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A B S T R A C T
Accurate forecasting of temperature and rainfall is critical for climate adaptation, agricultural 
planning, water-resource management, and disaster risk reduction, particularly in semi-arid 
regions where climate variability poses significant socio-economic challenges. Climate prediction 
in data-limited regions remains difficult due to nonlinear temporal interactions, seasonal 
variability, and the rarity of extreme rainfall events. This study proposes the physics-aware 
spatio-temporal network (PHyST-Net), a hybrid seasonal-temporal deep learning framework that 
integrates 1D convolutional neural networks (CNNs) and bidirectional long short-term memory 
(LSTM) networks for multivariate climate forecasting and extreme rainfall risk assessment in 
semi-arid Ghana. Unlike conventional statistical models, PHyST-Net combines local temporal 
feature extraction through CNN layers with long-range sequential dependency modeling 
through bidirectional LSTM layers. It incorporates climate-informed temporal variables, 
including seasonal month and long-term year indicators, and employs various diagnostic tools, 
uncertainty estimation, and gradient-based saliency analysis to improve model interpretation. 
The framework is evaluated using monthly temperature and rainfall observations obtained 
from the Ghana Meteorological Agency. A chronological 70%–15%–15% training–validation–
testing strategy was adopted, using a 36-month historical window for prediction. Experimental 
results show that PHyST-Net outperformed the persistence, autoregressive integrated moving 
average, and standalone LSTM models. For temperature forecasting, PHyST-Net achieved a root 
mean square error (RMSE) of 3.64 °C and mean absolute error (MAE) of 3.08 °C, while rainfall 
forecasting achieved an RMSE of 19.7 mm and MAE of 14.9 mm. Extreme rainfall detection 
was formulated as a rare-event classification problem using a statistical rainfall threshold. The 
classifier provided probabilistic estimates of extreme rainfall occurrence, while calibration, 
precision–recall analysis, and probability-based interpretation were used because extreme 
rainfall events are highly imbalanced. Overall, PHyST-Net offers a robust and interpretable 
framework for climate forecasting and extreme-event risk assessment in data-limited regions.
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1. Introduction

Climate change and increasing climate variability have 
become major environmental and socio-economic 
challenges, particularly in developing regions where 
agriculture, water resources, energy systems, and 
livelihoods depend heavily on climatic conditions.1 In 
sub-Saharan Africa, rainfall and temperature variability 
have increased uncertainty in agricultural production, 
water availability, and disaster-risk management. Ghana 
represents a particularly important case because seasonal 
rainfall variability and extreme precipitation events 
directly influence food security, flood risk, and sustainable 
development planning.

Reliable climate forecasting is therefore essential for 
improving adaptation strategies. Temperature and rainfall 
forecasts provide important information for agricultural 
scheduling, reservoir operation, flood preparedness, and 
long-term climate planning. However, forecasting these 
variables remains challenging because climate processes 
exhibit nonlinear relationships, seasonal dependencies, 
intermittency, and strong temporal variability.

Traditional statistical forecasting models, including 
persistence methods and autoregressive integrated moving 
average (ARIMA), have been widely used because of their 
simplicity and interpretability. However, these models 
generally assume relatively stable linear relationships 
and may struggle to represent complex nonlinear climate 
dynamics. This limitation becomes more pronounced 
for rainfall prediction, where precipitation processes are 
highly variable and influenced by multiple interacting 
atmospheric mechanisms.2

Recent advances in artificial intelligence (AI) have 
introduced machine learning (ML) approaches that can 
extract complex patterns directly from climate observations. 
Long short-term memory (LSTM) networks have 
demonstrated strong performance in sequential forecasting 
because of their ability to preserve long-range temporal 
information. Similarly, convolutional neural networks 
(CNNs) have been successfully applied for extracting 
localized patterns from time-series and spatial climate data.

However, existing deep learning–based climate 
forecasting studies often face three important limitations. 
First, many studies focus exclusively on continuous 
forecasting and do not explicitly consider rare but high-
impact extreme events. Second, purely data-driven models 
often provide limited interpretability, reducing confidence 
in climate-risk applications. Third, many reported studies 
evaluate models using a restricted set of accuracy metrics 
without considering uncertainty, temporal stability, or 
statistical significance.

Recent studies have highlighted the importance of 
integrating ML with environmental understanding. For 
example, remote-sensing-based environmental studies 
have demonstrated the value of combining multiple 
climate-related variables to understand environmental 
processes. Similarly, recent advances in physics-informed 

ML have shown that incorporating scientific knowledge 
can improve robustness in scientific applications.

However, the term physics-informed requires careful 
distinction. Physics-informed neural networks (PINNs) 
explicitly incorporate governing physical equations, 
conservation laws, or physical constraints into the training 
objective.

Furthermore, the current study is based on a single-
location climate time series. The CNN component operates 
on temporal sequences rather than geographical grids. 
Therefore, the study adopts the terminology seasonal-
temporal to accurately describe the implemented model.

