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ABSTRACT

Tomato Plant diseases is one of the major
contributors to production loss. Several methods
such as manual inspection have been used in the
past to detect tomato diseases but were found
ineffective. The recent developments in the field of
computer vision and deep learning has made the
issue of automatic diseases recognition from plants
using convolutional neural networks a reality.
Automated detection of plant diseases have made
the detection reliable, rapid and early and have
solved the shortcomings of human inspection. The
early detection of tomato diseases will lead to
proper monitoring and higher yield. The automatic
detection method is not trivial. This paper presents
a survey of related works of application of
convolutional networks (CNN)to detection of
Tomato plant diseases. In this research, 92 journals
were reviewed on the use of CNN to detect Tomato
leaf diseases over the period of five years (2020-
2025). Finally, the benefits and short-comings of
CNN in Tomato diseases identification were
highlighted.

Keywords: machine learning; deep learning; plant
leaf diseases; Tomato, CNN

l. INTRODUCTION
Tomato is one of the economic crops and
its productivity is hampered by diseases.Several
researches have been undertaken in the use of
machine learning for Tomato diseases recognition.

Recently, convolutional neural networks have being
gaining traction due to their efficacy in object
recognition. This paper presents the review of recent
papers on tomato plantdiseasedetection
usingconvolutional neural network (CNN). This
review contributes to the study of tomato diseases
recognition using CNNs by presenting the current
techniques and models, theperformances of the
models and the paper’s contributions and
limitations.

1. RELATED WORKS

[23] carried out a survey of papers that
used convolutional neural networks (CNN) to
detect various diseases affecting various plants. 100
papers collected from various databases were
reviewed. The work identified and summarized
various challenges and solutions of CNN in plant
leaf disease detection. The benefits and drawbacks
of CNN in agriculture were also discussed. [43]
carried out research on DL in plant leaf diseases.
publications between 2015 and 2022 were
reviewed. This study also discusses the challenges
of using ML and DL for plant disease
identification. The research provides an insight on
plant disease detection using the current state of
research. It highlights the benefits and challenges
of the methods, and proposed solutions to the
challenges. [48] carried out a review on plant Leaf
Diseases Detection Using CNN. 11 papers were
reviewed in the study. Findings show that CNNs
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are better than the traditional methods. [75]
presents a systematic review of the works that used
CNN in Plant diseases detection. The researchers
noted that the recent developments in deep learning
models can be applied in plant disease detection
because they offer robust tools with high accurate
results.

1. METHODOLOGY
In this study, the most recent papers on Tomato
diseases detection using deep learning is discussed.
The reviewed papers are gotten from scientific
databases such as Google Scholar, Research Gate,
Scispace. These databases were selected because of
their high-impact scientific publicaions in plant
diseases and machine learning. A search strings
such as ‘tomato disease,’ ',' 'CNN,' combined with
'machine learning," ‘convolutional neural network,’
‘deep learning," were used. This work searched for
papers that make use of convolutional neural
networks ofin previousworks.
Oursearchesforrelevantpapers were done
usingvarious keywords such as Deep Learning,
Convolutional neural networks, tomato diseases
detection. All irrelevant papers not on CNN on
Tomato were removed. Thereafter, the papers were
then analyzed one by one as follows:
e The motivation
¢  The Objectives
¢ The methodology
e The dataset
e Theperformance
e Contribution to knowledge
e Limitationsofthestudy

Brief Overview of Convolutional Neural
Networks (CNNs)

Convolutional Neural Networks (CNNSs) are a type
of artificial neural network specifically designed
for processing grid-like data, such as images. They
excel at image recognition, classification, and

segmen

tation due to their ability to automatically learn
spatial hierarchies of features. Key components and
functionalities include:

Convolutional Layers:

Filters/Kernels: Small matrices scan the image,
detecting features like edges and textures.

Feature Maps: Result from applying filters,
highlighting specific features.

Stride and Padding: Stride determines the step size
of filters; padding maintains spatial dimensions.

Activation Function:

ReLU (Rectified Linear Unit): Introduces non-
linearity, allowing the network to learn complex
patterns by replacing negative values with zero.

