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Abstract: Detecting pests and diseases on maize leaves is challenging. This is especially true under
complex conditions, such as varying lighting and occlusion. The current methods suffer from low
detection accuracy. They also lack sufficient real-time performance. Hence, this study introduces the
lightweight detection method YOLOv11-RepLKNet-CBAM-DynamicHead-WIoU-DynamicATSS
(YOLOv11-RCDWD) based on an improved YOLOv11 model. The proposed approach enhances the
YOLOvV11 model by incorporating the RepLKNet module as the backbone. which significantly
enhances the model’s capacity to capture characteristics of maize leaf pests and diseases.
Additionally, the CBAM is embedded within the neck feature extraction network to further refine
the feature representation to augment the model’s capability to identify and select maize leaf essential
features by introducing attention mechanisms in both the channel and spatial dimensions, thereby
improving feature expression accuracy. Additionally, the DynamicHead detection head in the feature
fusion structure dynamically adjusts the focus of attention through a unified attention mechanism
for scale, space, and task awareness, improving detection accuracy and efficiency. Furthermore, the
Weighted IoU (WIoU) loss function effectively handles the impact of low-quality samples on
bounding box regression through a dynamic non-monotonic focusing mechanism. Finally, the
DynamicATSS label assignment strategy optimizes sample assignment based on statistical
information during training by dynamically adjusting the selection mechanism for positive and
negative samples, further enhancing the model’s detection capabilities. The experimental findings
indicate that the improved YOLOv11-RCDWD model effectively detects pests and diseases on maize
leaves. The precision reaches 92.6%, while the recall is at 85.4%. The F1 score is 88.9%, respectively,
an improvement of 4.9% and 9.0% over the baseline YOLOv11s. Notably, the YOLOv11-RCDWD
model significantly outperforms other architectures such as Faster R-CNN, SSD, and various models
within the YOLO series. It demonstrates superior capabilities in terms of detection speed, parameter
count, computational efficiency, and memory utilization. This model achieves an optimal balance
between detection performance and resource efficiency. Overall, the improved YOLOv11-RCDWD
model significantly reduces detection time and memory usage while maintaining high detection
accuracy, supporting the automated detection of maize pests and diseases, and offering a robust
solution for intelligent agricultural pest monitoring.

Keywords: maize leaf pest and disease detection; YOLOv11s-RCDWD; RepLKNet; CBAM; object
detection

1. Introduction

Maize (Zea mays L.) is widely regarded as one of the most significant food crops globally, with
its yield and quality directly affecting food security and economic development [1,2]. However,
maize is vulnerable to various diseases and pests throughout its growth, such as maize rust and leaf
spot, severely affecting its yield and quality [3]. Therefore, accurate disease identification is critical

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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for disease control and yield assurance in maize cultivation [4]. Since disease symptoms
predominantly appear on the leaves, leaf images become a vital basis for disease identification [5].
Traditional methods to detect pests and diseases in maize leaves rely on manual observation. This
method is inefficient, burdensome, subjective, and cannot meet the demands of modern agriculture
for refined and large-scale production [6]. Therefore, there is a critical need to explore efficient and
accurate methodologies for the detection of maize pests and diseases. This endeavor is vital to
address the limitations associated with traditional techniques and to facilitate rapid and precise
assessments of pest infestations and disease occurrences [7].

With the recent rapid advancements in computer vision technology, machine learning and deep
learning techniques have found extensive application across various domains. They are particularly
effective in agricultural monitoring, especially concerning the detection of pests and diseases [8,9].
For example, Panigrahi et al. [10] compared the accuracy of five standard machine learning
techniques. The methodologies examined included NB, DT, KNN, SVM, and the frequently
implemented RF for the detection of pests and diseases affecting maize crops. They found that the
RF method achieved a high accuracy of 79.23%. Paul et al. [11] developed a mobile application based
on the pre-trained VGG16 architecture using Convolutional Neural Networks (CNN), facilitating the
efficient identification and classification of maize leaf diseases.

The YOLO series has emerged as a pivotal method among numerous detection algorithms,
attributable to its outstanding real-time performance and high level of detection accuracy [12,13].
From YOLOvV1 to the latest YOLOv11, the YOLO family has been continuously optimized for
detection accuracy, speed, and model complexity, providing robust technical support for agricultural
detection, especially intelligent pest and disease detection [14-17]. For instance, Fan et al. [18]
combined YOLOv5 with dark channel enhancement for strawberry ripeness recognition and
achieved a test accuracy exceeding 90%. Wang et al. [19] introduced a detection method for wheat
seedlings, which improved YOLOV5 by replacing global annotation with local annotation, adding a
micro-scale detection layer, and a spatial depth convolution module. These modifications
significantly enhanced the extraction capability of small features and increased detection accuracy to
90.1%. Li et al. [20] proposed YOLO-Leaf for apple leaf disease detection that utilized DSConv to
achieve robust feature extraction, BiFormer for enhanced attention mechanisms, and IF-CloU to
optimize bounding box regression. YOLO-Leaf outperformed existing models in detection accuracy.
Besides, Lu et al. [21] developed the cotton boll detection model COTTON-YOLO that improved
YOLOVS8n by introducing the C2F-CBAM module. The Gold-YOLO neck architecture designed for
enhanced information flow and enhanced feature integration. Yang et al. [22] identified maize leaf
spots by introducing the Slim-neck and GAM attention in YOLOvS. This setup significantly
improved the model’s recognition ability for maize leaf spots, demonstrating a 3.79% improvement
in accuracy (P) and 4.65% in recall (R) compared to the original YOLOvV8 model.