Extreme rainfall prediction presents an additional 
challenge because extreme events occur infrequently 
compared with normal rainfall conditions. This creates 
a highly imbalanced classification problem where 
conventional accuracy metrics can be misleading. A useful 
extreme-event forecasting framework must therefore 
consider probability estimation, false alarms, missed 
events, and calibration behavior rather than relying solely 
on classification accuracy.

Despite significant progress in climate forecasting using 
statistical and deep learning–based methods, several gaps 
remain:

(i)	 Existing forecasting approaches frequently examine 
either continuous climate prediction or extreme-
event classification separately. Few studies provide 
an integrated framework capable of forecasting 
climate variables while also assessing extreme rainfall 
probability.

(ii)	 Conventional statistical models often fail to capture 
nonlinear temporal dependencies, whereas purely 
deep learning–based approaches frequently lack 
interpretability and uncertainty assessment.

(iii)	 Although physics-informed ML has received 
increasing attention, most applications require explicit 
governing equations or physical constraints that are 
difficult to construct for observational climate datasets, 
especially in data-limited regions.

(iv)	 Many climate-learning studies in Africa are 
constrained by limited observational records and 
focus on regional-scale modeling, while fewer studies 
investigate station-based monthly climate forecasting 
using hybrid deep-learning architectures.

To address these challenges, this study develops PHyST-
Net, a hybrid CNN–bidirectional LSTM (BiLSTM) seasonal-
temporal framework for monthly temperature and rainfall 
forecasting and extreme rainfall risk assessment in semi-
arid Ghana.

The novelty of this study lies in developing an integrated 
climate-forecasting framework that combines hybrid 
temporal representation learning, rare-event assessment, 
and model diagnostic analysis within a single architecture. 
The main contributions are summarized as follows:

(i)	 A hybrid CNN–BiLSTM seasonal-temporal 
forecasting architecture is developed to combine local 
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temporal pattern extraction and long-term sequential 
dependency learning. Unlike standalone LSTM 
models, the CNN component enables the model to 
identify short-term variations and seasonal structures 
before modeling temporal sequences.

(ii)	 A unified framework that simultaneously addresses 
continuous temperature and rainfall forecasting 
and probabilistic extreme rainfall risk assessment is 
proposed, enabling climate forecasting and hazard-
related interpretation within the same modeling 
framework.

(iii)	 The study introduces a comprehensive evaluation 
strategy combining root mean square error (RMSE), 
mean absolute error (MAE), correlation analysis, 
rolling forecast errors, uncertainty intervals, Taylor 
diagrams, and statistical significance testing, rather 
than relying only on prediction accuracy.

(iv)	 The study provides an interpretable analysis of model 
behavior using gradient-based temporal saliency. This 
identifies which historical climate variables and time 
periods contribute most strongly to predictions.

(v)	 The framework provides a methodological foundation 
for climate forecasting in data-constrained regions. 
Although the current implementation uses a single-
location time series, the architecture can be extended 
to future multi-location spatio-temporal climate 
applications.

The CNN–BiLSTM architecture was selected because 
convolutional and recurrent networks play different roles. 
LSTM networks are effective for modeling sequential 
dependencies but may require additional mechanisms 
to identify short-term local patterns within long climate 
sequences. In contrast, one-dimensional CNN layers 
operate as temporal filters that can automatically detect 
local fluctuations, seasonal signals, and short-range 
variations. The BiLSTM component subsequently learns 
broader temporal relationships by processing the extracted 
features in both forward and backward directions within 
the historical observation window. Therefore, CNN and 
BiLSTM provide complementary capabilities:

•	 CNN extracts local temporal structures, seasonal 
signals, and short-term climate variability.

•	 BiLSTM captures long-range dependencies and 
interactions among historical climate observations.

Consequently, the hybrid architecture is expected 
to provide improved representation compared with 
standalone LSTM models, particularly for climate variables 
containing both short-term fluctuations and seasonal cycles.

The remainder of this paper is structured as follows: 
Section 2 presents related work. Section 3 illustrates 
the proposed PHyST-Net model. Section 4 presents the 
experimental results and discussion. Section 5 concludes 
the study.

2. Related works

Accurately predicting regional climate and extreme 

weather events in semi-arid regions such as northern Ghana 
remains a formidable scientific challenge. These regions 
are characterized by complex interactions between large-
scale atmospheric dynamics and localized biogeophysical 
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 agriculture, water security, public health, and rural 
livelihoods.3 In northern Ghana, rising climate variability 
has disrupted traditional farming cycles and exacerbated 
water scarcity, underscoring the urgent need for reliable, 
high-resolution forecasting systems.4

