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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 heterogeneous 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, ConvLSTMs for temporal dynamics, and Graph 

Neural Networks (GNNs) 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 
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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 AI 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 Agri-MultiNet, a multimodal AI 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 [16]. 

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 early warning system 

must facilitate a linear progression from hazard to exposure, to vulnerability, and finally to impact [23] by 

using spatiotemporal AI, specifically the integration of transformers for long-range dependencies and 

Explainable AI (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 AI-based weather forecasting, three major limitations remain unresolved for 

Tropical Africa: 

I. 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 AI 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: CNNs 

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 progression 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 IoT and Generative AI 

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 XAI. 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 underlying causal 

mechanisms, such as the land-atmosphere interactions identified by Fróis 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: 

I. 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)  
and Year 

Study Data Type Model Region Limitation 

Ouallouche 
et al. [27] 

Hybrid rainfall 
estimation 
framework 

MSG-SEVIRI 
satellite data 

RF and ConvLSTM Northern Algeria Short training period (1 
year); computationally 
intensive scalability. 

Yi et al. [28] Ocean surface 
vector wind 
downscaling 

Pangu-weather 
and reanalysis 

TempE-UNet Taiwan strait Reliance on reanalysis 
data; regional focus 
limits global 
generalizability. 

Chen et al. 
[29] 

SynQPF-Net for 
short-term 
precipitation 

GraphCast  
and CLDAS 
analyses 

Dual-stream 
encoder and U-Net 

Global (Heavy 
rain focus) 

Dependent on dense 
observational networks 
(CLDAS); patch-based 
artifacts. 

Yan et al. 
[35] 

Short-term solar 
radiation 
forecasting 

GraphCast and 
station data 

VMD and 
RF/SVM/CNN/L
STM 

California, USA Short dataset duration; 
high parameter tuning 
and computational 
demand. 

Shinde et al. 
[32] 

WxC-Bench: 
Multimodal ML 
benchmarking 

ERA5 and 
MERRA-2 
reanalysis 

Multi-modal 
foundation models 

Global Derived from 
reanalysis; fails to 
resolve micro-scale 
boundary-layer 
turbulence. 

Fróis et al. 
[31] 

Soil moisture-LST 
co-variability 
evaluation 

SEVIRI and 
copernicus SM 
products 

Co-variability 
metric (vs ERA5) 

Global transition 
zones 

ERA5’s fixed 
vegetation cover fails to 
capture dynamic land-
atmosphere flux. 

Quyoom et 
al. [24] 

Maize-centric XAI Agro-genomic  
and 
environmental 

SHAP and attention 
mapping 

Tropical Africa Model complexity 
requires further causal 
inference to build 
stakeholder trust. 

Wang et al. 
[6], Lam et 
al. [25] 

Evaluation of 
GAWMs 

ERA5 
reanalysis 
(~30km) 

GraphCast, Pangu-
Weather 

Global 
(Temperate 
focus) 

Coarse resolution 
(30km) cannot resolve 
sub-grid convective 
microphysics. 
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Table 1. Continued. 

 

 

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: 

I. 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. 

Mbuvha et 
al. [1] 

Operational risk in 
precipitation 
forecasting 

Observational  
and Station data 

Machine Learning 
(ML) models 

Tropical Africa Extreme data scarcity; 
lack of translation from 
weather to operational 
risk. 

Sharafat et 
al. [21] 

Crop stress 
probability 
assessment 

Meteorological 
signals 

Impact-based 
hybrid models 

General 
agriculture 

Forecasts remain 
operationally 
ambiguous without 
crop physiological 
metrics. 

Author(s)  
and Year 

Study Data Type Model Region Limitation 

Tang et al. 
[11], Xu et 
al. [30] 

Multimodal data 
fusion architectures 

Satellite, IoT, 
and soil maps 

Cross-modal 
transformers 

Global Moving from early 
fusion to latent 
alignment is 
computationally 
complex. 

Waqas et al. 
[7] 

Physics-informed 
climate resilience 

Heterogeneous 
climate data 

PINNs and transfer 
learning 

Sub-Saharan 
Africa 

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

Silva et al. 
[23] 

RTT Framework Hazard and 
Vulnerability 
data 

Linear risk 
progression 

General tropics Requires participatory 
governance and 
localized calibration to 
be effective. 

Ours Proposed Agri-
MultiNet 

Satellite + IoT 
+ Crop data 

Multimodal Hybrid Tropical 
(Designed for 
impact-based 
forecasting) 
Africa 
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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 

field-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 km², 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 km². 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. 1). 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 Fig. 1, the architecture follows a Trimodal Encoder Pipeline3. The flow initiates with three 

parallel manifolds: 

I. 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 measure 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 Xt represent the comprehensive atmospheric-agronomic state at time t. This state is composed of three 

primary data manifolds: 

I. Satellite Manifold (S): high-dimensional visual tensors S ∈ ℝH×W×C×T capturing cloud-top brightness 

temperatures and water vapor. 

