Available online at website: https://jurnal.iaii.or.id/index.php/RESTI

JURNAL RESTI

(Rekayasa Sistem dan Teknologi Informasi)
Vol. 10 No. 4 (2026) 937 - 948 e-ISSN: 2580-0760

Multimodal Contextual Learning for Maize Disease Diagnosis:
Fusing Visual and Environmental Data

Hilton Kudzai Chironga!, Muhammad Ary Murti?, Erwin Susanto?
1:23Department of Control and Intelligent Systems, School of Electrical Engineering, Telkom University, Bandung, Indonesia

*hiltonkudzaichironga@student.telkomuniversity.ac.id

Abstract

Maize Lethal Necrosis (MLN) and Maize Streak Virus (MSV) threaten food security in Zimbabwe, yet traditional
image-based deep learning models lack adaptability to varying agro-environmental conditions. This study
presents a multimodal contextual learning framework that fuses visual symptoms with environmental data to
improve diagnostic accuracy and interpretability. A multimodal Convolutional Neural Network integrates leaf
imagery with six environmental parameters (temperature, humidity, rainfall, soil moisture, leafhopper count, days
after planting) using a late-fusion architecture with multi-task learning for simultaneous disease classification
and five-stage severity estimation, enhanced by Gradient-weighted Class Activation Mapping (Grad-CAM) for
visual explanation. A synthesized dataset (n=9,356) representative of Zimbabwean conditions was used. The
multimodal approach achieved 94.3% accuracy versus 91.5% for image-only baselines (p<0.001, 95% CI), a
33.2% relative error reduction, with MSV-MLN confusion decreasing by 40.7% (113 to 67 misclassifications).
Multi-task performance reached 94.5% for classification and 81.5% for severity estimation (F1=0.805). Grad-
CAM analysis revealed environmental integration enhanced attention by 38.1% and localization by 45.2%, with
leafhopper count showing the strongest correlation (r=0.62). Ablation studies confirmed that environmental
features provided the largest accuracy gain (+3.71%, p<0.001). This work demonstrates that integrating
environmental context with visual symptoms enhances diagnostic accuracy and model interpretability,
establishing a foundational proof-of-concept for context-aware agricultural Al
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1. Introduction

Agriculture underpins economic development and food
security across Sub-Saharan Africa, with maize (Zea
mays L.) serving as a critical staple for food, feed, and
income. In Zimbabwe, maize is a major contributor to
GDP and national food security. However, emerging
diseases such as Maize Lethal Necrosis (MLN) and
Maize Streak Virus (MSV) threaten total crop loss,
heightening the risk of food insecurity [1], [2].

Precision agriculture-integrating sensors, machine
learning, and automation-is transforming farming
systems [3]. Deep learning (DL), in particular, has
enabled advances in disease detection, yield
forecasting, and pest control, often surpassing human-

level performance [4], [5]. Numerous Deep Learning
models have surpassed humans in accurately detecting
plant diseases. Convolutional neural network
architectures such as ResNet, EfficientNet, and
MobileNetV2 are now widely used in agricultural
imaging, achieving high-accuracy disease recognition
under diverse field conditions [4-9].

Recent advances in plant disease classification have
largely focused on improving visual feature extraction.
Shah et al. [6] compared several CNN architectures for
rice disease detection, finding that Inception V3 and
ResNet 50 achieved superior performance. Similarly,
Shahoveisi et al. [8] demonstrated the effectiveness of
transfer learning for rust disease detection, while
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Harahap and Irmawan [9] compared MobileNet,
EfficientNet, and Inception architectures for crop
disease prediction. Despite these successes, the
majority of these approaches rely solely on visual
information, overlooking the critical role of
environmental context in disease expression and
progression.

Despite these advances, image-based classification
remains fundamentally static-a phenomenon we
term "agronomic blindness" -where models classify
outputs without integrating contextual factors such as
temperature, humidity, rainfall, soil moisture, and crop
growth stage [10], [11].  These environmental
parameters critically influence disease progression,
transmission dynamics, and treatment efficacy.
Consequently, farmers often receive a disease label
(e.g., "MSV detected") without actionable insights
regarding when, where, or which interventions are most
appropriate.

Recent literature highlights that incorporating
environmental and temporal data can improve disease
management [3], [12]. Multimodal approaches have
been explored in various agricultural contexts: Patil and
Kumar [10] demonstrated a 13% improvement in rice
disease classification by fusing images with
environmental data, while Zhang et al [11] achieved
high accuracy in tomato disease classification using
multimodal fusion. Rashid et al [13] and Elsherbiny et
al [14] further validated the utility of IoT-based
multimodal data for crop monitoring. However, these
studies primarily focus on improving accuracy without
addressing  model  interpretability—a  critical
requirement for building trust among farmers and
enabling informed decision-making.

Similarly, explainable Al (XAI) studies in agriculture,
such as those by Bhandari et al. [15] and Nigar et al.
[16], have applied Grad-CAM and LIME to image-only
models, providing visual explanations of model
decisions. Yet these approaches lack environmental
context, limiting their ability to explain why a particular
disease manifests under specific conditions. To date, no
study has effectively integrated both multimodal
learning and explainability into a unified diagnostic
framework that provides both accurate diagnosis and
actionable, interpretable insights.

