Indonesian Journal of Electrical Engineering and Informatics (IJEEI)
Vol. 14, No. 1, March 2026, pp. 196~210
ISSN: 2089-3272, DOI: 10.52549/ijeei.v14i1.7044 a 196

Ensemble Machine Learning for Marker-Free GAIT-Based

Human Authentication

Amogha B'*, Rohini Deshpande?, Prameela Kumari N?

! Reva University, Rukmini Knowledge park, Yelahanka, Bengaluru- 560064, Karnataka, India

r20pec04@ece.reva.edu.in - ORCID: 0000-0001-9782-5655

2 Reva University, Rukmini Knowledge park, Yelahanka, Bengaluru- 560064, Karnataka, India

rohinideshpande@reva.edu.in ORCID: 0000-0002-2419-5223

Article Info

ABSTRACT

Article history:

Received Jul 30, 2025
Revised Feb 26, 2026
Accepted Mar 18, 2026

Keywords:

[-Gait
Authentication
Mediapipe
Machine learning
Morphology

The pattern of walking is called as GAIT. This pattern can be used to
authenticate persons from a distance. [-GAIT is a method where Indian people
are identified and authenticated using a walking pattern. Biometric-based
authentication systems are designed to authenticate people using their
behavioural and physical patterns. After the COVID-19 pandemic, people are
adopting to contactless authentication systems. GAIT is in great demand as
authentication is contactless. This paper proposes a methodology to
authenticate 240 persons who walked indoors and outdoors in a complex
environment. Each person is made to walk in three different situations, such
as normal walking (NW), holding a bag (HG), and wearing a coat (WC).
Authentication is achieved by calculating the distance between two, four, five
and cross-body human joints and morphological features. The distance of the
human body is determined by extracting the landmarks from the colour image
of a person using mediapipe. Features are trained using five machine learning

methods such as random forest, XGboost, LightGBM, gradient boosting and
logistic regression. Human recognition is performed by using hard voting,
where the majority voted human class is provided as the final predicted class.
Authentication accuracy to indoor database is 83%, and for the outdoor
database is 86%.
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1. INTRODUCTION

Biometric-based human GAIT prediction and recognition have gained importance in the past few
years as they can be introduced in various places. These systems can be placed in airports, railway stations,
bus stands, hospitals, border areas and in other public places where authentication is very important and
essential [1]. Reasons for accepting GAIT are as follows,

. Authentication is possible from a distance

. Authentication is performed for low-resolution images

. The authentication process is contactless

. CCTV videos are enough to authenticate and identify persons.

GAIT authentication is widely employed due to the above-stated reasons. It is useful during pandemic
times as authentication is from a distance and contactless. When the number of input devices is fewer,
observable people act normally and do not hide their biological characteristics. Compared to other biometrics
methods such as face, fingerprint, thumb, voice, iris [2], etc. GAIT has numerous advantages, such as
authentication is possible at a lower distance and detection from a longer distance is possible. In addition to
recognition, same method can be extended in detecting the prevention of crime, forensic, and criminal
identification [3]. A limitation of GAIT detection is that it gives false predictions when a person is walking by
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wearing a bag, different cloth or wearing bags. To address this issue, many research scholars had proposed two
methods first marker-based and marker-free [4][5]. This research is based on the marker-free. It means no
accelerometer or sensors are placed on the body, but only provides a decision based on the video of a walking
person. Features are extracted from every frame of the video. Mediapipe is employed to identify the landmarks
of the body. Features calculated from frames are as follows

1) The distance between joints of the body is calculated

2)Morphological and shape features such as area, perimeter, eccentricity, major and minor axis length,
solidity, and volume are extracted. Section 3 provides the feature extraction process in detail.
These two feature sets are combined to obtain 35 features. These features are fed to the four machine-learning
approaches to recognise humans.
A general framework for performing a GAIT-based human recognition system is shown in Fig.1. It consists of
a collection of datasets, pre-processing images for resizing, segmenting the foreground and background pixels,
extracting dominant features, and classifying to specific classes using the classifiers.

