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Abstract – Diseases affecting tomato leaves substantially decrease crop output and quality, resulting in economic losses if not 
identified quickly. Manual inspection is labour-intensive and sometimes imprecise, making it inappropriate for extensive agricultural 
operations. This research presents a deep learning framework using DenseNet-121 for the automatic multi-class classification of tomato 
leaf diseases. The model was trained and validated using the PlantVillage dataset, which contains more than 54,000 labelled pictures 
of tomato leaves classified into Early Blight, Late Blight, Leaf Mold, and Healthy categories. Training utilized RMSprop optimization, 
categorical cross-entropy loss, and data augmentation methods such as rotation, flipping, and brightness modifications to enhance 
generalization. The proposed approach achieved an accuracy of 99.17%, precision of 98.34%, and F1-score of 98.33%, surpassing 
baseline models. In addition to numerical performance, the system facilitates practical applications: it may be included in mobile 
applications, IoT-based monitoring systems, or cloud platforms, enabling farmers to identify illnesses in real time, implement early 
treatments, and mitigate crop losses. This study illustrates the capabilities of AI-enhanced precision agriculture, providing a scalable and 
dependable approach for sustainable crop management.
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1.	 	INTRODUCTION

Plant diseases greatly impact agricultural output, re-
sulting in considerable yield losses and economic chal-
lenges for farmers. Despite their widespread cultiva-
tion, tomatoes are susceptible to several foliar diseases, 
such as mosaic viruses. Identifying this disease quickly 

and accurately is crucial for administering timely treat-
ments and minimizing crop loss. The use of human 
examiners in traditional disease detection methods is 
labour-intensive, prone to error, and time-consuming. 
Due to automated, accurate, and economical clas-
sification models made possible by recent advances 
in artificial intelligence (AI), particularly DL, plant dis-
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ease detection has been revolutionized. Due to their 
ability to extract and interpret complex patterns from 
leaf images, Convolutional Neural Networks (CNNs) 
have demonstrated remarkable effectiveness in dis-
ease detection using images. This research presents a 
DL-driven multi-class classification method for tomato 
leaf diseases in precision agriculture. Technology uses a 
CNN-based methodology to accurately classify various 
tomato leaf diseases, facilitating informed decision-
making for farmers and agricultural specialists. Using 
an improved DL architecture for training, the proposed 
model employs a dataset of pre-processed images of 
tomato leaves to enhance feature extraction. The use of 
AI-driven technology in precision agriculture optimizes 
disease control tactics, reduces chemical pesticide us-
age, and promotes overall crop health and output. The 
paper presents key contributions as follows.

Standard CNNs, such as VGG, AlexNet, ResNet, and 
GoogleNet, with transfer learning, are widely used 
for various image classification tasks. However, these 
architectures are unable to fully leverage the fea-
ture reuse and connection patterns provided by the 
DenseNet architecture. Hence, the proposed work se-
lects DenseNet-121 as the base model for classifying 
tomato leaf diseases, demonstrating a measurable im-
provement in accuracy compared to existing models, 
thereby advancing the field of automated plant dis-
ease detection in precision agriculture.

•	 Developed a framework using DenseNet-121 for 
the classification of many tomato leaf diseases.

•	 Utilized dense connections to improve feature 
reuse and reduce gradient vanishing in deep net-
works.

•	 Implemented data augmentation and optimized 
training procedures to enhance model generalization

•	 Provided the methodology for cross-crop adapta-
tion, facilitating wider use in precision agriculture.

