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 This study investigates a hybrid machine learning framework combining 

EfficientNet-B3 feature extraction with classical classifiers for lettuce 

disease classification under conditions of extreme class imbalance. The 

system utilizes EfficientNet-B3 to extract high-dimensional feature 

embeddings from 2,337 images, which are subsequently classified using 

support vector machine (SVM), random forest (RF), and k-nearest neighbors 

(KNN). Although the proposed SVM-based model achieves a high overall 

accuracy of 94.01%, experimental results reveal a substantial performance 

discrepancy compared to the macro F1-score of 37.94%. This critical gap 

indicates that while the model successfully identifies the majority classes, it 

fails to recognize rare disease categories with limited samples. Theoretical 

analysis suggests that while SVM handles high-dimensional feature spaces 

more effectively than RF and KNN, the deep features extracted are biased 

toward majority class characteristics. These findings highlight the severe 

limitations of accuracy-centric evaluation in agricultural diagnostics and 

demonstrate that deep feature extraction alone is insufficient to guarantee 

robust detection for minority pathologies. The study concludes that relying 

on aggregate accuracy can mask diagnostic failures, emphasizing the urgent 

need for per-class performance analysis and data-level mitigation strategies 

in future research. 
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1. INTRODUCTION  

Agricultural productivity is often compromised by plant diseases, which negatively affect both the 

quality and quantity of crop yields. Lettuce (Lactuca sativa L.), in particular, is highly susceptible to a range 

of pathogens, including bacteria, fungi, and viruses [1]. These infections can result in substantial financial 

losses for farmers and pose broader risks to agricultural sector. As such, the ability to detect plant diseases 

early and accurately is essential to effectively manage their spread and reduce associated damages [2]. 

Recent advancements in machine learning and image processing have opened up new possibilities 

for automating plant disease detection, with encouraging outcomes [3]. These techniques are capable of 

handling large datasets and conducting intricate analyses to uncover patterns that are often undetectable by 

human observation. Among the various approaches, convolutional neural networks (CNNs) stand out as 

highly effective for image classification [4], [5]. CNNs excel at autonomously learning image features 

through stacked convolutional layers, which makes them particularly well-suited for tasks involving pattern 

recognition and visual categorization [6], [7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Although CNN are highly effective, their classification accuracy can be enhanced by combining 

them with conventional machine learning classifiers like support vector machine (SVM), random forests 

(RF), and k-nearest neighbors (KNN) [8]. SVM aims to construct an optimal hyperplane that separates data 

points belonging to different classes, and it has shown strong performance across numerous classification 

tasks [9], [10]. RF, a type of ensemble method, leverages multiple decision trees to enhance accuracy and 

minimize overfitting, offering a robust solution for classification problems [11]. Meanwhile, KNN classifies 

data based on the proximity of neighboring instances and is widely adopted due to its ease of implementation 

and effectiveness [12]. 

Numerous CNN architectures have been developed, each tailored to offer specific advantages in 

image classification tasks. EfficientNet architectures have demonstrated superior performance in various 

plant disease classification tasks, such as in potato and mango crops [13]. Motivated by this success, this 

research investigates the performance of the EfficientNet-B3 model in combination with three machine 

learning classifiers—SVM, RF, and KNN—for disease detection in lettuce plants. EfficientNet represents a 

modern CNN design that balances computational cost and predictive accuracy by employing compound 

scaling, which simultaneously adjusts the model’s depth, width, and input resolution [14]. Through this 

hybrid approach, the study aims to determine whether the integrated model delivers superior classification 

performance compared to using EfficientNet-B3 alone. The findings of this study are intended to support the 

advancement of more accurate and efficient techniques for detecting plant diseases. Moreover, the proposed 

approach holds potential for practical application in agriculture, offering a tool that could assist farmers in 

monitoring crop health and improving disease management strategies [15], [16]. 

Several recent studies have highlighted the potential of combining EfficientNet with advanced deep 

learning strategies to enhance the precision of plant disease detection [17], [18]. Extensive prior work also 

supports the effectiveness of CNN-based models for this task [19]. CNNs have been broadly adopted in the 

classification of plant diseases, particularly using leaf imagery as the primary input. Reviews in the field 

consistently show that CNNs outperform traditional classification techniques, largely because of their 

superior capability to capture intricate patterns and features from images [14]. 

