Each group contains 11 gait 
sequences captured from 11 different views (0º, 18º,., 162º, 
180º) at fixed 18-degree intervals. For the experiments, 74 
subjects are selected as the training set, and the remain-
ing 50 subjects are used for the testing set. All gait data in 
the training set are utilized for training. In the test set, the 
NM#01-NM#04 sequences are considered as the gallery set, 
whereas the other sequences NM#05–06, BG#01–02, and 
CL#01–02 are assigned to the probe sets, respectively. The 
experimental settings for the CASIA-B dataset are shown 
in Table 1.

The CASIA-C [28] dataset consists of images gathered 
using a thermal (infrared) camera. There are 153 subjects 
walking under four distinct conditions: normal walking (fn), 
slow walking (fs), fast walking (fq), and walking with a bag 
(fb). Each subject has 10 gait sequences, comprising four 
sequences for normal walking (fn), two for slow walking 
(fs), two for fast walking (fq), and two for walking with 
a bag (fb). During the training phase, the first 24 and 62 
subjects are used as the training set, while the remaining 53 
subjects are used as the testing set. For each subject, the nm 
sequences are designated as the gallery set, whereas the fs, 
fq, and fb sequences are used as the probe sets, respectively.

Outdoor-Gait [29] is a detailed dataset characterized by 
its complex outdoor scenes. The dataset consists of 138 
individuals under three clothing conditions (NM: normal, 
CL: wearing a coat, BG: carrying a bag) across three dis-
tinct scenes (SCENE-1: simple background, SCENE-2: 
static but complex background, SCENE-3: dynamic and 
complex background with moving objects). For the experi-
ments, we use the first 69 individuals for the training set and 
the remaining individuals for the testing set. Each condition 
includes at least two video sequences in both the gallery and 
probe sets.

4.2  Implementation details

During the implementation phase, the GEI feature is uti-
lized for three distinct datasets: CASIA-B, CASIA-C, and 
Outdoor-Gait. In the GEI construction stage, a silhouette 
preprocessing procedure is initially performed. To mitigate 
the effects of variations in distance and view angle, two pri-
mary operations are applied: scale normalization and central 
alignment [42]. Subsequently, GEI features are generated 

Table 1  The experimental settings for the CASIA-B dataset
Training set Testing set

Gallery Probe
ID: 001–074 ID: 075–124 ID: 

075–124
Seqs: NM #01–06, BG 
#01–02, CL #01–02

Seqs: NM #01–04 Seqs: NM 
#05–06, BG 
#01–02, CL 
#01–02
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noticeable under the CL variation, where the increase 
exceeds 10%. This enhancement can be due to the elimina-
tion of deformed body segments caused by variation from 
the training process, leading to more stable learning, and 
the more consistent similarity calculations during the testing 
phase. Additionally, the application of the part-removal pro-
cess helps to eliminate body segments containing unrelated 

variations. The increase in the recognition rate has exceeded 
5%, particularly in the CL variation. This improvement can 
be attributed to the compression of the region impacted 
by the variation within a narrower area and an increase in 
the number of unaffected parts. Furthermore, the recogni-
tion rate is enhanced significantly when the part-removal 
process (5part + rmv) is applied during the training and 
testing phases of 5part. This improvement is particularly 

Fig. 6  Some examples of GEI. GEIs from the a CASIA-B [27] b CASIA-C [28] c Outdoor-Gait [29] datasets
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affects the consistency of ensemble learning decisions and 
contributes to the observed performance differences.

Table 3 present a comparative analysis of the proposed 
method, both with and without ensemble learning incor-
porating part-removal, against other appearance-based 
and model-based methods in the literature. The results and 
Fig. 8 indicate that the proposed ensemble learning method 
incorporating the part-removal (5part + rmv + Ens) process 
outperforms the appearance-based CNN-LB, JCNN, and 
GaitNet methods that focus on global features, except the 
GaitSet method. Although GaitSet takes a set of gait sil-
houettes as input, it employs Horizontal Pyramid Pooling 
(HPP) to obtain the final representation, aiming to extract 
multi-scale part-level features. Thus, it gathers both local 
and global information on gait. On the other hand, the per-
formance of the proposed method is lower than that of Gait-
Part, GaitGL, and GaitBase, which focus on local features. 
These methods are designed to effectively extract the most 
relevant local features specific to gait. For example, Gait-
Part employs the Focal Convolution Layer (FConv), which 
horizontally divides the input feature map into multiple 
parts to enhance the fine-grained learning of part-level spa-
tial features. GaitGL introduces a novel GLFE module to 
extract more comprehensive features that incorporate both 
global and local information while capturing the relation-
ships among neighboring parts. Finally, GaitBase employs 
a framework that horizontally divides the 3D feature map 
of silhouettes into multiple parts and projects them into a 
feature space that enhances their separability. The presence 
of modules designed specifically for gait patterns in these 
approaches has significantly improved the recognition rate. 
Nevertheless, the proposed method is less complex and more 
straightforward to implement. It provides a general frame-
work that demonstrates the fundamental effect of ensemble 
learning on part-based methods without relying on gait-spe-
cific modules. The results indicate that the performance can 
be enhanced through the application of ensemble learning. 
Furthermore, enriching ensemble learning approaches with 
modules specifically designed for gait patterns could further 
improve performance.