Cross-crop relevance enhances motivation by dem-
onstrating deep learning models' capacity to gener-
alise beyond tomato disease detection, hence evidenc-
ing their resilience, scalability, and adaptability across 
diverse agricultural settings, underlining wider practi-
cality. Existing works may be classified as CNN-based, 
YOLO-based, and hybrid models. Convolutional Neural 
Networks face overfitting and limited feature extrac-
tion, YOLO might miss subtle patterns, and hybrid 
models enhance representation while augmenting 
complexity. DenseNet-121 addresses these limitations 
by efficient and robust classification. To detect and 
classify various tomato leaf diseases, an improved cap-
sule neural network (CapsNet) is employed in this com-
puter vision approach using standard dataset images 
[1]. This research proposes the use of a deep multi-scale 
CNN as a new method for automatically classifying to-
mato leaf diseases into multiple classes [2]. The YOLOv8 
model was employed to extract leaf images from to-
mato plant images, encompassing seven disease clas-

sifications, and multiple DL models were trained to uti-
lize images [3]. Using several YOLO models trained on 
the features of images of diseases affecting tomatoes, 
this work investigates these diseases in their natural 
habitats [4]. Classifying diseases affecting tomato plant 
leaves using CNN, a DL approach mostly used for image 
identification and processing data from pixels [5]. The 
substantial diversity and complexity of tomato leaf dis-
eases are the primary obstacles to their detection, mak-
ing precise diagnosis challenging. This problem can be 
addressed by implementing models based on CNN 
and U-Net architecture [6]. To classify tomato leaves, 
a CNN and BiLSTM model can work together. Results 
were improved when using the proposed hybrid learn-
ing disease-finding approach for a tomato leaf condi-
tion [7]. To detect pathogens in tomatoes, this research 
proposes an edge-based processing architecture that 
utilizes a CNN. This method conserves bandwidth and 
reduces latency by placing computing resources closer 
to the data source [8].

Examining the performance of InceptionV3, VGG-16, 
EfficientNetB7, ResNet-50, and VGG-19, among other 
fine-tuned pre-trained models, in classifying diseases in 
tomato leaves [9]. This research, utilizing CNN and, more 
specifically, ResNet-18, may transform the way tomato 
crop diseases are detected [10]. Using the VGG-16 CNN 
architecture, trained to detect diseases in tomato leaves 
[11], applies precision agriculture principles. In this case, 
it details an SVM-based model that can accurately iden-
tify tomato leaf diseases and classify them to a very high 
degree of reliability [12]. With minimal labelled data, this 
study introduces a novel method for classifying tomato 
leaf diseases using a YOLOv8-based iterative learning 
approach [13]. To classify tomato leaf diseases, this study 
employed an inexpensive, proprietary CNN model and 
two TL-based models, namely VGG 16 and VGG 19 [14]. 
To classify images of tomato leaves, a YOLO v5 DL model 
was trained [15]. This study aims to determine the opti-
mal hyperparameters for leaf section classification and 
disease detection. The purpose of this empirical com-
parison was to classify diseases in tomato leaves using a 
machine learning (ML) approach [16].

To classify images depicting diseases that affect to-
mato leaves, the K-Nearest Neighbour (K-NN) method 
is proposed for use, along with feature extraction [17]. 
Based on the findings, the KNN algorithm is capable of 
accurately identifying and classifying diseases affecting 
tomato leaves. To classify diseases in tomato leaves, a 
new approach is devised that utilizes deep CNN meth-
ods [18]. One potential attempt is the classification of 
diseases affecting tomato leaves. To classify the data, 
the methods shown in [19] use SVM and KNN. Tomato 
leaf disease detection and classification using a hybrid 
DL approach. This hybrid system is created by combin-
ing SVM with a convolutional attention module (CBAM) 
[20]. The InceptionResNetV2 CNN model is trained us-
ing a transfer learning technique to identify diseases in 
images of rice leaves [21]. This work uses VGG16 CNN 
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for disease classification of corn leaves; to improve 
accuracy and decrease training time, it uses Bayesian 
optimisation and transfer learning [22]. DenseNet-121 
addresses issues in previous CNN architectures, includ-
ing vanishing gradients, limited feature representation, 
and overfitting. The extensive connections improve 
gradient flow and feature reuse, increase computing 
efficiency, and promote generalisation under diverse 
settings, resulting in better disease classification.

