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ABSTRACT 

The challenge of identifying individuals in various situations, such as walking orientation and clothing 

conditions, from their gait patterns remains challenging in biometric recognition. To mitigate this 

challenge, this work presents a unified mathematical formulation that incorporates optical flow-based 

viewing angle estimation to reduce computational complexity and a Kernel-PCA (KPCA) ensemble 

framework, combining the strengths of multiple pre-trained Convolutional Neural Networks (CNNs), 

including EfficientB0 and B1, MobileNet and MobileNetV3 variants, as well as several RegNetX and 

RegNetY models. The most suitable lightweight model among pretrained CNNs is used to extract the 

features based on the estimated angle and Gait Energy Image (GEI) generated from the CASIA B dataset. 

The extracted features are refined using KPCA to improve class separability and recognition. These 

transformed features are utilized to train Machine Learning (ML) classifiers such as K-Nearest Neighbors 

(KNN), Support Vector Machine (SVM), Random Forest, and XGBoost. From these classifiers, KNN using 

transformed features produced the best result. The proposed method achieved recognition accuracies 

between 95.6% and 99.2% across viewing angles from 0° to 180° in the training and 92.07% to 95.57% in 

testing. By integrating angle estimation with selective model usage, the framework significantly reduces 

computational overhead while maintaining high recognition performance. Collectively, the proposed 

approach delivers a robust and efficient solution for GEI-based person identification under a varied range 

of real-world conditions and viewing angles. 

Keywords-gait analysis; machine learning; convolutional neural network; ensemble; optical flow 

I. INTRODUCTION  

In the security-related domain, biometric methodologies, 
such as the physiological or behavioral properties of a person, 
are used to recognize identity. Although conventional methods, 
such as fingerprint analysis, facial recognition, and iris 
scanning, are significantly effective, their use is typically 
restricted to consent and cooperative scenarios, restricting their 
applicability. To overcome these limitations, the Gait Energy 
Images (GEIs) are developed based on the gait appearance of 
the subject's silhouettes, showing great potential as a non-
invasive method to identify a person. Nevertheless, there are 
several challenges associated with this innovative strategy. 
When subjects walk at varying cross angles, the identification 

of individuals based on GEIs becomes a significant difficulty. 
Load carrying capacity can change the length of the stride, 
ultimately changing the gait [1]. Both traditional and modern 
models have struggled to achieve high levels of accuracy in 
situations when people modify their appearance by wearing 
different garments or by carrying objects such as bags and 
coats, as people's appearance can be altered by the things they 
are carrying. 

Persons can be recognized by their silhouette using model-
based [2] and model-free [3] techniques. The former method 
examines the silhouette's joint location, joint angle, height, and 
stride length, and the latter considers the subject's appearance. 
Identifying humans based on gait uses one complete gait cycle. 
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A GEI is a model-free/appearance-based method to construct 
features. The problem of identifying people by analyzing their 
GEIs is approached from several different angles, including the 
application of a wide range of ML methods and neural network 
topologies. However, these efforts typically run into the 
problem of not adequately resolving variances in walking 
angles or clothing situations. This constraint draws attention to 
a substantial gap in the already available literature, establishing 
favorable conditions for the development of more advanced 
methods. 

In [4], the MPGR-CF architecture was used to extract 
dynamic and spatiotemporal features, trained at the decision 
level using SVM and HMM classifiers on the OU-ISIR and 
CASIA B datasets, demonstrating a high correct recognition 
rate. In [5], GEI features were used with an MSVM classifier to 
evaluate performance in both supportive and adversarial 
scenarios, but the impact of training data size and the degree of 
Carrying Status (CS) label led to recognition difficulties. The 
shape invariance in [6] suggested features in grid frameworks, 
horizontal and vertical silhouettes, on the OU-ISIR and CASIA 
B datasets based on statistical moments, offering a higher 
degree of precision. Several classifiers, including RF, NB, 
KNN, and DT (C4.5), were used to assess the resilience of the 
system. In [7], a cross-view gait recognition method used 
adversarial domain adaptation. In [8], a part-based deep 
learning method was proposed for cross-view silhouette gait 
recognition.  

