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Comparative Evaluation of DenseNet121 and DenseNet201
for Automated Detection of Major Fava Bean Leaf Diseases
using Field-collected Images
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ABSTRACT

Background: Foliar diseases like Chocolate spot, Rust and Gall threaten fava bean yield and quality. Traditional visual inspection is
slow and error-prone, so automated deep learning approaches offer faster and more accurate disease detection.

Methods: This study evaluates the performance of the deep learning architectures DenseNet121 and DenseNet201 for automated
fava bean leaf disease classification using a field-acquired dataset of 8,021 RGB images across four classes: Healthy, Rust, Gall
and Chocolate spot. Both models were trained, validated and tested under identical preprocessing, augmentation and hyperparameter
settings. Evaluation metrics included accuracy, precision, recall, F1-score, MCC, ROC-AUC, Precision-Recall curves and confusion
matrices, supported by qualitative confidence-score analysis.

Result: Both models demonstrated high and stable performance, with DenseNet121 achieving 96.45% accuracy and DenseNet201
achieving 96.01% accuracy. DenseNet201 converged faster and showed slightly stronger recall for Rust, whereas DenseNet121
achieved marginally higher overall accuracy and MCC. High confidence scores and low misclassification rates across all classes

highlight the effectiveness of DenseNet architectures for reliable, real-time disease detection in precision agriculture.
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INTRODUCTION

Precision agriculture seeks to maximize crop productivity
while minimizing resource use. It does so by combining
data, sensors and advanced computational tools to monitor
plant health and optimize interventions. Among these tools,
deep learning (DL) has emerged as a game changer. DL-
based image analysis enables automated plant disease
detection. It allows fast, accurate and scalable assessment
of crop health under realistic farming conditions
(Dolatabadian et al., 2024; Majdalawieh et al., 2025;
Mansoor et al., 2025). Fava bean (Vicia faba) is a widely
cultivated legume. It plays a key role in food security and
local economies in many regions (Karkanis et al., 2018;
Sharun et al., 2024; Desfita et al., 2025; Hu et al., 2024).
However, this crop is highly vulnerable to foliar diseases.
Under favorable environmental conditions, these diseases
spread quickly. They severely reduce plant vigor, yield and
seed quality. Early detection of these diseases is thus
critical for effective crop management (Gasim et al., 2015;
Paul and Gupta, 2021).

Conventional leaf inspection is slow, labor-intensive
and often inconsistent, limiting timely and accurate
disease detection (Das et al., 2025; Gupta et al., 2025).
Early studies demonstrated high accuracy when classifying
healthy versus diseased leaves on standard datasets.
For example, review work shows many CNN based
techniques yield classification accuracy above 92% for
various crops and diseases (Tugrul et al.,, 2022; Ngugi
et al., 2024). Several works that used the architecture
DenseNet121 have reported very high accuracies, e.g.
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around 99.5% in controlled datasets for crop leaf disease
identification (Bakr et al., 2022; Mazumder et al., 2024 and
Krishna et al., 2025). Deep learning (DL) methods have
been widely applied to crops such as tomatoes, potatoes,
apples, maize and grapes (Pacal et al., 2024; Mehta et al.,
2025). In contrast, foliar diseases of fava bean remain
largely underexplored and insufficiently studied.

Salau et al. (2023) developed an end-to-end CNN
model and reported 92.1% accuracy on raw images and
98.14% on preprocessed datasets. Although preprocessing
improved performance, the study relied primarily on
controlled image conditions, which may not reflect field
variability. Similarly, Jeong and Na (2024) proposed an 8-
layer deep CNN for classifying Chocolate Spot, Rust, Gall
and Healthy categories. Their model achieved high training
accuracy (99.37%) but lower validation accuracy (89.69%)
after 75 epochs. Mostafa et al. (2025) also reported 98.92%
accuracy using a sequential CNN; however, details
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regarding dataset diversity and field-based validation
remain limited. These observations suggest that while prior
studies demonstrate strong laboratory performance,
challenges persist in ensuring robust generalization and
deployability under real agricultural conditions. Additionally,
most existing work evaluates single architectures without
systematic comparison under identical experimental
settings, restricting understanding of architectural
advantages and limiting evidence-based model selection.

