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 Intelligent inspection and defect detection of steel surfaces are essential for ensuring product 
quality, minimizing production losses, and supporting quality control in modern manufacturing 

systems. In particular, the identification of defects on steel plates is an important step, as surface 

imperfections can significantly affect the mechanical performance and commercial value of the 
final product. This study presents a comparative evaluation of YOLO12 and YOLO13 

architectures for steel surface defect detection using the NEU-DET dataset under different 

validation ratios and input image resolutions. Four models (YOLO12-S, YOLO12-L, YOLO13-S, 

and YOLO13-L) were evaluated under three experimental settings using standard object detection 
metrics and three different random seeds. Experimental results showed that YOLO13-S 

consistently demonstrated superior overall detection performance, reaching a best single-run 

mAP@50 value of 0.753 with seed 42 and a precision value of 0.848 with seed 44. In addition, it 

achieved the highest single-run mAP@50–95 value of 0.449, with seed 43. In contrast, YOLO12-
L achieved the highest single-run recall (0.749), with seed 42, indicating its stronger capability for 

detecting positive defect instances. Overall, the results demonstrate that YOLO13-S provides the 

best balance between detection accuracy and computational efficiency, while YOLO12-L offers 

superior recall performance under the evaluated conditions. 
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1. INTRODUCTION 

Intelligent inspection and defect detection of steel 

surfaces have become increasingly important in modern 

manufacturing processes to ensure product quality, 

maintain mechanical performance, and improve customer 

satisfaction. In particular, hot-rolled steel plates are highly 

susceptible to surface defects such as cracks, inclusions, 

scratches, and rolled-in scale. These defects may 

negatively affect structural integrity, reduce material 

reliability, and decrease the commercial value of 

manufactured products. Traditional inspection methods 

generally rely on manual visual examination or rule-based 

image analysis techniques, which are often limited in 

terms of accuracy, scalability, and efficiency under 

complex industrial conditions. 

In recent years, artificial intelligence (AI) and deep 

learning-based approaches have enabled the development 

of automated defect inspection systems with improved 

accuracy and processing capability compared with 

conventional methods. Among these approaches, You 

Only Look Once (YOLO)-based object detection models 

have attracted considerable attention due to their strong 

localization and classification capabilities. Their ability to 

process image datasets using various quantitative 

evaluation metrics makes them particularly suitable for 

industrial inspection applications, especially in scenarios 

involving limited-scale datasets and complex surface 

defect patterns. 

In this study, YOLO12 and YOLO13 architectures are 

investigated for the detection and localization of surface 

defects on hot-rolled steel plates using the publicly 

available NEU-DET dataset, which contains 1,800 labeled 

images representing six defect categories. While the 

original dataset configuration allocated approximately 

94.4% of the images for training and 5.6% for validation 

(16.7:1 training-to-validation ratio), this study also 

evaluated an alternative partition with 83.3% training and 

16.7% validation (5:1 training-to-validation ratio). This 

alternative configuration was introduced to investigate the 

effect of validation set size on model performance and to 

provide a more reliable performance assessment by 

increasing the number of validation samples. 

Moreover, the effect of input image resolution on defect 

detection performance was investigated. Since the original 

images in the dataset were provided at a resolution of 

200×200 pixels, experiments were conducted using 

resized inputs of 224×224 and 640×640 pixels. In this 
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study, the lower-resolution setting was selected to preserve 

the characteristics of the original dataset while reducing 

computational requirements, whereas the standard YOLO 

input resolution was evaluated based on the conventional 

YOLO configuration, which generally provides improved 

capability for detecting small-scale defects. This 

comparative analysis aims to reveal the trade-off between 

detection accuracy and computational efficiency, 

providing practical insights into optimal preprocessing 

strategies for industrial surface defect inspection systems. 

1.1. Literature Review 

Wang et al. developed a deep learning-based framework 

for steel surface defect detection by integrating an 

improved ResNet50 classifier with an enhanced Faster R-

CNN detector. The proposed method achieved an accuracy 

of 98.2% on a factory-based dataset and highlighted strong 

capability in defect classification and localization. The 

results highlighted the effectiveness of deep learning 

approaches for automated steel surface inspection and 

quality control applications [1]. 

Konovalenko et al. used steel surface defect 

classification using a deep residual neural network 

(ResNet)-based approach. The proposed method 

effectively extracted discriminative features from steel 

surface images and achieved an overall classification 

accuracy of 96.91% on the test dataset. The results 

indicated the potential of deep residual networks for 

automated defect recognition; however, the study mainly 

focused on defect classification rather than defect 

localization [2]. 

Kripalani investigated casting defect detection using 

deep learning-based approaches optimized with the 

PaddlePaddle YOLOv3 algorithm and CNN models. The 

study employed an augmented dataset obtained from 

NiTinol-based sensor measurements and evaluated defect 

detection performance using comparative analysis. The 

CNN model achieved an F1-score of 0.9939, while the 

improved R-CNN approach with spatial pyramid pooling 

reached an accuracy of 98.76%. Besides, the proposed 

methodology reduced false positive and false negative 

detections, demonstrating the potential of YOLO-based 

object detection frameworks for automated non-

destructive testing and industrial defect inspection 

applications [3]. 

Lin et al. proposed an improved YOLO12-based 

framework for steel surface defect detection. The study 

introduced a lightweight multi-scale feature extraction 

module, an attention-guided feature fusion mechanism, 

and an optimized loss function to improve the detection of 

small and complex defects. Experimental results on the 

GC10-DET dataset showed that the baseline YOLO12n 

achieved a precision (P) of 63.5%, mAP@50 of 63.3%, 

and mAP@50–95 of 26.8%, while the integration of the 

proposed modules improved the mAP@50–95 value to 

32.1%. The results demonstrated the effectiveness of the 

proposed improvements in enhancing feature 

representation and bounding box regression, highlighting 

the potential of recent YOLO architectures for steel 

surface defect inspection [4]. 

Fei et al. proposed an enhanced YOLO11-based 

framework (EDS-YOLO) for steel surface defect 

detection. The proposed method introduced improved 

feature fusion and lightweight convolution modules to 

enhance multi-scale defect representation and reduce the 

impact of low-contrast and complex background 

conditions. Experimental results indicated that EDS-

YOLO achieved a precision of 89.8%, a recall (R) of 

83.7%, a mAP@50 of 92.1%, and an mAP@50–95 of 

68.7%, outperforming the baseline YOLO11 model. The 

results confirmed the effectiveness of improved YOLO 

architectures for detecting complex steel surface defects 

[5]. 