In the GEINet model [9], a GEI is fed to two triplet layers 
of convolution, pooling, and normalization, and two fully 
connected layers with a softmax classifier. In [10], activity was 
monitored using gait analysis with the help of different ML 
algorithms. In a two-stage network [11], a 3D CNN was used 
for identifying the point angle for the CASIA B dataset, which 
worked well for multi-angle. In [12], a Siamese network used 
contrastive loss for verification and a triplet network with 
triplet ranking loss for identification. In [13], three raw 
features, gray pixels, optical flow channels, and depth maps, 
were input to a CNN, gait features were extracted, and fused 
features were given to a softmax classifier. In VGGNet-SVM 
[14], the GEI-supplied image descriptor was retrieved from the 
fully connected layer of the pre-trained VGGNet-16 model. 
The results showed that for gait-based gender detection, SVM 
outperformed softmax with an accuracy of 87.94%. CAMNet 
[15] is a deep gait CNN for feature extraction on the view 
angle, performing classification using KNN and SVM.  

GaitPart [16] was tested on the CASIA B and OU-MVLP 
datasets, performing well compared to GEINet and GaitSet. In 
[17], multi-view gait recognition was performed using 
spatiotemporal features. In [18], pairwise GEIs with similar or 
dissimilar labels were fed to two parallel CNNs. In [19], robust 
deep learning features, produced by two fully connected pre-
trained networks (VGG16 and AlexNet), were combined in a 
Kernel Extreme Learning Machine (KELM). In [20], a 3D 
CNN for gait recognition in multiview with spatio-temporal 
features was presented. In [21], a CNN was supplied with 
clothing-invariant GEIs, performing better than cutting-edge 
approaches on the OU-ISIR B dataset. In [22], motion 
information/descriptors were extracted using deep 

convolutional models, such as VGG-19 and ResNet, by 
providing five cropped optical flow patches of human gait 
images. In VGRNet [23], intra-gait cycle segments were fed to 
a pre-trained 3D CNN to extract spatiotemporal features to 
train an LSTM classifier, performing well on the CASIA B 
dataset. In [24], a deep CNN called ITCNet was proposed for 
person identification. In [25], activity recognition was 
performed using a BiLSTM and a ResDLCNN-GRU attention 
network, respectively, to be used for person recognition in a 
security-concerned scenario. 

This study aimed to improve performance and reduce 
computational cost through the introduction of a unique 
ensemble-based methodology. Different types of pretrained 
CNNs, such as EfficientNetB0, EfficientNetB1, 
MobileNetV3Large, MobileNetV3Small, MobileNet, 
RegNetX002, RegNetX004, RegNetX008, RegNetY002, 
RegNetY004, and RegNetY008, were used to extract robust 
features that exhibit greater invariance. To obtain a better 
distinction between classes, GEI features were preprocessed 
using Kernel Principal Component Analysis (KPCA). 
Subsequently, a diverse range of ML classifiers, including 
KNN, SVM, XGBoost, and Random Forest, were trained and 
evaluated. Among these options, an ensemble consisting of a 5-
neighbor KNN classifier trained on features extracted using 
MobileNetV3Small, RegNetY002, and RegNetY004 exhibited 
the best performance. 

This work advances person identification based on GEIs, 
providing a strong and reliable solution that can operate 
effectively in many settings. The novelty of the proposed work 
lies in formulating an appropriate ensemble of TL and ML 
models on selective feature fusion strategies to reduce 
computational complexity, offering a light-weight, high-
performance design, by proposing an optical flow technique for 
the calculation of the subject's viewing angle. 

II. PROPOSED METHODOLOGY 

This section outlines the suggested approach, which 
leverages pretrained deep neural networks and Machine 
Learning (ML) in covariant situations to identify humans based 
on their gait. Figure 1 outlines the method, followed by a 
mathematical representation. The proposed solution consists of 
two tasks, video processing and classification. 

 

 

Fig. 1.  Proposed method for human identification using TL and ML. 
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A. Mathematical Representation for Gait-Based Person 

Identification 

The model assumptions are: 

 Silhouettes are accurately extracted from video sequences 

 Walking sequences represent steady gait cycles. 

1) Step 1: Data Acquisition 

Let �� be the sequence of gait video frames for person �, 
where ��

�  represents normal walking, ��
�  represents walking 

with a backpack, and ��
� represents walking with a long coat. 

Thus, the input dataset is: 

� = {��
� , ��

�, ��
�} ,   � ∈ {1,2, … , �}  

where � is the total number of persons. 