To address these gaps, this paper presents a multimodal
contextual learning framework for maize disease
diagnosis that integrates visual symptoms with
environmental and temporal data. Specifically, we
propose a multimodal CNN that fuses leaf imagery with
six-dimensional environmental parameters:
temperature, humidity, rainfall, soil moisture,
leathopper count, and days after planting. The system
incorporates a multi-task learning paradigm for
simultaneous disease classification and severity
estimation (Stages 1-5) and employs Gradient-weighted
Class Activation Mapping (Grad-CAM) for visual
interpretation.
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This work makes four contributions. We propose a
multi-task learning framework for joint disease
classification and five-stage severity estimation,
reducing computational cost while providing actionable
intervention thresholds [17-21]. Using Grad-CAM on a
multimodal model, we show that environmental
features sharpen visual attention—increasing lesion
focus by 38.1% and localization accuracy by 45.2%—
with leathopper count strongly modulating attention (r
= 0.62) [2], [15], [16], [22-25]. We also present a
rigorous evaluation of a synthesized multimodal dataset
(n=9,356) grounded in epidemiological principles and
Zimbabwean agro-climatic data, including ablation and
noise sensitivity analyses with confidence intervals [26-
28]. Finally, we demonstrate that integrating
environmental context with visual symptoms improves
diagnostic accuracy and interpretability, offering a
framework for context-aware agricultural Al with
future validation via low-cost IoT sensors.

2. Methods

This section describes the dataset synthesis, model
architecture, training protocol, and evaluation
methodology. All random operations use a fixed seed
(42). Train/validation/test split indices and environment
normalization parameters (mean, std) are saved to
ensure reproducibility.

2.1 Multimodal Dataset Synthesis

Due to the scarcity of real-world multimodal
agricultural datasets, we synthesized a dataset
(n=9,356) conditioned on epidemiological principles
and Zimbabwean agro-climatic data [26-28]. Three
balanced classes were generated: Healthy (3,033), MSV
(3,052), and MLN (3,231), as shown in Figure 1 [29],
[30].
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Figure 1. Balanced representation across three primary classes
(Healthy, MSV, MLN) with 3073, 3052, and 3231 samples each.
Balanced distribution mitigates the class imbalance issues common
in agricultural datasets.

The primary visual data source was the Maize Disease
Dataset-Zimbabwe. To increase variability, we applied
data augmentation to each original image Ioyg,

generating transformed images T (I,mg) as defined in
Equation 1 [9].
T () = {Rotateg (1), Flip,, /v(l),
Zoomz (I)’ Ad-] uStbrightness/contrast(I)
| 6 € [-30°,30°], z € [0.8,1.2]}

Q)
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A key innovation of this work is the simulation of agro-
environmental parameters conditioned on disease state
and geographical context, informed by historical
Zimbabwean agricultural and climate records [13],
[14]. For each image samplei, a six-dimensional
feature vector e® € R® was generated (Equation 2).

(@)

The components are sampled from class-conditional
distributions. Temperature (T, in °C) is drawn from a
Gaussian distribution NV (ur(d), 62), where the class-
dependent mean up(d) is 27.3°C for MSV (vector-
conducive), 22.8°C for MLN (moisture-conducive),
and 24.2°C for Healthy, reflecting known
epidemiological drivers: MSV transmission increases
with temperature, while MLN develops under cooler,
wetter conditions [31] (Figure 2). Relative Humidity
(H, in %) is sampled from a Gaussian with class-
dependent means of 82.4% for MLN (associated with
fungal-like conditions), 75.2% for MSV, and 57.5% for
Healthy, as higher humidity promotes fungal disease
development and vector activity [1]. Rainfall (R, in
mm), representing the 7-day cumulative rainfall
preceding observation, is simulated from a Weibull
distribution scaled to reflect MLN-favorable conditions
with higher rainfall [1].

e® = [T®, HO, RO, sM®, [ O, O]

Environmental Parameter Distributions by Disease Class
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Figure 2. Statistically significant differences enable conditional
inference. MSV exhibits higher temperature and leathopper count;
MLN exhibits higher humidity and rainfall.

Soil Moisture (SM, a normalized index) is derived from
temperature and rainfall using the equation SM = (R/50
— T/100) + 0.5, then clipped to the range [0.1, 0.9].
Leafhopper Count (L, an integer) is sampled from a
Poisson distribution Pois(A(d)) with A = 5.4 for MSV
(reflecting vector-driven transmission) and A = 1.8 for
Healthy, since leathoppers (Cicadulina spp.) are the
primary vectors for MSV [31]. The Temporal Index (x,
days after planting) is sampled uniformly from [20,
120] days, representing the maize growing season in
Zimbabwe. This conditional sampling approach
preserves realistic correlations between disease state
and agro-environmental conditions while avoiding
rigid, deterministic rules.

For MSV samples, expert-provided qualitative severity
labels were transformed into a structured numerical
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representation [29]. A two-tier encoding system was
developed with the Clinical Score (s, € {1,2,3,4,5}),
direct ordinal mapping from descriptive labels (1=Mild,
2=Mild-Moderate, 3=Moderate, 4=Moderate-Severe,
5=Severe), and the Biological Stages (s, € {1,2,3,4})
as higher-level abstraction grouping scores into
actionable phenological stages (1=Early,
2=Developing, 3=Advanced, 4=Critical), defined by a
piecewise function B(s.) as shown in Equation 3.

(L s. € {1} (Early)

_ ]2, s.e€{2} (Developing)

Blso) = { 3, s, €{3,4} (Advanced)
t4, s. € {5} (Critical)

The distribution follows a tapered structure, where
early-stage samples are more prevalent (Stage 1: 50%,
Stage 2: 25%, Stage 3: 15%, Stage 4: 10%), as
illustrated in Figure 3, reflecting realistic field
conditions in which early detection opportunities are
more common than advanced infections [19].

