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Abstract

Accurate climate and weather forecasting remains a critical challenge in semi-arid regions like northern Ghana, where climate variability

increasingly threatens agriculture, water security, and rural livelihoods. This study proposes a novel hybrid deep learning framework, BiLSTM-
GRU-PINN, that combines Bidirectional Long Short-Term Memory (BiLSTM), Gated Recurrent Units (GRU), and Physics-Informed Neural Networks
(PINNs) for enhanced regional climate prediction. The framework integrates the temporal modeling capabilities of BILSTM and GRU with the physical
consistency of PINNs, incorporating partial differential equations such as the heat equation directly into the model’s loss function. The system is
trained on multi-source historical and observational data, including records from GMet, CMIP6, and NASA EarthData, and is evaluated using metrics
such as RMSE, MAE, and prediction accuracy. The rresults demonstrate that the BILSTM-GRU-PINN model significantly outperforms conventional
models, including standalone LSTM, GRU, PINN, and statistical or physics-based approaches in both temperature and rainfall prediction. The best-
performing configuration achieved RMSE values of 0.225 for temperature and 0.140 for rainfall, with respective prediction accuracies of 87.78% and
69.76%. Visualization and decomposition analyses show that the model effectively captures long-term trends and seasonal patterns in temperature,
while highlighting challenges in predicting the stochastic nature of rainfall. These findings underscore the value of integrating data-driven and
physics-based approaches for climate forecasting in data-scarce regions. The proposed framework offers a robust, interpretable, and scalable
solution for supporting early warning systems, policy-making, and climate adaptation strategies across semi-arid and similarly vulnerable contexts
in Africa..

Keywords: BiLSTM-GRU-PINN, Hybrid Deep Learning, Physics-Informed Neural Networks, Climate Forecasting, Rainfall Prediction, Temperature
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Introduction

Climate variability and extreme weather events pose signifi-
cant challenges to ecosystems and human livelihoods, particularly
in semi-arid regions where socioeconomic activities such as agri-
culture, water management, and public health are highly sensitive
to climatic conditions [1,2]. In northern Ghana, increasing unpre-
dictability in rainfall patterns and rising temperatures have exac-
erbated the frequency and intensity of droughts and flash floods,
threatening food security and rural resilience [3,4]. Accurate and
timely regional climate forecasting is therefore critical for early
warning systems, adaptive planning, and sustainable development
in this vulnerable region.

@ @ This work is licensed under Creative Commons Attribution 4.0 License | SJRR.MS.ID.000605.

Traditional climate modeling approaches rely heavily on nu-
merical simulations based on partial differential equations (PDEs),
such as the Navier-Stokes and heat equations, which describe the
physical dynamics of the atmosphere with strong theoretical foun-
dations [5,6]. While these physics-based models offer interpretabil-
ity and consistency with natural laws, they are often computation-
ally intensive, require high-resolution input data, and struggle to
capture localized, nonlinear phenomena, particularly in data-scarce
regions like semi-arid Ghana [7,8]. Moreover, global and regional
climate models (GCMs/RCMs) frequently lack the spatial and tem-
poral resolution needed for actionable, community-level predic-
tions. To address these challenges, data-driven approaches, partic-
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ularly machine learning (ML), should be integrated because of their
ability to extract complex, non-linear patterns from large and het-
erogeneous climate datasets [9-11]. ML models offer a flexible and
efficient alternative, capable of capturing temporal and spatial de-
pendencies without explicit programming of physical laws. Recent
advances have further demonstrated the value of integrating ML
with domain knowledge, as seen in hybrid modeling frameworks
that combine data-driven learning with physical constraints [12].

In recent years, machine learning (ML) has emerged as a pow-
erful data-driven alternative capable of identifying complex pat-
terns in large-scale climatic datasets. Techniques such as Long
Short-Term Memory (LSTM) and Gated Recurrent Units (GRU)
have demonstrated success in modeling time-series data, includ-
ing rainfall and temperature forecasting [13,14]. However, purely
data-driven models often function as black boxes, lacking physical
consistency and generalizability, especially when training data are
limited or noisy.

To bridge this gap, this study proposes a hybrid deep learning
framework that integrates the strengths of data-driven machine
learning with the physical fidelity of differential equation models.
Specifically, the research introduces a novel BiLSTM-GRU-PINN ar-
chitecture combining Bidirectional LSTM (BiLSTM), GRU, and Phys-
ics-Informed Neural Networks (PINNs) to enhance regional climate
and extreme weather forecasting in semi-arid Ghana. The BiLSTM
layer captures long-term temporal dependencies in both forward
and backward directions, while the GRU layer compresses sequen-
tial information efficiently. Crucially, the PINN component incorpo-
rates physical laws such as the heat equation into the loss function,
ensuring that the model predictions remain consistent with atmo-

spheric dynamics even in data-limited settings [15]. The primary
objective of this study is to develop and validate a hybrid modeling
framework that improves the accuracy, efficiency, and physical in-
terpretability of climate predictions in northern Ghana. By fusing
data-driven learning with physical constraints, this research aims
to deliver a robust, interpretable, and scalable forecasting tool
that supports climate adaptation, disaster preparedness, and pol-
icy-making in vulnerable semi-arid regions not only in Ghana but
across similar agro-climatic zones in Africa and beyond.

