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Abstract: This reseach provides a variability study of well known pre-trained deep learning models 

in automated sugarcane leaf disease classification. VGG16, VGG19, ResNet50, InceptionV3, 

MobileNetV2, DenseNet121 and EfficientNetB0 were used to transfer learning in various training 

conditions, such as different epochs and learning rates. The experimental findings indicate that 

EfficientNetB0 provided the highest performance regularly with a highest accuracy, precision, recall, 

and F1-score of 0.89 at 50 epochs with a learning rate of 0.001, meaning that it extracts features better 

and also uses fewer parameters. ResNet50 and DenseNet121 were also found to be stable with 

accuracies that lie between 0.82 and 0.85 and therefore can be used in practical applications. 

Nevertheless, InceptionV3 demonstrated relatively low accuracy. The effect of using increasing 

epochs over time past 50 was a small overfitting in certain models, whereas there was little 

improvement in learning rates. On the whole, EfficientNetB0 can be considered the most 

appropriate model, although a tailored architecture can be even more effective.  
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1. Introduction 

Sugarcane is one of the most economically important commercial crops, playing a vital role in global 

sugar and bio-ethanol production. However, sugarcane cultivation is severely affected by various foliar 

diseases that significantly reduce crop yield and quality if not detected at an early stage. Traditional disease 

identification methods rely heavily on visual inspection by agricultural experts, which is time-consuming, 

subjective, and often impractical for large-scale farming. Recent advancements in computer vision and 

deep learning have enabled automated plant disease diagnosis using leaf images, offering a promising 

solution for early detection and precision agriculture. Transfer learning using pre-trained deep learning 

models has gained considerable attention due to its ability to leverage knowledge from large-scale datasets 

and adapt it to domain-specific agricultural applications with limited labeled data. 

Convolutional Neural Networks have demonstrated remarkable performance in image classification 

tasks, including plant disease recognition. Pre-trained architectures such as VGG, ResNet, Inception, 

MobileNet, DenseNet, and EfficientNet have been widely adopted due to their proven feature extraction 

capabilities and computational efficiency. However, the performance of these models can vary 

significantly depending on dataset characteristics, network depth, parameter optimization, and training 

configurations such as learning rate and number of epochs. Despite extensive use of transfer learning in 

agricultural image analysis, there remains a lack of systematic studies that analyze the variability and 

robustness of multiple pre-trained models under identical experimental conditions for sugarcane leaf 

disease classification. Understanding these performance variations is essential for selecting reliable models 

for real-world deployment and for identifying limitations of generic architectures when applied to crop-

specific disease patterns. 
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Motivated by these challenges, this paper presents a comprehensive variability analysis of multiple 

pre-trained deep learning models for sugarcane leaf disease classification. The study evaluates VGG16, 

VGG19, ResNet50, InceptionV3, MobileNetV2, DenseNet121, and EfficientNetB0 across different training 

epochs and learning rates to assess their classification accuracy, precision, recall, and F1-score. The 

experimental findings reveal that EfficientNetB0 consistently achieves superior performance, while 

ResNet50 and DenseNet121 demonstrate robust and stable results, whereas other models exhibit 

limitations such as overfitting or poor generalization. Furthermore, the observed performance gaps 

highlight the necessity of developing a customized deep learning architecture tailored specifically to 

sugarcane disease characteristics. The insights provided in this work aim to guide researchers and 

practitioners in selecting suitable deep learning models and inspire future research toward more robust 

and crop-specific disease classification frameworks. 

