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Abstract. To address challenges such as diverse apple leaf disease phenotypes, high background similarity, and 8 

complex natural environments, this study proposes an improved MDGL-DETR model based on RT-DETR, aiming to 9 

enhance both the accuracy and efficiency of apple leaf disease detection. First, a Multi-Scale Dilated Asymmetric 10 

structure combined with Channel Reduction Attention is designed to strengthen extraction capabilities for multi-scale 11 

and global features while reducing computational costs. Second, a Directional Shift Adaptive Context module is 12 

proposed, which utilizes shift convolution and SoftPool to dynamically focus on disease regions and suppress 13 

redundant background interference. Finally, a Global-Local Collaborative Fusion module is constructed to facilitate 14 

efficient interaction between local texture and global semantic information, thereby reinforcing feature representation 15 

capabilities. Experimental results indicate that the MDGL-DETR model achieves an mAP50 of 89.09%, an increase 16 

of 3.31% over the original RT-DETR, while reducing the computational load by 4.39%. Comprehensive evaluations 17 

show that the model outperforms other object detection models. The proposed MDGL-DETR provides a novel solution 18 

for the efficient detection of apple leaf diseases.  19 

 20 
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1 Introduction 25 

China is the world's largest producer and consumer of apples [1]. As a key pillar of China's 26 

agriculture, the apple industry plays a pivotal role in fostering regional economic development and 27 

ensuring the sustained growth of farmers' income. Statistics indicate that in recent years, China's 28 

apple production has maintained a high volume and exhibited a steady growth trend; this serves as 29 

a powerful testament to the diligent labor of countless farmers and the vigorous development of 30 

the industry as a whole. However, leaf diseases represent a prevalent issue during the growth cycle, 31 
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frequently exerting severe adverse effects on apple yield and quality. This phenomenon not only 32 

incurs substantial economic losses for farmers but also has a direct bearing on national food safety 33 

and the quality of life for consumers. Consequently, the efficient and accurate identification of 34 

apple leaf diseases is of paramount importance [2].  35 

Currently, the discovery and detection of crop leaf diseases in China rely heavily on manual 36 

inspection [3]. This approach is not only time-consuming and labor-intensive but also suffers from 37 

low identification accuracy, hindering timely intervention and loss mitigation. With the advent of 38 

deep learning theories, the utilization of object detection for the automatic identification and 39 

diagnosis of crop leaf diseases has gradually evolved into a mature approach. In 2014, the R-CNN 40 

algorithm [4] pioneered the integration of deep learning into object detection. Building upon the 41 

R-CNN framework, classic algorithms such as Faster R-CNN [5] and Mask R-CNN [6] were 42 

subsequently developed. Gong et al. optimized the Faster R-CNN model by introducing the 43 

advanced Res2Net and Feature Pyramid Network (FPN) architectures as the feature extraction 44 

backbone, combined with the Soft-NMS algorithm, thereby improving the identification accuracy 45 

of apple leaf diseases [7]. Hou et al. proposed a deep learning model named FPN-Inception 46 

Squeeze-and-Excitation ResNet-Faster R-CNN, which enhanced the recognition performance for 47 

apple leaf diseases [8]. 48 

The YOLO (You Only Look Once) algorithm represents a highly efficient approach in the field of 49 

object detection, with its core advantage lying in its capability for end-to-end real-time detection. 50 

Yan et al. proposed an adaptive feature enhancement module based on the YOLOv8s model, which 51 

strengthened the feature extraction capability for apple leaf diseases [9]. Xu et al. reduced model 52 

complexity while maintaining detection accuracy by incorporating MobileNet-V3s basic modules 53 

into the backbone network and integrating the Coordinate Attention (CA) mechanism. This 54 

approach enabled the real-time, accurate, and lightweight detection of apple leaf diseases [10]. 55 

Yang et al. introduced SPD-Conv to replace traditional strided convolution within the backbone 56 

of the YOLOv5 algorithm, providing a high-precision solution for maize leaf disease detection 57 

[11]. However, the two-stage architecture of the R-CNN series results in slow inference speeds, 58 

high computational resource consumption, and elevated deployment costs. Conversely, the YOLO 59 

series algorithms possess limited capability in capturing detailed information and exhibit 60 

insufficient global feature modeling abilities in complex backgrounds.  61 
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To address the technical bottlenecks inherent in the aforementioned algorithms, the Transformer 62 

architecture has achieved new breakthroughs in the field of object detection, leveraging its unique 63 

self-attention mechanism and global context modeling capability. The core advantage of the 64 