To address these limitations, the current research
employs field-collected datasets representing real-world
imaging variability and systematically compares
DenseNet121 and DenseNet201 under identical preprocessing,
augmentation and evaluation protocols. Unlike prior studies
that primarily report accuracy metrics, this work integrates
statistical significance testing, multi-metric evaluation and
confidence-score analysis to provide a comprehensive
assessment of model performance and reliability. By bridging
the gap between laboratory-based high accuracy and field
applicability, the study contributes a scalable and scientifically
validated solution for automated faba bean disease detection
in precision agriculture.

MATERIALS AND METHODS

This study compares two deep learning architectures,
DenseNet121 and DenseNet201, for the detection of
fava bean leaf diseases. The workflow consists of dataset
preparation, preprocessing, augmentation, model
construction, training and evaluation. The complete
procedure is presented in Fig 1. All steps were kept
identical for both models to allow a fair comparison.
All experiments were executed on a Windows 10
machine. The system was equipped with an Intel®
Core™ i5-11320H CPU running at 3.20 GHz and
supported by 16 GB of RAM. Storage was provided by a
512 GB SSD (S930P PRO 2.5"). The machine included
an NVIDIA GeForce GT 740 graphics card with 4 GB of
VRAM. Python 3.11 served as the primary programming

language. TensorFlow 2.x and the Keras high-level
APl were used as the core deep-learning frameworks.
All scripts were developed, tested and executed in a
Jupyter Notebook environment.

Although a dedicated GPU was available, the NVIDIA
GeForce GT 740 is an entry-level GPU with limited deep-
learning acceleration capability. Consequently, training
efficiency remained constrained compared with modern
GPU architectures. While the current hardware was
sufficient to train the models on the present dataset of
8,021 fava bean leaf images, training time remained
relatively high. This configuration also limits scalability for
larger datasets and reduces practicality for real-time
deployment. Therefore, the experimental setup represents
a moderate-performance environment rather than a high-
performance computing platform and more advanced
GPUs could substantially improve computational efficiency
and deployment feasibility.

Dataset description

The dataset consisted of 8,021 RGB images of Vicia faba
(faba bean) leaves. All images were collected under
natural field conditions. Agricultural experts supervised
the collection process to ensure accurate labeling of
disease categories. The images were grouped into four
classes based on visible symptoms: Healthy (2,019
images); Rust-infected (2,000 images); Faba bean gall-
infected (2,000 images) and Chocolate spot-infected
(2,002 images). Images were captured using a portable
Open Data Kit (ODK) device. The collection covered
multiple farms during the active crop season. Each image
was stored in RGB format with a resolution of 512x512
pixels. The distribution was nearly balanced, minimizing
class-imbalance bias. Fig 2 shows example images from
each disease class.

Data preprocessing

All images were subjected to uniform preprocessing steps.
Each RGB image was resized to 224x224 pixels using

Image Cleaning
(Noise &
Blur Removal)

Train-Val-Test Split

Raw Image
Collection
(Field Conditions)
v

Expert Labeling
(4 Classes)

~ Resolution
Normalization

(60%-20%-20%) (224 x 224)

Augmentation
Rotate+20°Zoom 0.8-1.2
Flip(H/V)Shift+0.2

Training Data Ready

Preprocessing
(DenseNet preprocess

input)

Validation &
Test Data
Ready

DenseNet121

2
DenseNet201 Classifier Head
(Freeze Base Layers) (Dense + Softmax)

)

Model Training
(Adam, LR=5e-5)

v
Classifier Head
(Freeze Base Layers) (Dense + Softmax)

MEtfics
* Accuracye Precision
* Recall+ Fl-score

Comparison & Analysis
(DenseNet121 vs
DenseNet201)

Mode‘l)Training
(Adam, LR=5e-5)

Fig 1: Workflow of leaf disease detection.
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bilinear interpolation. Pixel values were normalized to the

X
= 255 - Data augmentation was applied

to improve the model's generalization ability. The augmented
images were generated through controlled transformations
that slightly altered the original samples while preserving
their essential disease features. Each image was randomly
rotated within a +20° range to simulate natural variations
in leaf orientation. Horizontal and vertical flipping were
applied to mimic different camera angles encountered
during field photography. The images were also zoomed
within a 0.8-1.2 range to account for variations in distance
between the camera and the leaf surface. In addition, width
and height shifts of up to £0.2 were introduced to simulate
positional differences within the image frame. Together,
these transformations expanded the effective dataset and
reduced overfitting by exposing the model to a diverse set of
realistic image variations.