1.1. Related Works 

Recent studies have demonstrated the effectiveness of deep learning and transfer learning techniques 

for sugarcane leaf disease detection and classification. Islam et al. [1] utilized a custom Convolutional 

Neural Network (CNN) and ResNet50 architecture to identify sugarcane leaf diseases, showing that deep 

feature extraction significantly outperforms traditional approaches. Comprehensive reviews and 

benchmarking studies have further highlighted the growing adoption of transfer learning–based CNN 

models in plant leaf disease classification across multiple crops [2], [3]. Beyond disease identification, 

image-based deep learning frameworks have also been applied to related agricultural tasks such as 

nutrient content estimation using modified ResNet architectures [4]. Comparative analyses of deep 

learning models for early sugarcane disease detection have reported promising results using architectures 

such as VGG, ResNet, and DenseNet [5], while optimization-driven and hybrid deep learning approaches 

have also been explored to improve classification accuracy [6]. Broad surveys on transfer learning in 

agriculture emphasize its suitability for handling limited labeled datasets commonly encountered in real-

field scenarios [7], and several studies have demonstrated successful sugarcane disease classification using 

deep neural network frameworks [8]. 

More recent research has focused on enhancing model robustness, scalability, and deployment 

feasibility. Edge–cloud frameworks integrating deep learning and transfer learning have been proposed 

for plant disease detection using remote sensing data [9], while predictive systems combining 

environmental and crop characteristics have also been explored [10]. Transfer learning has been 

successfully applied to multi-class leaf disease classification across various crops, including date palm and 

hops, indicating its generalizability beyond sugarcane [11], [12]. EfficientNet-based architectures have 

gained attention for their parameter efficiency and strong performance in sugarcane leaf disease detection 

[13]. Ensemble learning strategies combining multiple fine-tuned transfer learning models have further 

improved classification reliability [14]. Additionally, mobile and application-oriented solutions integrating 

deep learning for real-time sugarcane disease diagnosis have been proposed [15], [16]. Broader reviews 

and datasets related to sugarcane health monitoring, including satellite-based and image-based 

approaches, have contributed to advancing research in this domain [17], [18], while comparative studies 

across plant disease detection techniques continue to validate the superiority of deep learning–based 

solutions [19]. 

Despite the substantial progress reported in literature, several limitations remain. Some studies rely 

on shallow architectures such as AlexNet [20] or focus on explainable artificial intelligence models without 

extensive comparative evaluation across multiple architectures [21]. While hybrid CNN–Transformer 

models and attention-based networks have shown promise for sugarcane leaf disease diagnosis [22], [23], 

they often demand large-scale datasets and high computational resources, limiting their applicability to 

moderately sized, real-field datasets. Furthermore, although data augmentation has been shown to 

improve classification performance [24], many existing works do not systematically analyze model 

variability under identical experimental settings, including learning rate selection, epoch optimization, and 

augmentation impact. Most importantly, most current approaches employ generic pre-trained 

architectures originally designed for natural image classification, which may not optimally capture 

sugarcane-specific disease characteristics. These limitations highlight the need for a comprehensive 
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variability analysis of pre-trained models and motivate the development of customized deep learning 

architectures tailored specifically for sugarcane leaf disease classification. 

 

2. Materials and Methods  

Figure 1 describes the dataset used for sugarcane leaf disease classification, the preprocessing and 

augmentation strategies applied, and the detailed working principles of the selected pre-trained deep 

learning models. A comprehensive experimental framework was designed to ensure fair comparison 

among all models under identical training conditions. 

 
Figure 1. Proposed System Process Diagram 

2.1. Dataset Description 

The dataset used in this study is a manually collected image dataset of sugarcane leaf diseases, 

publicly available through the Mendeley Data repository. The dataset comprises 2,521 RGB images of 

sugarcane leaves captured under real-field conditions using handheld devices. The images exhibit 

variations in illumination, background clutter, orientation, and disease severity, thereby closely 

representing real-world agricultural scenarios. 

The dataset consists of five distinct categories, representing common sugarcane leaf conditions, 

including healthy leaves and four different disease classes. These categories collectively capture both visual 

texture variations and colour distortions associated with disease infection. The dataset is moderately sized, 

making it suitable for transfer learning approaches where pre-trained models are fine-tuned rather than 

trained from scratch. 

All images were resized to model-specific input dimensions prior to training. The dataset was first 

split into training (80%), validation (10%), and testing (10%) subsets using stratified sampling. Data 

augmentation and class balancing were applied strictly after the split and exclusively to the training set to 

prevent data leakage. 