Transformer architecture lies in its ability to transcend the limitations of the local receptive fields 65 

characteristic of traditional CNNs. Through the self-attention mechanism, it enables the model to 66 

directly capture semantic associations between arbitrary positions within an image. This global 67 

modeling capability remedies the inadequacy of YOLO algorithms regarding feature modeling in 68 

complex backgrounds, while its end-to-end prediction paradigm circumvents the complicated 69 

multi-stage processing workflows associated with the R-CNN series.  70 

Representative of this approach, the DETR (Detection Transformer) [12] algorithm pioneered the 71 

application of the Transformer architecture to object detection. By utilizing an encoder-decoder 72 

structure to directly predict object sets, it completely eliminated the need for anchor designs. 73 

Building upon the original DETR architecture, the Baidu PaddlePaddle team developed the RT-74 

DETR (Real-Time DETR) [13] algorithm, which maintains high accuracy while significantly 75 

enhancing real-time processing capabilities. Subsequently, Li et al. introduced the P2 detection 76 

head and dynamic convolution, improving the efficiency of litchi leaf disease detection[14]. Liu 77 

et al. proposed the CSP-OmniKernel module and the VariableFocalLoss function to optimize RT-78 

DETR, demonstrating excellent performance in the detection of rice pests and diseases [15]. 79 

Furthermore, Bao et al. proposed embedding a dynamic multi-feature fusion module into RT-80 

DETR to enhance the model's adaptability to variations in the size of wheat scab lesions [16].  81 

While the aforementioned improvements to RT-DETR have enhanced detection accuracy or 82 

reduced model complexity to a certain extent, there remains room for optimization. Moreover, 83 

these modifications were not specifically tailored for the scenario of apple leaf disease detection. 84 

In the context of detecting apple leaf diseases in natural environments, the diversity of diseases 85 

results in significant variations in phenotypic characteristics. Distinct diseases exhibit marked 86 

differences in their visual manifestations on leaves, including variations in color, shape, size, and 87 

edge texture. Even within the same disease category, morphological presentation varies across 88 

different growth stages. Furthermore, the complexity of the natural environment cannot be 89 

overlooked; factors such as illumination variations, the randomness of leaf orientation, and 90 

background noise interference further exacerbate the difficulty of feature extraction for the model. 91 

Addressing these challenges, this study utilizes RT-DETR as the baseline model and proposes 92 
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specific improvements, aiming to enhance both the accuracy and efficiency of apple leaf disease 93 

detection.  94 

 95 

2 Materials and Methods 96 

2.1 Experimental Dataset 97 

The apple leaf disease dataset used in this study was constructed by combining the FGVC8 Plant 98 

Pathology 2021 dataset and the AppleLeaf9 public dataset [17]. Following manual screening to 99 

remove images with severe overexposure, defocus blur, or other significant quality issues, a total 100 

of 5,147 disease images were retained.  101 

The dataset includes 1,202 images of Alternaria leaf spot (Alternaria alternata f. sp. malicorticis), 102 

795 images of grey spot (Phyllosticta solitaria), 1,146 images of powdery mildew (Podosphaera 103 

leucotricha), 1,118 images of rust (Gymnosporangium yamadae), and 886 images of scab 104 

(Venturia inaequalis).  105 

All images were resized to 640×640 pixels and annotated using the X-AnyLabeling software 106 

(version 2.5.4). An example of the annotation process is shown in Figure 1.  107 

 108 

Fig. 1 Annotation of Apple Leaf Diseases Dataset. 109 
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To improve model generalization, data augmentation was performed on all images to expand the 110 

dataset. Simultaneously, to prevent data leakage, a strategy of "splitting before augmenting" was 111 

adopted. To ensure that the number of original images for each disease category in both the 112 

validation and test sets exceeded 100—thereby avoiding bias issues and high volatility in 113 

evaluation results—the images for each disease were partitioned into training, validation, and test 114 

sets according to a 7:1.5:1.5 ratio.  115 

The resulting training set contained 3,601 images (Alternaria leaf spot: 841, Grey spot: 555, 116 

Powdery mildew: 802, Rust: 782, Scab: 621); the validation set comprised 772 images (Alternaria 117 

leaf spot: 180, Grey spot: 120, Powdery mildew: 172, Rust: 168, Scab: 132); and the test set 118 

consisted of 774 images (Alternaria leaf spot: 181, Grey spot: 120, Powdery mildew: 172, Rust: 119 

168, Scab: 133). Subsequently, data augmentation was applied to all images within the training, 120 

validation, and test sets. For each image, brightness, saturation, and contrast were first adjusted 121 

(increased or decreased), followed by the random addition of Gaussian noise, salt-and-pepper 122 

noise, shadows, or occlusions. A comparison before and after augmentation is shown in Figure 2. 123 