Architectures such as VGG16, ResNet, and EfficientNet have been widely utilized in plant disease 

classification tasks. While VGG16 and ResNet are recognized for their high classification accuracy, their 

implementation often demands considerable computational power [20]. In contrast, EfficientNet presents a 

more resource-efficient alternative. Recent studies have also shown that combining EfficientNet with attention 

mechanisms can further enhance both accuracy and interpretability in plant disease detection tasks [21]. By 

utilizing compound scaling to adjust network dimensions in a balanced manner, EfficientNet achieves improved 

performance in terms of both efficiency and accuracy compared to earlier CNN models [15]. 

The application of EfficientNet in plant disease identification has shown consistently high levels of 

accuracy across various studies [22]. One notable example is its use in classifying apple leaf diseases, where 

it demonstrated exceptional performance, further validating its reliability and suitability for disease detection 

in agricultural contexts [23], [24]. Furthermore, a recent study demonstrated that EfficientNet performed 

robustly in multi-crop disease classification scenarios, highlighting its scalability and accuracy across diverse 

plant types [25]. 

This research explores the integration of the EfficientNet-B3 architecture with three traditional 

classification algorithms SVM, RF, and KNN, to assess potential gains in classification accuracy. These 

methods are widely employed in machine learning for their robust performance. SVM functions by 

constructing an optimal decision boundary to distinguish between classes [9]. RF, which aggregates multiple 

decision trees, is effective in boosting accuracy and mitigating overfitting issues [11]. It has also been 

previously applied in plant disease classification, serving as a solid benchmark for evaluating the 

performance of more recent models like EfficientNet [26]. Meanwhile, KNN determines class membership 

based on proximity to neighboring samples and remains a straightforward yet effective technique for 

classification tasks [12]. 

Despite the widespread adoption of CNN-based models for plant disease classification, most 

existing studies rely on balanced datasets and emphasize overall accuracy, with limited attention to minority 

disease classes. Consequently, the reliability of these models in real-world, highly imbalanced agricultural 

scenarios remains insufficiently explored. Current literature often overlooks the risk that high accuracy 

metrics may mask the model's complete failure in detecting rare but critical pathologies. 

This study provides an empirical analysis of the limitations of hybrid deep feature extraction models 

when applied to highly imbalanced lettuce disease datasets. It offers critical insights into the mismatch 

between reported accuracy and actual diagnostic reliability. Specifically, it evaluates the performance of 

EfficientNet-B3 features combined with SVM, RF, and KNN classifiers, analyzing how extreme class 

imbalance distorts evaluation metrics and affects the decision boundaries of different classical algorithms. 
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2. METHOD 

This study employs the EfficientNet-B3 architecture as a feature extractor, which is then integrated 

with three classical machine learning classifiers SVM, RF, and KNN to construct hybrid models. A stratified 

5-fold cross-validation scheme is used to ensure that the proportional distribution of classes is preserved in 

every fold. This approach reduces the risk of overfitting and provides a more reliable estimation of model 

performance, particularly given the imbalanced nature of the dataset. 

 

2.1.  Dataset 

This study utilized the lettuce disease dataset sourced from Kaggle, which includes a diverse 

collection of images representing both healthy and diseased lettuce leaves. The dataset contains 2,337 images 

of lettuce diseases categorized into eight classes: healthy (1,123 images), Shepherd’s purse weeds (1,106), 

downy mildew on lettuce (30), bacterial infection (20), septoria blight (19), powdery mildew (18), viral 

infection (15), and wilt and leaf blight (6). The distribution is highly imbalanced, with two classes accounting 

for more than 95% of all samples, while several disease categories contain fewer than 20 images. This 

imbalance introduces a significant risk of biased learning, where models may achieve high accuracy by 

prioritizing majority classes while performing poorly on minority disease categories. The dataset includes 

variations in leaf texture, lighting, and background conditions, further increasing complexity of classification. 

 

2.2.  Preprocessing 

All images were resized to 224×224 pixels to match EfficientNet-B3 input requirements and 

normalized to a [0,1] range. No aggressive augmentation was applied to avoid creating unrealistic samples 

for minority classes. Instead, data balancing was handled through cross-validation and class weights. 

 

2.3.  Feature extraction 

 EfficientNet-B3 was used as a fixed feature extractor. The model was loaded with ImageNet 

weights, and all layers were frozen. The output was taken from the final convolutional block followed by 

global average pooling, resulting in a 1,536-dimensional feature vector for each image. These feature vectors 

were then normalized using StandardScaler before being forwarded into the classification models. 

 

2.4.  Hybrid classification models (SVM, RF, and KNN) 

Three classical machine learning classifiers were integrated with EfficientNet-B3 features: SVM 

(radial basis function or RBF kernel), RF (200 trees, maximum depth =none), and KNN (k =5, Euclidean 

distance). The implementation was conducted using the Scikit-learn library in Python to ensure 

reproducibility. These models were selected due to their ability to handle high-dimensional feature 

embeddings and provide strong baseline performance with limited training data. 