2) Step 2: Video/Data Preprocessing 

Each video ��  consists of frames �� , where �  is the time 

index: �� = {��  
�  ∣  � = 1,2, … , �}  

3) Step 3: Gait Energy Image (GEI) Generation 

The GEI for each person �  is computed as: ���� =
 
�

�
∑ ��   

{�}
{���} , where ����  is the averaged silhouette across 

frames. 

4) Step 4: Feature Extraction Using a TL and ML Ensemble 

Define a  {!} representing the extracted features using a TL 

model with parameter ",  {!}: ����
$ → &� , where " are the 

trainable parameters of the model. 

Apply KPCA with an RBF kernel to map original high-
dimensional data to a nonlinear subspace, increasing inter-

class operability, �'�   
� = ()*+(��   

� ), ∀ � ∈  {1, … , �}, where 

�'�   
� represents the reduced feature representation. 

 Use Label Binarization to encode identities: 

&� = ./01234�/54615(�) ∈  ℝ9,  

where &� is a label encoded identity label of vector length 
�. 

 Train the model using ML classifiers: In the transformed-
based space, similarity between features can be computed 
using distance-based metrics, which can be achieved using 

basic ML classifiers. The reduced features  �'�  
�  are 

subsequently used to train ML classifiers. 

5) Step 5: Model Testing & Evaluation 

 Use the trained model to predict on testing data for carrying 
a backpack and wearing a long coat: 

&:�
� =  {!} ����

�,   &:�
� =  {!} ����

�   

where &:�
� and &:�

� is the predicted identity. 

 Evaluate performance using metrics such as accuracy 

6) Step 6: Obtain the Viewing Angle 

Apply an optical flow-based technique to get the viewing 
angle (illustrated in part B). 

7) Step 7: Identify Identity 

Apply the pretrained model ensemble with an ML 
classifier, evaluated from steps 4 and 5, to obtain the person's 
identity based on gait, which has been optimized as lightweight 
to function best at specified angles.  

B. Minimization of Computational Cost for Query Video  

Optical flow is a key idea in computer vision, used to 
estimate how an item moves between successive frames in an 
image sequence [26]. The brightness constancy constraint, 
which asserts that a pixel's intensity stays constant as it moves 
across time, is the fundamental premise of optical flow. 
Formally, this is expressed as: 

�(;, &, �) = �(; + =;, & + =&, � + =�)  

where �(;, &, �) is the image intensity at point (;, &) at time � 
and (; + =;, & + =&) is the location of the same point at time 
(� + =�). 

An optical flow-based technique is used to estimate the 
subject's viewing angle from video frames to reduce the 
computational complexity of gait detection. Since various 
angles result in different flow signatures, optical flow, which 
records motion patterns like direction and magnitude, is a 
useful indicator for determining the camera perspective. 
Following the estimation of the viewing angle, the system 
routes the input to one of several lightweight convolutional 
neural networks, namely MobileNetV3Small, RegNetY002, or 
RegNetY004, which have been optimized to function best at 
specified angles. Compared to processing all inputs with a 
single broad or generalized model, this angle-specific model 
selection ensures that only the most pertinent and effective 
model is utilized for feature extraction, thus reducing needless 
computation. 

GEIs are produced from silhouette sequences connected to 
the input video after the angle has been estimated. To extract 
discriminative gait features, GEIs, which offer a condensed 
spatiotemporal representation of an individual's walking 
pattern, are subsequently run through the chosen lightweight 
model. In addition to increasing computational efficiency, this 
pipeline's modular design enables scalable deployment across 
many perspectives by adding more lightweight models as 
required. Additionally, this method maintains minimal resource 
consumption, appropriate for real-time or edge-based 
applications, while supporting strong performance in both 
same-view and cross-view gait detection scenarios. 

The mathematical model for minimizing computational cost 
can be described as shown the following algorithm. 

Algorithm 1 

Let: 

> =  {?₁, ?₂, . . . , ?ₙ}  be the set of viewing 
angles, 

ℳ =  {E₁, E₂, . . . , Eₙ}  be pretrained models for 
each angle. 

; ∈  F  be the input query video. 
ℱ(;)  →  ?ᵢ ∈  >  is the viewing angle 
estimator (optical flow). 
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*(Eᵢ):  computational cost of model EI. 