Based on Table 3; Fig. 9, the proposed method demon-
strates the best performance in the NM and BG variations 
while yielding comparable results to other methods in the 
CL variation when compared to model-based methods. 
Notably, compared to the previous state-of-the-art method, 
GaitGraph, the proposed ensemble learning approach 
achieves improvements of 4.6% in the NM variation and 
9.5% in the BG variation, while attaining an accuracy of 
60.6% in the CL variation. Similarly, compared to the state-
of-the-art GaitDLF and MSRG methods, it demonstrates 
strong performance on the CASIA-B dataset under the NM 
and BG variations for the training set of 74 subjects. The 

objects, further enhancing the robustness and reliability of 
the model.

It can be understood from Table  2 that significant 
improvements are achieved by integrating ensemble learn-
ing into 5-part learning (5part + Ens). The recognition rates 
achieved with k-fold cross-validation (5part + Ens(Kfold)) 
and bootstrap aggregating (5part + Ens(Boots)) are mark-
edly higher compared to standard 5-part learning (5part). 
Although 5part + Ens(Kfold) demonstrates superior recog-
nition performance compared to 5part in the NM variation, 
this performance is equal to 5part + Ens(Boots) in the BG 
variation and lower in the CL variation. This decrease in the 
CL variation may be attributed to the fact that the number 
of samples unaffected by variation can be higher in the data 
samples obtained through random sampling with replace-
ment, whereas it may be lower in the data samples generated 
through folds.

Table 2 reveals that incorporating the part-removal pro-
cess into ensemble learning approaches (5part + rmv + Ens) 
further improves the recognition performance of 
5part + Ens. This improvement has occurred at different 
rates for each variation in the k-fold cross-validation and 
bootstrap aggregating approaches. Such an effect is par-
ticularly more evident in the NM and BG variations of the 
bootstrap aggregating approach (5part + rmv + Ens(Boots)) 
and CL variation of the k-fold cross-validation approach 
(5part + rmv + Ens(Kfold)), with these improvements being 
1%, 1%, and 12.8%, respectively.

In Table  2, when the effect of ensemble learning 
approaches is examined on 5-part learning with part-removal 
process (5part + rmv), the expected improvement is observed 
in the NM and BG variations, while a decrease of nearly 2% 
is observed in the CL variation. This is likely due to the 
higher number of affected parts by variation in CL and the 
limited contribution of ensemble learning to the remaining 
parts. In addition, it can be said that both ensemble learning 
approaches achieve recognition rates close to each other in 
all variations: NM, BG, and CL for 5part + rmv + Ens. Only 
the k-fold cross-validation approach slightly outperforms 
bootstrap aggregating for the NM variation. As a result, 
the 5part + rmv + Ens(Kfold) and 5part + rmv + Ens(Boots) 
methods achieve the best performance in the NM and BG 
variations, while the 5part + rmv method yields the high-
est accuracy in the CL variation. Among the ensemble 
approaches, the 5part + rmv + Ens(Boots) method achieves 
the best results only at 0º and 180º views in the CL variation.

Figure 7, illustrated from the results in Table 2, indicates 
that while all methods exhibit similar performance in the 
NM variation, the performance differences become more 
pronounced in the BG variation and present a clear diver-
gence in the CL variation. This distinction arises from the 
impact of the part-removal process on variations, which 
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limited improvement in the CL variation may be because 
skeleton features are more resistant to faults caused by the 
coat.

Table  4; Fig.  10 provide a comparative analysis of the 
proposed method, with and without ensemble learning, 
which incorporates the part-removal process alongside 

Table 3  Comparison of the proposed methods in terms of Avaraged 
rank-1 accuracy (%) with appearance-based and model-based methods 
on the CASIA-B dataset (excluding identical views)
Type Methods NM BG CL
Appearance-based CNN-LB [8] 89.9 72.4 54.0

JCNN [32] 91.2 75.0 54.0
GaitSet [6] 95.0 87.2 70.4
GaitNet [33] 91.6 85.7 58.9
GaitPart [10] 96.2 91.5 78.7
GaitGL [5] 97.4 94.5 83.6
GaitBase [61] 97.6 94.0 77.4

Proposed 5part + rmv 91.4 83.2 62.1
5part + rmv + Ens 92.3 84.3 60.6

Model-based PoseGait [13] 68.7 44.5 36.0
GaitGraph [14] 87.7 74.8 66.3
GaitGraph2 [34] 82.0 73.2 63.6
ResGait [35] 89.6 79.2 70.2
GaitDLF [62] 84.9 70.7 67.9
MSRG [63] 89.0 75.6 70.0

Proposed 5part + rmv 91.4 83.2 62.1
5part + rmv + Ens 92.3 84.3 60.6

The bold denotes the best value

Fig. 8  Accuracy comparison of proposed methods with appearance-
based methods on the CASIA-B dataset

 

Fig. 7  Comparison of proposed part-based learning architectures on the CASIA-B dataset under appearance-based variations a NM b BG c CL
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4.4  Experiments on CASIA-C dataset

The proposed ensemble learning architecture is secondly 
evaluated on the CASIA-C dataset. Table  5 presents the 
evaluation results of the proposed method and its com-
parison with other studies using different training sets. The 
k-fold cross-validation is chosen as the ensemble learning 
approach.

