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Abstract: Maize is one of the most important global crops. It is highly susceptible to
diseases during its growth process, meaning that the timely detection and prevention of
maize diseases is critically important. However, simple deep learning classification tasks do
not allow for the accurate identification of multiple diseases present in a single leaf, and the
existing RT-DETR (Real-Time Detection Transformer) detection methods suffer from issues
such as excessive model parameters and inaccurate recognition of multi-scale features on
maize leaves. The aim of this paper is to address these challenges by proposing an improved
RT-DETR model. The model enhances the feature extraction capability by introducing
a DAttention (Deformable Attention) module and optimizes the feature fusion process
through the symmetry structure of spatial and channel in the SCConv (Spatial and Channel
Reconstruction Convolution) module. In addition, the backbone network of the model is
reconfigured, which effectively reduces the parameter size of the model and achieves a
balanced symmetry between the model precision and the parameter count. Experimental
results demonstrate that the proposed improved model achieves an mAP@0.5 of 92.0% and
a detection precision of 89.2%, representing improvements of 7.3% and 8.4%, respectively,
compared to the original RT-DETR model. Additionally, the model’s parameter size has
been reduced by 18.9 M, leading to a substantial decrease in resource consumption during
deployment and underscoring its extensive application potential.

Keywords: maize diseases; RT-DETR; deformable attention mechanism; object detection;
SCConv; light-weight model

1. Introduction
The adjustment of China’s agricultural planting structure and changes in cultivation

methods have led to an acceleration in the breeding of maize varieties and a rapid expansion
in the planting area. Concurrently, there has been an increase in the occurrence of maize
diseases [1]. Changes in maize production environments and climate have led to shifts in
the patterns of some major diseases, with some minor diseases becoming major threats,
causing increasing harm nationwide or in specific regions [2]. Some diseases that had been
under control have made a comeback, and new diseases have emerged, posing serious
threats to the safety of maize production [3,4]. Conventional disease detection methods
are time-consuming, labor-intensive, and highly subjective, resulting in low production
efficiency. The rapid development of computer technology has led to increased attention
being paid to the use of image processing techniques for automatic pest and disease
identification. During the 21st century, there has been a proliferation of research on disease
diagnosis based on computer vision and machine learning [5,6]. Some maize leaves will
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simultaneously suffer from a variety of diseases and a simple classification task cannot
accurately identify the infection of the leaf, so the target detection model selected for the
identification of maize leaf diseases should be able to effectively identify the different types
of diseases existing in a leaf, which will help in the timely and effective management of
maize diseases.

Machine learning methods for extracting features are complex, in contrast to a convo-
lutional neural network (CNN), which has stronger feature extraction capabilities and can
significantly enhance detection accuracy and efficiency. The application of deep learning in
crop disease detection has seen significant advancements in artificial intelligence. For in-
stance, Yao et al. [7] selected the VGGNet16 model for efficient identification of wheat pests
and diseases, employing a gradual learning rate and transfer learning strategy for training,
and they achieved a final accuracy of 95%. In subsequent research [8], the NLCBAM-
VGGNet16 model was designed, attaining an identification accuracy of 97.57%, achieving
high-precision recognition of common winter wheat pests and diseases. Sibiya et al. [9] pro-
posed an optimized CNN model for the identification of maize leaf diseases, captured
using smartphones. The model has been shown to accurately distinguish between maize
leaf blight, common rust, and grey leaf spot, achieving an accuracy of 92.85%. In a similar
vein, Saleem et al. [10] utilized TensorFlow and Keras to train a deep learning model on the
PlantVillage dataset, encompassing 26 plant diseases. The Xception architecture attained
optimal accuracy and F1 scores on the validation set for all models tested. These improve-
ments effectively enhance the detection accuracy of the model, but not much research has
been carried out on the detection speed and processing time of the model, which cannot be
easily applied to hardware deployment.