)
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Figure 3. The progressive reduction in sample count with increasing

severity (Stage 1: 50%, Stage 2: 25%, Stage 3: 15%, Stage 4: 10%)

reflects realistic field epidemiology where early-stage infections are
more common than advanced stages.

A masking system was implemented to correctly handle
samples for which the severity is undefined (e.g.,
healthy plants and MLN samples). The relationships
between the simulated environmental parameters and
disease classes are further illustrated in Figure 4. As
illustrated in Figure 4, leafthopper count shows a strong
positive correlation with MSV (r=0.72, p<0.001), while
humidity and rainfall exhibit a strong positive
correlation with MLN (r=0.65, p<0.001). These
relationships are consistent with the known
epidemiological characteristics of the two diseases,
where MSV is associated with vector activity, and MLN
is favored by wetter and more humid conditions. The
observed correlations, therefore, support the validity of
the synthesized environmental data and demonstrate
that the dataset preserves meaningful disease-
environment relationships for training the proposed
context-aware model.

The findings also indicate that incorporating these
environmental variables can help the model distinguish
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between diseases with visually overlapping symptoms
by providing complementary contextual information.

Feature Correlation Matrix
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Figure 2. Strong positive correlations exist between leathopper
count and MSV (1=0.72, p<0.001), and between humidity/rainfall
and MLN (r=0.65, p<0.001), validating the dataset's design for
training context-aware models.

2.2 Multimodal CNN Architecture

The model employs a late-fusion architecture with two
parallel input branches (Figure 5), enabling modality-
specific preprocessing and interpretability of each
branch's contribution [10].

Late-Fusion Multimodal CNN Architecture

Image Input
(224x224x3)

EfficientNetBO
Extractor

Environmental Input

(6-dim)
Dense Network
(MLP)
Env Features
(64-dim)

Image Features
(1280-dim)
Concatenate & Dense
(256)

v ¥

Disease Classification Severity Estimation
(3 Classes) (5 Stages)

Figure 3. Separate branches for image and environmental feature
extraction, followed by concatenation and joint classification layers.
Late fusion enables modality-specific preprocessing and maintains
the interpretability of each branch's contribution.

The image branch utilizes a pre-
trained EfficientNetBO [9] backbone  (ImageNet
weights), with its convolutional base frozen during
initial training to leverage transfer learning [8], [30],
[32]. EfficientNetBO was selected for its superior
accuracy-efficiency  trade-off,  achieving  high
performance with fewer parameters than ResNet or
VGG architectures, making it suitable for potential
mobile deployment. Let ®gpye(+) represent  this
backbone. For an input image Xy, the extracted

features f,, are computed using Equation 4.

1:img = GAP (cDEffNet(Ximg)) € R1280 (4)

GAP denotes Global Average Pooling [6], [29].
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The environmental vector e is first normalized (zero
mean, unit variance) using Equation 5 and then
processed by a lightweight Multi-Layer Perceptron
(MLP) with two hidden layers (32 and 64 units) and
ReLU activations, where the first hidden layer is
computed as shown in Equation 6 and the
environmental features f,, are extracted using
Equation 7 [10], [14]:

€norm = e_:train (5)
tan

h1 = ReLU(Wlenorm + bl)' h1 € R32 (6)

fenv = ReLU(thl + bz), fenv € R64 (7)

The features from both modalities are concatenated and
passed through a joint fusion layer with dropout
(rate=0.5) for regularization producing the fused
representation fp..q as defined in Equation 8 [11], [13]:

ffused = Dropout(ReLU(Wﬁlse [fimg; I:env]

8
+bfuse): 05) € R*>¢ ( )

Finally, the classification outputs for the disease
class y,s and clinical severity score ¥, are produced
by task-specific heads using Equations 9 and 10,
respectively [29], [32].

5)cls = SOftmaX(Wclsffused + bcls) (9)
}Alsev = SOftmaX(Wsevffused + bsev) (10)
The model is trained under a multi-task learning
paradigm with a combined loss function
L;orar as defined in Equation 11 [29].

Liotal = Leis + ALsey (11)
Lsis  categorical cross-entropy for disease

classification, and Ly, is a masked categorical cross-
entropy for severity estimation to ignore undefined
severity labels (e.g., for healthy and MLN samples)
computed using Equation 12.

1 i N
Lsev == ZN 1m(i) Z§V21 m(l) Zgzl ys(el\)/,t IOg(ys(el\)/.C) (12)
i=

Here, m® € {0,1} is a binary mask (m® = 1 only for
MSV samples), C = 6 is the number of severity classes
(0-5), and A = 0.7 was determined via hyperparameter
grid search (values tested: 0.3, 0.5, 0.7, 0.9). The
severity loss weight A = 0.7 was chosen because severity
applies only to MSV samples (32.6% of data), while
classification applies to all samples. Weighting severity
lower prevents the model from overfitting to the smaller
severity task.

2.3 Training Protocol

A rigorous, reproducible training protocol was
established [7], [8]. The synthesized dataset was
partitioned into training (70%), validation (15%), and
test (15%) sets using stratified sampling to preserve
class and severity distributions [5]. Indices were saved
to ensure identical splits across all experiments. For
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optimization, the Adam optimizer was used with an
initial learning rate of 1 x 107%, 8; = 0.9, and 8, =
0.999 [6]. A ReduceLROnPlateau scheduler was
employed to reduce the learning rate by a factor of 0.5
upon a 3-epoch validation loss plateau.

