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  Abstract 

Tomatoes are regarded as fruits since they fit the botanical definition of a fruit be-
cause they are the fleshy parts of a plant that enclose its seeds. There are approxi-
mately 10 different kinds of diseases for a tomato plant, which is huge in number 
and can create huge losses for the farmers. This paper focuses on the classification 
of tomato plant leaf diseases using Convolution Neural Network (CNN) a deep 
learning technique that is especially employed for image recognition and pixel data 
processing activities. CNN has been used to identify whether the given photo of the 
plant is of a healthy or unhealthy part. The secondary dataset that was taken was 
trained using two algorithms Inception-v3 and VGG19. VGG19 is a 19 layered algo-
rithm, comprising 16 convolutional layers and 3 fully linked layers. Inception-v3 is 
the algorithm is a CNN-based algorithm that has 48 layers in it. The pre-trained 
networks can categorize photos into several different item categories, including 
several animals, types, diseases and much more. The dataset that is being used to 
train and validate the model is secondary data taken from Kaggle. The models were 
trained with 1900 images of healthy tomato plants, and 1800 images of unhealthy 
tomato plants. The model was also validated with 500 images of healthy and 1080 
images of unhealthy tomato plants. The Inception V3 model was able to achieve 
an accuracy of 98% and a validation accuracy of 89% and VGG19 achieved an ac-
curacy of 94%. Inception-v3 was the chosen model for the paper. 
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With an annual production of over 18,399,000 tons, India ranks second among tomato producers. In the year 2020, 

tomatoes generated over 232 billion Indian rupees for the Indian economy [2]. This crop is always under threat from 

various diseases that may reduce its yield and quality and thus reduce its economic value. The range of diseases in 

tomatoes that can lead to heavy losses in quantity and quality are caused by bacteria, fungi, viruses, or pests. For 

instance, some of these devastating diseases include early blight, late blight, and bacterial spot, which may result in 

severe defoliation, fruit rot, and loss of plants if not well managed. This has not only affected the farmers' income 

but also threatened food security in regions that are heavily reliant on tomatoes either as staple or economic 

crops. After sowing the tomato seeds, it typically takes 65 to 70 days for the tomato to fully develop into a tomato. 

Due of their nutritional value and culinary use, tomatoes are considered vegetables. Tomatoes are low in calories 

and also include potassium and vitamin C, two important nutrients. A powerful antioxidant known as lycopene, 

which gives tomatoes their distinctive color, it also provides with 7% to 10%, of the Recommended Dietary Allow-

ance (RDA) for iron for women. Lycopene has been associated with numerous health benefits, among them a rapider 

decreased risk for coronary heart disease, a variety of cancers such as lung, prostate, stomach, cervical, breast, oral, 

colorectal, esophageal, pancreatic, among several other types [1]. Having these many benefits of tomatoes, Produc-

tion is adversely affected by diseased tomato plant [25]. Therefore, this paper aims to identify the picture of a leaf 

as a healthy or an unhealthy tomato plant using the CNN-based algorithm the Inception V3 from the input and will 

alert the user. 
    

  Figure 1. Healthy leaves of a tomato plant [6] 

The table1 given below gives comprehensive information about nine illnesses that typically harm tomato’s growth. Bacterial 

spot, early blight and leaf curl virus are commonly observed diseases in the leaves of tomato. On the other hand, late blight, leaf 

mold, Septoria leaf spot, Spider mites, target spot and Tomato mosaic are diseases found in the leaf tomato. This research focuses 

on mainly illness identified on the leaves of the tomato plant.  

 

Table 1. Commonly affected Tomato diseases 

Name of the dis-
ease 

Image of dis-
ease 

Symptoms  

Bacterial_spot 

 

● Small, dark, water-soaked circular patches with a yellowish 

halo can be seen on infected leaves. 
● Older leaves are primarily affected by the leaflet infection which 

can result in significant defoliation. 

● Small, wet patches first emerge, then they rise and grow until 

they are between an eighth and a fourth of an inch in diameter. 

[3] 

Early_blight 

 

● The skin around the patches may become yellow. Much of the 

foliage is destroyed if excessive temperatures and humidity are 

experienced at this time. 
● This typical tomato disease can affect the leaves at any stage 

of growth. [5] 
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Late_blight 

 

● When planted in the field, transplants that have been infected 

by the late blight fungus frequently perish.  
● Concentric rings are also visible on the fruit, and lesions can 

reach considerable proportions, engulfing practically the whole 

fruit. [5] 

Leaf_mold 

 

● In general, lower leaves are attacked first. 
● On the top of the leaf, yellow spots appear. 

