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Abstract: During the CNC machining, the blades exhibit various surface defects, including diverse 

morphologies and dimensions. Deep learning-based intelligent detection algorithms for the blade 

production line aim to improve computational efficiency and accuracy while minimizing model 

dimensions. This study proposes an enhanced blade detection method predicated upon a real-time 

detection transformer (RT-DETR) to detect blade surface defects precisely and efficiently during the 

blade production line. A dataset of blade surface defects in the blade machining process is first 

constructed, focusing on four surface defect types: gash, scratch, bruise, and pockmark. Secondly, the 

backbone network segment is substituted with an improved and more lightweight ResNet18 to 

optimize defect detection efficiency. The original feature fusion approach in RT-DETR is replaced by 

a Hierarchical Scale-based Feature Pyramid Network (HS-FPN) to enhance the model's capability of 

detecting blade surface defects across various scales. The inner-GIoU loss function is employed in 

RT-DETR to expedite model convergence and improve the accuracy of detecting minor surface 

defects. The results illustrate that the approach developed in this study raises the detection accuracy 

(mAP@0.5) by 3.5% and reduces the computational time required for detecting a single blade by 

1.16 seconds compared to the traditional RT-DETR. This algorithm exhibits a relatively faster 

detection speed and higher accuracy in the automated real-time detection of blade surface defects. 

Keywords: Blade surface defects; RT-DETR; Real-time detection; Detection speed; Detection 

accuracy. 
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1 Introduction 

The compressor blade is a crucial functional component in a jet engine. It further compresses the 

airflow into the inner culvert, increasing pressure and temperature to meet the combustion chamber's 

requirements. The most crucial aspect of the compressor blade is its intricate profile torsion and slender 

blade thickness, which effectively mitigate power loss caused by airflow. 

The research on blade manufacturing technology is quite comprehensive, encompassing adaptive 

CNC machining processing technology (Jiang et al., 2024; Wu et al., 2020a), machine tool and fixture 

design (Wu et al., 2020b), multi-energy field-assisted processing technology (Zhao et al.,2024a; Zhao 

et al.,2024b), material removal technology for difficult-to-process materials (Geng et al., 2022), 

machining deformation (Wang et al., 2021), machining error (Wu et al., 2021) and surface integrity 

control technology (Wu et al., 2023). These advancements aim to enhance the accuracy of blade 

processing and improve surface integrity. The complex structural composition and challenging 

working conditions necessitate the detection of blades during machining to assess any blade surface 

defects, which will avoid blade damage during operation (Wu et al., 2022). 

Blade surface defects can be detected and identified through some nondestructive testing 

techniques, such as ultrasonic (Lee et al., 2022), eddy current (Li et al., 2016a), alternating magnetic 

fields (Li et al.,2016b), and infrared thermographic detection (Ciampa et al., 2018). The recent 

development of industrial cameras in conjunction with artificial intelligence methods for automatically 

acquiring and identifying blade surface defects has proven an effective approach. Researchers have 

proposed several methods for automatically obtaining and intelligent detection of blade surface defects 

(Li et al., 2022a; Shen et al., 2019; Zhang et al., 2024). Wang et al. (2024) developed a real-time X-

ray imaging technique for automatically detecting surface defects on blades. Zhang et al. (2020) 

employed the YOLOv3 to identify blade defects effectively. Cheng et al. (2022) advanced this 

approach by enhancing the YOLOv4 model, incorporating migration learning tailored to the specific 

features of the blade camber dataset, along with various data augmentation techniques. The outcomes 

demonstrated that it is superior to the original YOLOv4 model in terms of evaluation indexes such as 

precision and recall rate. He et al. (2021) conducted a study that focused on real-time blade detection 

using the SW-YOLO model, improving detection effectiveness through algorithm enhancements. 

Zhang et al. (2021) proposed an improved methodology utilizing R-CNN cascade mask deep learning, 
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specifically tailored to detect edge failures in turbine blades. Hui et al. (2021) introduced an advanced 

YOLOv4 model for blade surface defect detection. This model could better distinguish between 

foreground and background. Meanwhile, utilizing bilinear interpolation (BI) to improve multi-scale 

feature fusion ability significantly boosts detection capabilities. According to Faster R-CNN, Yixuan 

et al. (2023) proposed a comprehensive set of detection methods. They developed a blade defect 

detection platform to acquire and identify blade surface defects. 

