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ABSTRACT

The rapid increase in sports-related visual data on digital platforms has made classification significantly more difficult, especially
among categories with similar scene structures. Traditional CNN-based methods are unable to adequately capture semantic and
contextual information in sports classifications that require fine distinctions. This study proposes a new hybrid classification
framework that combines Vision Transformer (ViT) architectures, Contrastive Language-Image Pre-training (CLIP), and
Explainable Artificial Intelligence (XAI) techniques. The system extracts semantically rich features from ViT-B/16, ViT-B/32,
and ViT-L/14 architectures, while examining the impact of these features on classification decisions using the SHAP (SHapley
Additive Explanations) method. It then performs the final classification using ensemble machine learning algorithms. The study
was tested using two different sports image datasets with 23 and 100 classes. The results show that the ViT-L/14 model achieves
an accuracy rate of 99.28% when used with 100 features selected by SHAP. In the 100-class dataset, it achieves an accuracy rate
of 98.68%. Throughout all experiments, the proposed method achieved significant improvements in precision, sensitivity, and
F1-score metrics while also significantly reducing computation time on low-dimensional feature sets. Additionally, the SHAP-
based explainability approach addressed the “black box” issue of deep learning and made the model’s decision-making processes
transparent. In conclusion, the proposed ViT+CLIP+XAl-based framework demonstrates superior performance in the
classification of large-scale, multi-class sports images and provides fast, accurate, and explainable results. Thanks to its modular
structure, it can be easily adapted to has made automated classification increasingly challenging, particularly among categories
with similar scene structures. This study proposes a hybrid framework combining Vision Transformer (ViT) architectures,
Contrastive Language-Image Pre-training (CLIP), and Explainable Artificial Intelligence (XAI) to address this challenge.
Semantically rich features are extracted using ViT-B/16, ViT-B/32, and ViT-L/14 models, ranked via SHAP (SHapley Additive
Explanations), and classified through ensemble learning algorithms. Validated on two sports image datasets spanning 23 and 100
classes, the ViT-L/14 model achieves 99.28% accuracy on the 23-class dataset and 98.68% on the 100-class dataset using 100
SHAP-selected features. The proposed method consistently improves precision, recall, and F1-score while significantly reducing
computation time on low-dimensional feature sets. Furthermore, SHAP-based explainability addresses the "black box" limitation
of deep learning by making model decisions transparent. The proposed ViT+CLIP+XAI framework demonstrates superior
performance in large-scale, multi-class sports image classification and is readily adaptable to other complex visual recognition
tasks.

Keywords: Contrastive Language—Image Pretraining, Vision Transformers, Explainable Artificial Intelligence, Sports Image
Classification, SHAP, Ensemble Learning
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1. INTRODUCTION

1.1 Background

With the acceleration of the digitalization process worldwide, large volumes of image data have begun to be produced in every
field. As in almost every field, this situation has led to an ever-increasing number of visual contents in the field of sports,
especially with the rise of social and digital media. The control and classification of these data have become a significant problem.
Factors such as low image quality, the inability to fully capture instantaneous sports movements, and the presence of similar
visuals across different sports disciplines further complicate the classification process. These challenges clearly highlight the
need for new and advanced methods to enable the accurate, effective, and automated classification of sports-related visuals.

For many years, studies on the classification of sports images have been conducted using different methods [1-3]. While these
processes were carried out manually when image data was limited, the sustainability of these processes has disappeared with the
increase in data volume. In this context, computer-assisted classification techniques have come to the fore as they shorten the
classification time while also limiting the use of human labor. In early automatic classification studies, traditional feature
extraction methods were adopted, utilizing distinct features such as sports field lines, athlete attire, and equipment. However,
these methods have shown limited success with low-quality images and similar images appearing in sports fields of similar
quality. Following these developments, deep learning-based approaches have become prominent methods in the classification of
sports images.

In particular, traditional CNN architectures have achieved high accuracy rates in this field [6—8]. Alongside these accuracy rates,
these models exhibit certain limitations. The primary limitation is their inability to interpret the image in terms of content context
while processing it on a pixel-by-pixel basis. This situation can lead to erroneous classifications, especially when distinguishing
between sports with similar scene structures.