PRE-
PROCESSING

FEATURE

DATASET EXTRACTION

= —» SEGMENTATION —» I CLASSIFICATION

Figure 1. General framework for recognition

Contributions from the paper are as follows,

e Removed the complex objects, such as concrete overhead tankers, banners, vehicles, buildings, and
signboards from the frame and captured only the human structure.

e  (Calculated the distances between the one, second, fourth, fifth and crossover joints of the human body

e Combine the calculated distances and shapes with morphological features. Combined features are fed
to four machine-learning algorithms for evaluation

e A hard voting method is used, which decides five machine learning models. The decision is provided
based on the majority voting to specific classes from all machine learning methods

e  Tuned the models by removing the incorrect frame (redundant frame) from the database to increase
the performance metrics

The paper is organized as follows. Section 2 provides an overview of the work carried out by previous
research scholars based on GAIT recognition. The next section explains the methodology of the proposed
system. Section IV discusses experimental results, and the last section is a conclusion with a future path.

2. Literature Review

Table 1 below formulates the work carried out by the previous researchers on detecting the Human
using their walking style. Detection is based on the marker-free and marker-based GAIT method, where the
sensors are not placed on the human body. The table consists of the employed dataset, methodology, results
achieved, and the gap in the study.

Table 1. Previous research carried on GAIT detection

Year Dataset Methodology Results Research Gap
2021 CASIA B Augmentation is achieved by using three flip  89% Traditional methods are
[6] operations unsuitable for large datasets.
Feature extraction is performed using
NASNET and Inception ResNet V2 Identification from differing
views remains a significant
difficulty.
2016 746 adults  Inertial measuring units are placed on the High risk of fall
[7] with an age human body group and poorer
range of 63 — cognition (67 to Limited exploration of
89. XGBoost algorithm is employed. Old age  70% fall risk) additional GAIT features for fall
Preprocessing:  falling is detected prediction.
Butterworth Feature: Stride time, length, stance phase, and
low-pass filter ~ asymmetry of GAIT
2016 CMU MoCap  Modified linear discriminant analysis with  96.2 Need  large space for
[8] database maximum margin criterion computation for features
2022 Real-time 50 Real-time video capture, deep learning feature  OaA-SVM achieved  Previous studies lacked focus on
[9] students. extraction, kurtosis-based selection 95.75% accuracy. real-time GAIT recognition.
CASIA-B Correlation-based feature fusion, OaA-SVM-  Medium KNN Need for improved fusion
based classification for GAIT recognition achieved 95%  approach and larger database.
accuracy.
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Year Dataset Methodology Results Research Gap
2020 IDNet - 175  Supervised and unsupervised approaches AUC- 95% -
[10] and ZJU-  Feature extractors and autoencoders
GAIT accel -
50 dataset
2018 ZJU-GAITacc  Features extracted from accelerometer data  80% Feature reduction can increase
[11] — 153 persons  are made. Features are Euclidian and accuracy
Manhattan distance,
2013 Casia B Wavelet transforms for feature extraction and  97.98% No mention of real-time
[12] database with analysis. application feasibility.
124 subjects Classification using Nearest Neighbour
classification with threshold for
identification.
2020 OUISIR Convolutional features and histograms of OUISIR —99% Classification is based on
[13] GAIT D, temporal gradients CASIA B-97 Euclidian ~ distance between
CASIA B, Euclidian distance is considered for the CMU —92 histogram maximum intensity.
CMU motion prediction
of the body
2018 MOTICON An optical motion camera is used for 94% Dependency on the motion
[14] dataset. measuring distances. camera accuracy.
Ground Reaction Forces measured from
instrumented foot insoles.
2015 Musk Hanavan model for feature extraction ANN - 84.78% --
[15] molecular ANN , SVM, and KNN as classifiers KNN — 84.82%
dataset SVM - 92%

3. Methodology

The proposed model is able to extract two kinds of features first feature is shape features, such as area,
perimeter, eccentricity, major minor axis length, solidity, and volume. Secondly, the calculation of distances
of various body joints. These two feature fusion methods are going to enhance the accuracy of the detection
rate and the accuracy of the model. Human body anatomy is shown in Fig.2, which helps in joints calculation.
Fig.3. The steps involved in the proposed model are as follows,

Step 1: Dataset: Real-time database (I-GAIT) collected in India by considering 240 subjects with four
view distances. This dataset provides the segmented human region from the background. Dataset has four
viewangles. For every person features from every viewpoint is calculated which increases robustness in
detecting persons accurately.