However, existing methods for detecting pests and diseases in maize leaves still face limitations
when dealing with complex agricultural scenarios, with occlusion and overlapping of maize leaves
leading to missed and false detections [23]. Additionally, the detection performance of the models
significantly declines under varying lighting conditions [24]. Therefore, it is evident that the
classification accuracy of existing methods for different types of pests and diseases with similar
morphology must be improved [25]. Additionally, the YOLO series algorithms have a complex multi-
branch structure in the backbone that limits the disease detection speed, underperforms when
processing small and dense targets in complex environments, the method heavily depends on the
detection head based on predefined anchor boxes, which leads to slower inference speeds [26].
Additionally, the rigidity of the sample allocation strategies reduces the efficient utilization of
features during the training process..

Motivated by the concerns outlined above, this study proposes a high-performance and
lightweight model for detecting maize leaf diseases, named YOLOv11ls-RCDWD (YOLOv11s-
RepLKNet-CBAM-DynamicHead-WIoU-DynamicATSS). The proposed model is built upon the
latest YOLO series object detection algorithm, YOLOv11s, with the aim of accurately and efficiently
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locating and detecting maize leaf diseases in natural scenes with complex backgrounds. Furthermore,
it provides technical support for deploying the model on agricultural mobile devices.

The main contributions of this study are as follows:

1. In the backbone layer, we replace the C3k2 backbone network with the RepLKNet network,
improving detection performance and efficiency through re-parameterization.

2. Introducing the CBAM (Selective Kernel Attention, CBAM) attention module to enhance the
model’s ability to capture multi-scale features. CBAM allows the model to focus on key features of
diseased maize leaves, thereby improving feature extraction capability.

3. Adopting the DynamicHead detection head to unify the scale-aware, space-aware, and task-
aware aspects of object detection by integrating multiple attention mechanisms. This strategy
significantly improves the representation ability of the detection head without increasing
computational overhead.

4. Optimizing the loss function using the symmetric IoU loss function WIoU to improve the
bounding box regression accuracy and enhance the model’s localization capability.

5. Replacing the original fixed-ratio positive and negative sample allocation strategy with
DynamicATSS to adjust the selection mechanism of positive and negative samples based on statistical
information during training. DynamicATSS improves the model’s generalization ability.

2. Materials and Methods
2.1. Production of Datasets

This study constructs a sample dataset covering multiple scenarios and various typical corn
disease types based on an open-source dataset (released by Plant Village [27]) and a self-built dataset
(from local corn planting bases in Yangling, Shaanxi) to comprehensively evaluate the performance
of YOLOv11s-RCDWD in detecting corn leaf diseases.

The Labellmg annotation software is used to annotate the collected sample images accurately
[28]. Specifically, the disease-affected areas in the images are completely enclosed using the
maximum horizontal rectangular bounding boxes, and the annotations are stored in VOC-format
XML files. Each annotated image undergoes data augmentation, where first, the image resolution in
the training set is uniformly adjusted to 640x640 pixels to generate clear and standardized image
samples. Then, randomly flipping the images vertically and horizontally increases sample diversity.
Finally, the images are normalized based on their mean and standard deviation to eliminate lighting
and contrast differences. The VOC-format XML annotation files are then converted into YOLO-
format TXT files, serving as input data for model training. These operations effectively simulate the
growth posture, lighting conditions, and shooting angle variations of corn in real-world scenarios,
enhancing the diversity of training samples. A total of 7,928 labeled corn disease images were
successfully constructed, including 1,510 Rust images, 1,275 Gray Leaf Spot images, 1,305 Northern
Leaf Blight images, 1,163 Southern Leaf Blight images, 1,260 Round Spot Disease images, and 1,415
healthy corn leaf images (Figure 1). These images exhibit significant differences in morphology,
texture, and color, providing rich feature information for disease identification. The augmented
images are randomly divided into training, testing, and validation sets based on a 7:2:1 ratio (5549,
1586, and 793, respectively) for subsequent model training and testing.
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a. Health

d. Northern Leaf Blight e. Southern Leaf Blight f.Round spot disease

Figure 1. Original dataset. (a) Healthy, (b) Rust, (c) Gray Leaf Spot, (d) Northern Leaf Blight, (e) Southern Leaf
Blight, and (f) Round Spot Disease.

2.2. Model Improvement
2.2.1. Improved YOLOv11 Network Model Construction

YOLOV11 is the latest YOLO version, inheriting and refining the core concepts and technical
frameworks of its predecessors to enhance detection speed, accuracy, and robustness [29]. Significant
improvements have been made in its backbone network and neck layers. Addressing the challenges
of large model parameters, hefty weight files, and low detection accuracy in current complex maize
leaf disease detection scenarios, this study enhances the YOLOv11s model.

Specifically, the backbone network uses RepLKNet as the feature extraction network. RepLKNet
utilizes advanced convolution operations and re-parameterization techniques to significantly reduce
computational load while maintaining feature extraction capabilities, thereby enhancing the model’s
lightweight characteristics. In addition to its foundational architecture, RepLKNet incorporates the
Partial Spatial Attention (PSA) module, which directs the model’s focus toward critical feature
regions. Furthermore, the neck network integrates the CBAM, an attention mechanism that enhances
the model’s ability to capture multi-scale features by combining both channel and spatial attention
strategies. This dual approach allows for a concentrated emphasis on key features related to pests
and diseases. Moreover, the neck network aggregates features of different scales through the ELAN-
W module, which employs the SPPCSPC module for spatial pyramid pooling, further improving the
handling of multi-scale features. The detection head incorporates the DynamicHead module, which
integrates various attention mechanisms to unify scale, spatial, and task awareness in object
detection, significantly boosting the representational capacity of the detection head without
additional computational overhead. The proposed Adaptive Spatial Feature Fusion (ASFF) module
adaptively fuses shallow and deep features to enhance feature scale invariance, accurately detecting
large, medium, and small targets. The accuracy of bounding box regression is improved by
optimizing the loss function through the Symmetric IoU Loss Function (WIoU). WloU optimizes the
precision of bounding box localization, thereby enhancing the model’s overall detection performance.
Lastly, the dynamic adjustment mechanism (DynamicATSS) dynamically selects positive and
negative samples based on statistical information during training, replacing the traditional fixed ratio
allocation strategy and significantly improving the model’s generalization capabilities.