To enhance the model’s detection speed and processing efficiency, Chen et al. [11] pro-
posed a CNN-based maize plant disease recognition model that integrates data augmenta-
tion and transfer learning techniques, achieving an average recognition accuracy of 96.6%.
Compared to a single CNN, the accuracy improved by 25.6% and the processing time per
frame was reduced to 0.28 s, almost 10 times faster. Sun et al. [12] proposed a multi-scale
feature fusion SSD algorithm that improved the mAP for maize northern leaf blight from
71.80% to 91.83% through data pre-processing and feature fusion, meeting real-time detec-
tion standards. Liang et al. [13] proposed a maize pest detection algorithm based on an
improved YOLO-v8n, which achieved a detection mean average precision (mAP) of 94.8%
at 171 frames per second. Through these studies, the detection speed and processing time
of the model have been significantly improved, but the traditional convolutional neural
network model is prone to miss detection and produce false detection when targeting some
multi-scale targets [14]. Chen et al. [15] pointed out that the convolutional kernels of CNNs
have limited receptive fields, making it difficult to capture long-range information, which
is crucial for object detection in complex scenarios. In contrast, Transformer architectures
excel at modeling long-range dependencies.

In recent years, object detection models based on the Transformer architecture have
provided a new approach to object detection through attention mechanisms for processing
image data. Their advantage lies in a better understanding of the relationships between dif-
ferent parts of an image, such as the DETR [16] (Detection Transformer) method. Compared
to R-CNN and YOLO (You Only Look Once) methods, DETR uses query vectors as soft
anchors to locate targets, eliminating complex post-processing and parameter tuning steps.
Moreover, researchers have proposed Deformable DETR [17] and RT-DETR [18] (Real-Time
Detection Transformer) and DETR-based models have gradually matured as object detec-
tion technologies. For example, Wang et al. [19] proposed the PDSI-RTDETR model based
on the RT-DETR framework to address the problem of tomato ripeness detection. The
improved model achieved a 3.9% increase in mAP@50 compared to the original RT-DETR
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model. Xu et al. [20] proposed a small-object detection algorithm, DCEI-RTDETR, for
detecting indicators in data center equipment rooms. Compared with the original RT-DETR
algorithm, it improved mAP@50 by 4.2% and mAP@50:95 by 2.1%. These studies demon-
strate the strong application potential of the RT-DETR model. However, RT-DETR models
perform poorly when dealing with multi-scale features and face significant challenges in
model light-weighting.

The problems of low model accuracy due to the influence of multi-scale features in the
process of maize leaf disease identification need to be solved, and the existing models are
incapable of balancing the accuracy, detection speed, and the number of parameters well.
Based on the RT-DETR framework, this paper introduces Deformable Attention [21] to
capture richer disease feature information, which improves the model’s ability to extract
multi-scale disease features. By introducing SCConv [22] (Spatial and Channel Recon-
struction Convolution) in the feature fusion module, the model improves the effective
fusion of multi-scale disease features, thereby reducing the miss rate for small targets.
In addition, this paper redesigns the backbone network of the model and introduces the
light-weight QARepVGG [23] (Quantization Aware RepVGG) module to reduce redundant
computations and reduce the parameter size of the model. Therefore, this paper proposes
an improved RT-DETR model for multiple types of maize leaf disease detection, which aims
to increase the model’s detection accuracy by improving the multi-scale disease feature
extraction process, while reducing the model’s parameter size and resource consumption.

2. Materials and Methods
2.1. Baseline Model

RT-DETR is a real-time, end-to-end object detection model that demonstrates compara-
ble speed to YOLO-v8 [24] in the same test environment, while achieving higher detection
accuracy and eliminating the need for Non-Maximum Suppression (NMS) algorithms.
The RT-DETR model consists of three main components: a backbone network, an efficient
hybrid encoder, and a decoder. The overall design ensures fast inference speed and low
computational complexity, as shown in Figure 1.

 

Figure 1. RT-DETR Module Diagram.

The backbone network uses a CNN to extract significant features from the image, with
modules of different levels of feature extraction serving as input to the next stage.