● On the matching bottom surface, there is a faint, greyish-brown 

mould development. [5] 

Septo-
ria_leaf_spot 

 

● On leaves, there are tiny, rounded to irregular dots with a black 

border and a grey centre. 
● Spots usually start on lower leaves and gradually travel up the 

leaves. 

● Spots congregate, and the leaves become wilted[5] 
Spider_mites  

 

● Severely impacted stems may die, and occasionally the entire 

plant perishes. 
● Infected tuber plants have severely stunted growth that takes 

the appearance of a rosette and dark green leaves [4]. 

Target_Spot 

 

● Small circular to oval, dark brown to black dots on leaves are 
the first symptoms of the illness. 

● They take on a leathery look. [5] 

Tomato_mo-
saic_virus 

 

● Affected leaves often have smaller-than-normal, twisted, and 

puckered leaflets. 
● The leaflets can occasionally become recessed, exhibiting "fern 

leaf" characteristics. [5] 
Leaf_Curl_Virus 

 

● Older leaves become brittle and leathery. 
● The internodes and nodes have much smaller sizes.[5] 

 

 
2. Related Work 

 

This section provides a summary of past literature which were used as a guideline for creating the model. The 

urgent requirement in agriculture is to detect and prevent tomato leaf diseases (TLD). The paper [7] proposes an 

image segmentation method called Cross-layer Attention Fusion Mechanism combined with a Multi-scale Convo-

lution Module (MC-UNet). It highlights the feature information on the edge of the leaves. It deploys 3 convolution 

kernels of various sizes. To retain the valid information from tomato leaves a SoftPool was used. This MC-UNet 

gives an accuracy of 91.32%. A deep learning (DL) framework [8] was implemented for the set of tomato leaves to 

extract the features in hierarchical order. The neural network (NN) is applied to classify the leaves into healthy, 

septoria leaf spots and bacterial spots.  

The research [12] proposes a CNN model for classifying all nine types of TLD. Four modules are implemented 

to extract the features accurately. The performance of this model is measured as 99.9% for accuracy and 99.64% for 

validation accuracy. The value of the recall measure is 0.99 during the classification of TLD. For classifying the 

TLD, the paper [14] uses Deep CNN as well as transfer learning. The backbone of CNN comprises AlexNet, ResNet, 
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VGG-16, and DenseNet. techniques like Adam and RmsProp. Here, the accuracy is 99.9% thanks to the RmsProp 

optimization on the DenseNet model. 

A precise image-based TLD detection approach PLPNet [19] was used. Initially, disease defining characteris-

tics are extracted. Then at the neck of the network, a location reinforcement attention mechanism was used to prevent 

extraneous information from accessing the network’s feature fusion phase.  The network provides a solution to the 

interclass similarity of disease issue. The experimental findings further demonstrate that PLPNet obtained 54.4% 

average recall (AR) and 94.5% mean average precision (mAP50) with 50% thresholds. Also DenseNet-121 archi-

tecture [20] is useful to identify the TLD. This method achieves the evaluation metrics such as accuracy, precision, 

recall, and F1 Score as 98.9%, 0.98, 0.99, and 0.99 respectively.  

The EfficientNetB5 model was implemented [21] for the TLD dataset. This model does not use any segmenta-

tion concept. This model achieved an average training accuracy, average validation accuracy, and average test ac-

curacy of 99.84% ± 0.10%,  98.28% ± 0.20%, and of 99.07% ± 0.38% over 10 cross folds respectively. It is sug-

gested that the gradient-weighted class activation mapping (GradCAM) and local interpretable model-agnostic ex-

planations be used to provide the model's interpretability, which is necessary for performance prediction and bene-

ficial for fostering confidence.  

A three-compact CNN was used in [22]. This algorithm provides transfer learning to retrieve features from the 

fully connected layer of CNN. Once the features were extracted, the merging of features was carried out from each 

CNN. At last, a hybrid feature selection method was used to generate a comprehensive feature set with lower di-

mensions. This model gives a good accuracy of 99.92% for K-nearest neighbor classifiers when compared with 

SVM. In [24], the Gray Level Co-Occurrence Matrix (GLCM) algorithm was used to detect the TLD. This algorithm 

identifies and calculates 13 various features from the input data set. Now these derived features are used to classify 

the different types of diseases using a Support Vector Machine (SVM). The accuracy measured for the GLCM 

method is 100% for healthy leaves, 95% for early blight, 90% for septoria leaf spot and 85% for late blight. Table 2 

gives the details of various recent algorithms used for identifying TLD in recent years. 