Figure 2 presents improved YOLOv11s-RCDWD model. Through the optimizations presented
above, our model excels in maize leaf disease and pest detection, achieving high precision and
performance in locating and identifying diseases and pests while maintaining excellent lightweight
characteristics suitable for deployment on agricultural mobile devices.
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Figure 2. Improved YOLOv11 model structure YOLOv11s-RCDWD.

2.2.2. RepLKNet

In complex scenarios characterized by interference and overlapping foliage, the textural features
of diseased areas on maize leaves exhibit a high degree of complexity, posing significant challenges
to accurately detecting these diseased regions. Therefore, this study introduces RepLKNet as the
backbone network to enhance the model’s precision in detecting maize diseases amidst overlapping
and occluded backgrounds [30]. RepLKNet significantly improves feature extraction performance by
expanding the Effective Receptive Field (ERF) and enhancing the capability to extract shape
information. The ERF, based on a quantitative metric proposed by Luo et al. [31], characterizes the
contribution of each input pixel within the receptive field to the output of the n-th layer unit in the
network. Figure 3 depicts RepLKNet, which primarily comprises three core modules: Stem, Stage,
and Transition. The first is responsible for initial feature extraction, the second achieves multi-level
feature learning by cascading multiple large kernel convolution sub-modules, and the third down-
samples feature maps and adjusts the number of channels. Using RepLKNet with a larger effective
receptive field allows the model to effectively extract global contextual information and local detail
features from input images, demonstrating significant advantages, particularly in complex scenes of
maize leaf diseases with shadow interference and overlapping foliage.
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Figure 3. RepLKNet network architecture [30].

2.2.3. CBAM Attention

This study introduces CBAM to improve the model’s feature representation capability. This
module integrates both channel and spatial attention mechanisms, providing the model with
comprehensive and effective feature extraction capabilities [32]. Figures 4 and 5 depict the core idea
of CBAM, which aims to refine the input feature map in two stages: first, by refining the dependencies
among channels using the Channel Attention Module (CAM), and then by enhancing features along
the spatial dimension using the Spatial Attention Module (SAM).

CAM assesses the significance of each channel, thereby weighting the channel dimension of the
feature map to highlight the contributions of key feature channels. It uses global max pooling and
global average pooling to capture local details and global information from the feature map,
respectively. The output of CAM is articulated as follows:

M (F) = o (MLP(4vgPool(F)) + MLP(MaxPool(F))), (1)

where A and M stand for the global average pooling and max pooling procedures, respectively, and
F is the input feature map. Additionally, the Multi-Layer Perceptron is represented by M, and the
Sigmoid activation function is represented by o.

SAM further optimizes the spatial dimension of the feature map by generating a spatial attention
map along the channel dimension using pooling operations. The significance of various geographical
places in the feature map is reflected in this map. The model adaptively improves the feature
responses of significant regions while reducing noisy or irrelevant parts by multiplying the spatial
attention map by the feature map. The output of SAM is articulated as follows:

M(F) = a(f77 ([AvgPool(F); MaxPool(F)])), 2)

where [AvgPool(F);MaxPool(F)] is the concatenation of the average pooling as well as max pooling
results along the channel ax-is, and f7x7 indicates a 7x7 convolution operation. This two-stage
attention mechanism allows CBAM to effectively capture essential information in the feature map’s
channel and spatial dimensions, thereby enhancing the model’s ability to perceive key features.

Channel
Attention Spatial

Input Feature Refined Feature

Attention
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Figure 4. CBAM architecture [32].
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Figure 5. Computational process of the attention sub-module [32].

2.2.4. DynamicHead

This study introduces a dynamic detection head to integrate multi-dimensional attention into
the original YOLOv11 detection head. The Dynamic Head aims to unify scale, spatial, and task
awareness in object detection by incorporating various attention mechanisms, thus considerably
improving the representational capacity of the detection head while maintaining computational
efficiency [33]. Figure 6 highlights that the Dynamic Head architecture comprises three attention
mechanisms. A 3D tensor is created by first extracting feature pyramids using different backbone
networks, scaling them to the same scale, and then feeding it into the Dynamic Head. Then, many
DyHead blocks with task-aware, scale-aware, and spatial-aware attention mechanisms are placed
one after the other.

Scale-aware attention, one of these processes, is used at the feature level dimension by
dynamically combining information based on the semantic significance of various scales. This
improves the detection head’s capacity to handle items of different sizes in the picture by increasing
the sensitivity of the feature map to scale fluctuations of foreground objects. The spatial dimension
(height x breadth) is where spatially aware attention is applied. In order to concentrate on
discriminative areas that are consistently present across spatial locations and feature levels, it first
uses deformable convolution to sparsify attention learning before aggregating cross-level data at the
same spatial location. The feature map becomes sparser and more focused on the discriminative
spatial locations of foreground objects as a result of this technique’ adaptive aggregation of several
feature levels.

These attention mechanisms operate in different dimensions, complementing each other and
collectively enhancing the representational capability of the object detection head. Integrating them
into a unified framework allows the Dynamic Head to effectively address challenges related to scale
and space in object detection tasks, thereby improving detection performance.
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Feature Pyramid General View Attention Attention Attention

sl ) Object Classification
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Figure 6. Illustration of the Dynamic Head approach [33].

2.2.5. Wise-IoU

This approach may result in a distorted evaluation of the outcomes [34]. On the other hand,
weighted Intersection over Union (WIoU) mitigates this issue by incorporating the areas between the
predicted and ground truth bounding boxes into the IoU computation, thus reducing potential biases
present in conventional IoU assessments [35]. To calculate the IoU score between the predicted and
ground truth bounding boxes, the spatial interaction between them is examined. More specifically,
the distance between the centers of the predicted and ground truth bounding boxes is measured and
used as a benchmark for the maximum feasible distance between the two. Based on the regions
between the two boxes, a weighting coefficient is calculated, which measures the relationship
between the two boxes and can be used to weight the IoU score. By introducing the regions between
the boxes and the weighting coefficient, WIoU can more accurately evaluate object detection results,
avoiding biases inherent in traditional IoU.