Liu proposed an improved YOLOX-based framework 

for steel surface defect detection. The proposed method 

incorporated a CSP CrossLayer module to enhance feature 

extraction, a Shuffle Attention mechanism to improve 

feature representation, and a PSBlock module to achieve 

more efficient multi-scale feature fusion. Experimental 

results indicated that the proposed model achieved a 

mAP@50 of 77.0% on the NEU-DET dataset and 88.8% 

on the steel rail defect dataset, with detection speeds of 100 

FPS and 93 FPS, respectively. The study confirmed the 

effectiveness of improved YOLO-based detectors for 

accurate and efficient steel surface defect inspection [6]. 

Liu et al.  proposed YOLO13-EnhCrack, an enhanced 

YOLO13-based framework for detecting low-contrast 

steel surface cracks. The proposed method incorporated an 

edge enhancement module, a dual-branch feature fusion 

strategy, and an optimized localization mechanism to 

improve crack representation under challenging industrial 

conditions. Experimental results demonstrated that the 

proposed model achieved the mAP@50 of 94.7% and the 

F1-score of 91.3%, outperforming the baseline YOLO13 

model while providing more accurate localization of low-

contrast cracks. The study confirmed the effectiveness of 

enhanced YOLO13 architectures for robust steel surface 

crack detection [7]. 

Dilbaz and Ozkan investigated simulation-based spot 

welding inspection on automotive chassis using YOLO-

powered image processing. YOLOv3-s and YOLOv5-m 

architectures were evaluated for the detection of welding-

related defects in a virtual inspection environment. 

Experimental results showed that the YOLOv5-m model  

outperformed YOLOv3-s, achieving an approximately 8–

9% higher confidence score (CS ≈ 0.58) and improving the 

F1-score for critical explosion weld defects by 

approximately 5–6%, reaching 0.85. The findings revealed 

the applicability of YOLO-based object detection models 

for accurate localization and classification of welding 
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defects in automated quality inspection systems [8]. 

Ren et al. used DDR-YOLO, an enhanced steel surface 

defect detection framework based on YOLO11s. The 

proposed model incorporated a dual dynamic residual 

(DDR) module to improve feature extraction and multi-

scale defect representation while maintaining 

computational efficiency. The study reported findings 

showing that the proposed model improved the mAP@50 

by 3.6% on the NEU-DET dataset and 3.9% on the GC10-

DET dataset compared with the baseline YOLO11s model, 

achieving higher detection accuracy without sacrificing 

inference speed. These results confirmed the effectiveness 

of lightweight YOLO11-based architectures for industrial 

steel surface defect inspection [9]. 

Lu and Qu used an improved YOLOv8-based 

framework (YOLO-SSD) for steel surface defect 

detection. The proposed model integrated SPD-Conv, the 

CBAM attention mechanism, and a lightweight C2f-Ghost 

module to enhance feature extraction while reducing 

computational complexity. The evaluation results showed 

that the proposed method achieved an mAP@50 of 79.8%, 

representing an improvement of 2.7% over the baseline 

YOLOv8 model, while maintaining efficient detection 

speed. The study demonstrated the effectiveness of 

lightweight attention-enhanced YOLO architectures for 

automated steel surface defect inspection [10]. 

Chen and Tang proposed an improved lightweight 

YOLO-based framework for steel surface defect detection. 

The proposed model enhanced feature extraction and 

multi-scale feature fusion to improve the detection of small 

surface defects while reducing computational complexity. 

The evaluation results showed that the proposed method 

achieved an mAP@50 of 95.4% and improved detection 

accuracy by approximately 2.8% compared with the 

baseline model, while maintaining real-time inference 

performance. The study revealed the effectiveness of 

lightweight YOLO architectures for automated steel 

surface inspection [11]. 

Wu and Zhang proposed SDS-YOLO11s, a lightweight 

steel surface defect detection framework based on 

YOLO11s. The proposed model incorporated an enhanced 

feature interaction module and a content-aware 

upsampling strategy to improve multi-scale feature 

representation while reducing computational complexity. 

The proposed method achieved improvements of 3.8% in 

mAP@50 on the NEU-DET dataset and 3.4% on the 

GC10-DET dataset compared with the baseline YOLO11s 

model, while maintaining efficient inference performance. 

The findings demonstrated the effectiveness of lightweight 

YOLO11-based architectures for accurate and efficient 

steel surface defect inspection [12]. 

Qin et al. proposed a Hierarchical Depth-Aware YOLO 

framework for efficient metal surface defect detection. The 

proposed model introduced a hierarchical depth-aware 

feature refinement strategy to enhance multi-scale feature 

representation while maintaining computational 

efficiency. The evaluation results showed that the 

proposed method achieved the mAP@50–95 of 72.6%, 

representing an improvement of 3.8% over the baseline 

YOLO model while reducing computational overhead. 

The study highlighted that depth-aware feature refinement 

can effectively improve the detection of complex metal 

surface defects under challenging industrial conditions 

[13]. 

Tang et al. used CPFS-YOLO, a cross-stage and multi-

scale feature fusion framework for steel surface defect 

detection. The proposed model integrated cross-stage 

feature fusion and multi-scale feature aggregation modules 

to enhance feature representation and improve the 

detection of small and low-contrast defects. The evaluation 

results showed that the proposed method increased the 

mAP@50–95 from 26.8% to 32.1% compared with the 

baseline YOLO12n model, while also improving precision 

and recall. The study demonstrated the effectiveness of 

multi-scale feature fusion for enhancing steel surface 

defect detection performance [14]. 

Wang et al. proposed an enhanced YOLOv5-based 

framework for steel surface defect detection to improve the 

identification of small-scale defects. The proposed method 

integrated a Res2Block module into the backbone and a 

recursive gated convolution structure into the neck to 

enhance feature extraction and computational efficiency. 

The evaluation results showed that the proposed model 

achieved a mAP@50 of 67.8% and an F1-score of 86.0%, 

outperforming the original YOLOv5 and other object 

detection methods. The study indicated the effectiveness 

of improved YOLOv5 architectures for accurate steel 

surface defect identification [15]. 