2.	 PROPOSED SYSTEM

 To classify tomato leaf diseases, the proposed 
method uses DenseNet-121, a DL model, to improve 
precision agriculture. Fig. 1 depicts a sequential flow 
of tomato leaf images with preprocessing, feature ex-
traction using DenseNet-121, classification into four 
classes, and assessment for real-time disease detection 
implementation.

Fig. 1. Workflow of DenseNet-121-Based Multi-Class 
Disease Detection

The process begins with the input of leaf images, 
which undergo image preprocessing steps such as 
resizing to 224×224 pixels, normalization, and data 
augmentation to enhance model generalization. Data 
augmentation simulates real-world variations: rota-
tion handles diverse leaf angles, flipping addresses 
mirrored patterns, and brightness modulation mimics 
changing lighting conditions. These methods improve 
model generalization, increase dataset variety, and 
maintain disease-specific features for resilient classi-
fication. These pre-processed images are then passed 
through the proposed DenseNet-121 model for robust 
feature extraction, leveraging its dense connectivity for 
efficient learning. The extracted features are fed into a 
classification layer, consisting of a fully connected layer 
followed by a softmax activation function, which out-
puts the probability distribution across various disease 
classes. The final output predictions classify the leaf as 
Healthy, Early Blight, Late Blight, or Leaf Mold, enabling 
effective plant disease diagnosis. This structured ap-
proach ensures the accurate and scalable identification 
of tomato leaf diseases. Each stage in the proposed 
DenseNet-121 model is described comprehensively in 
the following sub-sections.

2.1.	 Data Acquisition and Preprocessing

The proposed method uses the PlantVillage data-
set, which contains annotated images of diseased to-
mato leaves. Before training, images are subjected to 
preprocessing to provide consistency. Each image is 
scaled to 224×224 pixels, the usual input dimension for 
DenseNet-121, then normalized using Min-Max Scaling 
to adjust as a result, improving training stability, with 
pixel values ranging from 0 to 1. The normalization pro-
cedure is defined as follows:

(1)

where X is the original pixel intensity, Xmin and Xmax rep-
resent the minimum and maximum pixel values, and 
X′ is the normalized output. When data is transformed 
using operations such as rotation (R), flipping (F), and 
brightness adjustment (B), it improves generalizability. 
This process is represented as:

(2)

These techniques provide the model with exposed 
diverse visual representations, mitigating overfitting 
and enhancing robustness.

2.2.	 DenseNet-121 Model Architecture

DenseNet can be used for classifying tomato leaf 
diseases due to its dense connection, which enhances 
feature reuse and facilitates gradient flow. It provides 
enhanced feature extraction with a reduced number of 
parameters and minimizes overfitting. The architecture 
collects complex and comprehensive features in toma-
to leaves, thus improving robustness and accuracy in 
diagnosing various disease types from leaf images. The 
base model for this system is DenseNet-121, a deep 
CNN known for its effective feature extraction and en-
hanced gradient flow. Compared to traditional CNNs, 
DenseNet-121 uses a dense connection, allowing each 
layer to receive inputs from all preceding levels. This 
configuration is technically denoted as:

(3)

where Xl is the feature map at layer l ,Hl is the trans-
formation function comprising batch normalization, 
Rectified Linear Unit (ReLU) activation, and convolu-
tion, and [X0, X1,…., Xt-1] denotes the concatenation of 
outputs from preceding layers. The activation function 
used by the model is the PReLU, which is defined as:

(4)

Computing complexity is reduced by adding a Global 
Average Pooling (GAP) layer after the model's numer-
ous dense blocks. For multi-class classification, the last 
completely linked layer employs the Softmax activa-
tion function.

(5)
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where zi represents the raw output score for class i, N 
is the total number of classes, and P(yi) is the predicted 
probability. Fig. 2 shows the DenseNet-121 architec-
ture diagram. In Fig. 2, MPL represents the Max Pooling 
Layer, and APL represents the Average Pooling Layer zi 
represents the raw output score for class i, N is the total 
number of classes, and P(yi) is the predicted probability. 
Fig. 2 shows the DenseNet-121 architecture diagram. In 
Fig. 2, MPL represents the Max Pooling Layer, and APL 
represents the Average Pooling Layer.

