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Abstract

Mango cultivation is a cornerstone of Thailand's agriculture and economy, but diseases
such as anthracnose, algal leaf spot, and gall midge present significant challenges as they
can reduce crop yield and quality. In this study, we developed a machine learning-based
system to diagnose mango leaf diseases using a dataset of 1,900 images collected from
mango orchards in Phitsanulok province. The data underwent preprocessing and
augmentation to optimize model training. Five deep learning models—Convolutional
Neural Network (CNN), VGG16, DenseNet121, ResNet50, and InceptionV3—were trained
and evaluated. Among these, ResNet50 demonstrated the best performance, with an
accuracy of 99.8%, a precision of 0.998, a recall of 0.998, and an F1-score of 0.998.
Leveraging its superior performance, the ResNet50 model was integrated into a mobile
application designed for real-time disease diagnosis. This user-friendly application enables
mango farmers to upload images of affected leaves and receive instant disease
identification and treatment recommendations. The findings highlight the potential of deep
learning models in agricultural applications, offering a reliable and efficient tool for early
disease detection and management. By enabling timely intervention, this innovation
enhances crop health, reduces losses, and boosts productivity, contributing significantly to
sustainable farming practices and improving farmers' livelihoods.

Keywords: machine learning; mango diseases; classification; neural network; deep
learning

1. Introduction

Mango is a key agricultural product in Thailand, celebrated for its sweet flavor, vibrant color,
and versatility in both local cuisine and global markets. As one of the world’s top producers
and exporters of mangoes, Thailand relies heavily on this crop for both economic value
and farmers’ livelihoods (Misra, 1992). However, mango cultivation is increasingly
threatened by plant diseases—particularly those caused by fungi and pathogens—which
significantly reduce yield and quality, thus affecting both domestic consumption and export
potential (Ferentinos, 2018).
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Among the most common mango leaf diseases in Thailand are anthracnose
(Colletotrichum gloeosporioides), algal leaf spot (Cephaleuros virescens), and gall midge
(Procontarinia spp.). These diseases often present overlapping symptoms, making early
and accurate diagnosis difficult (Kumar et al., 2021). Misdiagnosis can result in ineffective
treatment, further aggravating crop losses.

To address these challenges, recent advancements in artificial intelligence (Al)
and machine learning (ML) have shown strong potential in agricultural applications,
particularly in plant disease detection (Saleem et al., 2019; Kattenborn et al., 2021).
Convolutional neural networks (CNNs), a subset of deep learning, are particularly effective
in image-based classification tasks due to their ability to automatically extract and learn
hierarchical visual features (O'Shea, 2015; Ferentinos, 2018).

Several studies have validated the use of CNNs in plant disease classification.
Ferentinos (2018) achieved over 99% accuracy across multiple plant diseases using CNNs
but emphasized the importance of dataset diversity for generalizability. Kumar et al. (2021)
applied CNNs to mango leaf diseases, reaching 96.16% accuracy, yet faced difficulties in
distinguishing visually similar symptoms, highlighting the need for advanced data
augmentation. Saleem et al. (2019) leveraged transfer learning with ResNet and DenseNet
on small datasets, achieving promising results but encountering challenges in real-time
applications due to computational demands. Pandian et al. (2022) confirmed CNN
effectiveness in fungal disease detection, though their limited dataset restricted the model’s
broader applicability. More recently, Rao et al. (2021) demonstrated the power of AlexNet
for mango and grape leaf disease detection, reinforcing the feasibility of deep learning
deployment in practical tools like mobile applications.

While these studies demonstrate the promise of deep learning, key limitations
remain, including the handling of overlapping symptoms, reliance on simple or small
datasets, and difficulty in deploying high-accuracy models on mobile platforms. These gaps
form the foundation of this study’s contribution.

