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Multi-class cucumber leaf disease recognition based on transfer learning
WU Honghao, SUN Juan

(Yancheng Agricultural College, Yancheng 224051, Jiangsu, China)

Abstract; Cucumber disease identification faces challenges such as low accuracy and long computation time. This paper proposes a
novel framework for cucumber leaf disease recognition. Firstly, in the feature extraction stage, VGG19 and Inception V3 models are
trained using transfer learning, and Parallel Maximum Covariance (PMC) is employed for information fusion. Secondly, the Whale
Optimization Algorithm (WOA) is utilized for feature optimization. Finally, supervised learning algorithms are used to classify the
selected optimal features. Ultilizing the dataset constructed in this paper, the algorithm achieves an accuracy of 96. 5% with a
computation time of 45. 28 s, outperforming traditional algorithms.
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Fig. 1 Cucumber leaf disease recognition method in the paper
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Fig. 2 Diagram of the structure of feature extraction
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Fig. 3 Pre—trained InceptionV3 architecture for feature extraction using transfer learning
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Fig. 4 Flowchart of the algorithm
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Fig. 5 Images of a sample in a cucumber leaf image dataset
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Table 1  Cucumber disease identification results based on deep
feature fusion

Method Accuracy/ % FNR/% Time/ s
ES-KNN 95.2 4.8 250. 630
F-KNN 94.6 5.4 58. 365
C-SVM 95.6 4.6 175. 360
Q-SVM 94.9 5.1 159.730
ESD 64.2 35.8 956. 460
MG-SVM 93.3 6.7 204. 980
W-KNN 87.1 12.9 59.113
EB-Tree 89.4 10.6 83.476
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Table 2 Cucumber disease identification results based on feature

optimization method

Method Accuracy/ % FNR/ % Time/ s
ES-KNN 96.5 3.5 45.280
F-KNN 94.2 5.8 11. 460
C-SVM 93.8 6.2 32.508
Q-SVM 93.6 6.4 29.505
ESD 93.1 6.9 175. 860
MG-SVM 93.0 7.0 38.444
W-KNN 86.5 13.5 11.278
EB-Tree 88.2 11.8 27.444
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Fig. 6 Confusion matrix of cucumber disease identification
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Fig. 7 Box plots of 8 types of classifiers recognition accuracy
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