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Abstract 

Cassava (Manihot esculenta) is a crucial commodity in tropical regions; yet, its output has markedly declined due to 

five primary categories of foliar diseases: Cassava Mosaic Disease (CMD), Cassava Brown Streak Disease (CBSD), 

Cassava Bacterial Blight (CBB), Cassava Green Mottle (CGM), and the healthy category. The constraints of deep 

learning models, which remain opaque, and data imbalances in the agriculture sector, pose significant hurdles to the 

development of precise and transparent diagnostic tools. This research seeks to establish an explainable deep learning 

framework utilizing ensemble transfer learning and adaptive augmentation to enhance the accuracy and 

interpretability of cassava leaf disease identification. The experimental investigation utilized 21,367 annotated photos 

from five disease categories within the Cassava Leaf Disease dataset. The dataset was first divided into training data 

(80%) and validation data (20%). The minority classes in the training data were augmented using Albumentations to 

rectify class distribution imbalances. As a result of this approach, an additional 51,280 photos were generated, 

resulting in a more balanced and representative class. The findings indicated that the ensemble averaging of 

ResNet50, DenseNet121, and EfficientNet-B0 achieved a validation accuracy of 86.75%, surpassing the performance 

of each individual model. Adaptive augmentation procedures enhance the model's generalization capabilities, while 

Gradient-weighted Class Activation Mapping (Grad-CAM) visualizes the leaf regions influencing classification 

judgments. The results validate that the use of adaptive augmentation, explainable AI, and ensemble transfer learning 

enhances the transparency and reliability of computer vision systems for detecting plant diseases. This study advances 

the creation of precise, interpretable, and pertinent AI models to enhance agricultural informatics. 
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1. INTRODUCTION 

Cassava (Manihot esculenta) serves as a crucial staple crop for millions in tropical regions, 

primarily providing carbohydrates. However, its productivity is significantly vulnerable to numerous 

foliar diseases, including Cassava Mosaic Disease (CMD), Cassava Green Mottle (CGM), Cassava 

Brown Streak Disease (CBSD), and Cassava Bacterial Blight (CBB), adversely affecting crop yields 

and the economic circumstances of farmers [1]. Consequently, prompt identification and precise 

classification of diseases are essential, as these ailments compromise both plant health and the quality 

of cassava tubers [2], [3], [4]. Cassava Bacterial Blight (CBB) is induced by the bacterium Xanthomonas 

axonopodis pv. manihotis, presenting symptoms of aqueous lesions that progress to necrosis and foliar 

abscission [5]. Conversely, Cassava Brown Streak Disease (CBSD) is instigated by Ugandan Cassava 

Brown Streak Virus (UCBSV) and Cassava Brown Streak Virus (CBSV), resulting in necrosis of leaves 

and roots, alongside significant yield reductions [6]. CGM is induced by the Cassava Green Mottle Virus 

(CGMV), which impedes growth and results in leaf deformation [5], while CMD is predominantly 

caused by the Cassava Mosaic Virus (CMV), exhibiting characteristic signs of leaf deformation and 

mosaic patterns [7]. The lack of yellow dots on healthy cassava leaves serves as a benchmark against 
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leaves that exhibit disease symptoms. All elements appear identical in the green hue. Figure 1 illustrates 

a case of Cassava Leaves sickness. 

 

 

Figure 1. Cassava Leaves CBB (Label 0), CBSD (Label 1), CGM (Label 2), CMD (Label 3), and 

Healthy (Label 4) 

 

The application of deep learning for the categorization of cassava leaf diseases has surged in 

recent years, propelled by the demand for precise and dependable diagnostic tools. Diverse 

methodologies, including Convolutional Neural Networks (CNN), transfer learning, and ensemble 

learning, have been extensively utilized to enhance prediction accuracy and robustness, with ensemble 

techniques demonstrating efficacy in amalgamating the advantages of multiple models to yield more 

consistent performance [3], [8]. Furthermore, data augmentation approaches are crucial for addressing 

dataset imbalances prevalent in agricultural imaging, thereby facilitating the creation of more resilient 

systems suitable for field application [9], [10]. Advancements in computer vision facilitate the 

application of pre-trained models, including EfficientNet, ResNet, and Transformer-based architectures, 

via fine-tuning, which enhances classification performance even with scarce labeled data, as evidenced 

in cassava leaf disease research [11], [12], [13]. 

