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Abstract 

 
Mango leaf diseases pose significant challenges to the agricultural industry, requiring effective and 

efficient detection methods to ensure the health and productivity of mango crops. This study aims 

to perform a comparative analysis of various Convolutional Neural Network (CNN) architectures 

for the detection and classification of mango leaf diseases. The dataset consists of 4,000 images, 

with 500 images per class. Images were preprocessed through resizing and normalization to 

enhance model generalization. All images in the dataset are resized to a uniform size of 224 × 224 

pixels and normalized to the range [0, 1] by dividing each pixel value by 255. The dataset was split 

into training, validation and testing sets in an 80:10:10 ratio. The performance of several CNN 

models was evaluated based on accuracy, computational efficiency, and generalization ability. The 

DenseNet201 model outperformed others, achieving the highest average accuracy (98.10%) and 

proved effective for automated disease detection in mango crops. Gall Midge was identified as the 

most difficult disease to classify with average accuracy of 93.41%, while Cutting Weevil and 

Bacterial Canker showed the highest classification accuracy, 99.51% and 99.06% respectively. 

Computational efficiency was a key consideration, as some models, like ResNet152V2, while 

accurate, required substantial computational resources, limiting their feasibility in low-resource 

environments. This research contributes to the advancement of automated disease detection in 

agriculture, offering a pathway to more efficient mango leaf disease management systems.  
 

Keywords: CNN, Mango Leaf Disease Detection, DenseNet201, Computational Efficiency, 

Agricultural Automation. 
 

AMS Classification: 62P10, 68T07, 68T09. 
 

1. Introduction 
 

Mango (Mangifera indica) is a commercially significant fruit crop cultivated extensively across 

tropical and subtropical regions with major producers including India, Thailand, Brazil, and 

Mexico [1]. Beyond its global economic value, mango farming is a key source of income for 

millions. However, productivity is increasingly compromised by leaf diseases such as anthracnose, 

bacterial canker, dieback and infestations from pests like aphids and gall midges [2]. These 

problems reduce photosynthetic capacity, affect fruit quality and lead to substantial economic 
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losses [3]. Traditional disease management dependent on chemical treatments and manual 

inspection is labor-intensive, costly and often inaccessible to smallholders [4]. 
 

Deep learning, particularly CNNs, offers an effective alternative for plant disease identification 

through image-based classification. Mohanty et al. (2016) and Ferentinos (2018) demonstrated 

high accuracy (over 99%) using models like GoogLeNet and VGGNet on large agricultural 

datasets [5,6]. Enhancements such as data augmentation (e.g., CutMix, MixUp) have further 

improved model generalization, as seen in works by Yadav et al. (2022) and Pandian et al. (2019) 

[7,8]. Transfer learning has also proven valuable, Sagar and Jacob (2021) and Sholihati et al. 

(2020) reported strong performance using pre-trained models like ResNet50 and VGG16 [9,10]. 

EfficientNet (Genaev et al., 2021) and custom architectures like PlantDiseaseNet (Turkoglu et al., 

2022) continue to advance classification performance, even in multi-disease contexts [11,12]. 

Real-time applications, including robotic systems (Durmus et al., 2017) and hybrid models with 

ensemble techniques (Adekunle, 2019), further highlight the practicality and scalability of CNN-

based approaches [13,14]. While much progress has been made in crops such as tomato, potato, 

apple and rice. However, studies focused specifically on mango remain limited. In this study, we 

evaluated several CNN architectures for mango leaf disease classification to identify the most 

accurate and computationally efficient models. It also explores classification difficulty across 

disease types to guide the development of robust and scalable disease management tools for mango 

cultivation. 

 

2. Methodology 
2.1 Data Source, Collection and Pre-processing 
 

This study utilized the MangoLeafBD dataset, sourced from the Mendeley repository 

[https://data.mendeley.com/datasets/hxsnvwty3r/1], comprising 4,000 images evenly distributed 

across eight classes seven mango leaf diseases and one healthy class [15]. Each class contains 500 

images, ensuring dataset balance. Images varied in size and format, necessitating preprocessing to 

standardize dimensions and enhanced model performance during training and evaluation. The 

dataset underwent preprocessing to enhance model performance and ensure compatibility with 

CNN architectures. All images were resized to 224 × 224 pixels to standardize input dimensions, a 

common requirement for models like VGG16 and ResNet [16,17]. All images were normalized by 

scaling pixel values to the [0, 1] range. This standardization ensures stable and efficient training of 

the CNN models [18].  

