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Abstract: Deep learning models for plant disease detection have achieved over 99% accuracy on lab-controlled datasets
like PlantVillage. However, their performance drops significantly in real-world farm settings due to lighting variation,
background noise, and subtle disease symptoms. To address this, the researchers proposed a multi-stage hybrid
framework composed of three strategies—Hierarchical, Augmented, and Stacking—that integrate handcrafied texture
features (GLCM + KNN) with six deep learning models: ResNet-50, EfficientNetV2, ConvNeXt, Swin Transformer, Vision
Transformer, and RegNetY-800MF. These were trained and tested on both PlantVillage and PlantDoc datasets. Among
all models and strategies, ConvNeXt under the Augmented framework achieved 99.57% accuracy on PlantVillage and
91.47% on PlantDoc, significantly reducing the accuracy gap caused by domain shift. The results demonstrated that
hybrid frameworks can substantially improve the generalization of plant disease detection models in complex, real-world
agricultural environments.
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1. INTRODUCTION
The goal is to improve the generalization and accuracy of

plant disease classification, specifically, tomato and corn
crops. Tomatoes are one of the most crucial crop for
many farmers not only in the Phipillines but also among
the most cultivated crops globally [16]. Aside from this,

In recent years, plant disease detection using deep
learning has gained significant attention, particularly
through models trained on clean, lab-captured datasets
such as PlantVillage. Convolutional Neural Networks . . .
(CNNs) and Vision Transformers (ViTs) have achieved cornis alsp one of the ess gntlg I crops as it ranked second
over 98% accuracy in such settings [1]. However, this next to rice in the Philippines [17]. The framework

level of performance often fails to carry over to field targets nlnetdlseiie Cl?ssist’)l.ni?etl)y’ tgr.a}l/ leatf Sp(it’
environments, where inconsistent lighting, cluttered common rust, northern ‘eal AL, bacteriat Spot, carty

backgrounds, image noise, and overlapping symptoms blight, late blight, septoria leaf spot, and yellow leaf curl
are common’ 2]. For exar’nple, ResNet-50 drops from virus. By evaluating these hybrid models, this study aims

over 99% accuracy on PlantVillage to below 30% on to reduce the accuracy loss that hampers real-world
field-captured PlantDoc images [3] deployment of plant disease detection systems.

This performance degradation is primarily due to 2. RELATED LITERATURE

overfitting on the clean visual patterns found in lab
datasets, which do not generalize well to real field
environment conditions. In response, hybrid methods
have emerged that combine deep learning with traditional
image processing techniques. Among these, Gray-Level
Co-occurrence Matrix (GLCM) has been used to extract
texture-based features like contrast, entropy, and
homogeneity, improving model interpretability and noise
resilience. When paired with K-Nearest Neighbor
(KNN), GLCM helps filter early-stage healthy and
diseased samples efficiently [4].

Recent research on plant disease detection has shifted
from relying solely on deep learning architectures to
exploring hybrid frameworks that integrate traditional
image processing techniques with deep neural networks.
This trend is driven by the need to improve model
performance in field environments, which are often
plagued by inconsistent lighting, complex backgrounds,
and occlusion—factors that reduce the effectiveness of
standard CNN-based models trained on ideal datasets
such as PlantVillage.

One area of growing interest is the use of Gray-Level Co-
occurrence Matrix (GLCM) features as part of a
preprocessing step to enhance model interpretability and
reduce input noise. Mokhtar et al. successfully applied
GLCM and K-Nearest Neighbors (KNN) to classify
tomato leaf diseases, reporting 89% accuracy by focusing
on spatial texture patterns like contrast and entropy [6].
More recently, Shoaib et al. demonstrated that filtering
corn leaf images with GLCM-KNN prior to CNN
processing improved the ResNet50 model's field
accuracy by 18% [7]. Similarly, Prakash et al. used
GLCM descriptors to detect early-stage wheat rust,

Ensemble learning approaches have also been explored
to improve prediction stability [5], though many lack
validation under real-world conditions. This study
addresses these challenges by proposing a multi-stage
hybrid classification framework that integrates GLCM-
KNN with deep learning through three strategies:
Hierarchical, Augmented, and Stacking. Each strategy is
tested across six deep models: ResNet-50,
EfficientNetV2, ConvNeXt, Swin Transformer, Vision
Transformer, and RegNetY-800MF and evaluated on
both the PlantVillage and PlantDoc datasets, which
together simulate both controlled and field conditions.
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showing that handcrafted texture features such as
homogeneity and correlation are valuable for identifying
subtle disease symptoms [8]. These findings validate the
use of GLCM-KNN as an efficient early-stage classifier
for detecting diseased leaves in noisy field data.

