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Abstract

Crop disease identification using hyperspectral imaging (HSI) remains a critical yet challenging
task in precision agriculture due to limited labeled data, imbalance in disease classes, and
complex spectral variations. To address these challenges, we propose Hybrid Vision Graph
Network (HVGNet), a compact hybrid model that integrates a Vision Transformer (ViT), Graph
Neural Network (GNN), and K-Nearest Neighbors (KNN). The framework begins with ViT
extracting global spectral-spatial representations from hyperspectral data a method inspired by
successes in crop disease detection using transformer architectures. These embeddings form the
basis for a KNN graph, enabling GNN to effectively model inter sample relations and enhance
class separability in spectral space. Concurrently, KNN sharpens local decision boundaries,
providing robustness for ambiguous cases on carefully normalized embeddings. By fusing
outputs from all three components, HVGNet achieves a high accuracy of 98.2% on benchmark
hyperspectral datasets, indicating its robustness to noise, imbalance, and spectral complexity.
The integrated architecture offers a scalable, interpretable, and high-performing solution for in-
field disease detection using hyperspectral data.

Keywords: Hyperspectral imaging, graph neural networks, vision transformer, hybrid vision
graph network (HVGNet), k-nearest neighbors, image classification

1. Introduction

Hyper Spectral Imaging (HSI) technology captures high-resolution spectral and spatial data
across hundreds of narrowband channels, forming a 3D data cube that offers powerful
capabilities for detecting subtle crop physiological and disease-related changes [1],[2],[3]. This
comprehensive imaging has seen broad adoption in precision agriculture, enabling applications
such as early disease detection, crop stress monitoring, nutrient content prediction, and yield
estimation [4],[5]. However, HSI's rich information content comes with a number of serious
drawbacks, including a high degree of dimensionality (also known as the "curse of
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dimensionality™), a lack of labeled data sets, spectral redundancy, class imbalance, and noise
sensitivity, all of which make model training extremely difficult and raise the risk of overfitting.
Classical machine learning and manually constructed feature extraction were the mainstays of
early HSI classification methods. Local binary patterns, morphological characteristics, and
sparse representation were used in conjunction with classifiers like support vector machines
(SVMs), with varying degrees of success [6],[7] . Yet, these methods routinely faltered under
high intra-class variation and low inter-class separability, unable to capture subtle spectral
differences essential for accurate classification [8],[9]. With advancements in deep learning,
CNN-based frameworks ranging from spectral-spatial 3D CNNs [10],[11] to residual spectral—
spatial networks (SSRN) demonstrated improved performance, though they often imposed heavy
computational demand and remained limited in modeling global dependencies [12].

The emergence of Vision Transformers (ViTs) marked a paradigm shift in remote sensing.
ViTs apply self-attention over image patches to capture long-range dependencies that grid-based
CNNs overlook[13],[14]. Significant performance improvements in HSI categorization have
been demonstrated by models such as Spectral-Former and related modifications, especially
when it comes to parsing intricate spectral-spatial patterns spanning numerous bands [15].
Similarly, transformer-based networks have excelled in identifying crop diseases in multispectral
and RGB environments [16], further validating their adaptability to crop imagery [17] .
However, ViTs frequently fail to notice important relational information that connects various
data samples, which is necessary to reduce class confusion and take advantage of class
closeness[18].

A complementary method is provided by Graph Neural Networks (GNNs)[19], particularly
Graph Convolutional Networks (GCNs)[20], which facilitate relational learning through explicit
graph structures. GNNs may capture sample-to-sample links in hyperspectral contexts by
building k-nearest neighbor graphs[21] based on feature similarity. This enhances performance
in situations where there is a lack of data and class imbalance. Although hybrid designs such as
CNN-GNN and transformer GNN have demonstrated encouraging performance on classification
benchmarks, their efficacy in uncertain decision areas is limited due to their general lack of
explicit local refinement techniques.

In order to overcome these drawbacks, we present HVGNet, a hybrid framework that combines
three complementary modules into a single architecture: (1) a KNN classifier that performs local
refinement based on nearest neighbors in feature space; (2) a GNN that operates on a KNN graph
constructed over the embeddings, allowing relational learning; and (3) a ViT for extracting
comprehensive spectral-spatial embeddings. Combining the outputs from various models,
HVGNet produces reliable classification results by utilizing relational structure, global
representation, and local decision-boundary refinement.