 

2.2 Data Partition 
 

The dataset was divided into training, validation and testing sets using an 80:10:10 ratio. Stratified 

sampling was employed to maintain equal class representation in each subset. The training set was 

used to optimize model weights, the validation set monitored model performance and guided 

hyperparameter tuning and the testing set evaluated final model performance on unseen data. 

 

2.3 Model Selection and Training 
 

This study evaluates six CNN architectures such as Xception, VGG16, ResNet152V2, 

InceptionResNetV2, DenseNet201 and MobileNetV2 selected for their established performance in 

image classification tasks. Each model contributes unique architectural features and computational 

strategies to improve classification accuracy and efficiency in detecting mango leaf diseases [18]. 

The Adam optimizer was employed to train all CNN models with an initial learning rate of 0.0001 
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which is ensuring gradual and stable weight updates. This optimizer adapts the learning rate for 

each parameter individually to prevent drastic changes that could destabilize training. All models 

were trained for 5 epochs. This number was sufficient to learn essential patterns in the dataset 

while minimizing the risk of overfitting. All models were initialized with weights pre-trained on 

the ImageNet dataset. Transfer learning was applied by freezing the base layers initially and then 

fine-tuning the deeper layers to adapt the models to the mango leaf disease dataset. 

 

2.3.1 Xception 
 

Xception employs depthwise separable convolutions, which decompose standard convolutions into 

depthwise and pointwise operations, reducing parameters and improving efficiency [19]. 

Depthwise convolution: 

𝑌𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒 = 𝑋 ∗ 𝐾𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒  

Pointwise convolution: 

𝑌𝑝𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒 = 𝑌𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒 ∗ 𝐾𝑝𝑜𝑖𝑛𝑡𝑤𝑖𝑠𝑒  
 

It also uses residual connections to ease gradient flow in deep networks: 
 

𝑌 = 𝐹(𝑋) + 𝑋 
 

2.3.2 VGG16 
 

VGG16 uses a uniform architecture with small 3×3 convolutional kernels and max pooling layers 

[16]. The basic convolution operation is: 

𝑌 = 𝑓(𝑋 ∗ 𝑊 + 𝑏) 
where, X is the input feature map, W is the weight (filter), b is the bias term and f is typically 

ReLU: 

𝑅𝑒𝐿𝑈(𝑌) = max⁡(0, 𝑌) 
This configuration allows for deep feature extraction and is widely compatible with transfer 

learning applications. 

 

2.3.3. ResNet152V2 
 

ResNet152V2 utilizes residual learning to mitigate vanishing gradient issues in deep networks [20]. 

Residual block: 

𝑌 = 𝐹(𝑋, {𝑊𝑖}) + 𝑋 
 

where, X is the input to the block, 𝐹(𝑋, {𝑊𝑖}) is the transformation applied by the convolutional 

layers and Y is the output after adding the residual connection. 

 

Batch normalization: It also integrates batch normalization to stabilize and accelerate training 

𝑋̂ =
𝑋 − 𝜇

𝜎
× 𝛾 + 𝛽 

where, X is the input  to the batch normalization layer, μ and σ are the mean and variance of the 

batch, γ and β are learnable scale and shift parameters. 
 

2.3.4 InceptionResNetV2 
 

InceptionResNetV2 is a combination of the Inception and ResNet architectures, where the 

inception modules are combined with residual connections [21]. 
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Inception Modules: These modules have parallel convolutional operations with different kernel 

sizes (1 × 1, 3 × 3, 5 × 5) and pooling operations where the outputs are concatenated together. 