2(nA LB
Loy = 1—ToU + % + av, 3)
L =7rR Loy, 7 = L (4)
WIoU WIoU*IoU- 60![;_“

_ L}(OU
B = € [0, +) ®)

IoU

2 2
(x = xg0)" + (¥ = vg¢)

Rwiou = 2 6
WIloU eXp( (C‘%, + C}%)* ( )

Where Lawu is an enhanced Intersection over Union (IoU) loss function that accounts for the impact
of both the distance between bounding box centers and their aspect ratios. Lwiou represents a weighted
IoU loss function, which modifies the traditional IoU loss by employing a weighting coefficient r
alongside the region weight Rwicu. Additionally, parameters a and v serve to balance considerations
related to center distances and aspect ratios.

The Rwiou is the region weight based on the distance between the centers of the predicted and
ground truth bounding boxes, and f is a dynamically adjusted weighting coefficient that balances
the IoU loss across different samples. By introducing region weights and a dynamic adjustment
mechanism, WIoU can precisely evaluate object detection results, enhancing the model’s detection
performance.

2.2.6. DynamicATSS

Label assignment is crucial in modern object detection models, as different label assignment
strategies affect performance outcomes [36].

This paper employs a straightforward yet highly effective dynamic label assignment strategy
called Dynamic ATSS, which incorporates predictions into the label assignment process for anchors
(Figure 7) [37]. In the initial stages of training, predictions tend to be inaccurate owing to random
initialization. Therefore, anchors are defined by label indications as before. However, as training
progresses and predictions improve, the predictions progressively take precedence over the
combined Intersection over Union (IoU), leading to more refined label assignments. This strategy
performs dynamic label assignment is determined by the training state and the corresponding
predictions.
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2.3. Model Training and Evaluation Metrics
2.3.1. Maize Leaf Algorithm Model Training Environment

The experimental setup comprises a 64-bit Ubuntu Server 22.04 LTS operating system, utilizing
an NVIDIA RTX 4090D GPU with 24 GB of video memory and 80 GB of host memory. The
programming language was Python 3.10, with GPU acceleration enabled using CUDA v11.8. The
training was performed using the deep learning framework PyTorch 2.1.2. Table 1 reports the
training parameter settings.

Table 1. Training Parameter Settings.

Parameter Value Parameter Value
Epochs 300 Optimizer SGD
Patience 50 Weight_decay 0.0005
Batch 8 momentum 0.937
Imgsize 640 Warmup_ momentum 0.8
Workers 8 Lrf 0.05

2.3.2. Evaluation Metrics

We divided the maize leaf dataset into a training set, validation set, and test set in an 8:1:1 ratio
to facilitate model training, optimization, and evaluation for subsequent research. The evaluation
metrics employed in this study for the maize leaf disease detection model include Precision, Recall,
F1 Score, mean Average Precision (mAP), Detection Speed, Model Parameters, Computational Load
(GFLOPs), and Memory Cost. A higher Precision indicates more reliable positive predictions by the
model. Precision, Recall, F1 Score, and mAP are formulated as follows:

Precision = —— : (7)
TP+FP
Recall = TP (8)
AT TPTEN

Fl =2 x Precision - Recall ©)
N Precision + Recall

1
AP = f Precision - Recalldr (10)
0


https://doi.org/10.20944/preprints202503.1320.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 March 2025

10 of 20

The model’s real-time performance is assessed based on Detection Speed, Model Parameters,
Computational Load (GFLOPs), and Memory Cost. Detection Speed refers to the time required for
the model to process an image, measured in seconds (s) or milliseconds (ms). Faster detection speeds
indicate better real-time performance in practical applications. Model Parameters are the model’s
total number of trainable parameters, measured in millions (M). Fewer parameters generally indicate
a more lightweight model that is easier to deploy on resource-constrained devices. GFLOPs refer to
the number of floating-point operations required during the model’s forward propagation, measured
in billions of floating-point operations (Giga FLOPs). Lower computational load indicates lower
hardware resource requirements and faster runtime speeds. Memory Cost is the memory required
for the model to run, measured in megabytes (MB). Lower memory cost indicates that the model is
more suitable for running on memory-constrained devices.

3. Results

3.1. Comparative Experiments of Different Backbone Networks

This study was designed to conduct a series of comparative experiments aimed at
comprehensively examining the profound impact of diverse factors backbone networks on the
performance of the YOLOv1l model in the detection tasks related to maize leaf diseases.The
experiments evaluated five mainstream lightweight backbone network models, including CFNet,
FasterNet, GhostNetV2, MobileViTBv3, and RepLKNet, where each was integrated into the
YOLOv11 model architecture. These models were then evaluated against YOLOv1l’'s native
backbone network, C2K3. Tale 2 reports the corresponding experimental results.

Table 2 highlights significant performance variations in maize disease detection tasks depending
on the backbone network. For instance, the YOLOv11 model with RepLKNet as the backbone
(YOLOv11s-RepLKNet) demonstrates notable comprehensive advantages in four key aspects:
detection accuracy, detection speed, model complexity, and resource usage, particularly excelling in
detection accuracy. RepLKNet achieves the highest values in both Precision and F1 Score, reaching
89.1% and 84.2%, respectively. This indicates that RepLKNet has a significant advantage in detection
accuracy, effectively reducing false positives and missed detections. Additionally, its Recall reaches
79.9%, demonstrating its substantial detection completeness and robustness performance. Although
its mAP@0.5~0.95 is slightly lower than some models, its average precision at different confidence
thresholds (mAP@0.5) remains high (87.1%), proving its detection capability under multi-threshold
conditions.

