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ARTICLE INFO ABSTRACT

Melon cultivation is highly vulnerable to abiotic and biotic stress, and early

Article history detection remains difficult when monitoring relies on a single sensing
Received September 29, 2025 modality. This study investigated a multimodal stress-classification
Revised March 30, 2026 framework that combined root-zone measurements and canopy reflectance
Accepted April 9, 2026 descriptors for melon monitoring under greenhouse conditions. Soil pH,
Available online May 31, 2026 nitrogen, phosphorus, potassium, and temperature were acquired using an

RS485 multi-parameter sensor, while canopy images were captured using a
Raspberry Pi NoIR camera and converted into Normalized Difference
Vegetation Index features. Each synchronized observation was represented
as a graph with fixed variable nodes and correlation-based edges, enabling
relation-aware learning through a Graph Convolutional Network. The
proposed model was evaluated using cross-validation and compared against
conventional machine learning and non-graph deep learning baselines. The
graph-based model achieved the best overall classification performance,
indicating that explicit modeling of soil-canopy dependencies improved
discrimination between healthy and stressed plants. The results suggest
that graph-structured multimodal fusion is a promising strategy for Al-
assisted crop stress monitoring.
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1. Introduction

Melon (Curcumis Melo) is considered a high-value horticultural crop that plays a significant role in
both domestic and export-oriented agriculture production [1], [2]. However, its productivity is highly
vulnerable to abiotic stress factors such as nutrient imbalance, soil pH fluctuations, water scarcity, and
salinity, as well as biotic stresses including pest and disease attacks [3]—[7]. Undetected stress conditions
often lead to substantial reductions in fruit yield and quality, posing major challenges for sustainable
cultivation [8]. Conventional monitoring approaches in melon farming typically rely on manual
inspection or single-modality sensing techniques, which may fail to capture subtle stress signatures at an
early stage [9]—[11]. To address these challenges, recent research in precision agriculture has increasingly
focused on leveraging artificial intelligence (AI) for early stress detection, integrating multimodal sensing
technologies with advanced data-driven models [12]-[14].

Among sensing modalities, the Normalized Difference Vegetation Index (NDVI) has been widely
recognized as a powerful proxy for plant vigor, canopy greenness, and photosynthetic activity [15]. NDVI

d. heeps://doi.org/10.26555/ijain.v12i2.2237 @v http://ijain.org ijain@uad.ac.id


https://doi.org/10.26555/ijain.v12i2.2237
http://ijain.org/index.php/IJAIN/index
mailto:ijain@uad.ac.id?subject=%5BIJAIN%5D
mailto:son.akbar@te.uad.ac.id
http://creativecommons.org/licenses/by-sa/4.0/
http://creativecommons.org/licenses/by-sa/4.0/
http://crossmark.crossref.org/dialog/?doi=10.26555/ijain.v12i2.2237&domain=pdf

411 International Journal of Advances in Intelligent Informatics ISSN 2442-6571
Vol. 12, No. 2, May 2026, pp. 410424

has been successfully applied to detect water stress, nutrient deficiencies, and disease incidence in various
crops [16], [17]. Nevertheless, NDVI signals are inherently influenced by external factors such as soil
background, canopy geometry, and environmental illumination, which can reduce reliability when used
in isolation [18], [19]. Meanwhile, in-situ soil measurements such as pH, nitrogen—phosphorus—
potassium (NPK) concentrations, and temperature provide critical edaphic information on the root-zone
environment, but these parameters are rarely fused with canopy-level NDVT indices in existing stress
detection frameworks [20], [21]. This motivates the need for a multimodal representation that does not
treat the sensing channels as isolated measurements, but instead captures the dependency structure
between soil and canopy signals.

Graph Neural Networks (GNNs) have recently emerged as a promising paradigm for modeling
heterogeneous and relational data [22], [23]. Unlike conventional machine learning or deep learning
architectures that treat features as independent, GNNs enable structured representation of multimodal
datasets by encoding features as nodes and their interactions as edges [24]. In agricultural contexts,
GNNs have been employed for crop yield prediction, geospatial forecasting, and spatiotemporal stress
mapping, demonstrating the capacity to capture both spatial dependencies and temporal dynamics [25],
[26]. By representing soil parameters and NDVI-derived features as graph nodes and defining
correlations or temporal adjacency as edges, GNNs can learn complex soil-canopy interactions that
conventional models such as Random Forest (RF), Support Vector Machines (SVM), and even
Convolutional Neural Networks (CNNs) cannot effectively capture [27], [28].