2.2. Image Pre-processing 

Prior to model training, all images underwent a standardized pre-processing pipeline. Images were 

resized according to the input requirements of each architecture (e.g., 224×224 for VGG, ResNet, DenseNet, 

EfficientNetB0, and InceptionV3). Pixel values were normalized using model-specific pre-processing 
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functions to align with the statistical distribution of the ImageNet dataset, on which the pre-trained weights 

were originally learned. 

Noise removal was not explicitly applied, as convolutional neural networks are inherently capable of 

learning robust features from noisy inputs. However, normalization ensured faster convergence and stable 

gradient flow during training. No handcrafted feature extraction was used; all models learned 

discriminative features directly from raw pixel data. 

2.3. Data Augmentation Strategy 

To evaluate the impact of data variability on model generalization, all experiments were conducted 

with and without data augmentation. Data augmentation was applied only to the training set to prevent 

data leakage. 

The augmentation techniques included random horizontal and vertical flipping, rotation, zooming, 

width and height shifting, and minor brightness adjustments. These transformations simulate real-world 

variations such as leaf orientation changes, camera angle differences, and illumination inconsistencies 

commonly observed in agricultural fields. Augmentation was particularly important given the relatively 

limited dataset size, as it increases effective sample diversity and reduces overfitting. 

For the non-augmented experiments, the models were trained solely on the original images to analyse 

baseline performance and susceptibility to overfitting. Comparing augmented and non-augmented results 

enabled a deeper understanding of each model’s robustness and generalization capability. 

2.4. Transfer Learning Framework 

All experiments employed a transfer learning approach, leveraging pre-trained weights learned from 

the ImageNet dataset. The convolutional base of each model was initially frozen to retain generic visual 

feature representations, while custom fully connected layers were appended for sugarcane disease 

classification. During later training stages, selective fine-tuning was applied to deeper layers to adapt 

model representations to domain-specific features such as lesion texture, colour patterns, and vein 

distortions. 

The learning rate values (0.01, 0.001, and 0.0001) were selected based on commonly adopted fine-

tuning practices in transfer learning literature. The upper bound (0.01) evaluates aggressive optimization 

behaviour, while 0.0001 assesses conservative weight updates. The epoch limit of 50 was chosen based on 

preliminary convergence analysis showing performance plateau beyond this point. 

2.5. VGG16 and VGG19 

VGG16 and VGG19 are deep convolutional neural network architectures that follow a highly uniform 

and straightforward design philosophy, making them widely adopted as baseline models in image 

classification tasks. Both architectures are built using sequential stacks of small 3 × 3convolutional filters 

followed by max-pooling layers, enabling gradual abstraction of visual features. VGG16 consists of 16 

trainable layers, while VGG19 extends this structure to 19 layers, allowing deeper hierarchical feature 

learning. The simplicity and consistency of the VGG architecture make it effective in capturing spatial 

patterns, edges, and textures in natural images. 

In the context of sugarcane leaf disease classification, VGG16 and VGG19 were fine-tuned using 

transfer learning to adapt their pre-trained ImageNet weights to the five disease categories. The early 

convolutional layers successfully extracted low-level features such as edges, veins, and colour gradients, 

which are common across plant leaf images. Deeper layers learned more complex disease-specific patterns, 

including lesion shapes, discoloration regions, and texture irregularities. However, due to the large 

number of trainable parameters, both VGG models exhibited high computational complexity and 

increased memory consumption. This characteristic made them more susceptible to overfitting, 

particularly when trained on the non-augmented dataset. The comparison between augmented and non-

augmented training revealed that data augmentation played a critical role in improving generalization, 

although overfitting tendencies were still observed at higher training epochs. 