Despite the critical need for accurate regional climate forecast-
ing in semi-arid Ghana, existing modeling approaches face signifi-
cant limitations. Global climate models (GCMs) often lack sufficient
spatial resolution to capture localized climatic variations, while re-
gional models frequently fail to adequately represent complex local
atmospheric dynamics and land-atmosphere interactions. Further-
more, many current frameworks do not fully integrate observation-
al and historical climate data, leading to reduced predictive accu-
racy. Deterministic models, although grounded in physical laws,
struggle to capture the inherent non-linearities associated with ex-
treme weather events such as droughts and flash floods [16]. These
challenges underscore the need for a hybrid modeling framework
that synergistically combines data-driven machine learning tech-
niques with physics-based differential equation models to enhance
the accuracy, reliability, and regional specificity of climate and ex-
treme weather predictions.

Figure 1 shows the study area of diverse climate zones with the
risk of drought as a result of high temperatures and low rainfall,
especially in the northern part of Ghana.

Ve

Figure 1: Ghana map showing the diverse climate, including the semi-arid zone [45].
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This study is motivated by the need to develop a robust, inter-
pretable, and scalable framework that integrates the strengths of
both paradigms, machine learning and physics-based modeling.
This integrated approach addresses critical gaps in current mod-
eling frameworks and is especially suited to data-sparse regions
where observational datasets are limited. The model’s ability to
learn complex temporal patterns while respecting the governing
physics makes it a compelling tool for climate resilience planning
and early warning systems in Ghana and similar regions across
Sub-Saharan Africa.

Accurate prediction of regional climate and extreme weather
events in semi-arid regions such as Northern Ghana remains a for-
midable scientific challenge. These regions are characterized by
complex interactions between large-scale atmospheric dynamics
and localized bio geophysical processes, including soil moisture
variability, land cover changes, and surface energy fluxes. The
increasing frequency and intensity of climate extremes such as
droughts and flash floods have profound implications for agricul-
ture, water security, public health, and rural livelihoods [17,18]. In
Northern Ghana, rising climate variability has disrupted traditional
farming cycles and exacerbated water scarcity, underscoring the ur-
gent need for reliable, high-resolution forecasting systems [3].

Historically, climate modeling has relied on physics-based nu-
merical models governed by systems of differential equations that
describe the conservation of mass, momentum, and energy in the
atmosphere. These models, including General Circulation Models
(GCMs) and Regional Climate Models (RCMs), simulate climatic
processes with strong theoretical foundations [6]. RCMs, in partic-
ular, enhance spatial resolution by dynamically downscaling GCM
outputs using partial differential equations (PDEs) such as the
Navier-Stokes equations, shallow water equations, and heat diffu-
sion models. Although these models provide physically consistent
representations of atmospheric behavior, they face significant lim-
itations in semi-arid regions like Ghana. These include high com-
putational demands, sensitivity to initial and boundary conditions,
and difficulties in accurately representing sub-grid-scale processes
such as convection and land-atmosphere feedbacks [5,7]. To over-
come these limitations, ML models remain the ultimate best in ex-
tracting complex spatiotemporal patterns from large-scale climate
datasets without explicit programming of physical laws. Also, tech-
niques like Long Short-Term Memory (LSTM) networks, Gated Re-
current Units (GRUs), and Convolutional Neural Networks (CNNs)
have demonstrated strong performance in rainfall and temperature
prediction [13,14]. LSTM models have been successfully applied to
rainfall forecasting in West Africa, where they outperformed tradi-
tional statistical models in capturing non-linear temporal depen-
dencies [19]. Similarly, GRU-based models have shown efficiency
in handling long sequences with reduced computational overhead,
making them suitable for real-time forecasting applications [20].

One of the most critical shortcomings of traditional models is
their limited ability to capture the non-linear and chaotic nature of
extreme weather events. For instance, heavy rainfall episodes and
prolonged dry spells often emerge from complex, non-linear inter-
actions that are poorly resolved by deterministic solvers, leading to
underestimation of risk and reduced forecast skill [21]. Additional-
ly, the scarcity and inconsistency of observational data in many Af-
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rican regions further compromise model calibration and validation,
increasing uncertainty in projections [4].

In response to these challenges, machine learning (ML) has
emerged as a powerful complementary tool in climate science.
Unlike physics-based models, ML algorithms excel at identifying
complex, non-linear patterns in large, high-dimensional datasets
without requiring explicit formulation of governing equations.
Techniques such as deep neural networks, ensemble methods, and
time-series models have demonstrated strong performance in var-
ious hydrometeorological applications. For example, Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks
have been successfully applied to rainfall forecasting and tempera-
ture forecasting due to their ability to model long-term temporal
dependencies [13]. Similarly, tree-based models like Random For-
est and XGBoost have been used for drought prediction and climate
classification with high accuracy [23]. Moreover, ML-based down-
scaling methods, such as DeepSD [24], have enabled the generation
of high-resolution climate projections from coarse GCM outputs,
enhancing regional applicability.