𝑌 = [𝐶𝑜𝑛𝑣1(𝑋), ⁡𝐶𝑜𝑛𝑣3(𝑋), 𝐶𝑜𝑛𝑣5(𝑋),𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑋)] 
Residual connections: 

𝑌𝑓𝑖𝑛𝑎𝑙 = 𝐹(𝑋) + 𝑋 

where F(X) is the transformed input (as in standard CNN layers), and 𝑌𝑓𝑖𝑛𝑎𝑙 is the output after the 

residual connection. 
 

2.3.5 DenseNet201 
 

DenseNet is a deep convolutional neural network where each layer is connected to every other 

layer in a feed-forward fashion. DenseNet201 refers to the version with 201 layers. It is composed 

of multiple dense blocks, where each layer within a block receives the concatenated output of all 

previous layers [22]. 

𝑌𝑙 = 𝐻𝑙([𝑋0, 𝑋1, … . , 𝑋𝑙−1]) 
 

where, ⁡𝑌𝑙  is the output of the 𝑙𝑡ℎ  layer, 𝐻𝑙  is the transformation applied by the layer and 

[𝑋0, 𝑋1, … . , 𝑋𝑙−1] represents the concatenation of all previous layers' feature maps and, which 

typically consists of a convolution operation and an activation function. 

To manage complexity, bottleneck layers reduce dimensionality: 

1×1 bottleneck convolution: 

𝑋𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘 = 𝐶𝑜𝑛𝑣1(𝑋) 
 

where X is the input feature map, 𝐶𝑜𝑛𝑣1  represents the 1×1 convolution, which reduces the 

number of channels, 𝑋𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘  is the output after the 1x1 convolution. 

3×3 convolution: 

𝑋𝑜𝑢𝑡 = 𝐶𝑜𝑛𝑣3(𝑋𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘) 
 

where, 𝐶𝑜𝑛𝑣3 represents the 3x3 convolution applied after the bottleneck, 𝑋𝑜𝑢𝑡 is the output after 

the 3x3 convolution, which is then concatenated with other feature maps in the dense block. 

 

2.3.6 MobileNetV2 
 

Designed for efficiency, MobileNetV2 uses inverted residuals and linear bottlenecks with 

depthwise separable convolutions [23]. 

Depthwise + Pointwise convolution: 

𝑌𝑖𝑛𝑣𝑒𝑟𝑡𝑒𝑑 = 𝐶𝑜𝑛𝑣1(𝐷𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒𝐶𝑜𝑛𝑣(𝑋)) 
 

where X is the input feature map, and 𝑌𝑖𝑛𝑣𝑒𝑟𝑡𝑒𝑑  is the output after passing through the sequence of 

convolutions. 
 

For activation, it uses ReLU6, a capped version of ReLU: 
 

𝑅𝑒𝑙𝑈6 = min⁡(max(0, 𝑥) , 6) 
 

This design achieves a favorable trade-off between speed and accuracy, particularly suitable for 

deployment in mobile or low-resource environments. 
 

2.4 Model Training Strategy 
 

The training approach integrates transfer learning, custom classifier design, and hyperparameter 

optimization to build effective deep learning models for image classification. 



 

 

 

 

 

 

 

Begum, Arafat, Rahman and Kibria: Detection of Mango Leaf Disease...                        147 

 

 

1. Transfer Learning 

Transfer learning uses models pre-trained on large datasets (e.g., ImageNet) to reduce training time 

and improve performance on smaller, domain-specific datasets. 

Let: 

𝑓𝜃: pre-trained model with parameters θ 

𝐷𝑡t: target dataset. 
 

Fine-tuning optimizes: 

𝜃∗ = arg𝑚𝑖𝑛𝜃 𝐿(𝑓𝜃(𝐷𝑡))⁡ 
Strategies: 

Feature extraction: Freeze CNN layers and train a new classifier on  ℎ = 𝑓𝜃(𝑥), then predict: 

𝑦 = 𝑔𝜙(ℎ) 

Fine-tuning: Unfreeze deeper layers and update parameters: 

𝜃′ = 𝜃 − 𝜂∇𝜃𝐿(𝑓𝜃 , 𝑔𝜙, 𝐷𝑡) 

2. Custom Classifier 

A dense layer and softmax output were added for classification: 
 

Fully connected layer: 

𝑦 = 𝜎(𝑊𝑥 + 𝑏) 

Softmax output (for class probabilities): 

𝑃(𝑦 = 𝑖|𝑋) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝑗

 

3. Training Configuration 
 

Optimizer: Adam (Adaptive Moment Estimation) was used as optimizer which adapts the 

learning rate for each parameter individually, helping prevent drastic weight updates that could 

destabilize the learning process. The learning rate is typically initialized to a small value, such as 

η=0.0001, to ensure gradual and stable weight updates. 