(a)

(b)

Fig. 2. DenseNet-121 architectures for tomato 
leaf disease classification. (a) Conventional 
DenseNet-121, (b) Modified DenseNet-121

The modified DenseNet-121 architecture includes 
several enhancements for improved performance. 
ReLU activations are replaced with Parametric ReLU 
(PReLU) to facilitate adaptive learning of activation pa-
rameters. A dropout layer is included to reduce over-
fitting by randomly deactivating neurons throughout 
the training process. Furthermore, all average pooling 
layers are replaced with max pooling layers to more ef-
fectively capture dominant features. As the ReLU is less 
vulnerable to the vanishing gradient problem, PReLU 
is employed, allowing the learning of negative slopes 
in the proposed DenseNet-121 model for tomato leaf 
disease classification. It is defined as

(6)

where a is the learnable parameter. The modified 
DenseNet-121 for tomato leaf disease classification 
uses PReLU to reduce the dying neuron issue, thereby 
improving gradient propagation and feature extrac-
tion. Studies indicate [23] that PReLU outperforms 
standard ReLU, enhancing convergence and resilience 
in complex classification problems.

DenseNet architecture enhances feature transmis-
sion and model efficiency via dense connectivity. The 
architecture is designed with many Dense Blocks, with 
each layer receiving input from all the levels below it 
and sending its feature maps to all the layers above it.  
Reduced parameter counts and improved gradient flow 
are the results of extensive feature reuse, which is advan-
tageous for training deep networks. Every layer in a Dense 
Block comprises a 1×1 convolution (bottleneck layer) suc-
ceeded by a 3×3 convolution, both employing PReLU ac-
tivation. The layers are concatenated instead of summed, 
thereby maintaining the learned features from the pre-
ceding layers. Transition Layers are employed between 
Dense Blocks to regulate the model's complexity. A Tran-
sition Layer comprises reducing the number of feature 
maps by a 1×1 convolution, followed by a 2×2 average 
pooling operation to decrease the spatial dimensions. 
This architecture offers improved generalization, acceler-
ated convergence, and superior performance in complex 
image classification problems, such as detecting diseases 
in tomato leaves. It is both profound and concise, render-
ing it suitable for precision agriculture applications. Table 
1 shows the output shape and number of parameters for 
each DenseNet-121 layer used for disease classification.

Table 1. Summary of the Proposed Densenet-121 
Architecture

Layer (Type) Output Shape Parameters

Input Layer (None, 224, 224, 3) 0

Conv2D + BatchNorm 
+ ReLU (None, 112, 112, 64) 9,408

MPL (None, 56, 56, 64) 0

Dense Block 1 (6 layers) (None, 56, 56, 256) ~27K

Transition Layer 1 (None, 28, 28, 128) ~33K

Dense Block 2 (12 layers) (None, 28, 28, 512) ~208K

Transition Layer 2 (None, 14, 14, 256) ~66K

Dense Block 3 (24 layers) (None, 7, 7, 512) ~857K

Transition Layer 3 (None, 7, 7, 512) ~132K

Dense Block 4 (16 layers) (None, 7, 7, 1024) ~590K

PReLU (7, 7, 1024) -

GlobalMPL (None, 1024) 0

Fully Connected (Dense) (None, 4) ~4,100

Softmax Activation (None, 4) 0

2.3. Model Training

Splitting the dataset into training and validation sets 
helps to better understand the model and evaluate its 
performance. 
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(7)

(8)

where the following variables are vt, which stands for 
the moving average of squared gradients, gt for the 
gradient at time t, wt for updated weights, η for the 
learning rate, and ϵ for the constant that guarantees 
numerical stability.

