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ABSTRACT 

It is very important in agriculture to detect plant diseases and develop recovery solutions to produce more crops 

and improve efficiency. Enhancements in automated disease detection and analysis can offer significant 

advantages for taking prompt action, enabling interventions at earlier stages to treat the disease and prevent its 

spread. This proactive approach could help minimize damage to crop yields. This research aims to improve 

classification performance for apple leaf disease detection using transfer learning approaches. It discriminates 

sick apple plants from healthy counterparts by implementing image processing with apple leaf photographs. 

This study applies traditional machine learning methods for the apple plant disease detection task, and the 

classification achievement scores are maximized with transfer learning techniques. The experiments are 

conducted on a real-world data set including 3164 apple leaf images. Five classical machine learning classifiers 

(Support Vector Machine, Decision Tree, Random Forest, Logistic Regression, and Naïve Bayes) were 

compared against five deep transfer learning architectures (ResNet50, EfficientNetB0, InceptionV3, 

DenseNet121, and Xception) under stratified 10-fold cross-validation.  As a result, those experiments reveal 

that transfer learning methods, especially EfficientNetB0, have significantly improved classification accuracy 

for this task.  
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1. Introduction 

The condition of a plant can often be assessed by observing the appearance of its leaves [1]. Different harmful infections can 

be observed over time as the leaf's natural shape becomes distorted, displaying unusual and abnormal structures [2]. Apple 

Leaf Disease (ALD) can contribute to yield losses, decrease the quality of apples, and reduce the efficiency of the 

photosynthesis process. The primary and common symptoms of ALD, such as wilting, discoloration, lesions, and spotting, 

can be quickly identified through visual inspection [3]. Visual inspection poses a challenge in vast apple orchards because of 

the extensive area that must be surveyed.  This constraint can be mitigated by employing drones outfitted with cameras and 
visual sensors, facilitating effective image acquisition and surveillance across the orchard.  Alternative methods, including 

field surveys [4], image-sharing websites, and pre-existing datasets [5], can be employed to gather photographs of apple 

leaves for analysis.  Nonetheless, other issues emerge after the collection of these photos.  Factors such as insufficient lighting, 

inconsistent illumination, irregular leaf orientation, overlap, and impediments during the capture process hinder the proper 

diagnosis of ALD [6]. 

Agricultural disease diagnosis on large plantations is still a manpower- and expertise-intensive operation and frequently 

limited by the availability and expertise of people for inspections [7]. A range of intelligent diagnosis systems has been 

introduced in response, with encouraging results in numerous controlled conditions [8]. A few of these systems are even 

meant to assist the farmers through mobile interfaces without requiring agronomic-support level expertise or expert-level 

training [9], [10]. 

Of all the above methods, the predictive model methods—particularly the artificial intelligence-oriented methods—have been 

quite accurate in detecting diseases such as ALD [11]. However, despite their success, these models are often computationally 

intensive, which limits their scalability and real-time field deployment [12]. These approaches can forecast the disease with 

high precision due to the use of advanced predictive algorithms. However, a key limitation is their intensive computational 

demand, which limits their practicality in real-world deployment [13]-[14]. This study analyzes the existing methods' 

strengths and weaknesses, identifying opportunities to develop more computationally efficient and cost-effective solutions 

suitable for broader applications. 

The main contributions of this article are as follows: i) the study visualizes class distributions, uses alluvial diagrams to detect 

potential class overlaps. ii) It utilizes transfer learning models like ResNet, Inception, EfficientNet, DenseNet, and Exception 
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to classify leaves affected by scab, rust, multiple diseases, and healthy conditions. They apply stratified 10-fold cross-

validation to address class imbalance in the dataset, leading to improved model performance. The model achieved notable 

precision and overall accuracy (99.93%).   

The organization of the article is planned as follows. Section 2 mentions related research studies about apple plant leaf disease 

detection. Section 3 provides information about the conventional machine learning (ML) classification methods and transfer 

learning concepts. In addition, it provides detailed information about the EfficientNet method. The results of experimental 

studies are presented in Section 4. This section demonstrates the comparison among distinct classification techniques. 