To prevent overfitting and ensure data consistency, each image was subjected to data augmentation 124 

exactly once.  125 

 126 

Fig. 2 Comparison of Dataset Images Before and After Data Augmentation. 127 

The resulting final dataset comprises a total of 10,294 images. This includes 7,202 images in the 128 

training set (Alternaria leaf spot: 1,682; Grey spot: 1,110; Powdery mildew: 1,604; Rust: 1,564; 129 

Scab: 1,242), 1,544 images in the validation set (Alternaria leaf spot: 360; Grey spot: 240; Powdery 130 

mildew: 344; Rust: 336; Scab: 264), and 1,548 images in the test set (Alternaria leaf spot: 362; 131 

Grey spot: 240; Powdery mildew: 344; Rust: 336; Scab: 266).  132 
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Regarding annotations, the dataset contains a total of 50,254 bounding boxes. These are distributed 133 

as follows: 34,358 in the training set (Alternaria leaf spot: 7,920; Grey spot: 4,280; Powdery 134 

mildew: 2,732; Rust: 7,350; Scab: 12,076); 8,884 in the validation set (Alternaria leaf spot: 1,804; 135 

Grey spot: 1,180; Powdery mildew: 664; Rust: 1,660; Scab: 3,576); and 7,012 in the test set 136 

(Alternaria leaf spot: 1,706; Grey spot: 612; Powdery mildew: 604; Rust: 1,606; Scab: 2,484).  137 

2.2 RT-DETR 138 

The RT-DETR architecture comprises three main components: a Backbone, a Hybrid Encoder, 139 

and a Transformer Decoder with auxiliary prediction heads. The Backbone extracts visual features 140 

from input images and provides feature representations for subsequent interaction and fusion 141 

stages. The Hybrid Encoder consists of two modules: the Attention-based Intra-scale Feature 142 

Interaction (AIFI) module and the Cross-scale Feature Fusion Module (CCFM). The AIFI applies 143 

a lightweight self-attention mechanism to capture local details while reducing computational 144 

redundancy. The CCFM integrates multi-scale features (e.g., S3, S4, and S5) through a fusion 145 

block to enable multi-scale feature representation. The Decoder takes the encoded feature sequence 146 

as input and produces final detection results through iterative refinement of object queries. Unlike 147 

conventional object detection frameworks, the RT-DETR Decoder directly predicts non-148 

overlapping bounding boxes without relying on Non-Maximum Suppression (NMS), thereby 149 

simplifying the detection pipeline and reducing inference latency. 150 

2.3 MDGL-DETR 151 

ResNet[18] serves as the default backbone network for RT-DETR. Considering the real-time 152 

requirements of apple leaf disease detection and the limited size of the dataset used in this study, 153 

employing deeper backbone networks (e.g., ResNet50 or ResNet101) would substantially increase 154 

computational cost and potentially increase the risk of overfitting. Therefore, ResNet18 is selected 155 

as the backbone network in this work. 156 

Although RT-DETR achieves competitive real-time performance, its detection accuracy remains 157 

limited when applied to complex natural scenarios of apple leaf disease detection. To address these 158 

limitations, this study introduces several targeted architectural optimizations based on the RT-159 

DETR framework. Specifically, (1) a Multi-Scale Dilated Asymmetric (MSDA) structure 160 

combined with a Channel Reduction Attention (CRA)[19] mechanism is integrated into the 161 
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BasicBlock of ResNet18; (2) a Directional Shift Adaptive Context (DSAC) module is employed 162 

to modify RepC3; and (3) a Global-Local Collaborative Fusion (GLCF) module is constructed to 163 

facilitate joint modeling of local and global information. The resulting model is referred to as 164 

MDGL-DETR, and its overall architecture is illustrated in Figure 3 165 

 166 

Fig. 3 RT-DETR Model Structure and MDGL-DETR Model Structure. 167 

2.3.1 MSDA-CRA 168 

To address the large variation in the spatial scales of apple leaf diseases—ranging from localized 169 

spots to whole-leaf infections—the representational capacity of ResNet18 is limited when 170 

modeling features across diverse scales. Conventional approaches often adopt multi-branch 171 

convolutional structures with different kernel sizes to enhance multi-scale feature representation; 172 

however, such designs typically introduce substantial parameter and computational overhead. 173 

To achieve efficient multi-scale feature extraction with limited computational cost, this study 174 

proposes a Multi-Scale Dilated Asymmetric (MSDA) structure and integrates it with a Channel 175 

Reduction Attention (CRA) mechanism, forming the MSDA-CRA module. By embedding 176 