Step 2: Preprocessing: resize the images to 224x224

Step 3: Segmentation: using background subtraction complex objects are separated from the human
area in the frame. Background subtraction is a technique that is useful in preprocessing to get rid of the
unnecessary background info and to focus on the background of the walking person. The first thing to do is
break the video down to single frames. Then, make a background model of the frames that includes the static
objects in the scene like the walls and the floor along with some of the objects that stay in the same position.
For each frame coming in, can compare it to the model made of the background and the preceding frames, in
order to see what is different from the background. The pixels that change from the background move and get
classified as background. The model also includes things like the person walking, and that is the generated
mask. The original generated mask from the background model might include static objects contains some
noise and holes because of the lighting from the background and motion in the video. To get rid of the gaps in
the noise from the background, we can use a technique to get rid of the gaps, and fill in the gaps to finish it to
get rid of the noise. Then you have a mask with the person and the background model, and the model for the
background is also useful in the refining. Pose landmark detection and gait feature extraction can then focus
on just the human subject while eliminating the background noise and variations, using this silhouette for
additional processing. A basic methodology here is to subtract the static objects in present and previous scene
to obtain person silhouette.

Step 4: Extract two kinds of features, the first is shape features, and the second is the distance between
joints of the body. Different joints considered are single, two, four, five joints and cross-body joints.

e Single joint (One joint) — Elbow, knee, ankle, shoulder, hip, wrist, neck, jaw

e Two joints — Shoulder to elbow, elbow to wrist, hip to knee, knee to ankle, neck to shoulder

e Four joints — shoulder elbow wrist hand, hip, knee ankle foot, neck shoulder elbow wrist,

e Five joints — Shoulder elbow wrist hand fingers, hip knee ankle foot toes, neck shoulder elbow wrist hand.
e Cross body — left side parts of body (elbow, knee, wrist and ankle) to right side of body.

Reason for choosing only these joints is based on anatomy of human body, single joint means only
one bone holding any organ or involved in movement of organ. Need of selecting specific joints are as follows,
two joint which represents length of limb, normalization is easy which forms core anthropometic features. Four
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joints give one limb chain information and it is going to represent limb chain it extracts trajectory of limb, arm
and leg swing, chain motion. Five joint provides body posture information such as inclination, balance in
walking and alighment of torso leg. Three joint of body are not necessary for current research as these joints
does not provide distance information it gives angle information. Six joints create high diemensional feature
and forms complex polygons and also includes redundant information. Hence above selected joints covered all
important points of human body to detect person. To address different height of person during authentication,
all features relating to distance between joints were normalized to account for differences in body height and
camera distance. With regard to joints, the distance calculated was a pairwise one and was normalized using a
body distance reference. For this study, length from neck to hip center, served as the normalization factor. The
resultant features, post normalization, are scale-invariant, and improved the impact of the camera perspective
and subject height variations.

Annotation points on the human body, which help in finding limb and knee lengths are shown in Fig. 2.

Step 5: Calculate the distances between the joints (one to five segments) listed in step 4 and store them
in a CSV file. Features stored in CSV files are used for training and testing the four machine-learning models.
The decision from all the machine learning is collected. The final prediction is through the hard voting method,
i.e., output is the maximum voting for the specific class from all four machine learning algorithms.

Step 6: After training and testing of the model, an accuracy achieved, 55% of wrongly predicted
frames are removed from the database. After removing wrongly predicted frames through hard voting achieved
an accuracy of 86%. Frames before and after removing are 11764 and 9438, respectively. Thirty-five features
are collected from every frame in the video.

Fig.3. illustrates steps employed in the proposed model. Details of the blocks specified in the figure
are explained in the next subsections (3.1 to 3.5).

Nose 5"
j=!
ATy
. :
S ' .
\ @AY
Right Hip . Left Hip
»~
Right Knee A e
:| !
Right Anckle r} - ~- Left Anckle

Figure 2. Annotation points for body parts identification [21].
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Figure 3. Steps involved in proposed model

3.1 Preparation of Database

The database was prepared by capturing 240 people with four view distances (45, 90, 135, and 180
degrees). The subjects are allowed to walk in indoor and outdoor environments. Videos are captured in natural
light where complex objects are present in the background. Every subject walked in three different situations,
such as normal walking, walking with a bag, and wearing a coat. Captured videos are stored in individual
folders, where every folder has a person walking in four view distances. Fig. 4 shows four view angles (45, 90,
135 & 180) of every subject, and three styles (Normal walking, wearing a coat, and holding a bag) are captured
of every person. Videos are collections of frames; the next step is to work on the frames (a collection of images).
Hence videos are converted to images. The mathematical model behind the video-to-frame conversion is given

below Eq.1.