Recent advancements in machine learning and computer vision have significantly propelled the 

automation of image-based plant disease detection, especially cassava leaf disease. Diverse deep 

learning methodologies, especially Convolutional Neural Networks (CNN), have demonstrated notable 

efficacy in the categorization of leaf diseases with considerable accuracy [3], [8], [14]. The application 

of transfer learning via pre-trained models like ResNet, DenseNet, EfficientNet, and Transformer-based 

architectures enhances classification performance despite limited labeled data, making this methodology 

prevalent in contemporary agricultural research [15], [16], [17], [18]. Furthermore, ensemble learning 

is increasingly favored for its capacity to amalgamate the strengths of many models, hence enhancing 

the stability and generalization of predictions under diverse picture acquisition situations [19], [20], [21], 

[22]. 

Although exhibiting competitive performance, agricultural image classification applications 

continually encounter practical challenges, including class imbalances, variable lighting conditions, 

diverse shooting angles, intricate backgrounds, and noise, all of which substantially affect the 

performance of minority classes [23], [24]. To address these issues, image augmentation approaches, 

encompassing fundamental geometric changes and realistic noise-based augmentations, have been 

extensively employed to enhance the diversity of training data [9], [10]. Recent studies highlight that 

the adaptive augmentation approach, which modifies the type and intensity of transformations according 

to class distribution and predictive difficulty, may yield greater enhancements in the fairness and 

performance of minority classes compared to traditional static augmentation [25], [26]. 

In addition to performance metrics, the constraints of model interpretability remain a significant 

barrier to the use of AI systems in actual agricultural settings. Many deep learning models remain 

opaque, complicating the validation of predicted decisions for agronomists and end-users, despite their 
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high accuracy [27], [28]. To tackle this issue, Explainable Artificial Intelligence (XAI) techniques, 

including Grad-CAM, feature attribution methods, and ensemble-based explanation approaches, have 

been applied to the field of plant diseases to visualize the image regions influencing model decisions 

[29], [30]. Recent evidence indicates that the thorough incorporation of XAI inside the classification 

pipeline, as opposed to mere post-prediction visualization, might enhance user confidence and facilitate 

the identification of model operational bias [28], [31]. Nonetheless, the majority of studies continue to 

develop individual augmentation, ensemble, or XAI components in isolation, lacking thorough end-to-

end integration, especially concerning cassava leaf disease [26], [32], [33]. Table 1 Comparison of Prior 

Research on Cassava Leaf Disease Detection. 

 

Table 1. Comparison of Previous Research on the Detection of Cassava Leaf Disease 

Methodology Dataset 
Enhancement 

Strategy 

Explainable AI 

(XAI) 

Accuracy 

(%) 

Principal 

Constraints 

Enhanced CNN 

[20] 

Kaggle 

Cassava 
Conventional No 

89,75 

(Test) 

Single model, 

without XAI and 

imbalance 

handling 

T-RNet + FAMP 

[16] 

Kaggle 

Cassava 
Unbalanced No 91,12 

Accuracy focus, 

low interpretability 

EfficientNet [15] 
Kaggle 

Cassava 
CLAHE No 89,00 

Not using 

ensemble and XAI 

CNN + Ensemble 

[3] 

Kaggle 

Cassava 
Conventional No 88,83 

Static 

augmentation, 

without fairness 

analysis 

Ensemble 

(InceptionV3 + 

DenseNet + 

Xception) [19] 

Kaggle 

Cassava 
Conventional No 88,83 

Interpretability has 

not been studied 

EfficientNet + 

Attention [33] 

Kaggle 

Cassava 
Conventional No 88,10 

Not dealing with 

imbalances secara 

adaptif 

Explainable 

Ensemble 

Transfer Learning 

(ResNet50 + 

DenseNet121 + 

EfficientNet-B0) 

Kaggle 

Cassava 

Adaptive 

Augmentation 

(albumentations) 

Yes (Grad-

CAM) 

86,75 

(Val) 

Focus on balancing 

accuracy, fairness, 

and interpretability 

 

Table 1 indicates that the majority of prior research has concentrated on enhancing accuracy via 

a singular architecture or ensemble, although they still exhibit limits regarding the adaptive management 

of data imbalances and the incorporation of Explainable Artificial Intelligence (XAI). This study 

distinguishes itself from prior research by integrating adaptive augmentation, ensemble transfer 

learning, and explainable artificial intelligence (XAI) into a singular end-to-end framework, thereby 

aiming for enhanced prediction performance, data fairness, and transparency in model decision-making. 