II. IoT Manifold (I): sparse, high-frequency time-series vectors I ∈ ℝN×V×T representing localized soil moisture 

and humidity from N sensors. 

III. Static/Genomic Manifold (G): time-invariant features G ∈ ℝd 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 Fattn that aligns these 

manifolds into a shared latent space Z. The attention-weighted fusion is defined as:  

where Qs represents the "query" from satellite cloud morphology and KI, VI are the key and value pairs from 

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 ψ, combining a 

Convolutional LSTM for fluid dynamics and a GNN for spatial connectivity between agro-climatic zones: 

where Ŵt+k 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 Ŵ, we map the atmospheric hazard H to an impact score Yrisk: 

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

exposure.  

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

where ∑θ 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 interior. Also, excluding the Bayesian uncertainty component led to a higher rate of "false confidence" 

Zt = Softmax (
QsKI

T

√dk

) VI + Φ(G), (1) 

Ŵt+k = ψ(Zt𝒢(V, E)), (2) 

Yrisk = ℛ (Ŵt+k⨀Vuln(G, E)) + ε, (3) 

ε~N (0, ∑
θ

), (3) 
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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 (R2 = 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 AI 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 IoT 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 AI 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 XAI 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 AI 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 AI framework, this study 

has demonstrated that high-frequency satellite imagery, when aligned 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 successfully 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 required 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: 
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  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 AI 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 

sharing across African borders will be essential for refining model accuracy. 

III. 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 AI 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. 

Authors' Contributions 

All aspects of the research and manuscript preparation were carried out by the author. The author has read 

and approved the final version of the manuscript. 

Funding 

Not applicable. 

Data Availability 

All data supporting the reported findings in this research paper are provided within the manuscript. 

Conflict of Interest 

The author declares that they do not have any conflict of interest. 

Consent for Publication 

The author confirms consent for the publication of this work. 

Ethics Approval and Consent to Participate 

This article does not contain any studies with human participants performed by the author. 

Reference 

[1]  Mbuvha, R., Yaakoubi, Y., Bagiliko, J., Potes, S. H., Nammouchi, A., & Amrouche, S. (2024). Leveraging 

AI for climate resilience in Africa: Challenges, opportunities, and the need for collaboration. 

https://doi.org/10.48550/arXiv.2407.05210 

[2]  Esan, M. O., Oluwagbemi, J. B., & Mesioye, A. E. (2025). Information and communication technology 

adoption and its effect on productivity and profitability of smallholder maize farmers in Oyo State. Journal 

of science, technology and innovation research, 1(2). https://doi.org/10.51459/jostir.2025.1.2.0146 

[3]  Karinge, J., Njende, I., & Nyamekye, S. (2024). Machine learning for climate intelligence and weather forecasting 

in the tropics. https://sdgs.un.org/documents/karinge-j-njende-i-and-nyamekye-s-machine-learning-

climate-intelligence-and-weather 



 Oluwagbemi et al.|Inf. Sci. Technol. 2(4) (2025) 316-330 

 

329

 

  [4]  Sun, Y. Q., Hassanzadeh, P., Zand, M., Chattopadhyay, A., Weare, J., & Abbot, D. S. (2025). Can AI weather 

models predict out-of-distribution gray swan tropical cyclones? Proceedings of the national academy of 

sciences, 122(21), e2420914122. https://doi.org/10.1073/pnas.2420914122 

[5]  Materia, S., García, L. P., van Straaten, C., O, S., Mamalakis, A., Cavicchia, L., ... & Donat, M. (2024). 

Artificial intelligence for climate prediction of extremes: State of the art, challenges, and future 

perspectives. Wiley interdisciplinary reviews: Climate change, 15(6), e914. https://doi.org/10.1002/wcc.914 

[6]  Wang, B., Zhu, S., Wu, L., Liu, Y., Lu, X., He, K., ... & Liu, W. (2025). Global weather forecasting through 

deep learning: Applications and challenges. Technology review for carbon neutrality, 1, 9550021. 

https://doi.org/10.26599/TRCN.2025.9550021 

[7]  Waqas, M., Humphries, U. W., Chueasa, B., & Wangwongchai, A. (2025). Artificial intelligence and 

numerical weather prediction models: A technical survey. Natural hazards research, 5(2), 306–320. 

https://doi.org/10.1016/j.nhres.2024.11.004 

[8]  Reichstein, M., Benson, V., Blunk, J., Camps-Valls, G., Creutzig, F., Fearnley, C. J., ... & Weldemariam, K. 