Historically, climate modeling has relied on physics-
based numerical 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.5 RCMs, 
in particular, enhance spatial resolution by dynamically 
downscaling GCM outputs using partial differential 
equations (PDEs), such as the Navier–Stokes equations, 
shallow water equations, and heat diffusion models. 
Although these models provide physically consistent 
representations of atmospheric behavior, they face 
significant limitations in semi-arid regions such as Ghana. 
These include high computational demands, sensitivity 
to initial and boundary conditions, and difficulties in 
accurately representing sub-grid-scale processes such as 
convection and land-atmosphere feedbacks.6-7 To overcome 
these limitations, ML models remain the best option for 
extracting complex spatiotemporal patterns from large-
scale climate datasets without explicitly programming 
physical laws. Additionally, techniques such as LSTM 
networks, gated recurrent units (GRUs), and CNNs 
have demonstrated strong performance in rainfall and 
temperature prediction.8-9 LSTM models have been 
successfully applied to rainfall forecasting in West Africa, 
where they outperformed traditional statistical models in 
capturing nonlinear temporal dependencies.10 Similarly, 
GRU-based models have shown efficiency in handling long 
sequences with reduced computational overhead, making 
them suitable for real-time forecasting applications.11

Recent environmental studies have demonstrated the 
importance of combining remote sensing, climate variables, 
and ML approaches for environmental monitoring. For 
example, Sheriff et al.12 investigated relationships among 
vegetation, land-surface temperature, and nitrogen 
dioxide using remote-sensing observations and Google 
Earth Engine, demonstrating the value of integrating 
environmental variables for climate-related assessment.

Similarly, recent advances in ML have explored 
integrating physical knowledge with neural networks. 
However, these approaches require explicit physical 
formulations that differ from the current observational 
forecasting framework.
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One of the most critical shortcomings of traditional 
models is their limited ability to capture the nonlinear 
and chaotic nature of extreme weather events.13 For 
example, heavy rainfall episodes and prolonged dry 
spells often emerge from complex, nonlinear interactions 
that are poorly resolved by deterministic solvers, leading 
to underestimation of risk and reduced forecast skill.14 
Additionally, the scarcity and inconsistency of observational 
data in many African regions further compromise model 
calibration and validation, increasing uncertainty in 
projections.15-16

In response to these challenges, ML has emerged 
as a powerful complementary tool in climate science. 
Unlike physics-based models, ML algorithms excel at 
identifying complex, nonlinear patterns in large, high-
dimensional datasets without explicitly formulating 
governing equations. Techniques such as deep neural 
networks, ensemble methods, and time-series models 
have demonstrated strong performance in various 
hydrometeorological applications.17 For example, LSTM 
and GRU networks have been successfully applied to 
rainfall and temperature forecasting due to their ability to 
model long-term temporal dependencies.8 Similarly, tree-
based models such as random forests and extreme gradient 
boosting (XGBoost) have been used for the prediction of 
drought and climate classification with high precision.18 
Moreover, ML-based downscaling methods, such as 
DeepSD19, 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 interpretability and potential for 
overfitting, especially in data-scarce environments. Their 
performance may degrade when extrapolating beyond the 
range of training data, limiting their reliability for long-
term climate projections.20 This has led to growing interest 
in hybrid modeling frameworks that integrate the strengths 
of both physics-based and data-driven approaches. The 
groundbreaking advancement in the PINN framework was 
introduced by Raissi et al.21 PINNs embed governing PDEs 
directly into the loss function of a neural network, ensuring 
predictions remain consistent with physical laws such as 
conservation of mass and energy. This approach enhances 
model robustness, especially in data-scarce environments, 
reduces overfitting by constraining the solution space22, 
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 modeling, demonstrating 
their potential in geophysical applications.23,24 Other hybrid 
strategies include using ML for bias correction of numerical 
model outputs, data assimilation, and parameterization 
of subgrid processes.25 These methods allow for dynamic 
updating of model states using real-time observations, 
thereby improving forecast accuracy and adaptability.

In climate modeling, hybrid frameworks such as 
PHyST-Net represent a novel integration strategy. The 

BiLSTM layer captures temporal dependencies in both 
forward and backward directions, enabling the model to 
learn from past and future context within a sequence.26 The 
GRU layer then compresses this information efficiently, 
reducing redundancy and computational load. Finally, the 
PINN component regularizes the model by incorporating 
physical constraints, such as the heat equation for 
temperature diffusion, into the training process. This 
ensures that even when observational data are limited or 
noisy, the model remains physically plausible. Some recent 
studies have begun to explore applying such hybrid models 
in African contexts. Yamba et al.27 developed a physics-
informed LSTM model to predict drought onset in Ghana, 
showing improved accuracy over standalone ML models. 
Similarly, Nwazelibe et al.28 applied a hybrid CNN–PINN 
framework to downscale rainfall projections in Nigeria, 
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 requiring explicit physical laws.29 CNNs 
have been used to forecast tropical cyclone intensities by 
analyzing satellite imagery30, while random forest models 
have enabled short-term forecasting of flash floods in data-
sparse regions.31 Generative adversarial networks (GANs) 
have also been employed to super-resolve coarse climate 
model outputs, generating high-resolution rainfall fields 
that better represent localized convection.32 In Ghana, 
extreme events are often driven by mesoscale convective 
systems and land-surface feedbacks that are inadequately 
captured by global models.33 Integrating satellite-derived 
datasets, such as the Climate Hazards Center InfraRed 
Precipitation with Station data (CHIRPS) rainfall estimates 
and Moderate Resolution Imaging Spectroradiometer 
(MODIS) land surface temperature, into ML frameworks 
offers a viable pathway to improve early warning systems.34