+(Eᵢ, ;): accuracy of EI on input ;. 
Objective - Minimize expected cost: 

  J4�ᵢ  Kₓ ∈ F [ *(Eᵢ) ] OP0Q1R� �S:  +(Eᵢ, ;)  ≥  = 
with probabilistic angle estimation. 

If ℱ(;)  (the optical flow method) gives a 
probability distribution over angles, i.e. 

  ℱ(;)  =  {(?₁, U₁), (?₂, U₂), . . . , (?ₙ, Uₙ)}  
Then the expected cost can be written as: 

  J4�ᵢ ∑ⱼ Uⱼ ·  *(Eⱼ)  
  subject to: ∑ⱼ Uⱼ ·  +(Eⱼ, ;)  ≥  = 
With the generalization model E₀: 
  J4�ᵢ ∈ {0, . . . , �} [ *(Eᵢ) + Z · (1 − +(EI , ;))]  
where: 

  E\ is a general-purpose model (e.g., a  

  multitask or ensemble model), 

  Z is a regularization factor balancing  
  cost and accuracy. 

 
This mathematical model helps in formalising the proposed 

system as a process for making decisions: 

 Uses optical flow to estimate the viewing angle 

 Chooses the pretrained model tailored to that particular 
angle. 

 Reduces expenses while maintaining a high level of 
precision. 

This mathematical model can ensure a decrease in 
computational complexity. 

III. EXPERIMENTAL RESULTS 

The CASIA-B dataset [27, 28] was used for 
experimentation on the Jupyter platform on an Intel Core i7 
processor, 8 GB RAM, and an NVIDIA RTX 1080 Ti GPU. 
The dataset consists of gait-corresponding silhouettes of 124 
subjects in three walking variations, Normal Walking (6 
variations, NM), walking with a Carrying Bag (2 variations, 
BG), and walking while wearing a Coat (2 variations, CL), in 
11 different viewing angles, 0°, 18°, 36°, ...,180°. Each 
silhouette is cropped to a size of 80×120.  

The features are extracted by using T1-EfficientNetB0, T2-
EfficientNetB1, T3-MobileNetV3Large, T4-
MobileNetV3Small, T5-MobileNet, T6-RegNetX002, T7-
RegNetX004, T8-RegNetX008, T9-RegNetY002, T10-
RegNetY004, and T11-RegNetY008 (all models renamed as 
TN-Modelname, where �  is from 1 to 11). The extracted 
features are preprocessed through the use of KPCA to reduce 
dimensionality.  

ML classifiers, such as KNN (5-neighbor), SVM, 
XGBoost, and Random Forest, are used to classify the subject. 
The dataset was partitioned into training and testing (NM, BG, 
CL). The training part consists of a Normal walk (Nm-01, Nm-
02, Nm-03, Nm-04), Bg-01, Cl-01 of all subjects, and the 
testing contains Nm-05, Nm-06, Bg-02, and Cl-02 silhouettes. 

Figure 2 shows representative silhouettes of a normal 
walking of subject 001 at 36° and its GEI. This GEI underwent 
dimensionality reduction using KPCA and was then fed to the 
pre-trained networks. Human recognition with ML classifiers 
was performed for 11 different viewing angles. Accuracy was 
considered for correct identification: 

+RRP5/R& =
(�]^�_)

(�]^`]^�_^`])
  

where �) is True Positives, i.e., cases that the model correctly 
predicted, ��  is True Negatives, i.e., cases that the model 
correctly predicted other classes, and �)  and ��  are False 
Positives and False Negatives, i.e., cases that the image belongs 
to one class but the model predicted another class and vice 
versa. 

 

 

 

(a) (b) 

Fig. 2.  (a) Silhouettes of normal walking of subject 001 at 36°, (b) GEI of 

subject 001 at 36°. 

Table I shows the accuracy (%) of the pre-trained networks 
with the KNN classifier for all angles. MobileNetV3Small with 
KNN with 5 neighbors offered satisfactory accuracies at 
94.90%, 92.07%, 94.47%, and 95.53% for the 18°, 36°, 144°, 
and 162° angles, respectively. MobileNetV3Small, 
RegNetY002, and RegNetY004 also worked well. 