The efficient hybrid coder uses an Attention-based Intrascale Feature Interaction (AIFI)
module to extract local detail features and reduce computational load. To further optimize
the feature extraction process, the model integrates a Cross-scale Feature Fusion module
(CCFM) to fuse features from different scales.
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The decoder uses an Intersection over Union (IoU)-aware query selection mechanism
to select and optimize queries based on the IoU between predicted and target boxes. Finally,
the decoder iterative optimizes object queries through an auxiliary prediction head to
generate bounding boxes and confidence scores.

The design philosophy and structure of RT-DETR enables it to achieve high recognition
accuracy and strong real-time processing capabilities in object recognition tasks, effectively
improving recognition efficiency and accuracy without the need for NMS algorithms.

2.2. Dataset Preparation

The severity of maize diseases is influenced by variety, susceptibility, pathogens, and
external environmental conditions. Pictures of maize leaf diseases are shown in Figure 2.

    
(a) (b) (c) (d) 

Figure 2. Maize Leaf Disease Categories: (a) Gray Leaf Spot, (b) Northern Leaf Blight, (c) Northern
Leaf Spot, (d) Healthy Leaf.

The data for this experiment were obtained from the CD&S dataset [25] and PlantVil-
lage datasets [26]. After filtering and integrating a large number of national and interna-
tional maize leaf disease images from these datasets, a maize disease dataset was created
for this study. The dataset includes images of healthy maize leaves and three common
maize leaf diseases: grey leaf spot, northern leaf blight, and northern leaf spot. The three
diseases selected in the dataset are some of the most common maize diseases, which are
not only widespread in different climatic regions, but also their incidence and damage
are increasing year by year, which has a significant negative impact on maize yield and
quality. By collecting more disease datasets at a later stage, the model can be applied to
more diseases.

To meet the experimental requirements, the LabelImg tool was used to annotate the
target regions in the images, and the dataset was randomly divided into training, validation,
and test sets in a 7:2:1 ratio. This random division method effectively reduces potential
bias during data division, thereby improving the generalization ability of the model. The
composition of the dataset is shown in Table 1.

Table 1. Dataset Composition.

Category Training Set Test Set Validation Set

Gray Leaf Spot 996 288 139
Northern Leaf Blight 921 269 137
Northern Leaf Spot 805 216 119

Healthy Leaves 953 254 142
Total 3675 1027 537

2.3. Experimental Environment

Each batch of data samples was randomly drawn from the entire dataset. Training
small batches promotes the model’s ability to learn more generalizable features. Therefore,
the batch size for this experiment was set to 4 to ensure efficient and stable training.



Symmetry 2025, 17, 808 5 of 17

Appropriate training epochs are crucial for improving the generalization ability of the
model, that is, being able to perform well on unseen data. To avoid over-fitting and improve
model performance, the number of training epochs needs to be optimized based on the
performance of the validation set. Excessive training epochs not only lead to over-fitting
but also increase training time and computational cost. Therefore, in this experiment, the
number of training epochs was set at 200 to ensure good performance within a reasonable
time frame. For the choice of optimizer, the Stochastic Gradient Descent (SGD) optimizer
offers fast convergence, effective parameter updates, and optimization capabilities, along
with broad tuning potential. Therefore, this experiment adopted the SGD optimizer. The
specific training environment configuration is shown in Table 2.

Table 2. Training Environment Configuration.

Hyperparameter Setting

Training Batch Size 4
Training Epochs 200
Optimizer SGD SGD

Image Size 640 × 640
Operating System Windows11

Programming Language Python3.9
Programming Software Pycharm

Deep Learning Framework Pytorch2.0.1
GPU Model GeForce RTX2080Ti

3. Model Design
To address the problem of poor multi-target and multi-scale detection performance

faced by RT-DETR models in maize leaf disease detection, this paper proposes a solution
based on an improved RT-DETR model. This section first presents the overall design of
the improved RT-DETR model, followed by detailed explanations of the components and
advantages of each improvement module.

3.1. Improved Model

For the task of maize leaf disease detection, the model not only requires high accuracy
and real-time performance, but also faces significant challenges in light-weighting. There-
fore, this paper proposes a solution based on an improved RT-DETR model to address
issues such as detection accuracy, processing time, and light-weighting.