Eventually, Section 5 concludes the research study and proposes possible future studies. 

2. Related Work 

With the growing threat of plant diseases to global food security, early and accurate detection has become a research priority 

in precision agriculture [15], [16]. Recent advances in artificial intelligence have enabled the development of automated 

systems that analyze large-scale leaf image datasets to diagnose plant health accurately [17], [18]. Such AI-based solutions 

support early intervention and disease management and contribute to long-term sustainability in agricultural practices by 

reducing unnecessary crop losses [19]. 

The leaf is a primary indicator of an apple plant's health [20]. With advances in various image-capturing technologies, 

obtaining leaf images is now relatively straightforward [21]. Analyzing these images can provide valuable insights into factors 

such as tree health, fruit quality, potential yield reduction, disease spread, management costs, and the overall environmental 

impact of diseases like ALD. Diseases, including circular spots and twisted leaf shapes, are early signs of health deterioration 

[22]. Advanced indicators of ALD include scabs and lesions, visible in various forms, which help diagnose the disease and 

facilitate early intervention for effective disease management [23]. 

Major advances in ML technology have enabled numerous architectures and capabilities for automated systems to rapidly 

and accurately detect plant diseases [24]. These systems can use computer learning to analyze and interpret plant photographs 

to facilitate early detection, disease management, and reduce crop loss. In [25], a study combining deep learning (DL) and 

machine learning tools was conducted to detect and demonstrate ALD. The study uses a predictive representation model 
based on a traditional Kaggle dataset. The study omits the procedural steps of image acquisition, preprocessing, and feature 

extraction required to enrich the input dataset. Instead, it focuses on model training and refinement, explaining ALD detection 

using machine learning and deep learning methods. 

Experts have come up with several ways to find plant diseases that use image processing, machine learning, and machine 

learning [16]-[26]-[27]. Image processing methods make it easier to get important visual features from leaf images, like 

texture, color, and shape, which show that the plant is sick [28–29].  Then, machine learning and machine learning models 

look at these features to figure out what kind of plant disease they are or to guess what kind of plant disease they are.  Experts 

can better control disease in agriculture by using these methods to determine what's wrong with plants. 

Studies on transfer learning in detecting apple leaf disease have achieved high accuracy rates using different deep learning 

architectures and popular datasets such as Kaggle and PlantVillage. For example, an Inception-based model achieved a 

validation accuracy of 99.03% on the Kaggle dataset [30]. In a study comparing eight different pre-trained CNN architectures, 

MobileNet stood out with the highest accuracy value of 97%, despite its lighter structure [31]. [32] The ResNet50v2-based 

TransferNet model was adapted to real-world challenges under varying lighting conditions, reporting 91.63% accuracy and 

91.03% F1 score. A report indicated that AlexNet achieved 99.56% accuracy on the PlantVillage dataset [33]; similarly, 

another study combining the EfficientNetV2S architecture with data augmentation techniques achieved a success rate of 

99.21% [34]. These models provide important application insights regarding generalizability and real-time deployment while 

balancing model complexity and computational efficiency [35]. These findings highlight that transfer learning has strong 

potential for apple leaf disease detection regarding accuracy and efficiency; however, further optimization is needed regarding 

architectural complexity–performance balance and real-time applications. 

Recent studies (such as [36-38]) have shown the use of DL algorithms to improve the predictive accuracy in identifying plant 

diseases. Due to their ability to learn complex patterns and features in large datasets, DL algorithms have outperformed 

traditional machine learning methods. In addition, segmentation techniques for ALD detection aim to separate the foreground 

(e.g., infected leaf areas) from the background more effectively. For example, [39] addressed segmentation, introducing 

semantic segmentation to facilitate a comprehensive analysis of infected areas and accurately distinguish and extract lesion 

features. Their work collected data from different spatial scales using a network model with a spatial pyramid pooling layer. 

