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Abstract

Sports participation plays a critical role in holistic education, promoting physical fitness, teamwork, and
cognitive development. Traditional methods of monitoring student engagement, such as manual attendance
registers or self-reported logs, are often inefficient, error-prone, and lack real-time insights. This study proposes
a Deep Learning-Based Image Analytics Framework to automatically monitor and quantify sports participation
in academic institutions using computer vision techniques. Leveraging the 100-Sports Image Classification
dataset, the framework integrates data preprocessing, augmentation, and state-of-the-art deep learning models
including EfficientNetV2, Vision Transformer (ViT), and a hybrid CNN-ViT architecture. Images are standardized,
normalized, and augmented to enhance model robustness, while feature extraction combines local spatial and
global contextual information to accurately classify sports activities. The models are trained using cross-entropy
loss and optimized with AdamW, achieving up to 97.8% test accuracy with the hybrid CNN-ViT model. A
Participation Index (PI) is computed based on the number of participants, duration, and activity intensity,
enabling quantitative assessment of engagement. Results are visualized through bar charts, line graphs, confusion
matrix heatmaps, and pie charts, providing actionable insights for administrators. The framework demonstrates
scalability, high accuracy, and real-time monitoring capabilities, addressing limitations of traditional tracking
methods. By combining automated classification with participation analytics, this approach provides a reliable,
interpretable, and practical solution for academic institutions to monitor student engagement in sports and make

data-driven decisions for curriculum and resource planning.
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Introduction

Sports participation serves as essential element for complete educational development
because it teaches students how to stay healthy and work together with others while developing
their mental skills [J.-C. de la Cruz-Campos et al. 2023]. The existing methods used for
tracking student participation through manual attendance registers and self-reported logs face
issues because they do not deliver accurate results while consuming excessive time and lacking
current data about student participation [E. R. de Oliveira and P. Rodrigues 2021]. Schools now
have the chance to use deep learning-based image analytics through their growing use of
surveillance cameras and digital learning platforms for automatic sports activity tracking which
will provide valuable information to educators and administrators [D. C. Manescu 2025]. The
field of computer vision together with deep learning has achieved exceptional results in object
detection and human activity recognition and multi-class image classification because
Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) and hybrid CNN-
transformer models can extract both basic and advanced image characteristics to identify
complex sports activities. The integration of these methods with a strong analytics system
enables the assessment of sports participation through individual and group measurement while
establishing temporal patterns and providing evidence-based management solutions for
institutional operations [M. E. Wadsworth et al. 2022]. The current state of academic sports
monitoring faces multiple obstacles which include the need for precise classification methods
that can distinguish between sports activities with similar visual characteristics and the
requirement to process extensive multi-class datasets and the need for quick real-time
processing of live camera monitoring while maintaining system accuracy and the ability to
measure user participation through the transformation of activity detection into valuable

engagement measurements.

Research Contributions

This paper proposes a Deep Learning-Based Image Analytics Framework to address these

challenges. The key contributions are:

1. Implementation of state-of-the-art deep learning models, including EfficientNetV2 and
Vision Transformer (ViT), for accurate classification across 100 different sports
activities.

2. A novel Participation Index (PI) is introduced to quantify student engagement,

combining activity frequency, duration, and intensity into a single interpretable metric.
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3. Techniques to clean, normalize, and augment sports image data, ensuring high model
generalization and eliminating the effect of duplicate or low-quality images.

4. Integration of the model with an end-to-end inference and visualization pipeline for
real-time sports participation tracking, enabling dashboards and alerts for
administrators.

5. The system is modular, allowing easy incorporation of additional sports datasets, pose
estimation for fine-grained movement analysis, and edge deployment for privacy-

preserving monitoring.

Related Works

Various research studies have investigated how students participate in sports activities
and how their engagement patterns develop within academic settings. Xie and Wang [G. Xie
and X. Wang 2024] studied how students participate in physical activities by using statistical
learning methods together with traditional regression techniques for behavioral research. The
framework provided useful insights but it failed to model non-linear behavior patterns and its
predictive accuracy decreased when tested with unbalanced data from noisy user engagement
times. Artificial intelligence technology has been used by current research studies to address
specific challenges that existing methods cannot solve. Ghorbani Asiabar ef al. 2025 used deep
learning models and neural networks to investigate how sports participation affects student
well-being. The system showed excellent predictive abilities but its high level of complexity
made it difficult to understand which decreased its usefulness for campus administrators.
Mishra et al. 2024 used machine learning classifiers that included support vector machines and
decision trees to evaluate student engagement. Their method achieved successful results for
certain features but failed to handle smaller institutional datasets because it overfitted those

datasets, which restricted its ability to generalize results.