This methodology addresses a research void that has not been thoroughly investigated for cassava leaf 

disease detection. 
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This paper provides a comprehensive framework that incorporates adaptive data augmentation, 

ensemble transfer learning, and Explainable Artificial Intelligence (XAI) into a unified end-to-end 

methodology. Adaptive augmentation strategies aim to mitigate dataset imbalances and enhance 

predictive equity across classes whereas ensemble transfer learning employs a supplementary pre-

trained backbone via a stacking/meta learner approach to augment generalization amidst variations in 

field image conditions. The integrated XAI module facilitates the visualization of explanations for each 

prediction and provides a summary of interpretations for each class, enabling agronomists to assess and 

validate model judgments. The originality of this research resides in the concurrent integration of 

accuracy, data fairness, and interpretability, which directly enhances the advancement of reliable and 

practical computer vision systems in agricultural informatics and sustainable precision agriculture. 

2. METHOD 

In order to detect cassava leaf illnesses, this work uses three transfer learning models ResNet50, 

DenseNet121, and EfficientNet-B0 as the basis for its image architecture. To increase validation 

accuracy, ensemble learning is then used to optimize the validation data. Adaptive augmentation with 

Albumentations is used to supplement data before modeling. This method makes use of a number of 

parameters to supplement minority class data, guaranteeing that the amount of additional data is equal 

to that of the majority class. Explainable Artificial Intelligence (XAI) is used to describe the 

augmentation procedure and the models employed in order to guarantee research transparency. Visually, 

the workflow of the proposed method, from data pre-processing to XAI classification and interpretation, 

is illustrated in Figure 2. 

 
Figure 2. Research Workflow 

2.1. Transfer Learning 

This study uses three transfer learning architectures, namely ResNet50, DenseNet121, and 

EfficientNet-B0. All models undergo a full fine-tuning process, in which all backbone parameters are 

retrained. Each model is modified in its classification layer into 5 class outputs according to the number 

of disease categories. A potent machine learning technique called transfer learning enables models 

trained on one job to be modified for another, frequently related, work, utilizing previously learned 

information to enhance performance on new tasks with sparse data [6], [34]. Because of their distinct 

design elements and performance potential, ResNet50, DenseNet121, and EfficientNet-B0 have drawn 

a lot of interest among the several architectures used in transfer learning. By solving the vanishing 

gradient issue, ResNet50 uses residual connections to make training deep networks easier. This allows 

for the creation of extremely deep models without sacrificing performance [35]. With its dense 

connection structure, which allows each layer can receive inputs from all previous layers, DenseNet121 

improves feature propagation and reuse while promoting effective gradient flow and minimizing 

overfitting [18], [36]. In contrast to conventional topologies, the EfficientNet-B0 family of models 

achieves state-of-the-art performance with fewer parameters by balancing depth, width, and resolution 

to maximize accuracy and efficiency [37], [38]. Recent research has shown that these models are useful 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5480


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3870-3886 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5480 

 

 

3874 

in a variety of applications, such as agricultural disease detection and medical picture classification, 

demonstrating their capacity to attain high accuracy while reducing computing costs [17], [37], [39]. By 

offering reliable solutions across a variety of areas, the incorporation of these designs into transfer 

learning frameworks keeps the field moving forward. 

2.2. Ensemble Learning 

An effective method for enhancing machine learning performance, particularly in transfer 

learning, is ensemble learning, which blends several models. Voting ensembles and averages are 

common tactics. By calculating the mean of several model predictions, the average ensemble technique 

improves generalization by lowering biases and variances [14]. The voting ensemble approach, on the 

other hand, improves accuracy and resilience by choosing the class with the most votes from various 

classifiers [27], [40]. Research indicates that combining ensemble and transfer learning greatly improves 

performance in challenging fields like financial forecasting and medical image analysis [41]. Ensemble 

learning is a crucial machine learning tool because of these methods, which improve accuracy and 

dependability. 

An ensemble learning strategy was used in this study to improve the classification model's 

accuracy. Predictions from several models (ResNet50, DenseNet121, and EfficientNet-B0) were 

combined for validation using the average ensemble approach, which averages the probability outputs 

from each model before generating the final prediction. The following is a formulation of this validation 

method: 

𝑦̂ = arg 𝑚𝑎𝑥 (
1

𝑁
 ∑ 𝑓𝑖(𝑥)𝑁

𝑖=1 ) (1) 

Where 𝑓𝑖(𝑥) represents the output of the i-th model, N is the number of models in the ensemble, 

and 𝑦̂ is the predicted class with the highest probability after aggregation. The validation accuracy is 

computed based on the number of correct predictions compared to the total validation samples: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑ 1𝑀

𝑗=1  (𝑦̂𝑗= 𝑦𝑗)

𝑀
 (2) 

Where M is the total number of samples, 𝑦𝑗 is the true label, and 1(𝑦̂𝑗 =  𝑦𝑗) is an indicator 

function that equals 1 if the prediction is correct and 0 otherwise. 

