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MDGL-DETR: An Efficient Method for Detecting
Apple Leaf Diseases by Integrating Global and Local Features

Guoli Wang,” Yong Ye,” Tao Luo?

2Anhui Agriculture University, School of Information and Artificial Intelligence, Computer Science and

Technology, Hefei 230001, China

Abstract. To address challenges such as diverse apple leaf disease phenotypes, high background similarity, and
complex natural environments, this study proposes an improved MDGL-DETR model based on RT-DETR, aiming to
enhance both the accuracy and efficiency of apple leaf disease detection. First, a Multi-Scale Dilated Asymmetric
structure combined with Channel Reduction Attention is designed to strengthen extraction capabilities for multi-scale
and global features while reducing computational costs. Second, a Directional Shift Adaptive Context module is
proposed, which utilizes shift convolution and SoftPool to dynamically focus on disease regions and suppress
redundant background interference. Finally, a Global-Local Collaborative Fusion module is constructed to facilitate
efficient interaction between local texture and global semantic information, thereby reinforcing feature representation
capabilities. Experimental results indicate that the MDGL-DETR model achieves an mAP50 of 89.09%, an increase
of 3.31% over the original RT-DETR, while reducing the computational load by 4.39%. Comprehensive evaluations
show that the model outperforms other object detection models. The proposed MDGL-DETR provides a novel solution

for the efficient detection of apple leaf diseases.
Keywords: Object Detection, RT-DETR, Apple Leaf Disease, Attention Mechanism, Feature Fusion.
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1 Introduction

China is the world's largest producer and consumer of apples [1]. As a key pillar of China's
agriculture, the apple industry plays a pivotal role in fostering regional economic development and
ensuring the sustained growth of farmers' income. Statistics indicate that in recent years, China's
apple production has maintained a high volume and exhibited a steady growth trend; this serves as
a powerful testament to the diligent labor of countless farmers and the vigorous development of

the industry as a whole. However, leaf diseases represent a prevalent issue during the growth cycle,
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frequently exerting severe adverse effects on apple yield and quality. This phenomenon not only
incurs substantial economic losses for farmers but also has a direct bearing on national food safety
and the quality of life for consumers. Consequently, the efficient and accurate identification of
apple leaf diseases is of paramount importance [2].

Currently, the discovery and detection of crop leaf diseases in China rely heavily on manual
inspection [3]. This approach is not only time-consuming and labor-intensive but also suffers from
low identification accuracy, hindering timely intervention and loss mitigation. With the advent of
deep learning theories, the utilization of object detection for the automatic identification and
diagnosis of crop leaf diseases has gradually evolved into a mature approach. In 2014, the R-CNN
algorithm [4] pioneered the integration of deep learning into object detection. Building upon the
R-CNN framework, classic algorithms such as Faster R-CNN [5] and Mask R-CNN [6] were
subsequently developed. Gong et al. optimized the Faster R-CNN model by introducing the
advanced Res2Net and Feature Pyramid Network (FPN) architectures as the feature extraction
backbone, combined with the Soft-NMS algorithm, thereby improving the identification accuracy
of apple leaf diseases [7]. Hou et al. proposed a deep learning model named FPN-Inception
Squeeze-and-Excitation ResNet-Faster R-CNN, which enhanced the recognition performance for
apple leaf diseases [8].

The YOLO (You Only Look Once) algorithm represents a highly efficient approach in the field of
object detection, with its core advantage lying in its capability for end-to-end real-time detection.
Yan et al. proposed an adaptive feature enhancement module based on the YOLOvS8s model, which
strengthened the feature extraction capability for apple leaf diseases [9]. Xu et al. reduced model
complexity while maintaining detection accuracy by incorporating MobileNet-V3s basic modules
into the backbone network and integrating the Coordinate Attention (CA) mechanism. This
approach enabled the real-time, accurate, and lightweight detection of apple leaf diseases [10].
Yang et al. introduced SPD-Conv to replace traditional strided convolution within the backbone
of the YOLOVS algorithm, providing a high-precision solution for maize leaf disease detection
[11]. However, the two-stage architecture of the R-CNN series results in slow inference speeds,
high computational resource consumption, and elevated deployment costs. Conversely, the YOLO
series algorithms possess limited capability in capturing detailed information and exhibit

