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Abstract 

As a core global food crop, the stability of maize yield is directly related to food security. 

However, maize leaf diseases exhibit diverse morphologies, small initial lesions, and high 

similarity among different types of lesions, posing significant challenges for timely and ac-

curate identification. Therefore, this paper proposes a maize leaf disease diagnosis model 

based on an improved YOLO11n. First, a C3k2_AFE module is designed, which adaptively 

captures rich features by operating a spatial context module and a feature refinement mod-

ule in parallel. In addition, an adaptive downsampling module is adopted to enhance edge 

and fine-grained feature extraction. Finally, by integrating the C2PSA module with the CA-

SAttention attention mechanism, symmetric collaborative modeling between the spatial and 

channel domains is achieved, enhancing the model’s perception of diseases. Experimental 

results show that the improved YOLO11n model achieves an accuracy of 89.8%, mAP@50% 

of 88.7%, and mAP@50-95% of 71.8%, which are 1.9%, 1.5%, and 1.4% higher than those of 

the baseline YOLO11n model, respectively. The number of model parameters is 2.36 MB, 

which is 8% lower than that of the baseline model. The corn disease diagnosis model pro-

posed in this study effectively addresses the problem of disease detection in corn under 

complex environmental conditions, significantly improving the accuracy of detection and 

providing a reference for the application of corn leaf disease detection. 
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1. Introduction 

As one of the most widely cultivated grains in the world, maize plays a critical role 

in maintaining global food security [1]. Against the backdrop of continuously expanding 

maize cultivation in China, the issue of diseases has emerged as a key factor constraining 

both yield and quality [2]. Efficient disease detection is central to ensuring maize produc-

tion. Given the low efficiency and significant lag associated with traditional manual iden-

tification methods, leveraging artificial intelligence technologies for early detection of leaf 

diseases is of great importance for precise disease control and interrupting transmission 

pathways [3]. In recent years, deep learning has achieved groundbreaking progress in 

agricultural applications. For the task of crop disease recognition, this technology effec-

tively overcomes the reliance on manual feature extraction inherent in traditional meth-

ods, demonstrating outstanding competitiveness in recognition accuracy and generaliza-

tion capability under complex environments [4]. 
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In terms of improving recognition performance, researchers have initially focused on 

optimizing algorithms and developing strategies for small-sample processing, striving to 

accelerate model convergence under limited data conditions. To address the recognition 

challenges brought by small samples and complex field backgrounds, Yao et al. [5], based 

on VGGNet16, introduced transfer learning and attention mechanisms, and proposed the 

NLCBAM-VGGNet16 model. The experimental results show that the accuracy of this 

model in the task of identifying common diseases and pests of winter wheat reaches 

97.57%, effectively improving the feature extraction and classification ability of pest and 

disease images, and achieving high-precision recognition. He et al. [6] proposed an im-

proved detection algorithm called MFaster R-CNN. By incorporating batch normalization 

layers into the convolutional layers, the method accelerated network convergence and en-

hanced model generalization. In addition, they innovatively introduced a center cost func-

tion and constructed a hybrid loss function, significantly improving the model’s ability to 

distinguish between disease spots with highly similar features. Dash et al. [7] proposed a 

novel classification model that integrated deep feature extraction with advanced optimi-

zation strategies. Innovatively, they introduced a support vector machine as the classifi-

cation backend and employed Bayesian optimization for fine-tuning hyperparameters, 

thereby achieving optimal alignment between deep features and statistical learning mod-

els. Rani et al. [8] proposed a corn disease classification method that integrates attention 

mechanisms with few-shot learning, using a pre-trained VGG16 as the backbone network 

and combining it with a prototypical network for few-shot disease recognition. This ap-

proach achieved a classification accuracy of 98.25% on the corn disease dataset, effectively 

alleviating the problem of insufficient labeled data in agricultural scenarios. 

The evolution of network architectures and the capability for multi-scale feature ex-

traction serve as core drivers for enhancing model performance. Liao et al. [9] addressed 

the issue of insufficient demand for citrus fruit drop detection and quantity statistics in 

the assessment of variety resilience, proposing a lightweight detection model named 

YOLO-MECD based on YOLOv11s. This method improved upon the YOLOv11 frame-

work by introducing the EMA attention mechanism to replace the original C2PSA mod-

ule, thereby enhancing the feature expression ability and reducing the model parameters; 

at the same time, the CSPPC module based on partial convolution was adopted to replace 

the C3K2 structure to enhance the feature capture ability; in addition, the MPDIoU loss 

function was introduced to improve the bounding box regression accuracy and accelerate 

model convergence. Experimental results showed that this model achieved 84.4% Preci-

sion, 73.3% Recall, and 81.6% mAP in the citrus detection task. Nagaraju et al. [10] pro-

posed a novel deep convolutional neural network model named NPNet-19. In compari-

sons with mainstream pre-trained models such as DenseNet-121 and Inception V2, 

NPNet-19 achieved significant improvements in classification accuracy, ranging from 