This study is based on a hybrid approach that combines Contrastive Language-Image Pretraining (CLIP) models with Vision
Transformer models. Thanks to this structure, images can be matched with textual descriptions during processing to model
contextual information, allowing for a more detailed analysis of image content. With the proposed method, details such as the
field structure, the positioning of lines, player positions, and clothing in the image are effectively evaluated through text-based
contextual analysis. Thanks to the CLIP method, trained models can perform well even with low-resolution images and images
with variable lighting conditions.

The success of deep learning architectures in different fields has led to major technological developments since 2010. Studies
have been conducted using CNN architectures for the classification of sports images, and some successful results have been
obtained. However, the fact that sports are played on similar fields and their images resemble each other makes it difficult for
existing deep learning methods to classify them correctly.

This study aims to combine image and text-based data and present a classification mechanism based on contextual information
through the proposed hybrid approach. By matching contextual elements such as the rules of the sport, athlete uniforms, and field
formations with Transformer-based large language models, it is possible to make more realistic predictions. With this method,
high-level representative features are extracted through CLIP models, and these features are analyzed in a textual context using
LLM. The final classification decision is made by combining image processing techniques. This structure aims to provide much
higher performance compared to traditional deep learning models by classifying sports images not only based on pixel values
and visual similarities but also based on the semantic features they contain.
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1.2 Motivation

There are various studies on the classification of sports videos and images. The methods used in these studies are mostly based
on machine learning and deep learning methods. In particular, there are many studies related to CNN-based methods.

In a study published in 2019, researchers proposed a method based on AlexNet for the classification of field sports. This method,
consisting of five convolutional layers and three fully connected layers, was used for classification. Comparisons were made
with different methods within the study, and when compared with these methods, the AlexNet-based method achieved an average
accuracy of 94.07%. This accuracy percentage was obtained on smaller datasets. The study also noted that research on the success
of this method on larger datasets is ongoing [9].

Ketan Joshi and his colleagues classified sports images using the InceptionV3 model and achieved an accuracy rate of 96.64%.
In this study, features were extracted using InceptionV3, and sports were classified using neural networks. The researchers
achieved a good accuracy value thanks to the efficient use of neural networks on large datasets [10].

In this study, which is one of the classification studies conducted on sports videos, the performances of neural networks are
analyzed and compared. The study found that pre-trained neural networks such as AlexNet and GoogleNet have higher accuracy
than customized CNN models [11].

In another study, sound and video features were combined to perform classification using a deep learning and transfer learning-
based method. In this study, the use of VGG deep convolutional networks and transfer learning enabled the classification of
sports with similar field characteristics to a certain extent. In the study, which achieved the highest accuracy of 96.66%, it was
also observed that the accuracy rate decreased as the number of sports classes increased [12].

In a study conducted in 2024, a DNN/NTSO-based model was proposed for the classification of sports images. This study
presents a new approach to the classification of sports images by combining DNN, which can extract high-level features from
images, with the NTSO algorithm, a meta-intuitive algorithm. The study showed that this method has better performance than
other methods in terms of accuracy, sensitivity, F1 score, and specificity. The application of the DNN/NTSO-based model has
some issues such as scalability, vulnerability to attacks, and hardware dependency [13].

In the study titled “Sports Classification in Sequential Frames Using CNN and RNN,” which performs automatic classification
by combining CNN and RNN models, an accuracy of 96.66% was achieved. This study, which was tested on a small dataset, has
not yet been tested on large datasets. The dataset was tested for basketball, cricket, soccer, ice hockey, and tennis. In this study,
CNN was used for feature extraction, while RNN was used to determine the relationship between frames in the time domain
[14].

Deep learning methods are also used in different areas of sports. Predicting athletes’ performance [15], determining athletes’
recovery time based on their rehabilitation history [16], or providing athletes with personalized treatment in the field of combat
sports through IoT wearable devices and the RNN model are some of these [17].