𝜃𝑡 = 𝜃𝑡−1 − 𝜂
𝑣̂𝑡

√𝑠̂𝑡 + 𝜖
 

Loss Function: Categorical cross-entropy: 

𝐿𝑜𝑠𝑠 = −∑𝑦𝑖𝑙𝑜𝑔(𝑦̂𝑖)

𝑛

𝑖=1

 

where, 𝑦𝑖  is the actual label (one-hot encoded) and 𝑦̂𝑖 is the predicted probability. The model aims 

to minimize this loss by adjusting weights during training, thereby improving the accuracy of class 

predictions. Batch size refers to the number of samples processed before the model updates its 

parameters. A batch size of 32 is chosen as a balance between computational efficiency and stable 

training. An epoch represents one complete pass through the entire dataset during training. The 

number of epochs was selected as 5 that provides enough iterations for the model to learn essential 

patterns in the data while preventing overfitting. 
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2.5 Evaluation Metrics 
To assess the performance of classification models, key evaluation metrics such as accuracy, 

precision, recall, F1-score, and AUC are used. These metrics help evaluate model correctness, 

sensitivity, and discriminative power, especially in multi-class settings. 
 

Accuracy: Measures the proportion of correct predictions out of all predictions: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision: Indicates the proportion of correctly predicted positive samples among all predicted 

positives: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall (Sensitivity): Represents the proportion of actual positives correctly identified: 

𝑅𝑒𝑐𝑎𝑙𝑙⁡ = ⁡
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

F1-Score: The harmonic mean of precision and recall, useful for imbalanced class distributions: 

F1 − Score = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

AUC (Area Under the Curve): Measures the area under the ROC curve, which plots TPR vs. FPR 

across thresholds. A higher AUC indicates better class separation ability: 

𝐴𝑈𝐶 = ∫ 𝑇𝑟𝑢𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒⁡𝑅𝑎𝑡𝑒⁡(𝑇𝑃𝑅)⁡⁡𝑑(𝐹𝑎𝑙𝑠𝑒⁡𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒⁡𝑅𝑎𝑡𝑒⁡(𝐹𝑃𝑅))
1

0

 

Where, True Positive Rate (TPR) = 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, False Positive Rate (FPR) =

𝐹𝑃

𝐹𝑃+𝑇𝑁
 . 

 

3. Results 
3.1 Class-Specific Accuracy 
  

The performance comparison of six CNN models in classifying anthracnose-infected and healthy 

mango leaves reveals high overall accuracies across all models (see Table 1). Among them, 

MobileNetV2 achieved the highest accuracy, recording 99.00% across training, validation and test 

sets, indicating its superior generalization capability and robustness in distinguishing between 

diseased and healthy leaves. ResNet152V2 followed closely with 98.20% training, 98.00% 

validation and 98.00% test accuracy, demonstrating consistent and reliable performance. Similarly, 

DenseNet201 and Xception also performed well, with test accuracy of 97.50% and 97.00%, 

respectively. InceptionResNetV2 yielded 96.50%, suggesting a slightly lower but still strong 

classification ability. On the other hand, VGG16 exhibited the lowest performance among the 

evaluated models, with an accuracy of 91.50% on both validation and test sets. 
 