 

2.5.  Handling dataset imbalance  

To mitigate the impact of severe class imbalance, stratified sampling was applied in all training and 

validation splits to preserve the original label distribution. Weighted loss functions were implemented for 

SVM, and class-balanced sampling was used during feature extraction. This strategy ensures that minority 

classes contribute proportionally during training and evaluation. 

 

2.6.  Stratified 5-fold cross-validation  

A stratified 5-fold cross-validation procedure was implemented to ensure fair and robust evaluation. 

In each fold, 80% of the data was used for training and 20% for testing, preserving the distribution of each 

class. No image from the same class subset was allowed to appear in both training and testing partitions, 

preventing data leakage. Model performance was reported as mean and standard deviation across all folds. 

 

2.7.  Evaluation metrics  

Due to the highly imbalanced dataset, multiple evaluation metrics were used, including accuracy, 

macro F1, and weighted F1. Accuracy alone is insufficient for imbalanced datasets because it may be 

dominated by majority classes. Macro F1 treats all classes equally and is therefore a more reliable indicator 

of performance on minority disease categories. 

 

 

3. RESULTS AND DISCUSSION 

The experimental results indicate that SVM achieves the highest performance among the three 

classifiers, based on both accuracy and F1-score. However, a substantial discrepancy is observed between 

accuracy and macro F1-scores across all models, highlighting the strong impact of class imbalance within the 
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dataset. Consequently, the interpretation of results emphasizes not only accuracy but also class-level 

performance, supported by confusion matrices and detailed F1-score analysis. 

 

3.1.  EfficientNet-B3 feature extraction result 

EfficientNet-B3 successfully extracted 1,536-dimensional feature vectors for each of 2,337 images. 

The embeddings captured leaf texture, color variation, and lesion patterns, forming a robust representation 

for downstream classification. After normalization using StandardScaler, the feature distributions across 

folds were consistent, indicating that EfficientNet-B3 provided stable high-level representations regardless of 

data split. This feature extraction approach reduced training time significantly while maintaining the 

expressive power of deep convolutional encoders. 

 

3.2.  Performance comparison across hybrid models 

The hybrid classifiers SVM, RF, and KNN were evaluated using 5-fold stratified cross-validation to 

ensure a fair assessment on the highly imbalanced dataset. The detailed performance comparison of these 

models is presented in Table 1. The results demonstrate that SVM outperformed both RF and KNN. 

Theoretically, this can be attributed to the nature of the high-dimensional feature space (1,536 dimensions) 

generated by EfficientNet-B3. SVM is particularly effective in such scenarios because it constructs optimal 

hyperplanes that maximize the margin between classes, allowing it to handle high-dimensional data without 

succumbing easily to overfitting. In contrast, KNN showed the lowest performance, likely due to the "curse 

of dimensionality," where distance metrics (such as Euclidean distance) lose their discriminative power as the 

volume of the space increases, making minority samples indistinguishable from the majority neighbors. 

Similarly, RF struggled because, in the presence of extreme imbalance, the individual decision trees tend to 

be biased toward the majority class to minimize overall impurity. 

 

 

Table 1. Performance comparison of models on imbalanced datasets 
Classification method Accuracy Weighted F1 Macro F1 

SVM 94.01%±0.0078 93.91%±0.0097 37.94%±0.0309 

RF 88.79%±0.0163 87.19%±0.0158 32.18%±0.0551 

KNN 87.93%±0.0095 86.62%±0.0098 29.39%±0.0416 

 

 

3.3.  Accuracy macro F1 discrepancy and class imbalance 

A substantial discrepancy appears between accuracy (94%) and macro F1 (only 37%). This behavior 

is expected given the extreme class imbalance in the dataset: 

− Healthy: 1,123 images 

− Shepherd’s purse: 1,106 images 

− Minority classes: 6–30 images per class 

Accuracy is, therefore, misleading, as a classifier can achieve high accuracy by predicting majority classes 

correctly while failing almost entirely on rare disease categories. Macro F1, which weights all classes 

equally, reveals this weakness clearly. 

 

3.4.  Confusion matrix analysis  

Figure 1 illustrates the combined 5-fold confusion matrix for the SVM classifier. The matrix clearly 

shows: 

− Healthy (1,107/1,123) and Shepherd’s purse (1,092/1,106) are detected with near-perfect precision. 