The three models were integrated by an average ensemble method, whereby the output 

probabilities of each model were averaged to yield a final forecast. The subsequent figure 3 illustrates 

the ensemble architecture employed. 

 
Figure 3. Ensemble Architecture Diagram 

2.3. Dataset and Augmentation with Albumentations 

This study makes use of a dataset of 21,367 annotated photos that were obtained from Kaggle 

[42]. Most of these photos were crowdsourced from farmers who took pictures of their gardens as part 

of a routine study that was carried out in Uganda. In partnership with the AI lab at Makerere University 
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in Kampala, specialists from the National Crops Resources Research Institute (NaCRRI) contributed the 

annotations for these photos. By accurately simulating the circumstances under which farmers would 

identify crop illnesses in actual situations, this dataset provides insightful information for agricultural 

research and development. There is an absence of curation, filtering, or relabeling of all data utilized in 

accordance with the original condition. The training data exhibited a pronounced class imbalance: Class 

3 (10,526 images), Class 4 (2,061 images), Class 2 (1,909 images), Class 1 (1,751 images), and Class 0 

(870 images). 

The augmentation was implemented utilizing the Albumentations library, recognized for its 

versatility and efficacy in producing picture modifications [43]. Essential transformations employed 

comprise Random Resized Crop to enhance image composition variability, Horizontal and Vertical Flip 

to augment orientation diversity, and ShiftScaleRotate to facilitate translation, scaling, and slight 

rotation, as endorsed by prior research [44], [45]. Furthermore, ColorJitter is utilized to replicate natural 

illumination fluctuations, while Gaussian Noise enhances the model's robustness against visual 

disturbances [46], [47]. This amalgamation of transforms enhances model training quality by broadening 

the representation of visual features and has demonstrated efficacy in augmenting model stability and 

accuracy on imbalanced datasets. Figure 4 illustrates the results of Albumentations augmentation for 

each class within the cassava leaf dataset in both the training and validation datasets. 

 

 
Figure 4. The Results Of Albumentations Augmentation For Each Class In The Training Data and 

Validatin Data 

2.4. Data Splitting and Augmentation for Balancing Imbalanced Data. 

The dataset is first divided into training (80%) and validation (20%) subsets in this phase. This 

study employs adaptive augmentation for minority classes via the Albumentations library to address the 

issue of class imbalance. The augmentation process is conducted systematically to generate fresh 

samples until each class attains the maximum threshold of dominating classes, set at 10,526 pictures. 

As a result of this process, an extra 51,280 photos were generated and integrated into the training set to 

ensure a balanced distribution among classes. This strategy provides a more equitable representation for 

each class, hence enhancing the model's performance. The augmentation approach employed 

emphasizes five primary factors, including Random Resized Crop (224×224) to generate variations in 

visual composition while preserving essential aspects of the leaf. Horizontal and vertical flipping to 

enhance object orientation diversity, ShiftScaleRotate for translation, rotation, and scaling, ColorJitter 

to replicate lighting and environmental variations, and Gaussian noise to bolster the model's resilience 

against visual disturbances. All augmentation is only applied to the training data, while the validation 

data remains unaltered, undergoing just typical resizing and normalizing procedures. Figure 5 illustrates 

the distribution of the training picture subsequent to balancing. 
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Figure 5. The Distribution Of The Training Data Count 

 

2.5. Explainable Artificial Intelligence (XAI) 

Grad-CAM (Gradient-weighted Class Activation Mapping) is a key technique for Explainable 

Artificial Intelligence (XAI) that improves the interpretability of deep learning models, especially in 

transfer learning for the classification of cassava leaf diseases. Grad-CAM uses the gradients of target 

classes moving into the last convolutional layer of a Convolutional Neural Network (CNN) to produce 

visual explanations. Researchers can determine which areas of input photos have the greatest influence 

on the model's predictions by using this method [48]. 

Grad-CAM combined with transfer learning has been demonstrated in recent research to increase 

model accuracy and offer more profound understanding of model behavior. This enables practitioners 

to optimize training procedures and refine datasets [49]. Grad-CAM helps farmers and other agricultural 

stakeholders trust AI-driven solutions by showing the areas of emphasis in cassava leaf images, which 

leads to more accurate disease diagnosis [49]. All things considered, the use of Grad-CAM in transfer 

learning frameworks is a noteworthy advancement in agricultural AI that enhances automated disease 

detection systems' dependability and transparency. 

2.6. Training Procedure 

All models are trained with the Kaggle T4 x2 GPU with comprehensive fine-tuning parameters. 