To reduce the parameter size and computational complexity of the model, this paper
redesigns the backbone network and introduces the lighter Quantization Aware RepVGG
(QARepVGG) module to improve feature extraction capabilities while reducing parameter
size. This structural optimization not only reduces redundant computations, but also
improves model performance. To adapt to multi-scale disease features, this paper combines
the deformable attention mechanism with the intrascale feature interaction module to
form the AIFI-DAT module, which is introduced into the baseline RT-DETR model. This
enhancement effectively reduces the miss rate. SCConv helps to better merge features from
different levels, thus improving the model’s ability to adapt to multi-scale features and
complex backgrounds. Therefore, in this paper, the SCConv module is introduced in the
neck network to replace some convolutional modules and improve the model’s ability to
fuse features from different levels. The improved RT-DETR model is shown in Figure 3.
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Figure 3. Improved RT-DETR Module Diagram.

3.2. Backbone Network

QARepVGG is an improvement over RepVGG that maintains the good performance
of RepVGG while generating weights and activation distributions that are favorable for
quantization, thereby greatly simplifying the final quantization process. To reduce the
parameter size and computational complexity of the model, this paper redesigns the
backbone network based on the QARepVGG module to reduce redundant computations,
thereby reducing the parameter size while further improving the accuracy of the model.

To increase the representational capacity of the model, the RepVGG block parallelizes
three branches: a main branch with a 3 × 3 convolutional kernel, a shortcut branch with
a 1 × 1 convolutional kernel, and a shortcut branch with only batch normalization (BN).
The QARepVGG block removes the standalone BN branch and adds additional BN after
the three branches to achieve better light-weighting and more stable model efficiency. The
RepVGG and QARepVGG block diagrams are shown in Figure 4.

This module includes the fusion of the convolutional layer and the BN layer, with the
calculation formula of the convolutional layer as shown in Equation (1).

Conv(x) = W(x) + b (1)

where W(x) are the convolutional kernel weights and b is the bias learned during training.
The calculation formula of the BN layer is shown in Equation (2).

BN(x) = γ× (x − mean)√
var

+ β (2)

where γ, mean, var, and β represent the scaling factor, variance, standard deviation, and
bias term, respectively, for the batch normalization.

To further fuse the convolutional layer with the BN layer, substituting the convolutional
layer into the BN layer calculation formula gives the result shown in Equation (3).

BN(Conv(x)) = γ× W(x) + b − mean√
var

+ β (3)

Let Wfused = γ×W√
var and Bfused = γ×(b−mean)√

var + β, and the final fusion result is shown
in Equation (4).

BN(Conv(x)) = Wfused(x) + Bfused (4)



Symmetry 2025, 17, 808 7 of 17

3×3

3×3 1×1

+

3×3 3×3 3×3

+

3×3

3×3 1×1

+

3×3 3×3 3×3

+

3×3

3×3 Conv

BN

RepVGG Block QARepVGG Block

 

Figure 4. RepVGG and QARepVGG Module Diagram.

3.3. Attention-Based Intrascale Feature Interaction

To address the impact of multi-scale features in maize disease images on model
accuracy, this paper introduces the deformable attention module into the intrascale feature
interaction module to optimize the feature interaction process. This helps the model to
better extract maize disease features at different scales, allowing the model to focus on key
areas of maize leaf diseases, thereby improving detection accuracy and robustness.

In traditional attention mechanisms, weights are typically computed based on fixed
positions, whereas in the deformable attention mechanism, the shape and size of the atten-
tion module can be dynamically adjusted to better adapt to different image characteristics,
thereby improving the model’s feature extraction capabilities. Traditional self-attention
mechanisms traverse all pixels in an image, resulting in high computational cost, while the
deformable attention mechanism dynamically selects sampling points instead of processing
the entire image. This dynamic selection mechanism allows the model to focus more on the
regions most relevant to the current task, reducing computational cost while maintaining
good performance. The module diagram of the deformable attention mechanism is shown
in Figure 5.

