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Abstract

Tropical Africa faces severe climate vulnerability compounded by a significant forecasting gap where traditional Numerical
Weather Prediction (NWP) models struggle with rapid convective dynamics and sparse ground-level data. This study
introduces Agri-MultiNet, a novel multimodal Artificial Intelligence (AI) framework designed to enhance agricultural
resilience through impact-based weather forecasting. The system integrates heterogencous data streams, including high-
frequency satellite imagery, real-time IoT sensor networks, and specific agro-genomic indicators, within a unified latent space.
The core architecture uses Cross-Modal transformers to align disparate datasets, alongside a hybrid spatiotemporal engine
combining Convolutional Neural Networks (CNNs) for cloud morphology, ConvL.STMs for temporal dynamics, and Graph
Neural Networks (GNNGs) for spatial agro-climatic relationships. By incorporating physics-informed constraints and Bayesian
uncertainty quantification, the model bridges the resolution gap between synoptic-scale weather and farm-level biological risk.
Quantitative evaluations demonstrate that Agri-MultiNet achieves a 24.1% reduction in rainfall intensity Root Mean Square
Error RMSE) and a significant improvement in the Critical Success Index (CSI), rising to 0.68 compared to 0.42 in traditional
systems. Furthermore, the framework successfully captures 78% of seasonal yield variance and provides a Decision Lead-
Time Gain (DLTG) of 48 to 72 hours. These advancements translated into an 18% reduction in simulated field-level crop
losses by enabling proactive measures such as optimized irrigation and drainage management. Moving beyond deterministic
hazard reporting, Agri-MultiNet interventions operationalize Risk Translation Theory (RTT) to convert atmospheric signals
into actionable indicators like crop stress probability. This research establishes a new benchmark for climate-smart agricultural
intelligence in data-sparse regions, offering a scalable pathway toward continental food security. By synthesizing multimodal
deep learning with localized environmental stressors, the framework empowers smallholder farmers to transition from
reactive disaster response to proactive, predictive resilience in an increasingly volatile climate.

Keywords: Deep learning, Physics-informed neural networks, Extreme weather prediction, Agricultural risk mitigation, Tropical
Africa, Impact-based forecasting, Smallholder resilience.
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1| Introduction

Tropical Africa has emerged as a focal point of measurable climate forecasting challenges, where severe
climate vulnerability coexists with minimal historical carbon emissions. Although the region’s contribution to
global carbon emissions is minimal, its socio-economic structures are among the most vulnerable to climatic
volatility. Mortality rates in highly vulnerable zones are up to fifteen times higher than in more resilient regions
[1]. More than 80% of the population in Sub-Saharan Africa relies on rain-fed smallholder agriculture, a sector
where the distinction between a successful harvest and total crop failure is frequently determined by the
specific timing and intensity of individual meteorological events. In this region, the climate is governed by the
convective belt, a complex atmospheric environment where precipitation is driven by rapid, localized deep
convection rather than large-scale frontal systems [2]. Consequently, traditional Numerical Weather
Prediction (NWP) models often achieve accuracy rates as low as 39% [3].

In recent years, the emergence of unprecedented extreme gray swan events that are theoretically foreseeable
but statistically rare and catastrophic has exacerbated risks to food security [4]. These phenomena, including
heatwaves, droughts, and cyclones, remain difficult to simulate due to their chaotic dynamics and infrequent
occurrence. As urban heat islands expand and land-use modifications alter local microclimates, the
predictability of seasonal precipitation has declined. Such a pattern has resulted in systemic yield instability
that threatens both individual livelihoods and the broader security of continental food supplies [5].

Despite the proliferation of global climate technologies, a significant disparity remains between sophisticated
meteorological outputs and their operational utility for end-users. This usefulness gap arises from two primary
limitations. The traditional NWP models use coarse spatial resolutions that are incapable of resolving the sub-
grid microphysics of tropical storms [6]. These models struggle to accurately predict the timing and location
of convective cells, which serve as the fundamental drivers of agricultural productivity in Africa. Conversely,
Artificial Intelligence (AI) models have demonstrated the capacity to identify complex spatio-temporal
patterns within extensive datasets, particularly when utilized for the post-processing of NWP outputs [7].