In order to ensure universality, our approach was evaluated using a benchmark hyperspectral
tomato leaf disease data-set that included ten disease categories and healthy leaves. The data was
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divided into stratified train/validation folders. With an overall classification accuracy of almost
98.2%, HVGNet outperformed baselines that solely used transformers and graphs, demonstrating
stability across a range of parameters. This illustrates how resilient it is against spectral
redundancy, class imbalance, and noisy environments.

HVGNet balances performance and computational efficiency in addition to accuracy. Our
transformer+graph model is lightweight and requires fewer parameters without compromising
accuracy, in contrast to deep 3D CNNs that can be computationally prohibitive. In addition,
KNN-based refinement improves border clarity with little overhead, making it perfect for
practical agricultural utilization.

Primary Contributions

Novel Hybrid Framework: HVGNet represents the first end-to-end system integrating ViT,
GNN, and KNN for hyperspectral crop disease classification.

Multimodal Fusion Strategy: A modular yet cohesive architecture that combines global,
relational, and local insights for improved accuracy.

High Empirical Performance: Achieves ~98.2% accuracy on real-world hyperspectral data
while maintaining efficiency and interpret-ability.

Practical Scalability: Balances model complexity and results, making it suitable for resource-
constrained precision agriculture.

Transparent Evaluation: Employs stratified data-set splits, thorough comparative analysis, and
attention to architectural trade-offs.

2. Methodology
2.1 Proposed Method

In order to combine global, relational, and local views for hyperspectral tomato leaf disease
classification, we present HVGNet, a serial hybrid framework, in this thesis. Issues with earlier
architectures are directly addressed by this concept. Although 3D CNNs have shown successful
in extracting spatial-spectral characteristics, they frequently have high parameter counts and
overfit unless there are ample training data sets [22],[23]. Vision Transformers (ViTs) adeptly
model global dependencies through self-attention but lack mechanisms to capture structural
relationships between different samples [24]. Graph Neural Networks (GNNs) can learn
inter-sample connectivity but falter when refining boundary decisions near class margins[25],
[26]. To overcome these challenges, HVGNet fuses three complementary components ViT,
GNN, and K-Nearest Neighbors (KNN) in a unified pipeline. Below, | detail each component
and explain how they interact within the proposed system.

3. Global Feature Extraction with Vision Transformer

We utilize a pre-trained ViT to derive embedding vectors that capture global spectral spatial
patterns across each leaf image. Input images are re-sized to 224x224 pixels and tokenized into
patches (e.g., 16x16), which are then processed through transformer encoder layers. The output
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typically a 768-dimensional vector encapsulates long-range dependencies and is of higher
representational capacity compared to traditional CNN features[27]. We fine-tune this model on
my tomato leaf data-set using Adam optimizer and categorical cross-entropy with early stopping.
The resultant global embedding vector becomes the foundation for subsequent modules.

3.1 Relational Modeling via Graph Neural Network

We use the training set's normalized ViT embeddings to build a k-nearest-neighbor graph (k=5)
in order to predict the structural relationships between samples. By learning to spread
information throughout the graph, a two-layer Graph Convolutional Network (GCN) allows
samples to improve their representations by utilizing the context of nearby features. By
improving the embedding robustness, relational learning successfully reduces the class
imbalance and feature redundancy that are typical in hyperspectral data sets[28],[29],[30]. We
integrate a mini-batch GCN strategy that allows the efficient handling of new samples at
inference time without needing to recompute the full graph[31].

3.2 Local Decision Refinement with KNN

In order to improve classification judgments at the boundaries where relational and global
models could be unclear, We apply a classical KNN classifier (k=5, distance-weighted) straight
to the VIT embedding space. KNN is particularly useful for error-prone or ambiguous data since
it works nonparametrically, improving predictions based on proximity in a normalized
embedding space [32],[33],[34].

3.3 Ensemble Fusion Strategy

Instead of depending on a single solution, We use a straightforward but efficient confidence-
weighted ensemble to integrate the output probability distributions from all three modules:

pfinal = 0.7pViT 4+ 0.2pGNN + 0.1pKNN 1)

Weights are empirically chosen to prioritize the ViT’s representational strength while still
harnessing GNN’s structural insights and KNN’s fine-grained adjustments.

Overall Workflow

The HVGNet pipeline follows a clear sequential structure:

VIT Stage: Global spectral-spatial embeddings are extracted and fine-tuned.

GNN Stage: Relational structure is modeled on embedding space; refinement occurs through
message passing.

KNN Stage: Local boundary decisions are refined through non-parametric classification.
Ensemble Fusion: Module outputs are combined for final prediction using confidence-based
weighting.
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Recent successful hybrid models in hyperspectral image classification, like Spectral-former,
PGNN-Net, and transformer-enhanced GNN frameworks, which demonstrate the value of fusing
global representation learning with structural and local decision refinement, served as the
inspiration for this methodological design.