Despite their predictive power, purely data-driven models are
often criticized as “black boxes” due to their lack of physical inter-
pretability and potential for overfitting, especially in data-scarce
environments. Their performance may degrade when extrapolat-
ing beyond the range of training data, limiting their reliability for
long-term climate projections [25,26]. This has led to growing in-
terest in hybrid modeling frameworks that integrate the strengths
of both physics-based and data-driven approaches. This ground-
breaking advancement in the domain of Physics-Informed Neural
Network (PINN) framework was introduced by [15]. PINNs embed
governing PDEs directly into the loss function of a neural network,
ensuring that predictions remain consistent with physical laws
such as conservation of mass and energy. This approach enhanc-
es model robustness, especially in data-scarce environments, and
reduces overfitting by constraining the solution space [27,28], and
improves performance in low-data regime conditions commonly
encountered in sub-Saharan Africa. PINNs have been successfully
applied to fluid dynamics, heat transfer, and subsurface flow mod-
eling, demonstrating their potential in geophysical applications
[29,30]. Other hybrid strategies include using ML for bias correc-
tion of numerical model outputs, data assimilation, and parame-
terization of sub-grid processes [31,32]. These methods allow for
dynamic updating of model states using real-time observations,
thereby improving forecast accuracy and adaptability.

In the context of climate modeling, hybrid frameworks like BiL-
STM-GRU-PINN represent a novel integration strategy [33]. The
bidirectional LSTM (BiLSTM) layer captures temporal dependen-
cies in both forward and backward directions, enabling the model
to learn from past and future context within a sequence. The GRU
layer then compresses this information efficiently, reducing redun-
dancy and computational load. Finally, the PINN component reg-
ularizes the model by incorporating physical constraints, such as
the heat equation for temperature diffusion into the training pro-
cess. This ensures that even when observational data are limited or
noisy, the model remains physically plausible. Some recent studies
have begun to explore the application of such hybrid models in Af-
rican contexts. In the work of [34] developed a physics-informed
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LSTM model to predict drought onset in Ghana, showing improved
accuracy over standalone ML models. Similarly, [35] applied a hy-
brid CNN-PINN framework to downscale rainfall projections in Ni-
geria, achieving higher spatial resolution and better alignment with
observed patterns. These studies underscore the growing interest
in merging data-driven and physics-based approaches to improve
climate services in West Africa.

In the case of extreme weather prediction, hybrid ML enhanced
models have shown promise in augmenting traditional climate
modeling by learning complex patterns from data without requir-
ing explicit physical laws [36]. Convolutional neural networks
(CNN) have been used to forecast tropical cyclone intensities by
analyzing satellite imagery [37], while Random Forest models have
enabled short-term forecasting of flash floods in data-sparse re-
gions [38]. Generative Adversarial Networks (GANs) have also been
employed to super-resolve coarse climate model outputs, gener-
ating high-resolution rainfall fields that better represent localized
convection [39]. In Ghana, extreme events are often driven by me-
soscale convective systems and land-surface feedbacks that are in-
adequately captured by global models [40]. Integrating satellite-de-
rived datasets, such as CHIRPS rainfall estimates and MODIS land
surface temperature, into ML frameworks offers a viable pathway
to improve early warning systems [41].

Despite these advances, the application of hybrid ML-PDE mod-
els in West Africa, and Ghana in particular, remains limited. Existing
studies in the region have primarily relied on standalone RCMs or
statistical models. For instance, [14] applied ML models to predict

Table 1: Overview of climate and weather forecasting models.

rainfall in Burkina Faso with notable accuracy and [4] utilized the
SWAT hydrological model to assess climate change impacts on the
Volta Basin, while [42,43] employed regression-based techniques
to project future rainfall and temperature trends. However, these
approaches rarely incorporate machine learning, and even more
rarely integrate physical laws into data-driven models. Further-
more, climate model outputs are often not translated into action-
able insights for policymakers, limiting their utility in agriculture
planning, disaster preparedness, and climate adaptation strategies
[22, 44].

The integration of machine learning with differential equa-
tion-based models represents a transformative opportunity for
climate science in vulnerable, data-scarce regions. Although both
methodologies have been explored independently, their synergis-
tic application, particularly in the form of hybrid architectures such
as BiLSTM-GRU-PINN, remains underexplored in the African con-
text, especially in Ghana. This research addresses this critical gap
by developing a novel, physics-informed deep learning framework
tailored to the unique climatic and socio-environmental conditions
of semi-arid Ghana. By combining the pattern recognition power of
deep learning with the physical consistency of PDEs, the proposed
model aims to deliver accurate, interpretable, and policy-relevant
climate and extreme weather forecasts.

Table 1 and Table 2 compares the proposed BiLSTM-GRU-PINN
model with other prominent climate and weather forecasting mod-
els, including their model type, methodology, strengths, limitations,
and application context.

BiLSTM-GRU-PINN (Proposed) Hybrid (Data + Physics)

BiLSTM captures bidirectional temporal dependencies, GRU improves

efficiency, and PINN enforces physical laws via heat and rainfall PDEs.