Table 2. Recent Research on TLD 

 

Author 

Algorithm No of Images Output Parameters Key findings 

Nagamani et al. [13] Fuzzy-SVM, CNN, 

RCNN 

735 Accuracy Compared many classifi-

ers and found out the best 

classifier for effectively 

classifying the TLD with 

an accuracy of 96.735% 

Mohamed Bouni et al.[14] AlexNet, ResNet, VGG-

16, DenseNet 

7301 Accuracy, Precision, Re-

call, F1 

Compared the pretrained 

models VGG-16, Dense-

Net, ResNet, and AlexNet 

with adam and RMSprop 

as optimizers, and identi-

fied RMSprop proved to 

have an edge over Adam 

Sunil et al. [15] KNN, CNN 600 Accuracy, Precision, Re-

call, F1 

The proposed method in 

the paper used computer 

vision techniques and 

GLCM are used to extract 

the important features 

from the leaves 

Prabhjot Kau [16] RCNN 1610 Accuracy, F1 Score The paper has proposed 

with mask R-CNN 
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method for diagnosing to-

mato leaf disease 

Thanjai Vadivel et al. [17] GLCM+ VGG 16 10000 Accuracy A CNN based model was 

proposed in the paper with 

16 different kind of to-

mato diseases 

Seongho Jeong at el. [18] DNN with ResNet, 

DNN + Mask RCNN 

6456 precision, recall, and F1-

score 

The paper proposed two 

DNN models, which will 

identify if the leaf is 

healthy or infected by to-

mato leaf miner 

Xibei Huang at el. [23] FC-SNDPN 82161 Accuracy FCN was used for fore-

ground segmentation and 

SNDPN for identification 

and 97.59% was the accu-

racy obtained 

Zhou et al. [26] Deep Convolutional 

Neural Network 

(DCNN) 

54000 Accuracy Developed a deep CNN 

model for the identifica-

tion and classification of 

leaf diseases of a rice 

crop, achieving more than 

98% accuracy—showing 

capability in the con-

cerned domain of deep 

learning models. 

Kamilaris et al. [27] Transfer Learning with 

VGG16, ResNet50 

5000  

Accuracy, Precision,  

Recall, F1 
 

Applied transfer learning 

to a variety of plant dis-

eases, achieving high ac-

curacy with ResNet50. 

This study emphasized 

the efficiency of transfer 

learning in agricultural 

applications where la-

beled data is scarce. 

Ferentinos et al. [28] CNNs (VGG, AlexNet, 

GoogleNet) 

87158 Accuracy In the research, it was pro-

posed that a CNN model 

could be used for the iden-

tification of 25 different 

diseases on a variety of 

crops with an accuracy of 

99.53%, thereby showing 

the ability of the CNN 

model for such parame-

ters in agricultural use. 

Ramcharan et al. [29] MobileNet, InceptionV3 4000 Accuracy 

 
 

Embedded deep learning 

models on mobile devices 

for real-time cassava dis-

ease detection. This study 
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showed that deep learning 

models can be trans-lo-

cated into the field for 

real-time disease diagno-

sis. 

Brahimi et al. [30] VGG16, InceptionV3 50000  

Accuracy, Precision, 

 Recall 

 
 

The technique was ap-

plied in the present re-

search to detect diseases 

of olive trees with an ac-

curacy of more than 98%. 

It further showed the role 

of deep learning in detect-

ing diseases with respect 

to different contexts in ag-

riculture. 

Brahimi et al. [31] DenseNet, SqueezeNet 5000 

 
 

Accuracy, F1 Score In this paper, a light-

weight deep learning 

model is proposed for the 

detection of apple leaf dis-

eases. Since the model is 

optimized to work on 

edge devices, its deploy-

ment in real-world appli-

cations within the agricul-

tural domain becomes 

quite promising. 

In the literature review, it becomes evident that the early diagnosis of plant diseases is of paramount importance in the plant 

production process. To assess the health of a provided leaf image, this particular project utilizes CNN and deep learning concepts, 

which have proven to be valuable in the field of agriculture. In this research, the Inception-v3 algorithm was employed, achieving 

an impressive 98% accuracy with a dataset of slightly over 3500 images. It is apparent that increasing the number of images or 

expanding the dataset size will lead to improved accuracy and validation accuracy. The presence of 48 layers in Inception V3 

plays a crucial role in accurately identifying unhealthy leaves when processing uploaded images. 

