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Abstract: In recent years, rapid advances in artificial intelligence and computer vision have significantly enhanced object detection
systems, which are now widely used in fields such as autonomous driving, surveillance, and sports analytics. This study focuses on
evaluating and comparing four state-of-the-art object detection architectures (YOLOv11, YOLOv12, Roboflow 3.0, and RF-DETR) to
determine their effectiveness in real-time detection of basketball players. A publicly available dataset containing 170 annotated images
from basketball game scenarios was obtained from the Roboflow platform. Each model was trained using identical hyperparameter
configurations to ensure a fair comparison, and its performance was evaluated using mAP@50, Precision, and Recall metrics. The
results demonstrate that RF-DETR achieved the highest overall accuracy (mAP@50 = 91.5%), while YOLOv11 showed the best balance
between recall (84.3%) and precision (90.2%), making it ideal for real-time applications. These findings underscore the increasing
capability of modern Al models to perform reliable object detection in complex and dynamic environments. As deep learning
technologies continue to evolve, such comparative studies provide essential insights for selecting the most efficient architectures for

real-world implementations.
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1. Introduction

Image processing, a fundamental branch of artificial
intelligence, enables computers to interpret and analyze
visual information from images and videos (Zhao et al,
2019; Sun et al, 2024). With the integration of deep
learning, it has evolved into data-driven models that
perform complex tasks such as detection, segmentation,
and object tracking across diverse fields like healthcare,
automation, and surveillance (Tao et al, 2022). Object
detection is a crucial component of computer vision
systems, enabling the automated identification and
localization of objects within images or video frames
(Jegham et al, 2024). It plays a vital role in various
computer vision applications, including autonomous
driving, surveillance, and sports analytics. This advanced
technology serves as a foundation for a wide range of
applications multiple industries, including
robotics, security, and healthcare. Therefore, object
tracking is a crucial component of video analysis, as it
enhances object detection by ensuring temporal
consistency across consecutive frames (Trigka and
Dritsas, 2025).

YOLO (You Only Look Once) is one of the leading and
most popular object detection approaches for performing

across

object detection. Unlike traditional two-stage methods,

YOLO processes the entire image at once and
simultaneously predicts class probabilities and bounding
box coordinates, which significantly improves speed.
Various techniques have been designed for crowd
detection in videos and images (Bochkovskiy et al,
2020). Providing a balance between high accuracy and
low latency (Esteva et al., 2017). In recent years, deep
learning-based object detection models, such as YOLO
and transformer-based architectures, like Detection
(DETR), have significantly advanced
detection accuracy and inference speed (Bochkovskiy et
al,, 2020; Carion et al.,, 2020; Simic and Gavrovska, 2025).
However, detecting small or overlapping objects under

Transformers

varying lighting and background conditions remains a
persistent challenge (Khalili and Smyth 2024; Xiaozheng
etal, 2025).

To address these limitations, this study compares four
state-of-the-art architectures (YOLOv11l, YOLOv12,
Roboflow 3.0, and RF-DETR) using a unified dataset
obtained from the Roboflow platform. The selected
dataset consists of basketball-player images designed for
real-time detection tasks. Each model was trained under
conditions, and their performance was
evaluated based on precision, recall, and mAP@50
metrics to determine the most effective architecture for

identical

accurate and real-time sports-oriented object detection.
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2. Materials and Methods

2.1. Dataset

Historically, object detection datasets are created by
collecting a large collection of images and sourcing
annotators to label objects within a fixed set of classes
(Ciaglia et al., 2022). The Roboflow platform facilitates
this process by allowing users to upload, annotate, and
share datasets with high accuracy. As noted in (Sakib et
al,, 2023), with Roboflow's assistance, all objects in the
dataset were annotated with great detail and accuracy,
ensuring that each object was accurately classified and its
location was determined using bounding boxes.

In this study, an open-source dataset for detecting
basketball players was obtained from the Roboflow
platform. Each image contained multiple players in
different poses and lighting conditions, and their
positions were labeled with bounding boxes. Using
Roboflow’s bounding box tool and the generated
annotation files, the ground truth bounding boxes in each
image automatically constructed, ensuring
consistent and highly accurate annotations (Yigit, 2025).
The selected dataset was deemed more suitable for

were

object detection models because it represents a dynamic
and challenging environment characterized by multiple
overlapping targets, rapid movement, and complex
backgrounds, similar to a basketball game. This makes it
suitable for evaluating YOLO and transformer-based
architectures in terms of accuracy, robustness, and real-
time performance.

The YOLO family approaches object detection as a single-

ESFii2 THELEAD | (1
Figure 1. Dataset segmentation.

Each image was annotated with bounding boxes that
precisely delineate object boundaries. The dataset was
divided into 67% training, 19% validation, and 14%
testing subsets to ensure balanced model evaluation. All
images were standardized to a resolution of 640 x 640
pixels during preprocessing to maintain consistency
across all trained models.

stage regression problem, directly estimating the class
probabilities p(ci) and location coordinates (X, y, w, h) of
objects in an image (Ultralytics, 2024).

Overall detection confidence is defined as given in
Equation 1:

Confidence = P(Object) x IoULT4e! 1

YOLOv11l and YOLOv12 are the latest versions of the
Ultralytics series, which balance high accuracy with real-
time performance using a CSPDarknet-based backbone
and PANet/ConvNeXt-based feature fusion layers (Audu
and Ndirmbula, 2024).

Roboflow 3.0 enhances the model's generalization
performance by combining the optimization processes of
the YOLO algorithm with advanced data preprocessing
and data augmentation techniques.

RF-DETR (Roboflow-DETR) employs a transformer-
based encoder-decoder architecture, capturing the
contextual relationships between objects in the image
through attention mechanisms (Redmon et al,, 2016).

