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Abstract: Crop diseases pose a significant threat to global food security, causing substantial yield losses
estimated at 10-40% annually. Traditional methods of disease identification, reliant on visual inspection by
farmers or experts, are often subjective, time-consuming, and limited by the availability of specialists. This
study proposes an ensemble learning framework for robust image-based crop disease detection,
specifically designed to address the challenges of heterogeneous, non-Independent and Identically
Distributed (non-IID) agricultural datasets in decentralized environments. Utilizing the Plant Village
dataset, we implement a stacking ensemble model integrating diverse Convolutional Neural Networks
(CNNSs) such as VGG (Visual Geometry Group), ResNet, and Inception as base learners, with a meta-
learner to optimize prediction fusion. The system employs comprehensive data preprocessing, including
resizing, normalization, noise removal, segmentation, and augmentation, to enhance robustness against
real-world variability. Transfer learning with ResNet50 was adopted as a baseline model. The baseline
ResNet50 achieved 59% test accuracy across seven grape and potato disease classes. The ensemble model
improved performance, attaining 63% accuracy with average precision, recall, and F1-scores of 56%, 52%,
and 52% respectively. Class imbalance remained a limiting factor for certain categories. The ensemble
learning approach outperformed individual models, demonstrating improved generalization across
diverse datasets. Although computational demands and imbalance challenges persist, the system provides
a promising Al-driven pipeline for accurate crop disease diagnosis, supporting sustainable agricultural
practices.
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1. Introduction

Agriculture remains crucial for global food security
and economic development, especially in developing
nations. Despite its importance, this sector faces ongoing
challenges from climate shifts, pest invasions, and most
importantly, crop diseases. Research indicates that plant
diseases cause roughly 10-40% yearly crop yield losses
worldwide, threatening both food availability and
economic stability [1]. The traditional approach to crop
disease identification relies on visual inspection by
farmers or agricultural experts. This method suffers from
several drawbacks: limited availability of specialists,
subjective assessments, time inefficiency, and the
challenge of spotting subtle or early-stage symptoms [2].
These limitations have sparked interest in technological

solutions, particularly those using artificial intelligence
and image analysis.

The field of machine learning, especially deep
learning approaches, shows great promise for
agricultural disease detection. Convolutional Neural
Networks (CNNs) have gained popularity for plant
disease identification because they can extract complex
visual features directly from images [3]. Various
architectures like AlexNet, VGGNet, and ResNet have
achieved impressive accuracy on standard plant disease
datasets, surpassing conventional methods that depend
on manual feature extraction. Yet agricultural datasets
present challenges —they're typically
heterogeneous and non-Independent and Identically
Distributed (non-IID). They vary based on geographic

unique
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location, plant types, disease categories, image quality,
environmental factors, and camera equipment. These
variations create distributional differences that make it
difficult for single models to perform consistently across
diverse datasets [4].

Furthermore, modern farming increasingly relies on
Internet of Things (IoT) devices and distributed
management systems that collect data from multiple
sources. This decentralized approach to data gathering,
while advantageous for scaling, introduces complications
due to data imbalances, noise, and inconsistent standards
across collection points [5]. Ensemble learning offers a
promising strategy to address these issues. This approach
combines multiple base models to enhance predictive
performance and adaptability. Techniques such as
bagging, boosting, and stacking provide frameworks to
overcome single-model limitations. For example,
Random Forests minimize variance by averaging results
from numerous decision trees, while boosting methods
like AdaBoost and XGBoost reduce bias by emphasizing
difficult classification cases [6]. Through ensemble
learning, we can potentially strengthen crop disease
detection systems, particularly in scenarios characterized
by data diversity, class imbalance, and multi-crop
complexity.

This study explores how ensemble methods can
improve image-based crop disease detection, focusing
specifically on enhancing generalization with non-IID,
decentralized data. Automated crop disease detection
represents a sophisticated pattern recognition challenge
that requires computer systems to identify subtle visual
differences between healthy and diseased plant tissues
from digital photographs. This multidisciplinary field
integrates computer vision, machine learning, plant
pathology, and to offer
comprehensive solutions for modern farming [7]. The
complexity of this domain arises from the intricate nature
of plant-pathogen interactions, which manifest diverse
visual symptoms across varying temporal and spatial
scales, ranging from microscopic cellular changes to
macroscopic alterations in plant morphology, creating a
hierarchical pattern recognition problem that demands
sophisticated analytical approaches [8].