2.4.	 Disease Prediction

The trained model is included in a mobile application 
or cloud-based system for immediate disease diagno-
sis in real-time deployment. Agricultural experts can re-
cord leaf images using a smartphone or camera, which 
are then analyzed by the trained DenseNet-121 model 
for disease classification. The classification uses the 
Softmax function, which generates probability ratings 
for each disease group. The disease with the greatest 
potential is chosen as the definitive prognosis. Upon 
disease detection, the system provides proposed treat-
ments and preventative methods, facilitating early in-
tervention and minimizing crop loss. Table 2 outlines 
the key parameters of DenseNet-121 used in the clas-
sification system for tomato leaf diseases.

Table 2. DenseNet-121 Parameters

Parameter Value

Input Size 224 × 224 × 3 (PlantVillage)

Layers 121

Dense Blocks 4

Activation PReLU

Optimizer RMSprop

Loss Function Categorical Cross-Entropy

Batch Size 32

Learning Rate 0.001

Epochs 20

Classes 4 (3 diseases + healthy)

Dropout 0.2

Learning parameter (a) in PReLU 0.01

The hyperparameter values shown in Table 2 are cho-
sen to enhance the system accuracy and training stabil-
ity based on the following criteria: A 224×224 input is 
compatible with the DenseNet-121 architecture. It uses 
RMSprop for adaptive learning rates, and categorical 
cross-entropy is optimal for multi-class problems. The 
hyperparameters learning rate, batch size, and dropout 
were selected experimentally with iterative evaluation 
and validation performance, rather than using formal 
optimization methods such as grid search or Bayesian 
optimization. An organized method for classifying toma-
to leaf diseases using DenseNet-121 is shown in Table 3.

Table 3. Workflow of DenseNet-121-Based Tomato 
Leaf Disease Classification

The model uses the RMSprop optimizer, which adap-
tively modifies learning rates to ensure steady conver-
gence. The formula for weight updates in RMSprop is:

Step Description

1. Data Acquisition Collect tomato leaf images from the 
PlantVillage dataset.

2. Data Preprocessing
Normalize the pixel values, resize the 

images to 224 × 224, and use data 
augmentation.

3. Model Selection Use DenseNet-121 for efficient feature 
extraction and classification.

4. Feature Extraction
By utilizing convolutional layers, 

DenseNet-121 can extract hierarchical 
characteristics from input images.

5. Classification A fully connected Softmax layer classifies 
various tomato leaves.

6. Training & 
Optimization

For the model's training, use the RMSprop 
optimizer and the categorical cross-

entropy loss.

7. Model Evaluation Performs evaluations based on F1-score, 
recall, accuracy, and precision.

8. Deployment Utilize the trained model to detect 
diseases in tomato leaves in real time.

3.	 RESULTS AND DISCUSSIONS

ML methods for plant disease identification can ben-
efit from the extensive, freely available PlantVillage 
dataset [28].  Covering 38 classes and 14 different crop 
species, it contains almost 54,000 high-quality images 
of healthy and sick plant leaves, such as tomatoes, pota-
toes, apples, and grapes. Each image is annotated with 
the relevant plant species and disease conditions, estab-
lishing a robust foundation for training and assessing DL 
models in plant pathology. Tomato leaf subsets from the 
PlantVillage dataset were utilized in this research. This 
subset comprises 4,600 images divided into four classes: 
Early Blight (800 images), Late Blight (1,500 images), Leaf 
Mold (800 images), and Healthy Leaves (1,500 images). 
Each class was increased to 1,500 images using data 
augmentation techniques to address class imbalance. 
For the DenseNet-121 architecture to recognize images 
were all resized to 224×224 pixels. An effective DL model 
for accurate and reliable disease classification of tomato 
leaves was developed with the help of this balanced and 
pre-processed dataset. 