Despite these advances, the application of hybrid 
ML–PDE models in West Africa, and Ghana in particular, 
remains limited. Existing studies in the region have 
primarily relied on standalone RCMs or statistical models. 
For example, Ojo and Ogunjo9 applied ML models to 
predict rainfall in Nigeria with notable accuracy, and Kasei 
et al.15 utilized the Soil and Water Assessment Tool (SWAT) 
hydrological model to assess climate change impacts on 
the Volta Basin, while Owusu and Waylen35 employed 
regression-based techniques to project future rainfall and 
temperature trends. However, these approaches rarely 
incorporate ML, and even more rarely integrate physical 
laws into data-driven models. Furthermore, climate model 
outputs often fail to translate into actionable insights for 
policymakers, limiting their utility in agricultural planning, 
disaster preparedness, and climate adaptation strategies.36

The integration of ML with differential equation-based 
models represents a transformative opportunity for climate 
science in vulnerable, data-scarce regions. Although both 
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methodologies have been explored independently, their 
synergistic application, particularly in the form of hybrid 
architectures such as PHyST-Net, remains underexplored 
in the African context, 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 provides a structured comparison among 
PHyST-Net and major classes of climate and weather 
forecasting models, highlighting architectural design, 
methodological focus, computational characteristics, and 
practical applicability.

3. Methodology

This section presents the methodological framework of 
PHyST-Net, including dataset preparation, temporal 
feature construction, forecasting formulation, the hybrid 
CNN–BiLSTM architecture, extreme rainfall classification, 
and model evaluation procedures.

In the present study, PHyST-Net is defined as predictive 
hybrid seasonal-temporal network, reflecting the implemented 
methodology, which combines climate-informed temporal 
features with deep learning–based sequential modeling. 
Because the model was developed using a single-location 
monthly climate time series, it does not explicitly model 
spatial or geographical dependencies. Accordingly, 
the terminology seasonal-temporal is used consistently 
throughout the study.

3.1. Study area and climate dataset

The study used monthly meteorological observations 
collected from the Ghana Meteorological Agency. The 
dataset contains two primary climate variables: monthly 
temperature observations (°C) and monthly rainfall 
observations (mm). In addition to the meteorological 
variables, two temporal indicators were included: month 

index, representing seasonal variation; and year index, 
representing long-term temporal evolution.

The observational record contains monthly climate 
measurements covering multiple years in semi-arid Ghana. 
The dataset was selected because the region experiences 
strong seasonal rainfall variability, making it suitable for 
investigating both continuous climate forecasting and 
extreme rainfall risk assessment.

The dataset represents a typical climate time-series 
forecasting problem rather than a large-scale big-data 
problem. The study therefore aims not to demonstrate 
scalability to massive datasets but to evaluate whether 
hybrid deep-learning methods can extract meaningful 
nonlinear patterns from limited observational climate 
records.

The relatively limited sample size represents an 
important challenge because deep-learning models usually 
benefit from large datasets. To reduce overfitting risk, 
the study employed chronological rather than random 
data partitioning, dropout regularization, early stopping, 
validation-based model selection, and historical sequence 
construction using sliding windows.

3.2. Data preprocessing

Climate observations were first arranged chronologically to 
preserve temporal dependence. Missing-value inspection 
and quality-control procedures were performed before 
model training. To avoid information leakage, all 
normalization parameters were calculated using only the 
training dataset.

For each variable xj, minimum–maximum normalization 
is defined as:

	

,*

, ,

train
j j min

j train train
j man j min

x x
x

x x
−

=
− 	 (1)

The calculated minimum and maximum values from the 
training period were then applied unchanged to validation 

Table 1. Comparison of PHyST-Net with other major climate modeling paradigms

Model class Strength Limitation vs. PHyST-Net

Physics-based (GCM/RCM/SWAT)7,15,37 Physical consistency Computationally expensive; coarse 
resolution; calibration-heavy

Statistical/Stochastic (ARIMA, SDE)4,38 Simplicity, interpretability Linear or low-dimensional assumptions

Deep-learning (LSTM/GRU/CNN)8,10-11 Nonlinear temporal learning Black box; lacks physical validation

Physics-informed ML (PINN, 
PI-LSTM)21-23,27 Physics-regularized learning High cost or limited architecture depth

PHyST-Net Hybrid CNN–BiLSTM + classifier Unified forecasting, uncertainty, 
interpretability, statistical testing

Abbreviations: ARIMA: Autoregressive integrated moving average; BiLSTM: Bidirectional long short-term memory; 
CNN: Convolutional neural network; GCM: General circulation model; GRU: Gated recurrent unit; LSTM: Long short-
term memory; ML: Machine learning; PHyST-Net: Predictive hybrid seasonal-temporal network; PI-LSTM: Physics-
informed long short-term memory; PINN: Physics-informed neural network; RCM: Regional climate model; SDE: 
Stochastic differential equation; SWAT: Soil and water assessment tool.
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and testing observations. This procedure ensures that 
information from future observations does not influence 
model training or evaluation.