Pooling Layers:

Max Pooling: Reduces feature map dimensions by
taking the maximum value in sub-regions.

Average Pooling: Takes the average value of sub-
regions.

Fully Connected Layers:
Integrates features extracted by convolutional
layers to form the final classification decision.

Dropout Layers:
Prevents overfitting by randomly turning off
activations during training, enhancing
generalization.

Softmax Layer:
Converts output scores into probabilities for each
class, aiding in final classification.

Convolutional neural network

1

Convolution layer

Feature |
height

Fully connected layer

Ix1xchannels

FIGURE 1: ARCHITECTURE OF A CONVOLUTIONAL NEURAL NETWORK
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Workflow of a CNN

Input Image: Start with a grayscale or color image.
Convolution and ReLU: Extract features through
convolution and ReLU layers.

Pooling: Down-sample feature maps using pooling
layers.

Flattening: Flatten the pooled feature maps into a
single vector.

Fully Connected Layers: Pass through fully
connected layers for classification.

Output: Use softmax to provide class probabilities.

Advantages of CNNs

Parameter Sharing: Filters are used across the
entire  image, reducing  parameters  and
computational load.

Spatial Hierarchies: Captures simple patterns in
early layers and complex patterns in deeper layers.
Translation Invariance: Pooling layers make the
model invariant to translations, recognizing objects
in various positions.

V. LITERATURE REVIEW OF CNN

ON TOMATO LEAF DISEASES

DETECTION

Acrtificial intelligence (Al) can be used to
apply the right quantity of treatment to plants by
integrating Al with Internet of Things (10T) devices
and precision agriculture tools. Al systems use
image processing and deep learning models to
detect diseases or stress in tomato plants early,
enabling targeted application of fertilizers,
pesticides, or water exactly where needed, which
optimizes resource use and minimizes waste. For
example, Al-10T smart agriculture pivots have been
developed that automatically detect plant diseases
via image analysis and control actuators for
spraying the appropriate treatment precisely on
affected areas, without reliance on cloud or edge
computing, thus achieving efficient and localized
therapy.

[1] used a deep learning model VGG-16 to
detect tomato leaf diseases with 99.2% accuracy,
highlighting how Al-driven early detection allows
for prompt therapeutic interventions that can be
adapted for optimal treatment application. An Al-
loT smart agriculture pivot system proposed in
2025 integrates ResNet50 deep learning for plant
disease detection and actuators for treatment,
achieving 99.8% classification accuracy and
precise spraying of fertilizers, representing a
practical implementation of targeted therapy using
Al [7]. Another study in [10]discusses sugarcane
and tomato disease detection using YOLOVS8n
integrated with Al for precision agriculture,
emphasizing Al's role in providing decision support

systems for targeted disease management to reduce
crop loss.[13] ddeveloped a deep learning ensemble
model combining ResNet50 and MobileNetV2 for
precise classification of 10 tomato leaf disease
types and healthy leaves. The model achieved
99.91% accuracy on test data, with minimal
misclassification among disease classes. However,
it faces computational complexity, potential low-
resource deployment limitations, and challenges in
real-time field deployment. The model needs
integration with user-friendly mobile or IloT
applications for practical farmer use.

[14] Pandiyaraju et al. (2024) developed a
highly accurate classification system for tomato
leaf diseases using an ensemble learning approach.
The model integrates VGG-16 and NASNet CNN
architectures, introduces an Exponential Moving
Average function with temporal constraints, and
uses an Enhanced Weighted Gradient Optimizer
(EWGO) for optimization. The dataset consists of
10,000 tomato leaf images categorized into nine
disease classes and healthy leaves. The model
achieved high classification accuracy of 98.7%,
precision of 97.9%, recall of 98.6%, Fl-score of
98.7%, and ROC curve area close to 99.97%. The
ensemble approach offers better performance
compared to single CNN models and existing
methods, demonstrating the value of temporal data
analysis in leaf disease identification.