Accordingly, this study is driven by three primary research objectives. First, it seeks to determine
whether melon stress monitoring can be effectively modeled as a graph-structured multimodal learning
problem through the integration of soil (edaphic) and canopy features into a unified representation.
Second, it evaluates whether graph-based multimodal fusion, utilizing Graph Neural Networks, can
enhance classification performance compared to conventional non-graph approaches trained on the same
set of input variables. Third, it aims to identify which feature groups most strongly influence stress
discrimination and to assess whether these contributions are consistent and interpretable across the
validation process.

2. Related Works
2.1.NDVI and Vegetation-Index-Based Stress Monitoring

Vegetation indices, particularly NDVI, have been central to precision agriculture for decades due to
their ability to quantify canopy greenness and photosynthetic efficiency [29]. NDVI has been applied for
monitoring drought stress, nitrogen deficiency, and disease in crops such as rice, maize, and cucurbits,
including melon [30]. For instance, Santo et al. demonstrated that spectral indices can reliably identify
salinity effects on melon plants, confirming the relevance of NDVI-based stress detection [31]. However,
several reviews argue that while NDVI provides essential canopy-level information, its discriminative
ability is limited by environmental and soil factors [15]. Recent bibliometric analyses emphasize the
growing interest in expanding beyond NDVI to multispectral and hyperspectral indices, highlighting the
need for data fusion approaches that integrate vegetation indices with additional soil or environmental
inputs [32].

2.2. Deep Learning for Plant Stress Detection

The advent of deep learning has significantly advanced stress and disease detection from plant imagery
[33]-[35]. CNN-based models have achieved remarkable success in leaf-level disease recognition and
canopy-scale stress classification [36]. Recent surveys highlight the rapid adoption of deep learning in
agriculture but also identify key challenges such as generalizability, reliance on large annotated datasets,
and limited use of multimodal data [37]. While CNNs are effective for NDVI imagery, they do not
explicitly incorporate soil or environmental features, leading to models that underexploit available
multisensor data streams. Hybrid architectures combining CNNs with temporal models such as LSTM
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have been proposed, yet these approaches still rely on feature concatenation rather than relational
modeling [38].

2.3. Multimodal Fusion of Soil and Remote Sensing Data

Several studies have attempted to fuse soil parameters with remote sensing indices to enhance crop
monitoring. For example, Singh ez al. employed deep learning fusion methods to estimate soil moisture
from multisource data, reporting significant improvements over unimodal baselines [39]. Similarly, Li
et al. used AutoML to integrate soil and climatic datasets for regional moisture estimation, achieving
higher accuracy and robustness [40]. These works illustrate the potential of multimodal fusion but
generally rely on traditional concatenation techniques, which fail to encode structural dependencies
among soil and canopy variables. Consequently, they do not fully exploit the relational nature of plant—
soil interactions.

2.4. Graph Neural Networks in Precision Agriculture

GNNss have gained traction in geospatial and agricultural modeling, offering advantages in capturing
spatiotemporal dependencies. Lu et al. proposed a spatiotemporal attention-guided GNN for agricultural
remote sensing, demonstrating improved vegetation index prediction [25]. Wang et al. developed a
temporal—geospatial GNN framework for crop yield prediction, outperforming CNN and LSTM
baselines [26]. These studies confirm that graph-based approaches can integrate heterogeneous data
sources and model relational dependencies critical for agricultural applications. However, to the best of
our knowledge, GNNs have not yet been explicitly applied to stress detection in melon crops using fused
soil and NDVT features. This research therefore addresses a unique gap by introducing a graph-based
multimodal stress detection framework tailored for melon cultivation, bridging soil-canopy interactions
with state-of-the-art deep learning.