3.Methodology 

3.1. Dataset  

The model is based on deep learning algorithms, and all the deep learning algorithms depends on the image data set that 

is fed into the model. The data set that was used to train the model had a total of 3326 pictures out of which 1563 pictures belong 

to unhealthy leaves and 1926 pictures belong to the healthy leaves. The model was also validated using 1561 images out of which 

1080 images were of unhealthy and 481 images were of healthy tomato leaves in the data set. The model was tested using 100 

images of unhealthy and 70 image of unhealthy plant. The summary of the total number of images used in each set is listed in 

the Table 3. The dataset used for training, testing and validation dataset from the below given website: 

i.) https://www.kaggle.com/datasets/kaustubhb999/tomatoleaf 

Table 3. Number of images taken for training, validating and testing the data 
S. No. Data No. of Healthy 

Images 

No. of Unhealthy 

Images 

1. Training data 1563 1926 

2. Validation data 481 1080 

3. Testing data 100 70 

3.2. VGG - 19 

https://www.kaggle.com/datasets/kaustubhb999/tomatoleaf
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The University of Oxford's Visual Geometry Group (VGG) created the deep convolutional neural network architecture 

known as VGG19. Its 19 layers, comprising 16 convolutional layers and 3 fully linked layers. In this section, the model was 

trained with the dataset using VGG-19. Fig 2 illustrates the VGG19 network architecture and Fig 3 illustrates the flow chart of 

the model.  

 
Figure 2. VGG 19 network Architecture  

The model while training takes in the image of the tomato leaf in the 224x224x64. The model reduces the pixel size to 1x1x1000 

going through various convolution and pooling layers. The data for training the model was gathered from Kaggle, and the pho-

tographs were sorted and pre-processed. The model was then chosen, and the data was divided into three categories: training, 

testing, and validation. The model was trained and validated with the training and validation data respectively. The confusion 

matrix is then used to evaluate the model, and the accuracy, precision, recall value, and F1 score are calculated with the values 

obtained from the confusion matrix. The model is then used to accept a photo as input and decide whether or not the uploaded 

image is healthy. 
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Figure 3. Typical flow chart of the methodology 

3.3. Algorithm for VGG19 

 The process followed to simulate the VGG19 algorithm is as follows. 

i. Import the dependencies and keras applications 

ii. Import VGG19, preprocess input, and decode_predictions 

iii. Set up the drive and the program's connection 

iv. Create ImageDataGenerator with all the zoom, shear, rescale, and horizontal characteristics 

v. Create the input shape of the picture using VGG19 

vi. Flatten and dense the model and compile the model with the Adam optimizer 

vii. Create fitgenerator with the required epochs values, verbose, validation steps.  

viii. Visualize the results using graphs and print the accuracy level 

ix. Create the training and testing generator with required parameters 

x. Print the true positive, false positive, false negative, false positive values and the precision, recall values, 

F1score of the model.  

The following calculations (Eqs. (1) - (6)) are done in different layers while simulating the VGG19 algorithm. 

1.  Convolution Layer (with ReLU activation) 

The output feature map size of the layer is given by 
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𝐻′ =

𝐻 − 𝐹 + 2𝑃

𝑆
+ 1 

(1) 

 
𝑊′ =

𝑊 − 𝐹 + 2𝑃

𝑆
+ 1 

(2) 

2. Max Pooling Layer 

The output size of this layer is given by 

 
𝐻′ =

𝐻 − 𝐹

𝑆
+ 1 

(3) 

 
𝑊′ =

𝑊 − 𝐹

𝑆
+ 1 

(4) 

 

3. Fully Connected Layer (Dense Layer) 

The output calculation function without activation is given by 

 𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛(𝐼𝑛𝑝𝑢𝑡 ∗ 𝑊𝑒𝑖𝑔ℎ𝑡𝑠 + 𝐵𝑖𝑎𝑠) (5) 

 

4. SoftMax Function (for multi-class classification) 

 
𝑃(𝑦 = 𝑖|𝑥) =

𝑒 𝑧𝑖

∑ 𝑒𝑧𝑖𝐾
𝑗=1

 
(6) 

 

The parameters used in the equation represents 𝐻′ and 𝑊′ are the output feature map height and weight respectively, 

𝐻 and 𝑊 are the input feature map height and width, 𝐹 is the filter size, 𝑃 is the amount of zero padding, 𝑆 is the stride, 

𝑃(𝑦 = 𝑖|𝑥) is the probability that the input belongs to class 𝑖, 𝑧𝑖  is the input score for class 𝐼 and 𝐾 is the total number of 

classes. 