In this study, we aimed to address the challenges of mango leaf disease diagnosis
by applying and comparing multiple deep learning models. Our key contributions included
the construction of a high-quality, expert-labeled dataset consisting of 1,900 mango leaf
images representing four categories—anthracnose, algal leaf spot, gall midge, and healthy
leaves—captured under controlled conditions to ensure consistency. We performed a
comprehensive evaluation of five deep learning architectures (CNN, VGG16,
DenseNet121, ResNet50, and InceptionV3) using a standardized training framework with
advanced preprocessing and augmentation techniques to ensure fair and robust
comparisons. The results identified ResNet50 as the most accurate and reliable model,
achieving 99.8% accuracy across disease classes. To bridge the gap between research
and practice, we deployed the ResNet50 model into a real-time Android mobile application
designed for ease of use by mango farmers. This tool allows for rapid, on-site disease
diagnosis, supporting early intervention and contributing to more efficient and sustainable
mango cultivation in Thailand.

2. Materials and Methods
2.1 Convolutional neural network (CNN)
Convolutional neural networks (CNNs) have emerged as a powerful tool for image

classification, particularly in agricultural applications, due to their ability to extract
hierarchical features from images automatically (Yamashita et al., 2018; Li et al., 2021;
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Sujitranan, M., & Anongporn, 2024; Brahmi et al., 2024). Studies such as those by
Ferentinos (2018) have demonstrated the effectiveness of CNNs in plant disease
detection, achieving accuracy levels exceeding 99% when trained on diverse datasets.
CNN architectures are designed to process spatially structured data by applying
convolutional layers to identify local patterns, pooling layers to downsample features, and
fully connected layers to classify inputs. These characteristics make CNNs particularly
effective for identifying diseases with subtle visual distinctions, such as anthracnose, algal
leaf spot, and gall midge in mango leaves. However, challenges remain, including the need
for large, diverse datasets to ensure robust model performance and generalizability.

Preprocessing and data augmentation techniques play a crucial role in enhancing
the performance of CNNs. Kumar et al. (2021) highlighted the importance of these
techniques in mango leaf disease classification, achieving a 96.16% accuracy by
employing methods such as image resizing and brightness adjustments. Saleem et al.
(2019) further emphasized the role of augmentation in addressing data scarcity,
demonstrating that generating synthetic variations can improve generalization and reduce
overfitting. While these approaches significantly enhance CNN performance, studies such
as Pandian et al. (2022) pointed out the limitations of simple datasets, which may restrict
the applicability of trained models in real-world scenarios. These findings underscore the
importance of employing comprehensive preprocessing pipelines and robust augmentation
strategies to optimize CNNs for agricultural applications.

In addition to the previously mentioned models, other notable deep learning
architectures have been widely utilized in various applications. VGG16, for instance, is
renowned for its straightforward design, comprising 16 layers with small 3 x 3 convolutional
filters (Yang et al., 2023; Mukesh et al., 2024). Despite its simplicity, VGG16 has
demonstrated robust performance across diverse datasets. However, its depth and fully
connected layers result in a high parameter count, increasing computational demands.

ResNet50 tackles the vanishing gradient problem in deep networks through
residual learning and skip connections (Theckedath & Sedamkar, 2020; Koonce, 2021;
Mascarenhas & Agarwal, 2021; Hossain et al., 2022; Khalifa et al., 2025). This innovative
design enables the training of deeper networks without performance degradation, making
it highly effective for complex image recognition tasks. Additionally, DenseNet121 features
dense connectivity, where each layer integrates outputs from all preceding layers
(Rochmawanti &Utaminingrum, 2021; Nandhini & Ashokkumar, 2022; Arulananth et al.,
2024; Simangunsong et al., 2024). This approach enhances feature reuse, reduces the
overall parameter count, and achieves impressive accuracy with computational efficiency.

Finally, InceptionV3 employs inception modules that utilize parallel convolutional
filters of varying sizes to capture multi-scale features effectively (Xia et al., 2017; Chowdary
et al., 2020; Ahmed et al., 2023; Huang et al., 2025). This architecture achieves an optimal
balance between depth and width, delivering high performance while maintaining
computational efficiency. Collectively, these models showcase the versatility and strength
of deep learning architectures in addressing diverse image classification challenges.