(2025). Early warning of complex climate risk with integrated artificial intelligence. Nature communications, 

16(1), 2564. https://doi.org/10.1038/s41467-025-57640-w 

[9]  Rana, A., & Lone, A. F. (2025). Integrated artificial intelligence in weather forecasting for agriculture: 

Opportunities, challenges, and the road ahead. International journal of environment and climate change, 

15(11), 594–609. https://doi.org/10.9734/ijecc/2025/v15i115137 

[10]  Hao, J., Li, B., Tang, W., Liu, S., Chang, Y., Pan, J., ... & Lv, C. (2025). A reinforcement learning-driven 

UAV-based smart agriculture system for extreme weather prediction. Agronomy, 15(4), 964. 

https://doi.org/10.3390/agronomy15040964 

[11] Tang, S., Xu, J., Zhang, J., Chen, Y., Jin, Q., Shen, L., ... & Xiang, S. (2026). Meteorpred: A meteorological 

multimodal large model and dataset for severe weather event prediction. Proceedings of the IEEE/CVF 

conference on computer vision and pattern recognition (pp. 22910-22919). IEEE / Computer Vision Foundation. 

https://doi.org/10.48550/arXiv.2508.06859 

[12]  Ramadhan, M. I. (2025). EcoRisk-AI: A multimodal artificial intelligence framework for early prediction 

of mining environmental risks in Indonesia. Research in sustainability and technology for development and 

environment, 2(2). https://doi.org/10.61511/rstde.v2i2.2025.2409 

[13]  Oluwagbemi, J. B., Josh-Falade, O., Tadema, A. J., & Mesioye, A. E. (2026). A hybrid spatio-temporal 

transformer-LSTM network for explainable crop yield prediction using multi-source remote sensing in 

arid African regions. Journal of future artificial intelligence and technologies, 3(2), 342–365. 

https://doi.org/10.62411/faith.3048-3719-408 

[14]  Naik, M., Bharani, J. S. S. L., Roy, A., Prakash, R. V., Yadav, H. L., & Chetia, B. (2025). AI-driven climate 

modelling and forecasting: Enhancing environmental resilience through predictive analytics. International 

journal of environmental sciences, 11(18S). https://doi.org/10.64252/0hqedz44 

[15]  Camps-Valls, G., Fernández-Torres, M. Á., Cohrs, K. H., Höhl, A., Castelletti, A., Pacal, A., ... & Williams, 

T. (2025). Artificial intelligence for modeling and understanding extreme weather and climate events. 

Nature communications, 16(1), 1919. https://doi.org/10.1038/s41467-025-56573-8 

[16]  Funk, C., Harrison, L., Segele, Z., Rosenstock, T., Steward, P., Anderson, C. L., ... & Hughes, D. (2023). 

Tailored forecasts can predict extreme climate informing proactive interventions in East Africa. Earth's 

future, 11(7), e2023EF003524. https://doi.org/10.1029/2023EF003524 

[17]  Arun, P. V., Sadeh, R., Avneri, A., Tubul, Y., Camino, C., Buddhiraju, K. M., ... & Herrmann, I. (2022). 

Multimodal earth observation data fusion: Graph-based approach in shared latent space. Information 

fusion, 78, 20-39. https://doi.org/10.1016/j.inffus.2021.09.004 

[18]  Jiang, C., Guo, X., Li, Y., Lai, N., Peng, L., & Geng, Q. (2025). Multimodal deep learning models in precision 

agriculture: Cotton yield prediction based on unmanned aerial vehicle imagery and meteorological data. 

Agronomy, 15(5), 1217. https://doi.org/10.3390/agronomy15051217 

[19]  Chinchorkar, S. (2025). AI-enabled decision support systems for agrometeorological forecasting and 

climate change mitigation. International journal of statistics and applied mathematics, 10(4), 13–20. 

https://doi.org/10.22271/maths.2025.v10.i4a.2015 



 Agri-MultiNet: Multimodal intelligence for impact-based weather prediction … 

 

330

 

  [20]  Ferrario, D. M., Sanò, M., Maraschini, M., Critto, A., & Torresan, S. (2025). Harnessing machine learning 

methods for climate multi-hazard and multi-risk assessment. EGUsphere, 2025, 1–72. 

https://doi.org/10.5194/egusphere-2025-670 

[21]  Sharafat, M. D. S., Kabya, N. Das, Emu, R. I., Ahmed, M. U., Onik, J. C., Islam, M. A., & Khan, R. (2025). 