MSDA-CRA into the BasicBlock of ResNet18, an MSDA-CRA Block is constructed, as illustrated 177 

in Figure 4.  178 

The MSDA module employs a lightweight multi-branch architecture for multi-scale feature 179 

extraction. Input features are first compressed along the channel dimension using a 1×1 180 

convolution to reduce computational complexity. Four parallel branches are then applied. In each 181 

branch, a standard 3×3 convolution is decomposed into sequential 1×3 and 3×1 asymmetric 182 

convolutions to reduce computational cost while preserving the effective receptive field. Based on 183 
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this structure, dilated convolutions with different dilation rates (1, 2, 4, and 8) are introduced to 184 

expand the receptive field without increasing parameter count, enabling the extraction of features 185 

with varying contextual ranges. Depthwise separable convolutions are adopted to further reduce 186 

computational overhead.  187 

 188 

Fig. 4 MSDA-CRA Block Structure. 189 

After multi-branch feature extraction, the outputs are concatenated and combined with a shortcut 190 

projection implemented via a 1×1 convolution. The CRA module is then applied to recalibrate 191 

channel-wise feature responses. CRA follows a Query-Key-Value formulation, where the Query 192 

is derived from spatial feature representations and the Key and Value are obtained from globally 193 

pooled channel features. To reduce computational cost, the channel dimensions of Query and Key 194 

are projected into a lower-dimensional space, allowing efficient modeling of channel-wise 195 

dependencies. Finally, a residual connection is employed to integrate the recalibrated features with 196 

the input features.  197 

2.3.2 DSAC 198 

The RepC3 component within RT-DETR applies uniform convolution operations across every 199 

position of the input feature map, thereby lacking the capability to discriminate the importance of 200 

different regions. In the context of apple leaf disease detection, disease lesions often occupy only 201 
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a minor fraction of the image. However, RepC3 treats features from disease regions and 202 

background regions indiscriminately, failing to dynamically adjust weights according to regional 203 

importance. This results in the features of small disease spots being overshadowed by background 204 

noise, while redundant background features, such as leaf texture, are erroneously amplified. To 205 

address this issue, this study proposes the Directional Shift Adaptive Context (DSAC) module to 206 

improve RepC3, creating the DRepC3 module.  207 

 208 

Fig. 5 DRepC3 Structure. 209 

As illustrated in Figure 5 Shift Convolution [20] is introduced within the DSAC module. 210 

Compared to traditional convolution methods, Shift Convolution realizes the convolution process 211 

through strategic shift operations, enabling the simulation of spatial relationship modeling for 212 

features. Specifically, for an input feature map 𝑋 ∈ ℝு×ௐ×஼  (where C denotes the channel count213 

，and H and W denote height and width, respectively), Shift Convolution divides the channels C 214 

evenly into 5 groups. Each group contains g=C/5 channels. A shift operation is performed 215 

separately on each of the 5 feature map groups 𝑋௜ ∈ ℝு×ௐ×௚(݅ = 1,2,3,4,5). The pixel offset for 216 

the shift operation is implemented via a predefined  3×3 sparse convolution kernel with an offset 217 

magnitude of 1 pixel. For each feature map group 𝑋௜ , the convolution kernel is set to 1 only at the 218 

single position corresponding to the specific offset direction (left, right, up, down, or identity), 219 

while all other positions are set to 0. This sparse kernel renders the convolution operation 220 

equivalent to directly copying pixel values from neighboring positions in the feature map, thereby 221 

simulating a pixel translation effect.  222 
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𝑋1௟௘௙௧ = ,𝑋1)ݐℎ݂݅ݏ ݊݋݅ݐܿ݁ݎ݅݀ = 𝑋2௥௜௚ℎ௧(ݐ݂݈݁ = ,𝑋2)ݐℎ݂݅ݏ ݊݋݅ݐܿ݁ݎ݅݀ = 𝑋3௨௣(ݐℎ݃݅ݎ = ,𝑋3)ݐℎ݂݅ݏ ݊݋݅ݐܿ݁ݎ݅݀ = (݌ݑ (1)𝑋4ௗ௢௪௡ = ,𝑋4)ݐℎ݂݅ݏ ݊݋݅ݐܿ݁ݎ݅݀ = 𝑋5௜ௗ௘௡௧௜௧௬(݊ݓ݋݀ = 𝑋5
 223 

These shifted feature maps are concatenated along the channel dimension to obtain 𝑋௦ℎ௜௙௧௘ௗ ∈224 ℝு×ௐ×஼. Finally, a 1×1 convolution is applied to 𝑋௦ℎ௜௙௧௘ௗ for channel fusion, resulting in the 225 

output feature map 𝑋ௌ ∈ ℝு×ௐ×஼೚ೠ೟ (where Cout is the number of output channels). This shift 226 

operation is due to the relative positional relationships between different regions in the feature 227 

map, thereby better adapting to the feature discrepancies between disease regions and other 228 

regions. SoftPool [21] calculates the relative importance of each pixel within a local region via 229 