Table 1: Comparison of training, validation and test accuracies on Anthracnose vs. healthy leaves 
 

Model 
Training Accuracy 

(%) 
Validation Accuracy 

(%) 
Test Accuracy 

(%) 
Xception 97.82 97.00 97.00 
VGG16 91.51 91.50 91.50 
ResNet152V2 98.20 98.00 98.00 
InceptionResNetV2 96.67 96.50 96.50 
DenseNet201 97.50 97.50 97.50 
MobileNetV2 99.00 99.00 99.00 
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In the classification task distinguishing bacterial canker-infected mango leaves from healthy ones, 

all six CNN models demonstrated high accuracy indicating their strong discriminatory capabilities 

(see Table 2). Among them, MobileNetV2 achieved the highest overall performance, with 99.74% 

training, 99.69% validation, and 99.65% test accuracy, highlighting its robustness and excellent 

generalization. InceptionResNetV2 and ResNet152V2 also performed exceptionally well with test 

accuracies of 99.40% and 99.39%, respectively, reflecting their suitability for high-precision leaf 

disease detection. Xception followed closely with 99.23% test accuracy, while DenseNet201 

achieved a slightly lower performance with 98.23% on the test set, showing a noticeable drop 

between training and validation/test accuracy. VGG16 had the lowest accuracy among the models 

with 97.50% on both validation and test sets, though still indicating strong classification ability. 

These results confirm the effectiveness of deep CNN models particularly MobileNetV2 in 

accurately identifying bacterial canker in mango leaves. 
 

Table 2: Comparison of training, validation, and test accuracies on Bacterial Canker vs. healthy 

leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 99.32 99.24 99.23 

VGG16 97.96 97.50 97.50 

ResNet152V2 99.43 99.38 99.39 

InceptionResNetV2 99.49 99.41 99.40 

DenseNet201 99.25 98.24 98.23 

MobileNetV2 99.74 99.69 99.65 

 

In the task of differentiating cutting weevil-infected mango leaves from healthy ones, all six CNN 

models demonstrated remarkably high performance, with test accuracy exceeding 99% in most 

cases (see Table 3). MobileNetV2 once again emerged as the top-performing model, achieving 

99.92% training, 99.90% validation, and 99.90% test accuracy, underscoring its exceptional 

capability to generalize across datasets. DenseNet201 followed closely, with a near-perfect 99.84% 

test accuracy, indicating robust performance and minimal overfitting. InceptionResNetV2 and 

ResNet152V2 also exhibited strong results, with 99.70% and 99.42% test accuracies, respectively. 

Xception and VGG16 achieved slightly lower yet highly competitive test accuracy of 99.20% and 

99.04%, respectively. The consistently high accuracies across all models suggest that the visual 

patterns of cutting weevil infection are highly distinguishable from healthy leaves, and modern 

CNN architectures are well-equipped to detect them with excellent precision. 
 

Table 3: Comparison of training, validation, and test accuracies on Cutting Weevil vs. healthy 

leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 99.24 99.22 99.20 

VGG16 99.07 99.05 99.04 

ResNet152V2 99.48 99.43 99.42 

InceptionResNetV2 99.73 99.71 99.70 

DenseNet201 99.86 99.85 99.84 

MobileNetV2 99.92 99.90 99.90 
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For the classification of dieback-infected versus healthy mango leaves, all six CNN models 

demonstrated strong performance, though with slight variation in generalization capabilities (see 

Table 4). DenseNet201 achieved the highest accuracy, with 99.68% training, 99.63% validation, 

and 99.63% test accuracy, indicating both excellent learning and consistent generalization. 

InceptionResNetV2 and ResNet152V2 also performed reliably, with test accuracies of 99.50% and 

99.37%, respectively, reinforcing their effectiveness in fine-grained leaf disease classification. 

Xception yielded 98.95% test accuracy, reflecting robust performance, while MobileNetV2 scored 

slightly lower at 98.50%, though still maintaining high accuracy. VGG16, while effective, again 

demonstrated comparatively lower performance, with 96.50% accuracy on both validation and test 

sets. These results suggest that deeper and more complex CNN architectures such as DenseNet201 

and InceptionResNetV2 are particularly well-suited for detecting dieback symptoms, offering high 

precision in distinguishing diseases from healthy leaves. 
 