[0, 1] range using X,

Model architecture

Two pretrained convolutional neural network architectures,
DenseNet121 and DenseNet201, were used to classify
fava bean leaf diseases, both belonging to the DenseNet
family in which each layer receives feature maps from all
preceding layers through dense connectivity. This dense
flow strengthens feature reuse and reduces redundant
computations. DenseNet121 is shallower with fewer
parameters, while DenseNet201 has a deeper structure
and greater representational capacity. The two models
differ mainly in the number of dense blocks and composite
layers, which results in variation in depth and computational
complexity. Both architectures were initialized with
ImageNet weights. The pretrained convolutional layers were
kept frozen during training. Freezing stabilizes feature
extraction and prevents large gradient updates that may
damage pretrained filters. It also reduces training time and
computational cost.

After the DenseNet backbone, the model applied
global average pooling to compress the spatial feature
maps into a single feature vector. This reduces overfitting
by minimizing the number of trainable parameters. A fully
connected output layer with softmax activation was added
for classification into four disease categories: healthy, rust,
gall and chocolate spot. The classification mapping can
be expressed as:

y = Softmax [WF(X') + b]

Where,

F(X') = The feature vector obtained after global average pooling.

W and b = Trainable classification parameters.

3/\ = The probability distribution across the four classes.
The general model structure is summarized in Fig 3,

which illustrates the preprocessing stages, DenseNet

backbone, pooling layer and output classifier.

DenseNet backbone structure

Each DenseNet block consists of multiple composite layers.
Each composite layer includes batch normalization, ReLU
activation and a 3x3 convolution. The output of each
composite layer is concatenated with all previous feature
maps. For a dense block with L layers, the output after the
final layer is:

X, =H, (X X,1, X0 X1

Where,

X, = Concatenation.

H_ = The nonlinear transformation inside the layer.
Transition layers are placed between dense blocks.

A transition layer includes 1x1 convolution followed by

average pooling to reduce feature map dimensions. These

layers prevent feature explosion and stabilize memory

usage. DenseNet121 contains four dense blocks with a

total of 121 layers. DenseNet201 contains the same number

of blocks but extends depth to 201 layers. The increased

Fig 2: Sample images of healthy, rust, gall and chocolate spot-infected leaves.
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depth enables DenseNet201 to capture more complex
patterns but requires higher computational resources.

Classifier head

Both DenseNet121 and DenseNet201 were extended with
the same classifier head to maintain fairness in
comparison. The classifier receives the pooled feature
vector and maps it to four classes. The linear transformation
is computed using:

z=WF (X)+Db,
Followed by a softmax activation:
exp (2)

4
Ej=1zj

v =

The class with the highest w, represents the predicted
label. The training process was conducted for a maximum
of 50 epochs, utilizing early stopping and model
checkpointing to prevent overfitting and save the highest-
performing model based on validation accuracy. After
training, both DenseNet121 and DenseNet201 were
evaluated on the test dataset using accuracy, precision,
recall and F1-score, ensuring a comprehensive
performance comparison. Additional assessment was
performed using the confusion matrix, which allowed
visualization of classification errors. The identical training
configurations for both models ensured a fair and
controlled comparison of their effectiveness in fava bean
leaf disease detection.

A B TP+ TN
oY = TP Y TN+ FP + FN
. TP
Precision = ———
TP + FP
Recall = i
TP + FN

Precision x Recall

F1 - score = 2 x —
Precision + Recall

TP FP>
FN TN

Statistical comparison of the predictive performance of
DenseNet121 and DenseNet201 (McNemar’s test)

To statistically compare the predictive performance of
DenseNet121 and DenseNet201, McNemar’s test was
performed on the independent test dataset. The test
dataset consisted of 1,605 images belonging to four
classes and was loaded using TensorFlow’s image_
dataset_from_directory function with a fixed image
resolution of 224 x 224 pixels and batch size of 32. Data
shuffling was disabled to ensure identical sample ordering
for both models. All images were preprocessed using the
DenseNet-specific preprocess_input function. The best-
performing pretrained models, DenseNet121 and
DenseNet201, were loaded from saved checkpoint files.