Softmax weighting. It computes the importance value of a pixel x within its surrounding area 230 

according to Equation (2), enabling the model to automatically learn the importance of every 231 

position in the feature map. 232 ܫ(𝑋)|௫ = ∑  ௞∈௎ ∑  ௜∈௎ೖ ௘ೣ೔∑  ೕ∈ೈ ௘ೣೕ ⋅ ௜ݔ  (2)  233 

Where U is the neighborhood centered at x, xi is the value of the i-th pixel within region U, xj 234 

represents the indices of all pixels in region U, and I(X)|x is the importance value of pixel x within 235 

neighborhood U.  236 

After the input feature map undergoes preliminary processing via Shift Convolution, the channel 237 

count is reduced using a 1×1 convolution. Subsequently, global pooled features are acquired 238 

through the parallel application of SoftPool operations at different scales and depthwise separable 239 

convolutions. These are then fused to obtain a multi-scale importance map:  240 𝑋ௌ1 = ܵ௖௢௡௩(𝑋)ܫ௠௦(𝑋ௌ1) = ܨ ,(𝑋ௌ1)3×3ܫ) ,(𝑋ௌ1)5×5ܫ ((𝑋ௌ1)7×7ܫ (3) 241 

Where X is the input feature map, Sconv represents the shift convolution operation, 𝑋ௌ1 is the feature 242 

map concatenated after shifting, F denotes the fusion operation, and ܫ௠௦(𝑋ௌ1) is the multi-scale 243 

importance map. Through the Sigmoid activation function and bilinear interpolation, the multi-244 

scale importance map is normalized into a probability distribution and restored to the same spatial 245 

dimensions as 𝑋ௌ1, thereby yielding the attention weight map:  246 ࣛ௠௔௣ = ߰ ߪ) ((௠௦( 𝑋ௌ1)ܫ) (4) 247 
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Where ࣛ௠௔௣ is the attention weight map, σ(·) is the Sigmoid activation function, and ψ(·) 248 

denotes bilinear interpolation. The attention weight map reflects the importance of each position 249 

in the feature map; features in disease regions are enhanced due to higher weights, while features 250 

in other regions are suppressed due to lower weights. Simultaneously, a residual connection is 251 

employed to prevent the loss of critical disease features during the extraction process, facilitating 252 

better learning of subtle variations in disease characteristics. Finally, the output feature map is 253 

obtained after a second shift convolution. To avoid artifacts introduced by shift convolution and 254 

bilinear interpolation, the Sigmoid function is used to process the input feature map, generating a 255 

gating signal to further isolate disease-related features and reduce interference from irrelevant 256 

information:  257 ܻ = ܵ௖௢௡௩ ௠௔௣ࣛ)ߛ) + 𝑋ௌ1)) ⊙ (𝑋)ߪ (5) 258 

Where Y is the output feature map, and γ is the ReLU activation function. 259 

2.3.3 GLCF 260 

The detection of apple leaf diseases requires the simultaneous consideration of local texture 261 

features (e.g., the shape and color of disease spots) and global semantic information (e.g., disease 262 

distribution and the proportion of infection across the whole leaf). However, the existing RT-263 

DETR model exhibits deficiencies in collaboratively modeling local texture and global semantic 264 

information. Furthermore, feature maps processed by the MSDA-CRA Block and DRepC3 module 265 

lack an explicit interaction mechanism, which may result in feature redundancy or the 266 

overshadowing of critical information. To address these issues, this study proposes the Global-267 

Local Collaborative Fusion (GLCF) module, designed to achieve the efficient fusion of local 268 

information and global semantics, thereby fully leveraging information across different feature 269 

hierarchies. 270 

As illustrated in Figure 6, the GLCF module first utilizes a feature transformation layer, 271 

employing a 1×1 convolution to normalize the input feature maps along the channel dimension; 272 

this ensures that features from diverse sources are mapped into a unified feature space. 273 

Specifically, input feature X is derived from the MSDA-CRA Block, representing global 274 

features, while input feature Y originates from the DRepC3 module, representing local features. 275 

Following the 1×1 convolution processing, input features X and Y are transformed into Xi and Yi, 276 

respectively:  277 
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𝑋௜ = ௜ܻ(𝑋)1×1ݒ݊݋ܥ = (ܻ)1×1ݒ݊݋ܥ (6) 278 