Literature review indicates that although recent studies 

have achieved promising results in steel surface defect 

detection using advanced YOLO-based architectures, 

most existing works focus on improving network 

structures through customized modules, attention 

mechanisms, or feature fusion strategies. However, the 

effects of dataset partitioning strategies, particularly 

validation set proportions, and input image resolution 

variations on model learning performance have received 

limited attention. Furthermore, comprehensive 

comparative analyses of the latest YOLO architectures 

under different validation configurations and image 

resolutions remain insufficient. 

The main contributions of this study can be summarized 

as follows: 

A comprehensive comparative evaluation of the 

Ultralytics-developed YOLO12 and the iMoonLab-

proposed YOLO13 architectures is performed for steel 

surface defect detection using the same dataset and 

experimental conditions. 

The impact of different validation set ratios on model 

performance is systematically investigated to analyze their 
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influence on evaluation reliability and learning behavior. 

The effect of input image resolution variations 

(224×224 and 640×640) on detection accuracy and 

computational efficiency is analyzed comparatively. 

The study provides practical insights into optimal 

preprocessing and validation strategies for improving the 

reliability of YOLO-based steel surface defect inspection 

systems. 

The remainder of this paper is organized as follows. 

Section 2 describes the materials and methods, including 

the dataset, model architectures, and evaluation metrics. 

Section 3 presents the experimental results, followed by a 

discussion of the findings in Section 4. Finally, the main 

conclusions and future work are presented in Section 5. 

2. MATERIAL AND METHODS 

2.1. NEU-DET Dataset (NDD) 

The NEU-DET dataset, an open-access benchmark 

dataset for steel surface defect detection, was used in this 

study. The dataset contains a total of 1,800 annotated 

images belonging to six different defect classes, with 300 

images allocated to each class. In the original NDD 

configuration, approximately 94.4% of the 200 × 200 pixel 

images were allocated for training and 5.6% for validation, 

corresponding to a training-to-validation ratio of 

approximately 16.7:1 [16]. Additionally, in this study, the 

dataset partition was rearranged to achieve a more 

balanced evaluation setting, where 83.3% of the images 

were used for training and 16.7% for validation, 

corresponding to a training-to-validation ratio of 

approximately 5:1. As a result, the number of annotated 

defect instances in the validation set increased from 232 to 

701. Representative examples of the six typical defect 

classes that can appear on steel surfaces are illustrated in 

Figure 1. These include crazing (crack-like defects), 

inclusion (foreign particle contamination), patches 

(irregular surface patches), pitted surface (localized 

corrosion pits), rolled-in scale (oxide layers formed during 

rolling), and scratches (mechanical surface damage). 

Table 1 summarizes the distribution of the NDD dataset 

across the training and validation sets. The numbers of 

images, instances, and samples for each defect category 

are reported to provide a detailed overview of the dataset 

composition. The same dataset partition was consistently 

used for the first and second evaluations, whereas in the 

third evaluation, 200 images were reallocated from the 

training set to the validation set with an equal distribution 

across all defect categories. Further details regarding all 

evaluation protocols are provided in Section 3 

(Experimental Setup). 

 

Figure 1. Sample Images of NDD (a) Inclusions, (b) Crazing, 
(c) Pitted surface, (d) Patches, (e) Scratches, and (f ) Rolled in 

Scale. 

Table 1. Distribution of the Instances in the NDD for the Six 
Defect Classes 

Set 
Ima

ges 

Insta

nces 

Cra

zing 

Incl

usio

n 

Pat

che

s 

Pitt

ed 

Sur

face 

Rol

led-

in 

Sca

le 

Scrat

ches 

Train

ing 

1,7

00 

3,95

7 
651 955 840 403 587 521 

Valid

ation 
100 232 38 56 41 29 41 27 

Total 
1,8

00 

4,18

9 
689 

1,01

1 
881 432 628 548 

The images in the NEU-DET dataset are stored in .jpg 

format and represented in the RGB color space. Each 

image contains one or more steel surface defects annotated 

using bounding boxes. The annotated defects exhibit 

considerable variations in shape, size, appearance, and 

spatial distribution, making the dataset challenging for 

object detection tasks. These characteristics have 

established NEU-DET as a widely adopted benchmark for 

the development, evaluation, and comparative analysis of 

machine learning and deep learning-based object detection 

methods for automated steel surface defect detection.  

2.2. YOLO12 Architecture 

YOLO12 is a state-of-the-art one-stage object detector 

based on an attention-centric architecture proposed by 

Tian et al. and officially implemented in the Ultralytics 

framework [17]. By integrating efficient feature 

extraction, multi-scale feature representation, and an 

optimized detection head within a unified framework, 

YOLO12 achieves high detection accuracy while 

maintaining low computational complexity and fast 

inference speed. Owing to these characteristics, it is well 

suited for industrial visual inspection applications, 

including automated steel surface defect detection. The 

architecture consists of three main components: the 

backbone, which extracts hierarchical feature 

representations from the input image; the neck, which 

aggregates multi-scale features to improve the detection of 

objects with varying sizes; and the detection head, which 
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predicts object classes, confidence scores, and bounding 

box coordinates [18].  

 

 

Figure 2. Layers and Implementation Stages of the YOLO12 Architecture 

Figure 2 illustrates the overall architecture of the 

YOLO12 model. The input image is first processed by the 

backbone to extract hierarchical features, followed by the 

neck, where multi-scale feature fusion is performed using 

FPN and PAN structures. Finally, the detection head 

predicts the object classes and corresponding bounding 

boxes for steel surface defects. 

The backbone of YOLO12 begins with convolution 

(Conv) layers for low-level feature extraction, followed by 

C3k2 blocks that capture hierarchical image features. A 

key improvement is the replacement of conventional C2f 

modules with Area Attention C2f (A2C2f) blocks, which 

integrate a FlashAttention-based area attention mechanism 

to enhance feature representation [19]. Finally, an R-

ELAN module is employed to simplify feature 

aggregation, improve optimization efficiency, and 

accelerate inference. 

The neck of YOLO12 employs C3k2 blocks to refine 

multi-scale feature representations while improving 

channel-wise feature processing. Upsampling layers 

increase the spatial resolution of deep semantic features, 

enabling effective fusion with high-resolution shallow 

features. Feature maps are merged through concatenation 

(Concat) operations following the PAN-FPN architecture, 

while convolution (Conv) layers further refine the fused 

features and synchronize channel dimensions before 

detection. 

The head of YOLO12 adopts a decoupled head 

architecture that independently performs classification and 

bounding box regression, improving optimization 

efficiency [20]. Distribution Focal Loss (DFL) is 

employed to achieve more accurate bounding box 

localization, while the final detection layer predicts object 

classes, confidence scores, and bounding box coordinates. 