Total number of frames = Frames per second (30 per second) * total seconds in video (D)
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Figure 4. Three instances walking pattern of every person

3.2 Pre-processing and segmentation

The proposed model has two types of feature collection: one is on distance determination between
joints, and the second is the morphological shape feature. Distance detection has not employed a preprocessing
step, as it uses the landmarks that are detected directly in colour images. To extract shape features using the
morphological features preprocessing step is employed to remove complex background objects. Dataset says
that complex objects such as two-wheelers, four-wheelers, over-head tanks, etc.

To remove this background and to retrieve the foreground we are using a mixture of Gaussian
distributions [16]. This is the background subtraction algorithm where the moving object is separated from the
stationary background. Analogy behind the algorithm is that a pixel in every frame of the video is described as
belonging to multiple Gaussian distributions. The rationale is that the background exists more frequently than
the moving objects and that the background pixels will be modeled by one or more of the Gaussians, while the
moving objects will not be. Eventually, depending on the changes in lighting or slow movements, the model
learns and replicates the motion ass shown in Fig.5. The steps involved in the segmentation of foreground from
background pixels are as follows,

e Finding the pixel intensity:
A mixture of Gaussian ‘K’ is found by using Eq.2. It is applied on every pixel of video frames.
PI(x,y) = 2i; @; (x, y) * NI Cx, )5 i (%, ), 2%, ¥) )

w; it is the weight of the specified pixel ‘i’

I(x,y) is the image with X, y represents the pixel of row x and column y.
Y.; & y;It is the covariance and mean of specified pixel i respectively.

N — represents the Gaussian probability function.

e Identification of pixels as foreground and background
Each Gaussian indicates what the color or intensity of the pixel can be at any one time instant. The background
pixels are modelled by at least one or more Gaussian distributions while foreground pixels (moving objects)
are said to be outliers.
A pixel can be classified into the background if the value of that pixel falls into either of the calculated Gaussian
distributions. If the pixel is not nearer to any distribution, then it is considered foreground. Based on the
intensity, a decision is made, and Eq.3 formulates it.

I(x,y) — pi(x,y) <= Threshold * a; (x,y) 3)

Where, g; is the square of standard deviation or variance
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The chosen threshold is 127 as it is the middle of the histogram. This threshold is used to generate the binary
image where white is the foreground and black represents the background.

Morphological open operation is applied on frames smooth the edges of humans.

Background
frame

Resize the
image to
224x224

Convert RGB image to grayscale
image

Foreground pixel extraction

Step 1
&2

Segmentation

Figure 5. Preprocessing step using the background subtraction method

3.3 Proposed Feature Extraction

We are going to collect two types of features. They are the distance between joints and shape features (volume,
solidity, perimeter, area, major and minor axis length).

3.3.1 Distance calculation

An open-source platform called mediapipe is employed to detect the landmarks of the full human body [17].
Landmarks of the body are shown in Fig.6. Once the landmarks are extracted from the frame, we calculate the
distances between the joints. Fig.7. shows the joints of the distance calculation. The procedure provides the
details of how joints of the body are chosen and the distances between them are calculated.

0. Nose 17. Left_pinky
1. Left eye_ inner  18. Right_pinky
2. Left_eye 19. Left_index
3. Left_eye outer  20. Right_index
4. Right_eye_inner 21.Left_thumb
5

. Right_eye 22. Right_thumb
6. Right eye outer 23.Left hip
7. Left_ear 24. Right_hip
8. Right_ear 25, Left_knee
9. Mouth_left 26. Right_knee

10. Mouth_right 27. Left_ankle
11. Left_shoulder ~ 28. Right_ankle
12. Right_shoulder  29. Left_heel

13. Left_elbow 30. Right_heel
14. Right_elbow 31. Left_foot_index
15. Left_wrist 32. Right_foot_index

16. Right_wrist

32 30 29 3

Figure 6. Mediapipe landmarks for full body [18].

The procedure provides the details of how joints of the body are chosen and the distances between them are
calculated.