This layer recognizes the model's complex features and improves the segmentation's accuracy. This method, leveraging 

transfer learning, successfully improved ALD detection, highlighting the effectiveness of advanced segmentation. This 

method, leveraging transfer learning, successfully improved ALD detection, highlighting the importance of segmentation in 

improving ALD detection. Generalizability issues and class imbalance are persistent problems in the literature. DL models 

work well for controlled datasets but may have problems when applied to other species or environmental conditions [40]. 

ML and DL algorithms for classifying plant leaf diseases cover a variety of crops and locations. Several studies have been 

applied to various plant species, including tomato, apple [41], rice [42], pepper [43], lemon [44], olive [45], cherry [46], 
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apricot [47], strawberry, and peach [48]. This study prioritizes identifying ALDs, given the widespread cultivation and 

economic importance of apples globally, the scale of crop production, and its important role in international agriculture. 

3. Materials and Methods 

3.1 Dataset Description 

Battal's Leaf Disease Images dataset, created in 2024, is a valuable resource for plant pathology and agricultural research. 

Containing over 7,000 photographs of healthy and diseased leaves from two plant species, this dataset can be used to train 

machine learning models to identify plant diseases. This dataset is an important tool for developing and testing artificial 

intelligence algorithms. It provides a large, standardized collection of annotated plant images that allows researchers to build 

and validate effective predictive models for various plant diseases and conditions. The dataset comprises labeled photographs 

of apples and grapes and is highly diverse. This dataset allows researchers to train models on diseased and healthy plants to 

improve classification accuracy for disease detection. This cross-species label diversity is useful in computer vision, machine 

learning, and other applications, enabling the development of robust and adaptable plant disease diagnostic systems.  

In this research, only the images of apple leaves are used from this dataset. It includes 3164 images of apple leaves with four 

different class labels: healthy, black rot, rust, and scab. Black rot, rust, and scab categories represent diseases, while healthy 

images express the absence of disease in apple leaves. Figure 1 shows sample apple leaf images from those different groups.  

The input data consists of 256×256×3 RGB images labeled into four classes (healthy, black rot, rust, scab). Leaf images 

labeled as black rot, rust, and scab are marked as diseased, which makes the data suitable for a binary classification problem. 

For classical ML models, each image is flattened into a 196,608‑dimensional feature vector (256 × 256 × 3). Transfer learning 

architectures receive the normalized RGB images directly as input, without manual feature extraction.  

             
(a)                                                                        (b) 

            
(b)                                                                        (d) 

Figure 1. Sample images of apple leaves with different categories (a) for black rot, (b) for healthy, (c) for rust, and (d) for 

scab. 

A preprocessing step involving resizing and rescaling operations is crucial to classify images effectively. These steps 

maximize the algorithm's ability to capture key characteristics of plant diseases while minimizing errors. 
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Resizing: Input images are resized to 256x256 pixels for uniformity and efficiency. This standardization simplifies 

computational overhead and aligns the dataset so the model can process it consistently. 

Rescaling: After resizing, rescaling is applied by dividing the value of each pixel by 255. This process normalizes the pixel 

values, converting them from a range of 0-255 to a range of 0-1. Normalization preserves the distribution of values, ensuring 

the preservation of key features in the image and enhancing the model's ability to learn effectively. 

This preprocessing step improves the overall accuracy and reliability of the classification task by preparing images as input 

for ML or DL models. Information regarding the overall data distribution by category is provided in Table 1, Table 2, Figure 

2, and Figure 3. The numbers indicate the number of samples from each class label. 

Table 1. Data Distribution for All Classes in Apple Plant Leaf Dataset 

 

Classes of Data 

# of 

instances % 

Apple_Black_rot 620 19.2 

Apple_healthy 1640 50.7 

Apple_rust 275 8.5 

Apple_scab 629 19.5 

Total 3164 100 

 
Table 2. Data Distribution for All Classes in Apple Plant Leaf Dataset 

 

Classes of Data 

# of 

instances % 

Healthy Apple 1640 50,7 

Sick Apple 1524 49,3 

Total 3164 100 

 

 
Figure 2. Pie Chart Showing Apple Data Distribution with All Classes 

3.2 Transfer Learning   

Artificial Neural Networks (ANNs) are loosely inspired by the structure and functioning of neural networks in the mammalian 

brain [49]. These networks consist of multiple layers of interconnected nodes, or neurons, that utilize activation functions to 

process information [50]. Data enters the system through the input layer, which transmits to subsequent layers. The layers 

transform the data using weighted connections, enabling the network to learn patterns and relationships. Finally, the processed 

information is delivered to the output layer, providing the desired results. 