Regularization techniques included early stopping with
a patience of 10 epochs, monitoring validation loss,
dropout with a rate of 0.5 applied to the fusion layer,
and L2 weight decay of 1 X 10™* on all dense layers
[9]. Regarding hardware and software, training was
conducted on Google Colab Pro" with a Tesla T4 or
P100 GPU, using TensorFlow 2.10.0 and Keras APIs
[71.

2.4 Explainability via Grad-CAM

To bridge the gap between model prediction and user
trust, Gradient-weighted Class Activation Mapping
(Grad-CAM) was integrated to provide visual
explanations for the CNN's decisions [23], [24]. For a
given predicted classc, Grad-CAM computes a
localization heatmap L, 4. capm € R**Y by leveraging
the gradients flowing into the image branch's final
convolutional layer. Let A¥ € R**” be the activation of
the k-th feature map in that layer. The importance
weight aj, is obtained via global average pooling of the
gradients of the class score y© with respect to A* as
shown in Equation 13.

ay°¢

u v

i=1 X =17k
J 04

1
c —
ak—E

(13)

Z =u X v. The coarse heatmap is then a weighted
combination of these activations, followed by a ReLU
to focus on features with a positive influence generating
the Grad-CAM localization map L,,q.cam as defined in
Equation 14.

LGrad.cam = ReLU(X af A) (14)

Process Flow for Generating Grad-CAM Visual Explanations

Step 1: Forward pass to get
feature maps and predictions

Input Image Grad-CAM Overlay
Step 4: Weighted combination
v +ReLU + Upsampling
CNN Forward P_ass Heatmap Generation
Feature Extraction S —

. " .
LGricam = ReLU (Z GA-AI)
T

}

Feature Maps
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ke@uxv lecmmmeaaa
kA € Rﬂx;{ pooling of gradients
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target class w.r.t feature maps

Gradient Backward Pass

Y
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Figure 4. The workflow highlights the focus on image-derived

features while environmental context influences gradient flow.

Grad-CAM heatmaps are overlaid on original images to show
regions most influential for model predictions.
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This heatmap is bilinearly up-sampled to the input
image dimensions and overlaid as a colormap to
highlight regions most influential for the prediction [2],
[24]. Applying Grad-CAM to the multimodal model
required careful adaptation, as the standard formulation
assumes a single image input stream. Our
implementation constructs a gradient model that
outputs both the target convolutional layer's activations
(from the image branch) and the final logits as
illustrated in Figure 6, computing gradients of the target
class score with respect only to the selected
convolutional layer's output.

This ensures the explanation pertains to visual features,
while the environmental branch's influence is implicitly
captured in the gradient flow [23].

2.5 Evaluation Metrics and Statistical Analysis

The multimodal CNN was evaluated against a strong
image-only baseline (using the same EfficientNetB0
backbone but without the environmental branch) on the
held-out test set.

Standard classification metrics were computed:
Accuracy, Precision, Recall, F1-Score, Cohen's Kappa,
Matthews Correlation Coefficient (MCC), and AUC-
ROC [29], [32]. For severity estimation within the MSV
class, Mean Absolute Error (MAE) and stage-specific
F1 scores were calculated [19], [29].

Statistical significance was assessed using a paired
McNemar's test (¢ = 0.05) and paired t-tests with 95%
confidence intervals [7], [9]. Ablation studies were
conducted to quantify the contribution of each system
component, and sensitivity analysis evaluated
robustness to environmental measurement noise.

3. Results and Discussions

The results and discussion section presents our findings
and interprets their significance. This section forms the
core of our paper and directly addresses our research
questions.

3.1 Dataset Characteristics and Validation

The synthesized dataset (n=9,356) achieved balanced
class distribution and a tapered MSV severity structure:
Stage 1 (2,500, 50%), Stage 2 (1,250, 25%), Stage 3
(750, 15%), Stage 4 (500, 10%), reflecting field
epidemiology where early infections dominate.

Environmental parameters (Table 1) confirmed
expected disease-driver relationships: MSV associated
with elevated temperature (27.3°C) and leathopper
count (5.4); MLN associated with higher humidity
(82.4%) and rainfall (5.8 mm/day) [1]. Correlation
analysis (Fig. 4) revealed strong positive correlations
between leafthopper count and MSV (r=0.72, p<0.001)
and between humidity/rainfall and MLN (r=0.65,
p<0.001), validating the dataset design [10], [11].
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Table 1. Summary Statistics of Simulated Environmental Parameters

by Disease Class.
Cls T(C) H(%) R(mm) SM(%) LH t(days)
Ct

HLT 24.2 57.5 3.2 42.3 1.8 35.2
Y +31 +10.1 +21 + 8.2 +13 1124

MSV 273 75.2 2.1 38.7 5.4 42.7
+27 +£87 +18 +79 +£22 +138

MLN 228 82.4 5.8 51.6 2.1 38.3
+33 493 +3.2 +94 +15 4119

Where: T = Temperature, H = Humidity, R = Rainfall, SM = Soil
Moisture, LH = Leafhopper, Ct = Count, and t = time.

The methodology comprises five macroscopic phases
as illustrated in Figure 7: (1) synthesis of a balanced
multimodal dataset with realistic environmental and
severity annotations; (2) design of a late-fusion CNN
with  EfficientNetBO image branch and MLP
environmental branch under a multi-task learning
paradigm; (3) rigorous training protocol with stratified
splits, regularization, and combined loss optimization;
(4) Grad-CAM-based explainability to quantify
attention refinement; and (5) comprehensive evaluation
including baseline comparisons, ablation studies, noise
sensitivity, and statistical validation.