Confusion matrix = <

Predictions were generated for the entire test set and class
labels were obtained using the argmax operation on softmax
outputs. Correct and incorrect predictions were determined
for each model by comparing predicted labels with true
labels. A 2x2 contingency table was constructed
representing: (i) instances correctly classified by both
models, (ii) instances correctly classified only by
DenseNet121, (iii) instances correctly classified only by
DenseNet201 and (iv) instances misclassified by both
models. McNemar’s exact test was then applied using the
statsmodels library to evaluate whether the performance
difference between the two architectures was statistically
significant at a significance level of 0.05.

RESULTS AND DISCUSSION

In this work, both DenseNet121 and DenseNet201 were
trained for 50 epochs and showed smooth and stable
convergence. DenseNet121 showed a gradual increase in
accuracy, rising from low initial values in the first epoch
(»25% training and =39% validation accuracy) and
surpassing 90% validation accuracy by the 12-14" epoch.
Its performance continued improving until it reached a peak
of ~96% validation accuracy, after which the curve stabilized.
DenseNet201, being deeper and more expressive,
converged faster. It achieved over 90% validation accuracy
within the first 8-10 epochs and reached its maximum of
~97% validation accuracy slightly earlier than DenseNet121.
In both models, validation loss consistently decreased
throughout training, indicating stable optimization without
signs of overfitting. Early stopping and check pointing
ensured that the best epoch was preserved for final testing,
making the comparison fair and reproducible. Overall,
DenseNet201 required fewer epochs to reach its optimal
performance, whereas DenseNet121 showed a slower but
steady learning trajectory.

Fig 4 presents the combined confusion matrix results
for both DenseNet121 and DenseNet201 models.
DenseNet121 achieved strong classification performance,
correctly identifying 380 Chocolate spot, 379 Gall, 400
Healthy and 389 Rust samples. Misclassifications were
low, with Chocolate spot occasionally predicted as Gall
(8), Healthy (2), or Rust (11) and Gall sometimes confused
with Chocolate spot (16), Healthy (1), or Rust (4). Healthy
samples showed minimal errors (1 to Chocolate spot and
3 to Rust), while Rust displayed small confusion with
Chocolate spot (10) and Gall (1). DenseNet201 showed
slightly improved accuracy, correctly predicting 367
Chocolate spot, 379 Gall, 398 Healthy and 397 Rust
samples. Errors remained minimal, with Chocolate spot
misclassified as Gall (13), Healthy (2), or Rust (19), while
Gall had limited confusion with Chocolate spot (17), Healthy
(2) and Rust (2). Healthy samples recorded only four errors
in total and Rust achieved very high precision with just
three misclassifications. Overall, DenseNet201 demonstrated
stronger class separability, fewer cross-class errors and
slightly higher accuracy, whereas DenseNet121 performed
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consistently well but showed marginally higher confusion
across categories.

Table 1 summarises the class-wise Precision, Recall
and F1-Scores for both DenseNet121 and DenseNet201.
DenseNet121 shows strong and balanced performance
across all four classes. Chocolate spot achieves a
Precision of 0.9337 and Recall of 0.9476, indicating reliable
detection with few missed cases. Gall performs even better,

with Precision 0.9768 and F1-Score 0.9619, reflecting high
consistency in prediction. Healthy shows the highest scores
(Precision 0.9926, Recall 0.9901) and demonstrates
excellent discrimination. Rust also performs strongly with
an F1-Score of 0.9641. DenseNet201 shows similar trends.
Chocolate spot remains accurate (F1-Score 0.9315), while
Gall maintains strong stability with an F1-Score of 0.9523.
Healthy remains highly separable with an F1-Score of
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Fig 3: Training and validation accuracy and loss curves for both models.
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Table 1: Classification performance metrics for DenseNet121 and

Confusion matrices for DenseNet121 and DenseNet201 models.

DenseNet201 models.

DenseNet121 model

DenseNet201 model

Class/metric Support
Precision Recall F1-score Precision Recall F1-score

Chocolate spot 0.9337 0.9476 0.9406 0.9483 0.9152 0.9315 401
Gall 0.9768 0.9475 0.9619 0.9571 0.9475 0.9523 400
Healthy 0.9926 0.9901 0.9913 0.9900 0.9851 0.9876 404
Rust 0.9558 0.9725 0.9641 0.9452 0.9925 0.9683 400
Accuracy 0.9645 0.9601 1605
Macro Avg 0.9647 0.9644 0.9645 0.9602 0.9601 0.9599 1605
Weighted Avg 0.9647 0.9645 0.9645 0.9602 0.9601 0.9600 1605
MCC 0.9527 0.9470
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0.9876 and Rust perform best with a Recall of 0.9925 and
an F1-Score of 0.9683. Accuracy and averages for both
models remain close, with DenseNet121 at 0.9645 and
DenseNet201 at 0.9601, indicating very similar overall
reliability. MCC values also support this consistency, with
DenseNet121 scoring 0.9527 and DenseNet201 0.9470.
Overall, both models show excellent stability and class-
wise precision, with DenseNet121 slightly ahead in overall
accuracy and MCC, while DenseNet201 achieves stronger
Recall for Rust and maintains competitive performance
across all metrics.

