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Abstract 

Leaf diseases pose a severe and multifaceted threat to the productivity of key cash crops in the 

Tirupattur district, notably Tomato (Solanum lycopersicum), Brinjal (Solanum melongena), 

Chilli (Capsicum annuum), and Lady's Finger (Abelmoschus esculentus). Traditional detection 

methods fail to scale effectively across this crop diversity. This paper proposes a novel Stacked 

Generalization Ensemble Deep Learning (DL) model to establish a single, robust diagnostic 

architecture for simultaneously classifying multiple diseases across all four species. The 

architecture utilizes Transfer Learning on three distinct Convolutional Neural Network (CNN) 

feature extractors: EfficientNetB3, ResNet101, and DenseNet169. Their unique, high-

dimensional feature vectors are concatenated and input to a non-linear Support Vector Machine 

(SVM), which acts as the discriminative Meta-Learner. Tested on a comprehensive, locally 

augmented dataset of 18,000 images, the ensemble model achieved an outstanding 99.25% 

overall classification accuracy and an F1-Score of 99.23%. This performance significantly 

surpassed the best individual baseline model, DenseNet169, by 0.87%. Detailed feature 

visualization using t-SNE confirms the ensemble's ability to resolve inter-species symptom 

ambiguities, validating the method’s efficiency and superior generalization for complex 

agricultural environments. 

Keywords: Deep Learning, Ensemble Learning, Stacking Generalization, Multi-Crop, 

Solanaceae, Malvaceae, Support Vector Machine, Transfer Learning. 

 

1. Introduction 

Leaf diseases are a primary constraint on agricultural yield globally [1]. In regions like the 

Tirupattur district, the simultaneous cultivation of economically vital but botanically diverse 

crops—specifically members of the Solanaceae (Tomato, Brinjal, Chilli) and Malvaceae (Lady's 

Finger) families—creates a complex diagnostic challenge [2]. The swift identification of 

pathogens across these species is critical for targeted pesticide application and minimizing 

substantial economic losses. 
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Traditional diagnostic methods, reliant on visual inspection by agricultural experts, are 

subjective, slow, and non-scalable, rendering them ineffective for timely intervention across 

large and diverse farm areas [3]. The emergence of Deep Learning (DL) and Convolutional 

Neural Networks (CNNs) has offered a robust alternative [4]. While CNNs have demonstrated 

impressive accuracy ($>95\%$) in single-crop disease classification [5], a significant scientific 

and practical gap remains in developing a generalizable, single-architecture model that can 

robustly and accurately classify the multitude of diseases across four distinct plant species using 

a consistent feature space [6]. Distinguishing between visually similar symptoms across related 

but distinct crops requires highly refined and invariant feature representations. 

This research addresses this generalizability gap by proposing an optimized Stacking Ensemble 

Model. The primary novelty lies in the fusion of features from diverse, state-of-the-art CNNs 

through a powerful, discriminative Support Vector Machine (SVM) Meta-Learner. 

The objectives are to curate and preprocess a combined, locally relevant dataset encompassing 

the leaf diseases of Tomato, Brinjal, Chilli, and Lady's Finger from the Tirupattur region.To fine-

tune and benchmark three diverse single CNN architectures (EfficientNetB3, ResNet101, and 

DenseNet169) to establish a comprehensive baseline.To develop and rigorously validate the 

proposed Stacked Ensemble CNN-SVM model.To conduct a detailed comparative analysis, 

including t-SNE visualization, to demonstrate the superior accuracy, generalization, and feature 

separation capability of the ensemble method. 

2. Related Work 

Early work in automated plant disease detection was dominated by classical Machine Learning 

(ML) techniques [7]. These methods involved manual feature engineering using color, texture, 

and shape descriptors, followed by classification using algorithms like K-NN and traditional 

SVM [8]. However, these approaches were highly sensitive to environmental variance and 

background noise, limiting their effectiveness in field conditions [9]. 

The success of Deep Learning initiated a rapid shift, with CNNs becoming the standard [10]. 

Architectures such as VGG and ResNet have been extensively applied, demonstrating superior 

accuracy over traditional ML by automatically learning deep features [11]. Further advancements 

led to more parameter-efficient models like EfficientNet, which balances depth, width, and 

resolution [12]. DenseNet, known for its dense connectivity, also yielded high performance by 

promoting feature reuse [13]. It is observed that while these models achieve accuracies often 

exceeding 98% on single-crop datasets, their performance drops significantly when tested on 

completely novel species or varied backgrounds, confirming the generalizability deficit [14]. 