Convolutional Neural Networks (CNNs) are a specialized feed-forward neural network designed to process structured data, 
such as images, by leveraging convolutional operations to extract meaningful features [51]. The development of CNNs owes 

much to LeNet-5, a seven-layer convolutional network incorporating backpropagation and adaptive weight mechanisms to 

optimize parameters. Most modern CNN architectures build upon the foundational principles established by LeNet-5. 
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Figure 3. Pie Chart Showing Apple Data Distribution with Only Healthy and Diseased Leaves 

 

The key advantages of CNNs can be described as follows [52]: CNNs establish connections in a localized manner, where 

each neuron interacts only with a small region of the input, rather than the entire preceding layer. This approach minimizes 

the number of parameters, improving efficiency and faster training. 

These advantages make CNNs particularly effective for image recognition, object detection, and pattern analysis tasks. 

 

Figure 4. Visual Representation of a Common CNN Architecture 

The convolution process applies a matrix, known as a feature detector or kernel, to the input data. This matrix contains 

predefined values that interact with the input to extract meaningful features. Adjusting the values in the feature detector 

generates different transformed versions of the input image, enabling the extraction of diverse features. We use standard 

convolutional layers with a stride of 1 and ‘same’ padding to preserve spatial dimensions [52] as demonstrated in Figure 5.  

 

Figure 5. Padding in CNN  

Transfer learning is a powerful concept in DL that leverages knowledge gained from one task (the "source task") to improve 

learning performance or reduce training time for a different but related task (the "target task"). In traditional ML, models are 

trained from scratch for each new task, which can be resource-intensive, especially for tasks requiring large datasets and 

complex architectures [53]. Transfer learning, however, allows for transferring learned patterns, representations, and weights 

from one model to another, significantly improving efficiency. The working principle of transfer learning is summarized step 

by step as follows:  
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Pre-trained Model as the Source: Transfer learning begins with a pre-trained model trained on a large, generic dataset such 

as ImageNet, which contains millions of labeled images across various classes [54]. 

Feature Extraction: The lower layers of neural networks, which generally capture basic, generic features like edges and 

textures, are often retained from the pre-trained model. These layers hold fundamental knowledge that is useful across tasks. 

Fine-Tuning: The higher layers responsible for learning task-specific features are either retrained or replaced entirely to adapt 

the model to the target task. Fine-tuning can involve [55]. 

Freezing Layers: In scenarios where computational efficiency is prioritized, some layers are "frozen," meaning their weights 

are not updated during training, reducing computation time and data requirements. 

Full Model Tuning: Alternatively, all layers may be adjusted on the new dataset, but with a lower learning rate to preserve 

the foundational knowledge while refining specifics. 

Domain Adaptation: Some approaches to transfer learning also incorporate domain adaptation, a process that adjusts model 

features to account for differences between the source and target domains (e.g., a model trained on daytime images being 

adapted to nighttime images). 

3.3 Experimented Transfer Learning Methods 

All experiments were conducted on a workstation running Microsoft Windows 11 Pro with an Intel® Core™ i5‑11400H 

CPU (2.70 GHz, 6 cores), 16 GB RAM, and an NVIDIA® GeForce RTX 3060 GPU (6 GB VRAM). The models were 

implemented in Python 3.8, using TensorFlow 2.11, Keras 2.11 for transfer learning architectures, and Scikit‑learn 1.1.0 for 

classical classifiers. 

Input images (256 × 256 × 3 RGB) were normalized and fed directly into the convolutional base of each pre‑trained network 
without manual feature extraction. We fine‑tuned five architectures, which are ResNet50, EfficientNetB0, InceptionV3, 

DenseNet121, and Xception, by replacing their top classification layers with a global average pooling layer followed by a 

dense layer of four neurons (softmax activation) corresponding to our classes (healthy, black rot, rust, scab). 