Fig 5 illustrates the ROC and Precision-Recall curves
for both DenseNet121 and DenseNet201 in a one-vs-rest
(OvR) setting. DenseNet121 shows excellent class-wise
discrimination, with AUC values of 0.9937 for Chocolate
spot, 0.9975 for Gall, 0.9998 for Healthy and 0.9972 for
Rust. All curves stay very close to the upper-left boundary,
indicating extremely low false-positive rates and strong
separability across categories. The corresponding
Precision-Recall curves also show high stability, with
average precision (AP) values above 0.98 for all classes.
Healthy and Rust achieve the highest AP values (0.9993
and 0.9945, respectively), showing near-perfect precision
at all recall levels.

DenseNet201 demonstrates similarly strong performance.
AUC values remain high, with 0.9936 for Chocolate spot,
0.9972 for Gall, 0.9997 for Healthy and 0.9971 for Rust.
The ROC curves closely overlap with DenseNet121,
confirming consistent model behavior. The Precision-
Recall curves also remain sharply peaked near the top-
right corner, with AP values above 0.98 for every class. Healthy
again shows the strongest curve (AP = 0.9993), while Rust
and Gall maintain highly stable precision even at high recall
ranges. Overall, both models demonstrate exceptional
discrimination ability, with DenseNet121 showing marginally

higher AP for Rust, while DenseNet201 remains equally
competitive across all classes.

Fig 6 presents qualitative prediction examples for both
DenseNet121 and DenseNet201, showing correctly
classified leaf images across all four categories.
DenseNet121 achieves high confidence values for every
sample, with confidence scores ranging from 0.9992 to
1.0000, indicating strong certainty in its predictions.
The model accurately identifies the visual patterns associated
with each disease: dark necrotic patches for Chocolate
spot, swollen tissue formations for Gall, circular pustules
for Rust and smooth, unaffected foliage for Healthy plants.

DenseNet201 displays similar reliability, producing
confidence scores of 0.9998 to 1.0000 for all tested images.
Its predictions remain precise across diverse lighting
conditions and leaf textures, reflecting strong feature
extraction and generalization. The clear visual differentiation
in lesions, along with consistently high prediction certainty,
shows that both models successfully learn distinctive
disease characteristics. Overall, the qualitative results
demonstrate excellent real-world applicability and confirm
the strong classification performance observed in the
quantitative evaluations.

The test dataset contained 1,605 images distributed
across four classes and both DenseNet121 and DenseNet201
models were evaluated on the same independent test set
under identical:

|:1 505 43:|
36 21

McNemar p-value = 0.499896876860327; Result = No
statistically significant difference between models.

McNemar’s contingency analysis showed that 1,505
samples were correctly classified by both models, while
43 samples were correctly classified only by DenseNet121
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Fig 5: ROC and P-R curves (One-vs-Rest) for DenseNet121 and DenseNet201 models.
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and 36 only by DenseNet201; 21 samples were misclassified
by both architectures. The resulting McNemar’'s exact test
yielded a p-value of 0.4999, indicating no statistically
significant difference in classification performance between
the two models (p>0.05). Although DenseNet121 exhibited
marginally higher accuracy (96.45%) compared to
DenseNet201 (96.01%), the dominance of jointly correct
predictions and the minimal imbalance between
discordant pairs (43 vs. 36) suggest highly similar decision
boundaries and comparable generalization capability.
These findings confirm that the observed 0.44% accuracy
difference does not represent meaningful model
superiority under the current experimental configuration.
The application of statistical validation strengthens the
scientific rigour of the comparison and prevents
overinterpretation of minor numerical variations. Future
investigations may incorporate full backbone fine-tuning,
cross-validation and calibration analysis to further explore
subtle architectural advantages and enhance robustness
of performance assessment.