LJEEL Vol. 14, No. 1, March 2026: 196 —210



1JEEI ISSN: 2089-3272 a 203

Selection of specific bones in the body for efficient human recognition: Authentication of humans using
GAIT is performed mainly by considering the walking style. To predict the walking style of a person, the
major bones considered are the arms, hips, and legs. Hence, we have considered the arm, wrist, hips, ankle,
leg, and nasal bone. Different bones that form the segment of bones or joints of bones are provided in
Fig.7.

Selection of major joints of the body (single, two, four, five, and crossover): selection of bone segments
and a briefing on how joints of bones are chosen. Also describes the distance calculation between joints.

Right side Left side of
of body body

Number of

3 Landmark number
Joints

Left Shoulder to wrist (11 13 15)
Right Shoulder to wrist (12 14 16)

Two joint
wojolnts o ioht hip to ankle (24 26 28)
Left hip to ankle (23 2527)
’ 5
Four joints Left hip to left wrist (23 11 13 15)

Right side hip to right wrist (24 12 14 16)

Left shoulder to toe (11 23 25 27 31 or 29)
Five Joint Right shoulder to right toe ( 12 24 26 28 30/32)
Left hip to wrist (23 11 13 15 21or 19 or 17)
Right Hip to wrist ( 24 12 14 16 22 /18/20)

Left elbow to right elbow ( 13 to 14)
Left knee to right knee (25 to 26)
Left wrist to right wrist (15 to 16)
Left ankle to right ankle ( 27 to 28)

Cross body

Figure 7. Distance calculation between joints.

Single joint: A joint is thus defined as a single or individual articulation of bones in a body, and forms where
two or more bones meet that also facilitate movement. The movement occurring in a single joint means that its
interaction is often restricted to some of the freedoms (flexion, extension, rotation, etc.). Single joints are shown
in the Fig.10 and explained below.

Knee Joint: It allows a person to perform extension and flexion, which makes a joint between the femur
(thigh) and tibia (shin bone), below figure Fig.8. describes it clearly. In Fig. 7, knee joints are represented
by numbers 25 and 26, left and right knees, respectively. The distance formula is applied between the left
knee and hip, i.e., 25 and 23. Another pair of distance calculations is between 24 and 26" i.e., between the
right knee and hip. The equation for the distance formula is given by Eq. 4.

— 2 _ 2
Distance — ’(Xz X1) *Z'(Yz y1) [20] 4)
BACK & FRONT VIEW

Distance
Distance formula

formula

Femur

Patella

Knee Joiry
Front Vies

| Knee Joint
Back View

Tibia

Fibula

Figure 8. Knee Joint. [19]
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Elbow joint: It is the joint that exists between the forearm bone and upper arm bone. Fig. 10 shows the elbow
joint of the right hand. Landmarks of elbow joints are four pairs and marked in Fig.9. are 11 to 13, 13 to 15,
12 to 14, and 14 to 16. The distance formula is employed between these pairs of bones to find the elbow joint
distance. Fig 11 shows the elbow joints.

Distance
formula

Distance formula

Distance
Dist.
" ormula - NS

formula

r it
‘) !
4 T < | 4

Figure 9. Elbow joints and applied distance formula to joints.[22]

In the same manner, two, four, and five joints of the body are considered to calculate the distance between
them. These distances are stored in a CSV file. Cross-body distance is the one where the distance is calculated
from the left part of the body to the right. From left to right: knee, elbow, wrist and ankle. A crossbody is going
to provide body alignment and symmetry of it. Calculated body joint distance is stored as features, and the
label is “person 1 to 240”. Every feature is separated by a comma, and Fig. 10 summarises the workflow of the
proposed feature extraction using mediapipe.