1.1% to 14.52%. To address the issue of insufficient multi-scale feature recognition in corn 

disease detection, Yao et al. [11] improved the RT-DETR model. They first redesigned the 

backbone network and introduced the DAttention and SCConv modules, which enhanced 

the detection accuracy of the model. The mAP@0.5 reached 92.0%, while effectively reduc-

ing the model’s parameter quantity. Kang et al. [12] proposed a novel detection model 

that combines attention mechanisms with multi-scale feature fusion. By aggregating 

multi-dimensional information from both local and global scales, the model achieves sim-

ultaneous coverage of small lesions and large-area diseases. Liu et al. [13] proposed a spa-

tial multi-scale efficient real-time detector, integrating a SwConv-ResNet backbone net-

work. By redesigning the convolution approach, they achieved lightweight architecture 

and introduced a novel spatial multi-scale feature fusion structure capable of capturing 

target features of varying sizes across scales. The model achieved 93.6% accuracy and 92% 

mAP@50% on the PlantVillage dataset, demonstrating significantly superior detection 
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performance compared to current general-purpose object detection algorithms. In addi-

tion, how to enable models to accurately identify key pathological regions under complex 

backgrounds has become a research hotspot, giving rise to attention mechanisms. Lv et al. 

[14] constructed a fully connected network and convolutional neural network model in-

tegrated with an attention mechanism. By introducing attention modules to optimize 

multi-view imaging spectroscopy measurement techniques, they achieved efficient and 

precise monitoring of southern maize rust. Qian et al. [15] proposed a novel network 

model combining transformers with self-attention mechanisms. By tokenizing local image 

region information and utilizing attention mechanisms to compute correlations between 

local regions, they achieved deep integration from local features to global context. This 

architecture adaptively weighs feature importance, enabling accurate capture of disease 

spot features in complex visual signals while effectively suppressing background noise. 

Fang et al. [16] proposed a novel deep learning architecture HCA-MFFNet, which intro-

duces a multi-scale hard coordinate attention (HCA) mechanism and constructs a multi-

feature fusion network (MFFNet) to enhance the model’s ability to extract disease spot 

features. This architecture collaboratively extracts key weight information from two spa-

tial dimensions, preserving subtle pathological features to the greatest extent. Masood et 

al. [17] proposed a deep learning framework called MaizeNet. This model is based on an 

improved Faster R-CNN architecture, utilizing ResNet-50 as the backbone network and 

incorporating a spatial-channel attention mechanism. By computing and extracting deep 

keypoints, it effectively focuses on lesion features while reducing interference from non-

target regions, thereby achieving precise localization of diseased areas in complex visual 

environments. To address the issue of insufficient precision in tea leaf lesion segmenta-

tion, Hu et al. [18] proposed the MDC-U-Net3+ model based on MSFFM, multi-scale at-

tention mechanism and CRF. The experimental results show that the mAP of this model 

reaches 94.92%, effectively improving the accuracy and boundary detail representation of 

tea leaf lesion segmentation. Regarding the problems of complex background and slow 

inference speed in field rice disease images, Liu et al. [19] improved the MobileViT model. 

By optimizing the convolutional layer and Transformer structure, the model’s recognition 

accuracy reaches 97.25%, while also having a faster inference speed and a smaller model 

size, which can meet the real-time disease diagnosis requirements in the field. Sun et al. 

[20] proposed an improved EfficientNet model for corn leaf disease identification, enhanc-

ing the model’s feature extraction capability and robustness against background interfer-

ence through multi-scale feature fusion and a dual pooling strategy. The model achieved 

a recognition accuracy of 98.32% on the test set, significantly outperforming classical clas-

sification models such as ResNet34 and DenseNet121. Du et al. [21] addressed the issues 

of large-scale variations of pest and disease targets, inconsistent feature levels, and severe 

interference from negative samples in complex agricultural scenarios, and proposed the 

YOLOv7-PSAFP detection network. This method is based on YOLOv7 and introduces the 

progressive spatially adaptive feature pyramid (PSAFP) to enhance the multi-scale feature 

fusion capability, and combines the variable focal loss and loss rank mining loss function 

to reduce the interference of invalid negative samples on the training process. Experi-

mental results show that this method achieves an mAP of 84.7% on the filtered PlantVil-

lage dataset, an improvement of 2.9% compared to the YOLOv7 baseline model, verifying 

its effectiveness in pest and disease detection in complex agricultural scenarios. Yang et 

al. [22] addressed the problems of the susceptibility of corn leaf spot disease lesions to 

interference in complex field backgrounds and the low efficiency of traditional manual 

identification. They proposed an improved leaf spot disease target detection method 

based on real field disease leaf images. This method builds a dataset based on real field 

disease leaves and introduces the slender neck module and GAM attention mechanism in 