The images in PlantVillage are acquired in a research 
setting with consistent backgrounds, which may in-
troduce dataset bias and limit generalization to out-
door conditions. Incorporating field-collected images, 
advanced augmentation, or domain adaptation may 
enhance model robustness and practical application. 
The model was trained on an NVIDIA RTX 3080 GPU (10 
GB VRAM) with TensorFlow 2.12 and Keras on Ubuntu 
22.04. Training for 20 epochs with a batch size of 32 
took around 2.5 hours, using CUDA 11.8, cuDNN 8.6, 
NumPy, Pandas, and scikit-learn. 

The model performs well on the PlantVillage dataset 
but may be overfit to controlled environments, result-
ing in poor performance in real-world situations char-
acterised by changing lighting and occlusions. Valida-
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tion on varied field datasets and the use of methods 
such as data augmentation are crucial for enhancing 
generalisation and practical applicability. Sample im-
ages of different tomato leaf diseases from the PlantVil-
lage dataset are shown in Fig. 3.

(a)

(b)

(c)

(d)

Fig. 3. (a) Early Blight Affected Tomato Leaf, 
(b)Early Blight Affected Tomato Leaf, (c) Leaf Mold 

Symptoms on Tomato Leaf, (d) Healthy Tomato Leaf

To address the class imbalance in the PlantVillage 
dataset, data augmentation techniques were applied 
to underrepresented classes, increasing each class to 
1,500 images. This resulted in a balanced dataset that 
included equal representation of Early Blight, Late 
Blight, Leaf Mold, and Healthy Leaves. Balancing of the 
dataset increased the DenseNet-121 model's perfor-
mance, enhancing its ability to generalize better and 
classify tomato leaf diseases. Data augmentation was 
employed to address class imbalance in the PlantVil-
lage subset, specifically for the Early Blight and Leaf 
Mold classes, which initially consisted of 800 samples 
each. Original images per class were chosen, normal-
ized by scaling pixel intensities to the [0, 1] range, 
and then augmented using a 90° rotation operation. 
The augmentation method was repeated iteratively 
to generate 700 additional samples per class, result-
ing in 1,500 images for each class. The augmentation 
preserved disease-specific characteristics while provid-

ing spatial variability, improving the resilience of the 
DenseNet-121 model, mitigating overfitting, and en-
suring improved generalization across all tomato leaf 
disease classes. Fig. 4 shows the rotated images of to-
mato leaves used for performance evaluation.

Fig. 4. Data Augmented Images of Tomato Leaves

A multi-class confusion matrix is essential to evalu-
ate classification models with more than two classes. It 
provides comprehensive insights into the predictions 
for each class, detects misclassifications, and facilitates 
the computation of class-wise metrics such as precision 
and recall. This facilitates the identification of model 
deficiencies, enhances performance, and provides bal-
anced evaluation. Fig. 5 shows DenseNet-121 with di-
verse training/testing splits, facilitating the evaluation 
of the efficiency of the model across varying data uti-
lization, hence enhancing accuracy and generalization 
through the modification of training data ratios.

(a)

(b)
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(c)

(d)

Fig. 5. (a) DenseNet-121 (50:50 Split),  
(b) DenseNet-121 (60:40 Split), (c) DenseNet-121 

(70:30 Split), (d) DenseNet-121 (80:20 Split)

With an increase in training data quantity, the model 
demonstrates enhanced classification performance 
and a decrease in misclassifications. The 50:50 split (Fig. 
5a) shows a considerably larger degree of class confu-
sion, indicating less model confidence. The 70:30 and 
80:20 splits (Fig. 5c and 5d) indicate robust diagonals 
with negligible off-diagonal values, indicating ex-
tremely precise forecasts for all classes. The 80:20 divi-
sion archives near-perfect classification, with most mis-
classifications limited to only 1–2 instances per class. 
Overall, the confusion matrices show that model accu-
racy and robustness improve significantly with larger 
training datasets.

The performance of Equations 8 to 11 of the proposed 
DenseNet-121-based tomato leaf disease classification 
system was evaluated using traditional ML metrics to 
ensure the accuracy and reliability of the results.