An IoT-enabled AI system for real-time crop prediction using soil and weather data in precision 

agriculture. Smart agricultural technology, 12, 101263. https://doi.org/10.1016/j.atech.2025.101263 

[22]  Kow, P. Y., Wang, Y. T., Chang, Y. W., Lee, M. H., Yao, M. H., Chang, L. C., & Chang, F. J. (2025). AI-

driven weather downscaling for smart agriculture using autoencoders and transformers. Computers and 

electronics in agriculture, 232, 110129. https://doi.org/10.1016/j.compag.2025.110129 

[23]  Silva, R. F., Fava, M. C., Saraiva, A. M., Mendiondo, E. M., Cugnasca, C. E., & Delbem, A. C. B. (2021). A 

theoretical framework for multi-hazard risk mapping on agricultural areas considering artificial 

intelligence, IoT, and climate change scenarios. Engineering proceedings, 9(1), 39. 

https://doi.org/10.3390/engproc2021009039 

[24]  Quyoom, B., Wani, A. A., Lone, A. A., Dar, Z. A., Mir, B. A., & Peer, L. A. (2026). A maize-centric 

framework for explainable artificial intelligence in decoding drought tolerance mechanisms. Discover 

plants, 3(1), 18. https://doi.org/10.1007/s44372-026-00485-4 

[25]  Lam, R., Sanchez-Gonzalez, A., Willson, M., Wirnsberger, P., Fortunato, M., Alet, F., ... & Battaglia, P. 

(2023). Learning skillful medium-range global weather forecasting. Science, 382(6677), 1416-1421. 

https://doi.org/10.1126/science.adi2336 

[26]  Materia, S., García, L. P., van Straaten, C., Mamalakis, A., Cavicchia, L., Coumou, D., ... & Donat, M. G. 

(2023). Artificial intelligence for prediction of climate extremes: State of the art, challenges and future perspectives.  

https://doi.org/10.48550/arXiv.2310.01944 

[27]  Ouallouche, F., Lazri, M., Labadi, K., Alouache, D., Mohia, Y., Sehad, M., & Ameur, S. (2026). Hybrid RF-

-ConvLSTM approach for rainfall estimation from MSG data over Northern Algeria. Atmosphere, 17(3), 

296. https://doi.org/10.3390/atmos17030296 

[28]  Yi, J., Li, X., Wang, J., Zhang, Y., Yang, R., & Nie, Y. (2026). Deep learning-based downscaling of ocean 

surface vector wind over the Taiwan Strait and its adjacent seas with Pangu-weather. Journal of marine 

systems, 255, 104224. https://doi.org/10.1016/j.jmarsys.2026.104224 

[29]  Chen, D., Yao, D., & Wang, Y. (2026). SynQPF-Net: Short-term precipitation forecasts by integrating 

GraphCast predictions and high-resolution observational analyses. Journal of geophysical research: Machine 

learning and computation, 3(1), e2025JH000907. https://doi.org/10.1029/2025JH000907 

[30]  Xu, Y., Cai, S., Huang, J., Liu, J., Shang, J., Yang, Z., & Zhang, Z. (2025). A multimodal deep learning 

approach for soil moisture downscaling using remote sensing and weather data. Journal of geophysical 

research: Machine learning and computation, 2(3), e2025JH000639. https://doi.org/10.1029/2025JH000639 

[31]  Fróis, L., Trigo, I. F., Dorigo, W., De Rosnay, P., & Dutra, E. (2026). A satellite-based assessment of ERA5 

soil moisture and land surface temperature interannual co-variability. Environmental research letters, 21(2), 

24024. https://doi.org/10.1088/1748-9326/ae3789 

[32]  Shinde, R., Ankur, K., Phillips, C. E., Gupta, A., Pfreundschuh, S., Roy, S., ... & Ramachandran, R. (2026). 

WxC-Bench: A novel dataset for weather and climate downstream tasks. Scientific data, 13(1), 596. 

https://doi.org/10.1038/s41597-026-06839-7 

[33]  Mesioye, E. A., Oluwagbemi, J. B., Akinbo, S. R., & Esan, M. O. (2026). IOT and ML-Powered Cyber-

Physical framework for real-time urban flood resilience with geospatial visualization. International journal 

of information system and computer science (IJISCS), 10(1), 9–25. https://doi.org/10.56327/ijiscs.v10i1.1877 

[34]  Bisi, O. J., Emmanuel, M. A., Oluwatosin, E. M., & Mercy, A. A. (2025). Leveraging on AI and IoT for 

precision agriculture in Nigeria: A smart farming framework. Information sciences and technological 

innovations, 2(2), 155–171. https://doi.org/10.48314/isti.v2i2.43 

[35]  Yan, Z., Lu, X., Wu, L., Zhang, H., Liu, F., Wang, X., ... & Liu, W. (2025). Enhancing short-term solar 

radiation forecasting with hybrid VMD and GraphCast-based machine learning models. Expert systems 

with applications, 285, 128042. https://doi.org/10.1016/j.eswa.2025.128042 

 

 