In addition, there is a marked lack of integration between atmospheric science and agronomic application.
Most existing models generate hazard-centric data such as precipitation volume or temperature gradients
without converting these variables into impact-based insights [8]. For a smallholder farmer, a quantitative
precipitation forecast of 50mm provides limited utility unless it is contextualized by its potential to cause soil
erosion, nutrient leaching, or the onset of specific fungal pathogens. Current architectures lack the requisite
granularity to perform this essential risk translation or to capture the microclimate variability necessary for
real-time, field-level decision-making [9].

A review of the current landscape identifies a critical research lacuna. While Global Al Weather Models
(GAWMs) have demonstrated significant progress in medium-range forecasting, they are rarely calibrated for
the unique convective dynamics of the tropics and often fail to generalize to rare, high-intensity events not
represented in training datasets [4], [10]. Furthermore, there is a notable absence of multimodal frameworks
capable of the simultaneous ingestion of high-frequency satellite imagery, real-time IoT ground data, and
historical records to facilitate a holistic assessment of agricultural risk [11-13]. Existing systems frequently
generate deterministic point estimates rather than uncertainty-aware forecasts. Without the quantification of
confidence intervals and the enhancement of model explainability, these systems fail to establish the trust
required for stakeholders to implement anticipatory measures [14], [15].

To address these systemic deficiencies, this study introduces Agti-MultiNet, a multimodal Al framework
developed specifically for the Sub-Saharan convective belt. The primary objective of this research is to
transition from reactive disaster management toward a proactive, climate-smart resilience strategy [106].

The technical contributions of this work are fourfold:
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Cross-modal alignment: the study implements a transformer-based architecture that aligns heterogeneous data
streams, including satellite, IoT, and agro-genomic data within a shared latent space [17], enabling the model
to interpret the correlation between atmospheric moisture and crop physiological stress [18].

Hybrid physical-deep learning architecture: by integrating Convolutional Neural Networks (CNNs) for cloud
morphology, ConvLSTMs for temporal dynamics, and Graph Neural Networks (GNNs) for spatial agro-

climatic relationships, the framework incorporates physical proxies for latent heat and convection [7], [19].

Bayesian uncertainty quantification: the framework advances beyond deterministic outputs by integrating
probabilistic confidence intervals, providing stakeholders with a reliable metric of forecast risk for high-stakes
decision-making [15], [20].

End-to-End risk translation: the model reconciles the disparity between meteorological hazards and
agricultural impacts [8], converting weather signals into actionable indicators such as crop stress probability
and projected yield deviation [21].

The theoretical framework of this research is predicated on the interaction between tropical cloud
microphysics and land-atmosphere-crop dynamics. In tropical regions, the atmosphere and the terrestrial
surface participate in a highly coupled feedback mechanism; soil moisture levels directly influence convective
triggers, which subsequently dictate vegetation health [22].

Our framework adopts Risk Translation Theory (RTT), which asserts that an effective eatly warning system
must facilitate a linear progression from hazard to exposure, to vulnerability, and finally to impact [23] by
using spatiotemporal Al, specifically the integration of transformers for long-range dependencies and
Explainable Al (XAI) techniques to decode drought tolerance mechanisms [24]. Agri-MultiNet provides a
technical methodology for ensuring long-term continental food security within an increasingly volatile climate.

Despite recent progress in Al-based weather forecasting, three major limitations remain unresolved for
Tropical Africa:

1. Existing GAWMs are trained primarily on temperate-region datasets and often fail to generalize to convective
tropical systems.

II. Most forecasting systems operate at coarse spatial resolutions that cannot adequately capture localized

agricultural weather risks.

III. Existing studies rarely integrate uncertainty-aware multimodal architectures that translate meteorological

hazards into farm-level operational indicators.

This study addresses these limitations by proposing a multimodal spatiotemporal framework specifically
optimized for convective weather prediction and agricultural risk translation in Sub-Saharan Africa.

2| Literature Review

2.1| The Convective Disparity and the Tropical Generalization Gap

The transition from traditional NWP toward data-driven, physics-informed Al represents a fundamental shift
in climate resilience [7]. However, a critical limitation persists: state-of-the-art GAWMs, such as GraphCast
and Pangu-Weather, are predominantly trained on temperate-region reanalysis data (ERA5) at a ~30km
resolution [6], [25]. This scale is insufficient for resolving the sub-grid cloud microphysics and deep
convection characteristic of the Sub-Saharan convective belt.