Where 𝑋 ∈ ℝு×ௐ×஼1 , ܻ ∈ ℝு×ௐ×஼2 , 𝑋௜ ∈ ℝு×ௐ×஼ , and ௜ܻ ∈ ℝு×ௐ×஼  (with C1, C2, and C 279 

denoting channel counts, and H and W representing height and width, respectively). Conv1×1 280 

denotes the 1×1 convolution operation. The Local Spatial Attention (LSA) mechanism [22] is 281 

applied to Xi to obtain the spatially-enhanced feature XLSA. Subsequently, XLSA is added to Yi to 282 

yield the new local feature FL:  283 𝑋௅ௌ஺ = ௅݂ௌ஺(𝑋௜)ܨ௅ = 𝑋௅ௌ஺ + ௜ܻ (7) 284 

Where ܨ௅ ∈ ℝு×ௐ×஼, and fLSA represents the application of the LSA mechanism. This operation 285 

leverages the spatial information of global features to guide local features in focusing on critical 286 

regions, thereby enhancing spatial consistency. Subsequently, global average pooling and global 287 

max pooling are employed on Xi to aggregate features, capturing inter-channel dependencies and 288 

integrating global information. Softmax normalization is then utilized to generate channel 289 

weights, resulting in features Xa and Xm:  290 𝑋௔ = 𝑋௠((𝑋௜)݃ݒܣ)ݔܽ݉ݐ݂݋ܵ = ((𝑋௜)ݔܽܯ)ݔܽ݉ݐ݂݋ܵ (8) 291 

Where 𝑋௔ ∈ ℝ1×1×஼, 𝑋௠ ∈ ℝ1×1×஼; Avg denotes global average pooling, Max denotes global 292 

max pooling, and Softmax denotes Softmax normalization. The sum of Xa and Xm is applied to 293 

FL, using the semantic importance of global features to dynamically adjust the channel weights 294 

of local features. This highlights disease-related features and suppresses irrelevant noise, 295 

yielding F1:  296 1ܨ = ௅ܨ ⊙ (𝑋௔ + 𝑋௠) (9) 297 

Where 1ܨ ∈ ℝு×ௐ×஼. Additionally, the High Frequency Enhancement (HFE) mechanism is 298 

applied to FL to reinforce high-frequency information. This result is added to Xi to obtain F2, 299 

mitigating the detail blurring inherent in global features and improving the discriminability 300 

between background and disease regions:  301 2ܨ = ு݂ிா(ܨ௅) + 𝑋௜ (10) 302 

Where fHFE represents the application of the HFE mechanism. Finally, F1 and F2 are 303 

concatenated and processed through a 3×3 convolution to obtain the output feature F: 304 ܨ = ,1ܨ)ݐܽܿ݊݋ܥ)3×3ݒ݊݋ܥ ((2ܨ (11) 305 
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Where ܨ ∈ ℝு×ௐ×஼, Concat denotes the concatenation operation, and Conv3×3 denotes the 3×3 306 

convolution. By integrating LSA, HFE, and pooling operations, the GLCF module achieves a 307 

synergistic fusion where global features provide spatial context guidance while local features 308 

contribute disease details, enabling the model to simultaneously attend to local nuances and global 309 

semantic information. 310 

The LSA and HFE mechanisms act as critical components of the GLCF module. The LSA 311 

mechanism extracts local spatial features via depthwise separable convolutions, reorganizes 312 

features through cascaded convolution operations, maintains information integrity using residual 313 

connections, and finally enhances key local regions via a spatial attention mask. Specifically, it 314 

sequentially employs 1×1 convolutions and 3×3 depthwise separable convolutions three times: the 315 

first iteration performs preliminary extraction of local spatial features; the second captures more 316 

complex local features; and the third generates an adaptive local attention mask to focus on critical 317 

regions. Subsequently, a 1×1 convolution maps the features back to the original channel count, 318 

and the input features are weighted by the mask to efficiently aggregate local spatial information. 319 

The primary objective of the HFE mechanism is to reinforce the high-frequency information of 320 

the feature maps. It first employs global average pooling to perform a smoothing operation, 321 

yielding the low-frequency information. Next, the high-frequency information is obtained by 322 

subtracting the smoothed feature map from the original input feature map. Finally, convolution 323 

operations and the Sigmoid activation function are utilized to further amplify this high-frequency 324 

information. 325 

 326 

Fig. 6 GLCF Structure. 327 
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3 Results and Analysis 328 

3.1  Experimental Platform, Parameters, and Evaluation Metrics 329 

The experiments in this study were conducted on a cloud server platform. The hardware 330 

environment consisted of a 16-core CPU (Xeon(R) Platinum 8352V), 120 GB of RAM, and an 331 

NVIDIA RTX 4090 GPU with 24 GB of video memory. The software environment included the 332 

Ubuntu 22.04 operating system, Python 3.8.16, CUDA 11.7, and PyTorch 1.13.1. 333 

The training parameters were configured as follows: the input resolution was set to 640×640 pixels, 334 

the number of epochs was 300, the batch size was 4, and the learning rate was set to 1e-4. The 335 