Each transfer learning model was trained for 30 epochs with a batch size 32, using the Adam optimizer (learning rate = 1e‑4) 

and categorical cross‑entropy loss. Training requires approximately 3 hours per model. For comparison, the five classical ML 

models (SVM, Decision Tree, Random Forest, Logistic Regression, Naïve Bayes) were trained on flattened image vectors 

(196,608 features) using default hyperparameters and completed in under 20 minutes each. This clear distinction between 

input representations highlights the efficiency gains of transfer learning in processing raw image data without manual feature 

engineering. 

3.3.1 ResNET 

As neural networks deepen, challenges like the vanishing gradient problem are more likely to arise, where gradients diminish 

during backpropagation, making it difficult to update weights effectively. To address this, residual learning in CNNs 

revolutionized deep network design, as ResNet exemplified [56]. 

Residual learning uses residual blocks to help with the vanishing gradient problem.  A residual block has a shortcut link over 

one or more layers. This lets the network learn residual functions instead of direct mappings.  This method makes the 

optimization process easier and lets very deep networks be trained more quickly. 

Figure 6 shows how the architecture of a three-layer residual block shows how these shortcuts help gradient flow and keep 

performance high as the network depth increases. 

 

Figure 6. Residual Block Samples of ResNET with RELU as Activation Function 

3.3.2 EfficientNET 

The Mobile Inverse Bottleneck (MB) convolution block is a key component of EfficientNet, known for its fast speed. This 

structure facilitates the accurate interpretation and processing of high-level and spatial features and works well for 
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downscaling during segmentation tasks. EfficientNet uses a novel connection method to improve feature representation 

without sacrificing accuracy [57]. 

The new layer in EfficientNet features a thin bottleneck layer that can assist in tasks such as identification, image 

classification, and segmentation. In particular, the inclusion of residual connections in segmentation significantly enhances 

functionality. This simplifies the collection and presentation of additional features. Batch normalization and activation 

functions are applied after each convolution operation. This reduces issues such as vanishing gradients and ensures stable 

training. 

The inclusion of residual blocks in EfficientNet has shown improvements in segmentation metrics across a variety of datasets. 

This architecture makes it easier for the network to identify complex features, improving the accuracy of pixel-by-pixel 

segmentation tasks. These changes demonstrate the adaptability and reliability of EfficientNet in achieving superior results 

in computer vision applications. 

3.3.3 Inception 

The InceptionV3 model is well-known for fast data processing because it uses factorization to split inputs into large and small 

groups [58].  This method uses the least number of resources possible while still being accurate. 

The InceptionV3 architecture has layers that work on input data simultaneously.  These filters come in different sizes.  

After that, the results of these filters are combined to make a single feature map.  This design lets the model look at the 

same data from different angles and find connections between channels and locations [59]. 

 

Figure 7. Example of Inception v3 Model Block 

 

3.3.4 DenseNet 

DenseNet is a CNN architecture designed to maintain high performance and improve feature reuse. It also reduces the number 

of trainable parameters. This occurs through a dense connection, where each layer is connected to all other layers in a 

feedforward manner [60]. Subsequent layers can directly access features learned in previous layers, reducing redundancy and 

improving gradient flow during training. 

The model uses a lightweight architecture consisting of a transition layer and two parallel dense blocks, as described. This 

streamlined design reduces computational complexity and makes learning efficient. 

Originally designed for image classification, DenseNet was developed to process one-dimensional voltage-current time series 

data. This change increases the n×n convolution kernel size to 1×n, allowing the model to process sequences rather than 

spatial data. This configuration allows the network to effectively capture temporal features in error detection tasks or similar 

applications. This configuration optimally balances robust feature extraction with a lightweight architecture, meeting domain-

specific requirements while being ideal for resource-constrained environments. 