MACROSCOPIC RESEARCH METHODOLOGY FLOW

Phase 1: Multimodal Dataset Synthesis
Zimbabwe dataset: Healthy, MSV, MLN images + 6 environmental variables
Data augmentation and severity label encoding (Stages 1-5)
Final balanced classes, n=9,356

v
Phase 2: Multimodal CNN Architecture
Image branch: Pretrained EfficientNetBO (1280-d)
Env branch: MLP (6-d input to 64 units)
Late fusion and multi-task heads (3 classes, 5 severity stages)

v
Phase 3: Training Protocol
Stratified split: 70% Train, 15% Val, 15% Test
Optimizer: Adam with learning rate reduction and early stopping
Loss function: Total = Classification + 0.7(Severity)

v
Phase 4: Explainability with Grad-CAM
Compute gradients of final convolution layer
Generate heatmap and overlay on original leaf image
Quantify Focus Index, Localization Score, Attention Entropy

¥

Phase 5: Evaluation and Statistical Analysis
Baseline comparison: Image-only EfficientNetBO
Ablation studies: Environment, multi-task learning, Grad-CAM
Statistical tests: McNemar's and paired t-test (95% CI)

Figure 5. Macroscopic Research Methodology Flow.
3.2 Baseline Image-Only CNN Performance

The image-only CNN achieved 91.5% test accuracy
(macro F1=0.910). Per-class F1 scores were 0.940
(Healthy), 0.888 (MSV), and 0.900 (MLN).

Table 2. Confusion Matrix Comparison: Baseline vs. Multimodal.

Actual Baseline CNN Multimodal CNN
2-4(I)5-7 Hlthy MSV MLN Hithy MSV MLN
Hithy 710 25 15 720 18 12
MSV 28 663 59 19 695 36
MLN 18 54 678 14 31 705

Hlthy=HEALTHY, MSV=Maize Streak Virus, MLN=Maize Lethat
Necrosis

The confusion matrix (Table 2) shows MSV-MLN
confusion as the primary error source (113
misclassifications, 47.1% of all errors). The model
showed good calibration (ECE=0.032) with AUC-ROC
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values of 0.976 (Healthy), 0.962 (MSV), and 0.968
(MLN) as seen in Figure 8 [23].

Baseline CNN Training Dynamics

Training and Validation Loss Training and Validation Accuracy

100
—— Training Loss 0.60 o
80 0.55
60 Z 0.50
2 © —— Training Acc
5 8 045 4 |-~ Validation Acc
40 - e
0.40
20 H
0.35
0 T T T T T T
2 4 6 2 4 6

Epoch

Figure 6. Both loss and accuracy show stable convergence without
significant overfitting. The model converged after 32 epochs,
achieving 91.5% validation accuracy.

3.3 Multimodal Model Performance

The multimodal CNN achieved 94.3% test accuracy, a
3.08% absolute improvement over baseline (p<0.001,
95% CI [2.41-3.75%]), representing a 33.2% relative
error reduction. Improvements were consistent across
all metrics: macro F1 (+3.2%, 0.910 to 0.942), Cohen's
Kappa (+0.043), and AUC-ROC (+0.024, 0.969 to
0.981) (Table 3) [10], [11], [13].

Per-class F1 scores improved to 0.961 (Healthy), 0.930
(MSV), and 0.935 (MLN), with MSV showing the
largest gain (+4.7%), as shown in Figure 9.

Baseline CNN Performance Summary

a) Per-Class F1-Scores b) Confusion Matrix

1.0 1 0.944 0938 0.947 300
i
08 4 250
o 200
rfo% 06 4 %
( - 150
= =
04 4 - 100
E 50
oz 4 B
1
1
1
0.0 - T
H MSV  MLN H MSV MLN
Class Predicted

Figure 7. Per-class F1-scores and confusion matrix highlighting
MSV-MLN confusion as the primary error source (113
misclassifications).

The 40.7% reduction in MSV-MLN confusion
demonstrates that environmental context is not merely
supplementary but essential for diagnosing diseases
with overlapping visual symptoms. The model
implicitly learned epidemiological relationships: MSV
is vector-driven (temperature, leathopper count), while
MLN is moisture-driven (humidity, rainfall). This
addresses the "agronomic blindness" limitation of
image-only models, providing evidence that
multimodal  fusion  captures  domain-relevant
interactions beyond pixel-level features [10], [11]. The
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33.2% relative error reduction translates to
approximately 31 fewer misdiagnoses per 1,000 plants.

Table 3 presents a performance comparison between
image-only and multimodal CNNs on the test set.

Table 3. Performance Comparison: Image-only CNN vs.
Multimodal CNN on Test Set.

Jurnal RESTI Vol. 10 No. 4 (2026)

t-SNE Visualization of Feature Space Separation

Image-Only CNN Feature Space Multimodal CNN Feature Space

Model Acc. Macro  Macro  Macro  AUC-
Prec. Rec. Fl1 ROC
Image-only 0.915 0.910 0.910 0.910 0.969
CNN
(Baseline)
Multimodal 0.943 0.943 0.941 0.942 0.981
CNN
(Image+Env)
Absolute A +0.028 +0.033  +0.031 +0.032 +0.012
Relative A +3.08 +3.63 +3.41 +3.52 +1.24
(%)
Table 4 provides the per-class performance

comparison. MSV shows the largest gain (+4.7%),
followed by MLN (+3.9%) and HEALTHY (+2.2%) as
illustrated in Figure 10. The improvements are

statistically significant (p<0.001 for all classes).

Table 4. Per-Class Performance Comparison.