As noted by Karinge et al. [3], there is a profound disparity between these global frameworks and the localized
requirements of Tropical Africa. This challenge is exacerbated by a chronic observational gap; with a ground-
based sensor density roughly one-eighth of the density recommended by the World Meteorological
Organization (WMO), traditional models lack the high-fidelity ground truth required for tropical calibration
[1]. While GAWMs capture large-scale planetary waves, they frequently fail to generalize to out-of-distribution
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tropical events, localized flash floods, or sudden convective storms due to a lack of explicit physical
constraints [4], [26]. These limitations necessitate the development of frameworks like Agri-MultiNet, which
prioritize tropical cloud dynamics and leverage multimodal data to compensate for sparse ground-based

observations.
2.2 | Hybrid Physical-Deep Learning and Spatiotemporal Downscaling

To address the limitations of coarse-resolution global models, contemporary research emphasizes hybrid
architectures that integrate physical proxies. Ouallouche et al. [27] demonstrated that combining the
classification power of Random Forests (RF) with the spatiotemporal regression of ConvLSTM can
significantly improve rainfall estimation accuracy in data-sparse regions. Similarly, Yi et al. [28] used a
Temporal Enhanced UNet to downscale coarse wind data, highlighting that capturing temporal dependencies

is essential for resolving mesoscale characteristics.

The proposed Agri-MultiNet builds upon these foundations by integrating a three-tiered architecture: CNN's
for cloud morphology, ConvLSTMs for temporal dynamics, and GNNs to model spatial agro-climatic
relationships. This hybrid approach allows for the inclusion of physical proxies for latent heat and convection
[7], [19], addressing the resolution gap identified in existing studies like Chen et al. [29], which found that
fusing dynamical predictors with high-resolution observational analyses is the only way to maintain physical

consistency during heavy rainfall events.
2.3 | Cross-Modal Alignment and Latent Space Integration

A primary technical contribution of Agri-MultiNet is the transition from simple data concatenation to
sophisticated cross-modal alignment. Current research indicates that transformer-based architectures can
align heterogeneous streams satellite imagery, IoT sensors, and static soil maps within a shared latent space
[11], [30]. This alignment is critical for interpreting the complex correlation between atmospheric moisture

anomalies and field-level physiological stress [17], [18].

By integrating agro-genomic data within this shared space, the framework can map localized environmental
stressors such as Vapor Pressure Deficit (VPD) or soil-moisture-temperature coupling [31] directly to the
known tolerance thresholds of specific crop varieties. Such an approach enables the model to move beyond
weather prediction toward a holistic understanding of how specific cultivars respond biologically to shifting
climatic envelopes. Furthermore, the emergence of WxC-Bench [32] underscores the industry move toward
multimodal, ML-ready datasets, providing a foundation for models that bridge the gap between synoptic-

scale weather and farm-level biological outcomes.
2.4 | Risk Translation Theory

The functional utility of meteorological signals is constrained unless they are translated into agricultural
outcomes. Reichstein et al. [8] and Mesioye et al. [33] argue that climate resilience requires an "impact-based"
approach. Such an approach is supported by Silva et al.’s [23] RTT, which posits a linear progtression from
Hazard (weather) to Exposure (crops), Vulnerability (genetics), and Impact (yield).

In Sub-Saharan Africa, a quantitative forecast of 40mm of precipitation remains operationally ambiguous for
a smallholder farmer if it is not translated into the probability of crop stress [1], [21]. Hybrid methodologies
are emerging to bridge this; Rana and Lone [9] and Bisi et al. [34] demonstrate how 10T and Generative Al
can synthesize localized ecological knowledge with satellite data. Agri-MultiNet operationalizes this by
converting weather signals into actionable indicators, such as projected yield deviation, ensuring that

forecasting serves a proactive agricultural strategy [16].

2.5 | Bayesian Uncertainty and Explainable Artificial Intelligence

A significant unresolved limitation in existing African forecasting systems is the lack of uncertainty-aware
outputs and transparency. Deterministic models provide no metric of risk for high-stakes decision-making.
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Recent advancements in Bayesian uncertainty quantification [15], [20] provide the probabilistic confidence
intervals necessary for stakeholder trust.

Coupled with this is the need for XAl Quyoom et al. [24] and Oluwagbemi et al. [13] recently used SHapley
Additive Explanations (SHAP) to decode drought-responsive phenotypes in maize. By integrating XAI
techniques, Agri-MultiNet aims to not only predict hazards but also "unmask" the undetlying causal
mechanisms, such as the land-atmosphere interactions identified by Fréis et al. [31] that drive agricultural
vulnerability.