3.4. Inception V3 

This study suggests a hybrid deep-learning Inception V3 model, based on a deep-learning hybrid model, for classifying 

tomato ailments using photos. Szegedy et al., introduced the 48-layered CNN network. It is employed in this study to determine 

whether or not a tomato leaf that is uploaded is infected. The model is pre-trained and kept available to determine if a picture is 

healthy or not. For this work, a stochastic gradient descent approach called an adaptive learning rate optimizer (Adam) is applied. 

Adam aids in streamlined calculation and fewer tuning parameters. To prevent overfitting issues, an early halting approach is 

used on the validation dataset. 

 

The Figure 4 shows how the inception v3 uses its layers to process the image to generate the output for the given input.  

Convolution: Inception-v3 employs convolutions to analyze input data. Its distinctive Inception modules blend different filter 

sizes (1x1, 3x3, 5x5) to capture diverse features, enhancing its capacity for extracting intricate patterns. 

Convolution Padded: Padded convolution refers to the convolution operation applied to an input image with additional padding 

added around its borders before applying the filter. 

Pooling: Pooling is employed as a down sampling technique. It reduces the spatial dimensions of feature maps, aiding in extract-

ing higher-level features while maintaining important information 

i. Patch 3x3: Considering 9 pixels at a time from the image and taking out the brightest one and learning from it  

ii. Patch 8x8: Similar to 3x3, in this patch 64 pixels at a time from the image. Taking out the brightest one and learning 

from it  

 

The tomato image is first fed into the architecture during the training phase as shown in Fig. 3, the image is first con-

voluted into 3x3 twice and additionally the convolution padding is added to analyze the image of the tomato leaf even at the 

edges more accurately. For down sampling the image that was convoluted in the previous steps, pooling layer is used in the 

architecture. Pooling helps in identifying the higher-level features of the image. The image is once again convoluted and padded 

for analyzing the image more effectively.  
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Figure 4. Flow chart demonstrating the architecture of Inception V3 

3.5. Algorithm for Inception V3 

 The process followed to simulate the Inception V3 algorithm is as follows. 

i. Import the dependencies 

ii. Import Inception V3, preprocess input, decode_predictions from keras. applications.vgg19 

iii. Establish the connection between the program and drive  

iv. Create the input shape of the picture using inceptionv3 

v. Flatten and dense the model and compile the model with the Adam optimizer  

vi. Create the fitgenerator with the required epoch’s values, verbose, validation steps.  

vii. Visualize the results and print the accuracy levels 

 

Convolution, Patch size: 3x3, Steps: 2 

Convolution, Patch size: 3x3, Step: 1 

 

Convolution, Patch size: 3x3, Step: 1 

 

Pooling, Patch size: 3x3, Steps: 2 

Convolution Padded, Patch size: 3x3, 

Step: 1 

 

Convolution, Patch size: 3x3, Steps: 2 

 

Convolution, Patch size: 3x3, Step: 1 

 

3 x Inception Model 1 

5 x Inception Model 2 

 

Linear Logistics 

2 x Inception Model 3 

 

Pooling, Patch size: 8x8, Steps: 0 
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viii. Create the training and testing generator with the required parameters 

ix. Print the true positive, false positive, false negative, false positive values and the precision, recall 

values, F1score of the model. 

The following calculations from Eq. (7) – (12) are done while simulating the Inception V3 algorithm. 

1. 1x1 Convolution: 

The output feature map calculation for this layer is given by 

 
𝐻′ =

𝐻 − 1

𝑆
+ 1 

(7) 

 
𝑊′ =

𝑊 − 1

𝑆
+ 1 

(8) 

2. 3x3 Convolution (with padding): 

The output feature map size of this layer is given by 

 
𝐻′ =

𝐻 − 𝐹 + 2𝑃

𝑆
+ 1 

(9) 

 
𝑊′ =

𝑊 − 𝐹 + 2𝑃

𝑆
+ 1 

(10) 

3. Pooling Layer: 

The output size of this layer is given by 

 
𝐻′ =

𝐻 − 𝐹

𝑆
+ 1 

(11) 

 
𝑊′ =

𝐻 − 𝐹

𝑆
+ 1 

(12) 

3.6. Evaluation Metrics 

The evaluation metrics precision, recall, accuracy and F1 score are computed using Eqs. (13) – (16).  

i. Precision 

It refers to the measure of how well a model correctly identifies the positive instances out of all the instances it 

classified as positive, indicating its ability to minimize false positives. 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(13) 

ii. Recall 

It is a measure of how well a model identifies all the positive instances out of the total actual positive instances, 

reflecting its ability to minimize false negatives and capture all relevant results.  