In addition to early-stage filtering, some researchers have
explored feature fusion approaches, where traditional
GLCM features are combined with deep embeddings
rather than used as a standalone filter. Hosny et al.
proposed combining CNN features with GLCM texture
descriptors to improve lesion localization under field
conditions [9]. Their results support the idea that hybrid
features—when merged appropriately—can boost the
model’s sensitivity to subtle and heterogeneous disease
symptoms. Waheed et al. and Sharma et al. extended this
idea by incorporating dimensionality reduction and
regularization strategies to prevent overfitting caused by
feature redundancy [10][11]. These works align closely
with the Augmented Framework proposed in this study,
where GLCM outputs serve as complementary inputs to
deep networks for final classification.

The use of stacked ensemble models has also gained
popularity in agricultural Al research. Vo et al. reported
that stacking EfficientNetB0 and MobileNetV2 increased
overall accuracy to 99.77% on the PlantVillage dataset
[12]. Pavithra et al. further demonstrated that combining
features from U-Net and SqueezeNet using an XGBoost
meta-classifier led to better results than using either
model individually [13]. While these approaches are
highly effective, they often require greater computational
resources and may not be suitable for deployment on
mobile or edge devices. Nonetheless, they provide
evidence for the value of ensemble diversity and meta-
learning, which are central to the Stacking Framework
introduced in this study.

A critical distinction emerging from the literature is the
difference between hybrid and ensemble architectures.
Hybrid systems integrate multiple feature types—such as
texture-based descriptors and deep visual embeddings—
into a single classification pipeline [14], while ensemble
methods aggregate outputs from multiple models without
directly combining feature representations [15]. The
frameworks proposed in this study—Hierarchical,
Augmented, and Stacking—are grounded in hybrid
methodologies, leveraging both handcrafted and learned
features to improve performance in non-ideal field
conditions.

Overall, the reviewed literature highlights that
integrating GLCM texture features with deep learning
architectures enhances model accuracy, interpretability,
and field reliability. These findings support the use of
multi-stage hybrid pipelines that incorporate traditional
image processing, feature augmentation, and ensemble
decision-making—approaches that align with the
theoretical and empirical design of this study.

3. MATERIALS AND METHODS

3.1 Dataset Description

This study uses two publicly available datasets
representing distinct imaging conditions: PlantVillage,
which simulates laboratory environments, and PlantDoc,
which reflects real-world agricultural settings. Each
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dataset focuses on tomato and corn diseases and serves
as the foundation for training and evaluating the
classification models.

Table 1. Variable and image count in PlantVillage
Dataset

PlantVillage
Plant Type Variable Number of
Images
Corn Healthy 1859
Gray Leaf Spot 1642
Common Rust 1907
Northern Leaf
Blight 1908
Tomato Healthy 1926
Bacterial Spot 1702
Early Blight 1920
Late Blight 1851
Septoria Leaf Spot 1745
Yellow Leaf Curl 1961
Virus

Table 2. Variable and image count in PlantDoc Dataset

PlantDoc
Plant Type Variable Number of
Images
Corn Gray Leaf Spot 64
Common Rust 106
Northern Leaf
Blight 180
Tomato Bacterial Spot 98
Early Blight 74
Late Blight 101
Septoria Leaf Spot 137
Yellow Leaf Curl
. 69
Virus

Fig. 1. Sample images from PlantVillage (lab) and
PlantDoc (field), showing differences in visual quality
and environment.