2.6 | Synthesis of Gaps and Research Opportunity

The literature identifies three systemic deficiencies that Agri-MultiNet is uniquely positioned to address:

1. The generalization gap: global models fail to resolve the unique convective triggers of the Sub-Saharan belt,

a problem compounded by the lack of ground-based observational density.

II. The resolution gap: coarse-scale forecasts miss localized agricultural risks, necessitating hybrid

spatiotemporal downscaling.

III. The operational gap: existing systems lack uncertainty-aware architectures that link meteorological hazards

to varietal sensitivity and realized yield.

By synthesizing physics-based constraints, multimodal transformers, and RTT, this study provides a

methodology for ensuring long-term continental food security within an increasingly volatile climate.

Table 1. Comparative literature table.

Author(s) Study Data Type Model Region Limitation
and Year
Ouallouche  Hybrid rainfall MSG-SEVIRI RF and ConvLSTM  Northern Algeria ~ Short training period (1
etal. [27] estimation satellite data year); computationally
framework intensive scalability.
Yietal [28]  Ocean surface Pangu-weather ~ TempE-UNet Taiwan strait Reliance on reanalysis
vector wind and reanalysis data; regional focus
downscaling limits global
generalizability.
Chen et al. SynQPF-Net for GraphCast Dual-stream Global (Heavy Dependent on dense
[29] short-term and CLDAS encoder and U-Net  rain focus) observational networks
precipitation analyses (CLDAS); patch-based
artifacts.
Yan et al. Short-term solar GraphCastand ~ VMD and California, USA Short dataset duration;
[35] radiation station data RF/SVM/CNN/L high parameter tuning
forecasting STM and computational
demand.
Shinde et al. ’xC-Bench: ERAS and Multi-modal Global Derived from
[32] Multimodal ML MERRA-2 foundation models reanalysis; fails to
benchmarking reanalysis resolve micro-scale
boundary-layer
turbulence.
Frois et al. Soil moisture-LST SEVIRI and Co-variability Global transition ~ ERAS5’s fixed
[31] co-variability copernicus SM metric (vs ERAS5) zones vegetation cover fails to
evaluation products capture dynamic land-
atmosphere flux.
Quyoom et Maize-centric XAl Agro-genomic SHAP and attention  Tropical Aftrica Model complexity
al. [24] and mapping requires further causal
environmental inference to build
stakeholder trust.
Wang etal.  Evaluation of ERAS5 GraphCast, Pangu-  Global Coarse resolution
[6], Lam et GAWMs reanalysis Weather (Temperate (30km) cannot resolve
al. [25] (~30km) focus) sub-gtid convective

microphysics.
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Mbuvha et Operational riskin ~ Observational Machine Learning Tropical Africa Extreme data scarcity;
al. [1] precipitation and Station data (ML) models lack of translation from

forecasting weather to operational
risk.
Sharafat et Crop stress Meteorological ~ Impact-based General Forecasts remain
al. [21] probability signals hybrid models agriculture operationally
assessment ambiguous without
crop physiological
metrics.
Table 1. Continued.
Author(s) Study Data Type Model Region Limitation
and Year
Tang et al. Multimodal data Satellite, 10T, Cross-modal Global Moving from early
[11], Xu et fusion architectures  and soil maps transformers fusion to latent
al. [30] alignment is

Wagqas et al.

[7]

Silva et al.
23]

Ours

Physics-informed
climate resilience

RTT Framework

Proposed Agri-
MultiNet

Heterogeneous
climate data

Hazard and
Vulnerability
data

Satellite + IoT
+ Crop data

PINNSs and transfer
learning

Linear risk
progression

Multimodal Hybrid

Sub-Saharan
Aftica

General tropics

Tropical
(Designed for
impact-based
forecasting)
Africa

computationally
complex.

Requires pre-training
on data-rich regions to
adapt to spatse tropical
nuances.

Requires participatory
governance and
localized calibration to
be effective.

3| Conceptual Framework and Methodology

3.1| System Architecture Overview

The Agri-MultiNet framework is designed not as a single algorithm, but as a layered intelligence ecosystem.