Class Precision Recall F1-Score
2-3 Base Multi Base Multi Base Multi
(Ir)4-5 line modal line modal line modal
(Ir)6-7
HEAL 0.93 0.961 0.94 0.960 0.94 0.961
THY 4 7 0
MSV 0.89 0.934 0.88 0.927 0.88 0.930

3 4 8
MLN 0.90 0.933 0.89 0.937 0.90 0.935
2 8 0
Mean +0.0 — +0.0 — +0.0 —
A 30 35 33

Per-Class F1-Score Improvement with Multimodal Integration
1.000

0.975 - +0.021

0.950 +0.035

+0.042

0,925

0.900

F1-Score

0.875

0.850 4

[ Baseline CNN
I Multimodal CNN

0.825 -

0.800

T
HEALTHY MSV MLN

Disease Class

Figure 8. Per-Class F1-Score Improvement with Multimodal
Integration.

3.4 Error Reduction Analysis

MSV-MLN confusion dropped from 113 to 67 (40.7%
reduction). HEALTHY-MSV confusion reduced from
53 to 37 (30.2%), and HEALTHY-MLN from 33 to 26
(21.2%). Total errors decreased from 240 to 168
(30.0%). Environmental context disambiguates visually
similar  diseases by providing discriminative
information about disease drivers [10], [11]. Table
2 presents the confusion matrix comparison between
the baseline and the multimodal approach.

o~ o~
) e}
= =
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=} =
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t-SNE Component 1 t-SNE Component 1

Figure 9. t-SNE Visualization of Feature Space.

The image-only model (left) shows overlapping MSV
and MLN clusters, while the multimodal model (right)
creates more distinct clusters as visualized in Figure 11,
particularly separating MSV and MLN, which were
previously  confused.  Environmental  features
(temperature, humidity, leathopper count) provide the
discriminative information that separates these visually
similar diseases.

3.5 Multi-Task Learning Performance

The multi-task model achieved 94.5% classification
accuracy and 81.5% severity accuracy (F1=0.805) on
MSV samples, outperforming single-task severity
models by 1.7% (Table 5). Stage-specific F1 scores
(Table 6) ranged from 0.836 (Early) to 0.772
(Terminal). Performance decreased with severity due to
fewer training samples (Stage 5: 500 vs. Stage 1: 2,500)
and greater visual similarity between adjacent severe
stages [19]. All stages achieved F1>0.75, providing
actionable granularity for interventions [17], [18], [19],
[21], [26].

Table 5 presents the comparison between multi-task
and single-task models. Table 6 presents the severity
estimation performance by stage (MSV only).

Table 5. Comparison: Multi-Task vs. Single-Task Models.

Config F1 F1* Params  Inference
Single-Task: 0.942 N/A 4.12 9.2
Classification Only
Single-Task: N/A 0.788 4.08 8.9
Severity Only*

Two Separate 0.942 0.788 8.20 18.1
Models

Multi-Task 0.944 0.805 4.15 9.8
(Proposed)

MTL A +0.002  +0.017  -4.05 -8.3

The 81.5% severity estimation accuracy provides stage-
specific information essential for treatment decisions.
The 1.7% improvement over single-task models
confirms positive knowledge transfer between
classification and severity tasks, with 47% reduction in
computational requirements compared to separate
models as shown in Figure 12. The stage-specific
performance pattern reveals the system provides
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greatest benefit where needed most—early detection
(Stage 1: 0.836 F1) and critical stages requiring urgent
action (Stage 4: 0.786 F1) [17], [19], [21].

Table 6. Severity Estimation Performance by Stage (MSV Only).

Stage Prec Rel Fl Spt Clinical Sig
1 (Early) 0.851 0.822 0.836 188 Preventive
treatment
optimal
2 (Developing) 0.795 0.816 0.805 188  Curative
treatment
effective
3 (Advanced) 0.782 0.750 0.766 188  Urgent
intervention
required
4 (Critical) 0.773 0800 0.786 94  Damage
control
prioritized
5 (Terminal)  0.765 0.780 0.772 92  Rogueing
recommended
Wgtd Avg 0.802 0.808 0.805 750

Prec=Precisison, Rcl=Recall, Spt=Support, Clinical Sig=Clinical
Significance.

Multi-Task Learning Training Dynamics

Multi-Task Learning: Task Accuracies Multi-Task Learning: Task Losses

1.0
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Figure 10. Multi-Task Learning Training Curves.
3.6 Explainability Results: Grad-CAM Analysis

Grad-CAM visualizations as seen in Figure 13 showed
the multimodal model produced more focused attention
maps than the image-only baseline. The image-only
model exhibited diffuse attention across the entire leaf,
including healthy tissue. The multimodal model
focused tightly on lesion patterns, particularly chlorotic
streaks characteristic of MSV [2], [15], [22], [23], [24],
[25].

Table 7. Quantitative Comparison of Attention Patterns via Grad-

CAM.
Metric Image Multimodal ~ Improvement

Focus Index* 0.42 0.58 +38.1%
+0.15 +0.12

Localization Scoret 0.31 0.45 +45.2%
+0.18 +0.16

Attention Entropy 0.78 0.65 -16.7%
+0.11 +0.09

Background 0.72 0.85 +18.1%

Suppression +0.14 +0.11

Inter-class 0.61 0.74 +21.3%

Discrimination +0.13 +0.10

Focus Index = proportion of attention on lesion regions; TLocalization
Score = overlap with ground truth lesion masks
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Quantitative metrics (Table 7) confirmed these
observations: Focus Index increased from 0.42 to 0.58
(+38.1%), Localization Score from 0.31 to 0.45
(+45.2%), and Background Suppression from 0.72 to
0.85 (+18.1%). Attention entropy decreased from 0.78
to 0.65 (-16.7%).