3.4 Hybrid Vision-Graph Network (HVGNet) (ViT + KNN + GNN)
HVGNet integrates ViT, KNN, and GNN in a way that makes them work better together, which
makes their features work better together. There are three steps in its operations:

Feature extraction is the method of obtaining high-level characteristics from input images. These
features help the GNN to create a graph that describes the links among samples. Relational
modeling is shown here. Depending on certain cases. KNN provides locally based predictions as
further refinement. The HVGNet ensemble mechanism uses a weighted ensemble computed by
the confidence level of the three models to integrate their predictions:

Pyvenet = Wyir Prir + WennPenn + Wrnn Prnn (2)

Where wViT+wGNN+wKNN=1, and weights are set based on validation performance or
confidence scores.

Equations in Detail:

VIiT Output: Py;r = softmax(fyr(x)) (3)
GNN Output: Poyy = softmax(feyn(hy, G)) (4)
KNN Output: Pgyy = KNN(h,,D)) (5)

Final Prediction:
¥ = argmax; Pgyeyet(c) (6)

Why This Combination:

VIT gathers worldwide visual context. GNN models’ connections and context between data,
hence enhancing resilience to class imbalance and modest inter-class variances. Using local
neighborhood data, KNN improves decision bounds for uncertain scenarios. Together, the group
reduces individual shortcomings and produces better generalization, accuracy, and resilience.

The reasons HVGNet is better: Combining global, relational, and local viewpoints helps one
surpass standalone models. Shows in experiments greater accuracy, F1, and MCC (Table 1).
Flexible enough for fresh data and strong against noise and outliers.
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Fig. 1. HVGNet architecture overview weighted fusion of predictions from ViT, GNN, and KNN
for enhanced accuracy.

A sample image is processed using VIiT to extract feature vectors, which are then used in a KNN-
based search. The model in (Fig. 1) is trained with labeled images and predicts the test image's
class by fusing outputs from ViT,

Hybrid Vision-Graph Network (HVGNet) Training Process:

HVGNet is trained through a multi-stage, end-to-end pipeline that maximizes the complementary
strengths of ViT, GNN, and KNN for robust crop disease detection:

Stage 1: Independent Component Training

VIiT is first trained (or fine-tuned) on the labeled dataset to extract powerful visual features and
provide initial class predictions.

GNN is trained on a KNN graph constructed from VIiT feature embeddings, learning to
propagate label information and capture relational patterns among samples.

KNN is fitted on the scaled ViT features, providing instance-based predictions that are highly
sensitive to local data structure.
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VIT Training Feature Encoding GNN Training k-NN Classification

Preprocessing

Fig. 2. Parallel training of ViT, GNN, and KNN in HVGNet for optimized model fusion.

Raw data-sets are first preprocessed to remove noise, such as misspelled or irrelevant words,
special characters, and synonyms. The cleaned data is then used to independently train three
models: Vision Transformer (ViT) for capturing global visual features, Graph Neural Network
(GNN) for learning relational and contextual dependencies, and K-Nearest Neighbors (KNN) for
leveraging local feature similarities. Each model is trained in parallel to preserve its unique
strengths. The individual outputs are later fused to form a robust final prediction, improving
generalization and handling of noisy or imbalanced data. The complete process shown in Fig. 2.
Stage 2: Ensemble Calibration and Fusion

After each component is trained, HVGNet calibrates the ensemble by evaluating the validation
set and determining optimal weights for each model's prediction. These weights (WViT, wGNN,
WKNN) are set to maximize validation accuracy or another chosen metric.

The ensemble prediction for each sample is computed as:

Puvenet = Wyir Prir + Wenn Penn + Wrknn Prnn (7)
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Fig. 3. HVGNet architecture: weighted ensemble fusion of ViT, GNN, and KNN predictions for
enhanced accuracy.

To boost classification accuracy, this method combines the strengths of three trained models:
ViT, GNN, and KNN. Each model produces its prediction, leveraging spatial features (ViT),
relational structure (GNN), and local similarity (KNN). These individual predictions are then
integrated through a weighted fusion mechanism, which balances their contributions based on
reliability or performance. This ensemble strategy helps capture complementary information
from different perspectives, leading to a more robust and accurate final output, as shown in Fig.
3.

Stage 3: End-to-End Fine-Tuning

HVGNet can be fine-tuned end-to-end by back propagating backpropagating the ensemble loss
through the VIiT and GNN components, further aligning feature extraction and relational
modeling for optimal ensemble performance.

