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Superpixel-based Apple Leaf Disease Classification using
Convolutional Neural Network
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Abstract

The classification of plant diseases by images captured by a camera sensor has been studied over past decades. A method that
has gained much interest is to use image segmentation, from which statistical features are derived and analyzed by machine
learning. Recently, deep learning has been adopted in this area. However, image segmentation is still a difficult task to achieve
stable performance due to a variety of environmental variations. The end-to-end learning in neural network has a demerit that train
images may be different from real images acquired in outdoor fields. To solve these problems, we propose superpixel-based
disease classification method using end-to-end CNN (convolutional neural network) learning. Based on experiments performed on
PlantVillage apple images, the classification accuracy is 98.29% and 92.43% for full-image and superpixel. As well, the
multivariate Fl-score is (0.98, 0.93). Therefore we validate that the method of using superpixel is comparable to that of full-image.
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Fig. 1. Examples of leaf disease. a), b), c) leaf diseases and (d) healthy leaf
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Table 1. Classification accuracy of CNN for full-image and superpixel

Classification Accuracy (%)

Image Type
Train Test

Full Image 99.38 98.29
Superpixel 97.76 92.43
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I 3. T Mol =F8. SCA=apple scab, ROT=black rot, CED=cedar apple rust, HEA=healthy.
Table 3. Confusion matrix of superpixel images. SCA=apple scab, ROT=black rot, CED=cedar apple rust, HEA=healthy

Ground truth (Train) Ground truth (Test)
SCA ROT CED HEA SCA ROT CED HEA
SCA 567 1 15 0 96 1 12 1
Prediction ROT 20 771 15 9 171 10 2
result CED 3 0 753 0 3 7 219 1
HEA 1 0 0 353 4 2 1 161
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Table 4. Confusion matrix of test superpixel images that is used in
F1-score

Ground truth
SCA No SCA

Prediction SCA 96 14
result No SCA 16 551

Ground truth
ROT No ROT

Prediction ROT 171 21
result No ROT 10 476

Ground truth
CED No CED

Prediction CED 219 11
result No CED 23 428
Ground truth
HEA No HEA
Prediction HEA 161 7
result No HEA 4 486

E 5 Mx|HAte] E=34. SCA=apple scab, ROT=black rot, CED=cedar apple rust, HEA=healthy
Table 5. Confusion matrix of train and test of full-mages

Ground truth (Train) Ground truth (Test
SCA ROT | CED HEA SCA ROT | CED HEA
SCA 509 7 0 3 111 2 0 3
Prediction ROT 0 496 0 0 2 116 0 0
result CED 0 0 226 0 0 0 49 1
HEA 4 0 0 1,154 4 0 0 412
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Table 6. Confusion matrix of test full-images that is used in F1-score

Ground truth
SCA No SCA
Prediction SCA 111 5

result No SCA 6 577

Ground truth
ROT No ROT
Prediction ROT 116 2

result No ROT 2 572

Ground truth
CED No CED
Prediction CED 49 1

result No CED 0 639

Ground truth
HEA No HEA
Prediction HEA 412 4

result No HEA 4 276
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Table 7. Confusion matrix of classification result in simulation

Ground truth

SCA ROT CED HEA
SCA 518 24 12 115

Prediction ROT 64 527 2 3
result CED 32 68 237 123
HEA 16 2 24 1297
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Fig. 9. Examples of classification result. (a) back rot, (b) apple scab
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