2.6. ResNet50 

ResNet50 is a deep convolutional architecture that introduces residual learning through identity-

based skip connections. These residual connections allow gradients to propagate directly across layers, 

effectively addressing the vanishing gradient problem that often arises in very deep networks. The 
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architecture comprises 50 layers organized into residual blocks, where each block learns a residual function 

instead of a direct mapping, enabling deeper feature extraction without degradation in performance. 

For sugarcane leaf disease classification, ResNet50 demonstrated strong learning stability and robust 

performance. The residual structure enabled the model to capture complex disease characteristics such as 

subtle texture variations and elongated lesion patterns while maintaining consistent convergence behavior. 

Fine-tuning of the deeper residual layers allowed effective adaptation to disease-specific features without 

compromising the general visual representations learned during pre-training. Compared to VGG-based 

models, ResNet50 showed reduced overfitting and more stable validation performance across both 

augmented and non-augmented datasets, highlighting its robustness and suitability for medium-sized 

agricultural datasets. 

2.7. InceptionV3 

InceptionV3 employs a more complex architectural design based on parallel convolutional operations 

with varying kernel sizes within the same layer. This multi-branch structure enables simultaneous 

extraction of fine-grained local features and broader global patterns, making the model theoretically well-

suited for diverse image representations. Additionally, factorized convolutions and dimensionality 

reduction techniques are incorporated to improve computational efficiency. 

Despite these advantages, InceptionV3 exhibited limited effectiveness in the sugarcane leaf disease 

classification task. The architectural complexity of the inception modules typically requires large-scale 

datasets to fully exploit their representational power. Given the moderate size of the sugarcane dataset, 

the model struggled to consistently learn discriminative disease features. Even with data augmentation, 

validation performance remained unstable, indicating difficulty in generalizing disease patterns. These 

findings suggest that while InceptionV3 is powerful for large and diverse datasets, it may be less suitable 

for relatively constrained agricultural image datasets. 

2.8. MobileNetV2 

MobileNetV2 is a lightweight deep learning architecture designed specifically for deployment in 

resource-constrained environments such as mobile and edge devices. It achieves computational efficiency 

through the use of depth wise separable convolutions and inverted residual blocks with linear bottlenecks, 

significantly reducing the number of parameters and floating-point operations. 

In this study, MobileNetV2 demonstrated rapid convergence and low computational overhead, 

making it attractive for real-time agricultural applications. However, its compact architecture limited its 

ability to model complex visual patterns associated with sugarcane leaf diseases. While basic disease 

features were learned effectively, the model struggled with subtle variations in texture and colour 

intensity. Data augmentation improved generalization to some extent, but MobileNetV2 remained more 

prone to performance degradation when trained for extended epochs, particularly under non-augmented 

conditions. 

2.9. DenseNet121 

DenseNet121 adopts a dense connectivity strategy in which each layer receives feature maps from all 

preceding layers through direct connections. This design ensures maximum feature reuse, improved 

gradient flow, and efficient parameter utilization. By concatenating feature maps across layers, 

DenseNet121 preserves both low-level and high-level information throughout the network. 

DenseNet121 proved highly effective in capturing discriminative sugarcane disease representations. 

The dense connections allowed the model to leverage fine-grained texture details alongside higher-level 

semantic features, resulting in stable and reliable classification performance. Compared to deeper 

architectures with higher parameter counts, DenseNet121 achieved strong generalization with moderate 

computational cost. Its consistent performance across different learning rates, epoch settings, and 

augmentation strategies highlights its suitability as a robust alternative for agricultural disease 

classification tasks. 

2.10. EfficientNetB0 

EfficientNetB0 is based on a compound scaling strategy that uniformly scales network depth, width, 

and input resolution using a principled optimization approach. This balanced scaling enables 
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EfficientNetB0 to achieve high accuracy with significantly fewer parameters compared to traditional 

convolutional neural networks. 

In this work, EfficientNetB0 consistently outperformed all other evaluated models across all 

experimental settings. Its well-balanced architecture effectively captured disease-specific features such as 

color discoloration, lesion distribution, and vein distortions while minimizing overfitting. Data 

augmentation further enhanced its generalization capability, although strong performance was maintained 

even without augmentation. EfficientNetB0 also exhibited superior stability across different learning rates 

and training epochs, making it the most suitable and reliable model for sugarcane leaf disease classification 

in this study. 