The model uses the SiLU activation function throughout 

the network to enhance feature learning, and Complete 

Intersection over Union (CIoU) loss is utilized for robust 

bounding box regression during training. 

2.3. YOLO13 Architecture 

YOLO13, publicly available through iMoonLab, is an 

advanced one-stage object detection architecture designed 

to improve feature representation and detection 

performance while maintaining computational efficiency 

[21]. The model introduces enhanced attention-based 

feature extraction and optimized feature fusion to better 

capture spatial information across multiple scales. Similar 

to all previous YOLO architectures, YOLO13 consists of 

three main components: the backbone for hierarchical 

feature map extraction, the neck for multi-scale feature 

aggregation, and the detection head for object 

classification and bounding box prediction. 

Unlike YOLO12, which employs A2C2f and R-ELAN 

modules for attention-enhanced feature extraction, 

YOLO13 integrates the HyperACE module to model high-

order spatial correlations through hypergraph-based 

feature learning, enabling richer feature representations. 

YOLO13 replaces the conventional PAN-FPN feature 

fusion strategy of YOLO12 with the FullPAD architecture, 

which provides fine-grained feature aggregation and 

distribution through multiple information flow pathways, 

improving multi-scale feature integration. 

The detection head of YOLO13 retains the decoupled 

head and DFL framework while incorporating FullPAD-

enhanced features and an optimized one-to-many 

assignment strategy to improve localization accuracy and 

classification performance [22]. Table 2 summarizes the 
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key architectural differences between YOLO12 and 

YOLO13. To quantitatively evaluate the performance of 

these architectures, several standard object detection 

metrics were employed. In addition, confusion matrices 

were analyzed to provide a detailed assessment of class-

wise prediction performance. 

Table 2. Comparison of the Architectural Characteristics of 
YOLO12 and YOLO13 

Feature YOLO12 YOLO13 

Core Design Attention-centric 

architecture 

Hypergraph- and Full-

Pipeline-based 

architecture 

Backbone A2C2f with R-ELAN 

modules 

HyperACE for 

hypergraph-based 

feature modeling 

Neck PAN-FPN with 

A2C2f-based feature 

fusion 

FullPAD with three 

dedicated feature 

propagation pathways 

Feature 

Representation 

FlashAttention-based 

local and global 

feature enhancement 

Hypergraph-based 

high-order spatial 

correlation modeling 

Small and Large 

Object Detection 

Balanced local–

global feature 

learning 

Enhanced multi-scale 

representation through 

high-order correlation 

modeling 

 

2.4. Confusion Matrix 

A confusion matrix was employed to evaluate the class-

wise performance of the proposed models by comparing 

the predicted labels with the corresponding ground-truth 

annotations [23]. The confusion matrices provide a direct 

visualization of correct and incorrect predictions for each 

defect category, enabling the identification of well-

classified classes as well as defect categories that remain 

challenging for the models. The resulting confusion 

matrices are presented in the Experimental Results section 

to support the qualitative analysis of class-wise detection 

performance. 

2.5. Performance Metrics 

The performance of the object detection models was 

evaluated using the confusion matrix, which compares 

predicted labels with their corresponding ground-truth 

labels. The confusion matrix provides the numbers of true 

positives (TP), false positives (FP), false negatives (FN), 

and true negatives (TN), forming the basis for calculating 

evaluation metrics such as precision, recall, and mAP 

metrics. These metrics provide a comprehensive 

assessment of the classification and localization 

performance of the models. 

Table 3. Performance Metrics, Formulas, and Explanation 

Performance     

Metrics 

Math 

Formulas 

Explanation 

Precision (P) TP

TP + FP
 

The proportion of predicted 

positive detections that are 

actually correct 

Recall (R) TP

TP + FN
 

The proportion of actual 

positive instances that are 

correctly detected 

AP 
∫ P(R)
1

0

dR 
The area under the PR curve for 

a single 

object class 

mAP 
1

N𝐶
∑AP𝑖

N𝐶

𝑖=1

 

The average precision 

calculated across all 

object classes 

The performance of both YOLO models was evaluated 

using precision, recall, AP, and mAP. The mathematical 

formulations and corresponding descriptions of these 

evaluation metrics are presented in Table 3. The 

mAP@50–95 metric was calculated by averaging the AP 

values over IoU thresholds ranging from 0.50 to 0.95 with 

a step size of 0.05, following the COCO evaluation 

protocol. 

2.6. YOLO Variants 

YOLO models are available in different scales, 

including Nano (N), Small (S), Medium (M), Large (L), 

and Extra Large (X), which differ in network depth, width, 

parameter count, and computational complexity while 

maintaining the same architecture [24]. Lightweight 

models (Nano and Small) require fewer parameters and 

generally provide better generalization on limited datasets, 

whereas Large and XLarge models are more suitable for 

large-scale datasets due to their higher representational 

capacity 

Although larger YOLO models provide higher feature 

extraction capacity, the increased number of parameters 

does not always lead to improved performance on limited-

scale datasets. A similar observation was reported by Liu 

and Juang in their comparative analysis of YOLOv8 

variants, where the largest model (YOLOv8-X) did not 

outperform YOLOv8-L despite having higher model 

capacity. This finding indicates that increasing model 

complexity does not necessarily guarantee accuracy 

improvement and highlights the importance of balancing 

model capacity with the available training data [25]. 

3. EXPERIMENTAL RESULTS 

All experiments were performed in the Google Colab 

environment. The experimental configurations adopted in 

this study are presented in Table 4. All models were 

optimized using the AdamW optimizer with an initial 

learning rate of 0.001 and a momentum value of 0.937. The 

weight decay was applied through parameter groups, 

including bias and normalization-related parameters with 

zero decay and weight parameters with a decay factor of 

0.0005. The batch size was fixed at 8. Each model was 
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trained for 50 epochs using the same optimization strategy 

to provide a consistent and unbiased comparison among 

the evaluated models. 

To maintain a fair and consistent comparison, all 

baseline models were initialized with the official 

pretrained weights provided by the Ultralytics framework 

(v8.4.98). The YOLO12 and YOLO13 models were 

initialized using their respective pretrained checkpoints, 

while preserving their original network architectures. All 

baseline models were trained and evaluated under the same 

experimental conditions without any additional 

architectural modifications. 

