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Rotten strawberry classification based on EfficientNet V2 algorithm
fused with GCN and CA-Transformer
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and Bioengineering, Qingdao University of Science and Technology, Qingdao, Shandong 266042, China)

Abstract: [Objective] Improving the accuracy and efficiency of rotting strawberry classification using modern computer vision techniques
and deep learning methods. [ Methods] A classification method for rotten strawberries based on EfficientNet V2 fusion with Graph
Convolutional Network (GCN) and Channel-Attention Transformer (CA-Transformer) has been proposed. Firstly, a graph convolution
branch was added to the baseline model, which updated feature representations by aggregating the surrounding information of nodes, better
capturing the contextual information of nodes in the graph structure. Secondly, this study integrated the Transformer structure with attention
into the backbone of the baseline model, replacing some convolution operations with this structure to achieve the fusion of global and local
features, thereby better identifying the rottenness of strawberries. Finally, learning parameters were introduced on the basis of the traditional
residual structure to achieve dynamic feature fusion. [ Results] The GC-EfficientNet V2 model improved the accuracy by 1.86% and the
recall by 1.49% compared to the baseline model. Compared with Inception V3, ResNet50, VGGNet, Vision Transformer, and EfficientNet
V2-m, the recognition accuracy of the model was improved by 0.93%, 2.08%, 2.79%, 3.26%, and 0.47%, respectively. [ Conclusion] This
model can accurately classify rotten strawberries, providing some theoretical support for automatic strawberry sorting.
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Table 1 Sample size distribution of the partitioned dataset.
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Figure 2 Process of converting image data into graph data
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Figure 4 Improved residual structure
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Figure 6 Convolutional feature map visualization
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Table 2 Comparison of classification performance for rotten strawberries using different methods
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Figure 7 Accuracy curves of different models with

increasing training epochs
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Table 3 Ablation experiment
[l Top-1 HEWHZ/% KW /% HIM2E/% Z8E/M FLOPS/G  FPS
EfficientNet V2-s 96.74 97.58 96.73 19.28 2.68 76.97
EfficientNet V2-s+ GCNs 97.67(+0.93) 97.88 97.77 19.28 2.68 7.65
EfficientNet V2-s+ GCNs+ CA-Transformer 98.05(+1.31) 98.38 97.47 5.01 1.09 49.70
EfficientNet V2-s+ GCNs-+ CA-Transformer-+ Residual 98.13(+1.39) 98.52 97.47 5.01 1.09 48.38
EfficientNet V2-s+GCN+CA-Transformer+Learnable residuals  98.60( +1.86) 99.09 98.22 5.01 1.09 47.76
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