The study by [3] uses deep learning
techniques to improve tomato crop health
monitoring by detecting leaf diseases using two
convolutional neural networks (CNNs) VGG19 and
Inception v3. The Tomato Villages dataset,
consisting of 4,525 images, is used for training,
validation, and testing. The model's performance is
assessed using metrics like accuracy, precision,
recall, and F1 score. The study shows a 93.93%
accuracy in detecting leaf diseases, contributing to
sustainable agriculture and food security. However,
challenges  like  class  imbalances  and
misclassifications among leaf disease categories
need improvement.

[2] developed a deep learning-based
system for detecting diseases in tomato plants using
leaf images. The system uses a dataset of 5,550
images, split into primary and secondary data.
CNN models-VGG16 and DenseNet121 were used
for disease recognition. The application was built
using the Streamlit framework and tested using
Function Testing and Accuracy Testing.
DenseNet121 achieved a 100% training accuracy
and 92% accuracy when tested with primary data.
The study contributes to agricultural efficiency and
crop management.
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[6] developed a deep learning framework
for detecting tomato leaf diseases using a Vision
Transformer (ViT) and a cascaded group attention
mechanism. The framework improves disease
classification accuracy and offers actionable
insights for farmers and stakeholders. It includes a
large language model for context-aware predictions
and actionable recommendations. The ViT-CGA
model outperformed conventional — methods,
achieving 96.5% accuracy, 93.9% precision, 96.7%
recall, and 94.2% F1-score. The framework can be
applied in real agricultural environments, but
acknowledges potential biases and limitations due
to dataset variability and the need for substantial
computational resources.

[66,86] Developed a mobile application
based on CNN to recognize Tomato leaf diseases
[47] The studying focused the visualization of the
features extracted during one process of back

propagation by a deep neural network. [58]
Wangcarried out a research on detection of diseases
in Tomato fruits. [54] Presents the review of
application of Generative adversarial Networks in
image augmentation in agricultural research. [93]
Presents the use of support vector machine in the
detection of late Blight Disease in Tomato leaf only
was Tomato leaf Disease was focused.

[49] Presents R-CNN and transfer leaf on
Alex-net to detect Tomato leaf diseases. [30]
Investigated various CNN networks for Tomato
leaf diseases detection. [28] A drone based
precision farming is implemented to identify
disease area in the farmland using CNN. The
summary of the papers is as presented in Table 2.
Figure 1 present the distributions of the paper by
year while Figure 3 presents the performance
accuracies of the reviewed models presented in

Table 1.

Table 1 A summary of the reviewed papers

SIN REF# Paper Source Year Model Used Source of | Accuracy
Dataset Metrics
1 [12] Ogunmodimu 2023 Convolutional Real time images
Dupe Catherine Neural Networks 95%.
(CNNs)
2 [7] Amin S. lbrahim 2025 ResNet50 model Real time Images
et al.
3 [3] MD Mehraz = 2025 Inception v3 Tomato Villages 93.93%
Hosen and Md. dataset
Hasibul Islam
(2025)
4 [4] Velavan & Jaya 2024 Convolutional Plant Villages 96.5%
Jeevitha (2024) Neural Networks
(CNN), PLPNet
5 [10] Kamaldeep Joshi = 2025 study employs the = study utilizes the = 96.5 %
etal. YOLOv8n deep  real-world
convolutional PlantDoc dataset.
neural network
6 [11] Baba  Abubakar @ 2024 EfficientNet-B5 the PlantVillage 96%.
Usman et al., 2024 dataset,
7 [9] MadallahAlruwaili = 2022 The real-time = using both = 97.42%
et al. faster region images and real-
convolutional time video
neural  network = streaming
(RTF-RCNN)
model
8 [8] ShohoniMahabub | 2024 CCT - Compact Large augmented = 98.87%,
etal. Convolutional tomato leaf
Transformer disease  image
dataset (~30,000
images)
9 [1] Chakraborty et al. 2024 A deep learning Plant Village 99.2%
(2024) model VGG-16
10 [6] Karimanzira, D. 2025 Vision Images 96.5%
Transformer
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(VIiT) integrated
with a cascaded
group  attention
(CGA)