Table 4. Experimental setup configuration for all models 

Component Specification 

Operating System Google Colab (Linux) 

GPU NVIDIA Tesla T4 (14 GB VRAM) 

Python 3.12.13 

PyTorch 2.10.0 + CUDA 12.8 (torch-2.10.0+cu128) 

CUDA CUDA 12.8 

Ultralytics V8.4.98 

The comparative analysis of four models in terms of 

parameters and FLOPs is presented in Table 5. The 

evaluated models include YOLO12 and YOLO13 variants 

with different model scales (small and large). All models 

were initialized with official pretrained weights and 

trained on the same domain-specific dataset using identical 

hyperparameter settings. The obtained architectural 

characteristics highlight the differences in model 

complexity and computational requirements among the 

evaluated YOLO variants. The comparative evaluation 

results based on standard object detection metrics are 

presented in the following section. 

Table 5. Architectural Characteristics of the Four YOLO-Based 
Models 

Model Pre-trained Layers Params (M) Flops (G) 

YOLO12-S yolov12s 272 9.3 21.4 

YOLO12-L yolov12l 488 26.4 88.9 

YOLO13-S yolo13s 203 9.0 20.8 

YOLO13-L yolo13l 379 27.6 88.4 

After being trained under the same experimental 

conditions, all models were evaluated using commonly 

adopted object detection metrics. The  quantitative 

comparisons, performance analysis, and qualitative 

evaluation results are discussed in the following section. 

The YOLO12 and YOLO13 models were trained and 

evaluated under identical experimental settings with all 

evaluations conducted using random seeds 42, 43 and 44. 

For the first evaluation, an input image size of 640 × 640 

pixels was used. The dataset was divided into training and 

validation sets with a 16.7:1 ratio (94.4% training and 

5.6% validation). Model performance was quantitatively 

assessed using standard object detection metrics, while 

qualitative comparisons were conducted using 

representative validation images. The confusion matrices 

obtained for the YOLO12-S, YOLO12-L, YOLO13-S, and 

YOLO13-L are presented in Figure 3. 

 

Figure 3. Comparative Confusion Matrices of the YOLO-Based 
Models Obtained in the First Evaluation Using Seed 42 

Among the evaluated models, YOLO13-S achieved the 

highest numbers of true positive predictions for the 

Crazing, Pitted Surface, and Rolled-in Scale classes, 

whereas YOLO12-S obtained the highest TP prediction for 

the Scratches class. 

In the second evaluation, the four YOLO models were 

trained and evaluated under identical experimental settings 

using an input image size of 224 × 224 pixels. The dataset 

was divided into training and validation sets with a ratio of 

16.7:1. The confusion matrices obtained for the four 

YOLO models are presented in Figure 4. 

 

Figure 4. Comparative Confusion Matrices of the YOLO-Based 
Models Obtained in the Second Evaluation Using Seed 42 

Among the evaluated models, YOLO13-S obtained the 

highest TP count for the Crazing and Rolled-in Scale 

classes. To further investigate the effect of the input 

configuration on model performance, an additional 

evaluation was conducted by modifying the input image 

size and the training-to-validation ratio. 
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In the third evaluation, the same four YOLO models 

were trained and evaluated under identical experimental 

settings using an input image size of 224 × 224 pixels. The 

dataset was divided into training and validation sets with a 

5:1 ratio. The confusion matrices obtained for these 

models are presented in Figure 5.  

 

Figure 5. Comparative Confusion Matrices of the YOLO-Based 
Models Obtained in the Third Evaluation Using Seed 42 

YOLO13-S achieved the highest TP predictions for the 

Crazing, Inclusion, and Scratches classes. In addition, the 

confusion matrices showed only one wrong class 

prediction in each of the YOLO12-S and YOLO12-L 

models, indicating a very limited number of class 

misclassifications. Overall, the confusion matrices 

demonstrate that all evaluated models exhibit strong class 

discrimination capability, with only minor differences 

across defect categories.   

Moreover, Figure 6 illustrates the evolution of the 

training classification loss for the evaluated YOLO12 and 

YOLO13 models over 50 training epochs. All models 

exhibited stable and consistent convergence behavior, with 

a gradual reduction in classification loss throughout the 

training process. YOLO13-S achieved the lowest final 

classification loss (0.967), indicating the most effective 

optimization of class-specific features during training. 

This was followed by YOLO12-S with a final loss of 

1.038, while YOLO13-L and YOLO12-L converged to 

final classification loss values of 1.179 and 1.230, 

respectively. These results indicate that YOLO13-S 

exhibited more favorable convergence behavior than the 

other evaluated models under the same training 

configuration. 

  

Figure 6. Comparative Classification Loss of Four YOLO-
Based Models Using Seed 42 

In addition to the confusion matrix analysis, 

comparative P–R curve analyses were performed for the 

four YOLO-based model variants under three different 

experimental settings, considering different input image 

sizes and training-to-validation ratios. All P–R curves 

presented in this section correspond to the experiments 

conducted using random seed 42. These curves provide a 

comprehensive evaluation of the trade-off between 

precision and recall across different confidence thresholds. 

The results of the first evaluation, conducted using an input 

image size of 640 × 640 pixels and a training-to-validation 

ratio of 16.7:1, are presented in Figure 7. 

YOLO13-S achieved the highest overall performance 

with a mAP@50 of 0.753 using seed 42, followed by 

YOLO12-S (0.746, seed 42), YOLO13-L (0.74, seed 43), 

and YOLO12-L (0.734, seed 44)The P–R curves indicate 

that all models achieved high detection performance for 

the Inclusion, Patches, Scratches, and Rolled-in Scale 

classes, whereas comparatively lower AP values were 

observed for the Crazing and Pitted Surface classes. 

In contrast, the results of the second evaluation, 

conducted using an input image size of 224 × 224 pixels 

and a training-to-validation ratio of 16.7:1, are presented 

in Figure 8. 

The results of the third evaluation, conducted using an 

input image size of 224 × 224 pixels but with a training-

to-validation ratio of 5:1, are presented in Figure 9. 

Compared with the first evaluation, all models exhibited 

lower mAP@50 values, while the performance differences 

among the four model variants became considerably 

smaller. Nevertheless, all models maintained consistent P-

R characteristics across the evaluated defect classes. 