Table 4: Comparison of training, validation, and test accuracies on Dieback Disease vs. healthy 

leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 99.13 98.97 98.95 

VGG16 97.05 96.50 96.50 

ResNet152V2 99.43 99.38 99.37 

InceptionResNetV2 99.54 99.50 99.50 

DenseNet201 99.68 99.63 99.63 

MobileNetV2 98.76 98.50 98.50 
 

In the classification of gall midge-infected versus healthy mango leaves, the performance of the 

CNN models varied more noticeably compared to other disease categories (see Table 5). Xception 

delivered the highest performance, with 98.70% training and 98.50% accuracy on both validation 

and test sets indicating strong learning and generalization. ResNet152V2, DenseNet201, and 

MobileNetV2 also showed solid performance, with test accuracies of 96.50%, 96.00%, and 

96.50%, respectively, suggesting their effectiveness in capturing disease-specific features despite 

slight drops in validation accuracy. However, InceptionResNetV2 exhibited a significant 

performance decline, with a test accuracy of 91.50% while VGG16 recorded the lowest 

performance across all models at 81.50%, suggesting that this architecture may not effectively 

capture the visual complexity of gall midge symptoms. The relatively lower performance of some 

models on this disease class may indicate that gall midge symptoms are visually less distinct or 

more challenging to differentiate from healthy leaves, thereby requiring more sophisticated feature 

extraction capabilities. 
 

Table 5: Comparison of training, validation, and test accuracies on Gall Midge vs. healthy leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 98.70 98.50 98.50 

VGG16 81.68 81.50 81.50 

ResNet152V2 97.32 96.50 96.50 

InceptionResNetV2 94.36 91.50 91.50 

DenseNet201 97.69 96.00 96.00 

MobileNetV2 96.60 96.50 96.50 
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In distinguishing powdery mildew-infected mango leaves from healthy ones, all CNN models 

achieved high levels of accuracy, with particularly strong performance from the more advanced 

architectures (see Table 6). MobileNetV2 achieved the best overall results, with 99.57% training, 

99.49% validation, and 99.50% test accuracy, demonstrating outstanding generalization and 

robustness. Xception, ResNet152V2, InceptionResNetV2 and DenseNet201 all achieved identical 

or nearly identical accuracies, with 98.50% on both validation and test sets, indicating reliable and 

consistent performance across these deeper architectures. VGG16, while still effective, lagged 

behind the other models, reaching 94.00% accuracy on both validation and test sets. This relatively 

lower performance suggests that simpler models like VGG16 may be less capable of capturing the 

fine-grained features required to accurately detect powdery mildew symptoms. 
 

Table 6: Comparison of training, validation, and test accuracy on Powdery Mildew vs. healthy 

leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 98.93 98.50 98.50 

VGG16 94.66 94.00 94.00 

ResNet152V2 98.93 98.50 98.50 

InceptionResNetV2 98.93 98.50 98.50 

DenseNet201 98.89 98.50 98.50 

MobileNetV2 99.57 99.49 99.50 
 

In the classification of honeydew-infected mango leaves versus healthy leaves, the CNN models 

demonstrated high but slightly varied performance levels (see Table 7). Xception achieved the 

highest overall accuracy, with 97.85% training and 97.50% accuracy on both validation and test 

sets, indicating strong generalization and effective feature learning. MobileNetV2 also performed 

competitively, attaining 97.00% accuracy on both validation and test sets, confirming its 

consistency and reliability. ResNet152V2 and DenseNet201 followed closely with test accuracies 

of 96.50% and 96.00%, respectively, suggesting solid but slightly lower generalization compared 

to the top models. InceptionResNetV2 showed moderate performance, with a 95.00% test 

accuracy, while VGG16 recorded the lowest results among all models, achieving only 90.00% on 

the validation and test sets. This consistent trend across evaluations highlights the superior 

effectiveness of deeper and more modern architectures such as Xception and MobileNetV2 for 

detecting honeydew symptoms, whereas VGG16 may lack the representational power required to 

capture subtle distinctions in leaf disease features. 
 