(9)

(10)

(11)

(12)

The classification error is the ratio of incorrect predic-
tions generated by a classification model. It can be de-
rived from Eqn. 11 and is expressed as:

(13)

The performance metric assesses the performance 
of the model for classifying diseases in tomato leaves, 
shown in Tables 4 to 7 for different random splits.

Table 4. Class-wise evaluation metrics using 50:50 
random split images

Cl
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s

TP FP FN TN

A
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ur
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y 
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)
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ec
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io

n 
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)

Re
ca

ll 
(%

)

F1
-S
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re

 (%
)

Early 
Blight 578 176 172 2074 88.40 76.66 77.07 76.86

Late 
Blight 570 181 180 2069 87.97 75.90 76.00 75.94

Leaf 
Mold 565 177 185 2073 87.93 76.15 75.33 75.73

Healthy 
Leaves 575 178 175 2072 88.23 76.36 76.67 76.51

Overall 88.13 76.27 76.27 76.26

Table 5. Class-wise evaluation metrics using 60:40 
random split images

Cl
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s

TP FP FN TN

A
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ca

ll 
(%
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F1
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Early 
Blight 521 85 79 1715 93.17 85.97 86.83 86.40

Late 
Blight 514 84 86 1716 92.22 85.95 85.67 85.80

Leaf 
Mold 512 85 88 1715 92.79 85.76 85.33 85.54

Healthy 
Leaves 518 81 82 1719 93.21 86.48 86.33 86.40

Overall 93.02 86.04 86.04 86.04

Table 6. Class-wise evaluation metrics using 70:30 
random split images
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Early 
Blight 430 21 20 1329 97.72 95.34 95.56 95.44

Late 
Blight 426 21 24 1329 97.50 95.30 94.67 94.98

Leaf 
Mold 424 24 26 1326 97.22 94.64 94.22 94.98

Healthy 
Leaves 429 25 21 1325 97.44 94.49 95.33 94.43

Overall 97.47 94.95 94.94 94.94
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Table 7. Class-wise evaluation metrics using 80:20 
random split images
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as

s

TP FP FN TN
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Early 
Blight 295 5 5 895 99.17 98.33 98.33 98.33

Late 
Blight 294 3 6 897 99.25 98.99 98.00 98.49

Leaf 
Mold 295 6 5 894 99.08 98.01 98.33 98.16

Healthy 
Leaves 296 6 4 894 99.17 98.01 98.67 98.33

Overall 99.17 98.34 98.33 98.33

It can be seen from Table 4 to Table 7 that a distinct 
improvement is obtained with an increase in training 
data. The model with a 50:50 distribution achieves a 
moderate accuracy of 88.13% and balanced precision 
and recall (~76%). As the distribution changes to 60:40 
and 70:30, both accuracy and F1-score significantly in-
crease, reaching ~97% in the 70:30 configuration. At the 
80:20 ratio, the model achieves optimal performance 
with nearly 99.17% accuracy and F1 scores exceeding 
98% across all classes. The performance analysis in-
dicates that enhanced training data improves model 
generalization, accuracy, and class-wise robustness in 
plant disease identification.

The performance of the DenseNet-121 model during 
training and validation across 20 epochs is shown in 
Fig. 6. The training accuracy rises consistently, reflect-
ing enhanced model learning, whilst the validation 
accuracy exhibits minor fluctuations, suggesting the 
model's generalization capability. Provide performance 
indicators as mean ± standard deviation across multi-
ple runs to reflect variability and statistical significance. 
For instance, express accuracy as 99.17 ± 0.12 %. This 
methodology illustrates model stability and depend-
ability, ensuring that enhancements above baseline 
models represent actual performance increases rather 
than chance variations.

Fig. 6. DenseNet-121 Accuracy Progression

Fig. 7 depicts the decrease in training and valida-
tion loss across the epochs. The training loss decreases 
consistently, indicating successful learning, while the 
validation loss concurrently declines, albeit at a more 
gradual pace, implying potential overfitting or minor 
fluctuations in the validation data.