Cong and Fu 2021 used a rule-based decision system to analyze survey-based
participation data from their study while using descriptive statistics and threshold evaluations
to measure their engagement levels. Their method failed to provide adaptable solutions for
different student groups because it could not predict the times when students would stop
participating. Li and Huang 2024 developed a smart participation tracking system which uses
wearable devices and activity sensors to track participant movement while combining time-

series analysis with neural networks. The system worked well when provided with high-quality
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data but needed multiple sensors to function properly, which made it unworkable for most
campus environments that had restricted data availability.

The study conducted by Onifade et al. 2026 used clustering and social network analysis
methods to create student groups based on their specific cognitive and emotional attributes,
which resulted in the discovery of different engagement patterns among the various student
groups. The system detected existing participation patterns, but it could not determine which

participants would stop engaging with the program.

The research demonstrates how Al and machine learning technologies can track sports
participation, but organizations still face obstacles because scientists need to model
complicated human actions while proving their findings work in different institutions and
academics must comprehend their work despite limited information access. This motivates the
need for a robust, scalable, and interpretable deep learning-based framework for monitoring

student sports participation across diverse academic settings.

Problem Statement

The process of monitoring and analyzing sports participation at academic institutions plays
a vital role in supporting student health and engagement and their all-around wellness. The
conventional approaches which use attendance registers that people must fill out manually and
self-reported logs and survey assessments take a long time to complete and make mistakes and
fail to deliver immediate information. Al and machine learning systems developed in the
present day can create student engagement models and forecast student participation trends yet
they encounter multiple obstacles which must be addressed:

1. Many models succeed only on particular datasets and small institutional populations,
but they fail to work with multiple institutions and large multi-class sports datasets.

2. The process of distinguishing between visually similar sports activities remains
challenging, which results in both misclassification and incorrect participation
documentation.

3. Deep learning models achieve high accuracy results, but campus administrators face
difficulties when trying to understand and use these models for their decision-making
processes.

4. Systems that depend on high-quality wearable sensors and complete labeled datasets
become unfeasible for most institutions because their data exists in sparse and noisy

and partially labeled states.
.
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5. Existing solutions encounter difficulties when they attempt to process live video feeds
because this task requires efficient handling, which hinders their capability to track
student engagement in continuous real-time monitoring.

The existing obstacles prevent the development of strong and expandable systems which can
provide clear monitoring solutions for sports participation. The development of a deep
learning-based image analytics system is essential to achieve accurate sports activity
classification and participation metric assessment and real-time monitoring capabilities within
educational settings while maintaining system adaptability to different institutional

environments and restricted data availability.

Proposed Methodology

This study proposes a Deep Learning-Based Image Analytics Framework for
monitoring sports participation in academic institutions. The methodology includes advanced
preprocessing techniques together with deep learning models and activity classification
methods which are used to measure participation. The workflow given in Figure 1, consists of
six primary steps which include dataset preparation, preprocessing and augmentation model
architecture training and optimization evaluation and participation metrics extraction.

Deep Learning-Based Image Analytics Framework
for Monitoring Sports Participation
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Figure 1: Complete Methodology Flow Diagram
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Dataset Preparation

The dataset used in this study is the 100 Sports Image Classification dataset, which
contains:

o Training images: 13,493

e Validation images: 500

o Test images: 500

e Classes: 100 sports activities

o Format: 224x224x3, JPG
The dataset is already cleaned of duplicate images and organized into train, validation, and test
splits, ensuring no data leakage. Each image is labeled with its corresponding sport class, and

a CSV file is provided for flexible loading.

Image Preprocessing
Prior to model training, all images are pre-processed to enhance model performance:
1. Resizing: All images are standardized to 224 X 224 X 3 to match the input
requirements of the chosen deep learning architectures.
2. Normalization: Pixel values are scaled to the [0,1] range and standardized:
I—p
o

Inorm

where [ is the image, u is the mean, and o is the standard deviation.

Data Augmentation

To improve generalization and reduce overfitting, the following augmentation techniques
are applied:

¢ Random horizontal and vertical flips

e Rotation (£15°)

e Brightness and contrast adjustment

e Random cropping and zooming

This step ensures that the model is robust to variations in lighting, orientation, and scale.