− Minority diseases such as wilt and leaf blight, viral, powdery mildew, and septoria blight exhibit severe 

misclassification, mostly predicted as the two majority classes. 

− Diseases with fewer than 20 samples show almost zero diagonal intensity, confirming failure to learn 

discriminative patterns. 

The confusion matrix as shown in Figure 1 provides deeper insight into the classification failures. It 

reveals that minority disease samples (e.g., wilt, viral, septoria) are frequently misclassified as "healthy" or 

"weeds." This suggests that while EfficientNet-B3 successfully extracts robust visual features for general leaf 

structures (texture, shape), it fails to capture the subtle, fine-grained visual patterns required to distinguish 

rare diseases. This is not merely a classifier failure but a data distribution issue; the feature extractor learns to 

prioritize the visual characteristics of the majority classes. Consequently, the decision boundaries formed by 

the classifiers are overwhelmed by the density of the majority class features. As shown in the confusion 

matrix, minority classes such as viral and wilt yielded nearly zero correct predictions, resulting in an F1-score 

of ~0.0 for these categories. 



Int J Artif Intell  ISSN: 2252-8938  

 

Hybrid machine learning for imbalanced lettuce disease classification (Fazlur Ihzanurahman) 

1787 

 
 

Figure 1. Confusion matrix for the SVM classifier 
 

 

3.4.  Why SVM outperforms RF and KNN 

SVM outperformed RF and KNN because EfficientNet-B3 features are high-dimensional (1536-D). 

SVM with an RBF kernel is known to perform well in such spaces by learning flexible nonlinear decision 

boundaries. RF, on the other hand, struggles with sparse and high-dimensional feature distributions, leading 

to overfitting on majority classes and underfitting on rare ones. KNN suffers from the curse of 

dimensionality, where distance metrics lose discriminative power, making minority class samples effectively 

indistinguishable in feature space. Therefore, SVM remains the most appropriate choice for hybrid deep 

feature agricultural disease classification. 
 

3.5.  Comparison with previous studies 

Previous CNN-based studies, such as the work by Liu et al. [23] on apple leaf diseases and  

Sunil et al. [24] on cardamom plants reported accuracies exceeding 95% using end-to-end deep learning 

models. While highly accurate, these methods typically require substantial computational power for gradient 

updates across all layers and often rely on balanced datasets. In contrast, this study presents a hybrid 

approach that utilizes EfficientNet-B3 solely as a fixed feature extractor combined with SVM. This method 

achieved comparable accuracy (94.01%) to fully trained models but with significantly lower training 

complexity. This highlights the strength of combining deep feature extraction with classical machine learning 

classifiers as an efficient alternative pipeline for low-resource agricultural environments where large, 

balanced datasets are unavailable. 
 

3.6.  Limitations and future work 

The primary limitation of this study is the extremely imbalanced dataset, where several disease 

classes have fewer than 20 samples. This restricts the model’s ability to generalize minority disease patterns. 

Future efforts should incorporate synthetic oversampling (e.g., synthetic minority oversampling technique 

(SMOTE)), focal loss, generative augmentation, or additional field data acquisition to address this issue. 

Further improvements can also be achieved by exploring end to end fine tuning of EfficientNet-B3, 

hierarchical classification, or ensemble hybrid architectures to enhance rare disease detection. 
 
 

4. CONCLUSION 

This study demonstrated that combining EfficientNet-B3 feature extraction with classical machine 

learning classifiers provides an effective and computationally efficient approach for lettuce disease 

classification. EfficientNet-B3 successfully extracted high-dimensional representations that captured 

essential visual characteristics of the leaves, while the SVM achieved the best overall performance with 94% 
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accuracy and 93.9% weighted F1-score across five folds. However, the low macro F1-score (37.9%) and the 

confusion matrix analysis revealed that the model struggled to recognize minority disease classes due to 

extreme dataset imbalance. These findings highlight that accuracy alone is insufficient for evaluating 

imbalanced agricultural datasets and that macro F1 and per-class performance are critical for assessing true 

model reliability. Although the hybrid approach performed well for dominant classes such as healthy and 

Shepherd’s purse weeds, it remains limited in detecting rare diseases with fewer available samples. Future 

work should focus on improving minority class recognition through synthetic oversampling, advanced 

augmentation strategies, or acquiring additional field data. Further exploration of end-to-end fine-tuning, 

imbalance-aware loss functions, and larger-scale benchmarks may also enhance generalization. Overall, this 

study establishes a strong baseline for lightweight agricultural disease classification using deep feature 

extraction combined with classical classifiers. 
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