YOLOv8 to enhance the multi-scale feature fusion capability and focus on the lesion area. 
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Experimental results show that the Precision, Recall, mAP50, and mAP50-95 of the im-

proved model are 3.79%, 4.65%, 3.56%, and 7.30% higher than those of the original 

YOLOv8, respectively, enabling accurate positioning and recognition of corn leaf spot dis-

ease in complex field environments. The above studies mainly focus on network structure 

optimization, multi-scale feature fusion, and the introduction of attention mechanisms, 

enhancing the model’s ability to extract and express features in lesion areas, effectively 

improving the accuracy and robustness of disease recognition. 

As model performance stabilizes, lightweight design and real-time deployment capa-

bilities have become key to advancing technology toward field-based agricultural produc-

tion. Alpsalaz et al. [23] developed a lightweight and interpretable convolutional neural net-

work model that achieves 94.97% classification accuracy for maize leaf diseases with only 

1.22 million parameters, enabling real-time inference on mobile devices. By combining 

transfer learning with data augmentation techniques, the model demonstrates strong gen-

eralization capability. Zeng et al. [24] proposed a Lightweight Dense Scale Network 

(LDSNet), which incorporates an improved dense dilated convolution block and innova-

tively replaces traditional feature concatenation with a “coordinate attention scale fusion” 

mechanism, enhancing the model’s sensitivity in extracting critical disease features under 

complex backgrounds. While maintaining extremely low computational load, it exhibits 

outstanding classification performance. Li et al. [25] reshaped the backbone network of 

YOLOv8s by integrating the lightweight ghostNet architecture and streamlined the detec-

tion head using the C3Ghost module, significantly improving inference speed while simpli-

fying the model architecture. Gajjar et al. [26] proposed a lightweight real-time system inte-

grating lesion localization and classification functions. The system employs an innovative 

deep convolutional neural network architecture and introduces a single-stage detector to 

achieve rapid leaf region extraction and precise disease localization. Through extensive test-

ing in real farmland scenarios, the system demonstrated high success rates and robustness 

under complex conditions such as illumination fluctuations and occlusion. 

To balance lightweight design with recognition performance, Amin et al. [27] devel-

oped an end-to-end deep learning framework that fuses deep features from two pre-

trained networks, EfficientNetB0 and DenseNet121, achieving efficient maize leaf disease 

classification while keeping model parameters controllable. Sun et al. [28] proposed a 

dual-channel multi-scale network model with cross-attention mechanism and spatial di-

mensional feature fusion. They designed a dedicated color subnetwork to extract color 

representations less affected by illumination interference, and constructed a texture sub-

network to capture subtle texture evolution of disease spots while enhancing the 

weighting of key regions. In five-fold cross-validation on a self-built dataset, the model 

achieved an average accuracy of 97.02%. Maginga et al. [29] developed a dual-track detec-

tion framework for heterogeneous sensor data. The first track employs a hybrid CNN-

LSTM model enhanced by wavelet transform preprocessing for feature extraction and 

classification of volatile organic compounds, while the second track utilizes an LSTM 

model to capture anomalous fluctuations in ultrasonic emissions from maize plants. The 

model achieved an F1 score of 0.96 on the VOC classification task. 

In summary, deep learning in the field of maize leaf disease recognition has achieved 

significant breakthroughs in both recognition accuracy and environmental adaptability 

through the introduction of transfer learning, multi-scale feature fusion, and various at-

tention mechanisms. However, to achieve truly efficient disease diagnosis in complex 

maize field environments, the following bottlenecks remain. First, the trade-off between 

accuracy and model complexity continues to be a prominent issue. Although architectures 

such as Transformers have enhanced overall perception, their substantial computational 

overhead limits deployment on embedded devices. Second, challenges persist in captur-

ing disease information and the loss incurred during feature compression. Due to factors 
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such as drastic illumination changes, leaf overlap and occlusion, and the diverse morphol-

ogy of disease spots, existing models still have room for improvement in both the depth 

and breadth of feature extraction. Based on YOLO11n, a lightweight feature extraction 

strategy is proposed, integrating C3k2_AFE and ADown to reduce information loss dur-

ing downsampling while enhancing multi-scale feature representation. Additionally, the 

C2PSA_CASAttention mechanism is incorporated to strengthen the interaction between 

local texture features and global context information, thereby improving the detection ca-

pability for subtle disease symptoms. Extensive experiments demonstrate that the pro-

posed method achieves a superior trade-off among accuracy, detection precision, and 

model complexity compared to the baseline YOLO11n and several representative light-

weight object detectors. Therefore, this paper presents an improved YOLO11n model for 

corn leaf disease detection, which enhances detection accuracy while reducing model pa-

rameters and computational complexity. 