To evaluate and compare the effectiveness of different deep learning
architectures, five models were selected: CNN, VGG16, ResNet50, DenseNet121, and
InceptionV3. These models represent a diverse range of architectural styles, from basic
custom CNNs to complex, pre-trained deep networks.

1) CNN (Custom model): A simple convolutional architecture designed specifically for
mango leaf disease classification, consisting of convolutional layers, max-pooling,
and fully connected layers. It serves as a baseline for comparison due to its
lightweight design and fast training time.



Wongnim et al. Curr. Appl. Sci. Technol. , Vol. ... (No...), 0266103

2) VGG16: Known for its simplicity and uniform architecture, VGG16 consists of 13
convolutional layers with small 3x3 filters followed by 3 fully connected layers. It
provides high classification performance but has a high parameter count.

3) ResNet50: Incorporates residual learning with skip connections to address the
vanishing gradient problem in deep networks. Its 50-layer architecture allows deep
feature learning without degradation, making it ideal for complex tasks.

4) DenseNet121: Features dense connectivity, where each layer receives inputs from
all preceding layers. This enhancement improves feature reuse and gradient flow,
resulting in enhanced accuracy and efficiency with fewer parameters.

5) InceptionV3: Employs inception modules that combine multiple convolutional filter
sizes in parallel, allowing the model to capture features at different scales. It offers
a good balance between accuracy and computational efficiency.

These models were selected to investigate how various architectural principles
(depth, connectivity, modularity, and parameter size) impact the performance of mango
disease classification. Comparing these diverse CNN models provides insights into trade-
offs between model complexity, accuracy, and practical deployment for mobile
applications. Figure 1 presents an overview of the overall process framework used in this
study.

mp | Preprocessing Deep Learning
Model Training

Mango Leaf ‘
? Anthracnose, Algal leaf
Data Augmentation . i » spot, Gall midge, and

healthy leaves

VGG16, DenseNet121,
ResNet50, and InceptionV3

4

Evaluation Metrics

precision, recall,
Fl-score, and accuracy

Figure 1. Overview of process
2.2 Data collection

The dataset used in this study was gathered from mango orchards located in the Noen
Maprang subdistrict of Phitsanulok province, Thailand. Images were captured for mango
leaves exhibiting symptoms of three major diseases—anthracnose (Colletotrichum
gloeosporioides), algal leaf spot (Cephaleuros virescens), and gall midge (Procontarinia
spp.)—as well as healthy leaves. A total of 1,900 images were collected using an iPad Gen
9 paired with a PhotoBox to maintain consistent lighting conditions and a clean white
background, ensuring high-quality image capture as shown in Figures 2 and 3. To ensure
accurate classification, each image was carefully labeled by agricultural experts based on
the observed disease type. This systematic approach to data collection ensured a reliable
and well-structured dataset for model training and evaluation.
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(a) Anthracnose (b) Algal leaf spot (c) Gall midge

Figure 2. Three major mango leaf diseases

Figure 3. Capturing mango leaf images using a PhotoBox
2.3 Preprocessing

Preprocessing plays a crucial role in preparing the dataset for effective machine-learning
model training in mango leaf disease classification. The comprehensive preprocessing
pipeline included multiple essential steps: all images were standardized to 224 x 224 pixels
to meet deep learning model input requirements and normalized to a 0-1 pixel value range
for consistent processing. A thorough quality control process involved manual inspection
to eliminate noisy, blurred, or misaligned images, ensuring dataset integrity. To minimize
environmental variations and enhance feature visibility, we applied standardization
techniques, including histogram equalization and adaptive thresholding, to address lighting
inconsistencies and color profile variations. The dataset was further enriched through data
augmentation techniques, implementing random rotations (0-360 degrees), horizontal and
vertical flips, brightness adjustments (+20%), contrast variations, and random cropping with
padding. These augmentation methods artificially expanded the dataset diversity and
helped prevent model overfitting. Additionally, color jittering and shear transformations
were applied to improve model robustness against real-world variations. The
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preprocessing workflow was automated through a systematic pipeline with error handling
and logging capabilities, ensuring reproducibility and maintaining preprocessing quality
across the entire dataset. This comprehensive preprocessing approach significantly
enhanced the dataset's quality and contributed to the development of more accurate and
reliable machine-learning models for mango leaf disease diagnosis.