The specific steps of the deformable attention module are as follows:

(1) Based on the feature map x ∈ RH×W×C of the maize leaf diseases, a uniform grid of
reference points is generated on p ∈ RHG×WG×2.

(2) The feature map is linearly projected onto query tokens, q = xWq, and input into a
light-weight subnetwork θoffset to generate offsets ∆θoffset(q).

(3) Sampling takes place at the positions of the deformed points in the form of keys and
values, which are passed on to the multi-head attention module together with the query.

(4) The multi-head attention module integrates the features of the previous stage and
projects them through Wo in order to obtain the final output z.



Symmetry 2025, 17, 808 8 of 17

+

q

x

Wq
θoffset

offsets

Reforence Points Deformed Points

Bilinear
Interpolation

Sampled Features

𝑥 𝑣
𝑘

Wv

Wk

M
ul

ti-
he

ad
 A

tte
nt

io
n

Wo z

Relative Position Bias Offsets

Position Flow

Feature Flow

R

Figure 5. The Deformable Attention Module Diagram.

When processing maize disease images, the deformable attention mechanism focuses
only on key regions of the maize leaf images, using a dynamic sampling point selection
mechanism to make the model focus more on the most relevant regions. Therefore, the
deformable attention mechanism can adapt to maize diseases at different scales, enabling
the model to maintain high accuracy in tasks involving disease detection at different scales.

3.4. Neck Network

To further improve the model’s ability to fuse multi-scale features, this paper intro-
duces SCConv in the neck network. SCConv combines spatial and channel information
by performing cascading operations across channel and spatial dimensions, allowing the
model to better exploit the relationships between spatial and channel features. In maize leaf
disease detection, SCConv helps the model to better fuse multi-level features, improving
the model’s adaptability to multi-scale features and robustness in complex backgrounds.
The SCConv module is shown in Figure 6.

SRU CRU

Previous
ConvBlock

1×1
Conv

Input
Feature X

Spatial-Refined
Feature Xw

Channel-Refined
Feature Y

1×1
Conv

Next
ConvBlock

Spatial and Channel Reconstrution Convolution

 

Figure 6. SCConv Module Diagram.

The SCConv module consists of two main units: the Spatial Reconstruction Unit (SRU)
and the Channel Reconstruction Unit (CRU). The input feature X first passes through the
SRU to produce spatially refined features Xω, which then pass through the CRU to refine
features at the channel level and produce the output feature Y.

(1) Spatial Reconstruction Unit (SRU)

This unit uses a separation–reconstruction approach. In the separation operation,
feature maps with high information content are separated from those with low information
content, corresponding to the spatial content. The scaling factor in Group Normalization
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(GN) is used to evaluate the information content in different feature maps, as shown in
Equations (5)–(7).

Xout = GN(X) = γ
X − µ√
σ2 + ε

+ β (5)

Wγ = {ωi} =
γi

ΣC
j=1γj

, i, j = 1, 2, · · · , C (6)

W = Gate(Sigmoid(Wγ(GN(X)))) (7)

where µ and σ are the mean and standard deviation, γ and β are trainable variables, and
ε is a small constant for stability. A larger value γ represents greater variation between
pixels, indicating richer spatial information.

The reconstruction operation involves adding features with high information content
to those with low information content in order to generate features with more information
while saving space. Specifically, cross-reconstruction is performed by merging two features
with different information weights to obtain Xω1 and Xω2, which are then concatenated to
produce the spatially refined feature map Xω, as shown in Equation (8).

Xω
1 = W1 ⊗ X,

Xω
2 = W2 ⊗ X,

Xω
11 ⊕ Xω

22 = Xω1,
Xω

21 ⊕ Xω
12 = Xω2,

Xω1 ∪ Xω2 = Xω.

(8)

where ⊗ represents element-wise multiplication, ⊕ represents element-wise addition, and
∪ represents union. The SRU module diagram is shown in Figure 7.
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Figure 7. SRU Module Diagram.