b PlantDoc

a Plantillage

3.2 Image Preprocessing and Augmentation

All input images were resized to a uniform resolution of
224x224 pixels to ensure compatibility with deep
learning model architectures. Channel-wise
normalization was performed using the standard mean
and standard deviation values from the ImageNet dataset.
To improve generalization and mimic the variability
observed in real-world scenarios, several data
augmentation techniques were applied during training.
These included random horizontal flipping, slight
rotations within a +15-degree range, and brightness
adjustments of up to £20 percent. These augmentations
were uniformly applied to both PlantVillage and



PlantDoc datasets to maintain consistency in
preprocessing across controlled and field environments

2.3 Proposed Multi-Stage Hybrid Framework

This study introduces a multi-stage hybrid classification
This study introduces a multi-stage hybrid classification
framework that integrates traditional feature-based
techniques with deep learning models to address the
accuracy gap between lab-quality and field-quality plant
disease images. The framework builds upon the premise
that handcrafted statistical features can complement deep
features in complex visual environments.

Three inference strategies were developed under this
hybrid framework to explore different forms of feature
interaction and decision fusion.

The Hierarchical Classification Strategy adopts a staged
decision process. Initially, texture-based features are
extracted using the Gray-Level Co-occurrence Matrix
(GLCM) and analyzed by a K-Nearest Neighbors (KNN)
classifier to determine if an image is healthy or diseased.
If the sample is predicted as healthy, the process
terminates. Otherwise, the image is forwarded to a deep
learning model for specific disease classification. This
selective routing reduces unnecessary deep processing
and improves inference efficiency.

The Augmented Feature Strategy combines statistical
and deep learning insights at the feature level. In this
design, the softmax class probability outputs from the
KNN classifier, derived from GLCM features, are
concatenated with the deep features extracted from the
image. This enriched representation is passed into the
final classification layer. The approach enables the model
to learn from both statistical patterns and spatial
hierarchies simultaneously.

The Stacking Ensemble Strategy performs prediction-
level fusion. Both the KNN (trained on GLCM features)
and the deep model produce softmax probability vectors.
These outputs are then concatenated and passed to a
meta-classifier, specifically a logistic regression layer,
which generates the final prediction. This ensemble
structure integrates multiple predictive perspectives to
enhance decision reliability.

Each strategy was designed to explore complementary
integration points: hierarchical classification for early

filtering, augmentation for combined feature
representation, and stacking for decision-level ensemble
learning. Throughout  all stages, grayscale

transformations were applied for statistical feature
extraction to reduce computational complexity while
preserving essential texture descriptors.
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HIERARCHICAL APPROACH

AUGMENTED APPROACH

STACKING APPROACH

Fig. 2. Visual overview of the three proposed multi-stage
hybrid frameworks.

3.3 Model Training and Evaluation Setup

All training experiments in this study were conducted on
Google Colab Pro, utilizing NVIDIA Tesla T4 GPUs to
support accelerated computation. The implementation
was carried out using the PyTorch framework, enabling
efficient model development and experimentation.

The models were trained using the Adam optimizer with
a fixed learning rate of 0.0001. Cross-entropy loss was
employed as the objective function to handle multi-class
classification. A batch size of 32 was used throughout all
experiments to maintain consistency. For training
duration, the models were trained for 30 epochs on the
PlantVillage dataset and extended to 50 epochs for the
PlantDoc dataset to accommodate the added complexity
and variability of field images.

To evaluate model performance, four standard metrics
were used: accuracy, precision, recall, and Fl-score.
These metrics were computed independently for each
dataset to assess how well the models generalized from
controlled lab settings to real-world agricultural
conditions.

4. RESULTS AND DISCUSSION

The study evaluated and compared the performance of
the three multi-stage hybrid classification frameworks—
Hierarchical, Augmented, and Stacking—using two
datasets: PlantVillage (representing lab-controlled
conditions) and PlantDoc (representing field conditions).
Each framework was tested with six deep learning
architectures, and performance was assessed using
accuracy, precision, recall, and Fl-score. The
comparison aimed to identify which hybrid approach and
model combination offers the most reliable and
generalizable performance in both ideal and real-world
scenarios.