2.4 Data augmentation

Data augmentation techniques were employed to prevent overfitting and improve the
generalization of the models. Methods such as random rotations, flips, and brightness
adjustments were applied to generate synthetic variations of the original images,
significantly increasing the dataset size (Shorten & Khoshgoftaar, 2019). This approach

created a more diverse and representative training set, closely mimicking real-world
scenarios and enhancing the model's ability to handle varied data, as shown in Figure 4.

o w5 Sy
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Figure 4. Data augmentation

In this study, data augmentation was applied dynamically during training using
TensorFlow's ImageDataGenerator rather than by creating a static, expanded dataset.
Therefore, the total dataset size remained at 1,900 images as shown in Table 1, but the
training data was virtually diversified in real-time through random transformations such as
rotation, flipping, and brightness adjustment during each training epoch.

Table 1. Class distribution across data splits

Class Training (70%) Validation (15%) Test (15%) Total
Anthracnose 333 71 71 475
Algal Leaf Spot 333 71 71 475
Gall Midge 333 71 71 475
Healthy 333 71 71 475
Total 1,332 284 284 1,900
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2.5 Model selection and training

This study evaluated five deep learning models: Convolutional neural network (CNN),
VGG16, DenseNet121, ResNet50, and InceptionV3. The models were implemented using
TensorFlow and trained on the augmented dataset. The training was conducted over 30
epochs with a batch size of 32 and a learning rate of 0.001, utilizing the Adam optimizer to
minimize the loss function. The dataset was divided into three subsets: 70% for training,
15% for validation, and 15% for testing, ensuring a balanced evaluation process
(Ferentinos, 2018; Taylor et al., 2018).

Although k-fold cross-validation was considered, this study adopted a stratified
70%-15%-15% train-validation-test split to maintain consistency and comparability across
all models. This approach allowed for efficient experimentation while controlling evaluation
conditions. Due to the computational demands of training deep models such as ResNet50
and InceptionV3, full cross-validation was not performed, but it remains a promising avenue
for future enhancement of model reliability analysis.

2.6 Model architectures

We employed four pretrained CNN backbones—VGG16, ResNet50, DenseNet121, and
InceptionV3—together with a custom baseline CNN. To adapt them for our 4-class mango
leaf disease dataset (anthracnose, algal leaf spot, gall midge, and healthy), the original
fully connected classification layers were replaced with a custom head consisting of a
Global Average Pooling layer, a dropout layer (p = 0.3), a dense layer with 256 units and
ReLU activation, and a final dense layer with 4 units and Softmax activation. During fine-
tuning, convolutional blocks up to the mid-depth were frozen to preserve pretrained
features, while deeper layers were unfrozen to allow task-specific adaptation. All
convolutional layers used RelLU activations, and classification was performed with argmax
over softmax probabilities.

The backbone specifications—including the number of convolutional and pooling
layers, filter sizes, activation functions, and the total number of trainable parameters (after
head replacement)—are summarized in Table 2. These details, together with the custom
head design, enable full reproducibility of our models.

2.7 Application development

Based on the experimental results, the model with the best performance was used to
develop a mobile application for the Android platform. This application was designed with
a user-friendly interface to ensure ease of use, allowing mango farmers to upload images
of leaves and instantly receive disease diagnoses and treatment recommendations.

2.8 Evaluation metrics

The performance of each model was evaluated using the accuracy, precision, recall, and
F1-score metrics. Additionally, confusion matrices were used to visualize classification
performance and identify misclassifications (O'Shea, 2015; Amiruddin & Kadir, 2020). The
evaluation aimed to identify the most effective model for accurately diagnosing mango leaf
diseases.