Digital image analysis serves as the technological
core for automated disease detection, with farmer-
captured images containing rich information on plant
health encoded in color patterns, texture variations, and
morphological changes [9]. However, extracting
meaningful diagnostic information from raw pixel data
necessitates sophisticated processing techniques to
handle variations in image quality, lighting, and camera
specifications. A fundamental challenge in agricultural
image processing is the inherent variability of natural
where unlike controlled laboratory

agricultural engineering

environments,

settings, field conditions introduce numerous
confounding factors including variations in solar
illumination, weather conditions, wind movement

causing motion blur, and varying camera angles resulting
in perspective distortions that robust processing
algorithms must accommodate [10].

Ensemble learning has proven consistently effective
in improving both accuracy and robustness, with studies
demonstrating typical accuracy improvements of 2-5%
plus enhanced robustness to environmental variations [5],
[11]. The theoretical foundations for ensemble learning in
agriculture are well-established, drawing from statistical
learning theory, information theory, and pattern
recognition, with the diversity principle being
particularly valuable as different models may excel at
detecting various visual patterns or perform better under
specific environmental conditions, enabling robust
disease detection across diverse scenarios. However,
substantial gaps remain between laboratory performance
and real-world effectiveness, with the non-IID nature of
agricultural data creating significant challenges for model
generalization, consistently showing degradation when
models encounter unfamiliar environmental conditions,
crop varieties, or image acquisition parameters [12], [13].

The domain adaptation challenge serves as a major
barrier, as systems performing excellently in controlled
research often show significant accuracy drops in real
agricultural environments due to different lighting,
equipment, and geography, while data heterogeneity
through geographic, temporal, and equipment variations
creates complex distribution shifts difficult to address
traditionally.

In this research, we offer an ensemble learning
system based on stacking that combines many CNN
architectures as base learners, including VGG, ResNet,
and Inception's concept with a meta-learner that
optimizes the fusing of their outputs. This architecture
improves the system's capacity to generalize across many
crop disease categories, reduces dataset variability, and
increases prediction accuracy.

2. Methods

Ensemble learning is a powerful machine learning
paradigm that synergistically combines the predictions of
multiple individual models to achieve superior overall
predictive performance compared to using a single
model [14] - [16]. This strategy is particularly effective in
enhancing accuracy, robustness, and generalization
capabilities, especially when tackling complex and noisy
datasets like those encountered in crop disease detection
[17], [18]. The core principle behind ensemble method-
ology is that a committee of diverse models can
collectively make better decisions than any single expert
[19], [20]. This improvement stems from reducing errors

Scientific Journal of Engineering Research 2025, 1, 4

https://journal.futuristech.co.id/index.php/sjer



Betrand, et al, Ensemble Learning Framework for Image-Based Crop Disease Detection Using CNN Models 189

that individual models might make due to variance, bias,
or noise in the data. Ensemble methodologies can be
broadly categorized based on how the base classifiers
interact during training (sequentially or concurrently)
and the strategies employed to combine their outputs.
The diversity among ensemble members is crucial, as
they should ideally make different errors to maximize the
benefit of their combination [21] - [23].

Stacking aims for the highest possible generalization
accuracy by learning how to optimally combine the
predictions of diverse base learners [24]. It is a powerful
technique that can reduce both bias and variance and is
particularly effective for combining heterogeneous weak
learners [6]. The core idea is to train a "meta-learner" that
takes the predictions of several base models as its input
and learns to make a final, more accurate prediction.

2.1. Data Acquisition

The dataset wutilized for this project is the
PlantVillage dataset, a widely recognized and publicly
available collection of plant leaf images. This dataset is a
cornerstone for research in plant pathology using
computer vision due to its comprehensive nature. The
PlantVillage dataset is publicly available in kaggle and
can be accessed via,
https://www .kaggle.com/datasets/sarahgmn/plant-
village-dataset) and the original PlantVillage project
website [9], [12]. It comprises a large number of high-
resolution images of healthy and diseased plant leaves.
The dataset is well-structured, typically organized into
folders where each folder represents a specific plant
species and disease combination (or healthy state). The
dataset covers a variety of plant species (e.g., apple, corn,
grape, potato, tomato, etc.) and numerous disease
categories for each species, as well as healthy leaf images.
This diversity is crucial for training a robust model
capable of identifying a wide range of plant ailments. The
dataset typically contains over 50,000 images, providing
sufficient data volume for training deep learning models
effectively.