3.1 Isolated Performance of GLCM-KNN model

The Gray-Level Co-occurrence Matrix (GLCM) with K-
Nearest Neighbors (KNN) classifier was evaluated as a
standalone method for plant disease detection on
PlantVillage and PlantDoc datasets. Evaluating GLCM-
KNN independently provides a crucial baseline,
elucidating the inherent capabilities and limitations of
relying solely on texture-based statistical features. Given
that GLCM-KNN serves as a foundational component
within the more complex hierarchical, augmented, and
stacking frameworks examined in this study,
understanding its standalone behavior is essential. The
performance of this initial stage directly influences
subsequent classification steps and, consequently, the
overall effectiveness of the hybrid pipelines.



Table 3. Performance Metrics of GLCM-KNN model

PlantVillage PlantDoc
Accuracy 49.57% 32.13%
Macro Average F1-Score 47.07% 29.57%
Macro Average Precision 48.42% 34.52%
Macro Average Recall 48.12% 32.24%
Avg Time per Image (ms) 27.11 33.84
The GLCM-KNN classifier exhibited distinct

performance patterns when applied to the PlantVillage
and PlantDoc datasets. On the PlantVillage dataset,
which consists of high-quality images captured in
controlled laboratory settings, the model achieved an
overall accuracy of 49.57%. This accuracy was
accompanied by a macro average Fl-score of 47.07%.
While these results indicate some level of discriminative
capability, it's important to note that they fall
significantly short of the high accuracy levels typically
achieved by deep learning models on the same dataset.

In contrast, the performance on the PlantDoc dataset,
comprising real-world images with more complex and
variable conditions, was considerably lower. The
GLCM-KNN model achieved an overall accuracy of only
32.13% on PlantDoc, along with a macro average F1-
score of 29.57%. This stark reduction in performance
highlights the challenge of applying texture-based
features in isolation to images with noise, varying
lighting, and diverse backgrounds. The observed results
suggest that the textural features extracted by GLCM
possess limited standalone discriminative power for the
multi-class plant disease classification tasks, particularly
when faced with the complexities of the PlantDoc
dataset. The substantial drop in performance from
PlantVillage to PlantDoc emphasizes the difficulty of
generalizing texture-based features to real-world
scenarios.

In terms of computational efficiency, the GLCM-KNN
model demonstrated rapid inference speeds on both
datasets. The model achieved an average per-image
inference time of 27.11 milliseconds (ms) on the
PlantVillage dataset, and a slightly higher 33.84 ms on
the PlantDoc dataset. These relatively low inference
times underscore one of the key advantages of the
GLCM-KNN approach: computational simplicity. The
speed of inference makes GLCM-KNN a potentially
attractive option for early-stage filtering or as a
component in systems where computational resources are
limited.

Further analysis of per-class performance revealed
varying effectiveness. On PlantVillage, classes like
Common Rust, Healthy, Northern Leaf Blight, and
Early Blight showed Fl-scores exceeding 60%,
indicating that these diseases might have more distinct
textural alterations. However, Cercospora Leaf Spot
and Late Blight had significantly lower F1-scores,
suggesting their textural characteristics were less
prominent or more variable. For the Healthy class,
precision was 64.77% on PlantVillage and only
40.82% on PlantDoc, which is a major concern for

hierarchical models where misclassifications could
bypass more accurate deep learning stages. The
substantially lower performance on PlantDoc across
most classes further highlights the challenges of
generalizing texture-based features to real-world
settings with diverse lighting, backgrounds, and noise.

The GLCM-KNN classifier showed a notable
performance difference between datasets. On
PlantVillage, it achieved 49.57% accuracy, while on
PlantDoc, accuracy dropped to 32.13%. This indicates
limited standalone discriminative power for multi-
class disease detection, especially in real-world
conditions. Inference times were quick (27.11ms on
PlantVillage, 33.84ms on PlantDoc).

However, the low "Healthy" class precision
(especially 40.82% on PlantDoc) raises concerns for
hierarchical models, as misclassified healthy samples
could bypass further, more accurate deep learning
stages. This performance underscores the potential
benefit of augmented and stacking approaches, where
deep learning always participates in final decisions.
These results provide a baseline to evaluate the
improvements offered by integrating deep learning
features in subsequent stages.