2. Materials and Methods 

2.1. Baseline Model 

YOLO11 is a single-stage detection algorithm that balances accuracy and speed in 

object detection tasks, offering distinct advantages for real-time detection applications. 

The network architecture of YOLO11 primarily consists of three components: the back-

bone, the neck, and the detection head. Building upon the YOLOv8 algorithm, it adopts a 

more efficient C3k2 module in place of the original C2f module, thereby improving com-

putational efficiency. The C3k2 module is derived from the C2f module and allows the 

selection of either C3k or Bottleneck by setting the parameter C3k to False or True. Fol-

lowing the spatial pyramid pooling module, a C2PSA module incorporating a spatial at-

tention mechanism is added to enhance the model’s focusing capability. In terms of the 

detection head, YOLO11 incorporates depthwise separable convolutions, making the 

model more lightweight while improving efficiency. The architecture diagram of the 

YOLO11 model is shown in Figure 1. 
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Figure 1. Module diagram of YOLO11n. 

2.2. Dataset Preparation 

This study utilizes the publicly available dataset Roboflow CornDiseases. The dataset 

comprises a total of 8310 images, covering four target categories (including ‘Maize Rust’, 
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‘Gray Leaf Spot’, ‘Healthy’, and ‘Leaf Blight’), as shown in Figure 2. Before training, the 

dataset was preprocessed using Roboflow, which included automatic orientation correc-

tion and resizing all images to 640 × 640 pixels. Additionally, Roboflow generated two 

enhanced outputs for each training image by applying random noise augmentation. The 

composition of the dataset is shown in Table 1. 

    
(a) Maize Rust (b) Gray Leaf Spot (c) Healthy (d) Leaf Blight 

Figure 2. Maize Leaf Disease Categories. 

Table 1. Dataset composition. 

Category Training Set Validation Set 

Maize Rust 2142 248 

Gray Leaf Spot 2204 256 

Healthy 1950 245 

Leaf Blight 1092 173 

Total 7388 922 

2.3. Experimental Environment 

Properly setting the training epochs are crucial for improving the model’s generali-

zation ability, ensuring that the model maintains strong detection performance on data 

not used during training. If the training epochs are too long, the model may suffer from 

overfitting, while also increasing training time and computational resource consumption. 

Therefore, this experiment sets the number of training epochs to 200 to achieve a balance 

between training efficiency and model performance. Regarding the optimizer, stochastic 

gradient descent (SGD) demonstrates good convergence properties, so SGD is selected as 

the optimizer in this study. The specific training environment and parameter configura-

tions are shown in Table 2. 

Table 2. Training environment configuration. 

Hyperparameter Setting 

Batch Size 64 

Epochs 200 

Optimizer SGD 

Image Size 640 × 640 

Operating System Ubuntu 22.04 

Programming Language Python 3.12 

Programming Software Pycharm 2024.3.1.1 

Deep Learning Framework PyTorch 2.5.1 

GPU Model NVIDIA GeForce RTX 4090 

3. Model Design 

3.1. Improved Model 

For the task of maize leaf disease detection, due to the diverse morphology of disease 

spots and interference from complex backgrounds, the model not only requires high fea-
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ture extraction precision but also must consider deployment performance on edge de-

vices. Therefore, this paper proposes a lightweight detection scheme based on an im-

proved YOLO11n model, aiming to balance detection accuracy, inference speed, and 

model parameter count. 

First, to enhance the robustness of feature capture, this paper introduces an Adaptive 

Feature Enhancement (AFE) module to reconstruct C3k2, thereby improving the model’s 

ability to extract multi-scale disease spot features under complex backgrounds. Second, in 

the downsampling stage, the ADown structure is adopted to replace traditional convolu-

tion. By employing a parallel downsampling mechanism, it effectively mitigates infor-

mation loss during feature map compression, thus preserving disease spot details. Fur-

thermore, to optimize global dependency modeling capability, this paper introduces the 

C2PSA_CASAttention module to replace the original C2PSA. By incorporating a convo-

lutional additive self-attention mechanism, it strengthens the model’s perception of key 

disease regions, effectively reducing the miss rate and improving generalization perfor-

mance. The improved YOLO11n model can more accurately adapt to multi-scale lesions 

and complex background characteristics in maize leaves. The architecture of the improved 

YOLO11n model is shown in Figure 3. 
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Figure 3. Improved YOLO11n module diagram. 