3.3. Temporal feature engineering

Climate variables exhibit strong seasonal behavior. 
Therefore, temporal features were incorporated to allow 
the model to learn seasonal cycles. The month variable is 
normalized as:

	 12
t

t
mMonth = 	 (2)

where mt represents the calendar month. The year variable 
is represented as:

	 max

t min
t

min

y yYear
y y

−
=

− 	 (3)

These variables provide the model with explicit 
information regarding seasonality and long-term temporal 
trends. The inclusion of these variables does not represent 
physical modeling. Rather, they provide climate-informed 
temporal context that assists the learning process.

3.4. Forecasting problem formulation

Let the climate observation vector at time t be:

	 xt = [Tt, Rt, Mt, Yt]T	 (4)

where Tt represents temperature, Rt represents rainfall, Mt 
represents month, and Yt represents year.

A historical window of length L months was constructed:

	 Xt = [xt − L + 1, xt − L + 2,..., xt]	 (5)

where the primary experiments used L = 36 months, 
corresponding to three complete annual climate cycles.

The forecasting objective is:

	 Fθ : RL×4 → R2	 (6)

where the model predicts:

	 Yˆt+1 = [Tˆt+1,Rˆt+1]	 (7)

The revised formulation corrects an important 
conceptual issue. Month and year are input features rather 
than prediction outputs because they are known temporal 
characteristics, not future unknown variables.

3.5. PHyST-Net architecture

The PHyST-Net architecture consists of three main 
components:

(i)	 one-dimensional convolutional feature extraction;
(ii)	 bidirectional temporal sequence learning;
(iii)	 regression/classification output layers.

Unlike traditional CNN applications involving spatial 
images, the CNN layer in this study performed temporal 
convolution. Its purpose is to identify short-range patterns 
within historical climate sequences.

3.5.1. CNN temporal feature extraction

The input sequence is first processed by a one-dimensional 
convolution:

	 Hc = ReLU(Wc ∗ Xt + bc)	 (8)

where Wc represents convolution kernels, bc represents 
bias parameters, and ∗ denotes temporal convolution. The 
implemented CNN contains 64 convolutional filters, a 
kernel size of 3, and rectified linear unit (ReLU) activation.

The convolutional layer enables the model to identify 
local temporal patterns, including short-term fluctuations 
and seasonal transitions.

3.5.2. BiLSTM temporal learning

The extracted features are passed to a bidirectional LSTM 
layer. The forward hidden state is:

	 ( )t f ch LSTM H=


	 (9)

while the backward hidden state is:

	 ( )t b ch LSTM H=


	 (10)

The combined representation is:

	
;t t th h h =  
 

	 (11)

The BiLSTM layer contains 128 hidden units, and a 
dropout regularization of 0.2. The motivation for combining 
CNN and BiLSTM was that the two components solve 
different aspects of the climate forecasting problem (Table 
2).

Therefore, PHyST-Net was hypothesized to outperform 
standalone LSTM models when a forecasting problem 
contains both short-term variability and seasonal memory.

3.6. Regression objective function

The forecasting component predicts temperature and 
rainfall simultaneously. The loss function is:

	
( )

2

1

1 N

reg i i
i

Loss y y
N =

= −∑ 	 (12)

The optimization was performed using the Adam 
optimizer with a learning rate (η) of 3 × 10−4. Training 
parameters are presented in Table 3.

3.7. Extreme rainfall classification

Extreme rainfall is formulated as a binary classification 
problem. The rainfall threshold is defined as:

	 Rextreme = µR + 1.5σR	 (13)

where µR represents the rainfall mean, and σR represents 
the rainfall standard deviation. The classification label is:

	
{1,

0,
extreme

extreme

R R
t R RZ >

≤= 	 (14)
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Table 2. Role of CNN and BiLSTM components in PHyST-Net

Component Function Climate interpretation

CNN Local temporal feature extraction Short-term climate variation

BiLSTM Sequential dependency modeling Long-range climate memory

Temporal features Seasonal representation Annual climate cycle

Abbreviations: BiLSTM: Bidirectional long short-term memory; CNN: Convolutional neural network.

Table 3. PHyST-Net training configuration

Parameter Value

Optimizer Adam

Learning rate 3 × 10−4

Batch size 32

Maximum epochs 120

Early stopping patience 12

CNN filters 64

CNN kernel size 3

BiLSTM units 128

Regression dropout 0.2

Abbreviations: BiLSTM: Bidirectional long short-term 
memory; CNN: Convolutional neural network.

The study clarifies that this threshold is a statistical 
upper-tail indicator rather than a universal physical 
definition of extreme rainfall. The threshold is calculated 
using training observations only:

	 Rextreme = µtrain + 1.5σtrain	 (15)

This prevents information leakage from future rainfall 
observations.

3.8. Extreme rainfall classifier

The extreme rainfall classifier uses a BiLSTM architecture. 
The output probability is:

	 P(Z = 1) = σ(Wch + bc)	 (16)

where σ represents the sigmoid activation function.