Coding Language: \
Python

Estimation of pose

using Mediapipe

ain landmarks o
- andmar]

Generated CSV file of
Calculate the distance between joint
distance between
single, two, four, five

and crossbody
Figure 10. Proposed feature extraction using mediapipe and storage of distance in csv

Input Video frames

3.3.2 Shape features extraction

In this step, we are applying steps to extract the shape features from the image. Shape features are area,
perimeter, eccentricity, major axis length, minor axis length, solidity, and volume. The procedure involved in
extracting shape is as follows.

e Preprocessing and segmentation are performed on the grayscale image. Input colour video frames are
converted to images and applied to the processing and segmentation steps to obtain a silhouette of the
person. The methodology is explained in section 3.2

e  Applying morphological operation: Pre-processed and segmented images are used to apply morphological
operation. In addition to the subtracted image, another input is the ellipse structural element. This
structuring element is called a kernel or matrix. The matrix size employed is 3x3 on the image, and
performs the open morphological operation. It removes the foreground pixels that are present on the edge
of the image and also removes the smaller noise present in the image [23]. All these operations are
performed on binary images.

e  Extraction of shape features: A processed binary image is used to extract shape features. Initially, black
and white pixels are divided using 8- 8-connected components and labelled. The white pixel is the person's
outline, and the black colour is the background. We are interested in white pixels, and this labelled masked
image is used to extract the shape features using the library region props of OpenCV. Tab.2. gives a clear
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picture of descriptions of features. No feature reduction methods such as PCA or other methods not
employed. CSV creation is provided in below section.

Table 2. Shape Features calculation from every frame
Feature Equation Details
Area of white pixels Area =3,; jmask(i, )

Perimeter: Total  Perimeter =
length of white pixels  Y; Dist(I;, [;11)

in only boundary of Distance between ith and
image i+1 is found

Eccentricity [24] r
4

Eccentricity

1, is length of minor axis
I, is length of major axis

A
Y
A
v

Major axis and minor M =atb

axis[24] Where a, b are the
distances from ‘f* to any
point in the ellipse.

[25]
Volume: 3D space  Volume = area * mask
which is occupied by [0]
the structure or object

The obtained shape and distance calculated features need to be combined to prepare a label and the
features of a specific person. This is achieved by using the csv_writer function, for this function, 28 joint
distances and 7 shape features are passed. It is going to merge all features and write 35 features, and a specific
label is added to every frame and stored in CSV format.

Ensemble Machine Learning for Marker-Free GAIT-Based Human Authentication (Amogha B et al)
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Prepared CSV files are used for training and evaluating the model. Have employed five machine
learning models, such as random forest, XGBoost, LightGBM, gradient boosting, and logistic regression. Once
all the models have given their predictions, a hard voting method is employed to give the final prediction. The
final prediction is through the hard voting method, i.e., the output is the maximum voting for the specific class
from all five machine learning algorithms. Details of machine learning models are as follows,

e Random forest: It is the method that counts the votes from multiple decision trees, which merge all of them
to obtain high accuracy and accurate prediction

e XGBoost: XGBoost is a highly effective gradient boosting model that constructs a decision tree-based
ensemble for improving the predictive model’s accuracy and lessening overfitting. It is fast, scalable, and
very appropriate when dealing with different forms of data and dealing with missing values.

e Light GBM: Another gradient boosting framework that is optimised for speed, in particular, for large data
sets.

e  Gradient boosting: A method for creating models with parameters where the next model tries to refine
mistakes made in the preceding model.

e Linear regression: It is a statistical technique used to model a binary outcome, based on a single or several
predictor variables, as the probability of that outcome. It outputs values between 0 and 1, where it applies
the logistic function to estimate probabilities and classify data points accordingly.

e Hard voting: The aim of using the hard voting method is to avoid the overfitting of the model to the training
data. The methodology of hard voting is that the final prediction is selected from the class label that has
the majority vote amongst the classifiers.

3.3.3 Procedure for training

The involved procedure for training is explained in this sub-section

1) Data Preparation:
The data is preprocessed and then partitioned into a training set and a test set. The models are built with
the help of the training data, while the performance is assessed using the testing data.

2) Training the Voting Classifier:
All the models in the voting classifier (Random Forest, XGBoost, LightGBM, Gradient Boosting,
Logistic Regression) are trained from the same set of training data.
The Voting Classifier then comes up with the overall consensus based on the forecasts given by each
Classifier from the majority voting.

3) Filtered Data Usage:
The voting_clf filtered model is a logistic regression model that is trained on the filtered dataset, where
all the rows that were misclassified in the voting_clf have been dropped. This filtering is performed in
order to improve the overall quality of the model.

4) Results and evaluation:
Model results and evaluation are going to be discussed in Section IV. Where the confusion matrix, details
on the model, and the employed dataset are provided in detail.