TABLE I.  ACCURACY OF PRE-TRAINED NETWORKS 
WITH KNN CLASSIFIER FOR ALL ANGLES 

Angle  T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 

0° 92.6 91.1 95.0 95.6 85.9 91.1 89.0 90.0 95.7 95.8 94.1 

18° 89.8 85.9 92.5 94.9 72.8 89.7 83.9 82.7 92.6 91.9 89.7 

36° 86.5 86.8 89.5 92.1 69.4 86.0 79.6 82.5 91.8 88.7 89.3 

54° 88.7 86.4 91.7 92.9 64.1 88.3 82.2 83.4 93.7 92.8 91.2 

72° 88.6 91.3 91.9 94.2 78.4 86.8 85.8 81.6 91.3 94.5 91.4 

90° 89.6 88.0 91.1 92.6 82.8 86.4 83.3 82.3 92.7 91.9 87.8 

108° 87.3 86.3 88.2 92.3 80.4 86.5 80.3 75.9 92.7 90.7 87.9 

126° 86.9 87.6 87.0 92.7 80.0 88.5 82.3 82.9 92.8 91.2 89.9 

144° 89.9 87.6 89.0 94.5 81.0 86.5 82.8 84.6 93.7 91.1 90.7 

162° 89.8 90.0 91.7 95.5 83.4 87.8 83.8 84.9 93.7 94.4 92.1 

180° 92.5 90.2 94.6 94.2 88.6 90.3 88.2 89.1 94.7 94.1 92.7 

Avg 89.3 88.3 91.1 93.8 78.8 88.0 83.7 83.6 93.2 92.5 90.6 

 
Table II shows the accuracy (%) of the pre-trained networks 

with the SVM classifier. MobileNetV3Small with KNN with 5 
neighbors achieved satisfactory accuracies at 93.83%, 90.60%, 
90.47%, 92.40%, 93.83%, 91.90%, 90.13%, and 95.43% for 0°, 
18°, 36°, 54°, 90°, 126°, 144°, and 180°, respectively. 
MobileNetV3Small, RegNetY004, and RegNetY002 also 
achieved good performance. 
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TABLE II.  ACCURACY OF PRE-TRAINED NETWORK WITH 
SVM CLASSIFIER FOR ALL ANGLES 

Angle T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 

0° 91.0 86.8 92.1 93.8 77.1 85.6 84.8 83.8 93.4 93.6 91.8 

18° 87.9 81.5 86.8 90.6 65.7 79.2 79.8 75.7 90.1 87.9 85.1 

36° 84.0 84.8 88.1 90.5 66.5 80.4 74.3 78.6 90.2 89.5 86.8 

54° 84.4 86.9 87.9 92.4 61.2 81.7 79.3 79.3 92.2 92.3 88.5 

72° 84.8 88.2 94.2 93.4 79.8 80.2 80.6 78.3 92.6 95.6 92.3 

90° 87.5 86.7 90.2 93.8 75.5 80.5 81.0 79.4 92.9 92.2 88.6 

108° 84.6 84.8 88.2 91.8 75.4 78.8 76.3 74.4 92.5 90.5 87.0 

126° 80.6 82.5 85.9 91.9 73.2 80.0 75.2 75.6 91.1 90.2 85.0 

144° 85.8 83.7 84.5 90.1 75.5 78.3 75.5 77.3 89.9 89.3 84.1 

162° 86.8 82.5 87.9 89.9 73.6 79.1 75.4 76.3 90.6 91.1 87.3 

180° 91.0 91.3 92.5 95.4 85.9 81.3 81.5 85.0 93.6 91.6 91.8 

Avg 86.2 85.4 88.9 92.2 73.6 80.5 78.5 78.5 91.7 91.3 88.0 

 
Table III shows the accuracy (%) of the pre-trained 

networks with the Random Forest classifier for all angles. 
RegNetY002 with a Random Forest classifier achieved higher 
accuracies at 79.40%, 71.10%, 65.17%, 64.83%, 64.27%, 
66.23%, 78.20% for the 0°, 18°, 36°, 54°, 72°, 90°, and 180° 
angles, respectively.  