insufficient global feature modeling abilities in complex backgrounds.
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To address the technical bottlenecks inherent in the aforementioned algorithms, the Transformer
architecture has achieved new breakthroughs in the field of object detection, leveraging its unique
self-attention mechanism and global context modeling capability. The core advantage of the
Transformer architecture lies in its ability to transcend the limitations of the local receptive fields
characteristic of traditional CNNs. Through the self-attention mechanism, it enables the model to
directly capture semantic associations between arbitrary positions within an image. This global
modeling capability remedies the inadequacy of YOLO algorithms regarding feature modeling in
complex backgrounds, while its end-to-end prediction paradigm circumvents the complicated
multi-stage processing workflows associated with the R-CNN series.

Representative of this approach, the DETR (Detection Transformer) [12] algorithm pioneered the
application of the Transformer architecture to object detection. By utilizing an encoder-decoder
structure to directly predict object sets, it completely eliminated the need for anchor designs.
Building upon the original DETR architecture, the Baidu PaddlePaddle team developed the RT-
DETR (Real-Time DETR) [13] algorithm, which maintains high accuracy while significantly
enhancing real-time processing capabilities. Subsequently, Li et al. introduced the P2 detection
head and dynamic convolution, improving the efficiency of litchi leaf disease detection[14]. Liu
et al. proposed the CSP-OmniKernel module and the VariableFocalLoss function to optimize RT-
DETR, demonstrating excellent performance in the detection of rice pests and diseases [15].
Furthermore, Bao et al. proposed embedding a dynamic multi-feature fusion module into RT-
DETR to enhance the model's adaptability to variations in the size of wheat scab lesions [16].
While the aforementioned improvements to RT-DETR have enhanced detection accuracy or
reduced model complexity to a certain extent, there remains room for optimization. Moreover,
these modifications were not specifically tailored for the scenario of apple leaf disease detection.
In the context of detecting apple leaf diseases in natural environments, the diversity of diseases
results in significant variations in phenotypic characteristics. Distinct diseases exhibit marked
differences in their visual manifestations on leaves, including variations in color, shape, size, and
edge texture. Even within the same disease category, morphological presentation varies across
different growth stages. Furthermore, the complexity of the natural environment cannot be
overlooked; factors such as illumination variations, the randomness of leaf orientation, and
background noise interference further exacerbate the difficulty of feature extraction for the model.

Addressing these challenges, this study utilizes RT-DETR as the baseline model and proposes



93  specific improvements, aiming to enhance both the accuracy and efficiency of apple leaf disease
94 detection.
95

96 2 Materials and Methods

97 2.1 Experimental Dataset

98  The apple leaf disease dataset used in this study was constructed by combining the FGVCS8 Plant
99  Pathology 2021 dataset and the AppleLeaf9 public dataset [17]. Following manual screening to
100  remove images with severe overexposure, defocus blur, or other significant quality issues, a total
101  of 5,147 disease images were retained.
102 The dataset includes 1,202 images of Alternaria leaf spot (Alternaria alternata f. sp. malicorticis),
103 795 images of grey spot (Phyllosticta solitaria), 1,146 images of powdery mildew (Podosphaera
104 leucotricha), 1,118 images of rust (Gymmnosporangium yamadae), and 886 images of scab
105  (Venturia inaequalis).
106  All images were resized to 640x640 pixels and annotated using the X-AnyLabeling software

107  (version 2.5.4). An example of the annotation process is shown in Figure 1.
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108
109 Fig. 1 Annotation of Apple Leaf Diseases Dataset.
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To improve model generalization, data augmentation was performed on all images to expand the
dataset. Simultaneously, to prevent data leakage, a strategy of "splitting before augmenting" was
adopted. To ensure that the number of original images for each disease category in both the
validation and test sets exceeded 100—thereby avoiding bias issues and high volatility in
evaluation results—the images for each disease were partitioned into training, validation, and test
sets according to a 7:1.5:1.5 ratio.