It functions through a deliberate pipeline that moves from raw environmental signals to actionable agricultural

decisions. The architecture is structured into five functional layers:

1. Data acquisition layer: ingesting high-frequency satellite, ground-level IoT, and historical records.

II. Feature fusion layer: aligning these disparate streams into a unified digital representation.

III.  Predictive core: generating spatiotemporal weather forecasts.

IV. Risk translation layer: converting meteorological variables into agronomic stressors.

V. Decision support layer: disseminating uncertainty-aware alerts to stakeholders.

3.2| Innovation Dimensions

Agri-MultiNet departs from traditional modeling through four primary innovations: 1) it employs multimodal

atmospheric fusion, acknowledging that no single data source can capture the complexity of the tropics, 2) it

is cloud-aware, using deep learning to interpret the microphysics of convection that global models often miss,

3) it integrates Bayesian uncertainty quantification, providing a confidence score for every prediction, and 4)

it prioritizes agro-specific risk translation, ensuring the output is relevant to a farmer’s planting and harvesting

cycle rather than just a meteorologist’s chart.
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3.3 | Hypotheses Development

To evaluate the efficacy of Agri-MultiNet, this study tests four central hypotheses:

H1: Multimodal fusion of satellite and IoT data will significantly reduce rainfall intensity errors compared to
unimodal satellite-only models.

H2: the integration of ConvLSTM and GNN architectures will better resolve localized convective events than
traditional NWP systems.

H3: Incorporating Bayesian uncertainty will increase the reliability of early warnings, specifically during
unprecedented extreme events.

H4: translating weather hazards into crop stress probabilities will lead to a measurable reduction in simulated
tield-level losses compared to standard rainfall alerts.

3.4| Materials and Methods

3.4.1| Study region and agro-climatic zones

The research focuses on the Sub-Saharan convective belt, a region characterized by intense land-atmosphere
feedbacks and rapid-onset thunderstorms. This area includes diverse agro-climatic zones, from semi-arid
pastoral lands to high-moisture agricultural corridors. These zones serve as a critical laboratory for testing the
model’s robustness across different vegetation densities and soil types.

3.4.2| Data sources and preprocessing

The framework relies on a multi-tier data strategy. Satellite imagery is sourced from Meteosat Second
Generation (MSG), providing high-resolution infrared and water vapor channels. The satellite imagery is
complemented by ground-based IoT sensor networks capturing real-time temperature, humidity, and soil
moisture. Long-term context is provided by historical crop yield records and soil maps. To ensure data
integrity, we perform temporal harmonization and missing value imputation using k-nearest neighbors to
account for occasional sensor downtime in remote areas. To mitigate the inherent data desert of the study
region, we move beyond simple imputation. We employ a Physics-Informed Transfer Learning approach: the
model is pre-trained on high-density data from the Global Historical Climatology Network (GHCN) to learn
foundational atmospheric dynamics.

To resolve gaps in localized sensor coverage, we use synthetic convective profiles generated by the Weather
Research and Forecasting (WRF) model version 4.5. To evaluate scalability, sensitivity analyses were
conducted to determine the minimum observational density required to maintain the GNN’s spatial
coherence. Results indicate that while accuracy is maximized at a density of one station per 50 km?, the
framework’s integration of satellite-derived infrared proxies allows it to remain operationally stable (defined
as CSI > 0.55) even at a sparse density of one station per 180 km? This threshold is significant for Sub-
Saharan regions, as it demonstrates that Agri-MultiNet can bridge the gap between the sparse WMO-standard
ground networks and the high-resolution requirements of convective nowcasting, provided that the Bi-
directional Recurrent Imputation is initialized with at least 72 hours of historical local context.

3.4.3| Model architecture: The predictive core

At the heart of Agri-MultiNet is a hybrid deep learning engine (Fig. 7). Each component is chosen for its
specific physical intuition:
I. CNN backbone: used for extracting cloud morphology the shapes and structures of storm fronts that

indicate severity.

II.  ConvLSTM: manages the temporal nowcasting of precipitation by tracking how these cloud structures move
and evolve over 15-minute intervals.
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III. Transformers: employed to capture long-range temporal dependencies, helping the model recognize
"extreme" patterns that develop over days or weeks.

IV.  GNNs: model the spatial relationships between different agro-climatic zones, treating the landscape as a
connected graph where a flood in one "node" influences the risk in another.

As illustrated in Fg. 7, the architecture follows a Trimodal Encoder Pipeline3. The flow initiates with three
parallel manifolds:

1. The satellite Manifold, which passes through a ResNet-based CNN to generate spatial feature maps of
cloud-top cooling;

II. The IoT Manifold, which is processed via a Gated Recurrent Unit to capture sudden shifts in surface
humidity; and

III.  The static Manifold, which embeds soil and genomic constants.

These high-dimensional vectors are then projected into a shared 512-dimensional latent space. The Cross-

Modal Transformer acts as the central orchestrator, applying multi-head self-attention to weight the ground-
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level IoT moisture anomalies against the satellite-derived convective intensity before passing the unified state
to the ConvLSTM for temporal forecasting.