 

Figure 8. DenseNET Overall Structure 
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3.3.5 Xception 

This model aims to determine the level of driver distraction by analyzing each frame. It converts images using textual labels 

that conform to predefined categories for classification and discrimination [61]. The Xception model helps identify body 

components and regions of interest (ROIs) associated with distracting activities. Precise predictions can be made thanks to 

new technology. The Xception model can extract convolutional features from the input image. These features capture 

complex patterns and relevant details in the image. The model groups each frame into specific distraction labels. It identifies 

distracting objects or elements in the image, such as mobile devices or movements. Localizing relevant body parts or actions 

within the frame constitutes a distraction. The model provides the final predictions and distraction analysis by combining the 

classification and detection results. 

4. Experimental Studies 

This section summarizes the prediction accuracies, recall rates, and f-scores obtained by the implemented methods. 

Traditional and transfer learning models used a dataset containing apple leaf images. As mentioned earlier, the data class 

labels are reduced to two classes: healthy and diseased leaf images. This preprocessing step converts all unhealthy class 
labels, including rust, black rot, and scab, into the diseased class. Consequently, the dataset becomes much more balanced 

since the number of instances of each class is nearly equal.  In the first part of the experiments, the dataset was randomly 

divided into two parts: training and testing. 80% of the entire dataset is the training set, while the remaining 20% is the testing 

set.  

At this stage, 5 different conventional ML methods have been applied to classify apple plant leaves as healthy or diseased. 

These methods are support vector machine (SVM), decision trees (DT), random forest (RT), logistic regression (LR), and 
Naïve Bayes (NB) classifiers. SVM obtained 0.71 F1-Score and 0.64 accuracy values. Table 3 reveals the classification 

performance results with accuracy, precision, recall, and F-score values. 

Table 3. Classification Performance Results of 5 Conventional ML Algorithms Applied to Apple Plant Leaf Dataset 

Divided into Two Parts: 80% Training and 20% Testing Sets 

 
Model Accuracy F1 Score Precision Recall 

SVM 0.6445 0.7198 0.6188 0.8601 

DT 0.5024 0.5388 0.5303 0.5476 

RF 0.6082 0.6342 0.6287 0.6399 

LR 0.6524 0.6901 0.6551 0.7292 

NB 0.6240 0.6657 0.6303 0.7054 

 

As can be seen in Table 3, LR has the highest accuracy and precision values, while SVM obtains the best recall and F1-Score 

values. DT acquires far worse performance values than other methods. All of these five models have been implemented in 

the second part of the experiment, but the dataset is split into two parts using a 10-fold cross-validation technique. The testing 

part is selected randomly as 10% of the dataset. In each ten iterations, 10% of the data becomes the testing set, and the 

remaining instances become the training set. Classification is performed in each iteration, and finally, the average results are 

recorded as classification performance values of the applied classifier. As a result, Table 4 shows the outcomes of the same 

five conventional classifiers for the 10-fold cross-validation process. It can be observed that there is no significant difference 

in the results compared to Table 3. 

Table 4. Classification Performance Results of 5 Conventional ML Algorithms Applied to Apple Plant Leaf Dataset 
Divided into Two Parts using 10-Fold Cross-Validation 

 
Model Accuracy F1 Score Precision Recall 

SVM 0.6317 0.7072 0.6014 0.8584 

DT 0.5078 0.5297 0.5248 0.5350 

RF 0.5872 0.6159 0.5951 0.6401 

LR 0.6317 0.6648 0.6292 0.7047 

NB 0.6008 0.6412 0.6004 0.6882 
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In the third part of the experiment, a 10-fold cross-validation was performed first. Then, five different transfer learning models 

mentioned in Section 3 have been implemented. Although several versions of these techniques exist, only one version has 

been selected for those models. These methods are ResNet50, EfficientNetB0, InceptionV3, DenseNet121, and Xception. In 

Table 5, classification performance values for these models are shown. It implies a great improvement for each model, so it 

can be concluded that the transfer learning mechanism is much more suitable for plant leaf disease detection, especially in 

image processing. 

For the deep learning models, a stratified 10-fold cross-validation strategy was applied to the entire dataset (3,164 images). 