Increasing and increasingly complex data in all fields has led to deep learning models being insufficient for classification. Multi-
model learning is an effective method being studied to address this inadequacy and enable better classification. Research on the
use of this method in different fields is increasing.

This study, which confirms that multi-model data performs well in classification, proposes a new MFT (Multimodal Fusion
Transformer) network for land cover classification. The proposed model demonstrated better performance compared to other
classical CNN and traditional classifier models [18].
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In recent years, transformer-based multi-model fusion techniques have been used in multi-model studies for the classification of
medical images. This study, published in 2024, provides a detailed examination of classification processes performed using deep
learning-based multi-model methods. This study, which also discusses the challenges of this model, has shown that it is an
important method for improving the classification performance of multi-models and has recommended that future studies in this
field focus on this method to make it more efficient [19].

The abundance of medical images and the importance of their classification have increased research on multi-model methods in
the health field. Olaide N. Oyelade and colleagues, who investigated a hybrid model for classifying breast cancer images, present
a new deep learning approach called TwinCNN. The TwinCNN architecture has enabled the extraction of distinctive features
from multi-model examples and ensured that the classification process performs well. The researchers plan to integrate attention
mechanisms into TwinCNN in the future to create an efficient model for both visual and textual neural networks [20].

Research on the multi-model method is also being conducted in the field of sports. In a study published in 2024, NLP and multi-
models were integrated into the field of sports to analyze datasets. This study presents the advantages and challenges of NLP and
multi-model integration after a comprehensive review. The study includes research that could contribute to various areas, such
as tactical analysis of the examined datasets and improvements in athlete health [21].

The rapid increase in sports video data has made it necessary for researchers to develop new methods for classification. A study
by Supriya Kumari and colleagues investigated the combined use of ViT and CNN models. In this study, which used the UCF
Sports Action Dataset, 10 sports areas were examined. In the model, where the two deep learning architectures worked in a
hybrid manner, the classification of data showed better performance than other non-hybrid models [22].

A study conducted on the “100 Sports Image Classification” dataset obtained from Kaggle introduces the SE-RES-CNN model.
This model was compared with the VGG-16 and ResNet50 models and yielded more successful results than them. This model
achieved an accuracy rate of up to 98% in a prediction time of 0.012 seconds. This study, which uses the SE attention mechanism
to extract features from the data and the Res module to perform image recognition, has achieved high performance in the
classification of sports images [23].

In another study conducted for this dataset, four convolutional neural network methods were compared. Among the pre-trained
ResNet-50, EfficientNet B7, DenseNet-121, and YOLOvVS models, the YOLOv8 model was found to perform better than the
others with an average accuracy rate of 96.60% [24]. A summary of the literature review in this field is provided in Table 1.

Table 1. Literature Review

Year Authors Study Accuracy
. Shot Classification of Field Sports Videos Using AlexNet o
2019 Minhas R.A. et al. [9] Convolutional Neural Network 94.07%
2020 Joshi K.A. etal. [10] Ezzﬁsfggaitsr{(rgage Classification Using InceptionV3 and 96.64%
CNN - 88.75%;
A Performance Analysis of Pre-Trained Neural Network and GoogleNet —
2020 Ramesh M.A. et al. [11] Design of CNN for Sports Video Classification 91.67%; AlexNet
—92.68%
Improved Sports Image Classification Using Deep Neural o
2024 Zhou Z.A. etal. [12] Network and Novel Tuna Swarm Optimization 97.50%
2018 Russo M.A. et al. [14] %\?}38 Classification in Sequential Frames Using CNN and 96.66%
A Twin Convolutional Neural Network with Hybrid Binary
2024 Oyelade O.N. et al. [20] Optimizer for Multimodal Breast Cancer Digital Image 97.70%
Classification
. Hybrid Vision Transformer and Convolutional Neural o
2024 Kumari §. etal. [22] Network for Sports Video Classification 97.36%
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Year Authors Study Accuracy

. Research on Sports Image Classification Method Based on o
2024 Li Q. et al. [23] SE-RES-CNN Model 98.00%
Comparison of Four Convolutional Neural Network-Based
Algorithms for Sports Image Classification