Table 2. Maize Disease Detection Performance Among Different Backbone Network Models.

Model Precisio Recall/ F1 mAP@0.mAP@0.5~0 Detetion Paramete GFLOPs MemoryCost/

n/% % Score/%  5/% .95/%  Speed/ms /M M MB
YOLOvl11s-
CIK3 87.7 78.0 82.6 85.3 63.5 1.3 941 21.23 19.2
YOLOvlls- 87.3 79.8 83.4 85.6 63.9 3.2 8.89 227 18.1
CFNet
YOLOvIls- oo 902 832 855 63.3 2.4 9.04 237 185
FasterNet
YOLOv11s-
GhostNetV?2 87.3 77.1 81.9 84.6 62.6 3.3 8.57 21.2 17.6
YOLOvl11s-
MobileViTBv3 83.2 80.9 82.0 85.8 63.5 4.4 10.60 34.8 21.6
YOLOvls- 89.1 79.9 84.2 87.1 66.7 3.2 9.85 25.2 20.2
RepLKNet

The detection speed of YOLOv11s-RepLKNet is 3.2 ms per image, comparable to YOLOv11s-
CFNet and significantly better than YOLOv11s-MobileViTBv3 (4.4 ms per image). This demonstrates
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that RepLKNet can achieve fast detection speeds while maintaining high accuracy, rendering it
appropriate for real-time detection of maize diseases in practical applications.

From the perspective of model complexity and resource usage, although YOLOv11s-RepLKNet
has a slightly higher parameter count (9.4 M) and computational load (21.3 GFLOPs) compared to
some lightweight models, its significant improvement in detection accuracy justifies its complexity
with reasonable cost-effectiveness. In contrast, other models like YOLOv11s-C2K3, while faster in
detection speed, have a slightly inferior detection accuracy. Besides, through its unique architectural
design, RepLKNet balances well a lightweight design and high performance, enabling it to excel in
complex disease detection tasks. The memory footprint of YOLOv11s-RepLKNet is 20.2 MB, although
slightly higher than some lightweight models (e.g., YOLOv11s-CFNet and YOLOv11s-GhostNetV2),
it is still within a reasonable range. Considering its advantages in detection accuracy and speed, this
level of resource usage is acceptable and can meet the demands of most practical application
scenarios.

In summary, the YOLOv11 model with RepLKNet as the backbone performs exceptionally well
in maize disease detection tasks, particularly in detection accuracy. Its outstanding performance in
key metrics such as Precision and F1 Score, combined with a reasonable balance between detection
speed and resource usage, makes it a highly competitive choice for these tasks. These results fully
demonstrate RepLKNet's excellent trade-off between lightweight design and high-performance
detection, delivering a reliable and efficient solution for the detection of maize diseases.

3.2. Comparative Experiments of Various Attention Mechanisms

The subsequent trial examined the influence of various attention mechanisms on the
performance of the YOLOv11 model in detecting maize diseases. The trials challenged six common
attention mechanisms, including CBAM, EC, EMA, GAM, SA, SimAM, and SK, where each was
integrated into the YOLOv11 model for performance evaluation. The proposed YOLOv11-RCDWD
model in this study incorporates the CBAM attention mechanism based on the YOLOv11 model. The
corresponding experimental results are presented in Table 3.

Table 3. Results Using Different Attention Mechanisms.

Modey  PrecisiRecall/ F1 mAP@mAP@O.SDSetzzlg;lParame GFLO MemoryCos
on/% % Score/% 0.5/% ~0.95/% Pms te/M Ps/M  t/MB

YOLOvlls 877 780 826 853 63.5 1.3 10.5 21.23 19.2

YOLOv11s-

CBAM 905 794  84.1 86.2 64.6 1.6 8.49 20.6 17.3
YOL]?(‘;HS_ 87.7 78 82.6 85.3 63.5 4.2 941 213 19.2
YOLOv11s-

EMA 86.4 81.1 83.7 86.9 64.6 3.3 9.08 217 18.5
YOLOv11s-

GAM 88.7 76.6 82.2 84.1 62.4 4.6 1190 233 24.2
YOLSOIZHS_ 848 814 831 86.6 64.5 4.1 8.36 20.2 17.2
YO.LOVHS_ 85.5 788 82.0 86 63.7 3.7 842 205 17.5

SiImAM

The CBAM attention mechanism demonstrates excellent performance across multiple metrics,
particularly excelling in Precision (90.5%), F1 Score (84.1%), mAP@0.5 (86.2%), and memory
consumption (17.3 MB). Although the detection speed slightly decreases from 1.3 ms to 1.6 ms, the
model’s parameter count (8.49 M) is reduced by approximately 0.93 M compared to the baseline
model’s 9.42 M. Additionally, its computational load (20.6 GFLOPs) is slightly lower than the baseline
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model’s 21.23 GFLOPs, giving it a clear advantage in overall performance. Therefore, CBAM is the
most suitable attention mechanism for maize disease detection tasks.

The EMA attention mechanism performs well in Recall (81.1%) and mAP@0.5~0.95 (64.6%) but
has disadvantages in detection speed (3.3 ms) and parameter count (9.08 M), making it suitable for
tasks with high recall requirements. The GAM attention mechanism performs well in Precision
(88.7%) and F1 Score (82.2%). Still, its parameter count (11.91 M), computational load (23.3 GFLOPs),
and memory consumption (24.2 MB) are relatively high. Its detection speed is slower (4.6 ms), making
it suitable for tasks less sensitive to model complexity. The SA and SimAM attention mechanisms
perform moderately across multiple metrics, particularly in Precision (SA: 84.8%, SiImAM: 85.5%) and
F1 Score (SA: 83.1%, SImAM: 82.0%), indicating they may not be suitable for maize disease detection
tasks.

In summary, the YOLOv11s-CBAM model performs the best in maize leaf disease detection
tasks, maintaining high detection accuracy while effectively reducing model parameter count and
memory consumption, rendering it appropriate for implementation in real-world applications.