4. Results and Discussion

This section provides details about the results achieved in detecting the person. The robustness of the
system is determined by the evaluation metrics. Performance metrics include a confusion matrix, which has
rows and columns equal to the number of classes present. It gives information about the accuracy rate where
the predicted is plotted against the actual in the x and y axes, respectively. The confusion matrix includes true
positive (TP), false positive (FP), true negative (TN), and false negative (FN). The equations below provide
equations for calculating the confusion matrix.
TP: It gives the total number of positive class predictions from the model
TN: number of correctly negative class predictions from the model.
FP: It is the count of misclassification of the model, which predicts it as positive, but its original class is
negative. It is an incorrect predication of the positive class as negative, for example, if the patient is healthy
but the model predicts it as cancer. It is termed a type I error.
FN: It is incorrect to predicate the negative class as positive, for example, a person is cancerous but predicts it
as healthy. It is termed a type II error. Type 1 and type 2 errors are dangerous; in type 1, unnecessary treatment
is performed, which is a mental and financial burden, but there will be no disease. In type 2, there is a need for
treatment, but due to a wrong prediction, the person dies. Hence, the model needs to take FN and FP, which
helps in the robustness of the model. The proposed model is evaluated by using the above parameters to
calculate accuracy, F1 score, and recall specificity [26]. Tab.3. gives the equations for these performance
metrics.

LJEEL Vol. 14, No. 1, March 2026: 196 —210



1JEEI ISSN: 2089-3272 a 207

Table 3. Metrics employed to evaluate the model

Term Formula
Accuracy TP+TN .
sum of rows in dataset

Precision TP

— %1

P+ Fp 100
Recall TP

P+ N 00
F1 score 2 * Precision * Recall

100
Precision + Recall *

1)Divided the whole dataset into training and testing in the ratio of 70:30

2)Random forest classifier has a tuning parameter called as gridsearchcv, which has parameters such as
estimators vector (50,100,200), which is the number of trees that need to be created starting from 50 to 200
trees are created and check for best accuracy, max depth of (10, 20, 30) till these points leaf will split and
criteria employed is Gini. Five-fold cross-validation is employed, using all cores of the CPU to perform parallel
computation, and the metrics employed is accuracy.

3)Executed the machine learning algorithms using Kaggle with a GPU P100, which took 4 hours to get trained.

4.1 Evaluation of the dataset for the outdoor scenario

The dataset has two scenarios, outdoor and indoor, where persons are allowed to walk in these two
scenarios. This subsection describes the results obtained for the outdoor scenario. Four view angles were
considered (45, 90, 135 & 180 degrees) to capture every person’s locomotive patterns. Training time is four
hours to complete for all subjects of 120 persons captured in an outdoor scenario. Once the model is trained at
the initial stage, it has given 56% of accuracy when 11764 rows were present for training the model. To improve
model accuracy, the frame was removed frame which gave the wrong prediction of a specific person. After
filtering, the number of rows left over is 9438 which means 2326 frames were removed, which led to
misclassification. The criteria for choosing a frame with misclassification is Flscore, whose F1 score is less
than 70, the frame of a specific person is deleted from the dataset. Hence, after removal, model accuracy was
increased to 86%. Thirty-five (35) combined features are extracted for every person, and instance of it is shown
in Fig.11. Tab.4. gives the model performance metrics for the outdoor dataset. Fig.12. shows a confusion matrix
of the proposed predication.

Figuré 11. Sample feature extraction and stored to CSV

after Re

Actual

-10

-0

Predicted

Figure 12. Confusion matrix for human detection captured outdoors
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Table 4. Model metrics for Outdoor dataset
Dataset type Accuracy (%) Precision (%) Fl score (%)  Recall (%)

Outdoor (120 persons)  86% 88 81.1 78.5

Evaluation of the model using the indoor dataset

The dataset contains 120 person videos which had been captured in four different view angles (45, 90, 135 &
180 degrees) from four input devices. Using these video models is trained and tested in the ratio of 70:30,
respectively. Once the model is trained at the initial stage, it has given 56% of accuracy when 11972 rows were
present for training the model. To improve model accuracy, remove the frame that gave the wrong prediction
of a specific person. After filtering, the number of rows left over is 9577, which means 2395 frames were
removed, which led to misclassification. The criteria for choosing a frame with misclassification is the F1
score, whose F1 score is less than 70; the frame of a specific person is deleted from the dataset. Hence, after
removal, model accuracy was increased to 83%. Thirty-five (35) combined features are extracted for every
person, and an instance of it is shown in Fig.13. The number of samples before filtering and after filtering is
11972 and 9577, respectively. Fig.14. shows confusion matrix of the proposed model in classifying images
into actual versus predicted. Tab.5. gives the model performance metrics for the indoor dataset.