These studies have contributed to the advancement of blade surface defect detection. However, 

further enhancements in efficiency and accuracy are necessary. In particular, the defect detection 

system utilized in the blade production line must possess adequate precision and efficiency while 

enabling real-time detection of minor defects. This is crucial as prolonged detection time and low 

efficiency of multiple processes can hinder the implementation of the entire production line. This paper 

presents a strategy for identifying defects on blade surfaces through an improved RT-DETR approach. 

The paper's organization is as follows: Section 2 outlines the modified RT-DETR, Section 3 details the 

experiment condition and procedures, Section 4 discusses the experiment’s results, and Section 5 

concludes. 

2 An improved RT-DETR for the blade surface defect detection  

2.1 The improved RT-DETR model 

The RT-DETR is a real-time end-to-end object detector with higher speed and accuracy (Zhao et 

al., 2024c). It does not necessitate threshold filtering and non-maximum suppression (NMS). This 

algorithm adopts HGNet-v2 and an efficient hybrid encoder to facilitate the extraction and fusion of 

multi-scale features. Meanwhile, the IoU-aware query selection enhances the objective query 

initialization. These improvements allow RT-DETR to reduce computational costs and diminish 

parameter count. 

The surface defects of jet engine blades exhibit significant scale variations and a high proportion 

of minor defects, leading to challenges in achieving accurate detection. Three improvements to the 

traditional RT-DETR allow for efficient and precise defect detection. Fig. 1 is the topology architecture 

of the improved network. Firstly, an improved ResNet18 is utilized instead of the original backbone 

network, aiming to decrease model parameters, increase detection speed, and minimize redundant 
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feature computation. Secondly, HS-FPN is utilized for feature selection and fusion, facilitating the 

model's multi-scale defect detection ability. Thirdly, the Inner-GIoU replaces the original GIoU as the 

loss function, realizing faster convergence and improving the model’s minor defect detection ability. 
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Fig. 1 Topology diagram of the proposed model. 

The improved ResNet18 extracts the input image features to obtain feature maps S3, S4, and S5. 

Subsequently, S5 is converted into vectors and processed by lightweight Attention-based Intra-scale 

Feature Interaction (AIFI) (Zhao et al., 2024c) to generate F5. AIFI contains the feed-forward neural 

network (FFN) and multi-head self-attention (MHSA). F5 is fused with feature maps S3 and S4 

through the HS-FPN. The IoU-aware query selection selects image features. Finally, after optimizing 

the object query multiple times, the decoder incorporates auxiliary prediction heads to generate the 

detection bounding box and confidence score (Liu et al., 2023). 

2.2 An improved ResNet18 

Models with larger parameters are often employed to achieve higher detection accuracy. However, 

obtaining sufficient high-quality typical defects for jet engine blade surface samples is challenging. 

Using larger models may pose a risk of overfitting, and the increased computational load will affect 

the detection's real-time performance. RT-DETR utilizes HGNet-v2 as its backbone network, which 

stacks excessive convolutional operations. This leads to high similarity among different channels 

during feature extraction, resulting in excessive redundant features and wastage of computational 

resources. 

Partial convolution (Pconv) (Liu et al., 2018) is used for the convolution operation to reduce 

redundant features. It selects certain input channels for extracting spatial features, with the others left 
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unprocessed. The retained and convolved channels are concatenated as the input to get the output 

feature map, reducing the feature extraction's computational complexity. This study applies Pconv to 

the feature maps of 1/4 of the channels, while the remaining 3/4 remain unchanged. The backbone 

network employs a more lightweight ResNet18 (He et al., 2016) to enhance the network detection 

speed. The improved ResNet18 replaces the original convolution operations in the residual blocks with 

the FasterNet Block, which utilizes Pconv as the primary operator. Fig. 2 illustrates the structure of the 

improved ResNet18, FasterNet Block, and Pconv. FasterNet Block includes a Pconv layer, a pair of 

1×1 Conv layers, batch normalization (BN), and the activation function ReLU. This topology structure 

decreases the parameter load of the model without compromising detection accuracy (Chen et al., 

2023). 
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Fig. 2 The structural diagram of the improved ResNet18, FasterNet Block, and Partial convolution 

(Pconv) schematic illustrations. 

