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Abstract

This paper deals with detection and classification of leaf diseases for phenomics systems. As the smart farm systems of plants
are increased, It is important to determine quickly the abnormal growth of plants without supervisors. This paper considers the
color distribution and shape information of leaf diseases, and designs two deep leaning networks in training the leaf diseases. In
the first step, color distribution of input image is analyzed for possible diseases. In the second step, the image is first partitioned
into small segments using mean shift clustering, and the color information of each segment is inspected by the proposed Color
Network. When a segment is determined as disease, the shape parameters of the segment are extracted and inspected by proposed
Shape Network to classify the leaf disease types in the third step. According to the experiments with two types of diseases
(frogeye/rust and tipburn) for apple leaves and iceberg, the leaf diseases are detected with 92.3% recall for a segment and with
99.3% recall for an input image where there are usually more than two disease segments. The proposed method is useful for
detecting leaf diseases quickly in the smart farm environment, and is extendible to various types of new plants and leaf diseases
without additional learning.
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Fig. 1. Proposed pipeline of leaf disease detection and classification

Brighness |
corrected

—pal 2. AI% ol ofAlo I:I_IL7| E?gl JEdp_l.

So—l

Fig. 2. Results of brightness correction for leaf images
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Fig. 3. Histogram distributions of hue (H) for 2 Iceberg beds
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Fig. 5. HSV distribution of plant leaves for healthy and disease segments
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Fig. 10. Binary masks and bounding boxes for frogeye and tipburn diseases
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Fig. 13. Input image, GT mask, and disease area binary mask for each class
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Table 3. Classification evaluation result

Network ol Scores (%)
etwo ass Precision Recall F1-Score
YOLOVS Frogeye & Rust 57.7 95.7 71.993
Tipburn 56.3 27.9 37.31
Color Diseases 100 92.458 96.081
Network Healthy 85.083 100 91.94
Shape Frogeye & Rust 87.5 97.674 92.308
Network Tipburn 98.936 93.939 96.373
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