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Abstract : Because traditional deep convolutional neural network (CNN) models have high parameter redundancy
and consume a large amount of computing resources, it is difficult to meet the real-time inference
requirements of agricultural drones and edge computing devices. This study systematically analyzes and
verifies the performance of typical lightweight models, including MobileNetV3, ShuffleNetV2, GhostNet, and
EfficientViT, in the fine—grained classification task of tomato leaf diseases. Focusing on a unified tomato
leaf dataset containing 10 types of disease characteristics, quantitative evaluations were conducted from
multiple dimensions, such as classification accuracy, computational complexity (FLOPSs), inference latency,
and model interpretability. The experimental results show that the EfficientViT model achieves the best
comprehensive performance, with an F1-score reaching 0.95, demonstrating superior feature extraction
capabilities for complex texture lesions. Meanwhile, ShuffleNetV2, with the lowest FLOPs (0.15G) and the
highest inference throughput (5625 images/s), emerges as the preferred solution for real-time detection
scenarios. Although GhostNet highly compresses the number of parameters, it encounters certain
accuracy bottlenecks when processing complex disease features. Grad—CAM visualization analysis
further confirms that EfficientViT can more accurately focus on the lesion areas, possessing stronger
resistance to background interference. This study provides a scientific theoretical basis and data
support for edge model selection in smart agricultural equipment.
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