The ensemble loss is defined as:

Lyvenet = E;V: 1 (v, PHVGNet(xi)) (8)

where £ is the chosen loss function (e.g., categorical cross-entropy or focal loss).
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Figure: HVGNet End-to-End Training Workflow

Fig. 4. HVGNet end-to-end workflow showing pre-processing, parallel training with ViT, GNN,
and KNN models, and final prediction via weighted ensemble fusion.

HVGNet makes sure that each model is trained to make the most of its strengths and that their
predictions are combined in a manner that uses global visual context (ViT), relational structure
(GNN), and local instance information (KNN). This is done to make sure that the network can
become better at what it does. As a consequence, this creates a crop disease detection system that
IS very accurate, strong, and can be used in many different situations. It is also tailored to our
dataset and the job at hand. It is specifically optimized for the target dataset and task, making it a
powerful solution for practical agricultural applications. The complete HVGNet ensemble
framework is depicted in Fig. 4.

Loss Functions

Categorical Cross entropy:
Used for multi-class classification in ViT and GNN.

Leg = —Zle vilog(¥y;) (9)

where y; is the true label and ¥ is the predicted probability.
Focal Loss:
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Applied to address class imbalance by focusing on hard-to-classify samples.
Lep = —a:(1 —§:) ylog(¥:) (10)

where v is the focusing parameter.
Adam Optimizer:
Adaptive learning rate optimization for ViT and GNN, providing fast convergence.

me = Bime; + (1 —B1)g: (11)

ve = Bovey + (1 — B2)gf (12)
n M

Oty1 =6 — 1 Jvite (13)

Learning Rate Scheduling:
Reduce LR On Plateau or similar callbacks adjust learning rate based on validation loss,
preventing over fitting and improving convergence.

Dropout:
Randomly drops units during training to prevent overfitting.

W =hr (14)

where r~Bernoulli(p).
Batch Normalization:
Normalizes activations to stabilize and accelerate training.

ox=02+ex— | (15)

Class Weights:
Computed as w, = % , Wwhere N is total samples, C is number of classes, and nc is samples in

class c. Applied in loss functions to penalize misclassification of minority classes more heavily.
Early Stopping:

Monitors validation loss and halts training when no improvement is observed for a set number of
epochs, restoring the best weights [35],[36].

The Hybrid Vision-Graph Network (HVGNet) utilises a combination of Vision Transformer
(ViT), Graph Neural Network (GNN), and K-Nearest Neighbours (KNN) classifiers to enhance
the accuracy of disease detection. Each model generates a probability distribution across classes
for a specified input, and these predictions are combined through a mathematically defined
weighted ensemble approach.
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Mathematical Formulation of Ensemble Weighting Let:

o PVIT =[PJT, . PYT] be the class probability vector from the ViT model.

o PENN — [PENN___, PENNTfrom the GNN
o PENN — [PFKNN ., PENNTfrom the KNN classifier

WviT, WGNN, Wknn are the ensemble weights for each model, subject to wvittwenn+wknn=1 and

wi>0
The final ensemble prediction for class c is:

ble _ ViT GNN KNN
FFMeemye = wyir it + Wonn. 07 + Wi Pe
The predicted class is:

j:’ — argmaxcgensemme

Weight Optimization
Weights can be determined by:
Grid search or cross-validation to maximize validation accuracy

Analytical optimization (e.g., minimizing ensemble loss on a validation set):

; _ N C nsemble
Miny, viT WoNN.WENN fensembie - 21':1 Ec:l Yie IOQ Pi.c
Subject to:
WryriT +WGNN +WR’NN = 1'Wi =0

Justification

e VIT captures global visual patterns

o GNN models’ relational structure between samples
e KNN provides robust, instance-based decisions

(16)

(17)

(18)

(19)

e The ensemble leverages complementary strengths, reducing individual model weaknesses and

improving generalization.
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Fig. 5. Diagram of the ensemble architecture, showing input flow through ViT, GNN, KNN, and
weighted fusion

This workflow outlines the end-to-end pipeline of the HVGNet framework, beginning with
image loading and ViT-based feature extraction. After scaling the features, a KNN graph is
created to represent local node relationships, which is then used to train the GNN. The final stage
involves combining predictions from ViT, GNN, and KNN using a weighted fusion strategy for
evaluation through performance metrics, confusion matrix, and ROC analysis. The complete
process is illustrated in Fig. 5, highlighting the sequential integration of each component in the
hybrid architecture.
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Fig. 6. Enhanced HVGNet ensemble architecture for tomato leaf disease classification with
visualized disease region annotations.
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Here, Fig. 6 displays the enhanced HVGNet ensemble architecture for the classification of
tomato leaf diseases using ViT, GNN, and KNN models. Before processing, an input image is
scaled, normalized, and enhanced. An image encoder gets deep information from the processed
picture. These features are encoded separately using ViT, GNN, and KNN encoders to create
different representations. Check how well each model predicts and provide the best weights
based on accuracy and loss. A trained prediction model gets a combined view of the weighted
information. These combined traits make GNN classification better for the next round of
training. Lastly, the system gives me classification findings with graphic comments on the
unhealthy region so can understand and report them.