(2) Channel Reconstruction Unit (CRU)

This device uses a split–transform–merge approach.
First, the input spatially refined feature Xω is split into two parts by a split operation:

one part with αC channels and the other with (1 − α)C channels, where α is a hyper-
parameter and 0 ≤ α≤ 1. The channel numbers of the two feature sets are then compressed
using 1 × 1 convolutional kernels to obtain Xup and Xlow.

Next, the transform operation Xup is used as an input for “rich feature extraction”,
performing Group-Wise Convolution (GWC) and Point-Wise Convolution (PWC), and then
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summing the results to obtain the output Y1. The input Xlow is used as a complement for
“rich feature extraction”, undergoing PWC, with the result combined with the original
input to obtain Y2.

Finally, the merge operation uses a simplified SKNet method to adaptively merge
Y1 and Y2. Global average pooling is used to combine global spatial information with
channel statistics to obtain pooled S1 and S2. Soft Max is then applied to S1 and S2 to obtain
feature weight vectors β1 and β2, and the output is Y = β1Y1 + β2Y2, where Y represents
the channel-refined features. The diagram of the CRU module is shown in Figure 8.

Spatial-Refined
Feature Xw

Channel-Refined
Feature Y

C

×+ C

1×1
Conv

1×1
Conv

GWC

PWC

C

+ ×

×

+
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𝑋௨௣

𝑋௟௢௪

Channel Reconstruction Unit

Split Transform Fuse

Y1

Y2

S1

S2

𝛽ଵ
𝛽ଶ

Pooling

Pooling

SoftMax

Element-wise summation Concatenation Element-wise multiplication

Figure 8. CRU Module Diagram.

3.5. Evaluation Metrics

In object detection, samples can be classified into four cases based on the combination
of true and predicted labels: True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN). These four metrics form the confusion matrix, where higher TP and
TN values indicate higher detection accuracy, and lower FP and FN values indicate fewer
misclassifications. This paper uses precision, recall, mean average precision (mAP), frames
per second (FPS), and parameter size as evaluation metrics to assess the effectiveness of
maize leaf disease detection. These metrics are highly valuable for evaluating the real-time
performance, accuracy, and computational complexity of the model.

Precision refers to the proportion of correctly identified positive samples out of all
predicted positive samples. Precision reflects the accuracy of the model in predicting
positive samples and its calculation formula is given in Equation (9).

Precision =
TP

TP + FP
(9)

Recall refers to the proportion of correctly identified positive samples out of all actual
positive samples. Recall reflects the sensitivity of the model in detecting positive samples
and its calculation formula is given in Equation (10).

Recall =
TP

TP + FN
(10)

Mean average precision (mAP) is a comprehensive metric that includes both precision
and recall. AP represents the average probability of correct predictions for each category,
while mAP is the average of correct predictions across all categories and is used to evaluate
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the performance of the algorithm across multiple categories. The formulae for AP and mAP
are given in Equations (11) and (12).

AP =
∫ 1

0
PdR (11)

mAP =
∑N

i=1 APi

N
(12)

where P is the precision, N is the number of target categories in the dataset, and APi is the
average precision for the i-th target category. When calculating mAP, the Intersection over
Union (IoU) threshold is set to 0.5, denoted as mAP@0.5; the average of all mAP values
greater than or equal to 0.5 and less than or equal to 0.95 is calculated and denoted as
mAP@0.5:0.95.

In addition, FPS is used to evaluate the inference speed and real-time performance of
the model, while parameter size represents the scale of the model. Higher accuracy, recall,
FPS, and mAP indicate better detection performance, while lower parameter size indicates
lower resource consumption during deployment.

4. Results and Discussion
4.1. Ablation Experiments

To verify the effectiveness of the proposed enhancements, ablation experiments were
performed on the same dataset as well as in the same experimental setting, where the
enhancement modules were sequentially added to the baseline RT-DETR network, the right
mark indicates that the module was added to the baseline model during the experiment.
The experimental results are presented in Table 3 and Figure 9.

Table 3. Ablation Experiments Table.