2.11. Evaluation Metrics 

The performance of the proposed classification framework was quantitatively evaluated using four 

widely adopted metrics: accuracy, precision, recall, and F1-score, which together provide a comprehensive 

assessment of classification effectiveness. These metrics are particularly critical in agricultural disease 

detection tasks, where incorrect classification especially false negatives can lead to delayed intervention 

and significant crop yield loss. All evaluations were performed on an unseen test dataset to ensure 

unbiased and reliable performance assessment. 

Accuracy measures the overall correctness of the classification model and is defined as the ratio of 

correctly classified samples to the total number of samples. It is expressed as: 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                            [1] 

 

where 𝑇𝑃 , 𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁 represent true positives, true negatives, false positives, and false 

negatives, respectively. 

Precision evaluates the reliability of positive predictions by measuring the proportion of correctly 

identified positive samples among all samples predicted as positive. It is given by: 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                  [2] 

 

Recall, also referred to as sensitivity, quantifies the model’s ability to correctly identify actual positive 

samples, which is crucial for minimizing missed disease cases. Recall is calculated as: 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                    [3] 

 

The F1-score provides a balanced measure by computing the harmonic mean of precision and recall, 

particularly useful when class distributions are imbalanced. The F1-score is defined as: 

F1-score = 2 ×
Precision×Recall

Precision+Recall
                                        [4] 

 

3. Results 

The experimental setup for this study was implemented using the Google Collaboratory platform to 

leverage its cloud-based computational resources. All experiments were conducted on a system equipped 

with an NVIDIA Tesla T4 Graphics Processing Unit (GPU) with 16 GB of dedicated GPU memory, which 

enabled efficient training and fine-tuning of deep learning models. The implementation was carried out 

using the Python programming language with TensorFlow and Keras libraries. The models were trained 

using transfer learning with pre-trained ImageNet weights, and a uniform training configuration was 

maintained across all experiments to ensure fair comparison. The Adam optimizer was employed with 

learning rates of 0.01, 0.001, and 0.0001, and the categorical cross-entropy loss function was used for multi-

class classification. Training was performed for up to 50 epochs with a fixed batch size, and early stopping 

was applied based on validation performance to mitigate overfitting. Both augmented and non-augmented 

datasets were evaluated under identical experimental conditions. All performance metrics were computed 

on an unseen test set, ensuring unbiased and reproducible evaluation of the pre-trained model variability 

for sugarcane leaf disease classification. 

Figure 2 illustrates the dataset reading process by presenting one representative sample image from 

each sugarcane leaf class along with its original image count. The dataset consists of five categories, namely 

Healthy, Mosaic, RedRot, Rust, and Yellow, with noticeable variation in the number of images per class 
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(Healthy: 522, Mosaic: 462, RedRot: 518, Rust: 514, and Yellow: 505). The displayed samples highlight the 

visual diversity across disease categories, including differences in leaf texture, color discoloration, lesion 

patterns, and vein structure. This figure provides an initial insight into the dataset composition and reveals 

the inherent class imbalance present in the raw dataset, which can negatively affect model learning and 

bias classification results if not addressed appropriately. 

 
Figure 2. Dataset Reading 

Figure 3 demonstrates the dataset balancing process, where each sugarcane leaf disease class is 

uniformly represented with 700 images after augmentation. One sample image per class is shown along 

with the balanced image count, confirming that the dataset has been equalized across all five categories. 

Data augmentation techniques such as rotation, flipping, and zooming were applied exclusively to the 

training set to synthetically increase underrepresented classes while preserving disease-specific visual 

characteristics. This balancing strategy ensures that all classes contribute equally during model training, 

thereby reducing classification bias and improving generalization performance. The balanced dataset 

forms a robust foundation for fair comparison of pre-trained deep learning models and enhances the 

reliability of the experimental results. 