2.3 A Hierarchical Scale-based Feature Pyramid Network 

The dataset of blade surface defects presents a challenge due to its inherent multi-scale issues, 
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which impede the model's accurate identification. The same defect may exhibit varying sizes, while 

different defects demonstrate similar morphology under diverse imaging conditions. The improved 

ResNet18 extracts multi-scale features containing abundant semantic information at higher levels, yet 

the localization of targets remains relatively coarse. Conversely, low-level features could provide 

accurate localization information while presenting limited semantic context. 
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Fig. 3 The framework of the HS-FPN: (a) the HS-FPN topology architecture, (b) the channel 

attention (CA) mechanism and the dimensional matching (DM) module, and (c) the select feature 

fusion (SFF) module. 

The typical approach to enhancing the semantic information within each layer is integrating pixel-

level up-sampled high-level with low-level features. The traditional RT-DETR feature fusion module 

lacks feature selection and performs pixel addition across multiple feature layers. HS-FPN (Chen et 

al., 2024) improves the model’s capacity for capturing defect feature information through multi-scale 

and selective feature fusion. Fig. 3(a) illustrates the topology structure of HS-FPN, which consists of 

a feature selection and a fusion module. The improved ResNet18 initially processes the input data to 
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generate multi-scale feature maps. Subsequently, the feature selection module selects and feeds them 

into the select feature fusion (SFF) module. This process produces semantically enriched features that 

improve the learning and understanding of the texture information about the blade surface defects.  

Suppose that the feature map’s scale input to the channel attention (CA) mechanism (Fig. 3(b)) 

is 
C H W

inf R   , which C represents the channel number, H and W indicate the height and width of the 

feature map, respectively. Global max pooling and average pooling extract information from the input 

feature maps. In this case, global max pooling extracts the most relevant information from each channel. 

In contrast, global average pooling enables uniform data collection. The combination of the generated 

features is then passed through the Sigmoid activation function to obtain the weight for each channel,

1 1C

CAf R   . The weight information is multiplied by the corresponding scaled feature map to generate 

the filtered feature map. Finally, the dimensional matching (DM) module (1×1 Conv) reduces the 

channels of the filtered feature map to 256. 

The outputs from P3, P4, and N5 are put into the feature fusion module, as depicted in Fig. 3(c). 

Assume that the outputs of N5 are high-level features with a scale of 
C H W

highf R   , while outputs of 

P3 and P4 are low-level features with a scale of 1 1C H W

lowf R  
  . The high-level features are up-

sampled by applying a transposed convolution (T-Conv) with a stride of two and a 3×3 convolutional 

kernel, generating feature maps with increased size 
2 2C H W

high
f R    . Subsequently, to ensure 

dimensional consistency with the outputs of P3 and P4, the high-level features are either up-sampled 

or down-sampled utilizing BI, resulting in 1 1C H W

attf R  
 . 

The high-level features are then transformed using the CA mechanism to generate corresponding 

attention weights, which are subsequently utilized for filtering the low-level features. As a result, 

features of identical dimensions are obtained. They are ultimately integrated to enhance the model's 

ability to represent features, resulting in a scale of 
1 1C H W

outf R
 

 . The SFF process is calculated as 

follows. 

   BI T-Convatt highf f                               (1) 

 CAout low att attf f f f                                  (2) 
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2.4 Loss function optimization 

The loss function usually utilized is intersection over union (IoU). It measures the overlap 

between the detection and ground truth (gt) boxes by calculating the proportion of their intersection to 

the union. However, if the distance between two bounding boxes is excessively large, the IoU will 

have a zero value. Traditional RT-DETR utilizes the GIoU loss function (Rezatofighi et al., 2019) 

instead of IoU to overcome this problem. The GIoU method employs the smallest enclosing rectangle 

to accurately measure the distance, effectively addressing gradient backpropagation failure when no 

intersection exists between the two boxes, as shown in Fig. 4. GIoU exhibits a faster convergence rate, 

enhancing model performance. Equation (3) illustrates how GIoU is calculated.  