Fig. 1. Conceptual architecture.

3.4.4| Fusion strategy and uncertainty

We employ an intermediate attention-based fusion strategy to integrate heterogeneous data sources. Rather
than combining all modalities at the input stage, the framework uses an attention mechanism to dynamically
assign weights to each data source according to its relevance under prevailing environmental conditions. To
further enhance prediction reliability, Bayesian inference combined with Monte Carlo Dropout is
incorporated to quantify predictive uncertainty. Such an approach enables the framework to generate
probabilistic forecasts and confidence intervals, allowing stakeholders to better assess the likelihood and
potential impact of extreme weather events.

3.4.5| Agricultural risk translation and evaluation

The final stage of the methodology is the translation of meteorological signals into biological and operational
impacts. We formulate a flood risk index and crop stress probability metric, which transition the output from

weather variables to risk profiles.
To evaluate the system’s efficacy, we employ three tiers of metrics:

I. Meteorological accuracy: Root Mean Square Error (RMSE) for rainfall intensity and the Critical Success

Index (CSI) to measute the "hit rate" of localized convective events.

II.  Yield correlation: the Yield prediction R2 is used to determine how well the model’s integrated indicators
explain seasonal harvest variations compared to traditional vegetation indices (NDVI).

III.  Operational decision lead-time: we introduce the Decision Lead-Time Gain (DLTG). It is defined as the
temporal difference between Agri-MultiNet’s first high-confidence alert (P > 0.80 for an extreme event)
and the point at which traditional regional NWP systems trigger a similar warning. By quantifying this
actionable lead time, we measure the expanded decision-space available to farmers for anticipatory actions,

such as pre-emptive drainage management or accelerated harvesting.
3.5| Mathematical Model

To formalize the transition from raw multimodal inputs to uncertainty-aware risk indicators, we define the
spatiotemporal multimodal risk alignment. The model operates on a state tensor that unifies disparate data
frequencies and dimensions.

3.5.1| Multimodal input representation

Let X; represent the comprehensive atmospheric-agronomic state at time t. This state is composed of three
primary data manifolds:

L. Satellite Manifold (S): high-dimensional visual tensors S € RF*W*CXT capturing cloud-top brightness

temperatures and water vapot.

RNXVXT

II. IoT Manifold (I): sparse, high-frequency time-series vectors I € representing localized soil moisture

and humidity from N sensors.

IT. Static/Genomic Manifold (G): time-invariant features G € RY representing soil composition and crop
phenotype resilience. To make this manifold concrete, the framework embeds variety-specific physiological
constants; for example, when monitoring maize-producing corridors, G incorporates the critical "T-base'
temperature (10°C) and the specific VPD threshold (2.2 kPa) for the Drought Tolerant Maize for Africa
(DTMA) hybrid. Such a representation allows the shared latent space to recognize that a predicted heatwave
represents a 'Vulnerability' state specifically when it intersects with the known stomatal closure limits of that

local variety.
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3.5.2| Cross-modal attention and latent alignment

To resolve the convective gap, we define a Cross-Modal Transformer function Fuy, that aligns these
manifolds into a shared latent space Z. The attention-weighted fusion is defined as:

KT
Z; = Softmax (QS !

N

where Qg represents the "query” from satellite cloud morphology and K, V; are the key and value pairs from

)vl + d(6), @

ground-level IoT sensors. This mechanism ensures that the model only pays attention to satellite pixels that

correlate with significant ground-level moisture anomalies.
3.5.3| The convective-dynamics core

The temporal evolution of the convective system is modeled via a hybrid operator {, combining a
Convolutional LSTM for fluid dynamics and a GNN for spatial connectivity between agro-climatic zones:

Wt+k = l-|J(Ztg(vl E))' (2)

where Wy, is the predicted meteorological state and G(V, E)) represents the geographic graph of agricultural
nodes.

3.5.4 | Impact-based risk translation

The novelty of Agri-MultiNet lies in the risk translation function (R). Unlike standard models that output
only W, we map the atmospheric hazard H to an impact score Yyigi:

Yiisk = R (Wers OVuIn(G, E)) + &, @)

where, Vuln(G,E) is a learned vulnerability function based on the crop’s genomic stage and historical
exposute.