The training procedure was conducted across 10 epochs, with a batch size of 32. The employed loss 

function is CrossEntropyLoss, and optimization is performed via an Adam optimizer with a learning 

rate of 1e-4. The optimal model is identified by the highest validation accuracy for each design. Table 

2 delineates the arrangement of the trials undertaken in this study: 

 

Table 2. Experimental Configuration 

Configuration Value 

Train/Validation Split 80% / 20% (stratified) 

Epoch 10 

Batch Size 32 

Optimizer Adam 

Learning Rate 1×10⁻⁴ 

Loss Function CrossEntropyLoss 

Scheduler Not used 

Transfer Learning Models ResNet50, DenseNet121, EfficientNet-B0 

Fine-tuning Full fine-tuning 

Ensemble Method Probability Average 

870 1751 1909

10526

2061

10526 10526 10526 10526 10526

0

5000

10000

15000

Class 0 Class 1 Class 2 Class 3 Class 4

Original Dataset Balanced Dataset
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2.7. Evaluation Metrics 

The efficacy of the Transfer Learning and Ensemble Learning models was assessed using 

accuracy, precision, recall, and F1 score criteria. These metrics offer a comprehensive assessment of the 

model's efficacy in accurately categorizing data, covering each cassava leaf disease category, as well as 

aggregate performance. Accuracy is mathematically defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

Alongside numerical metrics, the confusion matrix offers a comprehensive analysis of 

accurate and erroneous predictions for each class. In binary classification, this matrix is denoted 

as: 

𝐶𝑜𝑚𝑓𝑢𝑠𝑖𝑜𝑛 𝑀𝑎𝑡𝑟𝑖𝑥 = [𝑇𝑃 
𝐹𝑁

𝐹𝑃
𝑇𝑁] (7) 

3. RESULT 

3.1. Transfer Learning Experiment Results 

The training results indicated that all three models successfully identified important patterns in 

the dataset, albeit with varying behavioral features. ResNet50 exhibited swift accuracy improvements 

in the initial epochs; however, a minor overfitting tendency emerged, evidenced by a tiny decline in 

validation performance throughout the intermediate epochs. DenseNet121 demonstrates superior 

stability between training accuracy and validation, indicating enhanced generalization capabilities. 

Simultaneously, EfficientNet-B0 emerged as the superior model, evidenced by the maximum validation 

accuracy it attained. Presented herein is Table 3, which displays the classification accuracy across 10 

epochs for all three transfer learning models. 

Table 3. Classification Accuracy 10 Epoch 

Epoch 

ResNet50 DenseNet121 EfficientNet-B0 

Taining 

Accuracy 

Validation 

Accuracy 

Taining 

Accuracy 

Validation 

Accuracy 

Taining 

Accuracy 

Validation 

Accuracy 

1 0.7779 0.7647 0.7895 0.8063 0.7461 0.8161 

2 0.894 0.8021 0.913 0.836 0.8904 0.8093 

3 0.9314 0.8355 0.9475 0.8266 0.9341 0.8297 

4 0.9452 0.8129 0.9602 0.8364 0.9538 0.832 

5 0.9541 0.8192 0.9666 0.8311 0.9629 0.829 

6 0.9597 0.8049 0.9724 0.8357 0.9697 0.836 

7 0.9633 0.8033 0.9739 0.8383 0.9738 0.8271 

8 0.9681 0.814 0.9771 0.8388 0.9766 0.8285 

9 0.9681 0.8386 0.9779 0.828 0.98 0.8379 

10 0.9724 0.8213 0.9804 0.8428 0.9809 0.8435 

 

The optimal validation accuracy values achieved by each model were 83.86% for ResNet50, 

84.28% for DenseNet121, and 84.35% for EfficientNet-B0. A 95% confidence interval was computed 

utilizing a binomial proportion method to analyze the uncertainty of the results. utilizing the formula for 

the confidence interval of a binomial proportion: 
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𝐶𝐼 = 𝑝 ± 1.96√
𝑝(1−𝑝)

𝑁
 (8) 

Table 4 presents the calculation results, indicating that the three models exhibit overlapping 

interval ranges. This signifies that the performance disparity between models is not statistically 

significant. Nevertheless, EfficientNet-B0 demonstrates the most constant stability in validation 

performance during the training phase. 

