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(Multimodal Supervised Contrastive Learning for Crop Disease Diagnosis)
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Abstract :

With the wide spread of smart farms and the advancements in IoT technology, it is easy to obtain

additional data in addition to crop images. Consequently, deep learning-based crop disease diagnosis research utilizing

multimodal data has become important. This study proposes a crop disease diagnosis method using multimodal

supervised contrastive learning by expanding upon the multimodal self-supervised learning. RandAugment method was

used to augment crop image and time series of environment data. These augmented data passed through encoder and

projection head for each modality, yielding low-dimensional features. Subsequently, the proposed multimodal supervised

contrastive loss helped features from the same class get closer while pushing apart those from different classes.

Following this, the pretrained model was fine-tuned for crop disease diagnosis. The visualization of t-SNE result and

comparative assessments of crop disease diagnosis performance substantiate that the proposed method has superior

performance than multimodal self-supervised learning.

Keywords : Crop Disease Diagnosis, Multimodal Data, Supervised Contrastive Learning, Deep Learning
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Fig. 1. The environment data of grape with anthracnose-intermediate
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Fig. 2. The image of grape with anthracnose-intermediate
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Table 1. Class types and the number samples used for crop
disease diagnosis

The
Crop Disease Severity number of
samples
Strawberry Normal 810
Tomato Normal 143
Powd
Tomato OW e Intermediate 189
Mildew
Paprika Normal 1177
. Powdery
Paprik 1 15
apria Mildew Farly A
Powd
Paprika OW e Intermediate 111
Mildew
. Powdery
Paprik Terminall 42
aprika Mildew erminally
. Calcium .
Paprika . Early 166
Deficiency
Deficiencies i
Paprika clenees 1 Early 142
Macronutrient (N)
Deficiencies i
Paprika Clenéles n Early 156
Macronutrient (P)
Deficiencies in
Paprik Earl 153
apria Macronutrient (K) v ?
Cucumber Normal 917
Chili Normal 69
Chili Anthracnose Intermediate 99
Deficiencies i
Chili cleneies 1 Early 148
Macronutrient (N)
Deficiencies i
Chili clencies 1 Early 159
Macronutrient (P)
Deficiencies i
Chili ceneies 1 Early 157
Macronutrient (K)
Grape Normal 828
Grape Anthracnose Early 40
Grape Anthracnose Intermediate 12
Grape Downey Mildew Early 13
Grape Downey Mildew | Intermediate 29
Grape Sunscald Early 18
Grape Sunscald Terminally 14
Grape Corky Core Early 21
Total 5,767
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Fig. 3. Multimodal supervised contrastive model for crop disease diagnosis
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