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DB-DAB-Net: An Efficient Novel Network for Maize Leaf
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Abstract: Maize is a vital global food crop, yet its production is vulnerable to various diseases. Under complex
backgrounds, the existing deep learning models often suffer from insufficient multi-scale feature extraction and inefficient
fusion of contextual information, leading to low accuracy in disease identification. To address these issues, this paper
proposes a maize leaf disease recognition model (DB-DAB-Net), which combines a two-branch feature extraction structure
with the attention mechanism. Firstly, Depthwise Separable Conv is constructed as a two-branch feature extraction structure
to capture complex features and spatial details while reducing computational cost and parameter count. A dynamic fusion
gating mechanism is introduced to adaptively integrate the double branch, enhancing the feature extraction efficiency and
model robustness. Then, MCSA module is incorporated after each stage, which combines channel attention and spatial
attention. A bidirectional interactive weight mechanism is introduced to achieve fine capture of global and local information
while minimizing calculation cost. Finally, BIFPN module is added in front of the average pooling layer, which performs
multi-scale feature fusion through the bidirectional feature pyramid network, dynamically adjusts features at different scales
using learnable weights, and employs Swish activation function to ensure gradient stability, so as to further improve the
model's perception ability of multi-scale targets. The experimental results show that DB-DAB-Net achieves good
identification performance on maize disease data set, with the identification accuracy rate, recall rate, F1 score and accuracy
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rate reaching 97.58%. 97.47%. 97.49% and 97.47%, respectively. The number of parameters and floating-point operations

of the model are 2.53 M and 5.56 G, respectively. In complex environment, DB-DAB-Net model can effectively improve the

accuracy of maize leaf disease detection, providing a new technical idea for agricultural disease monitoring.

Keywords: Maize leaf disease; double-branch network; multi-scale feature fusion; attention mechanism; smart agriculture
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Table 2 Comparative experiment of different convolution kernels

B AHER /% B % FLAE0% R/ % ZHM TR R
Conv Precision Recall Fl-score Accuracy Parameters GFLOPs
StdConv 94.90 94.85 94.83 94.85 10.72 32.26
GroupConv 95.03 94.95 94.92 94.95 1.11 3.18
DilatedConv 91.82 91.74 91.70 91.74 8.65 25.99
DeformableConv 95.54 95.53 94.50 95.54 1.32 15.73
DynamicConv 95.65 95.58 95.62 95.64 1.85 5.29
DepthSepConv 97.58 97.47 97.49 97.47 2.53 5.56
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Fig. 11 Comparison experiment of different attention
mechanisms
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Table 3 Comparison results of different networks
GES AR/ % 1A% FL40% HERIHR/% ZHE/M TR
Network Precision Recall Fl-score Accuracy Parameters GFLOPs
AlexNet 94.26 94.13 94.20 94.13 14.59 2.34
GoogleNet 95.64 95.38 95.51 95.38 10.32 1.58
ResNet50 96.33 96.29 96.24 96.29 23.52 4.13
MobileNetv2 94.93 94.84 94.73 94.84 3.40 0.33
EPSANet 96.15 95.93 96.10 95.93 22.56 3.64
PPLC-Net 96.32 96.21 96.29 96.21 26.03 4.14
DB-DBA-Net 97.58 97.47 97.49 97.47 2.53 5.56
VB IEARIES AN UEAE G %
Training and validation loss Training and validation accuracy
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Fig. 12 Training loss and validation loss (left figure) and training accuracy and validation accuracy (right figure)
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Table 4 Comparison results of different models for ablation experiments

WET S BER AU KA ‘ e .
157 Model Depthwise separable ~ Dual-branch MCSA BiFPN iaasil ZHEM FAOTRE/
convolution structure Accuracy Parameters GFLOPs

Model 1 x x x x 94.03 4.18 12.72
Model 2 N x x x 94.48 0.72 2.25
Model 3 x N x x 94.80 1.47 4.46
Model 4 x x N x 96.01 432 12.94
Model 5 X X X 94.94 4.30 13.09
Model 6 N N x x 95.52 1.47 4.46
Model 7 N X N x 95.22 432 12.94
Model 8 x N N x 94.03 1.61 4.68
Model 9 N N x 94.20 1.59 4.83

DB-DBA-Net N J N N 97.47 2.53 5.56
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