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(14) 

iii. Accuracy 

It refers to the measure of how well a model correctly classifies instances across all classes, indicating the overall 

correctness of predictions. 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

(15) 

iv. F1 Score 

It considers both the model's ability for identifying positive instances (precision) and its ability to find all positive 

instances (recall). 

 
𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 (

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
) 

(16) 

 

4. HYPERPARAMETER TUNING  
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Within the domain of training algorithms, our study aims to meticulously investigate the key parameters that exert 

a direct and discernible influence on the behavioural characteristics of these algorithms. Moreover, we underscore 

the significant role played by hyperparameter tuning in enhancing both model accuracy and performance. The dis-

cussed parameters for the hyperparameter tuning in this paper are learning rate and activation function 

 

4.1 Learning Rate 

a.) 

  

b.) 

 



Aakash, S. Amutha, D. Nandhini ,Ansh 

 

 

ISSN(E): 3048-8788    
                              

13   

 

c.) 

 

 
Figure 5. Typical accuracy and loss comparison plots for different learning rates (a)learning rate= 0.0001(Accuracy: 

- 98%) (b) learning rate= 0.001(Accuracy :- 95%)  (c) learning rate= 0.0015(Accuracy :- 92%) 

 

Upon a comprehensive analysis of the graphs presented in Figure 5, one can discern several critical observations. 

Firstly, in the case of (a) where the learning rate is set to 0.0001, the accuracy graph exhibits remarkable stability, 

with minor fluctuations within a consistent range. The corresponding loss curve indicates a notable exponential 

decrease, suggestive of effective training. On analyzing (b), where the learning rate is increased to 0.001, the accu-

racy graph displays slightly more fluctuations, commencing from a marginally lower point compared to the 0.0001 

setting. Although it reaches a commendable 95% accuracy, it falls short of the stability demonstrated by the previous 

configuration. From (c) with a learning rate of 0.0015, the accuracy graph plateaus at around 92%, notably lower 

compared to other learning rates. Notably, an examination of the loss graph reveals that the validation loss is on an 

upward trajectory, implying an inadequate training process. From the above all learning rate, we can conclude that 

0.0001 is the best learning rate for training the Inception V3 model with the dataset. 

 

4.2 Activation Function  

   

a.) 
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b.) 

 
 

c.) 

  

 

 

 Figure 6. Typical accuracy and loss comparison plots for different Activation functions (a)Sigmoid(Accuracy: 

- 98%) (b) tanh(Accuracy :-52%)  (c) SoftMax(Accuracy :- 92%) 

 

Upon analyzing the graphs of three distinct activation functions in Figure 6, the following observations emerge. In 

Figure 6a, the sigmoid activation function demonstrates remarkable performance in terms of both accuracy and 

validation accuracy, with a noticeable exponential decrease in both loss and validation loss. Meanwhile, in Figure 

6b, the tanh activation function exhibits accuracy and validation accuracy levels comparable to those of the sigmoid 

function. Lastly, in Figure 6c, SoftMax performs exceptionally well in both accuracy and validation accuracy graphs, 

as well as in the loss and validation loss graphs. Interestingly, when comparing the accuracy between sigmoid and 

SoftMax, it's worth noting that the sigmoid function outperforms SoftMax in terms of accuracy. These findings 

underscore the significance of selecting the right activation function to optimize the performance of your model. 

 

5.  Results and Analysis 

 

This section discusses the experimental result for models such as VGG19 and Inception V3. The accuracy and 

validation accuracy were shown in Fig 7. The accuracy and validation accuracy were continuously increasing for 

VGG19 and Inception V3 which is shown in Figure 7 a) and b) respectively. It shows that Inception V3 is giving 

good accuracy and validation accuracy than VGG19. 
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a 

 

b

 
 

Figure 7. Accuracy and Validation accuracy per epoch for a) VGG19 b) Inception V3 

The progress of the model determined by continuous decreasing of trained losses. The Fig 7a) and b) shows the 

visual representation of accuracy and validation accuracy loss per epoch for VGG19 and Inception V3 respectively. 