A

B

C

 

Fig. 4 Two non-intersecting rectangular boxes. 

 
( ) ( )

, ( 1,1]
( )

Area C Area A B
GIoU IoU GIoU

Area C

 
                  (3) 

where C is the smallest enclosing rectangle of bounding boxes A and B. The GIoU is inversely 

proportional to the distance between A and B when they do not overlap. 

In blade surface defect detection, the GIoU tends to become IoU when the detection and gt boxes 

exhibit a containment phenomenon. If two boxes intersect, the GIoU will converge slowly, horizontally, 

and vertically. The inner-IoU loss (Zhang et al., 2023) leverages auxiliary bounding boxes to overcome 

the limitations. Larger auxiliary boxes accelerate regression for samples with low IoU, while smaller 

auxiliary boxes facilitate the regression for samples with high IoU, resulting in quicker convergence. 

Based on this, Inner-IoU imports a scaling factor ‘ratio’ to adjust the dimensions of auxiliary bounding 

boxes, facilitating more efficient and rapid regression across various datasets and detectors. Fig. 5 

demonstrates the computation process of Inner-IoU. 
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Fig. 5 The Inner-IoU computation process. 

Equations (4) to (11) present the calculations for employing Inner-IoU within the GIoU loss 

function. 

 
* *

,
2 2

gt gt
gt gt gt gt

l c r c

w ratio w ratio
b x b x     (4) 

 
* *

,
2 2

gt gt
gt gt gt gt

t c b c

h ratio h ratio
b y b y     (5) 

 
* *

,
2 2

l c r c

w ratio w ratio
b x b x     (6) 

 
* *

,
2 2

t c b c

h ratio h ratio
b y b y     (7) 

          min , max , * min , max ,gt gt gt gt

r r l l b b t tinter b b b b b b b b    (8) 

        
2 2

* * * *gt gtunion w h ratio w h ratio inter    (9) 

 
inner inter

IoU
union

  (10) 

 
inner

Inner GIoU GIoUL L IoU IoU     (11) 

Inner-GIoU focuses on accurately representing the bounding boxes, enabling a more precise 

assessment of their overlapping region. It provides greater accuracy and detail and emphasizes the 

effectiveness of detecting the target's central point. Utilizing ‘ratio’ to implement the scaling function 

of the auxiliary box allows Inner-GIoU to adjust dynamically for varying tasks and targets, improving 

the detection accuracy and efficiency of the algorithm. 
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3 Experiment condition and method 

3.1 Blade surface defect detection process 

Fig. 6 illustrates the detection process for surface defects on the blade. Initially, a dataset focused 

on surface defects in jet engine blades is constructed, and the improved RT-DETR is trained to obtain 

the model. Subsequently, the trained model undergoes evaluation using various metrics to get the 

training results. In the defect detection phase, the industrial computer controls the motion controller 

and guides the camera in capturing images of the blade’s surface for detection. The captured images 

are then segmented into 80 images of 916×960 pixels. Subsequently, these segmented images are fed 

into the trained and improved RT-DETR model. The resulting outputs are stitched together according 

to the previous segmentation rules, achieving precise defect detection and localization on the complete 

blade image. 

Jet engine blade 

surface defects 

dataset

Improved RT-

DETR
Model training

Indicator 

evaluation

Whether the 

requirements 

are met
Final model

Industrial 

computer

Motion 

controller

Image 
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Model
Merge detection 

results

Yes

No

Model 

Defect Detection 

 

Fig. 6 Blade surface defect detection process. 

3.2 Experiment setup 

The experimental equipment utilized in dataset construction is a four-degree-of-freedom blade 

surface defect-specific data acquisition device developed by our research team, as shown in Fig. 7. 

This platform comprises components such as motion rails in the X, Y, and Z directions, a motion 

controller, an industrial camera, an annular light source, a workpiece rotation table, and an industrial 

computer. In the detection process, the industrial computer commands the motion controller through a 

serial port. Then, the controller controls the control motors of each coordinate axis and the workpiece 
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rotation table via the controller area network bus. The operating speed of each motion axis rail is 10 

mm/s. Finally, the industrial camera captures clear pictures and transmits real-time blade surface data 

to the computer via the Gigabit Ethernet protocol. Table 1 presents the configuration of the algorithm 

environment. 

