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Abstract Crop diseases are a major threat to food security, but rapid diagnosis of crop diseases remains
difficult in many parts of the world due to a lack of necessary infrastructure. The combination of smart
phones widely distributed around the world and recent advances in computer vision made possible by
deep learning has paved the way for smart phone-assisted crop disease diagnostics. In this paper, a deep
MobileNetV2 CNN model is trained through transfer learning and fine tuning to diagnose 38 types of
disease in 14 crop species using 70,295 images from a PlantVillage dataset. The trained model shows
an accuracy of 95.65% for 17,572 test images. In addition, this paper proposes a Progressive Web
Application (PWA) based on a trained deep CNN model, which can perform crop disease diagnosis on
a smart phone in real time. The proposed PWA can greatly improve the user experience by providing
an environment in which the deep CNN model modified in smart phones and mobile devices can be run,

even offline, allowing users to receive services anytime, anywhere.
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Fig. 1. Convolution blocks of MobileNetV2
architecture [16]
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Fig. 2. The structure of deep convolutional neural networks
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. Example of leaf images from the PlantVillage
dataset, representing every crop-disease pair
used. (1) Apple Scab (2) Apple Black Rot (3)
Apple Cedar Rust (4) Apple healthy (5)
Blueberry healthy (6) Cherry healthy (7)
Cherry Powdery Mildew (8) Corn Gray Leaf
Spot (9) Corn Common Rust (10) Corn healthy
(11) Corn Northern Leaf Blight (12) Grape
Black Rot (13) Grape Black Measles(Esca) (14)
Grape Healthy (15) Grape Leaf Blight (16)
Orange Citrus Greening (17) Peach Bacterial
Spot (18) Peach healthy (19) Bell Pepper
Bacterial Spot (20) Bell Pepper healthy (21)
Potato Early Blight (22) Potato healthy (23)
Potato Late Blight (24) Raspberry healthy (25)
Soybean healthy (26) Squash Powdery Mildew
(27) Strawberry Healthy (28) Strawberry Leaf
Scorch (29) Tomato Bacterial Spot (30)
Tomato Early Blight (31) Tomato healthy (32)
Tomato Late Blight (33) Tomato Leaf Mold
(34) Tomato Mosaic Virus (35) Tomato
Septoria Leaf Spot (36) Tomato Target Spot
(37) Tomato Two Spotted Spider Mite (38)
Tomato Yellow Leaf Curl Virus.

Table 1. The detailed table of the dataset with
diseases, healthy, train and test set

Disease type .# of # of Train Test

Diseases Healthy set set
Apple 3 1 7771 1943
Blueberry 0 1 1816 454
Cherry 1 1 3509 877
Corn 3 1 7316 1829
Grape 3 1 7222 1805
Orange 1 0 2010 503
Peach 1 1 3566 891
Bell pepper 1 1 3901 975
Potato 2 1 5702 1426
Raspberry 0 1 1781 445
Soybean 0 1 2022 505
Squash 2 0 1736 434
Strawberry 1 1 3598 900
Tomato 9 1 18345 4585
Total 27 12 70295 17572
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Fig. 5. Dataset augmentation
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Table 2. Plant diseases diagnostics performance
with respect to optimization algorithm
(a: learning rate)

Optimization Final test accuracy (%)
algorithm ¢=0.01 =0.005 =0.001
SGD 79.99 79.93 79.87
Adagrad 82.93 83.14 83.14
RMSprop 95.31 95.55 95.33
Adam 95.65 95.41 95.47
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