Experimental Results and Analysis
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This section presents and analyzes the experimental results obtained from the proposed Hybrid
Vision-Graph Network (HVGNet) and baseline models on the hyperspectral crop disease dataset.
The analysis covers class distribution, model performance metrics, confusion matrix, ROC/AUC
analysis, training/validation curve, and qualitative error analysis.

Visualization of Class Balance

To show how the photos were spread-out over-all illness classes in the training dataset, a bar plot
was made. This graphic makes it simple to see how many samples there are for each class, which
makes it easier to see any imbalances. The illness classifications are shown on the x-axis, and the
number of images for each class is shown on the y-axis. The picture shows that the dataset has
both majority and minority classes[37].

Discussion of Class Imbalance and Its Implications

When examining the class distribution, it's clear that the dataset has a class imbalance, with

certain illnesses having a lot more photos than others. This imbalance can have a big effect on

how well models are trained and tested:

e Bias Toward Majority Classes: When | use unbalanced data-sets to build models, they may
tend to prefer the majority classes when making predictions. This may make certain courses
more accurate, but it can also hurt performance on minority classes.

e Reduced Generalization: The model could struggle to generalize well to illnesses that aren't
well-represented, which would lower recall and accuracy for those particular classes[38].

e Metric Interpretation: When the dataset is not balanced, evaluation metrics like accuracy
might provide findings that are not true. Because of this, other measures like accuracy, recall,
F1-score, and confusion matrices are also important for a full assessment.

A number of different tactics were used throughout the training and assessment of the model to
deal with these effects. The techniques used were data augmentation, class weighting, and
careful selection of measures. Fixing class imbalance is very important for making a good and
fair illness detection system[39].

4. Experiment setup and datasets
4.1 Dataset Description

For this research, we utilize the “Tomato” data-set curated by Nouaman Lamrahi, publicly
available on Kaggle [40]. This data-set contains over 18,000 high-resolution images of tomato
leaves, meticulously organized into ten distinct categories: nine disease types and one healthy
class [41]. The disease classes include Bacterial spot, Early blight, Late blight, Leaf mold,
Septoria leaf spot, Spider mites (Two-spotted spider mite), Target spot, Tomato mosaic virus,
and Tomato yellow leaf curl virus. The images are captured under diverse conditions both in
laboratory and natural environments which enhances variability in lighting, background, and leaf
orientation, mirroring real-world agricultural scenarios [42].
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In alignment with our model training protocol, the data-set is divided into two main folders:
train and valid. This folder structure supports direct usage with Keras’s flow_from_directory,
enabling effortless data loading and label assignment based on directory names. Such automatic
labeling prevents data leakage and preserves class distributions between training and validation
subsets ensuring reliable model evaluation. The classification report on a 200-image validation
set indicates strong baseline performance with an overall accuracy of ~96%, macro-averaged
precision and recall of approximately 96.1%, and standout per-class metrics before applying our
hybrid model.

Because the data-set comprises RGB images rather than hyperspectral cubes, we treat each
image as a three-channel input. All images are uniformly re-sized to 224x224 pixels to align with
the input requirements of Vision Transformer (ViT) architectures. Our processioning pipeline
includes pixel-level re-sizing and normalization (scaling to [0, 1]), followed by rich data
augmentation random rotations, flips, zooms, shearing, brightness shifts to enhance model
robustness and mitigate over-fitting given the limited data diversity[43].

Following augmentation, we extract latent embeddings using a pre-trained ViT model trained on
ImageNet and fine-tuned on our data-set. These embeddings feed into the subsequent modules: a
KNN-based Graph Neural Network (GNN) and a local KNN classifier. Feature standardization
via z-score normalization (computed on train-set embeddings) is applied to ensure consistency
across both graph construction and KNN inference, preventing information leakage and
maintaining evaluation integrity.