 

Fig. 7 Data acquisition equipment (Yixuan et al., 2023), (a) the complete model of the 

equipment, and (b) the built-up physical equipment. 

Table 1 Experimental environment configuration and corresponding value. 

Environmental configuration Value 

Operation system Ubuntu 20.04 

CPU Intel(R) Xeon(R) Platinum 8352V @ 2.10GHz 

GPU NVIDIA GeForce RTX 4090 

Graphics memory 24 GB 

Deep learning framework PyTorch 2.0.0 

Parallel computing platform CUDA 11.8 

Input image size 640×640 

Epoch 150 

Batch size 32 

3.3 Experimental dataset construction 

We collected 72 images of jet engine blades, each with a resolution of 7344×16488. Each 

complete blade image was cropped into 80 surface defect images with a resolution of 918×960. 
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Images containing defect information were selected, invalid data were filtered out, and the images 

were enhanced. After careful detection, 5,461 images were selected for experimentation. The blade 

surface defects dataset includes four types: gash, scratch, bruise, and pockmark. Multiple defects may 

exist on a single image simultaneously. 

Fig. 8 demonstrates that gashes and scratches are relatively prominent, whereas bruises and 

pockmarks appear comparatively smaller. Regarding pixel (px) area, the pockmark represents only 

0.0005% of the entire field of the blade image, while a larger gash covers only 0.2286%. Fig. 9 provides 

an overview of the type and quantity of labels. A total of 4,856 gashes, 4,005 scratches, 1,217 bruises, 

and 3,668 pockmarks are recorded. The dataset was partitioned into a training, a validation, and a test 

in the ratio of 8:1:1. Specifically, the training, validation, and test sets had 4357, 558, and 546 images. 

The data annotation process was carried out using LabelImg. 

 

Fig. 8 Four typical defects of blade surface: (a) Gash, (b) Scratch, (c) Bruise, (d) Pockmark. 
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Fig. 9 Type and quantity of four labels. 

3.4 Model assessment metrics  

The metrics listed below are employed to assess the model performance. 

(1) Precision 

Precision is the percentage of positive samples predicted by the model that are correctly predicted. 

Its expression is shown in Equation (12). 

 100%
TP

P
TP FP

 


                              (12) 

(2) Recall 

Recall represents the ratio of correctly predicted positive samples out of positive samples, as 

formulated in Equation (13). 

 100%
TP

R
TP FN

 


                             (13) 

(3) Mean average precision 

Average precision (AP) refers to the average precision values obtained across all recall rate values. 

Mean average precision (mAP) is calculated as the mean AP across all classes, as Equation (14) defines. 

 
1

1 N

i
i

mAP AP
N 

                                (14) 

4 Results and discussion 

4.1 Backbone network optimization experiment 

The proposed backbone network’s effectiveness was validated through a comparative experiment 

involving HGNet-v2, ResNet18, and the improved ResNet18. During these experiments, mAP@0.5 

denotes mAP at an IoU threshold of 0.5. Meanwhile, mAP@0.95 refers to the mAP calculated among 

multiple IoU thresholds from 0.5 to 0.95 in steps of 0.05. "Params" denotes the overall parameter count. 

Floating-point operations (FLOPs) quantify the algorithm’s computational workload by measuring the 

floating-point operations needed for execution. 

Table 2 Comparison experiment of various backbone networks. 

Model mAP@0.5 mAP@0.95 Params FLOPs 
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(%) (%) (MB) (G) 

RT-DETR_HGNet-v2 68.3 37.1 125.8 108.3 

RT-DETR_ResNet18 67.2 36.4 75.8 57.0 

RT-DETR_ 

Improved ResNet18 
67.5 36.7 64.8 49.5 

Table 2 demonstrates that using ResNet18 instead of HGNet-v2 as the backbone network in RT-

DETR decreases mAP@0.5 by 1.1%, accompanied by a reduction of 39.7% in Params and a decrease 

of 47.4% in FLOPs. By adopting the improved ResNet18 instead of the original ResNet18, the average 

precision remains largely unchanged, with a 14.5% decrease in Params and a 13.2% decrease in FLOPs. 