 

Table 4. Validation Accuracy and 95% Confidence Interval for Each Transfer Learning Model 

Model Validation Accuracy CI 95% 

ResNet50 0,8386 [0,8276 – 0,8496] 

DenseNet121 0,8428 [0,8319 – 0,8537] 

EfficientNet-B0 0,8435 [0,8326 – 0,8544] 

 

Additionally, Figure 6 illustrates the accuracy development curve across 10 epochs, enabling 

visualization of model stability and potential overfitting. Accuracy curves for training and validation of 

the ResNet50, DenseNet121, and EfficientNet-B0 models: 

 

 
Figure 6. Accuracy Curve for Training and Validation 

 

The learning curves indicate that DenseNet121 and EfficientNet-B0 exhibit superior validation 

stability compared to ResNet50, particularly during the mid-epoch, hence reinforcing their selection as 

robust candidates for the ensemble. 

3.2. Analysis of the Confusion Matrix 

The study of the confusion matrix is employed to evaluate the performance of categorization for 

each class with greater specificity. 

3.2.1. ResNet50 

The classification findings are consistent with the original data distribution, according to the 

confusion matrix of the validation data for the ResNet50 model. In particular, 116 out of 217 photos are 

correctly classified by Class 0, 293 out of 438 by Class 1, 346 out of 477 by Class 2, 2405 out of 2632 

by Class 3, and 355 out of 516 by Class 4. Best model training data accuracy 97.44%, validation data 

83.86%, while precision 83%, recall 82%, and F1-score 82%. Presented is Figure 7, illustrating the 

findings of the ResNet50 model's confusion matrix: 
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Figure 7. Confusion Matrix for Resnet50 

3.2.2. DenseNet121 

DenseNet121 demonstrates superior performance in classes 1 and 4 relative to ResNet50. The 

diagonal confusion matrix appears more definitive, indicating enhanced generalization abilities. The 

overall accuracy of 84.28% signifies that this design is more effective in analyzing the distribution of 

leaf disease characteristics. The subsequent classification outcomes align with the initial data 

distribution, as indicated by the DenseNet121 model's confusion matrix for the validation data: Class 0 

accurately classified 321 of 438 photos, Class 2 classified 325 of 477, Class 3 classified 2404 of 2632, 

and Class 4 classified 341 of 516. Class 0 successfully classified 116 of 217 photographs. The optimal 

model achieved an accuracy of 98.04% on the training data, 84.28% on the validation data, and a 

precision, recall, and F1 score of 84% each. Figure 8 presents the validation data for the confusion matrix 

as follows: 

 

 
Figure 8. Confusion Matrix for DenseNet121 

3.2.3. EfficientNet-B0 

The EfficientNet-B0 exhibits the most robust diagonal among the three models. This model 

successfully classified class 3 with an accuracy of 2.526 out of 2.632 pictures. The minority class 

performance surpasses that of the other two models, yielding an overall accuracy of 84.35%. The 

classification results align with the original data, as indicated by the confusion matrix of the 
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EfficientNetB0 model's validation dataset. The model correctly identifies 121 of 217 photographs in 

Class 0, 306 of 438 in Class 1, 330 of 477 in Class 2, 2526 of 2632 in Class 3, and 327 of 516 in Class 

4. The optimal model achieved a training data accuracy of 98.09%, a validation data accuracy of 84.35%, 

and precision, recall, and F1-score metrics all at 84%. Figure 9 is presented, depicting the results of the 

EfficientNet-B0 model's confusion matrix: 

 

 

Figure 9. Confusion Matrix for EfficientNet-B0 

 

3.3. Ensemble Learning Experiment Results 

The accuracy of the classification increased significantly to 86.75% after the implementation of 

ensemble learning. Ensemble evaluation was performed using validation datasets through a special 

validation function, which combines predictions from all three models using probability averaging 

techniques. This approach is effective in reducing the bias that may arise in individual models because 

each architecture has different feature extraction characteristics. The ensemble also exhibits higher 

performance stability, reflected in the 95% confidence interval of [0.8575–0.8774], which is narrower 

than that of a single model. The confusion matrix analysis showed a consistent increase in minority 

classes, particularly in classes 1, 2, and 4, with recall values increasing to 0.75, 0.72, and 0.73 

respectively. This confirms that the ensemble mechanism is able to overcome the inequality of class 

distribution and produce more balanced predictions. 

When compared to individual models, EfficientNet-B0 is the best-performing model, achieving 

98.09% training accuracy and 84.35% validation accuracy. However, these results can still be improved 

through advanced optimization strategies, including transfer learning, ensemble learning, and adaptive 

data augmentation. The integration of these three strategies resulted in an increase in performance from 

84.35% (individual best model) to 86.75% (ensemble model). A detailed comparison between the 

accuracy of the transfer learning model and the ensemble model is shown in Table 5, which provides a 

comprehensive overview of the performance improvements due to the ensemble approach. 