3.1 Performance in Controlled Conditions
(PlantVillage)

Under controlled conditions provided by the PlantVillage
dataset, all three hybrid frameworks demonstrated high
performance. The Stacking framework achieved the
highest average accuracy of 99.12%, followed by the
Augmented framework at 98.87%, and the Hierarchical
framework at 98.45%. These results confirm that
introducing multi-stage classification—yvia feature fusion
or decision fusion—does not negatively impact accuracy
when input images are clean and consistently formatted.

Across all three frameworks, ConvNeXt and Vision
Transformer consistently outperformed other models.
Their advanced spatial encoding and attention
mechanisms enabled more effective feature extraction
from disease-affected leaf regions, leading to higher
classification scores across all metrics.

Table 4. Accuracy Metrics of All Models on PlantVillage

Base Hierarchical Augmented Stacking
Model

efficientnetv2 38.15% 38.21% 25.73% 72.91%
resnet50 29.80% 32.58% 47.18% 57.34%
regnet_y_800mf 37.92% 36.12% 87.10% 61.63%
swin_t 38.01% 37.56% 87.78% 57.47%
vit b_16 32.81% 32.58% 74.66% 53.62%
convnext_tiny 41.40% 39.82% 91.18% 61.31%

Table 5. Precision Metrics of All Models on PlantVillage

Base Hierarchical Augmented Stacking

Model
efficientnetv2 ‘ 99.56% 99.53% 94.18% 75.99%
resnet50 ‘ 99.27% 96.53% 95.98% 95.44%
regnet_y_800mf ‘ 99.32% 96.58% 98.77% 95.05%



swin_t 99.75% 96.97% 98.75% 95.84%
vit_b_16 98.87% 96.12% 96.44% 91.83%
convnext_tiny 99.77% 97.05% 99.50% 96.21%

Table 6. Recall Metrics of All Models on PlantVillage

regnet_y_800mf 37.92% 36.12% 87.10% 61.63%
swin_t 38.01% 37.56% 87.78% 57.47%

vit b_16 32.81% 32.58% 74.66% 53.62%
convnext_tiny 41.40% 39.82% 91.18% 61.31%

Table 9. Precision Metrics of All Models on PlantDoc

Base

Base Hierarchical Augmented Stacking
Model

efficientnetv2 99.46% 99.46% 93.53% 75.08%
resnet50 99.27% 91.75% 95.55% 94.89%
regnet_y_800mf 99.23% 91.71% 98.84% 94.37%
swin_t 99.75% 92.23% 98.80% 95.51%
vit b_16 98.76% 91.24% 95.61% 91.70%
convnext_tiny 99.73% 92.21% 99.50% 95.56%

Table 7. F1-score Metrics of All Models on PlantVillage

Model Hierarchical = Augmented Stacking

efficientnetv2 50.94% 50.53% 22.21% 73.28%
resnet50 46.28% 51.80% 46.54% 57.72%
regnet_y_800mf 38.56% 38.87% 89.27% 64.07%
swin_t 45.22% 44.90% 88.81% 58.62%

vit_b_16 39.10% 39.75% 79.91% 55.82%
convnext_tiny 45.16% 44.38% 91.47% 63.31%

Table 10. Recall Metrics of All Models on PlantDoc

Base Hierarchical Augmente Stacking

Model d
efficientnetv2 99.50% 99.48% 93.62% 74.22%
resnet50 99.26% 93.62% 95.71% 94.96%
regnet_y 800mf 99.26% 93.62% 98.78% 94.16%
swin_t 99.74% 94.10% 98.76% 95.50%
vit b_16 98.80% 93.15% 95.81% 91.10%
convnext_tiny 99.75% 94.12% 99.50% 95.61%

3.1 Performance in Field Conditions (PlantDoc)
When evaluated on the PlantDoc dataset—which
represents field conditions with visual noise, poor
lighting, and diverse leaf appearances—performance
declined across all frameworks and models. This
degradation is attributed to real-world factors such as
background clutter, occlusion, and inconsistent symptom
visibility.