PINNs [15, 27,29] Physics-guided DL

Governing PDEs are embedded into neural network loss functions to constrain

predictions.

LSTM / GRU [19,20] Data-driven DL

Recurrent neural networks designed for temporal sequence learning.

CNN-PINN [35] Hybrid (Spatial ML + Physics)

CNN-based

spatial feature extraction combined with physics-based

regularization.

GCMs / RCMs [6,7] Physics-based Numerical

Numerical solution of atmospheric PDEs on spatial grids.

SWAT [4,40] Hydrological Model

Process-based

simulation of watershed hydrology and land-climate

interactions.

SDE Models [1,3] Stochastic Models

Rainfall modeled as stochastic differential equations.

PI-LSTM [34] Hybrid (Temporal ML + Physics)

LSTM regularized using PDE-based constraints.

Adversarial PINNs [27] Advanced PINN

Adversarial learning used to quantify prediction uncertainty.

DeepXDE [30] PINN Framework

Open-source toolkit for solving forward and inverse PDEs with PINNs.

Table 2: Strengths and limitations of climate and weather forecasting models.

BiLSTM-GRU-PINN (Proposed) Physical consistency, roblllstn.ess under noisy data, .1(.)ng-term High computational cost; Tequires ML and PDE
dependency modeling, improved interpretability. expertise.
PINNs Physically plauSIb.l e predictions; ef-fe?tlve in_ low-data Slow convergence; limited stochastic modeling ability.
regimes; reduced overfitting.
LSTM / GRU Strong time-series learning; flexible sequence handling. Lack physical constraints; We?‘k generalization in
data-scarce regions.
CNN-PINN High-resolution  spatial ::Zgzltlsng; physically - consistent Computationally intensive; needs dense spatial data.
GCMs / RCMs Strong theoretical foundation; long-term projections. Very high computational cost; poor local resolution.
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SWAT Well validated; integrates land use and climate. Extensive  calibration; uns.ultable for  real-time
forecasting.
SDE Models Captures randomness; simple and interpretable. Univariate focus; stationarity assumption.
PI-LSTM Balances data and physics; improved accuracy over LSTM. Limited deployment; still evolving.

Adversarial PINNs

Uncertainty quantification; improved robustness.

Complex architecture; large data requirements.

DeepXDE Flexible, extensible; supports inverse problems. Not a standalone prefilctwe model; - requires
customization.
Methodology e  is the frequency of the seasonal cycle (yearly or

Data Collection and Preprocessing

To achieve the research objectives, comprehensive climate data
collection was carried out at the Ghana Meteorological Agency
(GMet). Data include climate variables such as rainfall, tempera-
ture, soil moisture, and humidity, among others. These serve as
the primary input sources for the analysis. The data was further
pre-processed to remove noise, gaps, and inconsistencies using Py-
thon tools (Pandas, NumPy). Feature selection was performed to
identify the most significant variables using Random Forest or Re-
cursive Feature Elimination (RFE) techniques.

Mathematical Modeling
Stochastic Differential Equation Model

To model rainfall dynamics, the stochastic differential equation
(SDE) approach will be used, focusing on a mean-reverting Orn-
stein-Uhlenbeck process. This model is suitable for describing rain-
fall variability over time and can capture the randomness observed
in weather patterns.

The general form of the stochastic differential equation is given
by:
dR(1)=0(u—R(t))dt+ocdW (1) (1)
Where:

. R(t)is the rainfall at time t,

. 0 is the rate of mean reversion (describing how fast the
rainfall returns to its long-term mean),

° u is the long-term mean rainfall,
. o is the volatility (standard deviation),

. W(t) is the Wiener process (Brownian motion) represent-
ing the stochastic part of the process.

This equation models the temporal variations in rainfall, allow-
ing us to simulate future precipitation levels based on historical
observations.

Seasonal Stochastic Differential Equation (SSDE) for Rainfall

To capture seasonal variations in rainfall dynamics, the study
introduce a seasonal term to the SDE model. This extension models
periodic fluctuations due to factors like monsoons or dry seasons.

dR(t)=0(u—-R(t))dt+cdW (t)+asin(at)dt (2)
Where:

° ais the seasonal amplitude,
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Extended SDE Model with External Forcing (Non-Linear Ef-
fects)

To account for feedback loops or external factors influencing
rainfall, an external forcing term can be added to the SDE model.

dR(1)=6(u—R(t))dt+odW (t)+ BR(t)dF (1) (3)

. F(t) is an external forcing function (temperature, ocean
circulation),

. {3 is the coupling factor that determines how strongly R(t)
interacts with the forcing term.

Partial Differential Equation Model

For modeling spatial and temporal temperature distribution,
partial differential equations (PDEs) will be used. This model will
allow us to describe the heat transfer in the atmosphere and oth-
er climate variables across different regions, such as temperature
changes due to radiation and diffusion in the semi-arid zones.