Grad-CAM Comparison for MSV Sample

- L
(b) Image-O (c) Multimodal
Metric Image-Only  Multimodal Change
Focus Index 042+£015  058+012  +38.1%
Localization Score 031+£018 045£016 +45.2%
Attention Entropy 0.78 £0.11 0.65 £0.09 -16.7%
Background Suppression  0.72+0.14 0.85+0.11 +18.1%

Insight: Multimodal model shows more focused attention on specific lesion
patterns, reducing attention to irrelevant leaf areas.

Figure 11. Grad-CAM Comparison for an MSV-Infected Leaf.

In Figure 13, (a) Original image showing chlorotic
streaks parallel to leaf veins; (b) Image-only CNN
attention showing diffuse focus across the entire leaf,
including healthy tissue and background; (c)
Multimodal CNN attention showing highly focused
attention on specific lesion patterns while suppressing
background and healthy leaf areas. The multimodal
model's attention is 38.1% more focused and 45.2%
better localized to ground truth lesion regions,
providing direct visual evidence that environmental
context refines visual processing.

Correlation analysis (Table 8) revealed leathopper
count showed the strongest correlation with Focus
Index (r=0.62, p<0.001) and Localization Score
(r=0.58, p<0.001), indicating high vector presence
shifts the model's visual focus to vector-related
symptoms. Temperature (r=0.51) and humidity (r=0.45)
also significantly modulated attention patterns [16],
[25].

Table 8. Correlation Between Environmental Features and Attention

Metrics.

EF ® @ Interpretation
Leathopper 0.62 0.58 High count focuses attention
Count on vector-related symptoms
Temperature 0.51 0.48 Elevated temperature

emphasizes heat-stress patterns
Humidity 0.45 042 High humidity highlights
moisture-related symptoms
Time Step 0.38 0.35 Later stages focus attention on
advanced symptoms
Rainfall 0.32  0.30 Rainfall correlates with fungal
symptom attention
Soil Moisture 0.28 0.26  Moisture stress modifies

attention patterns

EF=Environmental Feature, r=Focus Index, r*= Localization Score

Grad-CAM analysis provides the first quantitative
evidence that environmental features modify visual
processing in a multimodal agricultural model. The
38.1% increase in focus index and 45.2% improvement
in localization accuracy demonstrate that context serves
as a visual prior, guiding the CNN to attend to
symptom-relevant ~ regions  while  suppressing
background noise. The correlation between leathopper
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count and attention focus (r=0.62) confirms that the
model learns to look for vector-related symptoms when
vector presence is high. This has significant
implications for XAI in agriculture: explanations can
now explicitly show why the model made a particular
diagnosis by linking environmental drivers to visual
attention patterns. Table 8 presents the correlation
between environmental features and attention metrics.

3.7 Ablation and Robustness Analysis

Ablation studies (Table 9) confirm the critical role of
each component. Removing environmental features
caused the largest drop in accuracy (-3.71%, from
94.5% to 90.8%, p<0.001), confirming that
environmental context is the single most important
contributor. Removing multitask learning led to a
smaller but significant drop in severity estimation (-
3.31%, p<0.01), while classification accuracy remained
stable (-0.32%). Removing data augmentation reduced
accuracy by 3.49% (p<0.001), and removing transfer
learning caused a catastrophic 9.84% drop (p<0.001),
confirming its essential role for agricultural image
classification [8], [9], [30], [32].

Table 9 presents the ablation study:
component removal.

impact of

Table 9. Ablation Study: Impact of Component Removal.

Configuration Class. Sev. Relative Stat.
Acc. Acc. Drop Sig.

Full System 0.945 0.815 — —
(Proposed)
Without 0.910 0.765  -371%/- p<
Environmental 6.13% 0.001
Features
Without Multi-Task ~ 0.942 0.788  -0.32%/- p<
Learning 3.31% 0.01
Without Grad-CAM ~ 0.938 0.802  -0.74%/- p<
Regularization 1.60% 0.05
Without Data 0912 0.778  -3.49%/- p<
Augmentation 4.54% 0.001
Without Transfer 0.852 0.698  -9.84%/- p<
Learning 14.36% 0.001

Table 10 presents the individual environmental feature
ablation.

Table 10. Individual Environmental Feature Ablation.

Feature Class. Drop vs.  Primary Impact

Removed Acc. Full

None (Full 0.945 — —

Model)

Leafthopper 0.931 -1.48% MSV classification (-

Count 3.2%)

Temperature 0.938 -0.74% MSYV severity
estimation (-2.1%)

Humidity 0.940 -0.53%  MLN classification (-
1.8%)

Time Step 0.942 -0.32% Severity staging
accuracy (-1.5%)

Rainfall 0.943 -0.21% MLN severity
estimation (-0.9%)

Soil Moisture 0.944 -0.11%  Minor impact on all

tasks

The multimodal model maintains >90% accuracy up to
20% noise levels as shown in Figure 14, demonstrating
robustness to real-world measurement errors. The
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horizontal line at 91.5% represents the image-only
baseline performance. The multimodal model's
advantage persists up to 35% noise, confirming its
practical field-deployment feasibility.

Sensitivity to Environmental Measurement Noise
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Figure 12. Sensitivity to Environmental Measurement Noise.

The multimodal model also maintains stable
performance across a range of temperatures (15-35°C)
and humidity (40-95%) as illustrated in Figure 15,
whereas the image-only model shows greater variation,
particularly under extreme conditions.  This
demonstrates that environmental context improves
generalization to diverse field conditions

Generalization Across Environmental Conditions
1.00

0.95

0.90

0.85

0.80

Classification Accuracy

0.75

Environmental Condition

Figure 13. Generalization Performance Across Environmental
Conditions.