In each fold, approximately 90% of the data (∼2,847 images) was used for training and 10% (∼317 images) for validation, 

with class distributions preserved. The dataset was split into training and testing subsets for the machine learning models 

using a stratified 80–20 ratio, resulting in 2,531 images for training and 633 for testing. This consistent stratification ensured 

that each subset maintained the original class balance. The use of cross-validation in deep learning and fixed train–test 

splitting in machine learning allowed for a robust comparison between the two model groups while minimizing the impact 

of random sampling bias. 

Table 5. Classification Performance Results of 5 Transfer Learning Algorithms Applied to Apple Plant Leaf Dataset 

Divided into Two Parts Using 10-Fold Cross-Validation 

 
Model Accuracy F1 Score Precision Recall 

ResNet50 0.9953 0.9954 0.9939 0.9970 

EfficientNetB0 0.9994 0.9994 0.9994 0.9994 

InceptionV3 0.9264 0.9438 0.9107 0.9956 

DenseNet121 0.9302 0.9124 0.9980 0.8686 

Xception 0.9991 0.9991 0.9988 0.9994 

 

Table 5 indicates that although all transfer learning approaches present highly acceptable improvements compared to 

traditional ML classifiers, EfficientNet can be considered the most reliable model for apple plant disease detection tasks using 

leaf images. It acquires more than 0.99 value for all of the performance metrics. Thus, it outperforms the other four transfer 

learning methods in each metric. 

EfficientNetB0 achieves higher accuracy with fewer parameters due to its compound scaling strategy, which uniformly 

balances network depth, width, and input resolution. Its use of mobile inverted bottleneck convolution (MBConv) blocks 

with squeeze-and-excitation modules enables more efficient feature extraction per parameter, outperforming larger 

architectures such as ResNet50. 

Additionally, Figure 9 gives information about the number of correctly classified and misclassified instances by EfficientNet. 

It presents a confusion matrix for this model. It shows a visualization of predicted values for true positives, false negatives, 

false positives, and true negatives across each class label. The confusion matrix reveals high diagonal values (306 and 326) 
for the respective classes, with minimal non-diagonal elements, demonstrating the model's strong performance and reliability 

in detecting plant leaf diseases. Out of 632 predictions, EfficientNet produced only three incorrect classifications, 

underscoring its accuracy and effectiveness. 

 
Figure 9. Confusion matrix of EfficientNet 
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5. Conclusion and Future Work 

Developing detection systems is essential for achieving accurate, consistent, and reliable predictions in agriculture. Plant 

disease detection can be accomplished using traditional image processing techniques or by employing DL algorithms, which 

can be incorporated at various stages of a plant's lifecycle. Automation technologies in agriculture can significantly simplify 

and streamline the analysis and identification of plant diseases. These advancements promote a healthier and more sustainable 

environment for plants and help mitigate significant risks, such as the potential extinction of various plant species. 

We evaluated five classical ML methods (Support Vector Machine, Decision Tree, Random Forest, Logistic Regression, 

Naïve Bayes) alongside five deep transfer learning architectures (ResNet50, EfficientNetB0, InceptionV3, DenseNet121, and 

Xception). Among the transfer learning models, EfficientNetB0 achieved the highest accuracy (99.93%), closely followed 

by Xception (99.91%) and ResNet50 (99.53%). DenseNet121 and InceptionV3 also demonstrated strong results, with 

accuracies of 93.02% and 92.64%, respectively. These results confirm that transfer learning methods outperformed traditional 

ML approaches, which achieved maximum accuracies of approximately 65% (Logistic Regression) to 64% (SVM). This 

comparative analysis highlights EfficientNetB0 as the most reliable option for practical deployment, while also showcasing 

the competitive performance of other state‑of‑the‑art architectures. 

The EfficientNetB0 model achieved the highest accuracy rate of 99.93% compared to other models. This high performance 

aligns with its efficient architecture, rapid computational capability, and exceptional success in transfer learning. ResNet50 

and Xception models also delivered highly successful results, achieving remarkably high accuracy and recall rates. 