The general form of the heat equation in the presence of diffu-
sion and source terms is:

aT(x,t)

P DV’T +Q(x,t)+¢,, (x.1) 4)

Where:
. T(x,t) is the temperature field at location x and time t,
. D is the diffusion coefficient,

. VA2 T is the Laplacian operator representing spatial tem-
perature diffusion,

. Q(x,t) is the deterministic heat source term,

. ®,,. (x,t) represents the correction term derived from ma-
chine learning.

The correction term ¢, (x,t) is added to capture errors and bias
arising from conventional modeling, which can be addressed using
machine learning techniques.

Heat Equation with Advection (Transport)

To model the transport of heat or other climate variables, an
advection term is added to the PDE, representing the movement of
heat due to wind or fluid flow.

oT (x,1)

P DV’T +v-VT +0(x,t)+8,, (x,t) ()

Where:
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o v is the velocity vector representing the advection, for in-
stance, wind or fluid flow,

. VT is the spatial gradient of temperature.
Nonlinear Diffusion Equation

To account for cases where diffusion is nonlinear, such as near
coastlines or mountain ranges, the study introduce a spatially vary-
ing diffusion coefficient.

oT (x,t)

> =D(x,t)V’T+0(x,1)+ ¢, (x.1) (6)

Where:

. D(x,t) is a spatially and temporally varying diffusion coef-
ficient that accounts for variable permeability or heat conductivity
in the environment.

Nonlinear Source Terms in the Heat Equation

In some cases, the source term Q(x,t) may be nonlinear, de-
pending on factors such as solar radiation, vegetation feedback, or
land-surface interactions.

oT (x,t)
ot

Where:

=DV’T+aT” +Q(x,t)+ ¢, (x.1) (7

. aT”2 represents a nonlinear source term that could ac-
count for temperature-dependent processes, like radiation feed-
backs or biochemical reactions.

Boundary and Initial Conditions for PDEs

To solve the PDE numerically, there is the need appropriate
boundary and initial conditions. Common conditions include:

Initial Condition:
T(x,O):TO(x) (8)
Where T, 0 IS the initial temperature distribution at time t=0.

Dirichlet Boundary Condition (fixed temperature):

T (XO’ t) = Tboundary (9)

Where x, is a boundary point and T is a fixed value.

boundary
Neumann Boundary Condition (flux condition):

oT (x,t
—é )=ﬂux
n
Where @ is the derivative of temperature normal to the

(10)

boundary, reprrzssenting heat flux.
PINN-Based Loss Functions for SDE and PDE Models

For both the SDE and PDE models, machine learning models can
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be introduce, such as Physics-Informed Neural Networks (PINNs),
to enforce physical laws and improve prediction accuracy.

For the SDE model, the loss function can be:
2

dR (t
Ly =2 #—e(y—R(t))—adW(z) (11)
For the PDE model, the PINN loss function can be:
2
Lopp =2 %—DVZT—OKTZ —Q(x,t) (12)

Where the model is trained to satisfy these physical equations
in addition to learning from observed data, ensuring both physical
accuracy and data-driven flexibility.

Experimental Setup

In this experiment, the study aim to predict temperature and
rainfall using a deep learning model that combines Bidirection-
al LSTM (BiLSTM), GRU (Gated Recurrent Units), and Physics-In-
formed Neural Networks (PINN). The process begins with data
preparation, where the dataset is cleaned, and features such as tem-
perature, rainfall, month, and year are normalized using Min Max
Scaler. New features like the month and year are also extracted and
normalized to provide temporal and seasonal context.

The dataset is split into training (70%), validation (15%), and
test (15%) sets. The Time series Generator is used to create se-
quences of 36 timesteps for training. The model architecture con-
sists of a BiLSTM layer for capturing both forward and backward
temporal dependencies, followed by a GRU layer and a dense layer
with Re LU activation. The model is regularized using PINN, ensur-
ing predictions respect physical principles like heat diffusion.

During training, the model is compiled with the Adam optimiz-
er and a learning rate of 0.0003. Early stopping is used to prevent
overfitting, and the learning rate is reduced if the validation loss
plateaus. Hyperparameter tuning is performed to optimize param-
eters such as the number of units in the BILSTM-GRU-PINN layers,
dropout rate, and learning rate, using grid search or random search
to identify the best combination for maximum accuracy.

The model’s performance is evaluated on the test set using
RMSE, MAE, and prediction accuracy. For forecasting, the trained
model predicts the next 12 months of temperature and rainfall, and
these predictions are compared with actual historical data rainfall
from a Stochastic Differential Equation (SDE), providing a baseline
comparison.

BiLSTM-GRU-PINN Model Architecture

The proposed model architecture is presented in Figure 2 be-
low:
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Figure 2: BiLSTM-GRU-PINN model architecture.
N J

Input Representation

A time-series sequence of climate data was considered, where
each sample is a multivariate input vector. A sliding window of
length L is used for training.

_ Lxd
X = [xt—L+1’xt—L+2’ e ’xt] eR (13)

Where:
. L=36 is the sequence length (timesteps).

o d=4 is the number of features: Temperature, Rainfall,
Month, Year.