Fig. 7. DenseNet-121 Loss Curve

The DenseNet-121 model demonstrated a signifi-
cant increase in training accuracy from 60% to 99% 
and validation accuracy from 58% to 98%. The train-
ing loss decreased from 1.5 to 0.3, while the validation 
loss reduced from 1.6 to 0.4, indicating successful op-
timization. Fig. 8 illustrates a comparative analysis of 
performance measures across DenseNet-121 versions, 
demonstrating incremental improvements in accuracy, 
precision, and F1-score from the baseline to the com-
pletely upgraded architecture.

Fig. 8. Ablation Study of DenseNet-121 
Modifications for Tomato Leaf Disease Classification

Fig. 9. shows the proposed DenseNet-121 improve-
ment over other models, ViT, in terms of performance 
metrics to classify tomato leaf diseases into many 
classes.

Table 8 clearly shows that the proposed DenseNet-
121-based system outperforms existing models, in-
cluding traditional CNNs and sophisticated designs 
such as ViT and EfficientNetV2B7, across all critical per-
formance criteria.
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Fig. 9. Performance Comparison of Existing DL 
Models

Table 8. Comparison of Model Performance for 
Tomato Leaf Disease Classification

Models Accuracy Precision Recall F1 Score

CNN [23] 62.8 66.8 62.8 62.89

AlexNet [23] 72.86 74.89 72.86 73.33

VGG-19 [23] 84.29 85.28 84.29 84.34

EffNetV2B7 [23] 94.29 94.89 94.29 94.07

ResNEt50 [23] 97.14 97.27 97.14 97.14

ViT [24] 98 98.3 98.33 98.2

InceptionResNetV2 [21] 95.67 - - -

VGG16 [22] 97 - - -

DenseNet-121 98.4 97.7 97.3 97.4

Proposed System 99.17 98.34 98.33 98.33

The proposed DenseNet-121 improves other exist-
ing models in accuracy, achieving 99.17% and dem-
onstrating the highest classification performance. 
While ResNet50 exhibits somewhat superior precision, 
DenseNet-121 achieves a more favourable equilibrium 
across all metrics. CNN and AlexNet demonstrate mark-
edly inferior performance, rendering them inadequate 
for intricate multi-class classification in agriculture. 
DenseNet-121 offers enhanced feature reuse and gra-
dient flow, improving its learning efficiency and robust-
ness in the successful diagnosis of several tomato leaf 
diseases. The work indicates potential mobile or cloud 
implementation, although it requires empirical confir-
mation outside of controlled dataset tests. Future work 
should include prototype testing on mobile devices or 
cloud platforms to assess performance, latency, and us-
ability in real-world agricultural settings.

4.	 CONCLUSIONS

The DenseNet-121 framework effectively identifies 
tomato leaf diseases by the extraction of deep hier-
archical features, exhibiting excellent accuracy and 
robust performance. The research highlights practical 
applications for precision agriculture, such as incorpo-
ration into mobile apps, IoT monitoring systems, and 
cloud platforms for real-time disease diagnosis, early 
intervention, and minimized crop loss. Despite these 
advantages, limits are present. The PlantVillage data-

set is gathered in a laboratory setting, characterized by 
consistent backdrops and controlled lighting, perhaps 
restricting its applicability to field conditions that in-
clude noise, occlusions, and variable illumination. Train-
ing deep networks incurs significant computational 
expenses, which may limit accessibility for small-scale 
farmers or resource-constrained environments. Future 
studies should rectify these shortcomings by aug-
menting the dataset with field-acquired photos from 
other cultivars and environmental conditions, while 
also integrating multi-disease and co-infection situa-
tions. Methods, including domain adaptation, transfer 
learning, and lightweight designs, may enhance ro-
bustness and efficiency. The practical implementation 
and evaluation will further substantiate the approach, 
improving its scalability and relevance for sustainable, 
data-driven agriculture.
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