I2han r2han L4k wr rAhwr iS558 15sa I5hw

center  hipsc  shouders sietrumk avghip  ovesho  |_shlelo d rshoud lelbd  relbd  Lhikn  rhikn Lknan rknan | _2swr r2swr
2 103 104 1748 5 671 2802 702 2702 2602 102 2404 55 5104 3306 1772 9RO G309 3306

185 186 206 0 12425 103
19 1575 1035 1825 211 £25 B84 3007  3L02 3202 3007 2062 2571 6201 6LO7 2200 191 10417 10521 2208
165 1365 211 745 8075 1055 1208 1118 &R 5 1700 1562 82 L4 86 10 B0 1431 3045 2807 4276 4743 3045
1405 1405 213s 73 @35 10675 &7 1221 762 361 762 103 447 1 1432 1a 51 1082 3132 2508 3544 4123 W
7 e35 10625 1273 728 61 &R BE  BS4 906 1304 1237 985 1523 1836 3041 01 4876 5187 3041
1225 11225 e a7 74 S& 1389 136 728 143 2310 2602 228 2354 198 2408 451 4006 2081 2193 7601 8002 2081
45 . sS85 1.8 1432 806 1217 23 0z 200 2341 1985 2343 4854 4752 228 2263 624 7816 228
a2 778 59 144z 143 7 1208 502 26 2300 2309 1921 226 4138 4653 236 2484 TRI6 M6 236
525 7525 5025 1482 1565 6 11 2502 2508 2309 2341 1844 228 47238 4738 236 2475 7823 7316 236
525 7525 5825 1526 1393 608 1304 2302 2309 Z341 2417 1844 226 4554 4571 236 2496 7632 7732 136
625 745 5825 76 1487 608 1 B2 709 NS BT 176 226 457 M55 22 19 733 AM a2
74 5e3s 1565 48 en 1 B0 209 \M 2377 1769 2126 4554 4551 214 211 733 A2 14
8 74 sa7s 1646 1581 671 B84 130z 2309 2309 2435 1687 1703 454 4639 2062 263 7 7517 2082
725 745 sa7s 1565 1628 583 1044 2302 222 214 1508 1638 1838 4441 4554 2081 2081 7025 754 2081

Figure 13. Features extracted for the indoor dataset

Confusion Matrix after Removing Misclassified Frames
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Figure 14. Confusion matrix for the indoor dataset

Table 5. Performance metrics for indoor dataset
Dataset type Accuracy (%) Precision (%) F1 score (%) Recall (%)
Indoor (120 persons) 83 83.47 82.65% 82.64

5. Conclusion

This paper proposes a methodology to improve the recognition rate in video by detecting the person
using a GAIT posture. GAIT means a walking pattern of humans. I-GAIT means authentication of the Indian
people using a walking pattern. An Indian-populated dataset is employed to train and test the model. The dataset
is formulated for three situations where persons walked by wearing coats, holding a bag, and walking normally.
The proposed feature extraction combines distance calculation between joints and shape features to predict
humans using the hard voting method. The hard voting method is the ensemble of five machine learning
models, such as random forest, XGBoost, LightGBM, gradient boosting, and logistic regression. The flow of
the model is that color video frames are converted to binary to extract morphological shape features (area,
perimeter, eccentricity, major, minor axis, solidity, volume) and for distance calculation RGB frames are fed
to the mediapipe to extract human landmarks, using these landmarks distance between single, two, four, five
and crossbody is calculated using the distance formula. Decisions from every machine learning is collectively

LJEEL Vol. 14, No. 1, March 2026: 196 —210



1JEEI ISSN: 2089-3272 a 209

fed to a hard voting method. This voting method takes a decision from every machine learning model and gives
results that get the maximum vote. Achieved an accuracy of 83% and 86% for indoor and outdoor, respectively
in authenticating humans correctly. The time taken for training and testing the model is four hours. The model
is executed in Kaggle with a GPU P100.
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