2024 Liu Xiangchen [24] 96.60%

1.3 Contributions
The contributions of the proposed method to the classification of sports images are summarized below:

e The CLIP and Transformer-based hybrid approach proposed in this study offers original contributions to the field of sports
image classification.

e By modeling the relationships between visual content and textual descriptions, it enables a more in-depth analysis of the
contextual meaning of images. This allows for more accurate distinctions between sports with similar visual structures.

e  The pre-trained structure of the CLIP model on a wide range of diverse data enables high classification performance even
on images obtained in low resolution or poor lighting conditions.

e The proposed system offers a human-like reasoning and decision-making process by focusing not only on pixel-level
differences but also on inferences based on contextual and conceptual information.

e Thanks to its zero-shot learning capability, it can produce meaningful predictions even for previously unlabeled classes,
thereby minimizing the need for labeled data. This provides significant flexibility and cost advantages for applications
working with limited data.

1.4 Organization

This article consists of four sections. In the first section, studies on the classification of sports images are reviewed and the
contributions of the proposed method are discussed. In the second section, the two datasets used are introduced and the methods
applied are explained. In the third section, the proposed methods are applied to the data and the results are analyzed in detail. In
the fourth section, the obtained results are evaluated.

2. MATERIALS AND METHODS

2.1 Dataset

Two separate datasets were used in this study. The first dataset is called “100 Sports Image Classification” and consists of 100
classes. This dataset was shared on the Kaggle platform and consists of 100 different sports images with a resolution of
224x224x3 and a jpg extension. This dataset, which is divided into three separate subfolders for training, testing, and validation,
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contains 14,500 images collected from internet searches using a repeated image recognition program [25]. Figure 1 contains
sample images from the “100 Sports Image Classification” dataset.

Figure 1. Sample representation of dataset content.

Another dataset used in the study, called the Sports Image Dataset, contains a total of 13,200 jpg image files. This dataset also
includes 11 mp4 video files. The image data includes 22 different sports, while the videos include 6 different sports. In this study,
the jpg-format images were categorized into 22 classes for the application of image processing techniques, and model training
was conducted [26].

2.2 CLIP (Contrastive Language—Image Pre-training) Based Feature Extraction

CLIP is an effective model developed by OpenAl to establish connections between images and their descriptions [27]. CLIP has
a pre-training process that aims to learn the relationship between images and text, thereby aiming to learn the meaning of the
image. CLIP extracts features from images using image transformer models and from text using text transformer models. CLIP-
based feature extraction stands out for its ability to determine the relationship between images and text. It has many advantages,
such as zero-shot learning, less dependence on labeled data, understanding contextual relationships, and generalization ability.
Zero-shot learning is a learning method that can produce effective solutions even on classes it has never seen before. Thanks to
its generalization ability, it can produce reasonable predictions even for classes it has not seen during training.

Unlike traditional methods of feature extraction, CLIP can extract features not only from images but also from text. In the CLIP
model, two separate converters are used for images and descriptive text. ResNet-based image encoders or the ViT method are
generally preferred as image converters. For text, a converter similar to the BERT (Bidirectional Encoder Representations from
Transformers) Transformer-based language model is used. The CLIP text converter has limitations in terms of reasoning and text
analysis. By working in an integrated manner with different language processing models, CLIP is an important model that can
analyze images and texts to establish contextual relationships more accurately. The architectural overview of this model is shown
in Figure 2.
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Figure 2. CLIP model architecture.

2.3 Vision Transformer

Vision Transformer (ViT) models have emerged in recent years as Transformer-based image processing models with the potential
to replace traditional CNN models. Transformer architectures, which were initially developed for use in natural language
processing (NLP), can also be integrated with image data. ViT models, introduced by Alexey Dosovitskiy and colleagues in
2020, have demonstrated significant performance in image processing and classification [28]. This method works by dividing
the images into squares of specific sizes and then processing them using self-attention blocks. Unlike traditional CNN
architectures, which treat the image as a whole and perform filtering operations on pixels, ViT architectures divide the image
into sections called “patches,” thereby aiming to perform a more comprehensive image analysis [29]. The architectural summary
of ViT models is shown in Figure 3.
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Figure 3. Vision Transformer model architecture.

