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Utilizing Minimal Label Data for Tomato Leaf Disease Classification:

An Approach through Recursive Learning Based on YOLOvV8
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Abstract

Class imbalance is one of the significant challenges in deep learning tasks, particularly pronounced in areas with limited
data. This study proposes a new approach that utilizes minimal labeled data for effectively classifying tomato leaf diseases.
We introduced a recursive learning method using the YOLOvV8 model. By utilizing the detection predictions of images
on the training data as additional training data, the number of labeled data is progressively increased. Unlike conventional
data augmentation and up-down sampling techniques, this method seeks to fundamentally solve the class imbalance
problem by maximizing the utility of actual data. Based on the secured labeled data, tomato leaves were extracted,
and diseases were classified using the EfficientNet model. This process achieved a high accuracy of 98.92%. Notably,
a 12.9% improvement compared to the baseline was observed in the detection of Late blight diseases, which has the
least amount of data. This research presents a methodology that addresses data imbalance issues while offering high-pre-
cision disease classification, with the expectation of application to other crops.

B Keyword : Class Imbalance, Recursive Learning, YOLOvS, EfficientNet, Tomato Disease
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(2! 1) YOLOv8 Architecture[12]
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2.3 EfficientNet
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(2l 2) EfficientNet—B0 Architecture
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