Inception V3 model is giving better loss per epoch than VGG 19. 

a 

 

b  

 
Figure 8. Loss per epoch for the model a) VGG19 b) Inception V3 

The layers used in VGG19 and Inception V3 are tabulated in Table 4. VGG19 orchestrates its design around a sequence of 

convolutional layers followed by pooling layers and cyclic activation functions, culminating in the judicious application of batch 

normalization for regularization. This orchestration induces a gradual reduction in spatial dimensions of the input images, effec-

tively managed through strategically placed max-pooling layer. On the other hand, the Inception V3 model undertakes a more 

intricate approach. It assembles an intricate arrangement of convolutional layers, with its standout feature being the inception 

blocks. These inception blocks intricately fuse diverse convolutional operations, resulting in feature maps of augmented com-

plexity. Intermittently woven into this fabric of convolutions is the pivotal batch normalization mechanism, serving to stabilize 

and accelerate the learning process. In essence, while VGG19 adheres to a step-by-step reduction of image dimensions, Inception 

V3 employs a multidimensional strategy by weaving together intricate convolutional layers, augmented by the fusion of diverse 
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convolutions within inception blocks. In both networks, the normalization factor of batch normalization plays a crucial role in 

the quest for optimized and efficient learning outcomes. 

Table 4. Layers in VGG19 and Inception V3 

Layer (type)   VGG19 Inception V3 

input_1 (InputLayer) (None, 128, 128, 3) (None, 128, 128, 3) 

block1_conv1 (Conv2D) (None, 128, 128, 64) (None, 63, 63, 32) 

batch_normalization / (None, 63, 63, 32)   

activation_94 (Activation)  / (None, 63, 63, 32) 

block1_conv2 (Conv2D) (None, 128, 128, 64) None, 61, 61, 32 

batch_normalization / (None, 61, 61, 32)   

activation_95 (Activation)  / (None, 61, 61, 32) 

block2_conv1 (Conv2D) (None, 64, 64, 128) (None, 30, 30, 80)    

batch_normalization / (None, 61, 61, 64)    

activation_96 (Activation)  / (None, 61, 61, 64)    

max_pooling2d_4 (MaxPooling2D)   / (None, 30, 30, 64)   

block3_conv1 (Conv2D) (None, 32, 32, 256) (None, 13, 13, 64)    

block3_conv2 (Conv2D) (None, 32, 32, 256) (None, 13, 13, 48)    

block3_conv3 (Conv2D) (None, 32, 32, 256) (None, 13, 13, 96)    

block3_conv4 (Conv2D) (None, 32, 32, 256) (None, 13, 13, 64)  

block3_pool (MaxPooling2D) (None, 16, 16, 256) (None, 13, 13, 64)   

block4_conv1 (Conv2D) (None, 16, 16, 512) (None, 13, 13, 96)    

block4_conv2 (Conv2D) (None, 16, 16, 512) (None, 13, 13, 32)    

block4_conv3 (Conv2D) (None, 16, 16, 512) (None, 13, 13, 64) 

block4_conv4 (Conv2D) (None, 16, 16, 512) (None, 13, 13, 48) 

block4_pool (MaxPooling2D) (None, 8, 8, 512) (None, 13, 13, 256)   

block5_conv1 (Conv2D) (None, 8, 8, 512) (None, 13, 13, 64)    

block5_conv2 (Conv2D) (None, 8, 8, 512) (None, 13, 13, 64)       

block5_conv3 (Conv2D) (None, 8, 8, 512) (None, 13, 13, 96) 

block5_conv4 (Conv2D) (None, 8, 8, 512) (None, 6, 6, 384) 

block5_pool (MaxPooling2D) (None, 4, 4, 512) (None, 6, 6, 96)      

concatenate_3 (Concatenate)     / (None, 2, 2, 768) 

batch_normalization_187  / (None, 2, 2, 192)    

activation_187 (Activation)     / (None, 2, 2, 192) 

mixed10 (Concatenate)           / (None, 2, 2, 2048)    

flatten_3 (Flatten) (None, 8192) (None, 8192)  

dense_3 (Dense) (None, 2) (None, 2) 

batch_normalization (None, 2) (None, 2) 

 

The confusion matrix contains true positive, true negative, false positive, and false negative values. This matrix is used for 

identifying the prediction of how many healthy and unhealthy tomato leaves in the given dataset. The illustration of confusion 

matrix is shown in Fig 9a) and b) for VGG19 and Inception V3 respectively.   