2.4 Explainable Artificial Intelligence

Explainable Artificial Intelligence (XAI) is a field of research that aims to ensure that systems’ decision-making processes are
interpretable and understandable by humans. Traditional artificial intelligence methods are defined as methods with low
comprehensibility, acting like a black box in their internal workings. It is not clear how and why these methods arrive at certain
results. XAl, on the other hand, aims to reduce these uncertainties and provide insight into the inner workings of deep learning
and artificial intelligence models [30]. In this sense, explainability is of great importance in terms of reliability, ethical
responsibility, comprehensibility, and user acceptance.

XA facilitates the user’s understanding of the reasons behind model outputs, providing transparency to the results obtained and
the model’s decision-making process. With this approach, both in-model and post-model explainability can be achieved. This
enables a process open to development in terms of identifying the strengths and weaknesses of the trained model, determining
its biases, and increasing its reliability. XAl applications contribute to improving and developing model performance while also
helping to ensure that artificial intelligence systems are used in an ethical, fair, and accountable manner. With these features,
XAI has become one of the fundamental components that help artificial intelligence techniques achieve powerful results and
ensure that these results are reliable and human-centered tools.

2.5 Proposed Method

In this study, an effective feature extraction and classification method was developed by combining ViT+CLIP and XAI
techniques. The main objective of the study is to create a powerful explainable classification model through the use of deep
features obtained from ViT+CLIP architectures. In the first stage of the developed model, feature extraction was performed using
ViT+CLIP models on the dataset. The SHapley Additive Explanations (SHAP) method was applied to these features, and the
effect of each feature value on the model predictions was extracted. The most important features obtained in line with this
extraction were ranked in order of importance.
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The 25, 50, and 100 most important features according to the SHAP analysis were considered in order and the classification
process was performed using machine learning algorithms. The performance of these feature sets was compared based on the
results obtained from the applied machine learning methods, and the algorithm that provided the highest accuracy rate for each
case was determined. In this process, the feature sets extracted using the SHAP method were analyzed to achieve an optimal
balance between explainability and performance. At this stage, the models with the highest accuracy rates were combined using
the ensemble method to create the final classification system.

During the training process, the model performance for each feature set was iteratively evaluated and analyzed using performance
evaluation metrics such as accuracy and precision. With this approach, the aim was not only to achieve high accuracy but also to
provide a more reliable and transparent classification process by utilizing the effects of features explained through XAI. An
explanatory graphical representation of the proposed method is given in Figure 4.

ViT Models
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[ 7 7
| EnsembleModel |

- Feature Exraction 4)[ Machine Learning Algorithm's [ Best 3 Model H Classification ]

i=100;100;
Best Model Features Length

Sorting the most important
[SHAP Feature Selectlon ]—b[ features selected

Figure 4. Graphical abstract visualizing the proposed method.
3. EXPERIMENTAL RESULTS

This section provides a comprehensive evaluation of the ViT+CLIP+XAl-based hybrid classification framework. Experimental
results were reported on two different datasets consisting of 23 and 100 sports categories. Three variants of the Vision
Transformer—ViT-B/16, ViT-B/32, and ViT-L/14—used various machine learning algorithms to classify features. Tables 2—7
summarize the performance metrics: Accuracy, Precision, Recall, F1 score, and inference time. Table 2 shows the performance
results for the 23-class dataset using features extracted from the ViT-B/16 model. CatBoost achieved the highest accuracy among
all classifiers at 87.35%, followed by XGBoost at 87.33%. KNN had an accuracy rate of 82.06% despite offering the minimum
inference time of 2.58 seconds. SVM achieved moderate accuracy (86.00%) along with the highest computational cost. ViT-
B/16 features generally demonstrated sufficient classification capability; however, the model appears to be limited, especially
for more complex or overlapping classes.

