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Fig.4 Examples of the eight CAM visualization methods
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Table 3 Comparison of model performance
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Fig.7 Comparison of visualization results of fresh grapes

(b ) ResNet34-CBAM

XF EEFE 8 o R ALY | ResNet34 A5 1 JG 1k 47 5%
KEX G EE, 29w ME B ERSGE WK,
ResNet34-CBAM &R B4, 4 B3 19 ROT Fe A 7
TR PRI RS I, DAt R O b 3 I A
ety 5| AA FI) TR AR OC B0 B8 R AIE (A5 4
PRZE SL T BLA] B L R A R T



i

2024 4E55 10

(a) ResNet34

# 8

(b) ResNet34-CBAM

BREERMALER

Fig.8 Comparison of visualization results of rotten grapes
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Fruit Freshness Detection Explainable Model Based on Attention Mechanism

Zhang Yinsheng', Song Zenglin?, Wang Haiyan"
("Zhejiang Food and Drug Quality & Safety Engineering Research Institute ,
Zhejiang Gongshang University, Hangzhou 310018
“School of Management and E-Business, Zhejiang Gongshang University, Hangzhou 310018)

Abstract In recent years, fruit freshness detection based on machine vision and deep learning has become one of the
mainstream methods. This study explores the application of deep learning technologies, particularly convolutional neural
networks (CNNs), in feature extraction for fruit freshness identification. This paper introduces the CBAM (Convolutional
block attention module) attention mechanism module into the ResNet34 (34-layer residual network) backbone network to
achieve fruit freshness detection. Class activation mapping (CAM) techniques are employed to visualize the heatmaps of
pixels that reflect the critical features in the images. On a public fruit dataset, the classification accuracy of the
ResNet34 network before and after introducing the attention mechanism is 96.80% and 99.71%, respectively. The CAM
heatmaps show that the attention model can more accurately capture the regions of interest in the fruit images, indicating
that the proposed model improves the feature extraction capability of deep learning, not only enhancing the model’s gen-
eralization ability but also increasing its interpretability.

Keywords freshness detection; deep learning; attention mechanism; residual network