mechanism and a
modified Focaler-

CloU loss
function.
11 [2] Putra et al. 2025 CNN models-  Images 92%.
VGG16 and
DenseNet121
12 [5] V. P, Kumar AMS 2024 model integrates Images 98.7%,.
et al. VGG-16 and
NASNet CNN
S/IN | REF# | Paper Source Year Model Used Source of | Accuracy
Dataset Metrics
13 [15] Chowdhury 2021 EfficientNetB7 Plant village 99.95%
14 [16] Hamami 2022 Custom CNN - 86.79%
&Dashlan
(2022)
15 [17] Kokate, Dalvi | 2023 Custom CNN Plant Village 95.53%
& Jadhav
16 [18] Putra et al. 2020 Custom CNN Plant Village 95.53%
17 [19] Amini, 2025 Custom CNN plant 96.7%
Moghadam&Sh village+other
arifi sources
18 [20] Amelia & Nisar | 2023 VGG19 Kaggle 91.85%
19 [21] Benmouna et al. | 2022 Custom CNN | Self 91.6%
Self
20 [22] Madea-Guiterez | 2020 Googlenet plant village | 99.72%
etal.
21 [24] Machaha et al. 2020 MobileNet from Internet | 97.33%
cropping
22 [25] Salih etal 2020 Custom CNN Plant village | 96.43%
23 [26] Asha &Yogish 2024 ResNet-18 Self 91.0%
24 [27] Tiwari et al. 2023 Vision Plant village | 99.7%
Transformer +
LINORM+ CNN
25 [29] Andrew et al. | 2022 DenseNet121 Plant village 99.81%
(2022)
26 [31] Elfattimi, 2024 Custom CNN | Kaggle 99.1%
Eryigit&Elfatti Kaggle
mi
27 [32] Vengaiah, C & | 2024 Resnet101 Plant village 97.88%
Konda, S
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28 [33] Kumar , Aetal | 2025 Custom CNN primary data 97.5%
29 [34] Bhujel, A., etal. | 2022 Resnet Plant Village 99.69%
30 [35] Wagle, S. A, et | 2022 Custom CNN Plant Village 99.89%
al.
31 [36] Foysal, M. F. | 2020 Custom CNN cropped image 76.00%
A, etal
32 [37] Irmak, G., | 2024 Custom CNN Kaggle 97.00%
&Sayqgili, A.
33 [38] Albattah. W. et | 2021 CenterNet+Dense | MSCOCO+plant | 99.98%
al (2021) Net-77 village
34 [39] Paul, S. G., etal. | 2023 Custom CNN various sources 95%
35 [40] Ghost, H., etal. | 2025 Swin transformer | various sources 99. 14%
36 [41] Hosen, M.M., & | 2024 VGG19+Inceptio | Plant village 93.93%
Islam, M. H n
37 [42] OZBILGE etal. | 2022 Custom CNN Plant Village 99.70%
38 [44] Islam, M. R., et | 2023 DenseNet121 Plant Village 99.39%
al.
39 [45] Bharali, D., et al | 2024 Custom CNN Plant Village 99.98%
40 [46] Abouelmagd, L. | 2024 CapsNet CapsNet 96.39%
M., et al.
41 [50] Sohel, A, etal . | 2025 DenseNet121 Tomato  Fields | 96.67%
SIN REF# | Paper Source | Year Model Used Source of | Accuracy
Dataset Metrics
42 [51] Aishwarya & | 2023 Custom PlantVillage/10 98.7%
Padmanabha
43 [52] Mahmud et al. | 2023 EfficientNetB3 Self 99.3%
44 [53] Osmenajet al., | 2025 VGG16+VGG19+ | Self 98%
Custom
45 [55] Cengil, E., & | 2023 CNN+LDA Taiwan 99%
Cinar, A.
46 [56] Zhang & LI 2024 ResNet-34 + | Kaggle 99.7%
CBAM  (within
FR-CNN
framework)
47 [57] Veldandi& 2024 Alex Net Kaggle 98%
Reddy
48 [59] Anandhakrishn | 2020 Custom PlantVillage 99.5%
an & Jaisakthi
49 [60] Singh et al., 2021 Custom ImageNet 99.71
50 [61] Ashgar & | 2024 Custom PlantVillage 99.84%
Naser
51 [62] Chenetal. 2023 Custom PlantVillage 99.06
52 [63] Zhong et al. 2023 Custom PlantVillage 99.3%
53 [64] Bensaadi 2021 Custom Self 97.04%