TABLE III.  ACCURACY OF PRE-TRAINED NETWORK WITH 
RANDOM FOREST CLASSIFIER FOR ALL ANGLES 

Angle  T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 

0° 75.0 72.7 72.2 76.9 46.8 70.0 65.6 60.8 79.4 74.6 72.4 

18° 64.5 61.5 64.9 69.5 37.2 55.1 45.7 53.5 71.1 69.3 61.0 

36° 58.6 60.7 55.1 60.7 35.2 47.1 40.7 39.1 65.2 59.4 51.6 

54° 62.7 53.9 55.0 59.4 31.1 48.0 43.2 45.1 64.8 58.9 52.0 

72° 60.9 61.3 58.6 63.3 38.1 46.8 43.8 37.2 64.3 59.5 57.8 

90° 59.5 55.7 55.2 62.6 36.7 47.8 45.7 35.6 66.2 56.1 54.8 

108° 53.2 57.8 57.0 64.8 36.6 48.4 39.6 33.9 63.0 55.7 52.8 

126° 57.5 57.7 53.3 66.0 41.0 47.2 42.9 38.2 62.1 62.4 49.8 

144° 62.0 55.9 57.6 65.0 43.5 47.1 46.3 37.5 63.4 62.5 54.5 

162° 65.5 64.3 67.2 75.9 44.9 52.3 51.8 51.1 72.1 65.5 60.1 

180° 71.9 75.1 76.5 77.3 53.2 63.2 60.6 61.0 78.2 75.7 67.2 

Avg. 62.9 61.5 61.1 67.4 40.4 52.1 47.8 44.8 68.2 63.6 57.6 

 
Table IV shows the accuracy (%) of the pre-trained 

networks with the XGBoost classifier for all angles. 
MobileNetV3Small with XGBoost achieved accuracies  of 
68.77%, 65.87%, 56.17%, 57.53%, 58.57%, 67.07% for the 0°, 
18°, 36°, 54°, 144°, and 180° angles, respectively. 
RegNetY002 also achieved close performance. Figure 3 shows 
the average accuracy of pre-trained networks with an ML 
classifier.  

TABLE IV.  ACCURACY OF PRE-TRAINED NETWORK WITH 
XGBOOST CLASSIFIER FOR ALL ANGLES 

Angle  T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 

0° 48.3 58.6 56.7 68.8 39.8 52.6 55.4 46.7 60.5 63.3 55.3 

18° 61.1 54.4 57.4 65.9 35.6 50.0 47.0 46.9 61.2 59.8 52.4 

36° 50.4 50.5 46.9 56.2 34.4 45.3 40.9 39.8 53.0 50.3 50.3 

54° 54.9 49.5 50.3 57.5 30.5 41.8 40.2 44.0 54.4 52.4 48.0 

72° 53.4 53.8 52.9 52.7 39.8 43.6 40.5 37.6 57.0 53.8 52.7 

90° 53.5 51.6 54.2 53.3 34.1 45.2 40.6 39.4 53.9 51.2 50.0 

108° 49.2 50.7 51.6 53.1 37.9 41.0 37.9 35.5 55.4 50.8 46.1 

126° 54.3 52.4 51.3 51.7 36.7 45.5 40.5 37.6 52.8 55.2 47.1 

144° 55.9 55.6 51.3 58.6 39.7 44.3 41.1 36.4 54.4 53.2 48.6 

162° 57.1 58.9 56.2 59.8 39.6 50.5 44.4 48.4 60.2 57.6 51.9 

180° 59.3 64.4 61.4 67.1 50.0 58.3 53.2 52.8 65.9 65.9 57.5 

Avg 54.3 54.6 53.7 58.6 38.0 47.1 43.8 42.3 57.1 55.8 50.9 

 

 

Fig. 3.  Average accuracy (%) of pre-trained networks with ML classifier 

for all angles. 

These results show that the MobileNetV3Small pretrained 
network with KNN (5 neighbors) has achieved the best 
performance considering all viewing angles. KNN is a 
nonparametric, instance-based classifier, capable of handling 
complex class distributions. A one-way ANOVA was used to 
test whether the means of three or more groups are significantly 
different from each other. The null hypothesis (H0) is a� =
ab = ac = ⋯ = ae , where a�, ab, ac, ⋯ , ae  are the means of 
the f groups. In this hypothesis, the means of all groups are 
equal, and any differences observed are due to random chance, 
not actual group effects. The alternative hypothesis (Ha) is that 
at least one aI  g  ah    for some 4 g Q. This means at least one 

group's mean is statistically significantly different, suggesting 
that an effect or difference exists. Table V shows a statistically 
significant difference in mean probe performance across the 
four classifiers. KNN achieved the best performance, followed 
closely by SVM, while RF and XGB lag significantly behind.  