Among the evaluated models, YOLO13-S again achieved 

the highest overall performance, with a mAP@50 of 0.728. 
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Figure 7. Comparative P–R Curves of the YOLO-Based Models Obtained in the First Evaluation Using Seed 42 

 

Figure 8. Comparative P–R Curves of the YOLO-Based Models Obtained in the Second Evaluation Using Seed 42 

 

Figure 9. Comparative P–R Curves of the YOLO-Based Models Obtained in the Third Evaluation Using Seed 42 
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Compared with the second evaluation, all models 

demonstrated improved mAP@50 performance, although 

the performance differences among the four model 

variants remained relatively small. However, the overall 

mAP@50 values were still lower than those obtained in 

the first evaluation. Additionally, all models maintained 

consistent P–R characteristics across the evaluated defect 

classes. Among the evaluated models, YOLO13-S again 

achieved the highest overall performance, with a 

mAP@50 of 0.730. 

First, the class-wise analysis, Table 6 presents the 

validation performance of the YOLO13-S model for the 

first evaluation (Seed = 42). The table reports the 

Precision, Recall, AP@50, and AP@50–95 values for 

each defect category, highlighting the detection 

performance across different surface defect classes. The 

corresponding results were obtained using a 1700:100 

training/validation split with an input image size of 

640×640 pixels. 

Table 6. Class-wise validation performance metrics of the 
YOLO13-S model for the first evaluation  

Class Imag

es 

Instanc

es 

Precisi

on 

Reca

ll 

AP@

50 

AP@5

0–95 

Crazing 16 41 0.640 0.31

6 

0.462 0.226 

Inclusi

on 

18 48 0.747 0.83

9 

0.878 0.509 

Patches 16 46 0.736 0.88

6 

0.887 0.596 

Rolled-

in 

Scale 

17 29 0.838 0.75

9 

0.892 0.569 

Pitted 

Surface 

16 41 0.539 0.47

5 

0.496 0.272 

Scratch

es 

17 27 0.712 0.91

6 

0.907 0.563 

Among the six defect classes, Rolled-in Scale achieved 

the highest precision (0.838), whereas Scratches obtained 

the highest recall (0.916) and AP@50 (0.907). The highest 

mAP@50–95 was achieved by the Patches class (0.596). 

In contrast, Crazing exhibited the lowest recall (0.316), 

AP@50 (0.462), and AP@50–95 (0.226), indicating that it 

remained the most challenging defect category to detect. 

To provide a more detailed second class-wise analysis, 

Table 7 presents the validation performance of the 

YOLO13-S model (Seed = 42). The table reports the 

Precision, Recall, AP@50, and AP@50–95 values for 

each defect category, highlighting the detection 

performance across different surface defect classes. The 

corresponding results were obtained using a 1700:100 

training/validation split with an input image size of 

224×224 pixels. 

Table 7. Class-wise validation performance metrics of the 
YOLO13-S model for the second evaluation  

Class Imag

es 

Instanc

es 

Precisi

on 

Reca

ll 

AP@

50 

AP@5

0–95 

Crazing 16 41 0.511 0.23

6 

0.371 0.173 

Inclusi

on 

18 48 0.749 0.80

4 

0.871 0.509 

Patches 16 46 0.782 0.90

2 

0.897 0.590 

Rolled-

in 

Scale 

17 29 0.858 0.77

1 

0.895 0.498 

Pitted 

Surface 

16 41 0.489 0.43

5 

0.418 0.201 

Scratch

es 

17 27 0.709 0.90

8 

0.893 0.553 

 

For the six defect classes, Rolled-in Scale achieved the 

highest precision (0.858), while Scratches obtained the 

highest recall (0.908). Patches achieved the highest 

AP@50 (0.897) and AP@50–95 (0.590). Crazing again 

showed the most challenging detection performance, 

exhibiting the lowest recall, AP@50, and AP@50–95 

values, although its precision was not the lowest among 

the six classes. 

The third class-wise analysis, Table 8 presents the 

validation performance of the YOLO13-S model (Seed = 

42). The table reports the Precision, Recall, AP@50, and 

AP@50–95 values for each defect category, highlighting 

the detection performance across different surface defect 

classes. The corresponding results were obtained using a 

1500:300 training/validation split with an input image size 

of 224×224 pixels. 

Table 8. Class-wise validation performance metrics of the 
YOLO13-S model for the third evaluation  

Defect 

Class 

Imag

es 

Instanc

es 

Precisi

on 

Reca

ll 

AP@

50 

AP@5

0–95 

Crazing 
48 120 

0.608 
0.24

3 
0.385 0.189 

Inclusi

on 

54 158 
0.742 

0.80

9 
0.847 0.470 

Patches 
50 139 

0.719 
0.90

9 
0.913 0.615 

Rolled-

in 

Scale 

48 82 

0.885 
0.74

4 
0.846 0.513 

Pitted 

Surface 

49 112 
0.502 

0.46

0 
0.447 0.234 

Scratch

es 

51 90 
0.718 

0.90

1 
0.912 0.548 

 

In the final evaluation, Rolled-in Scale achieved the 

highest precision (0.885), while Patches obtained the 

highest recall (0.909), AP@50 (0.913), and AP@50–95 

(0.615). Crazing again showed the most challenging 

detection performance, exhibiting the lowest recall, 

AP@50, and AP@50–95 values, except for precision. 
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Table 9. Comparative P, R, mAP@50, and mAP@50–95 
Values of the YOLO-Based Models Across (Mean ± Std Over 
Three Runs) 

Model Evaluat

ion 

Precisio

n 

Recall mAP@5

0 

mAP@5

0-95 

YOLO

12-S 

1st 0.802±0

.026 

0.714±0

.019 

0.738±0

.010 

0.428±0

.013 

YOLO

12-S 

2nd 0.818±0

.023 

0.675±0

.024 

0.709±0

.014 

0.401±0

.019 

YOLO

12-S 

3rd 0.784±0

.018 

0.701±0

.025 

0.720±0

.013 

0.419±0

.022 

YOLO

12-L 

1st 0.779±0

.023 

0.718±0

.027 

0.723±0

.017 

0.412±0

.024 

YOLO

12-L 

2nd 0.797±0

.016 

0.680±0

.028 

0.699±0

.013 

0.398±0

.021 

YOLO

12-L 

3rd 0.766±0

.014 

0.740±0

.018 

0.703±0

.018 

0.405±0

.030 

YOLO

13-S 

1st 0.811±0

.032 

0.718±0

.024 

0.743±0

.012 

0.435±0

.016 

YOLO

13-S 

2nd 0.835±0

.015 

0.686±0

.022 

0.720±0

.016 

0.409±0

.021 

YOLO

13-S 

3rd 0.791±0

.025 

0.709±0

.024 

0.728±0

.018 

0.421±0

.019 

YOLO
13-L 

1st 0.804±0

.027 

0.697±0

.025 

0.739±0

.014 

0.431±0

.018 

YOLO

13-L 

2nd 0.800±0

.031 

0.684±0

.023 

0.706±0

.013 

0.402±0

.029 

YOLO

13-L 

3rd 0.773±0

.023 

0.722±0

.034 

0.712±0

.015 

0.414±0

.023 

As summarized in Table 9, the experimental results are 

reported as mean ± standard deviation over three 

independent runs using random seeds 42, 43, and 44. 