DAttention SCConv QARep mAP@0.5
(%)

mAP@0.5:0.95
(%)

Parameter
(M) FPS

84.7 56.6 42.7 M 103.4√
88.9 62.1 41.2 M 86.3√
87.5 59.1 44.5 M 121.8√
86.3 58.1 22.5 M 114.6√ √
89.4 61.9 43.9 M 87.5√ √ √
92.0 66.8 23.8 M 89.3

The experimental results show that, compared to the original RT-DETR model, intro-
ducing the deformable attention mechanism into the baseline model, with more efficient
processing of important information in images by dynamically selecting sampling points
in key areas, improved the average precision by 4.2% and reduced the parameter size by
1.5 M. SCConv further optimized the feature extraction process and, by reducing spatial
and channel redundancy between features through spatial reconstruction units and channel
reconstruction units, improved the average recognition accuracy by 2.8% and increased
the recognition speed (FPS) by 18.4 frames. By adding both deformable attention and
SCConv to the baseline model, small targets and complex scenes can be better handled, and
image features can be extracted and exploited more comprehensively, resulting in a 4.7%
increase in average accuracy. Replacing the backbone network significantly reduces model
redundancy calculations and reduces the number of model parameters, which further
improved the average accuracy by 2.6% and reduced the parameter size by 18.9 M. The
combined use of the three modules significantly enhances the model’s ability to extract
features, optimizes the performance of multi-scale feature fusion, and contributes to a
reduction in the total number of parameters. For subsequent deployment applications, if
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the model has too many parameters, it will consume more resources. Therefore, this study
has light-weighted the model without compromising accuracy.

Figure 9. Ablation Experiments Diagram.

4.2. Comparative Experiments

In order to comprehensively evaluate the performance of the model, this paper selected
several mainstream object detection algorithms, including YOLO-v6m, YOLO-v8m, YOLO-
v9c, YOLOv-11m, DETR (Detection Transformer), Deformable-DETR, and RT-DETR, for
comparative experiments on the dataset. The results of the comparative experiments are
shown in Table 4.

Table 4. Comparative Experiment Results.

Model mAP@0.5
(%)

mAP@0.5:0.95
(%)

Precision
(%)

Recall
(%)

Parameter
(M) FPS

YOLO-v6m 86.5 58.7 82.7 82.3 52.0 48.5
YOLO-v8m 87.6 60.6 84.7 83.2 25.9 49.8
YOLO-v9c 85.1 56.1 80.1 80.1 25.6 24.6

YOLO-v11m 88.9 61.2 85.4 84.7 25.3 80.0
DETR 72.8 43.7 - - 41.4 38.3

Deformable DETR 83.7 55.8 - - 40.3 42.4
RT-DETR 84.7 56.6 80.8 80.2 42.7 103.4

Improved RT-DETR 92.0 66.8 89.2 87.9 23.8 89.3

The experimental results show that the improved RT-DETR model has a smaller
parameter size compared to other mainstream object detection algorithms, while achieving
higher average detection accuracy (mAP@0.5, mAP@0.5:0.95), precision, recall, parameter
size, and speed of detection (FPS). Compared to the YOLO series models, the enhanced
model achieves higher precision and faster detection speed at a similar scale. The improved
model achieves an mAP@0.5 of 92.0%, a 7.3% improvement over the RT-DETR model, with
a parameter size of 23.8 M, a reduction of 18.9 M compared to the RT-DETR. Considering
detection accuracy, detection speed, and parameter size, the proposed improved algorithm
shows superior overall performance compared to other object detection algorithms.
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4.3. Result Analysis

The confusion matrix summarizes the classification prediction results, aggregating the
number of correct and incorrect predictions and distinguishing them by category, clearly
showing the model’s confusion in making predictions. The confusion matrix records data
in matrix form and summarizes based on two criteria: true labels and predicted labels. The
rows of the matrix represent the true values and the columns represent the predicted values.
The detection process of this experiment was interfered with by the image background,
which made it prone to the phenomenon of category misclassification. The confusion
matrix for this experiment is shown in Figure 10.

  
(a) (b) 

Figure 10. RT-DETR Confusion Matrix: (a) RT-DETR, (b) Improved RT-DETR.