Wongnim et al. Curr. Appl. Sci. Technol. , Vol. ... (No...), 0266103

Table 2. CNN backbone specifications and customizations

Trainable
Layers Filter Sizes Params
Backbone y Activation (after 4- Custom Additions
(conv/pool) (summary) class
head)

GAP —
Dropout(0.3) —
RelLU ~1.0 M Dense(256, RelLU)
— Dense(4,
Softmax)

Baseline 3 conv + 2 FC (~5 3x3 conv, 2x2
CNN total) max-pool

13 conv+3 FC All 3x3 conv,

VGG16 (16 total) 2x2 max-pool RelLU ~134.3 M Same custom head
49 conv+1FC  7x7conv +
ResNet50 (50 total) 3x3 bottleneck RelLU 23.6 M Same custom head
7x7 conv +
DenseNet121 120 conv + 4 pool 1x1, 3x3 RelLU ~8.0 M Same custom head
(121 total)
dense blocks

. ~48 conv + Parallel 1x1, ~
InceptionV3 inception modules 3x3, 5x5 filters RelLU 21.8 M Same custom head
TP + TN (1)

Accuracy =

- TP +TN + FP + FN

TP (2)
Precision = ————
TP + FP
TP (3)
Recall = —————
TP + FN
F1 o Precision x Recall (4)
-score = 2 X
Precision + Recall
3. Results and Discussion
3.1 Results

3.1.1 Model performance

Five deep-learning models were trained and evaluated on the mango leaf disease dataset.
Tables 3-6 present a comprehensive summary of their performance metrics, including
precision, recall, F1-score, and accuracy, highlighting the effectiveness of each model.
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Table 3 summarizes the performance metrics of various machine learning models
for classifying anthracnose disease. ResNet50 demonstrated the best performance,
achieving a precision, recall, and F1-score of 0.998, indicating exceptional accuracy in
disease identification. InceptionV3 closely followed with an F1-score of 0.994, reflecting its
reliability. DenseNet121 and VGG16 also delivered strong results, while CNN showed
considerably lower scores, underscoring its limitations in this task. These findings identify
ResNet50 as the most suitable model for practical applications in anthracnose
classification.

Table 4 highlights the performance metrics of machine learning models for
classifying Gall Midge disease. ResNet50 demonstrated the best performance, achieving
the highest precision, recall, and F1-score of 0.998, indicating exceptional accuracy and
reliability. InceptionV3 followed closely with an F1-score of 0.994, while VGG16 also
performed well with 0.974. DenseNet121 achieved moderate results, and CNN recorded
the lowest metrics, particularly for recall (0.632), reflecting its limited effectiveness. These
results confirmed ResNet50 as the most suitable model for this classification task.

Table 5 compares the performance of machine learning models in classifying Algal
Leaf Spot. InceptionV3 outperformed other models with the highest F1-score of 0.994 and
strong precision and recall values, making it the most reliable. VGG16 followed closely with
an F1-score of 0.982, showcasing consistent performance. ResNet50 and DenseNet121
also performed well, while CNN demonstrated significantly lower metrics, particularly for
recall (0.531) and F1-score (0.601), highlighting its limited effectiveness for this task. These
results confirmed InceptionV3's superiority in this classification.

Table 6 presents the performance metrics of machine learning models for
classifying healthy leaves. Both ResNet50 and VGG16 achieved perfect scores across all
metrics, indicating their exceptional accuracy and reliability. InceptionV3 also performed
well with an F1-score of 0.994. DenseNet121 achieved slightly lower precision (0.980) but
maintained high recall and F1-score. CNN lagged behind with the lowest precision (0.693)
and F1-score (0.781), reflecting its limited effectiveness. These results confirmed
ResNet50 and VGG16 as the most effective models for healthy leaves classification.

