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Abstract Tomato crops are highly affected by tomato diseases, and if not prevented, a disease can cause
severe losses for the agricultural economy. Therefore, there is a need for a system that quickly and
accurately diagnoses various tomato diseases. In this paper, we propose a system that classifies nine
diseases as well as healthy tomato plants by applying various pretrained deep learning-based CNN
models trained on an ImageNet dataset. The tomato leaf image dataset obtained from PlantVillage is
provided as input to ResNet, Xception, and DenseNet, which have deep learning-based CNN
architectures. The proposed models were constructed by adding a top-level classifier to the basic CNN
model, and they were trained by applying a 5-fold cross-validation strategy. All three of the proposed
models were trained in two stages: transfer learning (which freezes the layers of the basic CNN model
and then trains only the top-level classifiers), and fine-tuned learning (which sets the learning rate to
a very small number and trains after unfreezing basic CNN layers). SGD, RMSprop, and Adam were
applied as optimization algorithms. The experimental results show that the DenseNet CNN model to

which the RMSprop algorithm was applied output the best results, with 98.63% accuracy.
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Fig. 1. Random samples output of testing CNN models
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Fig. 2. Frequency histogram of diseases type

Table 1. Training, validation, and test data set of

CNN models
s(r). Disease class | Entire set| Train set | Val set | Test set
1 | Bacterial spot | 2,127 1,351 337 439
2 | Early blight | 1,000 632 165 203
3 Late blight 1,909 1,221 303 385
4 Leaf mold 952 618 147 187
5 Septoria leaf 1771 1.136 201 344
spot
6 | Teramvchus | e | 061 | 272 | 343
urticae
7 Target spot 1,404 904 233 267
g | Yellowleaf | 3508 | 2056 | s14 | 638
curl virus
9 Mosaic virus 373 246 57 70
10 Healthy 1,591 1,021 243 327
Total — 16,011 10,246 2,562 3,203
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Fig. 3. Proposed ResNet, Xception, and DenseNet CNN general architecture
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Fig. 4. Retraining process of ResNet, Xception, and DenseNet CNNs model
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Table 2. Analysis of classification accuracy from 64 mini-batch size during k-fold cross-validation (best

(zx 1-9602) values in parentheses; underline- best model; bold - best within accuracy & F1 score)

CNN Models Optimizer Model performance (%) Accuracy (%) F1 score (%) (test set)
(train set) (test set) macro avg weighted avg support
SGD 69.13(65.72%10.08) 67.72 60.47 65.86 3,203
ResNet RMSprop 98.40(97.35+2.51) 98.47 98.35 98.47 3,203
Adam 97.54(96.49+2.26) 98.19 97.77 98.18 3,203
SGD 51.31(49.31+2.26) 52.76 42.28 50.86 3,203
Xception RMSprop 98.28(96.90+1.86) 97.81 97.56 97.82 3,203
Adam 96.80(95.98+1.44) 96.66 95.88 96.66 3,203
SGD 78.52(75.70£3.37) 75.02 70.19 74.34 3,203
DenseNet RMSprop 99.18(97.82+2.28) 98.63 98.43 98.62 3,203
Adam 98.21(97.63+1.03) 98.60 98.03 98.60 3,203

SGD €118|E9] A4z 2o A ¥ig & F71
SFATE. &3 Ao tis RMSprop €ild|E&S 388
DenseNet 20| 99.18%9] =2 7P £2 s
AWE HSA, 3203709 EIAE Ao thsiAx
DenseNet 2@ 4J5°] 98.63%2] &=z 7P <
Aot TR Z DenseNet ZE9] tj2& 49| Fl
Ao 98.43%011, 7154 B F1 4= 98.62%

2 71 95k
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