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Abstract: Addressing challenges such as limited detection targets and high computational complexity in
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existing tomato leaf disease recognition models, this paper proposed an improved target recognition model
integrating composite convolutions. For the backbone network, the Dil-FasterNet block was introduced by
modifying the FasterNet Block. This lightweight, multi-scale feature extraction module combines Dilated
Convolution and Depth-Separable Convolution to enhance local details while reducing computational over-
head, improving the capture of image details. Additionally, Group-Shuffle Convolution replaced the origi-
nal convolutional layers. For the neck component, the Slim-Neck module was adopted as the neck
network. GS bottleneck and the Cross Stage Partial Net (CSP Net) module were utilized to control the
temporal complexity of the model while preserving hidden connections ofeach channel. FocalWise-loU was
designed as the loss function to strengthen the prediction of medium-quality anchor boxes by the detection
model, reduce the over-optimization of high-quality anchor boxes, and retain the information from
low-quality anchors. Experimental results demonstrated that the improved model achieved a 2. 1 G reduc-
tion in FLOPs and a 1.1 M decrease in parameters on the dataset, while simultaneously increasing the
mAP by 0.5% and reducing the weight file size by 27 %.

Key words: tomato leafl diseases; GSConv; non-monotonic dynamic focusing mechanism; multi-target

recognition; depth-separable convolution
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