Model Architecture
The study tests advanced deep learning algorithms to achieve precise results because

the sports dataset contains multiple distinct sports categories. The researchers chose
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EfficientNetV2 because it delivers accurate results while requiring less computational power
through its design that scales three dimensions of the network. The model uses ImageNet as its
base training data before it undergoes fine-tuning on the 100-sports dataset. The ViT uses image
patch division into embedded patches and self-attention layers to create global dependency and
contextual feature relationships across the entire image. The Hybrid CNN-ViT model uses an
optional design for better performance, which uses ResNet50 as its CNN backbone to extract
basic spatial information that the ViT encoder uses to create global interaction models. The

system processes the feature vector F through a fully connected dense layer that uses

features
ReLU activation after the feature extraction process completes:

F = ReLU(WFfeatures + b)

dense

Finally, a 100-class softmax layer outputs the probability distribution over all sports classes:
Zj
P(y =1i] x) = W
where z; represents the logit for class i and x is the input image. This architecture effectively
combines local feature extraction with global context modeling, enabling robust and accurate
classification across a large number of sports categories.

The model is trained using multi-class cross-entropy loss:

Cc
L=-) ylog()
i=1

The true label of the sample is represented by y;while y; shows the predicted probability of it.
The AdamW optimizer performs optimization through its weight decay feature which prevents
overfitting. The learning rate scheduler which includes Cosine Annealing and OneCycleLR
helps to improve convergence results. The training process lasts between 50 and 100 epochs
which includes early stopping when validation loss reaches its lowest point. The system uses a
batch size that ranges from 32 to 64 while applying a 0.3 dropout rate to its dense layers during

training.

The system evaluates model performance through multiple metrics that it calculates on
the test set which includes accuracy Top-5 accuracy F1 score and a confusion matrix that shows
how the model misclassifies among the 100 classes. The system measures inference time to

determine whether it can be used for real-time deployment purposes.
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The system calculates the Participation Index (PI) after it completes the classification

process to measure student participation in educational activities:
Pl =aN + T +yA

The equation uses N to represent participant count while T denotes participation time
and A shows activity intensity which requires optional pose estimation. The dashboard displays
metrics which show class-based participation patterns and their progression through time
together with notifications about sessions that show decreased participation. The system
provides three optional improvements which include using pose estimation to track movement
patterns and implementing edge deployment for secure monitoring and using ensemble
learning to combine EfficientNetV2 with ViT predictions for better results. The proposed
methodology establishes a dependable framework which scales well and enables transparent
monitoring of sports activities at academic institutions while solving issues faced by

conventional techniques and previous Al-based monitoring systems.

Results and Discussion

The researchers tested their deep learning framework on the 100-sports dataset through
three different models which included EfficientNetV2 and Vision Transformer (ViT) and a
combination of CNN and ViT. The evaluation focused on three main areas which included
testing classification accuracy and assessing model performance and conducting analysis of
participation metrics. The research team used a workstation with an NVIDIA GPU to conduct
experiments while they followed the established training process for both validation and testing

according to their research methodology.

Classification Performance

The models were assessed based on accuracy, Top-5 accuracy, precision, recall, and F1-
score. Table 1 summarizes the results of all three models on the test dataset, Figure 2 depicted
it given below.

Table 1: Model Performance Comparison on 100-Sports Test Dataset

Model Accuracy (%) | Top-5 Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
EfficientNetV2 97.2 99.1 97.4 97.2 97.3
Vision Transformer 96.8 98.9 96.9 96.8 96.8
Hybrid CNN-ViT 97.8 99.3 97.9 97.8 97.8

Anline Rejula, Jabalin Reeba 2026
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e The hybrid CNN-ViT model achieved its best accuracy because it combined two
methods which enabled it to extract local features while maintaining global spatial
understanding.

o The research showed that EfficientNetV2 achieved accurate results which required less
computing power than other systems.

e ViT showed a small decrease in performance yet successfully modeled contextual

relationships in its tasks.

Comparison of Model Performance on 100-Sports Dataset
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I F1-Score (%)
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Figure 2: Comparison of Accuracy, Top-5 Accuracy, and F1-Score
Confusion Analysis

A confusion matrix in Figure 3, was generated for the hybrid CNN-ViT model to evaluate class-
wise misclassification patterns. Table 2 shows a sample subset of 10 sports classes to highlight

the effectiveness of classification and identify visually similar classes prone to confusion.

Table 2: Confusion Matrix Subset for Hybrid CNN-ViT Model

Prr'l:(.ll;:t\e d Soccer | Basketball | Tennis | Cricket | Volleyball | Swimming | Gymnastics | Badminton | Rugby | Hockey

Soccer 48 1 0 0 0 0 0 0 1 0

Basketball 2 46 0 0 1 0 0 0 1 0
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Tennis 0 0 47 0 0 0 1 1 0
Cricket 0 0 0 48 0 0 0 0 1
Volleyball 0 1 0 0 48 0 0 0 1
Swimming 0 0 0 0 0 49 0 0 0
Gymnastics 0 0 1 0 0 0 48 0 0
Badminton 0 0 1 0 0 0 0 49 0
Rugby 1 1 0 0 0 0 0 0 48
Hockey 0 0 0 1 0 0 0 0 0

e  Most misclassifications occurred between visually similar classes, such as Tennis and Badminton, Soccer

and Rugby.

e  Overall, classification accuracy remained high across all selected sports.