Compared to the significant reduction in Params and FLOPs, average precision is only a small decrease. 

Utilizing the improved ResNet18 as the backbone network could decrease the model's parameters and 

FLOPs, thereby reducing hardware dependence and enhancing the detection speed. 

4.2 Experimental comparison of loss functions  

To validate the impact of Inner-GIoU, multiple sets of experiments were designed using RT-

DETR_Improved ResNet18 as a baseline model. These experiments involved optimizing the ratio 

parameter for the Inner-GIoU loss function and conducting a comparative analysis of different loss 

functions. The objective of ratio parameter optimization experiments was to identify the optimal ratio 

setting that balances precision and recall to enhance overall detection performance. Five distinct ratios 

were tested: 0.6, 0.8, 1.0, 1.2, and 1.4. Then, five distinct loss functions, namely GIoU, CIoU (Zheng 

et al., 2020), DIoU (Zheng et al., 2020), MPDIoU (Ma et al., 2023), and Inner-GIoU, were selected 

for a comprehensive evaluation under controlled experimental conditions. 

Table 3 Experiments on the optimization of the ratio parameter for Inner-GIoU. 

Ratio Precision (%) Recall (%) mAP@0.5 (%) mAP@0.95 (%) 

Ratio=0.6 72.3 62.9 68.0 35.7 

Ratio=0.8 67.5 67.3 67.1 36.1 

Ratio=1.0 70.7 65.2 67.5 36.7 

Ratio=1.2 70.2 65.5 68.3 36.3 

Ratio=1.4 72.1 65.7 68.7 36.5 
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Table 4 Comparison experiments with different loss functions. 

Loss Precision (%) Recall (%) mAP@0.5 (%) mAP@0.95 (%) 

GIoU 70.7 65.2 67.5 36.7 

CIoU 69.6 64.4 67.7 36.7 

DIoU 71.2 63.1 67.7 36.4 

MPDIoU 72.5 62.9 67.4 36.4 

Inner-GIoU 72.1 65.7 68.7 36.5 

Table 3 illustrates the variation patterns of the Inner-GIoU loss function when using different 

ratios. When the ratio is set to 1.0, it degenerates into the GIoU loss function, achieving a mAP@0.5 

of 67.5%. The optimal ratio is 1.4, obtaining a mAP@0.5 of 68.7%. These results indicate that a larger 

auxiliary bounding box improves the model's minor defect detection accuracy. 

Table 4 demonstrates the comparison experiment results. The Inner-GIoU loss function exhibits 

the highest recall and mAP@0.5 values. At the same time, there is no significant decrease in the 

precision and mAP@0.95. Its mAP@0.5 values and recall surpass that of the GIoU loss function by 

1.2% and 0.5%, respectively. The Inner-GIoU loss function enhances recall and mAP@0.5 by 1.3% 

and 1.0%, respectively, in contrast to the CIoU loss function. Furthermore, the Inner-GIoU 

demonstrates a 1.0% improvement in mAP@0.5 and a 2.6% increase in recall compared to the DIoU 

loss function. Finally, compared to the MPDIoU, the Inner-GIoU loss function improves recall and 

mAP@0.5 by 2.8% and 1.3%, respectively. 

Therefore, the Inner-GIoU loss function combined with RT-DETR_Improved ResNet18 

effectively enhances detection accuracy, validating the feasibility of the proposed method. 

4.3 Model training experiment 

RT-DETR_ResNet18 was used as the baseline model for the experiments. Various enhancement 

techniques were integrated into the model, and training was conducted accordingly. The model with 

the best test result was selected and outputted in each set of experiments. Table 5 illustrates the ablation 

experiment results, where the experiment numbers correspond to the following descriptions.  

1# represents the RT-DETR model using ResNet18 as the backbone network. 

2# represents the RT-DETR model using the improved ResNet18 as the backbone network. 

3# represents the RT-DETR model combining the improved ResNet18 with the HS-FPN network.  
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4# represents the RT-DETR model combining the improved ResNet18, the HS-FPN network, and 

the Inner-GIoU loss function. 

Table 5 The ablation experiment results. 