3.2. C3k2_AFE Module 

In maize leaf disease detection tasks, challenges arise from early-stage lesions that 

are subtle in appearance and closely resemble the color of healthy leaves. In traditional 

CNN architectures, feature extraction is often constrained by fixed-size convolutional ker-

nels, making it difficult for the model to capture contextual information when dealing 

with cluttered backgrounds or objects with significant scale variations. Although the orig-

inal C3k2 module achieved efficient feature extraction through a lightweight architecture, 

it mainly relied on convolution-based feature aggregation and lacked an adaptive mech-

anism for distinguishing informative lesion features from redundant background infor-

mation. In the detection of corn leaf diseases, the diseased area typically occupies only a 

small portion of the image, and exhibits subtle texture changes in a complex field back-

ground. Therefore, during the feature extraction process, the discriminative features of 

the lesion may be weakened, thereby reducing the network’s ability to accurately repre-

sent the disease pattern. To address this limitation, this paper designs the C3k2_AFE mod-
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ule. The core improvement of C3k2_AFE lies in replacing the original Bottleneck with a 

parallel enhancement unit that integrates a Spatial Context Module (SCM) and a Feature 

Refinement Module (FRM). 

After the input feature X enters the AFE block, it first undergoes standardized pre-

processing through a Convolutional Embedding (CE) layer. Subsequently, the channel di-

mension is compressed to C/2 via a 1 × 1 convolution, reducing computational complexity 

while achieving preliminary cross-channel information integration. 

( )normX LayerNorm X=  (1) 

( )( )1 1 3 3ce norm normX Conv DWConv X X = +  (2) 

Among them, as the core intermediate variable 𝑋𝑐𝑒 of the module, it is fed into a 

dual-path enhancement branch comprising the SCM and FRM operating in parallel. This 

dual-path enhancement branch constitutes the core of the AFE module. On one hand, the 

SCM is designed to address scale variations in the scene by employing large-kernel 

grouped convolutions (e.g., 7 × 7 convolutions). Compared to stacking small-kernel con-

volutions, large-kernel convolutions provide a broader receptive field. The output fea-

tures 𝐹𝑠𝑐𝑚 capture the spatial correlations between the target and its surrounding envi-

ronment, effectively addressing the challenge of target discrimination in complex back-

grounds. On the other hand, the FRM draws inspiration from sharpening filtering con-

cepts in digital image processing. By comparing feature responses in high-frequency and 

low-frequency regions, FRM adaptively enhances the edge contours of targets. Particu-

larly for semi-transparent objects or small targets with blurred boundaries, FRM extracts 

more discriminative semantic cues. 

( ) ( )frm ce ceF Refine X Attention X=   (3) 

After obtaining the outputs of the SCM and FRM, the module does not simply per-

form an addition operation, but instead carries out nonlinear fusion through a convolu-

tional multi-layer perceptron. This process achieves the “amplification” and “reconstruc-

tion” of features. 

( ) ( )( ),fusion ce ceF ConvMLP SCM X FRM X=     (4) 

Finally, the enhanced features are concatenated with the residual branch of C3k2, 

which not only preserves shallow-level detail information but also incorporates the deep 

semantic enhanced features processed by AFE. The structure is shown in Figure 4. 
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Figure 4. Adaptive Feature Enhancement (AFE) Block. 

3.3. Adown Module 

In object detection models, downsampling is a critical step for reducing the spatial di-

mensions of feature maps while capturing high-level semantic information. However, the 

traditional convolutional downsampling method with a stride of 2 employed by YOLO11n 

exhibits certain limitations when applied to the task of maize leaf disease detection. On one 

hand, early-stage lesions of maize diseases often present as extremely tiny, dot-like distri-
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butions, and traditional convolution tends to easily lose key fine-grained details such as 

edges and textures during spatial dimension compression. On the other hand, the large 

number of parameters in traditional convolution imposes a heavy computational burden on 

real-time inference of the model. Therefore, in this study, an ADown downsampling mod-

ule was introduced to replace the original traditional convolutional layers in the YOLO11n 

backbone network. During the feature compression process, more discriminative spatial de-

tails were retained. The ADown module is designed to resolve the conflict between infor-

mation loss and computational redundancy during downsampling in deep convolutional 

neural networks. Unlike traditional strided convolution or single pooling, ADown adopts a 

multi-path parallel perception and feature reshaping strategy. 

The ADown module achieves adaptive compression of feature space through a dy-

namic channel fusion mechanism. This is particularly crucial for identifying early-stage 

maize rust lesions, which occupy a small proportion and exhibit subtle features, as it ef-

fectively mitigates the loss of fine-grained information in deep networks and ensures the 

efficient transmission of lesion edge features. By incorporating depthwise separable con-

volution and group convolution operators, the module significantly reduces computa-

tional overhead while maintaining feature integrity, thereby striking a favorable balance 

between high-precision detection and real-time inference in field environments. Further-

more, ADown integrates an adaptive channel attention mechanism to achieve multi-scale 

deep fusion of shallow texture details and deep pathological semantics. This enables the 

model to precisely localize lesions even under complex illumination and background in-

terference, markedly improving detection robustness in agricultural scenarios. 