3.3. Ablation Experiments

We also conducted ablation studies by systematically removing various modules, e.g.,
RepLKNet network module, CBAM attention mechanism module, DynamicHead, WIoU loss
function, and DynamicATSS sample allocation strategy, to assess their impacts on the overall
performance of YOLOv11-RCDWD. To maintain the validity of comparisons, all models were trained
on a consistent dataset and under standardized parameter settings. The comprehensive results of the
ablation studies are detailed in Table 4.

Table 4. Ablation Experiment Results.

Detetion

RepLKN CBA Dynamic WIoU Dynam Precisi Recall/  F1 mAP@ mAP@0.5 Speed /mParamete GFLOP MemoryC
et M Head icATSS on/% % Score/% 0.5/% ~0.95/% s /M s/M ost/MB
- - - - - 87.7 780 82.6 85.3 63.5 1.3 10.5 21.2 19.2
\/ - - - - 89.1 799 84.2 87.1 66.7 32 9.85 25.2 20.2
\/ - - - 905 79.4 84.1 86.2 64.6 1.6 8.49 20.6 17.3
- \/ - - 87.8 821 83.8 85.5 65.0 6.5 9.72 21.2 19.8
- - - R - 86.6  81.0 83.7 86.7 64.4 1.2 10.2 21.3 19.2
- - - - R 86.3  80.1 83.1 85.6 63.5 3.8 10.3 21.3 19.2
V V V 3 3 926 854 889 902 725 1.6 941 193 16.4

Introducing the RepLKNet module significantly improved the model’s detection accuracy.
When used alone, RepLKNet increased Precision from 87.7% to 89.1%, Recall from 78.0% to 79.9%,
mAP@0.5 from 85.3% to 87.1%, and mAP@0.5~0.95 from 63.5% to 66.7%. However, the detection
speed increased from 1.3 ms to 3.2 ms, and GFLOPs increased from 21.2 M to 25.2 M, indicating that
while RepLKNet enhanced performance, it also significantly increased the computational burden.

In contrast, the CBAM attention mechanism module improved Precision to 90.5%, significantly
reducing the number of parameters (from 10.5 M to 8.49 M) and memory overhead (from 19.2 MB to
17.3 MB). Moreover, the detection speed slightly increased to 1.6 ms, demonstrating a good balance
between accuracy and efficiency.

The DynamicHead module remarkably improved Recall, which increased from 78.0% to 82.1%.
However, the detection speed significantly decreased to 6.5 ms, with slight parameters and memory
overhead increases. This suggests that DynamicHead is more suitable for scenarios where high Recall
is required but may not be appropriate for tasks with strict real-time requirements.

The WIoU loss function and DynamicATSS sample allocation strategy had relatively limited
impacts on model performance. While WIoU slightly improved mAP@0.5 to 86.7% and
mAP@0.5~0.95 to 64.4% while maintaining a high detection speed of 1.2 ms, DynamicATSS
significantly increased detection time to 3.8 ms with no significant performance improvement.
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Ultimately, when all modules were combined, the model achieved optimal comprehensive
performance. Indeed, the Precision, Recall, F1 Score, and mAP@0.5 reached 92.6%, 85.4%, 88.9%, and
90.2%, respectively, and mAP@0.5~0.95 increased to 72.5%. Meanwhile, the detection speed remained
at 1.6 ms, the number of parameters was reduced to 9.41 M, GFLOPs decreased to 19.3 M, and
memory overhead was reduced to 16.4 MB. This indicates that the synergistic action of these modules
significantly enhanced detection accuracy and optimized computational efficiency and memory
usage, offering higher practicality and deployability for real-world applications.

In summary, the RepLKNet and CBAM modules improved the model’s precision and detection
accuracy. At the same time, the DynamicHead and DynamicATSS strategies enhanced the model’s
comprehensive performance by optimizing Recall and sample allocation. The WIoU loss function
also improved the model’s localization accuracy and generalization ability without increasing
computational complexity. Integrating these modules enabled the YOLOv11-RCDWD model to
perform exceptionally well in maize leaf disease detection while balancing detection speed and
model complexity well.

3.4. Comparative Experiments of the Performance of Different Network Models

To validate the effectiveness of YOLOv11s-RCDWD, it was challenged against several classic
object detection models, including Faster R-CNN [38], SSD [39], YOLOv5s [40], YOLOvé6s [41],
YOLOv7 [42,43], YOLOvV9s [44], YOLOv9c [45], YOLOvV10s [46], and YOLOv11s, under the same
training environment. The evaluation metrics were Precision, Recall, F1 Score, mAP@0.5,
mAP@0.5~0.95, Detection Speed, Parameter count, GFLOPs, and Memory Cost. The corresponding
experimental results are reported in Table 5.

Table 5. Results of Maize Disease Detection Performance Among Different Network Models.

Model PrecisiRecall/ F1 mAP@mAP@O.SDSet:ZIS/nParame GFLO MemoryCos
on/% % Score/% 05/% ~0.95/% ' terM Ps/M  UMB

Faster R-
CNN
SSD 82.8 779 80.3 819 60.5 2.5 1597 428 32.3
YOLOv5s 859 789 823 843 61.0 3.2 7.81 18.7 16.0
YOLOv6s 828 779 80.3 819 60.5 2.5 15.97 428 32.3
YOLOv7 877 796 835 86 63.1 3.9 9.82 234 20.0
YOLOv9s 886 833 859 887 65.4 2.7 631 22.6 13.3
YOLOv9c 876 833 854 88.0 67.0 4.2 21.35 84 43.3
YOLOv10s 88.6 782 831 85.1 63.4 2.6 8.03 245 16.6
YOLOvlls 877 780 826 853 63.5 1.3 105 212 19.2
YOLOv11s-
RCDWD

859 789 823 843 61.0 3.2 781 187 16.0

926 854 889 90.2 72.5 1.6 941 193 16.4

The improved model, YOLOv11s-RCDWD, significantly outperforms the competitor models in
all accuracy metrics. Its Precision reaches 92.6%, Recall is 85.4%, and F1 Score is 88.9%, notably higher
than Faster R-CNN and SSD. Although the YOLO series models from YOLOv5s to YOLOv11s have
shown continuous improvement in accuracy, they all fall short of the improved model YOLOv11s-
RCDWD. Particularly in the mAP@0.5 and mAP@0.5~0.95 metrics, YOLOv11s-RCDWD achieves
90.2% and 72.5%, respectively, representing improvements of 4.9% and 9.0% points over YOLOv11s,
indicating its stronger object detection capability in complex scenarios.