2.2. Preprocessing

Seven classes of photos of grape and potato leaves,
representing both healthy and diseased categories, make
up the dataset used in this study as shown in Table 1. The
dataset was split into training, validation, and test sets
using a roughly 70:20:10 ratio to provide dependable
model training and assessment. All photos were
preprocessed before being ingested into the model. This
involved scaling the pixel values to the range [0,1] by
dividing them by 255. During training, data
augmentation specifically, random image rotations of up
to 20 degrees—was used to improve generalization and
decrease overfitting. This allowed the model to acquire
more robust and rotation-invariant features.

2.3. Evaluation Metrics

A number of quantitative evaluation metrics were
used to compare the performance of the baseline CNN
model and the suggested ensemble architecture. In a
multi-class environment with varied grape and potato
disease categories, these measures were chosen to offer a
thorough insight of classification effectiveness. By
calculating the percentage of correctly categorized leaf
images in relation to the total number of samples, model
accuracy served as the main metric of overall
performance. However, supplementary metrics including
precision, recall, and Fl-score were calculated for each
disease class because accuracy alone could be deceptive
in the case of class imbalance. While recall gauges the
model's capacity to find all pertinent cases of a specific
disease, precision assesses the accuracy of positive
predictions by showing the percentage of genuine disease
detections among anticipated positives.

The Fl-score is a balanced statistic that is less
affected by unequal class distributions because it is the
harmonic mean of precision and recall. A more thorough
analysis of the model's performance across disease
categories with varying sample sizes was made possible
by the combination of these metrics. The distribution of
true and anticipated class labels was also visualized
using a multi-class confusion matrix. This matrix
revealed misclassification tendencies, such as the
misidentification of potato diseases as grape diseases or
the confusion between visually similar grape diseases.
These visual insights were essential for deciphering
model flaws and comprehending how intra-class
similarity affects classification performance.

The study included continuous evaluation measures
appropriate for multi-class models in addition to these
discrete metrics. A micro-averaging technique was used
to calculate the Area Under the Receiver Operating
Characteristic Curve (ROC-AUC), which offers a
threshold-independent evaluation of the model's capacity
to prioritize accurate classes over wrong ones. Strong
separability between illness groups is indicated by a high
ROC-AUC value. The trade-off between accuracy and
recall across different choice thresholds was further
captured by the Average accuracy (AP) score, which is
derived from the Precision—Recall curve and provides a
reliable performance metric under class imbalance.

Table 1. The feature extraction table.

Feature Explanation

Dataset 7 classes of grape and potato leaf
images collected

Data split Train: Validation: Test = 70:20:10

Preprocessing Pixels value rescale by 1/255

Data Augmenta- Random rotation <20°

tion (training)
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Figure 1. Confusion matrix showing crops disease detection.

3. Results and Discussion

The proposed model achieved an accuracy of 59% on
the test dataset, which consisted of 624 images across
seven classes. This result demonstrates that the model
was able to learn meaningful features, as the accuracy is
considerably higher than the random baseline of
approximately 14%. Nonetheless, the performance also
reveals certain challenges, particularly in differentiating
between visually similar disease classes and in handling
variations caused by inconsistent image capture
conditions. Performance improvements were observed
through two key modifications: unfreezing the last 30
layers of the network and applying a learning-rate
scheduling strategy. These adjustments allowed the
model to extract richer feature representations and
contributed to the observed accuracy gains.