Most multimodal agricultural studies still rely on early fusion through feature concatenation, in
which heterogeneous variables are stacked into a single vector before being processed by conventional
machine learning or fully connected deep networks. While this strategy is convenient, it encodes cross-
modal interactions only implicitly and assumes that the classifier can recover physically meaningful
relations without any structural prior [41]. This assumption becomes weaker when the predictors
originate from coupled subsystems, such as soil chemistry and canopy reflectance, because the predictive
mechanism depends not only on feature values but also on how the variables co-vary across the plant-
soil system. In contrast, graph-based learning introduces an inductive bias through the adjacency matrix,
enabling message passing across related variables and relation-aware feature aggregation [42]. For this
reason, a graph formulation is theoretically more appropriate than plain concatenation when
heterogeneous sensor channels are expected to exhibit structured interdependence.

3. Method
3.1. Prototype Development

The experiment was conducted on melon (Cucumis melo) crops grown under controlled greenhouse
conditions. A Raspberry Pi 4 Model B served as the primary edge computing platform for data acquisition
and preprocessing. For canopy imaging, a Raspberry Pi NoIR Camera V2 was employed. The camera,
sensitive to the near-infrared (NIR) spectrum, was equipped with a dual-band optical filter to enable
separation of the NIR and red channels. This configuration facilitated the computation of the
Normalized Difference Vegetation Index (NDVI), which is widely used as a proxy for photosynthetic
activity and canopy health [43]. Soil and root-zone parameters were measured using a DFRobot RS485
Soil Multi-Parameter Sensor. This integrated probe provides simultaneous measurements of soil pH,
nitrogen—phosphorus—potassium (NPK) concentrations, and soil temperature, thereby offering a
comprehensive view of edaphic conditions. The sensor communicates via the RS485 protocol and was
interfaced with the Raspberry Pi through a USB-t0-RS485 converter. This setup ensured robust and
noise-resistant data transmission even in greenhouse environments where long cable lengths were
required. Soil data were sampled every 10 minutes, while NDVI canopy images were collected daily under
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consistent illumination conditions to minimize diurnal variability. All measurements were logged into a
local database on the Raspberry Pi, synchronized weekly to a central workstation for further
preprocessing, feature extraction, and model training. The final dataset contained multimodal features
spanning soil chemistry, soil temperature, and canopy reflectance. Fig. 1 shows the prototype
development involved a soil pH sensor, an NPK sensor, a temperature sensor, and NDVI.

Fig. 1. Prototype design

3.2. NDVI Computation

NDVI values were computed from canopy images using the standard normalized ratio formula, which
contrasts near-infrared (NIR) reflectance with red-band reflectance to quantify vegetation vigor,
photosynthetic activity, and canopy health. NDVI values were computed from canopy images using the
standard formula [44].

NDVI = BIR—RED (1)

NIR+RED

Where NIR denotes near-infrared reflectance, and RED denotes red-band reflectance. High NDVI
values (0.6-0.9) typically indicate vigorous, healthy vegetation, while lower values (<0.4) suggest plant
stress due to nutrient deficiencies, water stress, or disease incidence. Beyond mean NDVI, additional
features such as variance, histogram bins, and texture descriptors were extracted to enhance model
discriminability, consistent with prior works on vegetation-index-based stress detection [45].

3.3. Data Preprocessing
3.3.1. Soil Data Normalization
Each soil parameter (pH, NPK, temperature) was normalized using z-score normalization:

z=2F Q)

where x is the raw measurement, u the mean, and ¢ the standard deviation of the feature [18].

3.3.2. NDVI Feature Extraction

NDVT images were segmented to isolate canopy pixels, from which statistical and textural features
were computed.
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3.3.3. Stress Labelling

This study should be interpreted as a prototype feasibility investigation rather than a definitive
predictive stress-classification study. The initial stress annotation combined visual inspection with an
NDVI-based operational rule, which may introduce partial label dependence on one of the predictor
families. To mitigate over-interpretation, the present work focuses on demonstrating the potential of
graph-structured multimodal fusion under the collected greenhouse dataset. A fully independent
relabeling protocol will be implemented in future work using expert agronomic scoring and yield-linked
validation.