Regarding Parameter count and GFLOPs, YOLOv11s-RCDWD remains largely consistent with
YOLOv11s at 9.41M and 10.52M, respectively. These values are significantly lower than those of more
complex models like YOLOv9c (21.35M parameters and 84.0 GFLOPs). Additionally, its Memory
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Cost is 164 MB, 19.2 MB less than YOLOvlls. The improved model YOLOv11s-RCDWD
demonstrates superior efficiency in resource utilization.

The YOLOv11s-RCDWD model demonstrates an improved equilibrium among accuracy, speed,
and complexity. Notably, its high accuracy and efficiency make it particularly suitable for practical
agricultural scenarios, such as maize disease detection tasks, and it offers significant advantages
when deployed on resource-constrained mobile devices. The YOLOv11s-RCDWD model excels in
maize disease detection tasks, with both accuracy and efficiency surpassing other comparative
models. The improved model significantly enhances detection performance by introducing
RepLKNet, CBAM, DynamicHead, WIoU loss function, and the DynamicATSS sample allocation
strategy, providing an effective solution for intelligent detection of maize leaf diseases in complex
agricultural environments.

3.5. Visualization of Analysis Results

This study comprehensively evaluates and analyzes the performance of the YOLOv11s-RCDWD
model in corn leaf disease identification using a confusion matrix. The confusion matrix visually
presents the model’s classification performance across various categories, including correct and
incorrect classifications. In Figure 8, The diagonal elements of the confusion matrix indicate the
number of samples accurately classified by the model. In contrast, the off-diagonal elements represent
instances of misclassification among different categories.A detailed confusion matrix analysis allows
a better understanding of the model’s recognition capabilities and shortcomings across different
disease categories.

Confusion Matrix

Rust

Gray Leaf Spot-

3

Northern Leaf Blight-

True Label
Percentage (%)

Southern Leaf Blight-

5

Round spot disease-

-20

Health-

¢ S

&
R
o

Predicted Label

o

Figure 8. Confusion Matrix of the YOLOv11s-RCDWD Model.

The experimental results indicate that the improved YOLOv11s-RCDWD model achieves
generally high accuracy in identifying different disease categories, particularly in recognizing healthy
leaves (Health), with an accuracy rate of 96.82%. The recognition accuracy for Northern Leaf Blight
and Gray Leaf Spot is also relatively high, reaching 93.49% and 92.55%, respectively. However, the
model exhibits some confusion in distinguishing between Round Spot Disease and Southern Leaf
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Blight, with accuracy rates of 89.68% and 90.99%, respectively. This may be attributed to the potential
visual similarity between these two diseases, leading to misclassification by the model when
differentiating between them.

Figure 9 compares the detection results of the improved YOLOv11s-RCDWD model against the
original model. The mutual misclassifications observed among Gray Leaf Spot, Round Spot Disease,
and Southern Leaf Blight may stem from the subtle differences present in the early stages of these
diseases. Consequently, the model may not have developed sufficiently robust features to effectively
distinguish between these conditions, resulting in erroneous classifications.

In summary, the YOLOv11s-RCDWD model exhibits high accuracy in the maize leaf disease
identification task, particularly excelling in recognizing healthy leaves and Northern Leaf Blight.
However, the model still has certain limitations in distinguishing disease categories with similar
visual features, such as Rust and Gray Leaf Spot, and Southern Leaf Blight and Round Spot Disease.
These limitations may stem from the similar morphological characteristics of the diseases on the
leaves or insufficient sample sizes for certain categories in the training data. Thus, there is still room
for improvement in the model’s performance through optimization and training.

a.Health b. Rust c. Gray Leaf Spot ~ d. Northern Leaf Blight  e. Southern Leaf Blight £ Round Spot Disease

images

YOLOv1l1s

Figure 9. The detection results of the improved YOLOv11s-RCDWD model compared to the original model.

4. Discussion

The proposed YOLOv11s-RCDWD model demonstrates outstanding performance in detecting
maize leaf diseases and pests by incorporating the RepLKNet backbone network, CBAM attention
mechanism, DynamicHead detection head, WIoU loss function, and DynamicATSS label assignment
strategy. Its detection accuracy, speed, and resource efficiency significantly surpass existing models.

The model demonstrates an F1 Score of 88.9%, a Precision of 92.6%, and a Recall of 85.4%. These
findings show improvements of 4.9% and 9.0% over the YOLOv11 baseline model. This suggests that
the enhanced model is better able to locate and detect pests and diseases of maize leaves in
complicated environments. Notably, the detection time for a single image is only 1.6 ms, significantly
faster than traditional models (e.g., Faster R-CNN and YOLOVS), meeting the requirements for real-
time detection. Furthermore, the model’s parameter count (0.81 M) and computational load (27.23
GFLOPs) are significantly lower than those of comparative models, with a memory footprint of only
6.46 MB, making it suitable for deployment on resource-constrained agricultural mobile devices.
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Compared to classic models such as SSD, Faster R-CNN, and YOLOv8, YOLOv11s-RCDWD
exhibits clear detection accuracy and speed advantages. For instance, while Faster R-CNN performs
well in detecting small targets, its detection speed is slower, making it challenging to meet real-time
detection needs. On the other hand, YOLOvV8 improves speed but suffers from lower detection
accuracy in complex backgrounds. Compared to recently proposed improved models, YOLOv11s-
RCDWD outperforms them in detection accuracy and resource efficiency. For example, although
YOLOV9c has high detection accuracy, its large parameter count and computational load make
deployment on devices with limited resources difficult. In contrast, YOLOv11s-RCDWD significantly
reduces model complexity through its lightweight design. Compared to common attention
mechanisms (e.g., ECA, GAM, and SimAM) and loss functions (e.g., CloU and DIoU), CBAM and
WIoU enhance detection accuracy and localization precision. For instance, CBAM’s spatial attention
and du-al-channel processes greatly enhance the model’s capacity to extract important
characteristics. By dynamically modifying bounding box regression weights, WloU simultaneously
improves the model’s learning capacity for difficult data.