2.2. Dataset Properties

The dataset consists of a total of 170 annotated images,
each depicting basketball game scenarios captured from
YouTube videos at various angles and lighting conditions.
It includes nine object classes, with “Player” being the
primary class. The object categories are: Ball, Hoop,
Period, Player, Referee, Shot Clock, Team Name, Team
Points, and Time Remaining. The dataset segmentation
was given in Figure 1.
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2.3. Data Augmentation

To improve the generalization capability of the models,
various data augmentation techniques were applied
through the Roboflow platform. These include horizontal
and vertical flipping, brightness and contrast adjustment,
rotation, and Gaussian blur. Such augmentations simulate
real-world variations, helping the models to become
more robust against scale, pose, and lighting changes
commonly encountered in sports environments.
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2.4. Model Architecture and Training Settings

In this study, four different object detection architectures
(YOLOv11, YOLOv12, Roboflow 3.0, and RF-DETR) were
trained and evaluated under identical experimental
conditions. Each model was selected to represent a
different approach to object detection: the YOLO family
for real-time convolutional architectures, and RF-DETR
for transformer-based detection (Chandana and
Ramachandra, 2022; Zhang et al, 2023). Models were
trained using the Roboflow platform, which provides an
integrated training pipeline with GPU acceleration. Each
training session lasted approximately 40-30 minutes,
depending on the architecture and model complexity.
The same dataset version, preprocessing pipeline, and
augmentation techniques were applied across all models
to ensure a fair comparison.

2.5. Hyperparameters

All models (YOLOv11, YOLOv12, Roboflow 3.0, and RF-
DETR) were trained using the same hyperparameter
configuration to ensure a fair and unbiased comparison
(Table 1). This uniform setup ensures that any observed
performance solely to the
architectural design of each model, not to differences in
training conditions.

differences are due

Table 1. Training hyperparameters and configuration

Image size 640 x 640 pixels
Batch size 16
Epochs 50
L Adam optimizer with default learning-
Optimizer .
rate scheduling
Checkpoint MS COCO pretrained weights were used

to initialize all models

3. Results and Discussion

3.1. Evaluation Metrics

All four models were evaluated on the same test subset of
the dataset to ensure a fair comparison. Model
performance was assessed using three key metrics:
mAP@50, Precision, and Recall. The mAP@50 metric
measures the overall detection accuracy by calculating
how precisely each model identifies and localizes objects.
Precision indicates how many of the detected objects
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Figure 2. Qualitative detection results on basketball frames.
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were correct, while Recall measures how many of the
actual objects in the images were successfully detected.
Using the same dataset and training configuration
ensured that performance differences resulted only from
variations in the model architectures.

The results indicate that RF-DETR achieved the highest
overall detection accuracy, with a mAP@50 score of
91.5%, followed by YOLOv11 (87.3%), YOLOv12 (87.0%),
and Roboflow 3.0 (86.2%). In terms of precision,
YOLOv1l recorded the best performance (90.2%),
closely followed by Roboflow 3.0 (90.1%) and RF-DETR
(90.9%), demonstrating that all models maintained a low
rate of false detections. Regarding recall, YOLOv11 again
outperformed the others (84.3%), suggesting that it
detected a greater proportion of true objects compared
to the other architectures. Figure 2 shows the output of
the proposed object detection model on a test frame from
the basketball dataset.

The bounding boxes demonstrate the model’s ability to
correctly detect multiple object classes, such as Player,
Ball, and Hoop, with high confidence levels (e.g., 90%,
83%, and 98%). This qualitative example visually
confirms the quantitative findings presented in Table 2,
showing that the model can accurately identify and
localize objects in complex, real-world scenes.

4. Conclusion

This study presented a comparative evaluation of four
modern object detection architectures (YOLOv1l,
YOLOv12, Roboflow 3.0, and RF-DETR) trained in the
experimental their
effectiveness in real-time basketball player detection.
The results showed that RF-DETR achieved the highest
detection accuracy thanks to its
transformative structure, while YOLOv11l offered the

same environment to assess

attention-based

most balanced performance in terms of precision, recall,
and inference speed, making it a strong candidate for
real-time sports-focused applications. These findings
highlight the growing maturity of contemporary Al
models in handling visually complex scenarios involving
rapid movements, and varying lighting
conditions.

occlusions,
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Table 2. Evaluation metrics

Metrics ()

Valid Set External @
mAP@50 Precision Recall
U 87.0% U 88.9% U 82.9%

YOLOv12 Object Detection (Fast)

Metrics ()

Valid Set External @
mAP@50 Precision Recall
87.3% 99.2% H 84.3%

YOLOv11 Object Detection (Fast)

Metrics ()

Valid Set External @
mAP@50 Precision Recall
U 86.2% 99.1% U 81.0%

Roboflow 3.0 Object Detection (Fast)

Metrics (@)

Valid Set External @
mAP@50 Precision Recall
91.5% 99.9% U 83.0%

RF-DETR (Base)

Despite these advancements,
particularly in detecting small or overlapping targets and
ensuring stability in dynamic environments. Future work

could expand the dataset, incorporate multiple camera

challenges remain,

perspectives, evaluate lightweight architectures on edge
devices, or explore hybrid CNN-transformer models to
further improve accuracy and computational efficiency.
Moreover, integrating advanced tracking algorithms
could enable complete detection and tracking pipelines
supporting next-generation sports analytics and
automated broadcast systems. Furthermore, embedding
temporal attention mechanisms could improve frame-to-
frame consistency in fast-paced sequences, while domain
adaptation strategies could help maintain robustness
across recording conditions.
Ultimately, extending these approaches to multimodal
frameworks that combine video, sensor, or contextual
data could lead to more holistic and intelligent decision-
making systems for real-world applications.
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