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Abstract- Deep learning has become a game-changing method for resolving challenging object
detection and pattern recognition problems. The use of a novel detection framework based on the
Real-Time Detection Transformer model for the analysis of complex picture data is the main
emphasis of this paper, especially in fields like the identification of Kidney stone. To detect early-
stage stone, a major cause of vision loss worldwide, precise and effective image processing is
necessary. Based on a Transformer-based architecture, the suggested Real-Time Detection
Transformer model performs very well in processing complicated and high-dimensional visual
input with improved accuracy and robustness. In comparison to models like YOLOV5, YOLOVS,
SSD, and DETR, Real-Time Detection Transformer performs better in terms of precision, recall,
mAP50, and mAP50-95 metrics, especially when it comes to recognizing small-scale objects and
closely spaced targets.
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I.  INTRODUCTION

One of the many urological disorders is kidney stones, which, if left untreated, can result in kidney
failure, urinary tract obstructions, infections, and other problems. Early diagnosis is essential to
safeguard those who suffer from these dangerous conditions and increase the likelihood of patient
success stories. Because CT scans may identify kidney stones, even the smallest ones, they are
frequently used to diagnose kidney stones. However, manually interpreting CT scans is time-
consuming and can result in evaluation errors that lead to unneeded or misleading therapies. A
machine learning system designed to diagnose kidney stones from CT scan images is used in this
study. It is anticipated that the technology will lessen human error and the burden of radiologists.

In recent years, the rapid development of computer vision and deep learning technology has
provided strong support for automatic diagnosis and stone detection in medical image analysis.
Convolution Neural Network (CNN) has shown excellent performance in various medical image
tasks, especially in image classification and object detection. However, traditional object detection
models may face challenges such as small stones and low contrast when processing medical
images. Therefore, it is of great significance to select deep-learning models suitable for medical
image object detection [3].

Real-Time Detection Transformer is a new target detection model that combines the
advantages of the Transformer structure and the traditional detection head and performs well in
image target detection tasks. Real-Time Detection Transformer has a detection mechanism that
does not require non-maximum suppression (NMS), which can better adapt to small and dense
target detection [4]. This feature is particularly important in the detection task of Kidney Stone,
because the tiny stone in kidney images are usually densely distributed, and conventional
detection models may be difficult to effectively capture and locate [5].

To enhance the precision and reliability of stone detection, this research employs the Real-
Time Detection Transformer model for the automatic identification of kidney stones. Through the
optimization of the network architecture and the modification of the loss function, the model is
capable of accurately identifying stones of various sizes in medical images without the need for
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post-processing. Furthermore, taking into account the variations in shape and texture of stones in
medical images, the model incorporates a simulated-scale feature extraction mechanism to bolster
its ability to recognize targets of differing scales.

This research will involve training and validating the model utilizing the publicly available
Kidney Stone dataset, while assessing its performance through various indicators, including
detection accuracy, recall rate, and mean average precision (mAP). The results of this experiment
will be compared against established target detection models to demonstrate the advantages of the
Real-Time Detection Transformer in the domain of medical image target detection. Future
enhancements to the model will focus on optimizing the attention mechanism, implementing
adaptive weight adjustments, and exploring additional strategies to enhance the robustness and
stability of the detection outcomes.

This research focuses on the development and execution of an automated detection system for
kidney stones utilizing a Real-Time Detection Transformer. By creating a robust and precise deep
learning model, the study offers an automated approach for the early screening and diagnosis of
retinopathy. This initiative facilitates the timely identification and prevention of chronic kidney
diseases, thereby enhancing patient quality of life and optimizing the efficiency of healthcare
services.

. METHOD

To achieve automatic detection of kidney stones, this research employs the Real-Time
Detection Transformer deep learning model to facilitate the identification and localization of
stones through an end-to-end target detection framework. The Real-Time Detection Transformer is
utilized for target detection. To enhance the optimization of model parameters, this study
incorporates a comprehensive loss function, wherein the classification loss is represented by cross-
entropy loss, while the localization loss is defined by both L1 loss and generalized loU (GloU)
loss. The comprehensive loss function is defined as:

L= Ac‘lx 'Lf/.\- & Au ’Lu * /16101" 'LG/o(v

Among them, Acls, AL1 and AGIoU are the weight hyper parameters of the corresponding losses.
The cross parts: feature extraction network, position encoding module, and target detection head,
forming an NMS-free target detection architecture. This section will derive the target detection
process of the model and the definition of the loss function in detail. The model architecture is
shown in Figurel.