As presented in Table  5, the 5part + Ens achieved a 
rank-1 accuracy of 96.3% when trained on 24 subjects 
and 98.8% on 62 subjects, demonstrating the best per-
formance. Additionally, an analysis of the table shows 
that ensemble learning significantly improves the 
recognition rate of 5part for both 24 and 62 subjects. 
Specifically, the average (avg) rank-1 accuracy value 
increase is 4.3% for the 24 subjects and 1% for the 
62 subjects. Compared to other studies, the proposed 
ensemble learning method outperforms the PSN, 
GOFN, and GaitSTAR methods. This can be attrib-
uted to the fact that the PSN method follows a model-
based approach, which may not be well-suited for 
thermal (infrared) images. Similarly, the recognition 
process in the GOFN and GaitSTAR methods, which 

previous methods under identical-view conditions. Accord-
ing to the results, all approaches exhibit very similar per-
formance under the NM variation, regardless of whether 
they are trained with 62 or 74 subjects. The slight difference 
between the approaches may be attributed to the difference 
in the size of the training dataset. However, this difference 
becomes significantly more noticeable under the BG and 
CL variations. Although this may be partially attributable 
to the discrepancy in the number of subjects, the primary 
factor appears to be the differences in the methodological 
approaches employed. While PoseGait, GOFN, and UGait-
Net employ a global approach, PSN offers a partially local 
approach by utilizing the local patterns of the joints. How-
ever, the 5part + rmv has significantly improved recognition 
performance in the BG and CL variations by leveraging the 
part-removal process and addressing the pattern of each 
horizontal part individually. When evaluating the impact 
of ensemble learning on the recognition performance of the 
5part + rmv, it can be observed that similar to the results in 
Table  2, the part-removal process particularly affects the 
consistency of the ensemble learning decisions in the CL 
variation.

Fig. 9  Accuracy comparison of proposed methods with model-based methods on the CASIA-B dataset
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extract optical flow features from thermal images, 
may face similar limitations. In contrast, the proposed 
method benefits from GEI features, likely providing a 
more suitable input representation for thermal images. 
Additionally, parallel to the results in Table  4, the 
proposed method’s ability to analyze each horizontal 
segment of the gait pattern separately has enabled it 
to achieve superior performance under identical-view 
conditions.

4.5  Experiments on uutdoor-gait dataset

The final evaluation of the proposed architecture is conducted 
on the Outdoor-Gait dataset. Table 6 shows a comparative 
analysis of the proposed method—evaluated both with and 
without ensemble learning—against the appearance-based 

Table 5  Comparison of the proposed method in terms of rank-1 accu-
racy (%) with other methods on the CASIA-C dataset
Training Methods fb fq fs avg
24id PSN [36] 38.1 58.6 56.0 50.9

GOFN [40] 39.5 64.2 54.3 52.7
GaitSTAR [64] 40.7 65.3 56.4 54.1
5part 84.2 96.3 95.4 92.0
5part + Ens 93.5 99.1 96.3 96.3

62id PSN [36] 42.3 63.6 60.0 55.3
GOFN [40] 43.5 69.3 58.2 57.0
GaitSTAR [64] 44.6 71.5 59.1 58.4
5part 97.2 99.1 97.2 97.8
5part + Ens 99.1 99.1 98.1 98.8

The bold denotes the best value

Table 6  Comparison of the proposed method with other methods on the Outdoor-Gait dataset
Gallery NM BG CL avg
Probe NM BG CL NM BG CL NM BG CL
GaitNet[29] 96.9 89.1 60.2 92.0 97.1 59.7 58.7 55.4 97.3 78.5
3Dhuman[37] 90.0 83.6 80.9 77.5 90.3 72.6 72.2 66.4 88.8 80.2
5part 98.3 90.8 85.6 88.4 98.1 74.6 80.4 72.9 97.8 87.4
5part + Ens 97.8 91.1 84.5 89.7 98.5 77.4 79.3 75.1 98.3 88.0
The bold denotes the best value

Fig. 10  Accuracy comparison of proposed methods under identical-view conditions
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datasets demonstrate that ensemble learning, combined with 
the part-removal process, significantly enhanced gait recog-
nition performance. Compared to previous approaches, the 
part-based recognition with ensemble learning achieved 
superior performance, particularly on the CASIA-C and 
Outdoor-Gait datasets consisting of identical-view cases, 
while also yielding satisfactory results on the CASIA-B 
dataset. Notably, incorporating modules capable of model-
ing both global information and the relationships between 
local information, as present in the literature, would be 
effective in improving the proposed method for the CASIA-
B dataset. This would also enhance the generalizability of 
the proposed method for gait recognition.
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