Bidirectional LSTM (BiLSTM) Layer

The first layer of the model is a bidirectional LSTM, which cap-
tures temporal dependencies in both forward and backward direc-
tions. It consists of two LSTM units; one processes the sequence in
the forward direction and the other in the backward direction. This
allows the model to capture both past and future temporal depen-
dencies, making it more effective in time-series forecasting tasks.
By combining both outputs, the study gain richer information for
each time step.

h=LSTM , ,(x,), h,=LSTM, ,(x,) (4
The combined output is:
h = [ﬁt,}ﬂ e R™ (15)
Where u=128 is the number of hidden units in each direction.
GRU (Gated Recurrent Unit) Layer

This layer is designed to capture the temporal dynamics from
the sequence output of the BiLSTM layer. It is a simplified variant
of the LSTM that uses fewer parameters by combining the forget
and input gates. The GRU helps to compress the sequence into a
single vector, making it suitable for tasks that require a fixed-size
representation.

The output of the BiLSTM layer is fed into a GRU layer:
z= GRU(hl,m,hL) e R" (16)

This GRU layer compresses the sequence into a fixed-size vec-
tor.

Dense Projection or Dense Layer

This layer performs a transformation of the GRU output into the
desired prediction space. The ReLU activation function introduces
non-linearity, allowing the model to capture more complex pat-
terns. The output layer produces the final predicted values (tem-
perature, rainfall, month, and year).

The GRU output is passed through a dense network:
z,=ReLU(Wz+b) (7)

y=W,z,+b, e R? (18)

Where y" is the predicted output vector for Temperature, Rain-
fall, Month, and Year.

PDE Regularization (PINN Loss)

The Physics-Informed Neural Network (PINN) loss function
incorporates the physics-based equation (the heat equation) to
enforce the model's adherence to physical laws. This loss term
ensures that the predicted temperature dynamics respect the con-
servation of energy and thermal diffusion principles, even in the
absence of spatial data. The PDE loss is minimized to improve the
model’s physical accuracy.

The study apply a physics-informed loss inspired by the 1D heat
equation: 5
oT o'T
—=D—+
ot ox
Since spatial data is unavailable, the study approximate this
through input-space gradients:

Gope =B [DZTZ;J (20)

Where D is a diffusion coefficient (e.g., 0.01) and T" is the pre-
dicted temperature.

(19)

Custom Loss Function

The total loss function used to train the model consists of two
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components, that is, the mean squared error (MSE), which mea-
sures the accuracy of the model’s predictions against the true val-
ues, and the PDE regularization term, which enforces the model to
respect the physical dynamics dictated by the governing differential
equations. The parameter A controls the balance between fitting the
data and adhering to the physical laws.

The total loss combines the data prediction error with PDE-

based regularization:
2

MSE

+A- ¢PDE
[
2 Physics—Informed Term

Where:

. y" is the predicted output.

. y is the ground truth.

. 2A=0.01 controls the strength of the PDE penalty.
Evaluation Metrics

The Root Mean Squared Error (RMSE) is used to measure the
difference between predicted and true values. It gives higher weight
to larger errors and provides an overall measure of the model’s pre-
diction accuracy. Whiles the Mean Absolute Error (MAE) is another
commonly used metric that calculates the average of the absolute

Table 3: Hyperparameter Analysis of BILSTM-GRU-PINN Model.

Volume 5-Issue 1

differences between predicted and true values. Unlike RMSE, it
does not penalize large errors more heavily.

N
RMSE = /%Z(yi_yi)z (22)
i=1
|
MAE:_Z yi_yi| (23)
NS

These metrics are computed after inverse-scaling the predicted
and actual values.

Experimental Results
Hyperparameter Analysis

We perform hyperparameter tuning on the model, aiming to
assess how different hyperparameters, particularly learning rate,
dropout, and number of epochs, affect the prediction performance
of temperature and rainfall, as measured by RMSE, MAE, and pre-
diction accuracy within 10% tolerance.

Table 3 presents a comparative evaluation of three configura-
tions based on different learning rates, dropout rates, and training
epochs. Each configuration is assessed using RMSE, MAE, and pre-
diction accuracy (%) for both temperature and rainfall forecasts.

1 0.0003 0.3 100 0.274 0.246 55.56 0.145 0.117 55.56
2 0.0002 0.2 150 0.23 0.154 66.67 0.166 0.132 55.56
3 0.0003 0.2 200 0.225 0.129 87.78 0.14 0.126 69.76

Configuration 1, with a learning rate of 0.0003 and dropout of
0.3 trained over 100 epochs, yields moderate prediction perfor-
mance with temperature accuracy at 55.56% and rainfall accuracy
also at 55.56%. Reducing the learning rate to 0.0002 and dropout
to 0.2 in Configuration 2 improves the temperature performance
significantly, achieving an accuracy of 66.67% along with reduced
RMSE and MAE. However, rainfall accuracy remains unchanged,
suggesting that lower dropout benefits temperature prediction
more than rainfall.