3.4. Graph Construction

Each synchronized plant observation was represented as a graph signal on a fixed topology, denoted
as G¢(V, E, X;). The node set V was shared across all samples and consisted of eight variables: pH, N,
P, K, soil temperature, NDVI_variance, NDVI_variance, and NDVI_texture. The edge set E
encoded prior inter-variable relations and was implemented through a shared adjacency matrix A derived
from Pearson correlations among variables in the training set. Thus, the topology remained fixed, while
the sample-specific information was stored in the node-feature matrix X; in R®XY where each node
contained the normalized scalar value observed for plant sample t. Under this formulation, the
classification task was not node classification over a population graph, but graph-level classification over
a set of sample-specific graph signals defined on the same variable graph. The adjacency matrix A was
derived using Pearson correlation.

Ajj = 1,if | rho(x;, x;)| > tau; otherwise A;; = 0 3)
(xixj)
Where p pp— p(xiX;

RN*d where N is the number of nodes and d

the dimensionality. The adjacency matrix A was computed using Pearson correlation coefticients among
features. An edge was assigned if the absolute correlation exceeded 0.5. The correlation threshold for
graph construction was set to tau = 0.5 to retain moderate inter-variable associations while avoiding an
excessively dense graph. This choice was further examined through a sensitivity analysis using tau values
0f 0.3, 0.5, and 0.7. Table 1 summarizes the adjacency matrix A.

Each node was embedded into a feature vector X €

Table 1. Adjacency Matrix

pH N P K Temp NDVI_mean NDVI_var NDVI_texture
pH 1 1 1 0 0 0 0 1
N 1 1 0 1 1 0 0 0
P 1 0 1 0 1 0 0 0
K 0 1 0 1 0 0 1 0
Temp 0 1 1 0 1 0 1 0
NDVI_mean 0 0 0 0 0 1 0 0
NDVI_var 0 0 0 1 1 0 1 1
NDVI_Texture 1 0 0 0 0 0 1 1

3.5. Dataset Preparation

The dataset comprised synchronized soil and canopy observations collected from melon plants under
greenhouse conditions over multiple acquisition days. In addition to observing melon leaf morphology,
this study also analyzed leaf cell membrane damage and electrolyte leakage, a physiological response to
pathogen attack. Electrolyte leakage (EC) can be used as a marker for membrane damage and plant stress
[46], [47]. To improve transparency and reproducibility, Table 2 summarizes the number of plants, total
synchronized samples, number of NDVI images, observation duration, and validation protocol.
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Table 2. Dataset Summary
Item Value
Number of plants observed 15
Total synchronized samples 250
Number of NDVT images 250
Observation period August — November 2025
Validation protocol cross-validation

Fig. 2 shows the melon leaf samples. This information is necessary to assess data representativeness
and the scope of model generalization.

Fig. 2. Melon leaf sample, (a) healthy, (b) stressed

3.6. Graph Neural Network Model

We implemented a Graph Convolutional Network (GCN) [6], which propagates information across
graph nodes using the following layer-wise operation.

-1\ & ~ -1
HD = 6(Dyuge () ArnaeDeiae (5) HOWD )

In this formulation, A = A + Idenotes the adjacency matrix with added self-loops, where Iis the
identity matrix. The corresponding degree matrix of 4 is represented by D. The matrix H®denotes
the node feature representation at the I-th layer, while W (Vs the trainable weight matrix learned during
model training. Finally, o(-)represents the Rectified Linear Unit (ReLU) activation function, which
introduces nonlinearity into the network.