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54 [65] Noureddine & | 2023 DenseNet Kaggle 95.7%
Lazrak
55 [66] Nurmaet al. 2023 MobileNet Kaggle 99.27%
56 [67] Chawal et al. 2024 Custom PlanttVillage 97%
57 [68] Guerrero- 2023 Custom Self 99%
Ibafiez et al.
58 [69] Anandh et al. 2024 MobileNetV2 PlantVillage 99.32%
59 [70] Oni & Prama 2024 Custom Self 95.2%
60 [71] Taher et al. 2022 MobileNetV3-L PlantVillage 99.81%
SIN | REF# | Paper Source Year Model Used Source of Dataset Accuracy
Metrics
61 | [72] Gatla, et al. 2024 MobileNetV2 PlantVillage dataset 98.99%
62 | [73] Shrestha et al. 2020 CNN Self 88.8%
63 | [74] Pandian et al. 2022 14-DCNN PlantDisease59 99.9655%
64 | [76] Prethika, & | 2024 CNN PlantVillage 95.6%
Revathy
65 | [77] Rehana lbrahim, | 2023 Improved PlantVillage 89.5%
& Ali RCNN
66 | [78] Umar et al. 2024 improved University green (self) | 98.8%
YOLOv7
67 | [79] Joshi et al. 2025 YOLOvV8N PlantDoc 96.5%
68 | [80] Sarawagi, et al. 2024 Novel CNN Self 98.48%
69 | [81] Terzioglu et al. 2025 EfficientNet-b0 | Self 92%
70 | [82] Salauddin, 2025 ResNet50 Self 95.31%
Rashed&Kakon
71 | [83] Sadhin 2023 Custom CNN PlantVillage 99.04%
72 | [84] Kaur et al. 2022 Hy-CNN PlantVillage 98.7%
73 | [85] Peng et al. 2023 DIMPCNET Self 97.24%
SIN | REF# | Paper Year Model Used Source of Dataset | Accuracy
Source Metrics
74 [87] Ulutas, H., 2923 Ensemble CNN | Private tomato leaf | 99.60%
(triple/ quintuple; | dataset
grid-searched
weights)
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75 [88] Hossain, M.I., | 2023 Proposed CNN | Plant village 96.15%
model
(Smart Agri
Technology)
76 [89] Wisidagama, 2023 CNN (custom | Sri Lankan tomato | 97.87%.
N.S., architecture, image | leaf dataset
processing)
77 [90] Sakkarvarthi 2022 Custom CNN (2 | Tomato Leaves | 88.17 %
.G, conv + 2 pooling | Dataset (DLD)
layers)
78 [91] Mashamba, 2024 VGG16-based Plant Village 93.28%
M. M., CNN
79 [92] Noorali, N., 2023 YOLOvV7 Tomato images | 99.2
(healthy, with
calyx,  semi-ripe,
defective
80 [94] Jaiswal, R.P., | 2023 GoogleNet PlantVillage 99.76%
81 [95] Mohanty, S., 2023 Custom CNN PlantVillage 96.26%
82 [96] Jeong, S., 2022 Mask R-CNN Real-world  field | 97.7%
images
83 [97] Mahilraj, J., 2023 Attention- PlantVillage 98.5%
embedded CNN
84 [98] Sembiring, A., | 2021 Concise CNN PlantVillage 97.2%
85 [99] Gerdan Koc, 2023 Proposed CNN | PlantVillage 98.26%
D., (their custom
model)
86 [100] Trivedi, N. K., | 2021 Proposed high- | 3000 tomato leaf | 98.49%
performance deep | images
neural network
87 [101] Zou, F., 2024 ECVNet PlantVillage 98.88
88 [102] Sun, H., 2025 E-TomatoDet Tomato leaf | 97.2%
disease dataset
89 [103] Saranya, C. P., | 2020 Enhanced LeNet | PlantVillage 90.20%
CNN
90 [104] Yousif, M. J., | 2023 ResNet50 CIFAR-10 93%
91 [105] Ramesh, J. V. | 2024 GAN +  GA- | PlantVillage 96.15%
N., optimized CNN
92 [106] Siregar, S. P., | 2023 Tuned CNN | Kaggle dataset 98.24%
(VGG16,
InceptionV3)
Distribution of the papers by years of Figure 2 shows the distribution of the papers by
publication year of publication. 2023 has the highest, followed