The confusion matrix in Figure 1 reveals the model's
key strengths and weaknesses. It performs very well on
Potato_Early_blight (89 correct predictions) and
reasonably well on Grape_Black _rot (70 correct).
However, significant confusion occurs in two main areas:
Cross-Crop Misclassification: The model frequently
misclassifies Potato_Late_blight as a grape disease (e.g.,
21 times as Grape_Leaf_blight), indicating it is struggling
to distinguish between crops themselves, not just their
diseases. Also, within crop confusion: There is high
confusion between Grape_Esca and Grape_Black_rot,
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suggesting their visual symptoms (e.g., dark spots) are
too similar for the model to tell apart with the current
training. The cells represent classified and misclassified
samples. Figure 2 shows the trade-off between the
model's precision (how often its predictions are correct),
and its recall (how well it finds all the relevant cases)
across all disease classes. The model achieved an Average
Precision (AP) score of 0.68. This means that across all
probability thresholds, the model maintains a fairly
consistent balance between making accurate predictions
and identifying a large portion of the diseased plants in
the dataset. The score of 0.68 is a quantitative measure of
the model's overall performance in distinguishing
between the seven classes of grape and potato diseases.
The ROC-AUC graph, Figure 3 measures the mod-
el's ability to rank predictions correctly across all classes,
without being biased by class imbalance. The model
achieved an Area Under the Curve (AUC) score of 0.92.
An AUC score of 0.92 indicates a high level of perfor-
mance in distinguishing between the different classes.
This means that for a randomly chosen image, the model
is very effective at assigning a higher probability to the
correct class than to an incorrect one. This result suggests
the model has learned strong, separable features for the
task. It is important to note that this metric is generally
more optimistic than the Precision-Recall curve when a
class imbalance exists in the data. It good to note that
class imbalance within the dataset reduced the model’s
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Figure 3. ROC-AUC (micro-average).

10

ability to generalize equally well across all classes, while
the augmentation strategies employed lacked sufficient
diversity to simulate real-world variability. In addition,
the reliance on CPU-only training restricted both the
training duration and the feasibility of utilizing stronger
backbone architectures. Finally, the absence of crop-
specific domain adaptation limited the model’s adaptabil-
ity to different environmental and agricultural condi-
tions. The model's prediction probabilities for each of the
seven target classes are shown in Figure 4.

When the model makes a classification decision, the
bar chart shows how its confidence is distributed. The
model indicates that the input sample is most likely to
fall into the "Grape Black rot" class, which has the highest
probability (= 37%). Grape Leaf Blight (Isariopsis Leaf
Spot) comes next at around 25%, followed by Potato Late
Blight and Grape Healthy, all of which have moderate
risks of about 12-14%. Other categories, such as Grape
Esca (Black Measles), Potato Early Blight, and Potato
Healthy, are given significantly lower probability (< 10%),
suggesting that the model is less certain of these classifi-
cations for the particular case.

4. Conclusion

The study revealed that a transfer learning approach
with ResNet50, enhanced by augmentation, offers a pro-
mising baseline for crop disease detection, achieving 59%
accuracy on grape and potato datasets. Insights indicate
that fine-tuning pre-trained models addresses data scarci-
ty effectively while augmentation mitigates overfitting,
aligning with ensemble principles to improve robustness
in non- IID settings. Practically, this suggests potential for
affordable AI tools to aid farmers in early disease

Prediction Probabilities
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Figure 4. Prediction probabilities for crop diseases.
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detection, supporting sustainable agriculture. Class im-
balances between grape and potato subclasses, along
with insufficient coverage of background/lighting varia-
tions by augmentations, led to misclassifications (e.g. po-
tato as grape diseases). The Plant Village dataset’s con-
trolled nature may not fully reflect field variability, and
time/resource constraints prevented advanced techniques
like domain adaptation. These constraints highlight the
need for enhanced computational resources and diverse
data to achieve production-level accuracy (>90%), rein-
forcing the study’s focus on real-world applicability.

5. Limitations and Future Research

The results of this study demonstrates a promising
basis for crop disease identification across grape and po-
tato leaf classes is provided by the suggested ensemble
learning framework. Although the model outperformed
baseline CNN findings and performed rather well, a
number of issues affected its accuracy and generalizabil-
ity. The limited processing power available during train-
ing was one of the biggest limitations. The model's capac-
ity to investigate more intricate ensemble architectures or
deeper fine-tuning techniques was limited because the
tests were carried out on CPU-only hardware, which pre-
vented the model from being trained for longer epochs or
with higher batch sizes. The model's ability to acquire
deeper feature representations was unavoidably impact-
ed by this limitation, especially for disease categories that
exhibit minor or overlapping visual traits. Another im-
portant observation pertains to the underlying dataset.
Although the Plant Village dataset is widely used and
contains high-quality images, its controlled and homoge-
neous nature poses challenges for real-world scalability.

Another important observation pertains to the un-
derlying dataset. Although the PlantVillage dataset is
widely used and contains high-quality images, its con-
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