In terms of structural implementation, ADown splits the input feature map
H W CX    along the channel dimension into two independent sub-branches, as illus-

trated in Figure 5. The first is the global perception branch, which captures the statistical 

characteristics of the regional background through average pooling (AvgPool) and then 

performs a linear transformation using a 1 × 1 convolution to ensure smooth transmission 

of global semantics. The second is the local detail branch, which employs a 3 × 3 convolu-

tion with a specific stride to extract local edge and texture features, thereby maintaining 

spatial discriminability. Finally, the outputs of the two branches are fused through chan-

nel concatenation, with its mathematical expression presented as follows: 

( )( ) ( )1 1 3 3, 2,left s rightY Concat Conv AvgPool X Conv X  =
 =
 

 (5) 

where 𝑋𝑙𝑒𝑓𝑡 and 𝑋𝑟𝑖𝑔ℎ𝑡 respectively represent slices of input features along the channel 

dimension. 
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Figure 5. ADown Downsampling Module Structure Diagram. 
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3.4. C2PSA_CAS Attention Module 

In the task of maize leaf disease detection, complex field environments often intro-

duce severe noise interference to the model. In particular, early-stage disease lesions typ-

ically appear as dot-like distributions, and their textural features are highly similar to the 

physiological textures of healthy leaves. Although the original C2PSA module enhances 

the feature representation through PSA, its attention mechanism mainly focuses on mod-

eling long-range dependencies and lacks sufficient convolutional inductive biases to 

achieve local feature extraction. In the detection of corn leaf diseases, the lesion areas usu-

ally have subtle texture changes, irregular boundaries, and small-scale spatial distribution 

characteristics. Therefore, the original PSA may not be able to fully capture these fine-

grained local features, resulting in insufficient ability to distinguish the disease areas from 

the complex background. To overcome this limitation, a convolutional addition self-atten-

tion mechanism is embedded into the C2PSA module. CASAttention combines the local 

receptive field of convolution with the global perspective of self-attention. Through an 

“additive” strategy, this module effectively fuses local lesion details captured by depth-

wise convolution with global leaf context information obtained by self-attention. This en-

ables the model to maintain high spatial sensitivity when confronted with clustered tiny 

lesions on maize leaves. 

CASAttention separately extracts the spatial and channel features of 
( )Query Q

 and 

( )Key K
 through specific mapping functions, thereby avoiding complex matrix opera-

tions. The module primarily relies on the Convolutional Additive Token Mixer (CATM) 

to construct its architecture, where CATM operates on the input tensor in both the spatial 

and channel domains. 

In the spatial domain, the module first integrates local neighborhood information us-

ing 3 × 3 depthwise separable convolution to establish the inductive bias of local features. 

Then, it compresses the feature dimensions through 1 × 1 convolution and generates a 

spatial weight map SM
 using the Sigmoid activation function. In the channel domain, 

unlike the excessive compression in traditional SENet, CASAttention directly utilizes 1 × 

1 convolution to achieve cross-channel information interaction and alignment, generating 

a channel weight map CM . Its mathematical expression is as follows: 

1 1 3 3( ( ( )))sM Sigmoid Conv Conv X =  (6) 

1 1( ( ( )))cM Sigmoid Conv Pool X=  (7) 

To simultaneously utilize spatial information and channel information, CASAtten-

tion integrates spatial attention and channel attention to obtain the context mapping func-

tion 
( ) 

, which is expressed as: 

( ) s cX M X M X = +  (8) 

Unlike the traditional self-attention mechanism which calculates the correlation be-

tween Query and Key using matrix multiplication, CASAttention employs additive simi-

larity to establish the context relationship, effectively avoiding the high computational 

complexity brought about by matrix multiplication and Softmax. The similarity function 

is defined as: 

( ) ( ) ( ),Sim Q K Q K=  +  (9) 

Finally, the context information is fused using a linear mapping function, and then it 

is multiplied element-wise with the Value feature to obtain the output of the CASAtten-

tion. The expression is as follows: 
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( ) ( )( )O Q K V=   +   (10) 

Here, Γ(·) ∈ RN × C represents a linear transformation for integrating contextual in-

formation. 

As illustrated in Figure 6. This mechanism is embedded into the C2PSA module of 

YOLO11 to form C2PSA_CASAttention. This structure retains the gradient flow ad-

vantages of Cross Stage Partial (CSP) and splits the feature map into an identity branch 

and an enhancement branch via the Split operation. In the enhancement branch, CASAt-

tention replaces the original Pyramid Self-Attention (PSA), enabling the module to 

achieve stronger local texture recognition and global context understanding while remain-

ing lightweight. 

Linear LinearLinear

S

S

S

S

S

Sigmoid

Interaction

Channel

Spatial

Q K V

N

C

 

Figure 6. Conv Additive Self-Attention. 

3.5. Evaluation Indicators 

This paper primarily uses precision, recall, mAP, and the number of parameters as 

metrics to evaluate model performance. 