Table 7: Comparison of training, validation, and test accuracies on Honeydew vs. healthy leaves 

Model 
Training Accuracy 

(%) 

Validation Accuracy 

(%) 

Test Accuracy 

(%) 

Xception 97.85 97.50 97.50 

VGG16 90.65 90.00 90.00 

ResNet152V2 97.00 96.50 96.50 

InceptionResNetV2 96.42 95.00 95.00 

DenseNet201 97.00 96.00 96.00 

MobileNetV2 97.62 97.00 97.00 
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3.2 Overall Accuracy 
 

Table 8 summarizes the overall training and test accuracies alongside the highest and lowest F1-

scores achieved by six CNN architectures across different mango leaf disease classifications. All 

models demonstrated strong training accuracies above 97%, with MobileNetV2 and DenseNet201 

leading at 99.86% and 99.82% respectively, indicating excellent learning capabilities. 

Correspondingly, these two models also achieved the highest test accuracy of 99.25%, highlighting 

their superior generalization performance on unseen data. 
 

Table 8: Comparison of Training, Test Accuracy, Highest and Lowest F1-scores for Different 

CNN Architectures 

Model 
Training 

Accuracy (%) 

Test Accuracy 

(%) 

Highest F1-

score 
Lowest F1-score 

Xception 98.89 98.00 1.00 (Canker) 0.93 (Honeydew) 

VGG16 97.77 96.00 1.00 (Canker) 0.85 (Die Back) 

ResNet152V2 98.46 98.00 1.00 (Canker) 0.93 (Honeydew) 

InceptionResNetV2 98.73 97.50 1.00 (Canker) 0.93 (Healthy) 

DenseNet201 99.82 99.25 1.00 (Multiple) 0.96 (Gall Midge) 

MobileNetV2 99.86 99.25 1.00 (Multiple) 0.96 (Mildew) 

 

In terms of F1-scores, which balance precision and recall, all models reached a perfect score of 

1.00 for detecting bacterial canker, with DenseNet201 and MobileNetV2 achieving this peak for 

multiple disease classes, reflecting their robustness in accurately identifying various leaf diseases. 

The lowest F1-scores varied by model and disease, with VGG16 showing the largest drop at 0.85 

for dieback disease, suggesting limited effectiveness in detecting this condition. Other models 

maintained relatively high minimum F1-scores, with the lowest being 0.93 for Xception, 

ResNet152V2, and InceptionResNetV2 (notably for honeydew and healthy leaf classifications), 

and 0.96 for DenseNet201 (gall midge) and MobileNetV2 (powdery mildew), indicating consistent 

and reliable performance across disease categories. Overall, these results emphasize that 

DenseNet201 and MobileNetV2 not only provide the best overall accuracies but also maintain 

strong, balanced classification performance across diverse mango leaf diseases, outperforming 

older architectures like VGG16. 
 

3.3 ROC Curve Analysis 
 

To comprehensively assess model performance, Receiver Operating Characteristic (ROC) curves 

and their corresponding Area Under the Curve (AUC) values were examined. The AUC metric 

evaluates the balance between sensitivity (true positive rate) and specificity (true negative rate), 

offering a nuanced measure of each model’s ability to discriminate between diseased and healthy 

leaves. Among the evaluated architectures, DenseNet201 and MobileNetV2 demonstrated the 

highest AUC values, further confirming their superior classification capabilities. The consistently 
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elevated AUC scores observed across all models reflect strong discriminative power, even when 

differentiating cases with subtle or overlapping disease features. This analysis highlights the 

robustness and reliability of the CNN models in accurately identifying diverse mango leaf 

diseases, supporting their potential application in real-world disease detection scenarios (see 

Figure 1). 

 
Figure 1: Comparing ROC curves with AUC values for all models 

 

4. Discussion 
 

This study aimed to perform a comparative analysis of various CNN architectures for the detection 

and classification of mango leaf diseases. The results revealed that DenseNet201 and 

MobileNetV2 were the most effective CNN architectures, with DenseNet201 achieving the highest 

accuracy and MobileNetV2 providing an optimal balance between performance and efficiency 

[24]. MobileNetV2 demonstrated exceptional generalization across most categories, achieving 

almost 100.00% accuracy in multiple cases, outperforming ResNet and VGG16, which suggests 

that its lightweight structure and efficient feature extraction make it particularly suitable for this 

task. Similar findings were reported by Prabu & Chelliah (2022) who found MobileNetV2 model 

to be highly effective for mango leaf disease detection [25]. This result does not align with Sagar 

& Jacob (2021) who found ResNet50 outperforms InceptionV3, MobileNet and DenseNet169, 

achieving accuracy of 98.20% [9]. DenseNet201 consistently ranked highest in overall accuracy, 

likely due to its densely connected layers that facilitate effective feature propagation [26,27]. 