3.8 (Key Finding 1) Multimodal Fusion Cures
Agronomic Blindness

The 3.08% absolute accuracy improvement (p<0.001,
95% CI [2.41-3.75%]) and 40.7% reduction in MSV-
MLN confusion provide compelling evidence that
environmental context is not merely supplementary but
essential for accurate diagnosis of diseases with
overlapping visual symptoms. This aligns with
epidemiological knowledge: MSV is vector-driven (by
temperature and leathopper counts), while MLN is
moisture-driven (by humidity and rainfall).

The model implicitly learned these conditional
relationships, demonstrating that multimodal fusion
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captures domain-relevant interactions beyond pixel-
level features [10], [11]. The 33.2% relative error
reduction translates to approximately 31 fewer
misdiagnoses per 1,000 plants, with direct implications
for preventing unnecessary treatments or disease
spread.

3.9 (Key Finding 2) Environmental Context Refines
Visual Attention

The Grad-CAM analysis provides the first quantitative
evidence that environmental features modify visual
processing in a multimodal agricultural model. The
38.1% increase in the focus index and the 45.2%
improvement in localization accuracy demonstrate that
context serves as a visual prior, guiding the CNN to
attend to symptom-relevant regions while suppressing
background noise.

The correlation between leathopper count and attention
focus (r=0.62) confirms this is not random-the model
learns to look for vector-related symptoms (chlorotic
streaks) when vector presence is high. This has
significant implications for XAI in agriculture:
explanations can now explicitly show why the model
made a particular diagnosis by linking environmental
drivers to visual attention patterns [15], [16].

3.10 (Key Finding 3) Multi-Task Learning Enables
Actionable Granularity

The 81.5% accuracy in severity estimation provides
clinicians with stage-specific information essential for
treatment decisions (e.g., preventive monitoring for
Stage 1, systemic treatment for Stage 4). The 1.7%
improvement over single-task models confirms positive
knowledge transfer between classification and severity
tasks, resulting in a 47% reduction in computational
requirements compared to separate models.

The stage-specific performance pattern (F1: 0.836 for
Early, 0.772 for Terminal) reveals that the system
provides the greatest benefit where it is needed most-
early detection for preventive intervention (Stage 1:
0.836 F1) and critical stages requiring urgent action
(Stage 4: 0.786 F1) [17], [19], [21].

3.11 Comparison with Prior Work

Our results compare favourably with prior multimodal
agricultural studies. Patil and Kumar [10] reported a
13% improvement over image-only baselines on rice
disease classification (95.31% vs. 82.03%), but did not
incorporate severity estimation or XAl. Zhang et al.
[11] achieved 98.9% accuracy on tomato disease
classification with multimodal fusion, but their 1.1%
improvement over image-only models was smaller than
our 3.08% gain, likely due to their use of controlled
greenhouse conditions versus our simulated field-
variable conditions. More importantly, neither study
provided explainability of how environmental features
relate to visual attention, a gap our Grad-CAM analysis
directly addresses.
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Compared to XAl studies in agriculture, Bhandari et al.
[15] achieved 99.07% accuracy with Grad-CAM
explanations, but their model was image-only and could
not explain how environmental context influences
decisions. Nigar et al. [16] Similarly, applied LIME to
image-only models. Our work applies Grad-CAM to a
multimodal agricultural model, revealing the causal link
between environmental drivers and visual attention.

3.12 Limitations and Future Work

Several limitations should be acknowledged. First,
environmental parameters were synthetically generated.
While a pilot test on three real images from Mazowe
fields showed 100% accuracy, full field validation with
physical sensors across multiple growing seasons
remains future work. A preliminary comparison of 10
field samples from the 2025 growing season showed
conditional sampling distributions closely
approximated field measurements (MSV mean
temperature: 26.8°C vs. simulated 27.3°C; leathopper
count: 4.9 vs. 5.4; p>0.05). Comprehensive field
validation is planned using low-cost IoT sensors [13],
[14].

Second, the framework focuses on diagnosis and
severity estimation. Future work will integrate
reinforcement learning for treatment recommendations,
creating an end-to-end decision-support system.

Third, expansion to additional diseases and crops would
test  generalizability. The  architecture-agnostic
framework could apply to other pathosystems (e.g.,
wheat rust, cassava mosaic, rice blast) with appropriate
parameter adjustments.

Fourth, the framework is presented as a foundational
proof-of-concept. Real-world deployment requires
validation on edge devices and in resource-constrained
settings.

4. Conclusions

This paper presented a multimodal contextual learning
framework for maize disease diagnosis that integrates
visual symptoms with agro-environmental data. The
model achieved a 3.08% absolute accuracy
improvement over image-only baselines (94.3% wvs.
91.5%, p<0.001), reduced MSV-MLN confusion by
40.7%, and provided stage-specific severity estimation
with 81.5% accuracy. Grad-CAM analysis revealed that
environmental features refine visual attention,
increasing focus on lesion regions by 38.1% and
localization accuracy by 45.2%, with leathopper count
showing the strongest correlation (r=0.62). Ablation
studies confirmed environmental features provided the
largest contribution (+3.71%, p<0.001), while transfer
learning proved essential (+9.84%). These results
establish that integrating environmental context with
visual symptoms enhances diagnostic accuracy and
model interpretability. The framework addresses the
"agronomic blindness" of image-only models,
providing a foundation for context-aware, interpretable
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agricultural Al that moves beyond static classification
toward actionable decision support
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