AdamW optimizer was employed for training. To prevent overfitting and reduce training time, an 336 

early stopping mechanism was implemented to automatically terminate the training process if the 337 

model evaluation metrics showed no improvement over 50 consecutive epochs. 338 

To assess model performance, standard evaluation metrics for object detection were adopted, 339 

including Precision (P), Recall (R), mean Average Precision (mAP), the number of Parameters 340 

(Params), and Floating Point Operations (FLOPs). 341 

3.2 Ablation Studies 342 

This study evaluates the optimization effects of the proposed improvement strategies on the RT-343 

DETR model through systematic ablation experiments. The experimental design adopts a multi-344 

stage verification scheme: initially, the original, unmodified RT-DETR model serves as the 345 

baseline control group. Subsequently, the individual contribution of each of the three improvement 346 

strategies is verified sequentially. Following this, the strategies are integrated in a stepwise manner 347 

until all three are incorporated into the RT-DETR model. The cumulative effects of different 348 

strategy combinations on model performance are then analyzed based on various evaluation 349 

metrics. Through this controlled experimental approach, the study systematically reveals both the 350 

independent efficacy and the synergistic mechanisms of each improvement strategy. 351 

As presented in Table 1, A denotes the replacement of the BasicBlock with the MSDA-CRA 352 

Block; B represents the improvement of RepC3 using the DSAC module; and C indicates the 353 

introduction of the GLCF module into the model. 354 

Experimental results demonstrate that, compared to the baseline model, the independent utilization 355 

of the MSDA-CRA module resulted in a 1.09% increase in mAP50, while the number of 356 
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parameters and FLOPs decreased by 14.60% and 12.98%, respectively. This improvement is 357 

attributable to the MSDA-CRA module's ability to enhance multi-scale feature extraction while 358 

simultaneously maintaining computational efficiency. When both the MSDA-CRA and DSAC 359 

modules were employed, mAP50 increased by 1.85%, demonstrating that the DSAC module 360 

effectively improves the model's detection accuracy. 361 

With the simultaneous integration of all three improvement strategies, the global features extracted 362 

by the MSDA-CRA module provided richer disease representations for the DSAC module, while 363 

the GLCF module reinforced semantic associations between features by coordinating global and 364 

local information. Consequently, the model's Precision, Recall, mAP50, and mAP50:95 increased 365 

by 3.75%, 2.99%, 3.31%, and 2.76%, respectively. Furthermore, the parameter count and FLOPs 366 

were reduced by 4.74% and 4.39%, respectively, indicating that the optimized model 367 

comprehensively outperforms the baseline across all metrics. 368 

Tab. 1  Results of Ablation Experiments 369 

Model P(%) R(%) mAP50(%) mAP50:95(%) Params(M) FLOPs(G) 

RT-DETR 85.10 79.42 85.78 57.86 19.878180 57.0 

+A 86.69 80.69 86.87 58.85 16.976676 49.6 

+B 86.49 81.32 86.88 59.17 20.928804 57.0 

+C 86.67 80.30 87.42 59.15 20.787530 61.8 

+A+B 87.60 81.81 87.63 59.48 18.027300 49.7 

+A+B+C 88.85 82.41 89.09 60.62 18.936650 54.5 

3.3 Heatmap Visualization 370 

Heatmaps visualize the specific regions a model focuses on during image processing, with redder 371 

areas indicating higher attention levels. To facilitate a clearer comparison of the accuracy between 372 

the original RT-DETR model and the MDGL-DETR model in detecting apple leaf diseases, this 373 

study utilized Grad-CAM++ [23] to generate heatmaps for both models. 374 

As illustrated in Figure 7, the original RT-DETR model exhibits insufficient precision in attending 375 

to disease regions. It suffers from issues such as relatively low heatmap activation in certain disease 376 

areas and the diffusion of heat density into non-diseased leaf regions, which obscures the precise 377 

boundaries of the lesions. In contrast, the improved model demonstrates significantly more focused 378 

attention on critical disease features. 379 
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 380 

Fig. 7 Results of The Heatmap Comparison. 381 

3.4 Comparative Experiment of Backbone Networks 382 

To validate the efficacy of the MSDA-CRA module, this study conducted training by replacing 383 

the ResNet18 backbone of the RT-DETR model with EfficientViT [24], FasterNet [25], LSKNet 384 

[26], RepViT [27], and SwinTransformer [28], respectively. 385 

As presented in Table 2, the model in which the BasicBlock was replaced by the MSDA-CRA 386 

Block achieved the optimal comprehensive performance. Specifically, while models utilizing 387 

EfficientViT, FasterNet, LSKNet, and RepViT as backbones exhibited lower parameter counts and 388 