Table 2. Classification results using features extracted from ViT-B/16 on the 23-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 87.35 85.42 85.45 85.43 41.04
LR 85.11 86.85 86.65 86.75 60.18
XGBoost 87.33 85.97 87.08 86.52 51.12

LightGBM 85.26 85.84 85.04 85.44 7.80

SVM 86.00 85.40 86.20 85.80 283.45
GBM 85.01 86.38 86.97 86.67 34.87
RF 85.64 85.46 85.95 85.70 56.88
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ET 82.52 83.36 84.93 84.14 41.37
DT 83.72 84.24 83.13 83.68 37.50
KNN 82.06 81.90 81.49 81.69 2.58

Table 3 shows the results of the same dataset classified using features extracted from the ViT-B/32 model. LightGBM achieved
the highest accuracy rate of 97.85%, while GBM and RF achieved the lowest accuracy rates of 97.26% and 97.21%, respectively.
All models showed high, balanced precision, recall, and F1 score values, indicating that the prediction behavior was widely
demonstrated. Despite a drop in accuracy to 92.30%, reflecting the limitations of complex multi-class classification, KNN
remained the fastest method. The ViT-B/32 model confirmed its ability to produce significantly better representations than ViT-
B/16.

Table 3. Classification results using features extracted from ViT-B/32 on the 23-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 97.11 97.10 96.87 96.98 12.26
LR 97.25 97.20 97.56 97.38 42.51
XGBoost 96.91 97.68 97.51 97.59 11.71
LightGBM 97.85 97.09 96.81 96.95 60.99
SVM 97.20 97.10 97.30 97.20 283.45
GBM 97.21 97.40 97.56 97.48 74.29
RF 97.26 96.88 97.13 97.00 78.49
ET 95.87 95.63 95.14 95.38 75.65
DT 94.84 95.87 95.39 95.63 54.75

KNN 92.30 92.03 92.05 92.04 2.64

Table 4 shows the results obtained from ViT-L/14, the most challenging ViT model tested. ViT-L/14 features have always shown
the best performance. LightGBM (98.75%) and SVM (98.70%) ranked behind CatBoost’s 98.81% as the highest accuracy rate.
Improvements are not only seen in accuracy but also across all evaluation metrics, indicating strong class separability and high
feature richness. The results clearly demonstrate that ViT-L/14 is highly successful in extracting semantically rich features even
in multi-class tasks.

Table 4. Classification results using features extracted from ViT-L/14 on the 23-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 98.81 98.36 98.73 98.54 59.63
LR 98.55 98.28 98.29 98.28 13.30
XGBoost 98.47 98.00 98.31 98.15 62.12
LightGBM 98.75 98.52 98.87 98.69 5145
SVM 98.70 98.65 98.68 98.66 283.45
GBM 98.67 98.35 98.71 98.53 62.99
RF 98.39 98.38 98.39 98.38 14.46
ET 96.81 96.32 96.31 96.31 101.71
DT 96.74 95.80 96.68 96.24 141.85
KNN 94.59 95.99 95.11 95.55 3.73

The results obtained from a 100-class dataset using features extracted from the ViT-B/16 model are shown in Table 5. Despite
the increased complexity, the model maintained good classification performance in most algorithms. LightGBM ranked first with
an accuracy rate of 97.65%, followed by XGBoost (97.64%), GBM (97.52%), and SVM (97.30%). The precision, recall, and F1
score metrics indicate relatively balanced performance among these classifiers. CatBoost (96.73%) and logistic regression
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(97.14%) also achieved competitive results. KNN remained the fastest model with an inference time of 2.74 seconds and an
accuracy of 92.23%. These findings demonstrate the discriminative capability of ViT-B/16 features even in large-scale multi-
class classification scenarios.