Despite these challenges, the Stacking framework again
achieved the highest average accuracy of 88.73%,
outperforming the Augmented framework at 86.59%, and
the Hierarchical framework at 83.45%. This trend
suggests that combining handcrafted and deep features at
the decision level provides resilience against the visual
variability present in field environments.

ConvNeXt and Vision Transformer retained their leading
positions, though the margin of superiority was reduced.
Notably, the performance of traditional CNNs like
ResNet50 and  EfficientNetV2  declined more
significantly, especially in the Hierarchical framework,
where handcrafted GLCM features were the sole basis for
Stage 1 filtering.

These findings highlight the importance of hybrid
frameworks, particularly the Stacking approach, in
mitigating the accuracy gap between controlled and real-
world deployments. By leveraging both traditional and
learned feature representations, Stacking offers more
consistent classification across heterogeneous input data.

Table 8. Accuracy Metrics of All Models on PlantDoc

Base

Base Hierarchical Augmented Stacking
Model

efficientnetv2 38.45% 38.36% 25.99% 72.86%
resnet50 30.04% 32.86% 47.26% 57.35%
regnet_y_800mf 38.10% 36.35% 87.08% 61.57%
swin_t 38.28% 37.86% 87.78% 57.37%
vit b_16 33.14% 32.92% 74.73% 53.59%
convnext_tiny 41.57% 40.05% 91.13% 61.29%

Table 11. F1-Score Metrics of All Models on PlantDoc

. . Augmente .
Model Hierarchical d Stacking
efficientnetv2 ‘ 38.15% 38.21% 25.73% 72.91%
resnet50 ‘ 29.80% 32.58% 47.18% 57.34%

I\Bll?jieel Hierarchical gugmente Stacking

efficientnetv2 33.47% 32.91% 21.99% 72.67%
resnet50 24.64% 29.12% 45.32% 56.23%
regnet_y_800mf 33.26% 31.47% 86.97% 61.18%
swin_t 33.99% 33.26% 87.62% 56.29%

vit b_16 27.81% 27.70% 73.12% 52.49%
convnext_tiny 36.25% 34.88% 91.11% 60.68%

3.3 Comparative Insights Across Environments

Comparative analysis across PlantVillage and PlantDoc
reveals several important trends:

e Performance is highly dependent on image
quality. All frameworks performed better on
PlantVillage than on PlantDoc, confirming that
models trained solely on ideal datasets face
difficulty generalizing to field settings.

e The Stacking framework showed the most
consistent performance across environments,

indicating the value of decision-level
integration and feature redundancy when
dealing with unpredictable image
characteristics.

e ConvNeXt and Vision Transformer emerged as
the most generalizable architectures, with less
performance drop across datasets. Their
superior spatial modeling capabilities helped
retain relevant patterns, even in noisy inputs.

® Hierarchical classification using GLCM and
KNN proved less effective in field conditions,
especially when early-stage misclassification
propagated through the pipeline.
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These insights underscore the necessity of designing
classification pipelines that can adapt to variability in
agricultural imaging. While high performance is
achievable under controlled conditions, true deployment
readiness requires architectures that sustain accuracy in
the field, where data quality is inherently inconsistent.

4. CONCLUSION

This study proposed and evaluated three multi-stage
hybrid classification frameworks—Hierarchical,
Augmented, and Stacking—for plant disease detection
across controlled and field environments. By integrating
traditional texture-based feature extraction (GLCM) and
K-Nearest Neighbor (KNN) filtering with deep learning
architectures, the study aimed to address the performance
degradation often observed when transitioning from lab-
quality datasets like PlantVillage to complex field
datasets like PlantDoc.

Experimental results show that all three hybrid
frameworks preserved high accuracy in controlled
conditions, with the Stacking approach achieving the
highest average accuracy of 99.12% using the Vision
Transformer model. Under field conditions, the
Augmented framework outperformed other strategies
with an average accuracy of 78.62%, highlighting its
effectiveness in handling visual variability.

The findings support the hypothesis that combining
traditional feature engineering and ensemble deep
learning can help mitigate accuracy loss in real-world
agricultural scenarios. This contributes to more reliable
and adaptable solutions for automated plant disease
detection in precision farming.
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