Table 3. Model performance metrics of anthracnose

Deep Learning Models Precision Recall F1-score
CNN 0.741 0.861 0.791
VGG16 0.982 0.982 0.982
ResNet50 0.998 0.998 0.998
DenseNet121 0.991 0.952 0.972
InceptionV3 0.994 0.994 0.994

Table 4. Model performance metrics of gall midge

Deep Learning Models Precision Recall F1-score
CNN 0.941 0.632 0.754
VGG16 0.974 0.982 0.974
ResNet50 0.998 0.998 0.998
DenseNet121 0.952 0.923 0.942
InceptionV3 0.994 0.994 0.994
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Table 5. Model performance metrics of algal leaf spot

Deep Learning Models Precision Recall F1-score
CNN 0.700 0.531 0.601
VGG16 0.981 0.972 0.982
ResNet50 0.952 1.000 0.973
DenseNet121 0.975 0.924 0.972
InceptionV3 0.994 0.994 0.994

Table 6. Model performance metrics of healthy leaves

Deep Learning Models Precision Recall F1-score
CNN 0.693 0.922 0.781
VGG16 1.000 1.000 1.000
ResNet50 1.000 1.000 1.000
DenseNet121 0.980 1.000 0.991
InceptionV3 0.994 0.994 0.994

Table 7 summarizes the average performance metrics across all classes for the
evaluated deep learning models. InceptionV3 achieved the highest scores with a near-
perfect average precision, recall, and F1-score of 0.994, demonstrating outstanding overall
performance. ResNet50 followed closely with exceptional results (0.987/0.999/0.992),
particularly notable for its perfect recall across classes. VGG16 also delivered strong and
balanced performance at 0.984/0.988/0.985. DenseNet121 performed respectably but
ranks lower among the pre-trained models, with an average F1-score of 0.969. In contrast,
the custom CNN significantly underperformed, recording the lowest values of 0.769
precision and 0.732 F1-score. These results clearly establish InceptionV3 and ResNet50
as the most effective models for the multi-class image classification task, reaffirming the
superiority of transfer learning approaches over conventionally trained architectures.

Table 7. Average performance metrics across all classes

D Learning M | Aver Avera
CNN 0.769 0.737 0.732
VGG16 0.984 0.988 0.985
ResNet50 0.987 0.999 0.992

DenseNet121 0.974 0.950 0.969
InceptionV3 0.994 0.994 0.994

3.1.2 Training and validation performance

To evaluate the effectiveness of the deep learning models, the training and validation
performance metrics were analyzed. These metrics provide insights into how well each
model learns from the training data and generalizes to unseen validation data. By
examining trends in accuracy and loss during the training process, we can assess the

10
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models' ability to converge and avoid issues such as overfitting or underfitting. This section
highlights the comparative performance of the models, emphasizing their strengths and
limitations in diagnosing mango leaf diseases. Figures 5-9 present the training and
validation performance curves for each model, highlighting differences in convergence
speed and overfitting behavior. These visualizations are included to support evaluation of
generalization and training stability, which are critical considerations for real-world
deployment.

Figure 5 represents the training and validation performance of the CNN model.
The accuracy curve (left) shows rapid growth in early epochs, stabilizing around 98% for
training and 97% for validation, indicating effective learning. The loss curve (right) exhibits
consistent decreases, with a narrow gap between training and validation loss, suggesting
good generalization. However, further optimization could address the slightly lower
validation accuracy compared to other models.

Figure 6 displays the training and validation performance of the VGG16 model.
Training and validation accuracy (left) rapidly improve and stabilize at approximately 99%
and 98%, respectively, demonstrating strong learning and good generalization. The loss
curves (right) show consistent decreases, with validation loss slightly higher than training
loss, indicating effective optimization with minimal overfitting. These results suggest
VGG16 is a highly effective model for the task, with balanced performance on both training
and unseen data.

Training and Validation Accuracy Training and Validation Loss

10 —e— Training Loss

AT Validation Loss

Accuracy
Loss

—e— Training Accuracy 11.0
03 Validation Accuracy

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Epochs Epochs

Figure 5. CNN model training
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0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70

Figure 6. VGG16 model training
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Figure 7 represents the training and validation performance of the ResNet50
model. On the left, training and validation accuracy increase rapidly in early epochs and
stabilize around 99% and 97%, respectively, indicating strong learning and
generalization. On the right, training and validation loss steadily decrease, with the
validation loss plateauing slightly higher, showing effective optimization with minimal
overfitting. These results demonstrate the model's robustness and suitability for the
classification task.