TABLE V.  STATISTICAL VALIDATION 

Classifier KNN SVM RF XGB 

EfficientNetB0 (T1) 89.29 86.22 62.85 54.29 

EfficientNetB1 (T2) 88.30 85.43 61.51 54.58 

MobileNetV3Large (T3) 91.12 88.93 61.14 53.66 

MobileNetV3Small (T4) 93.78 92.15 67.39 58.60 

MobileNet (T5) 78.78 73.59 40.40 38.00 

RegNetX002 (T6) 88.00 80.46 52.09 47.10 

RegNetX004 (T7) 83.73 78.53 47.82 43.78 

RegNetX008 (T8) 83.64 78.53 44.82 42.28 

RegNetY002 (T9) 93.24 91.73 68.17 57.13 

RegNetY004 (T10) 92.48 91.25 63.60 55.76 

RegNetY008 (T11) 90.61 88.03 57.64 50.91 

TABLE VI.  ANOVA: SINGLE FACTOR SUMMARY 

Groups Count Sum Average Variance   

KNN 11 972.94 88.45 21.92   

SVM 11 934.86 84.99 39.63   

RF 11 627.42 57.04 88.06   

XGB 11 556.11 50.56 45.89   

Source of 

variation 
SS df MS F P-value F crit 

Between 
groups 

12218.82 3 4072.941 83.33456 2.98E-17 2.838745 

Within 

groups 
1954.983 40 48.87457    

Total 14173.81 43     
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Table VII compares the recognition rate/accuracy of the 
proposed system with the existing ones. 

TABLE VII.  COMPARISON WITH THE EXISTING SYSTEMS 

Reference Methodology Accuracy 

[22] VGG + blocks 65.10% 

[29] WideResNet 89.40% 

[30] 

ResNet50 93% 

InceptionV3 85% 

NASNet Mobile 80.10% 

NASNet Large 75.80% 

InceptionResNet 89.20% 

VGG16 92.50% 

VGG19 91.50% 

ResNet101 91% 

ResNet152 87.20% 

Proposed MobileNetV3Small + KNN (GEI) 93.78% 

 
These results show that for GEI features, 

MobileNetV3Small with a KNN classifier performs well, with 
93.78% accuracy compared to existing systems. The 
performance of the KNN-based ensemble can be attributed to 
the nature of the extracted gait features and the classifier's 
ability to exploit local similarity structures in the feature space. 
The deep features obtained from lightweight pretrained CNNs, 
followed by KPCA preprocessing, result in compact and well-
separated class distributions. 

The computational complexity can be calculated in terms of 
the expected cost. The optical flow technique gives the 
probability distribution over the subject's viewing angle. After 
testing, the TL with ML ensemble that gives the best accuracy 
at each viewing angle was selected, as shown in Tables I, II, 
III, and IV. The mathematical model proposed to minimize 
computational cost ensures a decrease in computational 
complexity by selecting a specified model only for a particular 
viewing angle. 

IV. CONCLUSION 

Recognizing persons through GEIs presents considerable 
difficulties, especially when subjects exhibit different walking 
angles or wear different types of clothing. This paper presented 
a unified mathematical formulation for strong, cost-effective 
optical flow and an ensemble-based strategy to effectively 
tackle these issues. Through the utilization of a hybrid 
approach using pretrained CNNs to extract features and KPCA 
to preprocess them, this approach successfully improved the 
distinguishability between different classes. A detailed 
assessment was conducted using different ML classifiers, 
showing that an ensemble of KNN classifier trained using 
MobileNetV3Small, RegNetY002, and RegNetY004 models 
achieved the highest level of effectiveness.  

In training, the accuracy of recognition achieved a peak of 
99.2% and rarely fell below 95.6%, despite the subject's angle 
ranging from 0° to 180°. In testing, the recognition accuracy 
exhibited a range of 92.07% to 95.57% across the same angles, 
demonstrating the resilience of the proposed method. Overall, 
the obtained results reflect a considerable advancement in the 
state of GEI-based recognition and meet the demand for 
accurate and adaptable to real-world applications.  

However, the system's performance may change due to 
severe or prolonged occlusion of silhouettes, significant 
clothing variations influenced by demographic diversity, and 
real-world deployment scenarios, as the proposed approach 
was evaluated under a controlled environment. In a real-world 
scenario, challenges such as background clutter, shadow 
effects, etc, need to be addressed.  
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