Num

ber 

Improved 

ResNet18 
HS-FPN Inner-GIoU 

Precisi

on (%) 

Recall 

(%) 

mAP@0.5 

(%) 

mAP@0.95 

(%) 

1#    69.9 68.2 67.2 36.4 

2# √   70.7 65.2 67.5 36.7 

3# √ √  71.4 68.4 71.0 37.9 

4# √ √ √ 73.9 68.5 71.8 39.1 

Compared to Experiment 1#, which uses the original ResNet18 feature extraction network, the 

mAP@0.5 of Experiment 2#, which employs the improved ResNet18 feature extraction network, 

increases by 0.3%. The mAP@0.5 of Experiment 3#, which incorporates the HS-FPN feature selection 

and fusion network into Experiment 2#, increases by 3.8% compared to Experiment 1#. Compared to 

Experiment 1#, the mAP@0.5 in Experiment 4# rises by 4.6% when the Inner-GIoU loss function is 

added. 

Fig. 10 illustrates the precision, recall, and mAP@0.5 curves achieved through training the 

proposed model and RT-DETR_ResNet18 for 150 epochs with 20,550 iterations. The proposed 

method's precision, recall, and mAP@0.5 exceed the RT-DETR_ResNet18's. Fig. 11 illustrates the 

proposed model's detection results, proving that this method can accurately detect minor defects on 

the blade surface. 
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Fig. 10 The curves of (a) Precision, (b) Recall, and (c) mAP@0.5.  
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Fig. 11 Detection results of the proposed model. 

4.4 Model comparison experiment 

To showcase the performers of the proposed model, a comparison with the other object detection 

models was conducted, comprising Faster R-CNN (Ren et al., 2016), SSD (Liu et al., 2016), DETR 

(Carion et al., 2020), YOLOv3 (Redmon et al., 2018), YOLOv5 (Li et al., 2022b), YOLOv7 (Wang et 

al., 2023), and RT-DETR. The input image dimensions were set to 640×640 for 150 epochs. The results 

from the comparative experiments are summarized in Table 6. The detection mAP@0.5 rate of the 

model in this paper is 71.8%, and the detection time for a single blade is 2.4 seconds (time to process 

80 blade images of 916×960). Compared to Faster R-CNN, SSD, DETR, YOLOv3, YOLOv5, 

YOLOv7, and the original RT-DETR, the proposed model improves mAP@0.5 by 18.3%, 14.5%, 

8.9%, 5.7%, 6.0%, 5.3%, and 3.5%, respectively. Additionally, the detection time for a single blade 

reduces by 18.25 seconds, 2.07 seconds, 28.1 seconds, 3.56 seconds, 1.96 seconds, 2.45 seconds, and 

1.16 seconds, respectively. These results demonstrate that the proposed model offers improved 
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detection performance and speed. 

Table 6 Comparison experiments of the proposed model with different network structures. 

Model mAP@0.5 (%) Detection time (s) 

Faster R-CNN 53.5 20.65 

SSD 57.3 4.47 

DETR 62.9 30.50 

YOLOv3 66.1 5.96 

YOLOv5 65.8 4.36 

YOLOv7 66.5 4.85 

RT-DETR 68.3 3.56 

The proposed model 71.8 2.40 

5 Conclusions 

This study proposes an improved blade detection method based on RT-DETR that can precisely 

and efficiently detect blade surface defects during the blade production line.  

1) To enhance the model's capability of detecting blade surface defects across various scales, the 

backbone network segment is substituted with an improved and more lightweight ResNet18. 

Simultaneously, the HS-FPN replaces the original feature fusion approach in RT-DETR. 

2) The inner-GIoU loss function replaces RT-DETR’s original loss function to expedite model 

convergence and enhance the detection accuracy of minor target surface defects. 

3) Compared to RT-DETR, the approach proposed in this study enhances mAP@0.5 by 3.5% 

across four defect types: gash, scratch, bruise, and pockmark. It also reduces the computational time 

required for detecting a single blade by 1.16 seconds. 

The improved RT-DETR enhances minor defect detection accuracy and speed on the blade surface 

by incorporating refined feature extraction, fusion, and loss function methods. Subsequent research 

will focus on optimized feature fusion and loss function to improve the algorithm's effectiveness. 
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