Table 5. Classification performance using features extracted from ViT-B/16 on the 100-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 96.73 97.57 97.08 97.32 47.85
LR 97.14 97.70 97.53 97.61 61.19
XGBoost 97.64 97.47 97.28 97.37 48.08
LightGBM 97.65 97.70 97.44 97.57 45.62
SVM 97.30 97.15 97.42 97.28 283.45
GBM 97.52 97.72 97.47 97.59 34.32
RF 96.61 97.01 97.58 97.29 77.15
ET 94.65 95.31 94.21 94.76 95.55
DT 94.16 94.85 95.18 95.01 53.52

KNN 92.23 92.09 92.11 92.10 2.74

However, Table 6 shows that performance drops significantly when ViT-B/32 features are used on the same 100-class dataset.
Random Forest (RF) showed the highest accuracy at 73.66%, followed by SVM (72.40%) and CatBoost (72.46%). Other models
such as LightGBM, GBM, and XGBoost showed slight accuracy rates between 70% and 71%, while KNN showed the lowest
accuracy rate of 66.12% despite its fast execution time of 2.38 seconds. Overall, the decline in all evaluation metrics indicates
that ViT-B/32 features are insufficient to effectively represent the complexity and detail required for high-resolution multi-class
classification. These results highlight the limitations of low-resolution transformer architectures in tasks involving large and
diverse class sets.

Table 6. Classification performance using features extracted from ViT-B/32 on the 100-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 72.46 69.82 69.48 69.65 77.76
LR 70.14 70.07 70.13 70.10 42.96
XGBoost 70.46 69.61 69.83 69.72 49.81
LightGBM 71.29 71.05 71.02 71.03 15.67
SVM 72.40 71.80 71.50 71.65 283.45
GBM 70.61 72.70 69.01 70.81 23.63
RF 73.66 72.79 72.37 72.58 66.74
ET 69.96 69.53 71.69 70.59 51.00
DT 69.93 68.30 68.46 68.38 102.82

KNN 66.12 61.39 68.23 64.63 2.38

Finally, Table 7 shows the performance of ViT-L/14 features on a 100-class dataset. As in the previous experiment, ViT-L/14
classifiers provided the highest accuracy and balanced metric values. The SVM’s accuracy rate of 98.39% demonstrates the
model’s reliability even in large-scale classification settings. This demonstrates that ViT-L/14 can capture complex visual
meanings across a wide range of sports categories and is highly generalizable.

Table 7. Classification performance using features extracted from ViT-L/14 on the 100-class dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
CatBoost 97.37 96.98 97.51 97.24 15.59
LR 98.01 97.82 97.07 97.44 56.26
XGBoost 97.16 98.11 98.23 98.17 36.55
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LightGBM 97.35 97.55 97.58 97.56 33.79
SVM 98.39 98.42 98.41 98.41 283.45
GBM 97.96 96.78 96.96 96.87 73.03

RF 98.12 97.01 97.22 97.11 42.94
ET 96.94 97.25 98.12 97.68 3191
DT 97.23 97.19 97.44 97.31 83.29
KNN 78.01 69.65 81.62 75.16 1.71

This section also shows the classification performance obtained using the 25, 50, and 100 most significant features selected using
the SHAP (SHapley Additive Explanations) method. Each ViT architecture (ViT-L/14, ViT-B/32, and ViT-B/16) was thoroughly
examined on 23-class and 100-class datasets. A detailed analysis was conducted on the model’s metrics, including accuracy,
precision, sensitivity, F1-score, and computation time, as well as the results obtained.

In experiments with 25 features, classification was quite efficient, especially in terms of computation time. ViT-L/14 yielded the
best results on the 23-class dataset (98.35% accuracy), while ViT-B/32 yielded remarkable results with 97.28% accuracy. ViT-
B/16 showed lower but similar performance. When moving to a 100-class dataset, although all models experienced small
declines, ViT-L/14 maintained its lead with 97.15% accuracy. Achieving this level of success with such a low-dimensional
feature set demonstrates that the SHAP method is an effective feature selection technique. The results obtained from models
trained with 25 selected features are presented in Table 8.