Our GCN architecture consisted of two convolutional layers (64 and 32 hidden units), a global mean
pooling layer, and a fully connected softmax classifier for binary classification (healthy vs stressed). The
loss function was cross-entropy.

logy* =-YL v ®)

where Vi is the true label and is the predicted probability. Training was performed for 200 epochs using
the Adam optimizer with learning rate 0.001 [25].
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3.7. Baseline Models

To benchmark the performance of the proposed GNN framework, several baseline models were
employed. The Random Forest (RF) was trained on concatenated soil and NDVI features to capture
multimodal patterns [26]. In addition, a Support Vector Machine (SVM) with a radial basis function
kernel was implemented to evaluate classification performance based on maximum-margin learning [27].
For image-based modeling, a Convolutional Neural Network (CNN) was applied exclusively to NDVI
images to assess canopy-level feature extraction. Meanwhile, a Long Short-Term Memory (LSTM)
network was trained on soil time-series data to investigate sequential modeling of edaphic parameters
[40]. Together, these baseline models provided a comparative foundation to evaluate the extent to which
the proposed GNN delivers significant improvements in stress detection for melon crops.

3.8. Evaluation Metrics

To ensure a fair architecture comparison, the proposed GCN was evaluated not only against unimodal
baselines but also against a multimodal Multi-Layer Perceptron trained on the exact same concatenated
input variables used to construct the graph signal. This comparison enables a more valid assessment of
whether the performance gain arises from graph-structured fusion rather than simply from access to
more modalities. In addition to accuracy, precision, recall, and Fl-score, the evaluation now includes
ROC-AUC and PR-AUC to provide a more comprehensive characterization of classifier performance
[25].

Precision = (6)
TP+FP
Recall = —~ 7
TP+FP
F1 — score = 2 X Precision + Recall ®)

In this procedure, the dataset was partitioned into five equal subsets; in each iteration, four subsets
were used for training while the remaining one was reserved for validation.

4, Results and Discussion

4.1. Data Acquisition from Raspberry Pi NoIR Camera

Daily NDVI images were successfully acquired using the Raspberry Pi NoIR camera system. The
images were processed to extract NDVI maps of the melon canopy. Fig. 3 illustrates an example of a
canopy NDVI map, where greener pixels (NDVI > 0.6) indicate healthy vegetation, while yellow to red
tones (NDVI < 0.4) highlight stressed areas.

A ‘ f ; .-
] "‘} A ‘" Ji ¢ ;-
Fig. 3. Melon leaf image extracted NDVI maps
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4.2. Soil Parameter Measurements via RS485 Sensor

The DFRobot RS485 multi-parameter sensor consistently provided reliable measurements of soil
conditions, capturing pH, NPK concentrations, and temperature with minimal noise. Table 3 presents
representative readings collected during one growth stage, illustrating the natural variability of soil
chemistry and thermal conditions in the greenhouse environment.

Table 3. Sample Soil Parameter Readings

Sensor Measurement

Sample - N P K Temp
r (mg/ke) (mglke) (mglke) )

1 6.06 46 20 98 26.9

2 6.93 38 21 72 29.3

3 6.6 30 29 86 27.6

4 6.4 49 19 94 27.4

5 5.73 ) 19 93 25.1

6 5.73 45 18 81 26.7

7 5.59 ) 2 87 26.9

8 6.8 43 21 84 27

9 6.4 32 28 81 27.9
10 6.56 35 27 85 27.7
n-500 6.98 48 19 78 25.3

The multimodal data acquisition system successfully recorded soil parameters and canopy reflectance
indices, enabling integrated analysis of melon crop conditions.

4.3. Soil Nitrogen and NDVI Data Colleration

The scatter plot illustrates a positive correlation between soil nitrogen concentration and NDVT index
values. Plants grown in soils with nitrogen levels above 40 mg/kg consistently exhibited NDVI values
greater than 0.6, indicating healthy physiological status. In contrast, nitrogen levels below 35 mg/kg
were associated with NDVI values under 0.5, suggesting stress conditions. This trend confirms that
nitrogen availability is a strong determinant of canopy vigor and validates the RS485 soil probe
measurements as reliable predictors of plant stress. Fig. 4 depicts the scatter plot of soil nitrogen and
NDVT indexs.

0.9

NDWI Index
o =] -]
o ~ oo

<
L

2
i

0.3

i ' A A i L I i
30.0 32.5 350 375 40.0 42.5 45.0 41.5
Soil Nitrogen (ma/ka)

Fig. 4. Data distribution of soil moisture and NDVT index
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4.4. Soil pH Distribution

The histogram of soil pH revealed that most samples fell between 5.8 and 6.8, aligning with the
agronomic optimum range for melon cultivation. A small number of samples with pH values near 5.5
or close to 7.0 may indicate localized microvariations in soil chemistry. Nevertheless, the overall
distribution confirms that the cultivation medium was maintained within the recommended range, thus
minimizing pH-induced stress effects. Fig. 5 illustrates the distribution of the histogram of soil pH.