 

Table 5. Acuracy Transfer Learning and Ensemble Learning 

Model 
Training Data Validation Data 

Accuracy Accuracy Precision Recall F1-score 

ResNet50 97,24% 83,86% 83% 82% 82% 

DenseNet121 98,04% 84,28% 84% 84% 84% 

EfficientNet-B0 98,09% 84,35% 84% 84% 84% 

Ensemble Learning - 86,75% 87% 87% 87% 
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3.4. Explainable AI (XAI) with Grad-CAM 

The model's primary objective in Explainable AI (XAI) employing Grad-CAM will be identifying 

images of each class to categorize diseases present in cassava leaves. Additionally, the detection area in 

the image will be displayed. The outcomes of Explainable AI (XAI) using the Grad-CAM approach on 

the ResNet50, DenseNet121, and EfficientNet-B0 transfer learning models are as follows. Figure 10 

presents a comparison of the Transfer Learning model's XAI results: 

 

 
Figure 10. Comparison Of XAI Results For The Transfer Learning Model. 

4. DISCUSSIONS 

This study compares the performance of three deep learning architectures ResNet-50, DenseNet-

121, and EfficientNet-B0 for a classification task using albumentation-based augmentation to balance 

minority and majority classes. ResNet-50 initially achieves high training accuracy but reaches its highest 

validation accuracy of 83.86% at epoch 9, followed by a slight decline, indicating potential overfitting 

and limited generalization ability. DenseNet-121 shows a more stable improvement throughout training, 

achieving a maximum validation accuracy of 84.28% at epoch 10 and a training accuracy of 98.04%. 

Meanwhile, EfficientNet-B0 delivers the best validation performance with 84.35% at epoch 10, slightly 

outperforming DenseNet-121, while also maintaining a high training accuracy of 98.09% and offering 

faster training time. The confusion matrices indicate that EfficientNet-B0 has a stronger diagonal 

pattern, suggesting better generalization across classes compared to the other models. 

Despite these results, all models still exhibit misclassifications in certain classes, revealing an 

important research gap. An ensemble learning approach, which combines the strengths of the individual 

models, improves the validation accuracy to 86.75%, outperforming all standalone architectures. 

Additionally, Grad-CAM visualization highlights differing focus areas among the models where 

EfficientNet-B0 covers the widest yet most relevant region emphasizing the role of Explainable AI 

(XAI) in improving model interpretability and strengthening classification reliability. Table 6 presents 

a comparison of the model training results in the cassava disease detection study: 
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Table 6. Research Comparison 

Authors Model Dataset Augmentation Accuracy 

Kiruthika et al.  

Ensemble 

(InceptionV3+DenseNet

-BC-121-32+Xception) 

Kaggle cassava 

disease dataset 
Conventional 

88.83% 

(Test Data) 

Lilhore et al. 
Enhanced Convolutional 

Neural Network 

Kaggle cassava 

disease dataset 
Conventional 

89,75% 

(Test Data) 

Zhong et al. T-RNet + FAMP 
Kaggle cassava 

disease dataset 
Conventional 91.12 % 

Liu et al. 

multi-scale fusion model 

based on EfficientNet 

and attention 

mechanism 

Kaggle cassava 

disease dataset 
Conventional 

88.1% 

(Test Data) 

Kalyani et al. EfficientNet 
Kaggle cassava 

disease dataset 

Conventional: 

(CLAHE) 
89% 

Our works 

Ensamble learning 

(ResNet50+DenseNet12

1+EfficientNet-B0) 

Kaggle cassava 

disease dataset 
Albumentation 

86.75% 

(Val Data) 

 

Compared to previous studies, the performance of the proposed method is still below some 

previous works that use advanced architectures. In the Hybrid ensemble - deep transfer model for early 

cassava leaf disease classification, 88.83% accuracy was obtained using the InceptionV3, DenseNet-

BC-121-32, and Xception ensembles [19]. [20] conducted the Enhanced Convolutional Neural Network 

Model for Cassava Leaf Disease Identification and Classification study achieved an accuracy of 89.75% 

with Enhanced CNN, then the Classification of Cassava Leaf Disease Based on a Non-Balanced Dataset 

using Transformer-Embedded ResNet study achieved an accuracy of 91.12% using T-RNet + FAMP 

[16]. in the study Research on Cassava Disease Classification Using the Multi-Scale Fusion Model 

Based on EfficientNet and Attention Mechanism reported an accuracy of 88.1% using EfficientNet and 

attention-based multi-scale fusion [33]. while research in Hyperparameter Optimization for Transfer 

Learning-based Disease Detection in Cassava Plants achieved an accuracy of 89% through 

hyperparameter optimization on EfficientNet [15]. Compared to these values, the ensemble approach 

proposed in this study yielded 86.75%, but with methodological advantages in the form of a balanced 

dataset, XAI integration, and a more comprehensive error analysis per class. In a scientific context, 

slightly lower performance is very likely to be influenced by the use of balanced datasets through 

augmentation—in contrast to some previous studies that trained models on original datasets that were 

unbalanced so that their accuracy values appeared nominally higher. 