The resulting training set contained 3,601 images (Alternaria leaf spot: 841, Grey spot: 555,
Powdery mildew: 802, Rust: 782, Scab: 621); the validation set comprised 772 images (Alternaria
leaf spot: 180, Grey spot: 120, Powdery mildew: 172, Rust: 168, Scab: 132); and the test set
consisted of 774 images (Alternaria leaf spot: 181, Grey spot: 120, Powdery mildew: 172, Rust:
168, Scab: 133). Subsequently, data augmentation was applied to all images within the training,
validation, and test sets. For each image, brightness, saturation, and contrast were first adjusted
(increased or decreased), followed by the random addition of Gaussian noise, salt-and-pepper
noise, shadows, or occlusions. A comparison before and after augmentation is shown in Figure 2.
To prevent overfitting and ensure data consistency, each image was subjected to data augmentation
exactly once.

e‘

Original imag

Generated imagé‘_

o . f’; v “' prn ‘
Alternaria leaf spot Grey spot Powdery mildew

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

The resulting final dataset comprises a total of 10,294 images. This includes 7,202 images in the
training set (Alternaria leaf spot: 1,682; Grey spot: 1,110; Powdery mildew: 1,604; Rust: 1,564;
Scab: 1,242), 1,544 images in the validation set (Alternaria leaf spot: 360; Grey spot: 240; Powdery
mildew: 344; Rust: 336; Scab: 264), and 1,548 images in the test set (Alternaria leaf spot: 362;
Grey spot: 240; Powdery mildew: 344; Rust: 336; Scab: 266).
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Regarding annotations, the dataset contains a total of 50,254 bounding boxes. These are distributed
as follows: 34,358 in the training set (Alternaria leaf spot: 7,920; Grey spot: 4,280; Powdery
mildew: 2,732; Rust: 7,350; Scab: 12,076); 8,884 in the validation set (Alternaria leaf spot: 1,804;
Grey spot: 1,180; Powdery mildew: 664; Rust: 1,660; Scab: 3,576); and 7,012 in the test set
(Alternaria leaf spot: 1,706; Grey spot: 612; Powdery mildew: 604; Rust: 1,606; Scab: 2,484).

2.2 RT-DETR

The RT-DETR architecture comprises three main components: a Backbone, a Hybrid Encoder,
and a Transformer Decoder with auxiliary prediction heads. The Backbone extracts visual features
from input images and provides feature representations for subsequent interaction and fusion
stages. The Hybrid Encoder consists of two modules: the Attention-based Intra-scale Feature
Interaction (AIFI) module and the Cross-scale Feature Fusion Module (CCFM). The AIFI applies
a lightweight self-attention mechanism to capture local details while reducing computational
redundancy. The CCFM integrates multi-scale features (e.g., S3, S4, and S5) through a fusion
block to enable multi-scale feature representation. The Decoder takes the encoded feature sequence
as input and produces final detection results through iterative refinement of object queries. Unlike
conventional object detection frameworks, the RT-DETR Decoder directly predicts non-
overlapping bounding boxes without relying on Non-Maximum Suppression (NMS), thereby

simplifying the detection pipeline and reducing inference latency.

2.3 MDGL-DETR

ResNet[18] serves as the default backbone network for RT-DETR. Considering the real-time
requirements of apple leaf disease detection and the limited size of the dataset used in this study,
employing deeper backbone networks (e.g., ResNet50 or ResNet101) would substantially increase
computational cost and potentially increase the risk of overfitting. Therefore, ResNet18 is selected
as the backbone network in this work.