In object detection tasks, based on the combination of ground truth and predicted 

labels, samples can be divided into four cases: True Positive (TP), True Negative (TN), 

False Positive (FP), and False Negative (FN). 

Precision refers to the proportion of samples predicted as positive by the model that 

are actually positive. It reflects the accuracy of the model’s predictions. The calculation 

formula for precision is shown in Equation (11). 

TP
Precision

TP FP
=

+
 (11) 

Recall refers to the proportion of all actual positive samples that are correctly pre-

dicted as positive by the model. It reflects the model’s detection sensitivity to the target. 

The calculation formula for recall is shown in Equation (12). 

TP
Recall

TP FN
=

+
 (12) 

mAP@50% refers to the mean average precision when the intersection over union 

(IoU) threshold between the predicted box and the ground truth box is 0.5. mAP@50-95% 

refers to the mean average precision when the IoU threshold ranges from 0.5 to 0.95 in 

increments of 0.05. 

The calculation formulas for AP and mAP are shown in Equations (13) and (14),  

respectively. 
1

0
AP PdR=   (13) 
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1

N

ii
AP

mAP
N

==


 (14) 

4. Results and Discussion 

4.1. Ablation Experiment 

Ablation experiments are conducted to verify the effectiveness of the proposed algo-

rithm. Modules are selectively added to the baseline model under the same dataset and 

experimental environment to intuitively observe the improvement effect of each module. 

The experimental results are shown in Table 3. 

Table 3. Ablation Experiment Table. 

C3k2_AFE ADown C2PSA_CASAttention 
mAP@50 

(%) 

mAP@50-

95(%) 

Precision 

(%) 
Parameter(M) 

FLOPs 

(G) 

   87.2 70.4 87.9 2.58 6.3 

√   88.2 71.0 89.4 2.85 7.6 

 √  88.4 71.1 88.1 2.10 5.1 

  √ 88.0 71.1 89.0 2.62 6.3 

√ √  87.7 70.9 88.6 2.30 6.4 

√  √ 88.7 71.4 88.3 2.88 7.6 

 √ √ 88.6 71.4 87.8 2.14 5.2 

√ √ √ 88.7 71.8 89.8 2.36 6.4 

Note: “√” represents that this item is adopted. 

The experimental results demonstrate that, compared with the original YOLO11n 

model, introducing the C3k2_AFE module into the baseline model enables more sensitive 

capture of subtle pathological changes on maize leaves by adaptively enhancing the fea-

ture weights of key lesion regions. The ADown downsampling unit further optimizes the 

feature transmission process, reducing spatial information loss during downsampling by 

integrating pooling and convolution operations. As a result, the model achieves a 1.2% 

improvement in mean average precision while maintaining lightweight characteristics 

and effectively sustaining inference speed. 

By integrating both ADown and C2PSA_CASAttention into the baseline model, the 

model is better able to handle complex background interference under overlapping 

leaves. The additive self-attention mechanism enables deep modeling of global context, 

allowing for more comprehensive extraction and fusion of multi-scale features. This leads 

to a 1.4% overall improvement in mean average precision. The synergistic effect of the 

three modules significantly enhances the model’s ability to disentangle maize disease fea-

tures and optimizes the performance of multi-scale feature fusion. 

4.2. Comparative Test 

To comprehensively validate the proposed network models’ effectiveness, compara-

tive experiments were conducted using single-stage object detection networks including 

YOLOv5, YOLOv8, YOLOv10, YOLO11, and RT-DETR. The experimental results are pre-

sented in Table 4. 
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Table 4. Comparative Experiment Table. 

Model 
Precision 

(%) 

Recall 

(%) 

mAP@50 

(%) 
mAP@50-95(%) Parameter(M) 

YOLOv5n 86.6 84.7 86.3 69.6 2.50 

YOLOv8n 86.9 85.3 86.6 69.7 3.00 

YOLOv10n 85.5 85.6 86.0 68.4 2.69 

YOLO11n 87.9 86.0 87.2 70.4 2.58 

YOLO12n 87.5 84.8 87.0 70.1 2.55 

YOLO26n 86.9 86.1 86.5 69.7 2.38 

RT-DETR 88.0 84.2 86.1 69.7 31.9 

Improved YOLO11n 89.8 86.0 88.7 71.8 2.36 

The experimental results show that the improved model achieves a precision of 89.8%. 

In comparison with other models, YOLOv5n achieves an accuracy of 86.6%, YOLOv8n 

achieves 86.9%, YOLOv10n achieves 85.5%, the original YOLO11n achieves 87.9%, 

YOLO12n achieves 87.5%, and YOLO26n achieves 86.9%. The improved model outperforms 

all the above comparative algorithms in terms of precision, indicating that the model has 

high accuracy when detecting targets. In terms of mean average precision (mAP), the im-

proved model achieves 88.7%, which is also higher than these comparative algorithms. 