Table 8. Classification performance using 25 SHAP-selected features across 23-class and 100-class datasets

ViT Architecture ((Z:;i‘lilst Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
ViT-L/14 23 98.35 98.20 98.14 98.17 52.1
ViT-B/32 23 97.28 97.01 97.06 97.03 39.2
ViT-B/16 23 86.90 86.10 86.55 86.32 31.8
ViT-L/14 100 97.15 97.00 97.10 97.05 62.6
ViT-B/32 100 95.18 94.90 94.85 94.87 45.5
ViT-B/16 100 96.24 96.00 95.94 95.97 38.4

When the number of features was increased to 50, all models achieved more accurate and better F1 scores. The ViT-L/14
architecture achieved the highest value with 98.74% accuracy, especially on the 23-class dataset; ViT-B/32 followed with 97.96%
accuracy. The ViT-B/16 architecture also improved significantly compared to the previous level, achieving 88.12%. In the 100-
class dataset, ViT-L/14 again achieved the best result with 97.93%, while other models achieved accuracy rates above 96%.
These results demonstrate that fifty features provide an ideal balance between processing time and accuracy. The results obtained
at this stage are presented in Table 9.

Table 9. Classification performance using 50 SHAP-selected features across 23-class and 100-class datasets

ViT Architecture g(i?;st Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
ViT-L/14 23 97.93 97.85 97.88 97.86 84.1
ViT-B/32 23 96.24 96.01 96.12 96.06 64.3
ViT-B/16 23 97.01 96.88 96.73 96.80 53.1
ViT-L/14 100 97.93 97.85 97.88 97.86 84.1
ViT-B/32 100 96.24 96.01 96.12 96.06 64.3
ViT-B/16 100 97.01 96.88 96.73 96.80 53.1
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The highest success values in all metrics were achieved when the most facial features were used. In the 23-class dataset, the ViT-
L/14 model reached the top with 99.28% accuracy, while the ViT-B/32 model reached the top with 98.55% accuracy and the
ViT-B/16 model reached the top with 89.74% accuracy. In the 100-class dataset, ViT-L/14 maintained its lead with 98.68%, and
ViT-B/16 showed significant success with 97.98%. These results demonstrate that broader feature sets increase the model’s
discriminative ability, thereby improving overall accuracy rates. Performance, particularly in datasets with a high number of
classes, is significantly enhanced by a high number of features. The model performance achieved by selecting 100 features is
presented in Table 10.

Table 10. Classification performance using 100 SHAP-selected features across 23-class and 100-class datasets

Class

ViT Architecture Count Accuracy (%) Precision (%) Recall (%) F1-Score (%) Time (s)
ViT-L/14 23 99.28 99.12 99.18 99.15 97.3
ViT-B/32 23 98.55 98.34 98.41 98.37 75.1
ViT-B/16 23 89.74 89.38 89.60 89.49 59.2
ViT-L/14 100 98.68 98.52 98.59 98.55 117.2
ViT-B/32 100 97.05 96.78 96.84 96.81 85.6
ViT-B/16 100 97.98 97.84 97.89 97.86 74.9

4. CONCLUSION

This study aims to develop a hybrid classification framework that integrates Vision Transformer (ViT) architectures and CLIP-
based feature extraction and Explainable Artificial Intelligence (XAI) techniques in multi-class sports image classification tasks.
The proposed method was tested on two different datasets, incorporating feature extraction from three different ViT architectures:
ViT-B/16, ViT-B/32, and ViT-L/14. A variety of machine learning algorithms were used to classify these features. Experimental
results show that the ViT-L/14 architecture achieved the highest accuracy, precision, sensitivity, and F1-score on both datasets.

The ViT-L/14 model demonstrated high generalizability and robustness even on a 100-class dataset with high class counts,
despite visual diversity and semantic complexity. When looking at classifiers, gradient-boosting methods such as CatBoost,
LightGBM, and XGBoost showed good compatibility with ViT-based features; KNN was the fastest model. SHAP-based feature
selection significantly improved classification performance. Positive results were obtained even with models trained using only
the top 25, 50, and 100 features. The ViT-L/14 model demonstrated its semantic representation capability by achieving accuracy
rates 0of 99.28% on the 23-class dataset and 98.68% on the 100-class dataset. In conclusion, the proposed ViT+CLIP+XAlI-based
hybrid architecture outperforms traditional deep learning-based classification techniques in terms of performance and
explainability, adapting to both low and high-resolution feature spaces. This method enables the creation of scalable, transparent,
and highly accurate visual recognition systems for complex and real-world applications, while enhancing the explainability of
decisions.
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