a b 



Aakash, S. Amutha, D. Nandhini ,Ansh 

 

 

ISSN(E): 3048-8788    
                              

17   

 

  
 

Figure 9. Confusion Matrix a) VGG19 and b) Inception V3 

 

Table 5. Evaluation of confusion matrix for VGG19 and Inception V3 

Classification Report Numbers for 

VGG19 

Numbers for In-

ception V3 

True Positive (TP) 1852 1899 

False Positive (FP) 74 27 

False Negative (FN) 97 60 

True Negatives(TN) 1303 1503 

 

Table 6. Evaluation metrics of VGG19 and Inception V3 

 VGG19 Inception V3 

Evaluation Metrics Healthy Unhealthy Healthy Unhealthy 

Precision 95% 95% 97% 98% 

Recall 96% 93% 99% 96% 

F1-Score 96% 94% 98% 97% 

Support 1926 1400 1926 1563 

Accuracy 94% 98% 

A detailed numerical evaluation of the confusion matrix presented in Figure 9 (a) and Figure 9 (b) has been tabular-

ized in Table 5. The VGG19 algorithm has shown a total of 1,852 true positive (TP) values, 74 false positive (FP) 

values, 97 false negative (FN) values and 1,303 True Negative (TN) values. Comparatively, the Inception V3 has 

shown a higher number of TP values i.e. 1,899. Consequently, it shows 27, a lesser number of FP numbers than 

VGG19. The number of FNs shown by Inception V3 are 60 while the TNs are 1,503. 

Both algorithms under consideration, the VGG19 and Inception V3 have been simulated for healthy and unhealthy 

tomato leaves. Table 6 summarizes the evaluation results obtained after the simulation of the two models. VGG19 

showed a 95% precision for both healthy and unhealthy leaves. A recall level of 96% for healthy leaves and 93% 

for unhealthy leaves was shown by VGG19 while the F1 Score was 96% and 94% for healthy and unhealthy leaves 

dataset respectively. Summarizing this data (Fig. 10), the VGG19 model showed an overall accuracy of 94%.  In-

ception V3 has shown far better results for both healthy and unhealthy leaves dataset when compared to VGG19. 

The precision was found to be 97% and 98% for healthy and unhealthy parts respectively. The recall values were 

observed to be 99% for healthy and 96% for unhealthy leaves subparts. The F1 Score was found to be 98% and 97% 

for healthy and unhealthy counterparts which was much higher than what was seen from VGG19 simulation. Finally, 

an overall accuracy level of 98% was demonstrated by the Inception V3 model which is 4% higher than the accuracy 

shown by VGG19. Hence, it can be concluded at the end of this comparison that the Inception V3 model performed 

much better than the VGG19 model when compared for healthy and unhealthy leaves datasets.  
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Fig. 10. Accuracy of VGG19 and Inception V3 

6 Conclusion 

This paper primarily focuses on identifying healthy and unhealthy tomato leaves of the plants, for the dataset taken 

from Kaggle. The proposed model used to classify whether uploaded tomato leaf image is healthy or not. From the 

result, farmer have to care only the unhealthy leaf of tomato plant with the required materials. This paper compared 

two algorithms, VGG19 and Inception V3. By analyzing both the algorithms, Inception V3 algorithm was able to 

obtain an accuracy of 98% and validation accuracy of 89%, but VGG19 algorithm was able to achieve only 94% 

accuracy. From the values obtained across the evaluation metrics, Inception V3 performed well.  Therefore, Incep-

tion V3 was the algorithm used for training the model for identifying the health status of the leaves. The selected 

model (Inception V3) also underwent hyperparameter tuning with learning rates and various activation functions. 

The best values were taken from the hyperparameters (learning rate =0.0001 and activation function as sigmoid 

)Further all these processes can be implemented as a mobile app for the helpfulness of farmers to detect the health-

iness of tomato leaf. This app imports images using the camera of phone and upload it to the model directly and 

classify the health of tomato leaf. 

Several ways in which the system could be further improved in terms of effectiveness and usability can be considered 

in future research. Looking at other state-of-the-art deep learning architectures, like EfficientNet or transformer-

based models, to achieve potentially better accuracy and efficiency is another direction that can be pursued. Devel-

opment of real-time disease detection systems able to process video feeds or integrate with drone technology for 

large-scale monitoring would significantly increase this application's scope. 
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