4.3. Result Analysis 

A confusion matrix is a structured tool for comprehensively evaluating the perfor-

mance of a classification model. Its core logic lies in cross-comparing the model’s predic-

tions with the ground truth labels in the experimental environment. Each row of the ma-

trix typically represents the true class of the samples, while each column represents the 

prediction results given by the model. The confusion matrix of this study is shown in Fig-

ure 7. Compared with the baseline, the proposed model shows a clearer diagonal distri-

bution in the confusion matrix, indicating an improvement in classification consistency. 

Particularly, the misclassification between Leaf Blight and the background has decreased, 

demonstrating an enhanced ability to identify in complex scenarios. 

  

(a) YOLO11n (b) Improved YOLO11n 

Figure 7. Confusion matrix. 

This describes the dynamic relationship between the model’s search breadth for tar-

gets and the confidence threshold. Recall represents the proportion of all actually existing 

disease targets that the model successfully identifies. This curve illustrates the risk of 
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missed detections under different decision criteria of the model. The Recall–Confidence 

curve of this paper is shown in Figure 8. 

  
(a) YOLO11n (b) Improved YOLO11n 

Figure 8. Recall–Confidence curve. 

The Precision–Recall curve describes the relationship between precision and recall. The 

area under this curve directly corresponds to the most core metric in object detection—AP 

(Average Precision). The Precision–Recall curve of this paper is shown in Figure 9. 

  
(a) YOLO11n (b) Improved YOLO11n 

Figure 9. Precision–Recall curve. 

To further clarify the performance of this study and its position in related research, 

it is necessary to compare it with existing studies on the identification of corn leaf diseases. 

Rani et al. and Sun et al. achieved high recognition accuracy in the task of corn leaf disease 

image classification, but their results are not suitable for direct numerical comparison with 

the detection performance of this study. This is because different studies have differences 

in data sources, category settings, image acquisition environment, sample division, model 

structure, and evaluation indicators; more importantly, Rani et al. and Sun et al. mainly 

focus on image-level classification tasks, that is, classifying disease categories for the en-

tire leaf image, while this study uses YOLO11n for target detection, which requires sim-

ultaneously completing disease category recognition and lesion area localization, and is 

affected by factors such as target scale variation, background interference, leaf occlusion, 

and bounding box matching. Therefore, the classification Accuracy reported in existing 

studies and the detection indicators such as mAP used in this study reflect the model ca-

pabilities at different levels, and a lower detection indicator does not mean the model’s 

effectiveness is insufficient in practical applications. 

The position of this study in the existing literature is lightweight corn leaf disease 

detection research for practical agricultural monitoring needs. Different from methods 

that mainly aim to improve the accuracy of image-level classification, this paper aims to 

achieve a balance between detection accuracy, model complexity, and deployment effi-
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ciency to adapt to real-time applications on resource-constrained devices. Specifically, 

C3k2_AFE enhances the discriminative features of lesion areas and suppresses redundant 

background information, improving the model’s feature extraction ability in complex vis-

ual conditions; ADown retains fine-grained spatial information as much as possible dur-

ing feature downsampling, thereby enhancing the perception ability for small-scale le-

sions; C2PSA_CASAttention combines the local inductive bias of convolution with the 

global modeling ability of the attention mechanism, achieving the collaborative expres-

sion of local texture details and global context information. These modules jointly enhance 

the model’s ability to recognize and locate different-scale disease targets, enabling the 

proposed method to provide a solution with practical application potential for real-time 

detection and edge-end deployment of corn leaf diseases. 

5. Conclusions 

This paper proposes an improved multi-scale YOLO11n model for maize leaf disease 

detection to address challenges such as the diversity and similarity of disease features, 

large-scale variations, and field background interference. 

(1) By combining the C3k2 module with the AFE module, we propose C3k2_AFE to en-

hance the extraction capability of multi-scale lesion features. 

(2) The ADown downsampling module is introduced into the model’s backbone net-

work to replace ordinary convolutional blocks, significantly reducing the model’s 

parameter count and computational load. 

(3) To reduce computational redundancy while strengthening the correlation between 

spatial and channel dimensions, we propose C2PSA_CASAttention. This improve-

ment enables the model to precisely focus on lesion regions and suppress back-

ground noise, effectively reducing the missed detection rate and false detection rate 

in densely planted environments. 

In summary, the improved YOLO11n model proposed in this paper exhibits stronger 

detection performance and greater advantages compared to the original YOLO11n model. 

The tasks that need to be carried out in the future are to conduct further research on model 

improvement and optimization, or to study knowledge distillation techniques, in order to 

transfer knowledge from large models to lightweight detectors, thereby achieving better 

deployment on edge devices with limited computing resources, and protecting crops from 

disease stress. 
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