Figure 1 Model architecture diagram

First, in the image input stage, given an input image | with a size of H*W*C, a multi-scale
feature presentation is extracted through the backbone network (such as ResNet or CNN module),
which is recorded as a feature map FORM?WIC where D represents the feature dimension. The feature
map is input to the position encoding module, and the position encoding vector is obtained through
the position embedding layer to ensure that the Transformer module can capture the spatial position
information of the target.

In the object detection head, Real-Time Detection Transformer uses a multi-head self-attention
mechanism between query embedding and feature maps to calculate the attention score through dot
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product operations. The core formula of the attention mechanism is:

vk : KT .
Attention(Q, K V') = soft max( ¢ —)}
v,
Among them Q, K, V represents the query, key and value matrices respectively, and dkis the

scaling factor of the feature dimension. Through this formula, the model can distinguish the stone
area from the global background and capture potential stone targets.

The detection results output by the model include the category distribution and position
bounding box prediction of the target. In order to optimize the model parameters, this study

Introduces a comprehensive loss function, in which the classification loss uses the cross-entropy
loss, and the position loss uses the L1 loss and the generalized loU (GloU) loss.

In order to further improve the detection performance, Real-Time Detection Transformer
completes the target assignment through a dynamic matching algorithm during the prediction
process.

Through the optimization of the above target detection mechanism and comprehensive loss
function, this study achieved efficient automatic detection of Kidney Stone lesions. The model
fully utilized the attention mechanism and NMS-free detection strategy of Real-Time Detection
Transformer, improved the recognition ability of small lesions and dense targets, and ensured the
accuracy and robustness of the detection results.

I1l. EXPERIMENT

A. Datasets

This study selected the dataset, a publicly available dataset of Kidney Stone, as the
experimental data source. This dataset is a widely used annotated dataset for medical image
analysis, specifically for the automatic diagnosis of Kidney Stone. This Dataset contains a
collection of CT scan images of human kidneys, categorized into four distinct classes: Simple and
Stone. Normal images are 3200 and stone images are 800. Lastly, this dataset has been developed
to be used solely for medical imaging research and development for the algorithms that segment
and classify kidney diseases. This data set is suitable for the training and verification of deep
learning models.

Through the training of this dataset, researchers can evaluate the performance of various deep
learning models in actual clinical scenarios and further promote the development of early
screening and diagnosis technologies for Kidney Stone. Through comparative experiments with
the model, this dataset can effectively verify the generalization ability and accuracy of the model,
especially its application effect in early diagnosis of the disease.

B. Experimental Results

In this study, we will conduct comparative experiments based on the Real-Time Detection
Transformer model with four mainstream target detection models, namely YOLOv5[6], YOLOv8[7],
SSD [8] and DETR [9], to evaluate the performance of each model in the automatic detection task of
Kidney Stone lesions. As the latest versions of the YOLO series models, YOLOvV5 and YOLOVS are
widely used in target detection tasks with their fast-reasoning speed and strong real-time detection
capabilities. SSD (Single Shot Multibox Detector) performs target detection through multi-scale
feature maps, has a good balance, and shows excellent performance between speed and accuracy.
DETR (Detection Transformer) introduces the Transformer structure, which can effectively handle
complex target relationships, especially when dealing with dense targets. We will compare the
performance of each model in terms of detection accuracy (Precision), recall rate (Recall), average
precision (MAP), and other indicators, especially when dealing with Kidney Stone images, to
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evaluate the recognition ability of each model for small lesions and complex backgrounds. The
purpose of analyzing the experimental results is to verify the advantages of Real-Time Detection
Transformer over traditional target detection models in Kidney Stone detection, especially its
robustness and accuracy in target detection tasks without the need for an NMS detection mechanism.
The experimental results are shown in Table 1.

Table 1 Experimental Results

Model |FTESSIO) Recall [mAP50|MAYEY
SSD | 081 | 074 | 0.78 | 061
YOLOV5| 085 | 0.79 | 082 | 068
YOLOv8| 086 | 0.80 | 0.83 | 0.70
DETR | 085 | 0.78 | 0.82 | 066
Ry
rgnésrorm 090 | 084 | 087 | 076

From the experimental results, it can be seen that the Real-Time Detection Transformer model
performs well in multiple evaluation indicators, surpassing several other target detection models,
especially in small target detection capabilities and robustness in complex scenes. First, the
Precision of Real-Time Detection Transformer is 0.90, which is significantly higher than other
models, indicating that it can detect Kidney Stone lesions more accurately and reduce the
generation of false positive results. In contrast, the precisions of YOLOvV5 and YOLOVS are 0.85
and 0.86 respectively. Although they also perform well, the gap in this indicator shows that Real-
Time Detection Transformer has higher reliability in target recognition and positioning. The SSD
and DETR models have lower precisions of 0.81 and 0.85 respectively, indicating that they may
have certain errors in the process of visual feature extraction and target recognition, especially in
the detection of subtle lesions such as Kidney Stone lesions. The performance of Real-Time
Detection Transformer is more in line with clinical needs.