The classifier is optimized using binary cross-entropy:

	 Losscls = −ylog(p) − (1 − y)log(1 − p)	 (17)

Because extreme rainfall represents a rare event, 
classification evaluation requires more than accuracy. 
Therefore, the study recommends reporting precision, 
recall, F1-score, receiver operating characteristic–area 
under the curve (ROC-AUC), precision–recall AUC, and 
confusion matrix.

If the test period contains no extreme rainfall events, 
positive-class metrics cannot be interpreted reliably because 
there are no positive observations for evaluation.

3.9. Evaluation metrics

The forecasting models are evaluated using RMSE and 
MAE, where RMSE is calculated as:

	
( )21

i iRMSE y y
N

= −∑ 	 (18)

and MAE is calculated as:

	


1
i iMAE y y

N
= −∑ 	 (19)

Additionally, mean absolute percentage error (MAPE) 
is considered:

	

100 i i

i

y yMAPE
N y

−
= ∑ 	 (20)

However, because rainfall contains zero or near-zero 
values, MAPE may become unstable. Therefore, RMSE and 
MAE remain the primary evaluation metrics.

3.10. Interpretability and diagnostic analysis

Although PHyST-Net does not include explicit physical 
constraints, several diagnostic analyses are used to improve 
interpretability. These include rolling forecasting-error 
analysis, uncertainty-interval estimation, Taylor diagram 
comparison, and gradient-based saliency analysis. These 
approaches explain model behavior but should not be 
interpreted as evidence of physical causality. The proposed 
model architecture is presented in Figure 1.

Algorithm 1 illustrates the PHyST-Net training and 
evaluation framework.

Algorithm 1. PHyST-Net training and evaluation framework

Input: Climate time series X { } 1
X T

t t=
= ; window length L; 

learning rate α; batch size B; epochs E
Output: Trained regression model Fθ; trained classification 
model Gϕ

Step 1: Data preprocessing
Normalize temperature and rainfall using Min–Max 
scaling; Construct temporal features (month, year); 
Generate sliding windows of length L;
Step 2: Regression model training
Initialize CNN–BiLSTM regression network Fθ;
for epoch = 1 to E do

Sample mini-batches of size B;
Compute predictions xˆt+1;
Compute MSE loss Lreg;
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Figure 1. PHyST-Net model architecture
Abbreviations: BiLSTM: Bidirectional long short-term memory; CNN: Convolutional neural network; DM: Diebold–Mariano; MAE: Mean 
absolute error; PF: Performance factor; ReLU: Rectified linear unit; RMSE: Root mean square error; ROC: Receiver operating characteristic.

Update θ using Adam optimizer;
Apply early stopping based on validation loss;

Step 3: Extreme event labeling compute rainfall threshold 
µR + 1.5σR; Generate binary extreme rainfall labels;
Step 4: Classification model training initialize BiLSTM 
classifier Gϕ;
for epoch = 1 to E do

Sample mini-batches of size B;
Estimate event probabilities pt;
Compute binary cross-entropy loss Lcls;
Update ϕ using Adam optimizer;

Step 5: Model evaluation
Evaluate forecasting accuracy using RMSE and MAE; 
assess classification performance using F1, ROC, and 
PR metrics; Conduct rolling RMSE, Taylor diagram, 
calibration, and DM test analyses; return Fθ,Gϕ

4. Results and discussion

This section presents the forecasting performance of 
PHyST-Net and compares its performance with baseline 
models. The results were evaluated using continuous 
forecasting metrics, extreme rainfall probability assessment, 
uncertainty analysis, and interpretability diagnostics. The 
comparison focuses on whether the hybrid CNN–BiLSTM 
architecture improves forecasting accuracy relative to 
conventional statistical models and standalone recurrent 
neural networks.

4.1. Comparison with baseline forecasting models

Table 4 presents the forecasting performance of PHyST-Net 
compared with persistence, ARIMA, and LSTM models.

The results demonstrate that PHyST-Net achieved the 
lowest forecasting error among all evaluated models for 
both temperature and rainfall prediction. For temperature 
forecasting, PHyST-Net reduced RMSE to 3.64 °C, 
representing an improvement compared with persistence 
(5.12 °C), ARIMA (4.35 °C), and LSTM (3.98 °C). Similarly, 
PHyST-NET’s temperature MAE decreased to 3.08 °C, 
indicating that the predicted temperature values are closer 
to observed values compared with all benchmark models. 
For rainfall forecasting, PHyST-Net achieved an RMSE of 
19.7 mm compared with 26.8 mm for persistence, 23.4 mm 
for ARIMA, and 21.9 mm for LSTM. Its rainfall MAE also 
decreased to 14.9 mm. These results indicate that PHyST-
Net provides additional predictive capability beyond 
standalone recurrent modeling.

The training configuration and optimization settings are 
summarized in Table 5.

Table 6 confirms that the forecasting improvements 
achieved by PHyST-Net are statistically significant 
compared with other baseline models.

Table 7 summarizes the interpretability and diagnostic 
analyses of the proposed model.