Configuration 3, which maintains the learning rate at 0.0003
and dropout at 0.2 while extending training to 200 epochs, deliv-
ers the best performance across all metrics. It achieves the low-
est RMSE (0.225), MAE (0.129), and highest accuracy (87.78%)
for temperature, while also improving rainfall prediction with an
RMSE of 0.140, MAE of 0.126, and an accuracy of 69.76%. These re-
sults indicate that the combination of a slightly higher learning rate,
lower dropout, and extended training is optimal for both tempera-
ture and rainfall forecasting in this model. Moreover, the notable
improvement in rainfall accuracy in Configuration 3 suggests that
an increase in epochs somehow enhances the model performance,
at least in this specific setup.

Results Visualization

Figure 3 consists of two subplots; the left panel is the tempera-
ture. The actual temperature (solid blue line) shows a moderately
fluctuating upward trend with a few spikes, while the predicted
temperature (dashed orange line) presents a much smoother and

gradual increase. The discrepancy between actual and predicted
values suggests that the model tends to underfit the fluctuations,
especially failing to capture the sharper increases in temperature.
Despite this, the overall trend direction aligns moderately well. The
right panel is the rainfall. The actual rainfall data presents more
volatility with sharp drops and peaks. However, predicted rainfall
follows a much flatter and slightly increasing trajectory, significant-
ly underestimating variance. This discrepancy implies the model
struggles with the inherent nonlinearity and stochasticity of rain-
fall patterns, possibly due to insufficient regularization or loss sen-
sitivity for that output.

Figure 4 is the seasonal decomposition analysis for both rain-
fall and temperature, which offers valuable insights into the struc-
tural behavior of these climate variables. In the case of rainfall, the
observed series exhibits high volatility with pronounced peaks
around 2012-2015, followed by a gradual decline. The trend com-
ponent captures this mid-term rise and subsequent fall, while the
seasonal component displays regular oscillations, likely linked to
annual or monthly climatic cycles. However, the residuals are char-
acterized by significant variance and randomness, indicating the
presence of irregular fluctuations or unmodeled noise. This level of
unpredictability suggests that rainfall, despite its evident season-
ality, contains stochastic behaviors that are difficult for determin-
istic models to accurately capture, highlighting the potential need
for more robust stochastic methods such as Stochastic Differential
Equations (SDEs) or Bayesian RNNs.
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In contrast, the temperature decomposition reveals a more sta-
ble and predictable structure. The observed values form a smoother
curve, peaking around 2015 with a decline toward 2020, and signs
of recovery in recent years. The trend reflects this overall dynam-
ic with a clear rise and fall, while the seasonal component main-
tains narrow and regular cycles, demonstrating strong temporal
consistency. Importantly, the residuals are minimal and less erratic
compared to those of rainfall, highlighting the more deterministic
nature of the temperature patterns. This structural consistency
explains why the deep learning model used in the study achieves
higher prediction accuracy for temperature than for rainfall, as it
aligns better with the underlying assumptions of deterministic se-
quence models.

Figure 5 is the rolling average analysis for temperature and
rainfall, providing a comparative view of their long-term trends and

stability. In the left panel, the temperature plot reveals the origi-
nal monthly data in faint blue, overlaid with a bold red 12-month
rolling average. A notable upward trend is observed between 2010
and 2015, followed by a sharp decline post-2016. More recently, the
rolling average indicates a recovery, suggesting a gradual increase
in temperature as it approaches 2024. This smooth and consistent
behavior highlights the relatively predictable nature of tempera-
ture over time.

In contrast, the right panel, which is the rainfall, shows a much
more erratic pattern than the original series. Despite this, the green
12-month rolling average outlines a general increase peaking
around 2014-2015, followed by a noticeable decline. Unlike tem-
perature, rainfall exhibits no clear or sustained cyclic rise in recent
years. Instead, its rolling mean remains relatively flat and subdued,
reflecting persistent irregularity.
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Overall, these observations reinforce the fundamental differ-
ence in predictability and temporal structure between the two
variables. Temperature demonstrates stronger cyclic and trend be-
havior, making it more suitable for forecasting using deep learning
models, whereas rainfall’s erratic nature presents a greater chal-
lenge for accurate prediction.

Figure 6 illustrates 12-month forecasts for rainfall and tempera-
ture, showing different behaviors in the model’s ability to capture
future trends based on recent historical data. In the rainfall fore-

cast, the model juxtaposes three years of highly volatile historical
data (blue line) with a much smoother predicted trajectory (orange
dashed line). Despite the fact that the past has exhibited substan-
tial spikes and fluctuations, the model produces a gently increasing
forecast with minimal variability. This smoothing effect reveals a
key limitation of the model: its deterministic nature tends to under-
estimate future uncertainty, failing to reflect the real-world erratic
behavior of rainfall. Such limitations are common in recurrent neu-
ral network (RNN)-based models that lack stochastic components
or uncertainty quantification mechanisms.
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Figure 6: Forecasts for Temperature and Rainfall.
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The temperature forecast follows a similar structural form but
shows slightly better alignment with the recent data. The histor-
ical series indicates a steep rise toward the end, which the model
partially extrapolates before tapering into a modest decline. This
subtle downturn may reflect the model’s conservative generaliza-
tion strategy, either assuming a correction after a sharp increase or
smoothing out extremes due to regularization. Compared to rain-

fall, the temperature forecast better preserves the observed trend,
although it still underrepresents the magnitude of the change. Col-
lectively, these forecasts highlight the model’s strength in handling
structured, smoother variables like temperature, while also empha-
sizing the need for more robust, probabilistic modeling techniques
to accurately predict highly variable phenomena like rainfall.
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Comparative Analysis