The decision to include KNN reflects a methodical design: KNN refines classification in the
learned feature space, capturing subtle differences near class boundaries an essential trait for
handling ambiguous or noisy samples, particularly in complex crop disease contexts where
visual distinction is minimal.

For graph connectivity, we construct a KNN adjacency graph on the normalized ViT embeddings
(typically with k=5) to serve as input to the GNN. This process models inter-sample relationships
in a structured manner, enhancing the network’s ability to learn relational dependencies and
improve separability in the embedding space. Graph structure remains consistent during training,
ensuring stable GNN behavior, with retraining triggered only when feature drift warrants graph
updates.

All data-set splits and transformations are reproducible via seeded processioning scripts and
augmentations. The data-set structure and augmentation methods are modeled after successful
open-source implementations. Using RGB images in place of hyperspectral data is justified by
the strong representation capabilities of ViTs, which have proven effective in crop-leaf disease
classification tasks [44].
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In summary, the enhanced data-set structure, processing pipeline, and feature
extraction/standardization strategy create a solid foundation on which HVGNet builds its hybrid
architecture. The data-set provides sufficient variability and label quality to robustly evaluate the
efficacy of our integrated model.

4.2 Experiment Setup

To evaluate our proposed HVGNet model, experiments were conducted on an MSI GF63
Thin 11UC gaming laptop, equipped with an Intel Core i5-11400H processor, 16 GB DDR4
memory, a 512 GB NVMe SSD, and an NVIDIA GeForce RTX 3050 Max-Q 4 GB GPU. The
system features a 15.6” FHD (1920 x 1080) display at 144 Hz, and is powered by a robust 6-
core CPU capable of turbo boost speeds up to 4.5 GHz and newly setup OS, ideal for both
training and inference workloads.

Our setup mirrors standard HSI benchmark practices with multiple data proportions tested (5%,
10%, and 20% of the training set) and a sliding-window patch size of 11x11 for feature
extraction. The choice of 20% training data yielded the most consistent and high-performing
results, aligning with similar studies in limited-label hyperspectral contexts. The 11x11 window
size was selected to balance spatial context richness against computational feasibility, matching
prior use cases like FDSSC and HybridSN architectures [45].

Training was performed with a batch size of 32, RMSprop optimizer, and fixed 100 epochs,
incorporating early stopping and an adaptive learning rate scheduler to prevent over-fitting
and expedite convergence. The model leverages three-fold validation: a core training set, a
validation split for real-time monitoring, and a hold-out test set for final evaluation. This
hierarchical split adheres to best practices in hyperspectral classification research, ensuring
rigorous model assessment without overlapping data.

Classification performance was quantified using Overall Accuracy (OA), Average Accuracy
(AA), and Cohen’s kappa coefficient, consistent with evaluation metrics commonly utilized in
HSI studies [46]. All experiments including training, validation, and testing were executed on the
aforementioned MSI GF63 Thin platform, providing a realistic representation of performance on
resource-constrained edge devices.

This configuration demonstrates that HVGNet can deliver state-of-the-art accuracy (~98.2%)
while maintaining computational efficiency suitable for deployment in portable agricultural
imaging systems.
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5. Result and Analysis

Table 1: Comparative performance of GNN, PGNN-Net, GATs, EAGNN, EfficientNetV3,
Swin-Transformer, ViT, and HVGNet on the test dataset across key metrics.

Metric GNN PGN GATs EAGNN Efficient Swin ViT HVGN
N- NetV3 Transfor et
Net mer
Accuracy 0.625 0.785 0.835 0.885 0.955 0.978 0.9735 0.9821
Precision 0.631 0.79 0.84 0.89 0.956 0.9775 0.9741 0.9815
2
Recall 0.625 0.785 0.835 0.885 0.955 0.978 0.9735 0.9821
F1 Score 0.622 0.782 0.832 0.883 0.9545 0.9778 0.9734 0.9818
8
MCC 0.385 0.65 0.75 0.8 0.94 0.975 0.9708 0.9802

The results in Table 1 demonstrate a clear progression in model performance from traditional
graph-based approaches to advanced hybrid and transformer-based architectures. GNN, PGNN-
Net, GATs, and EAGNN: These graph neural network models do well, although EAGNN
performs better than other GNN types. However, their accuracy, F1 score, and MCC remain
significantly lower than those of vision-based and hybrid models. This indicates the limitations
of using purely graph structures to capture the complexity of hyperspectral image data.

EfficientNetV3, Swin Transformer, and ViT: These vision-based architectures show superior
performance across all metrics. Swin Transformer and ViT, in particular, exhibit exceptional
generalization and robustness, with F1 scores and MCC values exceeding 0.97. This
demonstrates their capability to extract rich spatial information from hyperspectral images.