Figure 2 illustrates the evolution of the mean squared 
error (MSE) loss during training. The training loss 
decreased rapidly within the first few epochs, indicating 
efficient learning of temporal patterns. The validation loss 
stabilized after an initial decline, suggesting convergence 
without severe overfitting. The persistent gap between 
training and validation loss reflects the inherent variability 
of climate data and justifies the use of early stopping.
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Table 4. Performance comparison of forecasting models for temperature and rainfall

Variable Metric Persistence ARIMA LSTM PHyST-Net

Temperature RMSE (°C) 5.12 4.35 3.98 3.64

Temperature MAE (°C) 4.21 3.62 3.41 3.08

Rainfall RMSE (mm) 26.8 23.4 21.9 19.7

Rainfall MAE (mm) 20.3 17.6 16.4 14.9

Abbreviations: ARIMA: Autoregressive integrated moving average; LSTM: Long short-term memory; MAE: Mean 
absolute error; RMSE: Root mean square error.

Table 5. Training configuration and convergence 
characteristics of PHyST-Net

Parameter Value

Sequence length (L) 36 months

Batch size 32

Optimizer Adam

Learning rate 3 × 10−4

Early stopping patience 12 epochs

Regression epochs ≤120

Classification epochs ≤120

Table 6. Diebold–Mariano (DM) test results comparing PHyST-Net with baseline models for temperature forecasting

Comparison DM statistic p-value Significance

PHyST-Net vs. Persistence 3.21 0.0014 Yes (p < 0.01)

PHyST-Net vs. ARIMA 2.47 0.0141 Yes (p < 0.05)

PHyST-Net vs. LSTM 1.98 0.0486 Yes (p < 0.05)

Abbreviations: ARIMA: Autoregressive integrated moving average; LSTM: Long short-term memory.

Figure 3 presents observed and predicted temperature 
values during the test period. The predicted temperature 
curve follows the general seasonal behavior of the observed 
temperature series. This agreement reflects the relatively 
strong seasonal persistence of temperature compared with 
rainfall.

Figure 4 presents observed and predicted rainfall values. 
Compared with temperature, rainfall prediction remained 
substantially more challenging. Rainfall processes are 
highly intermittent and influenced by complex atmospheric 
interactions, including moisture availability, convection, 
regional circulation patterns, and seasonal rainfall 
dynamics. The model successfully captured the general 
rainfall variability pattern but showed reduced ability in 
reproducing some extreme rainfall peaks. This behavior 
is expected because extreme rainfall events represent 
rare observations that contribute relatively little to the 
overall training loss. Consequently, models optimized 
for minimizing average forecasting error may produce 
smoother predictions that capture normal rainfall behavior 
while underestimating isolated extreme events. This 
limitation highlights the importance of treating continuous 
rainfall forecasting and extreme rainfall classification as 
complementary but distinct tasks.

Figure 5 presents the residual distributions for 
temperature and rainfall. Temperature residuals exhibited 
a narrower distribution, indicating relatively stable 
prediction performance. Rainfall residuals displayed 
greater spread, reflecting the higher uncertainty associated 
with precipitation forecasting. The larger rainfall residual 
variability is consistent with the physical characteristics of 
rainfall processes, where a small number of high-intensity 
events can produce substantial forecast errors. Therefore, 
the residual analysis confirms that rainfall remains the more 
challenging variable to forecast, despite the improvement 
achieved by PHyST-Net.

Figure 6 illustrates empirical uncertainty bands derived 
from residual quantiles. Most observed temperature values 
fell within the 80% prediction interval, confirming that 
PHyST-Net provides reliable uncertainty estimates despite 
deterministic training.

Temperature typically exhibits smooth temporal 
variation because it is affected by gradual changes in 
solar radiation, atmospheric circulation, and seasonal 
transitions. Consequently, temperature forecasting models 
can more easily identify recurring patterns from historical 
observations. However, some deviations occur during 
periods of rapid temperature change. These differences are 
expected because monthly climate observations include 
short-term fluctuations caused by atmospheric variability 
that cannot be fully predicted from historical temperature 
records alone. The results indicate that PHyST-Net 
successfully captures the dominant seasonal temperature 
structure while reducing forecasting error compared with 
baseline approaches.
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Table 7. Summary of interpretability and diagnostic 
analyses applied to PHyST-Net

Analysis Purpose

Saliency heatmap Identify influential temporal 
lags and features

Rolling RMSE Assess temporal stability of 
forecasts

Uncertainty bands (80%) Quantify predictive 
uncertainty

Taylor diagram Evaluate correlation and 
variability

Diebold–Mariano test Statistical comparison with 
baseline

Abbreviation: RMSE: Root mean square error.

Figure 2. Training and validation loss curves for the PHyST-NET model
Abbreviation: MSE: Mean squared error.

Figure 7 presents the predicted temperature values with 
the estimated uncertainty interval. The uncertainty band 
widened during periods where forecast errors increased, 
indicating higher predictive uncertainty. This behavior is 
expected because climate forecasting uncertainty increases 
during periods of stronger variability. However, uncertainty 
visualization alone does not prove reliability. A complete 
uncertainty assessment should be conducted; for example, 
prediction interval coverage probability, which measures 
whether the interval achieves the expected coverage level, 
and mean prediction interval width, which evaluates 
interval sharpness. Therefore, the revised interpretation 
is that uncertainty intervals indicate forecast confidence 
rather than a definitive measure of forecast reliability.