Overall, YOLO13-S consistently demonstrated the most 

balanced detection performance across the three 

evaluation settings. In the first evaluation, YOLO13-S 

achieved the highest mAP@50 score (0.753, seed 42) and 

the highest mAP@50–95 score (0.449, seed 43) among all 

evaluated models. Across all evaluations, the highest 

precision was obtained by YOLO13-S in the second 

evaluation (0.848, seed 44), whereas the highest recall was 

achieved by YOLO12-L in the third evaluation (0.752, 

seed 44). 

For this experiment, the four YOLO-based models 

evaluated in this study were trained for 100 epochs using 

seed 42 under the first evaulation setting. The 

corresponding performance results are presented in Table 

10. 

Table 10. Comparative P, R, mAP@50, and mAP@50–95 
Values of the YOLO-Based Models at Different Training 
Epochs 

Model Epoc

h 

Precisio

n 

Recal

l 

mAP@5

0 

mAP@50

-95 

YOLO12

-S 

50 0.828 0.729 0.746 0.439 

YOLO12

-S 

100 0.840 0.753 0.788 0.486 

YOLO12

-L 

50 0.801 0.741 0.734 0.430 

YOLO12

-L 

100 0.817 0.775 0.774 0.477 

YOLO13

-S 

50 0.839 0.733 0.753 0.449 

YOLO13

-S 

100 0.848 0.760 0.800 0.498 

YOLO13

-L 

50 0.817 0.719 0.741 0.447 

YOLO13

-L 

100 0.842 0.750 0.785 0.502 

Early stopping was configured with a patience of 30 

epochs; however, early stopping was not triggered during 

training, as the validation performance continued to 

improve within the specified patience interval. Therefore, 

all models completed the planned 100 epochs. At 100 

epochs, YOLO12-L again achieved the highest recall 

(0.775) among all evaluated models, reaching this value at 

epoch 97 and representing an increase of 3.4 percentage 

points (pp) compared with 50 epochs. YOLO13-S again 

achieved the highest precision (0.848) and mAP@50 

(0.800), reaching these values at epochs 79 and 90, 

respectively. These results correspond to increases of 0.9 

pp and 4.7 pp, respectively, compared with 50 epochs. In 

terms of mAP@50–95, YOLO13-S achieved the highest 

value at 50 epochs (0.449); however, at 100 epochs, 

YOLO13-L surpassed YOLO13-S, achieving the highest 

mAP@50–95 value (0.502) at epoch 98, corresponding to 

an increase of 5.5 pp. These results indicate that the larger 

models, particularly the L variants, benefited from 

extended training and exhibited improved convergence 

with additional epochs. 

 Table 11. Training and Validation Loss Values of Larger 
YOLO Models Across Different Numbers of Epochs 

Mode

l 

Ep

och 

Trai

ning 

Box 

Loss 

Trai

ning 

Clas

s 

Loss 

Trai

ning 

DFL 

Loss 

Valid

ation 

Box 

Loss 

Valid

ation 

Class 

Loss 

Valid

ation 

DFL 

Loss 

YOL

O12-

L 

50 1.40

087 

1.32

158 

1.67

231 

1.465

75 

1.347

87 

1.722

56 

YOL

O12-

L 

100 1.12

333 

0.97

572 

1.49

730 

1.394

30 

1.120

06 

1.669

28 

YOL

O13-

L 

50 1.29

220 

1.26

897 

1.69

833 

1.423

53 

1.124

19 

1.749

12 

YOL

O13-

L 

100 1.08

321 

0.92

653 

1.50

922 

1.366

72 

1.042

90 

1.683

61 

 

From 50 to 100 epochs, the training classification loss 

decreased by 26.2% for YOLO12-L and by 27.0% for 

YOLO13-L, as shown in Table 11. Thus, both models 
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exhibited a comparable reduction in classification loss, 

with YOLO13-L showing a slightly greater relative 

improvement. At 100 epochs, the training box loss of 

YOLO13-L decreased by 16.17%, while the training DFL 

loss decreased by 11.13%. Among these loss components, 

the training class loss exhibited the greatest reduction for 

both models. 

In addition to the confusion matrix and P–R curve 

analyses, the detection performance of the best-performing 

model (YOLO13-S) was further evaluated using 

confidence scores and IoU-based bounding box 

predictions. The detection results obtained on the 

validation set are presented in Figure 10. The evaluated 

model achieved the shortest inference times ranging from 

14.6 ms to 24.9 ms per image, demonstrating high 

computational efficiency for steel surface defect detection. 

In comparison, the YOLO13-L model exhibited inference 

times ranging from 22.6 ms to 58.1 ms per image, 

reflecting the increased computational cost associated with 

its larger network architecture. Similarly, the YOLO12-S 

achieved inference times ranging from 15.1 ms to 25.8 ms 

per image, whereas the YOLO12-L model required 

between 20.9 ms and 52.0 ms per image. 

 

Figure 10. Representative Detection Results of YOLO13-S on 
the NDD Validation Set 

Among the evaluated defect classes, the lowest 

confidence scores and localization performance were 

observed for the Crazing class. In contrast, the Scratches 

class achieved the highest confidence scores with highly 

accurate bounding box localization, indicating superior 

detection performance. These CS and IoU-based detection 

results are consistent with the quantitative findings 

obtained from the confusion matrix and P–R curve 

analyses, further confirming the robustness and reliability 

of the YOLO13-S model for steel surface defect detection. 

4. RESULTS AND DISCUSSION 

The proposed study comparatively evaluated four 

YOLO-based models (YOLO12-S, YOLO12-L, 

YOLO13-S, and YOLO13-L) under three different 

experimental settings by varying the input image size and 

the training-to-validation ratio. Across all evaluations, 

YOLO13-S consistently demonstrated the best overall 

detection performance, achieving the highest mAP@50 

values of 0.743 ± 0.012 for three different runs. 