€ represents the Bayesian uncertainty term, modeled as a Gaussian process:

E~N(o,z e), ©)

where Yg is the covariance matrix estimated via Monte Carlo Dropout, providing the confidence interval for
each farm-level warning.

4| Results and Discussion

4.1| Extreme Weather Prediction Performance

The empirical evaluation of Agri-MultiNet demonstrates a significant leap over current meteorological
standards. In head-to-head comparisons with conventional NWP systems, the framework achieved a 24.1%
reduction in rainfall intensity RMSE. Perhaps more telling is the CSI; while conventional systems struggled
with a CSI of 0.42, often missing the precise onset of rapid convective storms, Agri-MultiNet reached a score
of 0.68. These findings suggest that by integrating high-frequency satellite imagery with ground-level IoT data,
the model effectively sees the developmental stages of deep convection that global models typically overlook.

4.2 | Ablation Study

To understand what drives this performance, we conducted an ablation study. Removing the multimodal
fusion layer resulted in a sharp 15% drop in accuracy, particularly during localized flash flood events. This
finding confirms that satellite data alone cannot resolve the complex land-atmosphere feedbacks of the
African intetior. Also, excluding the Bayesian uncertainty component led to a higher rate of "false confidence"
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during extreme outliers. The inclusion of uncertainty modeling didn't just improve the numbers; it made the
model’s failures more predictable and its successes more reliable.

4.3 | Agricultural Risk Forecasting Accuracy

The transition from "weather forecasting” to risk forecasting yielded some of the study’s most compelling
data. Agri-MultiNet explained 78% of seasonal yield variance (R?= 0.78), outperforming traditional vegetation
index models by a margin of 20%. Such a finding suggests that yield is not merely a function of cumulative
rainfall, but of the rhythm and intensity of that rainfall nuances that our framework captures. In terms of
flood risk, the model’s ability to map localized moisture anomalies allowed for highly accurate crop stress
alerts, identifying at-risk acreage with a precision previously unavailable at the smallholder scale.

4.4| Spatial Robustness and Lead-Time Improvements

As established in the methodology, the DLTG was evaluated across all study sites. Agri-MultiNet delivered
high-probability warnings 48 to 72 hours earlier than existing regional systems. Across diverse agro-climatic
zones from the humid coastal belts to the semi-arid Sahel, the model maintained a consistent performance
profile, proving its spatial robustness. This gain in lead time is not merely a statistical victory; in simulated
scenarios, this window allowed for anticipatory actions that resulted in an 18% reduction in field-level crop

losses.

4.5 | Discussion: Scientific and Practical Implications

4.5.1| Scientific contributions

This research addresses the convective gap that has long plagued tropical meteorology. By embedding physical
proxies for latent heat release within a deep learning architecture, Agri-MultiNet proves that Al can do more
than just find patterns; it can respect and utilize the laws of atmospheric physics. This cloud-aware approach
offers a blueprint for future models operating in data-sparse regions where traditional NWP fails.

4.5.2 | Practical and policy relevance

For the African smallholder, the practical implications are transformative. The framework moves the needle
from reactive "disaster response" to proactive "climate-smart management." For instance, the ability to
predict a 72-hour window of extreme heat or sudden deluge allows for optimized irrigation scheduling and
the strategic timing of fertilizer applications. At the policy level, these insights provide national early warning
systems with a scalable, low-cost tool to protect food corridors and stabilize regional markets.

4.5.3 | Limitations

Despite these gains, challenges remain. The data desert is still a factor; while transfer learning helps, the lack
of dense, long-term historical ground data in certain remote corridors remains a bottleneck. Additionally, the
computational weight of multimodal transformers requires a robust cloud-edge infrastructure that is still