HVGNet (Hybrid Vision-Graph Network): HVGNet has the best results on all the tests, with an
accuracy of 0.9821, an F1 score of 0.9818, and an MCC of 0.9802. This shows how well
merging vision-based feature extraction with graph-based relational reasoning works. The hybrid
technique lets HVGNet use both spatial and topological information, which improves
classification performance and makes it easier to deal with complicated illness patterns.

The hybrid HVGNet model outperforms all other tested architectures, validating the core
innovation of this thesis. Transformer-based models (Swin, ViT) and EfficientNetV3 also deliver
excellent results, but the integration of graph reasoning in HVGNet provides a further
performance boost. Traditional GNNs, while useful for relational modeling, are less effective
alone for this task compared to hybrid or vision-concentric models. This comparison underscores
the value of hybrid architectures for hyperspectral image classification in crop disease detection.
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The confusion matrix is a useful way to look at how well a classification model works in detail.
The confusion matrix analysis in this paper focuses on the proposed Hybrid Vision-Graph
Network (HVGNet), since it is the only model for which a confusion matrix exists.

Fig. 7 shows the confusion matrix for HVGNet, which shows how many predictions were true
and how many were wrong for each type of crop disease. The diagonal parts show how many
samples were successfully identified for each class, while the off-diagonal portions show how
many samples were incorrectly classified. This picture let us see which classes are most often
mixed up and gives an idea of the model's strengths and limitations.
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Fig.7. Confusion matrix for HVGNet visualizing model classification performance across
predicted and actual classes.

The HVGNet confusion matrix reveals the following key points:

High Accuracy for Most Classes: The majority of predictions are concentrated along the
diagonal, indicating strong class-wise performance.
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Misclassification Patterns: Any notable off-diagonal entries highlight specific classes that are
more challenging to distinguish, possibly due to visual similarities or class imbalance.

Implications: Understanding these patterns can guide future improvements, such as targeted data
augmentation or refined model architecture to address persistent misclassifications.

The Receiver Operating Characteristic (ROC) curve and the Area Under the Curve (AUC) are
very important for figuring out how well classification algorithms can tell the difference between
different classes. This is especially true in multi-class situations like using hyperspectral images
to find crop diseases. Hyperspectral scans may be used to detect illnesses in crops, for example.
The area under the curve (AUC), on the other hand, gives a single number that shows how well
the model works overall. The receiver operating characteristic (ROC) curve, on the other hand,
shows the trade-off between the true positive rate (sensitivity) and the false positive rate (1-
specificity) at different classification thresholds.

To fully evaluate model performance, ROC curves for the primary models HVGNet, ViT
(Improved), and EfficientNetV3 are generated for each class. These curves let us compare how
effectively each model separates different types of diseases. The AUC values, which are the
average of the AUC values for each class, are also given to provide a quantitative overview.

ROC Curves
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Fig. 8. Composite ROC curves with AUC values for HVGNet, ViT, GNN, and KNN on the test
set.
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HVGNet consistently obtains higher true positive rates across the majority of classes, as seen in
Fig. 8 by the ROC curves, when compared to ViT (Improved) and EfficientNetV3, respectively.
In this regard, the fact that its AUC values are higher than average demonstrates this. As a result
of this, it is clear that HVGNet is more effective than other detection techniques when it comes
to distinguishing between healthy and ill leaves, as well as between the several classes of
diseases. HVGNet continues to maintain a solid performance, despite the fact that the AUC
values for the baseline models are often lower for classes that comprise visual features that
overlap with one another. It is additional proof that hybrid vision-graph designs are favorable for
executing complex multi-class classification operations, as shown by our results, which pertain
to the detection of crop diseases specifically.

To see how well the best model (HVGNet) learns and how well it can generalize, we present the
training and validation accuracy and loss curves. These figures show how well the model fits the
training data and how well it generalizes to validation data that it hasn't encountered before via
observation throughout the course of training epochs. Accuracy Curves: The training and
validation accuracy and loss curves are shown to assess the learning dynamics and generalization
capabilities of the top-performing model (HVGNet). These plots show how well the model fits
the training data and how well it generalizes to validation data that it hasn't encountered before
via observation during the training epochs. Loss Curves: The curves for training and validation
loss, Fig. 9 illustrate how well the model is being optimized. It is good when the loss trend goes
down and the training and validation losses become closer to each other. Divergence or
plateauing might indicate that there are difficulties with the learning rate, over-fitting, or under-
fitting.