Distribution of Scil pH Across Samples

40 _—

w
=1

[
(=1

Frequency

10

5.6 5.8 6.0 6.2 6.4 6.6 6.8 1.0
oH

Fig. 5. Historgram distribution of soil pH

4.5. Soil pH Distribution

The boxplot of soil temperature measurements demonstrated a median of approximately 27 °C, with
an interquartile range between 26.2 °C and 28.5 °C. Only a few measurements approached the extremes
0f 25 °C or 30 °C, indicating that the greenhouse environment provided stable thermal conditions. Since
melon plants are sensitive to both excessive cooling and overheating in the root zone, these results
confirm that temperature-related stress was minimal during the experiment. Fig. 6 depicts bloxplot of
soil temperature.

Boxplot of Soil Temperature Measurements

25 26 27 28 29 30
Temperature (°C)

Fig. 6.Bloxplot of soil temperature

4.6. Proposed Method Results

The proposed Graph Convolutional Network (GCN) architecture was designed with two graph
convolutional layers consisting of 64 and 32 hidden units, respectively, followed by a global mean pooling
layer and a fully connected softmax classifier. The input layer received multimodal features comprising
soil parameters and NDVI-derived embeddings, which were subsequently processed through the
convolutional layers to learn relational representations. Global mean pooling was then applied to
aggregate graph-level features, and the final softmax layer produced binary classifications distinguishing
between healthy and stressed plants. The model was trained for 200 epochs using the Adam optimizer
with a learning rate of 0.001. Training and validation curves, as illustrated in Fig. 7, demonstrated that
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the GCN achieved stable convergence after approximately 120 epochs, with validation accuracy stabilizing
around 91-92%.

Training and Validation Accuracy Curves of GCN
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[0} 25 50 fe] 100 125 150 175 200
Epochs

Fig. 7. Training validation curve of proposed method

Furthermore, the loss function exhibited a smooth downward trend, indicating effective optimization
and the absence of overfitting. Fig. 8 and Fig. 9 illustrates the ROC and PR-AUC of the proposed
method.

1.0 , 1.001
0.95
0.8
0.90
Q
2
;06 5085
2 B
5 2 0.80
% 0.4 S
W
E 0.75 1
g
0.2 0.70
——— Proposed GCN (AUC = 0.95) 0.65 1
0.04 Chance —— Proposed GCN (AP = 0.91)
0.0 02 0.4 0.6 0.8 10 0-60 0.2 0.4 06 08 10
False Positive Rate Recall
Fig. 8. ROC curve of the proposed GCN for fold- Fig. 9. Precision-recall curve of the proposed GCN

wise validation

As illustrated in Fig. 10, tau = 0.5 produced the highest mean validation F1-score and was therefore
retained in the final configuration. This analysis supports the use of a moderate threshold as a
compromise between graph sparsity and relation preservation.

0.92

0.91 A

0.90 1

0.89 4

0.88 1

0.87 A

Validation F1-score

0.86

0.85 A

0.84 T T T T T T T T T
0.30 035 040 045 050 055 060 0.65 0.70
Pearson correlation threshold

Fig. 10. Sensitivity analysis for the pearson correlation threshold used in graph construction
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Futhermore, Fig. 11 presents a representative confusion matrix from one validation fold, whereas the
summary values reported in Table 4 correspond to the mean performance across the full cross-validation
procedure. This distinction explains why the fold-specific accuracy derived from the confusion matrix
may differ slightly from the overall average validation accuracy reported in the text.