Although RT-DETR achieves competitive real-time performance, its detection accuracy remains
limited when applied to complex natural scenarios of apple leaf disease detection. To address these
limitations, this study introduces several targeted architectural optimizations based on the RT-
DETR framework. Specifically, (1) a Multi-Scale Dilated Asymmetric (MSDA) structure
combined with a Channel Reduction Attention (CRA)[19] mechanism is integrated into the
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BasicBlock of ResNetl8; (2) a Directional Shift Adaptive Context (DSAC) module is employed
to modify RepC3; and (3) a Global-Local Collaborative Fusion (GLCF) module is constructed to
facilitate joint modeling of local and global information. The resulting model is referred to as

MDGL-DETR, and its overall architecture is illustrated in Figure 3
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Fig. 3 RT-DETR Model Structure and MDGL-DETR Model Structure.

2.3.1 MSDA-CRA

To address the large variation in the spatial scales of apple leaf diseases—ranging from localized
spots to whole-leaf infections—the representational capacity of ResNetl8 is limited when
modeling features across diverse scales. Conventional approaches often adopt multi-branch
convolutional structures with different kernel sizes to enhance multi-scale feature representation;
however, such designs typically introduce substantial parameter and computational overhead.

To achieve efficient multi-scale feature extraction with limited computational cost, this study
proposes a Multi-Scale Dilated Asymmetric (MSDA) structure and integrates it with a Channel
Reduction Attention (CRA) mechanism, forming the MSDA-CRA module. By embedding
MSDA-CRA into the BasicBlock of ResNet18, an MSDA-CRA Block is constructed, as illustrated
in Figure 4.

The MSDA module employs a lightweight multi-branch architecture for multi-scale feature
extraction. Input features are first compressed along the channel dimension using a 1x1
convolution to reduce computational complexity. Four parallel branches are then applied. In each
branch, a standard 3%3 convolution is decomposed into sequential 1x3 and 3x1 asymmetric

convolutions to reduce computational cost while preserving the effective receptive field. Based on
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this structure, dilated convolutions with different dilation rates (1, 2, 4, and 8) are introduced to
expand the receptive field without increasing parameter count, enabling the extraction of features
with varying contextual ranges. Depthwise separable convolutions are adopted to further reduce

computational overhead.

(=
| —_— — & dilation=1

BN&ReLU

H{ DWConvx3 ]—-[ DWCony3xI }

- =
i {EHE- ) (0o )
CRA E = ¢ ‘-
i ‘ = = —*[ DWConv1x3 ]—-[ DWConv3xI }
N {’\ . dilation=4 /
N - L/ | .
ReLU v \
L dilation=8 J
MSDA-CRA Block MSDA-CRA MSDA

Q(Nx1) :
Channel Reduced Attention Map(N'xN)
Linear Projeciotn Batch
K(N'x1) Matn:x-!\"[at:rix SoftMax
Channel Reduced Multiplication
Linear Projeciotn

V(N'xC)
| Batch NxC
Linear Projeciotn ]—'D:IE Matrix-Matrix
Multiplication
(11T

CRA
Fig. 4 MSDA-CRA Block Structure.

After multi-branch feature extraction, the outputs are concatenated and combined with a shortcut
projection implemented via a 1x1 convolution. The CRA module is then applied to recalibrate
channel-wise feature responses. CRA follows a Query-Key-Value formulation, where the Query
is derived from spatial feature representations and the Key and Value are obtained from globally
pooled channel features. To reduce computational cost, the channel dimensions of Query and Key
are projected into a lower-dimensional space, allowing efficient modeling of channel-wise
dependencies. Finally, a residual connection is employed to integrate the recalibrated features with

the input features.