Methodologically, this study also highlights the trade-off between the accuracy and 

interpretability of the model. Models with complex architectures such as T-RNet or CNN are very deep 

tend to produce higher accuracy, but provide less transparency in decision-making. In contrast, the 

integration of Grad-CAM in this study offered a much better level of interpretability, although it slightly 

lowered the accuracy of the model. This trade-off is important in the context of agricultural informatics, 

as the explainable model has direct implications for user trust, field validation processes, and adoption 

of technology by farmers or practitioners. 

The study also conveyed some technical limitations, such as the persistence of misclassification 

in certain minority classes and the fact that the ensemble method used has not been able to surpass the 

performance of advanced models in the literature. For further research, it is recommended to explore 

more robust technical approaches, such as a CNN-Transformer hybrid architecture that can take 

advantage of the advantages of simultaneous local and global feature extraction, the use of multimodal 
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data (e.g. image integration + agronomic metadata), as well as the application of advanced attention 

mechanisms to improve model sensitivity to complex disease patterns. In addition, layer-wise relevance 

propagation or occlusion sensitivity based XAI analysis can be developed to produce more in-depth 

interpretations. 

Overall, this study makes an important contribution to the fields of Explainable AI, computer 

vision, and agricultural informatics, demonstrating how ensemble techniques combined with adaptive 

augmentation and model interpretability can result in a more reliable, balanced, and explainable 

classification system. This approach is not only beneficial from an academic perspective, but also has 

practical value in supporting the adoption of artificial intelligence on real-world plant health monitoring 

systems. 

5. CONCLUSION 

This study evaluated the performance of three deep learning architectures ResNet50, 

DenseNet121, and EfficientNet-B0 on cassava leaf disease classification tasks with a crowdsourced 

dataset from Kaggle. The results of the experiment showed that EfficientNet-B0 was the single model 

with the best performance, achieving a validation accuracy of 84.35%, while the application of 

optimization strategies in the form of transfer learning, adaptive augmentation, and ensemble learning 

succeeded in further increasing the accuracy to 86.75%. The adaptive augmentation approach has proven 

effective in addressing class imbalances, resulting in a more representative distribution of training data 

for the entire class and improving model generalization. 

This research contributes scientifically to developing an explainable ensemble learning approach 

to agricultural informatics, in particular through the integration of probability averaging and Grad-CAM 

visualization that allows for a more transparent interpretation of model decisions. This contribution is 

important to increase user confidence and support the application of artificial intelligence in the 

monitoring of plant health in the field. In addition, the use of a pre-trained model keeps this method 

efficient and can be implemented without requiring high hardware specifications, thus expanding its 

adoption potential. 

Although it provided competitive results, the study had some limitations. First, crowdsourced 

datasets have variations in image quality that cannot be fully controlled, which can affect model 

consistency. Second, the model's accuracy is still slightly below some recent studies that use more 

complex architectures such as T-RNet or multi-scale fusion, although these studies offer greater 

transparency and performance equity between classes. Third, the ensemble method used is still limited 

to probability averaging techniques and has not explored more sophisticated decision incorporation 

methods. 

For further research, several development directions are suggested. First, exploration of 

multimodal datasets that combine imagery with agronomic metadata (e.g. plant age or environmental 

conditions) has the potential to improve model accuracy. Second, the development of a CNN–

Transformer-based hybrid architecture can be leveraged to more effectively combine the power of local 

and global feature extraction. Third, the integration of advanced attention mechanisms as well as 

additional explainable AI methods such as layer-wise relevance propagation can provide more 

comprehensive interpretability. These approaches are expected to improve performance, transparency, 

and readiness of technology to be applied in the smart agriculture ecosystem. 
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    y ^ =  arg ⁡  m a x  (  1  N     ∑  i = 1  N    f  i  ( x ) )


      f  i  ( x )


    y ^


  A c c u r a c y =       ∑  j = 1  M 1    (     y ^  j =     y  j )  M


    y  j


   (     y ^  j =     y  j )


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  F 1 − S c o r e = 2   ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l


  C o m f u s i o n   M a t r i x =  [   T P    F N   F P  T N ]


  C I = p ± 1 . 96    p ( 1 − p )  N