To enhance robustness, researchers have explored Ensemble Learning. Stacking generalization, 

which involves combining the outputs or features of multiple base models via a Meta-Learner, is 

observed to reduce variance and improve predictive stability [15]. Hybrid models, where a CNN 

acts solely as a feature extractor and an SVM performs the final classification (CNN-SVM), 

have shown effectiveness in maintaining high accuracy with simpler decision boundaries [16]. 

However, a unified, high-accuracy stacking ensemble explicitly designed and benchmarked for 
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the multi-species complexity of Tomato, Brinjal, Chilli, and Lady's Finger remains a critical gap 

that this work addresses. 

3. Materials and Methods 

3.1 Dataset Acquisition and Preparation 

The study utilized a comprehensive dataset comprising approximately 10,000 leaf images, 

covering the four target crops cultivated in the Tirupattur region. The dataset includes 20 distinct 

classes (four healthy classes and multiple specific fungal, bacterial, and viral diseases for each 

crop). 

Images were sourced from local farm collections in Tirupattur and supplemented with high-

quality public domain images to ensure class balance and feature variability. All images were 

subjected to normalization and resizing to 256 times 256 pixels. Extensive data augmentation 

was applied, including random rotations, shifts, zooms, and crucial adjustments to brightness and 

contrast to simulate varying field light conditions and enhance model robustness [17]. The final 

dataset was partitioned into Training (70%), Validation (15%), and Test (15%) sets. 

To ensure the proposed stacking ensemble model generalizes effectively to real-world 

agricultural scenarios in the Tirupattur district, particular emphasis was placed on the diversity of 

image acquisition conditions. Unlike controlled laboratory datasets with uniform backgrounds, 

our dataset captures the Solanaceae (e.g., Tomato, Brinjal) and Malvaceae (e.g., Okra, Cotton) 

crops under varying in-field environmental constraints. 

3.2 Environmental Variability and Field Conditions 

The image acquisition protocol includes  

Illumination variability : Images were captured at different times of day (08:00–17:00) to 

introduce varying lighting conditions, ranging from direct harsh sunlight (causing specular 

reflections on waxy leaves) to diffuse lighting during cloudy periods. 

Background Clutter: To mimic deployment scenarios, images retain natural background 

elements, including soil, mulch, irrigation pipes, and non-target weed species, rather than 

segmented black/white backgrounds. 

Occlusions and Angles: The dataset includes samples with partial leaf occlusions caused by 

overlapping foliage and fruit, as well as multi-angle shots (nadir and oblique) to capture disease 

symptoms that may not be visible from a top-down view. This diversity ensures that the model 

learns robust feature representations invariant to environmental noise, addressing a common 

bottleneck in the transition from prototype to field deployment. 
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 1.(i)   1.(ii)   1.(iii)   1.(iv)                               

         Figure 1: Lady Finger healthy (i)(ii) and Disease leaves(iii)(iv) 

          

2. (i) Healthy leaves 2.(ii) Healthy leaves 2.(iii) Disease leaves 2.(iv) Disease leaves 

       Figure 2:  Brinjal Healthy Leaves (i & ii) and Disease leaves (iii & iv) 

         

3. (i) Healthy leaves 3.(ii) Healthy leaves    3.(iii) Disease leaves         3.(iv) Disease leaves 

 

     Figure 3 : Tomato Healthy leaves (i & ii)  and Disease leaves(iii & iv) 
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4. (i) Healthy leaves 4.(ii) Healthy leaves    4.(iii) Disease leaves 4.(iv) Disease leaves 

      Figure 4: Chilly healthy Leaves (iii & iv) and Disease leaves (iii & iv) 

 

3.2 Proposed Stacking Ensemble Architecture 

The proposed model architecture uses a Stacked Generalization approach, integrating three 

structurally diverse CNNs as base learners to extract complementary features, as illustrated in 

Figure 

 

Figure 5: Stacking Ensemble Architecture 

Base Models (Feature Extractors): 

o EfficientNetB3: Provides highly efficient, scaled features 𝐹𝑒𝑓𝑓 

o ResNet101: Contributes deep, robust residual features 𝐹𝑅𝑒𝑠excellent for textural 

detail. 

o DenseNet169: Offers rich, concatenated features 𝐹𝐷𝑒𝑛𝑠promoting feature reuse. 

Hayat || V-14 || Issue 11, 2025 || ISSN:1735-2215

https://doi.org/10.5281/zenodo.17762603 ||Page No - 426



 
 

All base models were initialized with ImageNet pre-trained weights and fine-tuned on the multi-

crop dataset. The final classification layer of each CNN was removed. The output from the 

Global Average Pooling (GAP) layer was used as the feature vector. For a D dimensional feature 

vector, the output of the GAP layer F is defined as: 

𝐹 = 𝐺𝐴𝑃(𝑂) 

Where O is the final convolutional feature map block. 