maturing across parts of the continent.
4.6 | Sustainability and Scalability

To address the infrastructure constraints of the Sub-Saharan region, Agri-MultiNet utilizes a tiered inference
strategy. While the primary model training and high-resolution atmospheric processing occur on regional
cloud clusters, the framework is optimized for offline-first edge deployment. We use 8-bit integer quantization
and model pruning to export a 'lite' version of the predictive core (Agri-MultiNet-mobile) to local IoT
gateways and Android-based devices. Benchmarking of this mobile variant revealed that 8-bit quantization
achieved a 4.2x reduction in model memory footprint and a 60% improvement in inference speed on mid-
range ARM-based processors. This optimization resulted in a marginal 1.9% increase in rainfall intensity
RMSE compared to the full-precision cloud model, a trade-off that maintains operational reliability for
localized, high-stakes field decisions even during 2G/3G connectivity outages.
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In this localized mode, the model relies on the most recent cached satellite state and live local 10T telemetry
to provide real-time updates. The computational complexity of the Transformer-GNN stack was optimized
for rapid refresh rates. On the regional cloud cluster (NVIDIA A100), the end-to-end inference latency for a
full continental 24-hour risk map is approximately 112 seconds. On the Agri-MultiNet-mobile edge variant,
the localized 'Nowcast' (predicting the next 0—6 hours of convective evolution) achieves an inference latency
of 14.8 seconds on a standard Octa-core mobile chipset. Such an architecture ensures that even in rapidly
developing storm scenarios, the lag between data ingestion and alert dissemination is less than 30 seconds,

providing farmers with near-instantaneous feedback during critical weather transitions.
4.7 | Conclusion

Agri-MultiNet represents a technical pathway toward continental food security. By bridging the gap between
complex cloud microphysics and the lived reality of the farm, this study demonstrates that Al can be
operational agricultural risk management. Our results, highlighted by a 24.1% improvement in weather
accuracy and an 18% reduction in crop loss, suggest that we are moving toward a future where tropical

communities are no longer constrained by data sparsity, but are instead empowered by predictive resilience.
4.8 | Future Research Directions

Looking ahead, the focus must shift toward XAl to further deepen the trust between the algorithm and the
farmer. We also see significant potential in integrating these models with real-time crop simulation engines to
provide even more granular harvest projections. As the climate continues to shift, our models must move
beyond historical distributions, using generative Al to simulate and prepare for "unprecedented" future
scenarios.

5| Conclusion and Future Directions

5.1| Summary of Technical Advancements

The development of Agri-MultiNet marks a significant departure from traditional climate modeling in
Tropical Africa. By directly addressing the convective gap through a multimodal Al framework, this study
has demonstrated that high-frequency satellite imagery, when alighed with ground-level IoT data through
cross-modal transformers, can resolve localized weather phenomena that global models typically miss. Our
findings, headlined by a 24.1% reduction in rainfall intensity RMSE and a CSI of 0.68, confirm that "cloud-
aware" deep learning is not just a theoretical improvement, but a necessary evolution for meteorology in the
Sub-Saharan convective belt.

5.2 | Quantifying Agricultural Resilience

Beyond the meteorological metrics, the true value of this framework lies in its "risk translation" capability. By
moving from hazard-centric reporting to impact-based forecasting, Agri-MultiNet successtully explained 78%
of seasonal yield variance. This shift provided a critical 48- to 72-hour early warning window, which, in
simulated field tests, translated to an 18% reduction in crop losses. These results suggest that the framework
provides more than just data; it provides "decision-space", the precious time tequired for smallholders and

policymakers to transition from reactive crisis management to proactive, anticipatory action.

5.3 | Long-Term Research Trajectory

The success of Agri-MultiNet establishes a scalable foundation for continental food security, yet it also
highlights the path ahead. To move from a research framework to a ubiquitous agricultural tool, three key
areas must be addressed:



Agri-MultiNet: Multimodal intelligence for impact-based weather prediction ... 328

I. XAI for stakeholder trust: future iterations must prioritize transparency. By utilizing SHAP values and
attention maps, we can help farmers understand why a model is predicting a specific risk, transforming the
black box of Al into a trusted digital advisor.

II.  Closing the data desert: while transfer learning and synthetic data have proven effective, there is no substitute
for a robust ground-truth network. Continued investment in low-cost IoT infrastructure and open-data
shating across African borders will be essential for refining model accuracy.

ITI.  Real-time edge deployment: To reach the most vulnerable populations, the next phase of this research will
focus on optimizing model weights for edge deployment. The goal is to deliver high-fidelity risk indicators
directly to low-bandwidth mobile devices, ensuring that computational power does not become a barrier to
climate resilience.

As the global climate system becomes increasingly volatile, the margin for error in tropical agriculture
continues to shrink. Agri-MultiNet offers a technical pathway toward a more resilient future where Al serves
as a bridge between the complex microphysics of the atmosphere and the lived reality of the African
smallholder. By synthesizing physics-based constraints with multimodal data fusion, we can move beyond the
limitations of the past and toward a proactive, climate-smart agricultural paradigm that secures food systems
for the generations to follow.
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