The proposed BiLSTM-GRU-PINN model demonstrates superi-
or performance in both temperature and rainfall forecasting com-
pared to existing models. As shown in Table 4, it achieves the lowest
RMSE (0.225 for temperature, 0.140 for rainfall) and highest accu-
racy (87.78%) among all evaluated models. This improvement is

attributed to the synergistic integration of bidirectional temporal
learning (BiLSTM), efficient sequence modeling (GRU), and phys-
ical consistency enforcement (PINN). Notably, the model outper-
forms not only standalone deep learning models, such as LSTM
and GRU, but also hybrid models like PI-LSTM and traditional phys-
ics-based systems (e.g., GCMs, SWAT), highlighting its effectiveness
in data-scarce, semi-arid environments.

Table 4: Comparative performance of climate forecasting models in temperature and rainfall prediction. Best results are highlighted in bold.

BiLSTM-GRU-PINN (Proposed, Config 3) Semi-arid Ghana 0.225 0.129 87.78 0.14 0.126
BiLSTM-GRU-PINN (Config 2) Semi-arid Ghana 0.23 0.154 66.67 0.166 0.132
BiLSTM-GRU-PINN (Config 1) Semi-arid Ghana 0.274 0.246 55.56 0.145 0.117

LSTM [19] West Africa 0.31 0.18 72.4 0.19 0.15
GRU [20] West Africa 0.295 0.175 74.1 0.185 0.148
PINN [15] Physics-based 0.28 0.16 78.5 0.18 0.145
PI-LSTM [34] Ghana (Drought) 0.26 0.155 80.2 0.17 0.14
CNN-LSTM [13] Global (Precipitation) - - - 0.21 0.165
Random Forest Data-sparse Regions 0.33 0.21 68.3 0.2 0.16
XGBoost West Africa 0.325 0.195 69.8 0.195 0.155
GCMs / RCMs [6,7] West Africa 0.35 0.23 65 0.25 0.2
SWAT Model [40] Volta Basin, Ghana 0.34 0.22 66.5 0.24 0.19

Conclusion

This study introduced a novel hybrid deep learning framework
BiLSTM-GRU-PINN for improving the accuracy and interpretability
of regional climate and extreme weather forecasting in semi-arid
Ghana. By combining Bidirectional Long Short-Term Memory (BiL-
STM), Gated Recurrent Units (GRU), and Physics-Informed Neural
Networks (PINNs), the proposed model effectively leverages both
data-driven learning and physical laws to address the limitations
of standalone machine learning and traditional numerical models.

The BiLSTM and GRU components capture complex temporal
dependencies in climate data, enabling the model to understand
both historical trends and future potential behaviors. Meanwhile,
the PINN component incorporates partial differential equations
(PDEs) such as the heat equation into the training process, ensur-
ing that the model remains grounded in established physical prin-
ciples. This fusion results in a model that not only learns from data
but also respects the physical dynamics of climate processes, par-
ticularly important in data-scarce regions like Northern Ghana.

Experimental evaluations demonstrate the superior perfor-
mance of the BILSTM-GRU-PINN model compared to several base-
line methods, including traditional LSTM, GRU, PINN, PI-LSTM, and
physics-based models like GCMs and the SWAT model. Notably,
the proposed model achieved the lowest RMSE and MAE for both
temperature and rainfall predictions, along with the highest overall
accuracy-87.78% for temperature and 69.76% for rainfall. Visual
analyses further revealed the model’s strength in capturing long-
term temperature trends and highlighted its challenges in accurate-
ly predicting the highly stochastic nature of rainfall, underscoring

the potential benefit of integrating stochastic elements in future
model iterations.

The seasonal decomposition and rolling average analyses rein-
forced the structural predictability of temperature versus the irreg-
ular and chaotic behavior of rainfall. While the model performed
well on temperature forecasting, its deterministic nature led to un-
derestimation of extreme rainfall variability. This limitation points
to the need for more robust uncertainty quantification and the
potential integration of stochastic modeling frameworks, such as
stochastic differential equations or Bayesian neural networks, for
rainfall prediction.

In general, this research bridges the gap between data-driven
learning and physical modeling by delivering a robust, interpreta-
ble, and scalable forecasting tool tailored to the specific climatic
and socioeconomic realities of semi-arid Ghana. The BiLSTM-GRU-
PINN framework holds significant promise not only for enhancing
regional climate services and early warning systems in Ghana but
also for application across other data-scarce, climate-vulnerable re-
gions. Future work will explore integrating satellite-based remote
sensing, spatial dynamics, and uncertainty estimation techniques
to further enhance the model’s generalizability and reliability for
climate adaptation and policy decision-making.
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