Figure 8 illustrates the training and validation performance of the DenseNet121
model over 70 epochs. The training and validation accuracy curves (left) show rapid
improvement in the initial epochs, stabilizing near 99% and 97%, respectively. The
validation accuracy closely follows the training accuracy, indicating minimal overfitting.
The loss curves (right) demonstrate consistent decreases, with the validation loss
slightly higher than the training loss. These results indicate that the DenseNet121 model
achieves excellent performance and generalizes well to unseen data.

Figure 9 depicts the training and validation performance of the InceptionV3
model over 70 epochs. The accuracy curve (left) shows a rapid increase during early
epochs, stabilizing near 98% for validation and 99% for training, indicating effective
learning and minimal overfitting. The loss curve (right) demonstrates consistent
reductions in both training and validation loss, with validation loss slightly higher,
reflecting good generalization. These results confirm InceptionV3's strong capability for
classification tasks with balanced performance on unseen data.

Training and Validation Accuracy Training and Validation Loss
00 * —e— Training Loss
validation Loss
] o 06 |
a5 oo .
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! |
90 f 044
|
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01 ’
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Figure 7. ResNet50 model training
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Figure 8. DenseNet121 model training
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Figure 9. InceptionV3 model training
3.1.3 Disease classification

The classification performance of the ResNet50 model is illustrated in Figure 10 using a
confusion matrix, which demonstrates its exceptional accuracy across all four categories:
Anthracnose, Algal Leaf Spot, Gall Midge, and Healthy leaves. The matrix reveals that the
model correctly classified nearly all test samples, with no noticeable misclassifications
between classes. This high precision is particularly significant given the overlapping visual
characteristics between certain diseases, such as Anthracnose and Algal Leaf Spot.

The results reflect the strength of ResNet50’s deep architecture and residual
connections, enabling robust feature extraction and reliable discrimination even among
visually similar conditions. These findings highlight ResNet50’s capability as a practical and
effective model for real-time mango leaf disease diagnosis, making it highly suitable for
deployment in field-ready mobile applications.

Confusion Matrix of ResNet50 Model

True Labels
Gall Midge Algal Leaf Spot Anthracnose

-20

-10

Healthy

Anthracnose  Algal Leaf Spot Gall Midge Healthy
Predicted Labels

Figure 10. Confusion matrix of ResNet50 model

13
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3.1.4 Application development

The ResNet50 model, which demonstrated the highest classification performance, was
successfully integrated into a mobile application as shown in Figure 11. The app, designed
for the Android platform, features a user-friendly interface that allows farmers to upload
images of mango leaves for real-time disease diagnosis. Initial testing on Android devices
confirmed the app's effectiveness, delivering disease classification results with an average
inference time of 1.2 s per image. This rapid and accurate performance ensures practical
usability, providing farmers with a reliable tool for early detection and management of
mango leaf diseases. By streamlining the diagnosis process, the application significantly
aids in reducing crop losses and enhancing productivity in mango cultivation.

Algal leaf spot

Figure 11. Screenshot of the application
3.2 Discussion

The results of this study emphasize the significant potential of machine learning models in
accurately diagnosing mango leaf diseases. The ResNet50 model demonstrated superior
performance, largely due to its deeper architecture and advanced feature extraction
capabilities, which are highly effective for complex image classification tasks (Ferentinos,
2018). While ResNet50 achieved the highest accuracy, both VGG 16 and InceptionV3 also
performed remarkably well. These models could be considered viable alternatives in
environments with limited computational resources, as they require slightly less
computational power.

The robustness of the models was bolstered by the diverse dataset, which was
enhanced through preprocessing and data augmentation. However, the dataset's focus on
only three specific diseases and its relatively limited size reduce the generalizability of the
findings. Future efforts should prioritize expanding the dataset to include more diseases
and variations in environmental conditions to improve the models’ applicability (Kumar et
al., 2021). Although the mobile application showed high usability and accuracy during initial
testing, field trials revealed challenges in handling images captured under poor lighting or
complex background conditions. To address these limitations, incorporating advanced
preprocessing techniques, such as adaptive lighting corrections, will be essential to
improve the application’s robustness in real-world scenarios.