2.3.2DSAC

The RepC3 component within RT-DETR applies uniform convolution operations across every
position of the input feature map, thereby lacking the capability to discriminate the importance of

different regions. In the context of apple leaf disease detection, disease lesions often occupy only
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a minor fraction of the image. However, RepC3 treats features from disease regions and
background regions indiscriminately, failing to dynamically adjust weights according to regional
importance. This results in the features of small disease spots being overshadowed by background
noise, while redundant background features, such as leaf texture, are erroneously amplified. To
address this issue, this study proposes the Directional Shift Adaptive Context (DSAC) module to
improve RepC3, creating the DRepC3 module.
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Fig. 5 DRepC3 Structure.
As illustrated in Figure 5 Shift Convolution [20] is introduced within the DSAC module.

Compared to traditional convolution methods, Shift Convolution realizes the convolution process
through strategic shift operations, enabling the simulation of spatial relationship modeling for
features. Specifically, for an input feature map X € RFXWXC (where C denotes the channel count
, and H and W denote height and width, respectively), Shift Convolution divides the channels C
evenly into 5 groups. Each group contains g=C/5 channels. A shift operation is performed
separately on each of the 5 feature map groups X; € RFXWX9(i = 1,2,3,4,5). The pixel offset for
the shift operation is implemented via a predefined 3 X3 sparse convolution kernel with an offset
magnitude of 1 pixel. For each feature map group X; , the convolution kernel is set to 1 only at the
single position corresponding to the specific offset direction (left, right, up, down, or identity),
while all other positions are set to 0. This sparse kernel renders the convolution operation
equivalent to directly copying pixel values from neighboring positions in the feature map, thereby

simulating a pixel translation effect.
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X1t = shift(X,,direction = left)
X9 = shift(X,, direction = right)
X3 = shift(Xs, direction = up) )
XZown = shift(X,, direction = down)

identity __
Xe = Xs

These shifted feature maps are concatenated along the channel dimension to obtain Xgp;fteq €
RP*WXC Finally, a 1 X 1 convolution is applied to Xgp;rreq for channel fusion, resulting in the
output feature map Xg € RF*W*Cout (where Cout is the number of output channels). This shift
operation is due to the relative positional relationships between different regions in the feature
map, thereby better adapting to the feature discrepancies between disease regions and other
regions. SoftPool [21] calculates the relative importance of each pixel within a local region via
Softmax weighting. It computes the importance value of a pixel x within its surrounding area
according to Equation (2), enabling the model to automatically learn the importance of every

position in the feature map.
10Ny = Tkev Tiev, 5= %i 2)

ZjEUk e

Where U is the neighborhood centered at x, x; is the value of the i-th pixel within region U, x;
represents the indices of all pixels in region U, and /(X)|: is the importance value of pixel x within
neighborhood U.
After the input feature map undergoes preliminary processing via Shift Convolution, the channel
count is reduced using a 1x1 convolution. Subsequently, global pooled features are acquired
through the parallel application of SoftPool operations at different scales and depthwise separable
convolutions. These are then fused to obtain a multi-scale importance map:
Xs, = Sconv(X)

s (Xs,) = F (Iwa(Xs, ) Ises (Xs, ), Irxr (s, ) ) (3)
Where X is the input feature map, Sconv represents the shift convolution operation, Xg is the feature
map concatenated after shifting, F denotes the fusion operation, and I, (X 51) is the multi-scale
importance map. Through the Sigmoid activation function and bilinear interpolation, the multi-
scale importance map is normalized into a probability distribution and restored to the same spatial

dimensions as X , thereby yielding the attention weight map:

Amap =¥ (7 (ns(Xs,))) @
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Where Ay qp is the attention weight map, o(*) is the Sigmoid activation function, and y(-)
denotes bilinear interpolation. The attention weight map reflects the importance of each position
in the feature map; features in disease regions are enhanced due to higher weights, while features
in other regions are suppressed due to lower weights. Simultaneously, a residual connection is
employed to prevent the loss of critical disease features during the extraction process, facilitating
better learning of subtle variations in disease characteristics. Finally, the output feature map is
obtained after a second shift convolution. To avoid artifacts introduced by shift convolution and
bilinear interpolation, the Sigmoid function is used to process the input feature map, generating a
gating signal to further isolate disease-related features and reduce interference from irrelevant
information:

Y = Sconv (V(C’qmap + Xsl)) O a(X) (5)

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

2.3.3 GLCF

The detection of apple leaf diseases requires the simultaneous consideration of local texture
features (e.g., the shape and color of disease spots) and global semantic information (e.g., disease
distribution and the proportion of infection across the whole leaf). However, the existing RT-
DETR model exhibits deficiencies in collaboratively modeling local texture and global semantic
information. Furthermore, feature maps processed by the MSDA-CRA Block and DRepC3 module
lack an explicit interaction mechanism, which may result in feature redundancy or the
overshadowing of critical information. To address these issues, this study proposes the Global-
Local Collaborative Fusion (GLCF) module, designed to achieve the efficient fusion of local
information and global semantics, thereby fully leveraging information across different feature

hierarchies.

As illustrated in Figure 6, the GLCF module first utilizes a feature transformation layer,
employing a 1x1 convolution to normalize the input feature maps along the channel dimension;
this ensures that features from diverse sources are mapped into a unified feature space.
Specifically, input feature X is derived from the MSDA-CRA Block, representing global
features, while input feature Y originates from the DRepC3 module, representing local features.
Following the 1x1 convolution processing, input features X and Y are transformed into X; and Y,

respectively:

11
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X; = Convyx, (X)
Y, = Convy i, (Y) (6)

Where X € RI*WxC1 |y € REXWXC | x, € REXWXC " and Y; € RF*W*C (with Cy, Ca, and C
denoting channel counts, and H and W representing height and width, respectively). Conv; «;
denotes the 1 X1 convolution operation. The Local Spatial Attention (LSA) mechanism [22] is
applied to X; to obtain the spatially-enhanced feature Xzs4. Subsequently, Xis4 is added to Vi to

yield the new local feature F7:
Xisa = fisa(X)
F, = XisatY; (7)
Where F;, € RE*WXC "and f;54 represents the application of the LSA mechanism. This operation
leverages the spatial information of global features to guide local features in focusing on critical
regions, thereby enhancing spatial consistency. Subsequently, global average pooling and global
max pooling are employed on X; to aggregate features, capturing inter-channel dependencies and
integrating global information. Softmax normalization is then utilized to generate channel
weights, resulting in features X, and X:
X, = Softmax(Avg(X;))
Xm = Softmax(Max(X;)) (8)
Where X, € R*1*¢ X € R*1XC; Avg denotes global average pooling, Max denotes global
max pooling, and Softmax denotes Softmax normalization. The sum of X, and X, is applied to
F1, using the semantic importance of global features to dynamically adjust the channel weights
of local features. This highlights disease-related features and suppresses irrelevant noise,
yielding F:
F=F O X+ Xn) (9)
Where F; € RE*WXC Additionally, the High Frequency Enhancement (HFE) mechanism is
applied to F; to reinforce high-frequency information. This result is added to X; to obtain F>,
mitigating the detail blurring inherent in global features and improving the discriminability
between background and disease regions:
Fy = furp(FL) + X; (10)
Where furre represents the application of the HFE mechanism. Finally, F; and F are
concatenated and processed through a 3x3 convolution to obtain the output feature F:
F = Convsy3(Concat(Fy, F,)) (11)

12
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Where F € RIF*WXC | Concat denotes the concatenation operation, and Convs «; denotes the 3 X 3
convolution. By integrating LSA, HFE, and pooling operations, the GLCF module achieves a
synergistic fusion where global features provide spatial context guidance while local features
contribute disease details, enabling the model to simultaneously attend to local nuances and global
semantic information.