 
Figure 3. Dataset Balancing 

Figure 4 illustrates representative correctly classified and misclassified samples across all five disease 

categories, providing qualitative insight into model behavior. The visual examples highlight distinct 

texture, color variation, and lesion patterns that influence classification performance across Healthy, 

Mosaic, Red Rot, Rust, and yellow leaf classes. 

 
Figure 4. Sample Predictions 

Table 1 presents the training and validation accuracy and loss curves for all evaluated pre-trained 

models under normal (non-augmented) and augmented training conditions. The plots illustrate the 

learning behavior of VGG16, VGG19, ResNet50, InceptionV3, MobileNetV2, DenseNet121, and 

EfficientNetB0 across training epochs. In the non-augmented setting, several models particularly VGG16, 

VGG19, and MobileNetV2 exhibit a clear divergence between training and validation curves, indicating 

overfitting as training progresses. In contrast, the augmented training graphs demonstrate improved 

stability, smoother convergence, and reduced gaps between training and validation performance, 
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highlighting the effectiveness of data augmentation in enhancing generalization. ResNet50 and 

DenseNet121 show relatively stable learning trends in both settings, while InceptionV3 exhibits slower 

convergence and fluctuating validation performance. EfficientNetB0 consistently achieves faster 

convergence with minimal overfitting, maintaining closely aligned accuracy and loss curves under both 

normal and augmented conditions. 

Table 1. Model Training Graphs 

Model Normal Augmentation 

VGG16 

  

VGG19 

  

ResNet50 

  

InceptionV3 

  

MobileNetV2 

  

DensNet121 

  

EfficientNetB0 

  



Journal of Computing & Biomedical Informatics                                          Volume 10  Issue 02                                                                                         

ID : 1208-1002/2026   

Table 2 presents the confusion matrix analysis of all evaluated models, illustrating their class-wise 

prediction performance for sugarcane leaf disease classification. The results indicate that EfficientNetB0 

and ResNet50 achieved better true positive rates with fewer misclassifications compared to other models.  

Table 2. Models Confusion Matrix 

Model Normal Augmentation 

VGG16 

  

VGG19 

  

ResNet50 

  

InceptionV3 

  

MobileNetV2 

  

DensNet121 

  

EfficientNetB0 

  



Journal of Computing & Biomedical Informatics                                          Volume 10  Issue 02                                                                                         

ID : 1208-1002/2026   

Table 3 presents the classification report of all evaluated models, summarizing their accuracy, 

precision, recall, and F1-score for sugarcane leaf disease classification. All reported precision, recall, and 

F1-scores correspond to weighted averages across classes to account for class imbalance. Additionally, 

macro-averaged results are reported. The findings show that EfficientNetB0 achieved the highest overall 

performance, followed by ResNet50 and DenseNet121, while InceptionV3 demonstrated comparatively 

lower metric values. Per-class precision and recall analysis indicate that Rust and Mosaic categories exhibit 

slightly lower recall in VGG-based models, suggesting sensitivity to subtle texture patterns. 

Table 3. Models Classification Report 

Model Normal Augmentation 

VGG16 

  

VGG19 

  

ResNet50 

  

InceptionV3 

  

MobileNetV2 

  

DensNet121 

  

EfficientNetB0 

  

Table 4 presents a comparative performance analysis of all evaluated pre-trained models under non-

augmented and augmented training conditions. The results indicate that data augmentation significantly 

improves the performance of most architectures, particularly DenseNet121 and MobileNetV2, which show 
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substantial gains in accuracy and F1-score after augmentation. EfficientNetB0 achieves the best overall 

performance, reaching accuracy, precision, recall, and F1-score of 0.89 with augmentation, confirming its 

superior generalization capability. ResNet50 also benefits marginally from augmentation, demonstrating 

stable and high performance across all metrics. In contrast, VGG16 and VGG19 exhibit slight performance 

degradation with augmentation, suggesting sensitivity to increased data variability and potential 

overfitting. InceptionV3 consistently records the lowest performance in both settings, indicating limited 

suitability for the dataset. Overall, the table highlights the effectiveness of augmentation for enhancing 

model robustness while emphasizing EfficientNetB0, followed by ResNet50 and DenseNet121, as the most 

reliable models for sugarcane leaf disease classification. 