Healthy

True label

Stressed

Healthy Stressed
Predicted label

Fig. 11. Confussion matrix of proposed method

Based on Fig. 7, the model achieved a validation accuracy of 91.4% and a validation loss of 0.21.
These results not only indicate that the GCN successfully learned meaningful feature representations
from the multimodal dataset but also demonstrate a strong generalization capability when evaluated on
unseen data. The close alignment between training and validation accuracy, coupled with the low
validation loss, suggests that the model was eftectively optimized without signs of overfitting. Such
performance underscores the robustness and reliability of the proposed approach, validating its potential
as a practical and scalable solution for early stress detection in melon crops. The main implication of
these findings is that melon stress discrimination benefits from modeling the crop as a coupled soil-
canopy system rather than as separate sensing streams. The improved performance of the graph-based
model over non-graph baselines suggests that the predictive signal lies not only in the magnitude of the
individual variables, but also in their interdependence structure. This interpretation is consistent with
recent multimodal agricultural studies that report advantages when heterogeneous sensor sources are
integrated in a relation-aware manner [20], [21], [48]. A feature-ablation analysis was conducted to
estimate the relative contribution of the multimodal input groups. The strongest performance drop was
observed when soil nitrogen and NDVI variance were removed, indicating that these variables carried a
large portion of the discriminative signal for stress classification. This result is physiologically plausible
because nutrient imbalance and canopy spectral heterogeneity are both closely associated with stress
progression. To improve interpretability further, GNNExplainer can be applied to representative samples
to identify the most influential nodes and edges in the learned graph [49]. At the same time, the present
work should not be interpreted as introducing a fundamentally new graph-learning architecture. Its
contribution is methodological framing and application-level validation under a greenhouse melon
dataset. Future work should therefore focus on larger datasets, field validation, external agronomic
ground truth, and dynamic graph construction strategies.

4.7. Comparative Analysis

The Graph Convolutional Network (GCN) model consistently outperformed all baseline classifiers,
including Random Forest (RF), Support Vector Machine (SVM), Convolutional Neural Network
(CNN), and Long Short-Term Memory (LSTM), Multi-Layer Perceptron (MLP), across multiple
evaluation metrics. This superior performance underscores the effectiveness of graph-based multimodal
fusion, which is capable of jointly modeling soil parameters (pH, NPK, temperature) and NDVI-derived
canopy features in a relational structure. Unlike conventional models that either treat features
independently (RF, SVM) or rely on a single modality (CNN for imagery or LSTM for soil time-series),
the GCN effectively captures both the interdependencies and complementary contributions of
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multimodal data. As a result, it delivers higher accuracy, precision, recall, F1-score, ROC-AUC, and
PR-AUC, providing a more reliable prediction of plant stress conditions. The detailed comparison of
classification outcomes is presented in Table 4, which clearly illustrates the consistent advantage of the
GCN over traditional machine learning and deep learning approaches.

Table 4. Performance comparison of the proposed method with baseline methods

ROC- PR-AUC

Model Accuracy  Precision  Recall Fl-score AUC
Random Forest (RF) 0.856 0.848 0.864 0.856 0.903 0.897
Support Vector Machine 0.832 0.825 0.840 0.832 0.881 0.874
CNN (NDVI only) 0.871 0.863 0.880 0.871 0.918 0.910
LSTM (soil only) 0.846 0.838 0.854 0.846 0.895 0.888
MLP (multimodal concatenation) 0.892 0.886 0.898 0.892 0.936 0.929
GCN (proposed) 0.914 0.908 0.920 0.914 0.962 0.955

5. Conclusion

This study developed a graph-structured multimodal framework for stress monitoring in melon
plants by integrating soil measurements and NDVI-derived canopy descriptors. Rather than treating
these variables as isolated inputs, the proposed formulation modeled them as interacting nodes in a fixed-
topology graph, enabling relation-aware learning through a Graph Convolutional Network. The
experimental results indicated that the graph-based multimodal representation achieved better stress
classification performance than conventional baselines on the collected dataset. These findings suggest
that explicit modeling of soil-canopy dependencies is a promising direction for Al-assisted crop stress
assessment. Nevertheless, the current study remains limited by dataset scale, greenhouse-specific
acquisition conditions, and the need for stronger independent ground-truth validation. Future work
should expand the dataset, strengthen the labeling protocol, and evaluate the framework under more
diverse agricultural settings.
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