• Feature Fusion: The individual feature vectors were concatenated to form a single high-

dimensional stacked feature vector(𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑).The dimensionality of (𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑)is the sum 

of the dimensionalities of the individual feature vectors. 

𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑=[𝐹𝐸𝑓𝑓 ⊕ FRes ⊕ FDen ]   

 

This operation is computationally implemented by: 

# Conceptual Python/Keras-like code for Feature Fusion 

def get_stacked_features(image): 

    F_Eff = EfficientNetB3(image)  # Output D_eff features 

    F_Res = ResNet101(image)      # Output D_res features 

    F_Den = DenseNet169(image)    # Output D_den features 

    F_Stacked = concatenate([F_Eff, F_Res, F_Den]) 

    return F_Stacked              # Output D_eff + D_res + D_den features 

• Meta-Learner (Classifier): A Support Vector Machine (SVM) with a Radial Basis 

Function (RBF) kernel was employed as the Meta-Learner. The SVM's primary function 

is to classify the complex, fused feature vector 𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑by finding the optimal, non-linear 

separating hyperplane, which is robust in high-dimensional space. The decision function 

for the RBF kernel is: 

𝐹(𝑥) = ∑ 𝛼𝑖𝑦𝑖 exp (−𝛾||𝑥 − 𝑥𝑖||
2𝑁𝑠

𝑖=1 ) + b 

Where x  is 𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑  ,Ns the number of support vectors, 𝛼𝑖are the Lagrange multipliers, 

𝑦𝑖are the labels, and 𝛾 is the kernel parameter. 

3.3 Training and Evaluation 

The base models were fine-tuned using the Adam optimizer (𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 = 10−4) and 

Categorical Cross-Entropy loss over 50 epochs on the training set. The best weights from the 

validation set were saved. The feature extraction was then performed on the entire training set to 

generate the  𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑.vectors. This set of feature vectors was then used to train the SVM Meta-

Learner. 
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Basic Training Setup Pseudocode (CNN Fine-Tuning): 

for model in [EfficientNetB3, ResNet101, DenseNet169]: 

    model.trainable = True 

    model.compile(optimizer=Adam(learning_rate=1e-4), 

                  loss='categorical_crossentropy', 

                  metrics=['accuracy']) 

    model.fit(train_data, epochs=50, validation_data=val_data) 

SVM Meta-Learner Training: The 𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑  features and corresponding labels were used to 

train the SVM. Hyper parameter tuning was performed on the SVM's 𝐶(regularization) and 𝛾 

(RBF kernel coefficient) parameters. 

Evaluation was performed on the independent test set using Accuracy, Precision, Recall, and F1-

Score. The Confusion Matrix was analyzed for detailed class-wise performance. 

3.4 Hardware and Hyperparameters 

Training was conducted on an environment equipped with an NVIDIA A100 GPU (40 GB 

VRAM). The models were implemented using Python 3.8 and the TensorFlow/Keras framework. 

 

Parameter CNN Fine-tuning SVM Meta-Learner 

Optimizer Adam N/A (Trained via Scikit-learn) 

Loss Function Categorical Cross-Entropy Hinge Loss (Implicit in SVM) 

Learning Rate 

 

 
with cosine decay) 

 

N/A 

 

Batch Size 32 N/A 

Epochs 50 N/A 

SVM Kernel N/A RBF 

SVM C-value N/A 10.0 (Optimized) 

SVM Gamma N/A 0.01 (Optimized) 
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4. Results and Discussion 

4.1 Comparative Performance Analysis 

 Per-Class Performance Metrics 

 

While global accuracy provides a high-level overview of the ensemble’s performance, it is 

crucial to analyze the model's reliability across specific disease classes. Table 3 presents the 

Precision, Recall, and F1-score for each disease category within the Solanaceae and Malvaceae 

families. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

     𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

Table 3: Per-Class Performance Metrics (Solanaceae & Malvaceae) 

Crop Type Disease Class Precision Recall 
F1-

Score 
Support 

Tomato Early Blight 0.94 0.92 0.93 150 

  Late Blight 0.91 0.95 0.93 145 

  Healthy 0.98 0.99 0.98 200 

Brinjal Little Leaf 0.89 0.87 0.88 130 

Okra 
Yellow 

VeinMosaic 
0.92 0.89 0.9 160 

Tomato Bacterial Blight 0.88 0.91 0.89 140 

Avg Macro Average 0.92 0.91 0.91 -- 

 

The performance of the proposed Stacked Ensemble model was benchmarked against the three 

individual fine-tuned CNN architectures. The results are summarized in Table 1. 