The precision–confidence curve shows the precision for each category when the pre-
dicted probability exceeds the confidence threshold. Higher confidence leads to more
accurate category detection but may miss some true samples with lower predicted proba-
bilities. The precision–confidence curve for this experiment is shown in Figure 11.

(a) (b) 

Figure 11. Precision–Confidence Curve: (a) RT-DETR, (b) Improved RT-DETR.

The recall–confidence curve shows that lower confidence leads to more comprehensive
category detection, reducing missed detections but increasing false positives. As confidence
increases, recall decreases. The recall–confidence curve for this experiment is shown in
Figure 12.
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(a) (b) 

Figure 12. Recall–Confidence Curve: (a) RT-DETR, (b) Improved RT-DETR.

The precision–recall curve shows the relationship between precision and recall. In
general, higher precision results in lower recall. Therefore, the goal is to achieve high
precision while recognizing as many categories as possible. Typically, recall is plotted on
the x-axis and precision on the y-axis, with the area under the curve representing the AP
and the average of all category APs representing the mAP. The precision–recall curve for
this experiment is shown in Figure 13.

  
(a) (b) 

Figure 13. Precision–Recall Curve: (a) RT-DETR, (b) Improved RT-DETR.

F1 is defined as the harmonic mean of precision and recall, with lower F1 values at both
low and high confidence thresholds. At low confidence thresholds, many low-confidence
samples are considered true, resulting in high recall but low precision; at high confidence
thresholds, only high-confidence samples are considered true, resulting in more accurate
category detection but lower F1 scores. The formula for calculating the F1 score is given in
Equation (13), and the F1 curve for this experiment is shown in Figure 14.

F1 =
2TP

2TP + FN + FP
(13)

It can be concluded from the experimental comparison that the proposed model has
better category discrimination capabilities compared to the RT-DETR model, with stronger
judgement of different disease categories and better resistance to image background inter-
ference. When the confidence is in the range of 0.6 to 0.8, the improved model proposed in
this paper demonstrates superior detection performance compared to the original model.
In addition, the proposed model has a faster convergence speed and is lighter, which
reduces resource consumption. Although the image processing speed of the proposed
model is slightly lower than that of the original model, considering all evaluation metrics,
the proposed model has superior overall performance. Compared with other mainstream
network models, the proposed model outperforms in terms of accuracy, parameter size,
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and processing time. However, due to interference from factors such as soil and weeds
in the image background, misjudgments are likely to occur during the detection process.
Therefore, it is necessary to further improve the model’s robustness against background
interference. In previous studies, numerous experiments have introduced new attention
mechanisms and convolutional modules into models to enhance detection performance
and reduce the number of model parameters. These efforts align closely with the focus
of this study, further validating the scientific value of this experiment. In summary, the
proposed model not only improves detection accuracy and achieves light-weighting, but
also has a faster processing speed compared to models of similar size.

  
(a) (b) 

Figure 14. F1 Curve: (a) RT-DETR, (b) Improved RT-DETR.

5. Conclusions
This paper proposes an improved RT-DETR model for the detection of multi-species

and multi-scale diseases in maize leaves based on the characteristics of maize leaf diseases
and the presence of multi-species diseases in the leaves, which enhances the overall per-
formance of the model and reduces the parameter size and computational complexity of
the model for multi-species and multi-scale disease detection tasks in maize leaves. After
several comparison experiments, the following conclusions were drawn:

(1) Deformable Attention effectively extracts multi-level disease features in maize leaves;
the addition of SCConv at the feature fusion stage improves the model’s ability to
process multi-level features, significantly improving detection performance.

(2) The QARepVGG module, with its light-weight and efficient characteristics, not only
achieves model light-weighting, but also optimizes the feature extraction stage, further
improving the overall performance of the model and making it more suitable for use.

In summary, the improved RT-DETR model shows significant advantages in the
detection of maize leaf diseases and achieves efficient detection of maize leaf diseases.
Future research will focus on further optimizing the model structure and algorithms to
address factors such as background interference during detection, thus further protecting
crops from disease threats.
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