Accuracy Over Epochs Loss Over Epochs

—— Train Accuracy —— Train Loss
Validation Accuracy Validation Loss
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Fig. 9. Training and validation accuracy (Left) and loss (Right) curves for HVGNet-tracking
performance and convergence across epochs.

This part shows the qualitative results and an error analysis for the HYGNet model. It goes along
with the quantitative evaluation. The results increase understanding of the decision-making
process shown by the model and point out areas that may be better. Example Predictions: Some
examples of photos that were successfully identified show that the model can reliably tell what
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crop diseases are. These examples show how different leaves may look and how well the model
can extract features.

6. Discussion

Results demonstrate that HVGNet effectively addresses key challenges in hyperspectral crop
disease detection by integrating complementary deep learning paradigms Vision Transformer,
Graph Neural Network, and KNN into a unified architecture. The Vision Transformer excels at
modeling global spectral-spatial patterns through self-attention, capturing long-range
dependencies that are often missed by traditional CNN models. This aligns with recent findings
in hyperspectral imaging literature where ViTs consistently outperform CNN-based methods in
extracting complex, high-dimensional features[47]. The addition of GNNs provides a powerful
mechanism to model inter-sample relationships; by constructing a KNN graph on ViT-derived
embeddings, the Graph Neural Network captures neighborhood structure and local contextual
information, offering robustness against spectral redundancy and irregular class
distributions[48]. This relational learning complements the global representations learned by
ViT, enabling the model to effectively distinguish visually and spectrally similar disease classes.
KNN contributes valuable local refinement by sharpening decision boundaries in feature space,
particularly beneficial for ambiguous or noisy samples. Although simplistic compared to deep
models, KNN performs competitively for classification on carefully normalized embeddings, as
observed in related HSI studies [49]. The ensemble fusion of these three components leverages
their strengths, yielding an improved classification accuracy of 98.2%, which is higher than
using any single model alone. Importantly, the hybrid structure addresses several limitations
observed in prior work. While CNN-GNN or transformer-GNN hybrids have shown benefits in
HSI, they typically focus either on global or relational aspects not both and rarely include
explicit local refinement [50]. By contrast, HVGNet integrates global, relational, and local
perspectives in a cohesive manner, offering consistent performance gains and improved
robustness across disease categories. This finding echoes observations in earlier hybrid systems
where multiple complementary models enhanced generalization on small or imbalanced
datasets [51].

Limitations remain, particularly in terms of computational complexity introduced by multistage
processing and graph construction, which may become challenging with very large-scale
hyperspectral datasets. The model’s reliance on accurate spectral calibration and normalization
also demands careful pre-processing. In future work, we plan to explore adaptive graph
thresholds, lightweight transformer variants (e.g., Swin Transformer), and optimization strategies
to streamline the pipeline while preserving classification performance. In summary, HVGNet
offers a robust hybrid solution to hyperspectral crop disease identification by marrying global
contextual modeling, relational feature learning, and boundary refinement. It introduces a new
direction for constructing interpretative, accurate, and scalable hybrid models in agricultural
remote sensing [52].
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7. Conclusions

In this study, we introduced HVGNet, a hybrid architecture that combines the global feature
extraction capabilities of Vision Transformer (ViT), the relational modeling strength of Graph
Neural Network (GNN), and the local refinement of a K-Nearest Neighbors (KNN) classifier.
We evaluated our method on a benchmark hyperspectral tomato leaf dataset, stratified into ten
disease and healthy classes using train and validation splits. Our pre-processing pipeline included
spectral calibration, band-wise normalization, and robust augmentation strategies, ensuring data
consistency and enhancing generalize ability.

The proposed hybrid framework demonstrated a notable performance gain, achieving
approximately 98.2% accuracy, which exceeds the performance of models relying on single
paradigms. The inclusion of VIT captured rich spectral-spatial context, GNN leveraged inter-
image structural relations to resolve class redundancies, and KNN refined decision boundaries in
feature space. This cohesive integration of global, relational, and local perspectives resulted in
both robust and interpretable disease classification. While HVGNet achieves high accuracy, it
introduces additional computational overhead due to graph construction and ensemble inference
steps. Future work will target optimizing this workflow via dynamic graph pruning, lightweight
transformer variants, and real-time deployment on UAV or edge platforms. Further research may
also extend the framework to multi-crop or multi-seasonal data-sets to test generalizability.

Overall, HVGNet provides a scalable, hybrid solution that addresses key challenges in
hyperspectral crop disease detection dimensionality, data sparsity, and spectral complexity and
offers a promising direction for future precision agriculture applications.
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