Furthermore, YOLO13-S obtained the highest mAP@50–

95 value of 0.435±0.016 across three independent runs. 

The confusion matrix, P–R curve, and confidence score 

analyses further confirmed the robustness and reliability of 

YOLO13-S for steel surface defect detection. 

In the third evaluation, which included the largest 

validation set among all evaluations, the confusion matrix 

analysis of YOLO13-S yielded 516 TP, 157 FP, and 169 

FN. Compared with YOLO13-S, YOLO12-S produced 

506 TP (1.94% fewer), YOLO12-L achieved 498 TP 

(3.49% fewer), and YOLO13-L recorded 505 TP (2.13% 

fewer). The TP-based class-wise detection rates of 

YOLO13-S were as follows: Rolled-in Scale achieved the 

highest detection performance with 97.8%, followed by 

Patches (94.7%), Inclusion (87.1%), Scratches (82.9%), 

Pitted Surface (54.0%), and Crazing (31.9%). 

Furthermore, only one false positive in each of YOLO12-

L and YOLO13-L resulted from inter-class 

misclassification, indicating that nearly all false positives 

were associated with the background class rather than 

confusion among defect categories. These results 

demonstrate that YOLO13-S achieved the highest overall 

TP count among the evaluated models, while the class-

wise analysis revealed strong detection capability for 

Rolled-in Scale and Patches but lower detection 

performance for Crazing and Pitted Surface. 

The experimental results demonstrate that both the 

YOLO12 and YOLO13 architectures provide reliable 

performance for steel surface defect detection under 

different experimental settings. Among the evaluated 

models, YOLO13-S consistently achieved the highest 

overall detection performance by obtaining the best 

mAP@50 and mAP@50–95 values while maintaining 

competitive precision and recall. This superior 

performance may be associated with the architectural 

characteristics of YOLO13. Unlike YOLO12, which 

employs A2C2f and R-ELAN modules for attention-based 

feature extraction, YOLO13 incorporates the HyperACE 

backbone and the FullPAD feature aggregation 

architecture. These architectural differences may have 

contributed to richer high-order spatial feature 

representation and more effective multi-scale information 

fusion, which may have improved the detection of 

complex defect patterns while preserving localization 

accuracy. However, the individual contributions of these 

components were not investigated in this study. 

An interesting observation is that the smaller YOLO13-

S model consistently outperformed the larger YOLO13-L 

model under all experimental settings. Although larger 

models generally possess higher representational capacity, 

this advantage does not necessarily translate into better 

performance on relatively small datasets such as NEU-

DET. The increased number of parameters may lead to 

reduced generalization capability and a higher tendency to 

overfit the training data. In contrast, the lightweight 

YOLO13-S model appears to provide a more appropriate 
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balance between model capacity and dataset size, resulting 

in improved generalization and more robust detection 

performance. Similar observations have also been reported 

in previous comparative studies on different YOLO 

variants, where increasing model complexity did not 

always produce higher detection accuracy. 

The experimental results further indicate that both the 

input image resolution and the training-to-validation ratio 

influence model performance. Using an input image size 

of 640 × 640 pixels generally improved detection accuracy 

for all evaluated models by preserving more discriminative 

spatial information, particularly for small and irregular 

surface defects. Conversely, reducing the input resolution 

to 224 × 224 pixels resulted in lower mAP values and 

reduced performance differences among the evaluated 

models. Additionally, increasing the validation set from 

the original 5.6% to 16.7% provided a more reliable and 

representative performance assessment by increasing the 

number of validation samples, although the larger 

validation partition slightly reduced the amount of training 

data available for model optimization. 

The confusion matrix, Precision–Recall curves, and 

confidence score analyses consistently supported these 

findings. Among the six defect categories, Scratches and 

Rolled-in Scale achieved the highest detection 

performance, whereas Crazing remained the most 

challenging class because of its irregular appearance, low 

contrast, and large intra-class variability. These 

characteristics make feature representation and 

localization considerably more difficult than for the 

remaining defect categories. 

Overall, the results indicate that YOLO13-S provides 

the most balanced trade-off between detection accuracy, 

computational complexity, and generalization capability 

for steel surface defect detection. Although the 

experiments were conducted exclusively on the NEU-DET 

dataset, future work will focus on validating the proposed 

evaluation on additional benchmark datasets, as well as 

investigating the real-time deployment of both YOLO13-

S and the lightweight YOLO13-N model in industrial 

inspection systems to further evaluate inference speed, 

robustness, and practical applicability. 

5. CONCLUSIONS 

This study presented a comprehensive comparative 

evaluation of four YOLO-based models for steel surface 

defect detection under three different experimental settings 

by varying the input image size and the training-to-

validation ratio. The experimental results demonstrated 

that both YOLO12 and YOLO13 architectures are capable 

of accurately detecting surface defects, while the YOLO13 

series consistently exhibited superior overall performance. 

Among the evaluated models, YOLO13-S achieved the 

most balanced detection performance, consistently 

achieving the highest mAP values while maintaining 

competitive precision and recall under all evaluated 

experimental configurations. The confusion matrix, 

Precision–Recall curves, and confidence score analyses 

further confirmed its robust detection capability and 

reliable class discrimination. In particular, the Crazing 

class remained the most challenging defect category, 

followed by the Pitted Surface class, whereas the Scratches 

and Rolled-in Scale classes consistently achieved the 

highest detection performance. 

The results also demonstrated that both the input image 

size and the training-to-validation ratio significantly 

influence detection accuracy. Higher input resolutions 

generally improved the overall detection performance, 

highlighting the importance of selecting appropriate 

experimental configurations for steel surface defect 

inspection. 

Overall, this study provides practical insights into the 

influence of model architecture, input resolution, and 

dataset partitioning on the reliability of steel surface defect 

detection, while demonstrating the effectiveness of 

YOLO13-S for automated industrial inspection. Future 

work will focus on validating the proposed approach 

through cross-dataset experiments using additional 

benchmark datasets, such as GC10-DET and Severstal 

Steel Defect Detection, to further assess the generalization 

capability of the models. Furthermore, Explainable 

Artificial Intelligence (XAI) techniques, such as Grad-

CAM and Eigen-CAM, will be incorporated to provide 

visual interpretations of the detection process, thereby 

improving model transparency and supporting more 

reliable industrial decision-making. 
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