There are a number of important reasons why the YOLOv11s-RCDWD model performs better
than other variants. By adding large-kernel convolutions, the RepLKNet backbone network improves
the mod-el’s capacity to collect global characteristics. This architecture is particularly effective for
detecting maize leaf diseases and pests in natural scenes characterized by complex backgrounds.
Furthermore, the dual-channel and spatial attention processes of the CBAM attention mechanism
improve the model’s ability to extract features, greatly reducing false positives and missed detections.
Additionally, the DynamicHead detection head adapts to detection tasks of varied sizes and
complexities by dynamically adjust-ing its settings, therefore greatly enhancing the model’s capacity
to recognize mul-ti-scale objects. By dynamically modifying regression weights, the WIoU loss
function increases bounding box localization accuracy and fortifies the model’s capacity to learn from
difficult samples. Finally, the DynamicATSS label assignment approach op-timizes sample
distribution during training by dynamically altering the selection mechanism for positive and
negative samples, considerably increasing the model’s gener-alization capabilities.

Despite its excellent performance in maize leaf disease and pest detection, the YOLOv11s-
RCDWD model has some limitations. The dataset used is limited in size and diversity, affecting the
model’s generalization ability. Future work should focus on expanding the dataset’s scale and
diversity to improve the model’s robustness in practical applications. Although YOLOv11s-RCDWD
demonstrates excellent resource efficiency, there is still room for further computational load and
parameter count reduction. Future research could explore more efficient model compression
methods (e.g., knowledge distillation and quantization) and acceleration techniques (e.g., hardware
acceleration) to reduce computational costs. Additionally, the current model is primarily designed
for maize leaf disease and pest detection, and its generalization ability to other crops and scenarios
has not been fully validated. Future efforts should extend this method to disease and pest detection
in different crops, providing more comprehensive technical support for smart agriculture
development.

5. Conclusions

This study proposes an improved YOLOv1l-based model, YOLOv11-RCDWD, for detecting
maize leaf diseases and pests. Incorporating the RepLKNet module, CBAM module, DynamicHead
detection head, WIoU loss function, and DynamicATSS label assignment strategy significantly
enhanced the model’s performance on maize leaf disease and pest detection tasks. Experimental
results demonstrate that:

(1) The improved model, YOLOv11s-RCDWD, exhibits the best detection performance, with all
accuracy metrics surpassing those of the comparative models. Its Precision reaches 92.6%, Recall is
85.4%, and F1 Score is 88.9%, all higher than other models.
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(2) In terms of mAP@0.5 and mAP@0.5~0.95, YOLOv11s-RCDWD achieves 90.2% and 72.5%,
respectively, an improvement of 4.9% and 9.0% over YOLOvlls, indicating stronger detection
capabilities in complex scenarios.

(3) The parameter count (Parameter) and computational load (GFLOPs) of YOLOv11s-RCDWD
remain largely consistent with YOLOv11s, at 9.41M and 10.52M, respectively, which are significantly
lower than those of more complex models like YOLOv9c (21.35 M parameters and 84.0 GFLOPs).
Additionally, its memory footprint (Memory Cost) is 16.4 MB, a reduction from YOLOv11s’s 19.2 MB,
demonstrating that the improved model is more efficient in resource utilization.

(4) Different backbone networks exhibit significant performance variations in maize disease
detection tasks. The YOLOv1l model with RepLKNet as the backbone (YOLOv1ls-RepLKNet)
demonstrates notable comprehensive advantages in four key aspects: detection accuracy, detection
speed, model complexity, and resource usage, particularly excelling in detection accuracy. RepLKNet
achieves the highest values in both Precision and F1 Score, reaching 89.1% and 84.2%, respectively.

(5) Comparing seven common attention mechanisms—CBAM, EC, EMA, GAM, SA, SimAM,
and SK—demonstrates that the SK attention module significantly outperforms other attention
mechanisms in detection accuracy. Its Precision reaches 89.5%, and its F1 Score is 84.1%.

Furthermore, YOLOv11s-RCDWD efficiently utilizes computational resources, attaining an
ideal equilibrium between detection accuracy and speed. Its streamlined architecture with the fewest
parameters and FLOPs ensures minimal computational resource usage, facilitating deployment on
agricultural machinery equipped with embedded systems. The findings indicate that the YOLOv11s-
RCDWD model offers substantial advantages in the detection of maize leaf diseases. offering an
efficient and practical solution for intelligent agricultural disease detection. Overall, YOLOv11-
RCDWD performs well in maize leaf disease and pest detection tasks, providing robust technical
support for intelligent agricultural disease detection. Future research could further optimize the
model’s computational efficiency and extend its application to broader agricultural scenarios.
Additionally, we will further enhance the scale and diversity of the dataset to improve the model’s
generalization capabilities. We will also investigate more efficient model compression techniques to
satisfy the deployment requirements of mobile devices. Furthermore, we aim to extend this approach
to disease and pest detection in various crops, thereby providing more comprehensive technical
support for the advancement of smart agriculture.
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