Secondly, Real-Time Detection Transformer also has a significant advantage in Recall, with a
value of 0.84, which is higher than YOLOvV8's 0.80, YOLOvV5's 0.79, and DETR's 0.78. A higher
recall rate means that Real-Time Detection Transformer can identify more stones. Real-Time
Detection Transformer obviously has stronger capture ability. In contrast, although the recall
rates of YOLOv5 and YOLOvV8 are higher, they are still lower than Real-Time Detection
Transformer, which may be related to their limitations in dealing with small targets. The recall
rate of the SSD model is 0.74, the lowest among all models, indicating that it is less effective in
detecting some small lesions and difficult-to-identify lesion areas, which also reflects the
shortcomings of SSD in complex lesion scenes.
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In general, Real-Time Detection Transformer not only performs well in all indicators but also
its NMS-free design strategy and Transformer-based deep learning architecture are particularly
suitable for the automatic detection of Kidney Stone. Real-Time Detection Transformer can
effectively cope with the challenges of small stones, which makes it highly practical in clinical
applications. Compared with YOLOv5, YOLOv8, SSD, and DETR, RT- DETR has obvious
advantages in accuracy, recall, and target positioning accuracy, especially in the automatic
detection of Kidney Stone, a complex disease. Real-Time Detection Transformer has shown its
unique advantages. These results show that Real-Time Detection Transformer has higher potential
in the early screening and diagnosis of the disease, and can provide more reliable and accurate
support for the diagnosis of Kidney Stone.

In addition, we also give the loss function decline graph during the experiment, as shown in
Figure 2.

Figure 2 Loss function changes with epoch

Finally, we present the ablation experiment of the article. The experimental results are shown in
Table 2. During the ablation experiment, we explored the impact of different optimizers on the
experimental results.

Table 2 Ablation Experiment Results

MAPS50-
95
0.025 0.85 0.80 0.82 0.70
0.03 0.84 0.78 0.80 0.68
0.005 0.86 0.82 0.85 0.72
0.02 0.87 0.83 0.86 0.74
0.01 0.90 0.85 0.88 0.76

LR |Precision| Recall | mAP50

Through experimental comparisons of different learning rates, the model performance is best
when the learning rate is 0.01, and Precision, Recall, mAP50, and mAP50-95 all reach the highest
values. Lower learning rates (such as 0.005 and 0.02) perform slightly worse, especially in terms of
precision and recall. The experimental results show that an appropriate learning rate can significantly
improve the performance of the Real-Time Detection Transformer model in Kidney Stone detection.

IV. CONCLUSION

Through improved performance across precision, recall, and mAP metrics, this study
demonstrates the benefits of the Real-Time Detection Transformer model, a Transformer-based
automatic detection framework, in advancing state-of-the-art target detection. Comparative tests
show that Real-Time Detection Transformer performs better than popular models like YOLOV5,
YOLOvVS, SSD, and DETR, especially when it comes to managing tiny objects and being resilient
against complicated backdrops. These findings support Real-Time diagnosis Transformer's promise
as a cutting-edge method for handling high-dimensional image analysis problems, such as kidney
stone diagnosis, which necessitates accuracy and effectiveness in deciphering complex visual
patterns.

Even though Real-Time Detection Transformer performs well, it may still be further
optimized to overcome the difficulties caused by irregular data distributions and extremely
complicated visual backdrops. Enhancing the model's multi-scale feature learning capabilities,
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improving the caliber and variety of training datasets, and incorporating multimodal data sources can
be the main goals of future research. Real-Time Detection Transformer may be used to address a
variety of automated image processing problems, including the detection of glaucoma, macular
degeneration, and other ocular disorders, in addition to its present use in kidney stone detection. The
creation of more thorough diagnostic tools will be made possible by the integration of deep learning
with multimodal information, such as physiological measures and medical histories. Additionally,
Furthermore, Real-Time Detection Transformer will be positioned as a fundamental framework for
general-purpose image analysis as advancements in Transformer-based designs continue to spur
innovation in fields including multi-modal data fusion, scalable Al systems, and real-time image
processing.

All things considered, this study highlights how artificial intelligence has the potential to
revolutionize automated diagnostics and visual identification. Real-Time Detection Transformer is a
prime example of how deep learning—specifically, Transformer-based models—can transform
challenging target detection and data-driven decision-making tasks, opening the door to clever and
reliable solutions in domains ranging from industrial applications to medical imaging.
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