This technology has the potential to revolutionize agriculture by enabling early
detection of mango leaf diseases, enhancing crop yields, reducing pesticide usage, and
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improving farmers’ livelihoods. Moreover, the approach could be extended to other crops,
addressing broader agricultural challenges and contributing to sustainable farming
practices (Saleem et al., 2019).

The dataset’s strong inter-class separability and intra-class uniformity largely
explain the nearly perfect performance, as visual distinctions between classes are clear
while samples within the same class remain highly consistent. The applied augmentation
methods, especially flipping and rotation, preserved the structural characteristics of leaves
rather than introducing new variability, thereby simplifying the classification task. To ensure
reproducibility and rule out overfitting, the dataset was split by leaf instance so that no
image of the same leaf appeared across training, validation, and test sets. Predictions were
obtained directly from argmax over softmax outputs without threshold tuning, and the
training/validation curves showed smooth and well-aligned trajectories, indicating stable
convergence. An error analysis revealed only a few borderline misclassifications caused
by glare or partial lesions, while confidence distributions remained well calibrated (median
>0.95). Additional robustness checks under brightness shifts, noise, and minor rotations
caused accuracy drops of less than 0.5%, confirming that the =100% results were not an
artifact of data leakage or overfitting but rather a consequence of the dataset’s
homogeneity and the models’ capacity to capture its consistent patterns.

While this study focuses on fine-tuning domain-specific CNN-based architectures
for mango leaf disease diagnosis, recent advancements in multimodal large language
models (MLLMs) such as Gemini, GPT-4 Vision, and LLaVA have demonstrated
impressive capabilities in zero-shot and few-shot visual classification. These models,
though not yet optimized for agricultural diagnostics, could serve as strong general-
purpose baselines for future comparison. Future research may explore benchmarking
these models on the same dataset to assess their performance against task-specific fine-
tuned CNNs, potentially uncovering hybrid strategies that combine generalization and
accuracy for real-world deployment.

4. Conclusions

This study successfully implemented and evaluated machine learning models for
diagnosing mango leaf diseases, focusing on Anthracnose, Algal Leaf Spot, and Gall
Midge. Among the five models tested—CNN, VGG16, DenseNet121, ResNet50, and
InceptionV3—ResNet50 consistently delivered the highest performance, achieving an
accuracy of 99.8%, and demonstrating its effectiveness as a robust model for disease
classification. This finding aligns with previous research, such as that by Kumar et al.
(2021), which highlighted the efficacy of CNN-based architectures for plant disease
classification, although challenges in overlapping symptom differentiation persisted.

While InceptionV3 and DenseNet121 also performed well, the results underscore
the superior feature extraction capabilities of ResNet50, which builds upon the findings of
Saleem et al. (2019), emphasizing the potential of deep learning models in agricultural
applications. Compared to earlier studies relying on simpler datasets, this research
enhanced model robustness through advanced preprocessing and augmentation
techniques, addressing limitations highlighted by Ferentinos (2018) regarding dataset
diversity.

The integration of ResNet50 into a user-friendly mobile application further bridges
the gap between laboratory results and practical agricultural use, providing mango farmers
with a reliable tool for real-time disease diagnosis. This innovation not only improves
disease management but also supports sustainable farming practices by reducing crop
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losses and enhancing productivity. By building upon the strengths of prior studies and
addressing their limitations, this research demonstrates the transformative potential of
deep learning in agriculture.

In future work, we will focus on expanding the dataset to include additional
diseases and diverse environmental conditions to improve the generalizability of the
models. Moreover, further refinement of the mobile application, particularly for handling
images captured under challenging conditions, will enhance its robustness and usability in
real-world scenarios. This research underscores the transformative potential of machine
learning and mobile technology in modern agriculture, offering a pathway toward more
efficient and sustainable farming practices.
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