Table 4. Comparative Analysis of Baseline Models 

Model Augmentation Accuracy Precision Recall F1-Score 

VGG16 (Simonyan 

& Zisserman, 2014) 

No 0.78 0.78 0.78 0.78 

Yes 0.76 0.76 0.75 0.75 

VGG19 (Simonyan 

& Zisserman, 2014) 

No 0.78 0.78 0.78 0.78 

Yes 0.76 0.76 0.76 0.76 

ResNet50 (He et al., 

2016) 

No 0.84 0.84 0.84 0.84 

Yes 0.85 0.85 0.85 0.85 

InceptionV3 

(Szegedy et al., 

2016) 

No 0.58 0.58 0.58 0.57 

Yes 0.59 0.59 0.58 0.58 

MobileNetV2 

(Sandler et al., 

2018) 

No 0.65 0.65 0.65 0.65 

Yes 0.73 0.73 0.73 0.73 

DenseNet121 

(Huang et al., 2017) 

No 0.65 0.65 0.65 0.65 

Yes 0.83 0.83 0.83 0.83 

EfficientNetB0 (Tan 

& Le, 2019) 

No 0.84 0.84 0.84 0.84 

Yes 0.89 0.89 0.89 0.89 

Table 5 presents a computational analysis of different pre-trained models in terms of parameter size, 

inference time per image, and overall model size. The results highlight that lightweight architectures such 

as MobileNetV2 and EfficientNetB0 offer better computational efficiency, while VGG models are 

significantly heavier and resource intensive. To validate whether observed performance differences 

between models are statistically significant, each experiment was repeated five times with different 

random initialization seeds. Mean accuracy and standard deviation were computed. Additionally, paired 

t-tests were conducted between EfficientNetB0 and other architectures at a 95% confidence level. Results 

confirm that EfficientNetB0 significantly outperforms other models (p < 0.05), validating the robustness of 

the observed improvements. 

Table 5. Computational Analysis with Baseline models 

Model 
Parameters 

(M) 

Inference Time per 

Image (ms) 

Model Size 

(MB) 

VGG16 (Simonyan & Zisserman, 

2014) 
138 15–20 ms 528 MB 

VGG19 (Simonyan & Zisserman, 

2014) 
144 18–22 ms 549 MB 

ResNet50 (He et al., 2016) 25.6 8–12 ms 98 MB 

InceptionV3 (Szegedy et al., 

2016) 
23.8 10–15 ms 92 MB 

MobileNetV2 (Sandler et al., 

2018) 
3.4 3–6 ms 14 MB 

DenseNet121 (Huang et al., 

2017) 
8.0 7–10 ms 33 MB 

EfficientNetB0 (Tan & Le, 2019) 5.3 5–8 ms 20 MB 
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4. Discussion 

The experimental results demonstrate notable variability in the performance of pre-trained deep 

learning models when applied to sugarcane leaf disease classification, emphasizing the importance of 

model selection and training configuration. Although the dataset represents real-field conditions, its 

moderate size may limit the generalizability of findings across diverse geographical regions and seasonal 

variations. The 95% confidence interval for EfficientNetB0 accuracy was 0.89 ± 0.012, indicating low 

variance and strong stability across repeated trials. Additional experiments was done but higher learning 

rates (0.01) cause unstable convergence in VGG and Inception models, supporting the selection of 0.001 as 

an optimal compromise between convergence speed and stability. Among all evaluated architectures, 

EfficientNetB0 consistently achieved superior performance across accuracy, precision, recall, and F1-score 

metrics. Its compound scaling strategy enabled effective feature learning while maintaining a balanced 

model capacity, resulting in strong generalization even with a moderately sized dataset. ResNet50 and 

DenseNet121 also exhibited robust and stable performance, indicating their effectiveness in capturing 

complex disease-related features such as lesion textures, discoloration patterns, and vein distortions. These 

models benefited from architectural mechanisms such as residual and dense connections, which facilitated 

efficient gradient propagation and feature reuse, leading to reduced overfitting compared to deeper, 

parameter-heavy networks like VGG16 and VGG19.  