ResNet152V2 and Xception also exhibited strong classification performance but required 

significantly higher computational resources [27]. In contrast, VGG16 showed the lowest 

performance particularly struggling to distinguish Gall Midge from Healthy samples where it 

achieved only 81.50% test accuracy [28]. This finding aligns with prior research, such as the study 

Saleem et al. (2020) which found that VGG16 exhibited lower validation accuracy and higher 
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validation loss compared to other CNN architectures, making it less suitable for plant disease 

classification [29]. Similarly, a research Wang et al. (2023) found that VGG16 performed the 

worst among several tested models demonstrating lower precision, recall and F1-score while also 

converging at a slower rate [30]. These studies suggest that deeper networks with residual or dense 

connections such as DenseNet201 and ResNet, tend to outperform traditional architectures like 

VGG16 in plant disease classification [31–34]. In the classification of mango leaf diseases, certain 

diseases are more challenging to classify due to their visual similarities with healthy leaves or 

other diseases while others are easier based on their distinct features. Gall Midge, for instance, 

proved to be the most challenging disease to classify [35]. The physical damage caused by Gall 

Midge such as small irregular spots and deformations may not always be distinct enough for a 

model to differentiate [36]. This can lead to lower classification accuracy when distinguishing it 

from healthy samples or other diseases with similar features. 
 

Disease-specific variation was also evident. Cutting Weevil and Bacterial Canker achieved high 

classification accuracy due to their distinct and visible symptoms, while Gall Midge remained the 

most challenging to classify because its subtle symptoms often resemble healthy leaves or less 

severe conditions. This observation reinforces the importance of symptom clarity in deep learning–

based disease detection and suggests that subtle diseases may require higher-resolution images, 

larger datasets, or hybrid approaches that combine visual and non-visual data for improved 

recognition. Despite the promising results, several limitations should be acknowledged. The 

dataset consisted of 4,000 images collected under controlled conditions, which may not fully 

represent the diversity of field environments. Factors such as lighting variation, background noise, 

leaf orientation, and overlapping symptoms were not addressed, potentially limiting 

generalizability. In addition, the study relied solely on image-based data, without incorporating 

other modalities such as temporal or multispectral information, which could improve robustness. 

In terms of real-world applicability, MobileNetV2 stands out as a practical solution for deployment 

on mobile devices or edge systems due to its lightweight architecture and reduced computational 

requirements [25]. Such models are particularly relevant in low-resource agricultural settings 

where access to high-end hardware is limited. However, further validation using larger, 

heterogeneous, and field-collected datasets is essential before large-scale implementation. Practical 

deployment will also require attention to model interpretability, resilience to environmental 

variability, and integration into user-friendly tools for farmers. 

 

5. Conclusion 
 

This study evaluated the potential of CNN architectures for accurate and efficient detection of 

mango leaf diseases. DenseNet201 achieved the highest accuracy (98.10%) and proved to be the 

most reliable for automated classification. MobileNetV2 showed a good balance between accuracy 

and computational efficiency and is suitable for deployment in low-resource environments. 

Disease-specific performance varied as Cutting Weevil and Bacterial Canker were classified with 

the highest accuracy, while Gall Midge remained the most difficult to identify. These findings 

validate the effectiveness of CNNs in agricultural disease detection and highlight the need to align 

model capabilities with practical field conditions. This research provides a pathway for scalable 

and real-time monitoring that supports sustainable and technology-driven crop management. 
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CNN: Convolutional Neural Network, ROC: Receiver Operating Characteristic, AUC: Area Under 

the Curve, Xception: Extreme Inception, VGG16: Visual Geometry Group 16-layer network, 
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ResNet152V2: Residual Network 152-layer Version 2, InceptionResNetV2: Inception-ResNet 

Version 2, DenseNet201: Densely Connected Convolutional Network with 201 layers, 

MobileNetV2: Mobile Network Version 2. 
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