Previous studies have demonstrated the effectiveness
of DenseNet architectures for plant disease detection
across various crops and datasets. Wei et al. (2022)
reported 96.4% accuracy for DenseNet121 on PlantVillage,
showing its consistent performance across multiple crops
and devices. Table 2 presents a comparative evaluation
of DenseNet-based models for plant leaf disease
classification.

Bansal et al. (2021) obtained 96.25% accuracy using
a DenseNet121-based ensemble for apple leaves, while
Odounfa et al. (2025) reported 96.25% classification
accuracy for DenseNet121 on chili leaves. Bajpai et al.
(2023) achieved 97.78% accuracy by combining
DenseNet201 with SVM, outperforming DenseNet121
alone (94%), highlighting the benefits of hybrid
approaches.

Enhanced architectures, such as DenseNet201Plus
for banana and black gram (Mazumder et al., 2024) and
hybrid CNN-VIiT with DenseNet201 for apple and corn
(Aboelenin et al., 2025), achieved higher accuracies, while

T: Checolate spot

P: Checolate spot P: Gall
Conf: 0.9993 Conf: 1.0000

T: Checolate spot T. Gall
P: Checolate spot P: Gall
Conf: 0.9992 Conf: 1.0000

T Gall  DenseNetl2] Model T Rust

DenseNet201 Model

T: Healthy
P: Healthy
Conf: 0.9995

P: Rust
Conf: 1.0000

T: Rust T: Healthy
P: Rust P: Health:
Conf: 1,0000 3

Conf: 0.9998

Fig 6: Performance of deep learning models based on confidence score distributions.

Table 2: Comparative performance of DenseNet-based models for plant leaf disease.

Author(s) Models evaluated Dataset/crop

Accuracy

Wei et al. (2022) AlexNet, VGG16, ResNet50,
DenseNet121

DenseNet201 plus

Plant village
(multiple crops)
Banana and gram

leaf diseases

Mazumder et al. (2024)

96.4% (DenseNet121)

90.12% (Banana),
99.50% (Black gram)

Bansal et al. (2021) Ensemble Apple leaves 96.25%
Odounfa et al. (2025) DenseNet121, MobileNetV2, Chili pepper leaves DenseNet 121: 96.25%
YOLOV8

Aboelenin et al. (2025)
Bajpai et al. (2023)

Hybrid CNN-ViIT
DenseNet201 + SVM

Apple and corn leaves
Sugarcane leaf dataset

99.24% (Apple), 98% (Corn)
97.78% (DNSVM), 94%
(DenseNet121)

Andrew et al. (2022) DenseNet121, ResNet50, 99.81% (DenseNet121)
VGG16, Inception-V4

DenseNet121, DenseNet201

Plant village (38 classes)

This study (2025) Fava bean leaves 96.45% (DenseNet121),

96.01% (DenseNet201)
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fine-tuned DenseNet121 on PlantVillage reached 99.81%
(Andrew et al., 2022). In comparison, this study applied
DenseNet121 and DenseNet201 to a field-collected fava
bean dataset, achieving 96.45% and 96.01% accuracy with
MCC values of 0.9527 and 0.9470. DenseNet201 converged
faster and showed slightly better recall for Rust, whereas
DenseNet121 maintained higher overall stability. These
results demonstrate that the proposed models provide a
practical, field-ready solution for fava bean disease
detection, enabling early intervention, minimizing yield
losses and supporting precision agriculture practices.

CONCLUSION

This study demonstrates the effectiveness of deep
learning, especially DenseNet architectures, for
detecting fava bean leaf diseases from field images.
Both DenseNet121 and DenseNet201 performed
exceptionally across all metrics. DenseNet121 achieved
slightly higher overall accuracy (96.45%) and MCC, while
DenseNet201 converged faster and showed stronger
recall for Rust. Confusion matrices, ROC-AUC and
Precision-Recall curves confirmed clear separability of
disease classes. High confidence scores indicate
reliable performance in real-world agricultural
conditions. Despite these strengths, the study has
limitations. The dataset, although extensive, is restricted
to specific field conditions and may not cover all
environmental variations. Model deployment on
resource-limited devices remains challenging due to
computational demands. Future work will focus on
lightweight or mobile-optimized DenseNet models.
Integration with smart farming systems and multi-sensor
data could enhance real-time disease monitoring and
intervention. These developments would further support
precision agriculture and sustainable crop management.
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