FLOPs, their accuracy metrics declined across the board compared to the default ResNet18 389 

backbone. Conversely, the model employing SwinTransformer as the backbone resulted in a 390 

substantial increase in parameters and FLOPs yet yielded no significant improvement in accuracy 391 

metrics. In contrast, the model integrating the MSDA-CRA Block not only reduced parameters 392 

and FLOPs compared to ResNet18 but also demonstrated significant improvements across all 393 

accuracy metrics.  394 
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Tab. 2  Results of The Backbone Comparison Experiment 395 

Backbone P(%) R(%) mAP50(%) mAP50:95(%) Params(M) FLOPs(G) 

ResNet18 85.10 79.42 85.78 57.86 19.878180 57.0 

EfficientViT 82.25 73.76 80.65 53.17 10.707748 27.2 

FasterNet 85.63 78.62 85.37 56.77 10.813224 28.5 

LSKNet 84.91 79.58 85.12 56.93 12.566834 37.6 

RepViT 84.35 77.40 83.09 55.18 13.307852 36.3 

SwinTransformer 85.02 79.21 86.62 58.19 36.318526 97.0 

Ours 86.69 80.69 86.87 58.85 16.976676 49.6 

3.5 Comparative Experiment of Object Detection Models 396 

To demonstrate the advanced performance of the proposed algorithm, it was evaluated against 397 

several state-of-the-art object detection models, including RetinaNet [29], EfficientDet [30], 398 

YOLOv5m, YOLOv8m, YOLOv10m [31], YOLO11m, and YOLOv12m [32]. 399 

As presented in Table 3, although MDGL-DETR did not achieve the lowest parameter count and 400 

FLOPs—specifically, its parameter count exceeds that of RetinaNet and YOLOv10m, and its 401 

FLOPs surpass those of RetinaNet, EfficientDet, and YOLOv5m—it demonstrates a commanding 402 

advantage in Precision, Recall, mAP50, and mAP50:95. Furthermore, when compared with 403 

YOLOv8m, YOLO11m, and YOLOv12m, MDGL-DETR not only requires lower computational 404 

costs but also achieves superior accuracy metrics. 405 

Tab. 3  Results of The Object Detection Model Comparison Experiment 406 

Model P(%) R(%) mAP50(%) mAP50:95(%) Params(M) FLOPs(G) 

RT-DETR 85.10 79.42 85.78 57.86 19.878180 57.0 

RetinaNet 64.83 65.63 65.33 39.20 12.868190 39.0 

EfficientDet 57.64 51.90 52.13 29.20 20.551550 41.1 

YOLOv5m 84.47 81.43 86.08 57.86 20.869098 47.9 

YOLOv8m 87.27 78.26 86.93 59.16 25.842655 78.7 

YOLOv10m 86.96 79.02 86.97 59.73 15.316063 58.9 

YOLO11m 86.14 80.19 87.84 59.81 20.033887 67.7 

YOLOv12m 85.55 81.26 87.68 59.26 20.108767 67.1 

MDGL-DETR 88.85 82.41 89.09 60.62 18.936650 54.5 

To provide a more intuitive visualization of the performance differences between the improved 407 

RT-DETR model and other comparative models in apple leaf disease detection, a subset of 408 

detection results from the test set was selected for analysis. The confidence threshold was set to 409 

0.40 to mitigate false detections. The detection results of the various models are illustrated in 410 

Figure 8. 411 
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 412 

Fig. 8 Comparison of Detection Performance across Different Models. 413 

4 Conclusion 414 

To address the challenges associated with apple leaf disease detection in natural environments—415 

specifically, the diversity of disease phenotypes, the difficulty of multi-scale feature extraction, 416 

and strong background interference—this study proposes three improvement strategies based on 417 

the RT-DETR model. First, the MSDA-CRA module was designed to enhance multi-scale feature 418 

representation through a multi-scale dilated asymmetric structure combined with channel 419 

reduction attention. Second, the DSAC module was introduced, utilizing shift convolution and 420 

SoftPool to dynamically focus on disease region features. Third, the GLCF module was 421 

constructed to achieve the cross-path fusion of local texture and global semantic information. 422 
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The results indicate that the synergistic interaction of these three improvements enables the model 423 

to achieve an mAP50 of 89.09% (an increase of 3.31% over the original RT-DETR), while 424 

reducing the parameter count to approximately 18.94 M (a decrease of 4.74% compared to the 425 

original RT-DETR). Compared with mainstream object detection models such as RetinaNet and 426 

YOLOv8m, MDGL-DETR exhibits significant advantages across all accuracy metrics and 427 

achieves optimal comprehensive performance, providing a novel solution for the efficient 428 

detection of apple leaf diseases. This study offers valuable references for the real-world 429 

deployment of disease identification technologies in smart agriculture. Future work will further 430 

explore lightweight deployment and the generalization capabilities of the model for detecting 431 

diseases in other crops. 432 
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