The LSA and HFE mechanisms act as critical components of the GLCF module. The LSA
mechanism extracts local spatial features via depthwise separable convolutions, reorganizes
features through cascaded convolution operations, maintains information integrity using residual
connections, and finally enhances key local regions via a spatial attention mask. Specifically, it
sequentially employs 1x1 convolutions and 3%3 depthwise separable convolutions three times: the
first iteration performs preliminary extraction of local spatial features; the second captures more
complex local features; and the third generates an adaptive local attention mask to focus on critical
regions. Subsequently, a 1x1 convolution maps the features back to the original channel count,
and the input features are weighted by the mask to efficiently aggregate local spatial information.
The primary objective of the HFE mechanism is to reinforce the high-frequency information of
the feature maps. It first employs global average pooling to perform a smoothing operation,
yielding the low-frequency information. Next, the high-frequency information is obtained by
subtracting the smoothed feature map from the original input feature map. Finally, convolution

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

information.
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Fig. 6 GLCF Structure.
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3 Results and Analysis

3.1  Experimental Platform, Parameters, and Evaluation Metrics

The experiments in this study were conducted on a cloud server platform. The hardware
environment consisted of a 16-core CPU (Xeon(R) Platinum 8352V), 120 GB of RAM, and an
NVIDIA RTX 4090 GPU with 24 GB of video memory. The software environment included the
Ubuntu 22.04 operating system, Python 3.8.16, CUDA 11.7, and PyTorch 1.13.1.

The training parameters were configured as follows: the input resolution was set to 640x640 pixels,
the number of epochs was 300, the batch size was 4, and the learning rate was set to le-4. The
AdamW optimizer was employed for training. To prevent overfitting and reduce training time, an
early stopping mechanism was implemented to automatically terminate the training process if the
model evaluation metrics showed no improvement over 50 consecutive epochs.

To assess model performance, standard evaluation metrics for object detection were adopted,
including Precision (P), Recall (R), mean Average Precision (mAP), the number of Parameters

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

3.2 Ablation Studies

This study evaluates the optimization effects of the proposed improvement strategies on the RT-
DETR model through systematic ablation experiments. The experimental design adopts a multi-
stage verification scheme: initially, the original, unmodified RT-DETR model serves as the
baseline control group. Subsequently, the individual contribution of each of the three improvement
strategies is verified sequentially. Following this, the strategies are integrated in a stepwise manner
until all three are incorporated into the RT-DETR model. The cumulative effects of different
strategy combinations on model performance are then analyzed based on various evaluation
metrics. Through this controlled experimental approach, the study systematically reveals both the
independent efficacy and the synergistic mechanisms of each improvement strategy.

As presented in Table 1, A denotes the replacement of the BasicBlock with the MSDA-CRA
Block; B represents the improvement of RepC3 using the DSAC module; and C indicates the
introduction of the GLCF module into the model.

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

of the MSDA-CRA module resulted in a 1.09% increase in mAP50, while the number of
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parameters and FLOPs decreased by 14.60% and 12.98%, respectively. This improvement is
attributable to the MSDA-CRA module's ability to enhance multi-scale feature extraction while
simultaneously maintaining computational efficiency. When both the MSDA-CRA and DSAC
modules were employed, mAP50 increased by 1.85%, demonstrating that the DSAC module
effectively improves the model's detection accuracy.

With the simultaneous integration of all three improvement strategies, the global features extracted
by the MSDA-CRA module provided richer disease representations for the DSAC module, while
the GLCF module reinforced semantic associations between features by coordinating global and
local information. Consequently, the model's Precision, Recall, mAP50, and mAP50:95 increased
by 3.75%, 2.99%, 3.31%, and 2.76%, respectively. Furthermore, the parameter count and FLOPs
were reduced by 4.74% and 4.39%, respectively, indicating that the optimized model

comprehensively outperforms the baseline across all metrics.

Tab. 1 Results of Ablation Experiments

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

Heatmaps visualize the specific regions a model focuses on during image processing, with redder
areas indicating higher attention levels. To facilitate a clearer comparison of the accuracy between
the original RT-DETR model and the MDGL-DETR model in detecting apple leaf diseases, this
study utilized Grad-CAM++ [23] to generate heatmaps for both models.