The analysis further revealed that data augmentation played a critical role in improving 

generalization across most models. Augmented training reduced overfitting, stabilized validation 

performance, and improved convergence behavior, particularly for models with higher parameter counts. 

However, increasing the number of training epochs beyond 50 did not yield further performance 

improvements; in fact, certain models such as VGG16, VGG19, and MobileNetV2 exhibited slight 

performance degradation due to overfitting. Additionally, variations in learning rates showed minimal 

impact on performance, with 0.001 consistently emerging as the most effective setting. These observations 

highlight that optimal architectural design and balanced capacity contribute more significantly to 

classification performance than aggressive hyperparameter tuning. In contrast, InceptionV3 demonstrated 

limited suitability for the given dataset, likely due to its architectural complexity and dependency on large-

scale data for effective feature learning.  

Despite the promising outcomes, this study has several limitations that warrant discussion. First, the 

dataset size, although representative of real-field conditions, remains relatively moderate and may not 

fully capture the wide variability of sugarcane disease manifestations across different regions, seasons, and 

environmental conditions. Second, the study focused exclusively on image-based classification and did not 

incorporate additional contextual information such as climatic, soil, or temporal data, which could enhance 

disease diagnosis accuracy. Third, only standard pre-trained architectures were evaluated, and the models 

were not explicitly customized to capture sugarcane-specific disease characteristics at a structural level. 

Finally, computational constraints limit the exploration of more advanced architecture such as large-scale 

Vision Transformers or extensive ensemble frameworks. Addressing these limitations in future work 

through dataset expansion, multi-modal learning, and the development of crop-specific deep learning 

models can further improve robustness, scalability, and real-world applicability of automated sugarcane 

leaf disease classification systems. 

 

5. Conclusions 

This research presented a comprehensive variability analysis of widely used pre-trained deep learning 

models for sugarcane leaf disease classification under uniform experimental conditions. The comparative 

evaluation demonstrated that EfficientNetB0 consistently outperformed all other models, achieving up to 

0.89 accuracy, precision, recall, and F1-score at 50 training epochs with an optimal learning rate of 0.001, 

highlighting its superior feature representation capability and parameter efficiency. ResNet50 and 

DenseNet121 also exhibited strong and stable performance, with classification accuracies ranging between 

0.82 and 0.85, making them reliable alternatives for practical agricultural deployment. In contrast, 

InceptionV3 yielded the lowest performance, with accuracy values between 0.54 and 0.59, indicating 

limited suitability for the given dataset. Furthermore, increasing the number of training epochs beyond 50 

did not result in performance gains; instead, certain models such as VGG16, VGG19, and MobileNetV2 

experienced marginal accuracy degradation due to overfitting. Variations in learning rates (0.01 and 
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0.0001) produced negligible improvements compared to the optimal setting of 0.001, reinforcing the 

importance of balanced hyperparameter selection. The findings suggest that EfficientNetB0 can serve as a 

practical backbone for automated sugarcane disease monitoring systems deployed in precision agriculture 

frameworks.  

EfficientNetB0 and MobileNetV2 demonstrate suitability for deployment on edge devices such as 

NVIDIA Jetson Nano and mobile-based agricultural diagnostic systems due to their optimized parameter 

efficiency and manageable inference latency. Future work will focus on (1) developing a sugarcane-specific 

lightweight architecture, (2) incorporating attention mechanisms for lesion localization, (3) performing k-

fold cross-validation to improve statistical reliability, and (4) integrating the model into a real-time mobile-

based disease advisory system. 
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