Although the dataset contains 3,164 apple leaf images, which is relatively small for training DL models, potential biases must 

also be considered. The images originate from a single publicly available dataset, which may limit diversity in lighting 

conditions, camera angles, and orchard environments. This homogeneity can restrict the generalizability of the trained model 

to real-world scenarios. To mitigate these limitations, several augmentation strategies (e.g., random rotation, brightness 

adjustment, horizontal/vertical flipping, and scaling) were employed during training to expand data diversity artificially. 

However, future studies should incorporate additional real-field images collected under various weather conditions and 

geographic locations to minimize sampling bias further and enhance robustness [62]. 

The apple dataset utilized in this study includes four distinct categories of leaves. Concentrating on a smaller number of 

classes enables a more targeted, practical, and comprehensive analysis of these specific categories, facilitating the 

identification of their characteristics, underlying causes, and effective mitigation strategies. In certain agricultural contexts, 

prioritizing the detection of a few prevalent diseases may be more relevant and immediately beneficial for farmers than a 

broader classification approach that encompasses a wide range of diseases. This proposed methodology presents numerous 

opportunities for future research, from enhancing model accuracy to real-world applications, ultimately supporting more 

efficient and profitable farming practices. 

Early and accurate detection of leaf diseases enables targeted pesticide application to affected trees, thereby significantly 

reducing overall chemical use [63]. Moreover, by feeding time‑stamped detection data into crop health models, farmers can 

forecast disease outbreaks and proactively adjust irrigation or nutrient management. However, over‑reliance on AI predictions 

may lead to misdiagnoses under novel environmental conditions; we recommend integrating human expert review and 

periodic model retraining with new field data. 

Several practical deployment concerns must be acknowledged, even though this study proposes using mobile applications to 

assist farmers. To begin with, DL models often require high computational resources, which may limit their scalability on 

low-end mobile devices with limited memory and processing capabilities. To overcome this, model compression or 

lightweight architecture (e.g., MobileNet) can be explored in future implementations. Next, limited internet connectivity and 

smartphone penetration may hinder access to such tools in rural or low-resource regions. Moreover, varying levels of digital 
literacy among farmers also present difficulties, necessitating intuitive user interfaces, multilingual support, and possibly 

offline functionality. These factors should be considered when adapting AI-based solutions for real-world agricultural 

settings, ensuring that technological innovations are usable and equitable. 

Socioeconomic factors must also be addressed for equitable distribution. This should go beyond computational limitations. 

The use of AI-based disease detection systems can be hindered in many rural areas by limited internet connectivity, low 

smartphone usage, and farmers' digital literacy. Future implementations should consider offline inference modes, 

compatibility with low-cost hardware, and an intuitive user interface with multilingual support to address these issues. 

Furthermore, pilot studies involving end users can ensure the developed system is compatible with real-world agricultural 

workflows and prevent it from inadvertently exacerbating technology disparities between high- and low-resource agricultural 

communities. 

We may encounter several challenges when applying our EfficientNetB0-based model to resource-constrained platforms such 

as agricultural drones or mobile devices. First, mobile CPU/GPUs have limited processing capacity and memory, which can 

increase inference latency. Model optimization techniques such as pruning, quantization, and information distillation should 

be used to address this issue. Second, drones' battery life and energy consumption limit continuous operation. Lightweight 

runtimes such as TensorFlow Lite or ONNX Runtime Mobile are recommended for efficient execution. Third, in orchards 
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with unreliable or low-bandwidth network connections, all dependencies may need to be consolidated locally. Finally, motion 

blur and changing camera angles can affect real-time image capture on moving platforms. Therefore, built-in preprocessing 

such as frame stabilization and blur detection should be incorporated into the software pipeline. 

Although the model achieved 99.93% accuracy under controlled conditions, performance may degrade when applied to 

real‑world orchard environments where lighting, background clutter, and leaf orientation vary significantly. Future studies 

should incorporate domain adaptation strategies, including data collection from multiple orchards across different seasons 

and using augmented samples (e.g., brightness jitter, perspective transforms, random rotations) to simulate field variability. 
Additionally, periodic retraining with newly acquired field data can enhance robustness and ensure sustained accuracy during 

deployment. 
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