As illustrated in Figure 7, the original RT-DETR model exhibits insufficient precision in attending
to disease regions. It suffers from issues such as relatively low heatmap activation in certain disease
areas and the diffusion of heat density into non-diseased leaf regions, which obscures the precise
boundaries of the lesions. In contrast, the improved model demonstrates significantly more focused

attention on critical disease features.
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Fig. 7 Results of The Heatmap Comparison.

3.4 Comparative Experiment of Backbone Networks

To validate the efficacy of the MSDA-CRA module, this study conducted training by replacing
the ResNet18 backbone of the RT-DETR model with EfficientViT [24], FasterNet [25], LSKNet
[26], RepViT [27], and SwinTransformer [28], respectively.

As presented in Table 2, the model in which the BasicBlock was replaced by the MSDA-CRA
Block achieved the optimal comprehensive performance. Specifically, while models utilizing
EfficientViT, FasterNet, LSKNet, and RepViT as backbones exhibited lower parameter counts and
FLOPs, their accuracy metrics declined across the board compared to the default ResNetl8
backbone. Conversely, the model employing SwinTransformer as the backbone resulted in a
substantial increase in parameters and FLOPs yet yielded no significant improvement in accuracy
metrics. In contrast, the model integrating the MSDA-CRA Block not only reduced parameters
and FLOPs compared to ResNetl8 but also demonstrated significant improvements across all

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

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 272
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

To demonstrate the advanced performance of the proposed algorithm, it was evaluated against
several state-of-the-art object detection models, including RetinaNet [29], EfficientDet [30],
YOLOvV5m, YOLOv8m, YOLOv10m [31], YOLO11lm, and YOLOv12m [32].

As presented in Table 3, although MDGL-DETR did not achieve the lowest parameter count and
FLOPs—specifically, its parameter count exceeds that of RetinaNet and YOLOv10m, and its
FLOPs surpass those of RetinaNet, EfficientDet, and YOLOv5m—it demonstrates a commanding
advantage in Precision, Recall, mAP50, and mAP50:95. Furthermore, when compared with
YOLOvV8m, YOLO11m, and YOLOvV12m, MDGL-DETR not only requires lower computational

costs but also achieves superior accuracy metrics.

Tab. 3 Results of The Object Detection Model Comparison Experiment

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 479
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
YOLOvI2m 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
RT-DETR model and other comparative models in apple leaf disease detection, a subset of
detection results from the test set was selected for analysis. The confidence threshold was set to
0.40 to mitigate false detections. The detection results of the various models are illustrated in

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

4 Conclusion

To address the challenges associated with apple leaf disease detection in natural environments—
specifically, the diversity of disease phenotypes, the difficulty of multi-scale feature extraction,
and strong background interference—this study proposes three improvement strategies based on
the RT-DETR model. First, the MSDA-CRA module was designed to enhance multi-scale feature
representation through a multi-scale dilated asymmetric structure combined with channel
reduction attention. Second, the DSAC module was introduced, utilizing shift convolution and
SoftPool to dynamically focus on disease region features. Third, the GLCF module was

constructed to achieve the cross-path fusion of local texture and global semantic information.
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The results indicate that the synergistic interaction of these three improvements enables the model
to achieve an mAP50 of 89.09% (an increase of 3.31% over the original RT-DETR), while
reducing the parameter count to approximately 18.94 M (a decrease of 4.74% compared to the
original RT-DETR). Compared with mainstream object detection models such as RetinaNet and
YOLOv8m, MDGL-DETR exhibits significant advantages across all accuracy metrics and
achieves optimal comprehensive performance, providing a novel solution for the efficient
detection of apple leaf diseases. This study offers valuable references for the real-world
deployment of disease identification technologies in smart agriculture. Future work will further
explore lightweight deployment and the generalization capabilities of the model for detecting

diseases in other crops.
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