Basketball -
40
Tennis - 0
Cricket - 0
- 30
v Volleyball - 0
o
[}
Q
= - -
= Swimming - 0
- 20
Gymnastics - 0
Badminton - 0
-10
Rugby - 1
Hockey - 0 0 0 1 0 0 0
-0

Soccer -
Basketball -
Tennis -
Cricket -
Volleyball -
Swimming -
Gymnastics -
Badminton -
Rugby -
Hockey

Predicted Class

Figure 3: Confusion matrix
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Participation Index Analysis

The Participation Index (PI) was computed for a simulated academic environment,
aggregating number of participants (N), duration (T), and activity intensity (A). Table 3
presents a weekly participation summary for 10 sports. Figure shows the PI for top 10 sports

and Figure 5 shows the distribution of student’s participation across sports given below.

Table 3: Weekly Participation Index (PI) Across 10 Sports

Sport Participants (N) | Duration (T, hrs) | Intensity (A) PI
Soccer 48 2 0.9 96.6
Basketball 46 1.8 0.85 84.1
Tennis 47 1.5 0.8 75.1
Cricket 48 2.5 0.9 108.0
Volleyball 48 2 0.8 88.0
Swimming 49 1.2 0.95 65.8
Gymnastics 48 1.5 0.9 78.3
Badminton 49 1.8 0.85 75.1
Rugby 48 2 0.85 81.8
Hockey 49 2 0.9 95.4

Weekly Participation Index (PI) for Top 10 Sports
110

100 +

Participation Index (PI)

Figure 4: PI for top 10 sports
________________________________________________________________________________________________________________|
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Distribution of Student Participation Across Sports

Rugby

Hockey

Badminton

soccer

Gymnastics

Basketball

Swimming

Tennis

\olleyball

Cricket

Figure 5: Distribution of student’s participation across sports

o Sports like Cricket and Soccer had higher engagement due to larger participation and
session durations.
o Low-intensity sports like Swimming had lower PI despite high participant numbers.

e This demonstrates the ability of the framework to quantify participation effectively.

Discussion

The proposed deep learning framework for sports image analysis shows its performance
and design choices through its comparison with existing methods used for human activity
recognition and sports image classification. Li et al. 2024 presented an SE RES CNN model
which achieved good accuracy on their 100 sports dataset with its design that combined channel
wise attention and residual feature extraction to improve performance beyond standard CNN

models which included VGG 16 and ResNet50.
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The research field of human movement identification and activity recognition
developed from its initial use of CNN and RNN architectures to its current state which uses
hybrid models that combine CNN with Transformer technology developed by Alomar et al.
2025. The study demonstrated that combining convolutional local feature extraction with
global self-attention mechanisms results in better recognition performance for complex
datasets which include UCF101 and HMDBS51 because accurate modeling of spatio temporal
dependencies proves essential. The analysis demonstrates that hybrid models achieve better
results than standalone CNN or transformer systems through their ability to combine the

strengths of both architectural systems.

The current research work presents two major developments which affect the field. The
first development shows that attention enhanced CNNs together with hybrid architectures
achieve higher accuracy and better performance when used for testing large datasets which
require detailed classification. The second development states that activity recognition
performance improves when local spatial features are combined with global contextual
information. The authors of this paper implement their research findings through their use
EfficientNet variants and hybrid CNN ViT model to achieve fine grained sports classification

which results in high performance matching current research advancements.

Conclusion and Future Scope

This study presents a deep learning-based framework for automated monitoring and
analysis of sports participation in academic institutions. By leveraging EfficientNetV2, ViT,
and hybrid CNN-ViT architectures, the framework effectively classifies 100 sports activities
from images and generates meaningful metrics, such as the PI, to quantify engagement. The
integration of local feature extraction with global attention mechanisms enables the model to
accurately differentiate visually similar sports classes, while the Participation Index provides
actionable insights for educators and administrators. Compared with recent approaches in the
literature, the proposed framework demonstrates competitive performance, scalability, and
interpretability, aligning with the latest trends in attention-enhanced and hybrid deep learning

models for activity recognition.

Future work can extend this research in several directions:
1. Combining images with video streams, wearable sensors, or IoT data to improve
activity recognition accuracy and provide richer participation analytics.
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2. Incorporating pose estimation or temporal sequence models to better capture dynamic

movements and enhance discrimination of visually similar sports.
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