by 2021, 2025, 2022, 2020 and 2021.
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Figure 2 Distribution of the Reviewed papers by Year of publication

Performance of the CNN of the best models adopted in the reviewed papers
Figure 3 shows the performanceof the best model selected from each paper in terms of the model accuracy

Accuracies of the models
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Figure 3 Accuracy of the CNN models

V. DISCUSSIONS
Different types of techniques were

adopted in various research papers on CNN models
on detetction of tomato disease using the CNN
models.

a.

Training from scratch:As shown in Table 1,
many researchers have developed their own
custom CNN models for Tomato diseases
detection. These include: [16-19],[25],[35-
37],[83] and others. This involved creating
CNN architectures that are trained using the
available dataset. The performances of these
models were ver good at detecting Tomato
diseases.

Augmentation: some datasets are not
sufficient to get a tangible performance. Some

dataset may not bea balanced dataset in which
some classes have fewer data items than the
other classes. To solve this challenge, data
augmentation techniques are wused. For
example,[16,18,33,35,36,79,  80,81,83],used
augmentation based on flipping, rotating and
cropping of the original dataset to increase the
number of the data items. [105] used a
techniques called generative Adversarial
Networks for its dataset augmentation

Segmentation. This involves detecting the
area of the tomato leaf that is affected by the
disease. [15] applied Unet for segmentation,
[22] performed segmentation using Region
proposal network (RPN). [78] performed
segmentation using improved YOLOv7while
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[79]performed

imprvedYOLOvV8n

Transfer learning: Another technique being

adopted is pre-trained CNN which will then be

re-trained using the new available data in order

to improve the performance of the model. [16]

[26]. [20] [29] all used pretrained transfer

learning models.

e. Hybridization. This involved combining
several CNN models to get a single model
with the hope of improving the perofrmnace of
the models.[19]used Hybrid of CNN + resnet-
18 [20 used Hybridization of CNN + Resnet-
19. [38]used hybrid of CenterNet + DenseNet
— 77.][40] made use of Vision Transformer +
Efficient — V2 [101] used Hybrid of visual
Transformer +EfficientNet[102] used

CNN-+Attention Module

f.  Hyper-parameter Optimization. A
hyperparameter is a configurable setting that is
usually set before a model's training begins. Its
values normally influence the performance of
the model.[105] used Genertic Algorithm for
hyperparameter optimization while [87] used
particle swarm optimization Technique for
hyperparameter optimization.

h. Other Advanced models: [31]used deep
multiscale, parallel streams of CNN at
different scales. [33] used Reinforcement
learning while [34] used base model ResNet
attention mechanisms.

segmentation using

e

VI. CONCLUSION

Tomato plant diseases pose great
challenge  to  agricultural  productivity.This
necessitates the need for automatic and advanced
technique for early detection and treatment of these
diseases. Traditional detection methods are time
consuming and may not be accurate in detection.
This study introduces various deep CNN
modelsbeing used to detect tomato leaf diseases
from leaf images. The models’ performance,
techniques are presented.

The CNN models demonstrated superior
performance across all key metrics, including
accuracy, precision, recall, and F1-score. These
findings indicate that the CNN models functions
effectively within a reasonable computational
timeframe, making it a promising tool for Tomato
leaf diseases detection. Their reliability and
robustness could greatly enhance early disease
detection, contributing to reduced crop losses and
improved food security.
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