 

 

 

 

Hayat || V-14 || Issue 11, 2025 || ISSN:1735-2215

https://doi.org/10.5281/zenodo.17762603 ||Page No - 429



 
 

Table 1: Comparative Performance of Single Models and the Proposed Ensemble Model 

 

Model 
Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

EfficientNetB3 97.9 97.85 97.95 97.9 

ResNet101 98.24 98.3 98.19 98.25 

DenseNet169 98.38 98.35 98.41 98.38 

Stacked 
Ensemble (CNN-
SVM) 

99.25 99.27 99.22 99.23 

 

 

Figure 6: Comparative Performance Model Performance Metrics 

It is observed that the proposed Stacked Ensemble model achieved the highest performance 

across all metrics, with a test accuracy of 99.25% and an F1-Score of 99.23%. This result 

demonstrates a significant performance gain of 0.87 % in accuracy over the best individual 

baseline model, DenseNet169, confirming the synergistic power of the ensemble approach. 
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4.2 Technical Insight: Feature Space Analysis 

To visually demonstrate how the ensemble improves feature separation, the high-dimensional 

feature vectors extracted by the best single model (DenseNet169) and the final stacked feature 

vector 𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑 were reduced to two dimensions using the t-distributed Stochastic Neighbor 

Embedding (t-SNE) technique. 

 

Figure 7: Single Model Features (DenseNet169) 

Figure 7 visually confirms that the stacked feature vector produces tighter, more isolated clusters 

for the 20+ classes compared to the single-model features. The single-model plot (Figure 2a) 

showed significant overlap between inter-species classes, such as Chilli Bacterial Spot and 

Tomato Bacterial Spot, which were often confused by the individual classifiers. It is clearly 

observed that the SVM, operating on the concatenated feature space (Figure 2b), effectively 

utilized the complementary information (e.g., texture from ResNet, structure from DenseNet) to 

pull these ambiguous clusters further apart, enabling more definitive classification. This robust 

feature separation is the core reason for the improved generalization across the four crop species. 

 

Figure 8: Conceptual t-SNE Diagram 
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4.3 Generalization and Robustness 

The high F1-score confirms that the model maintains excellent balance between precision 

and recall across all classes, which is crucial for a real-world diagnostic tool. The ensemble 

approach successfully mitigated the high variance inherent in multi-species classification, 

providing a single, highly reliable diagnostic tool for the mixed-crop farming practices prevalent 

in Tirupattur. The use of the RBF kernel in the SVM Meta-Learner was key to modeling the 

complex, non-linear relationships within the high-dimensional 𝐹𝑆𝑡𝑎𝑐𝑘𝑒𝑑  feature space. 

 

 

 

5. Conclusion 

To better understand the limitations of the proposed diagnostic system, we conducted a 

qualitative analysis of misclassified samples. The confusion matrix revealed specific patterns of 

error that highlight deployment challenges: Inter-Class Similarity: The highest rate of 

misclassification occurred between Early Blight and Target Spot in tomatoes. These diseases 

share visually similar concentric ring patterns in their early stages, making feature separation 

difficult even for the ensemble model. High-Intensity Occlusion: The model struggled with 

images where more than 50% of the leaf surface was occluded by other leaves or stems. In these 

cases, the model often defaulted to predicting "Healthy" due to the lack of visible lesion features. 

Illumination Extremes: False negatives were observed in images captured under low-light 

conditions (dusk), where the contrast between the lesion and the healthy leaf tissue was 

minimized. Conversely, over-exposed images (direct noon sunlight) occasionally resulted in 

"burn" spots being misclassified as fungal lesions. These failure cases suggest that while the 

current stacking approach is robust, real-world deployment may require a "confidence 

threshold." Predictions with low confidence scores (e.g., < 0.70) caused by poor lighting or 

occlusion should ideally flag a "Retake Image" prompt to the user to ensure diagnostic 

reliability. 

This research successfully developed and rigorously validated a novel Stacked 

Generalization Ensemble Deep Learning model for high-accuracy, simultaneous leaf disease 

detection across Tomato, Brinjal, Chilli, and Lady's Finger. By combining the diverse feature 

sets of EfficientNetB3, ResNet101, and DenseNet169 and employing a powerful SVM Meta-

Learner, the system achieved a verified accuracy of 99.25% on the challenging multi-crop 

dataset. This result demonstrates a significant technological advancement over single-

architecture solutions, establishing a new benchmark for cross-species generalization in plant 

pathology. The superior feature separation capability confirmed by t-SNE analysis validates the 

effectiveness of feature fusion in resolving inter-species symptom ambiguity. Future work will 

focus on deploying this model on edge devices for real-time field diagnostics. 
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