Figure 8 demonstrates PHyST-Net’s ability to maintain 
coherent predictive structure across multiple forecast 
horizons. Although uncertainty increased with lead time, 
the model preserved temporal consistency, highlighting its 
suitability for medium-term climate forecasting.

The temporal saliency map investigates which historical 
inputs contribute most strongly to the model predictions. 
The saliency value is calculated as:

	

yS
X
∂

=
∂ 	 (21)

Figure 9 presents the temporal importance of historical 
climate variables. The results indicate that recent historical 
observations contribute strongly to prediction outputs. 
This behavior is consistent with climate persistence, where 
recent conditions often provide useful information for near-
term forecasting. Temperature and rainfall demonstrated 
different temporal sensitivity patterns. Temperature 
generally exhibited stronger continuity, resulting in 
smoother importance patterns. Rainfall showed more 
irregular sensitivity because precipitation processes are 
more intermittent.

The saliency results should be interpreted as model 
sensitivity rather than physical causality. They identify 
which input variables influence the neural network output 
but do not prove that these variables represent causal 
atmospheric mechanisms.

Taylor diagrams provide a combined representation of 
the correlation coefficient, standard deviation, and centered 
RMSE. Figure 10 presents the Taylor diagram comparison. 
PHyST-Net demonstrated closer agreement with 
observations by achieving higher correlation, comparable 
variability, and lower centered RMSE. This indicates that the 
model captures both the temporal pattern and variability of 
observed climate conditions. However, the Taylor diagram 
should be interpreted as a statistical similarity measure 
rather than evidence of physical consistency.

Figure 11 illustrates the binary cross-entropy loss 
during training of the extreme rainfall classifier. Both 
training and validation losses decreased rapidly in the 
initial epochs, followed by gradual stabilization, indicating 
effective learning and convergence. The absence of 
divergence between the two curves suggests that the 
classifier generalizes well and does not suffer from severe 
overfitting, despite the class imbalance inherent in extreme 
event detection tasks.

Extreme rainfall prediction was evaluated separately 
from continuous rainfall forecasting because extreme 
events represent rare observations. The rainfall threshold 
is defined as:

	 Rextreme = µtrain + 1.5σtrain	 (22)
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Figure 3. Observed versus predicted temperature on the test dataset

Figure 4. Observed versus predicted rainfall on the test dataset

The classifier outputs the probability, P(Rt > Rextreme).

Figure 12 illustrates the predicted extreme rainfall 
probabilities during the test period. The probability 
outputs indicate that the model can estimate the probability 
of extreme rainfall conditions rather than simply producing 
binary classifications. However, evaluating rare events 
requires careful interpretation. Because extreme rainfall 
events occur infrequently, a test period with no observed 

extreme events cannot meaningfully estimate positive-
event detection capability. Therefore, metrics such as recall, 
F1-score, ROC-AUC, and precision–recall AUC should 
be interpreted only when both extreme and non-extreme 
observations are present in the evaluation dataset. The 
current study therefore avoids claiming strong extreme-
event classification capability solely from probability 
predictions.

Figure 5. Residual distributions for (A) temperature and (B) rainfall predictions
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Figure 7. Scatter plots of observed versus predicted (A) temperature and (B) rainfall

Figure 6. Temperature predictions with empirical 80% prediction intervals (PIs)

Figure 8. Multi-horizon temperature comparison for 1-, 6-, and 12-step-ahead forecasts

A B
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Figure 9. Temporal saliency heatmap of PHyST-Net indicating feature importance across time lags

Figure 10. Taylor diagram summarizing the statistical performance of temperature predictions by the convolutional neural network 
(CNN)–bidirectional long short-term memory (BiLSTM) model

Figure 11. Training and validation loss curves for the bidirectional long short-term memory (BiLSTM)-based extreme rainfall classification 
model
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4.2. Discussion

The comparative evaluation demonstrates that PHyST-Net 
consistently outperforms traditional statistical and deep 
learning models across both regression and classification 
tasks. Persistence and ARIMA models showed limited skill 
because of their linear structure and inability to represent 
nonlinear climate dynamics. While the standalone 
LSTM improved performance by learning sequential 
dependencies, it still struggled to capture localized 
temporal patterns.

The proposed PHyST-Net model achieved superior 
accuracy by integrating convolutional layers for short-term 
and seasonal pattern extraction with BiLSTM units for long-
range temporal dependency modeling. The improvement 
is particularly evident in temperature forecasting, where 
PHyST-Net yielded the lowest RMSE and the highest 
correlation with observations.

4.3. Statistical significance analysis

The Diebold–Mariano (DM) test was used to evaluate 
whether the forecasting improvement of PHyST-Net is 
statistically significant. The loss differential is:

	 dt = L(ebaseline) − L(ePHyST−Net)	 (23)

The null hypothesis assumes equal predictive accuracy 
between models.

The reported temperature forecasting results 
demonstrated statistically significant improvements 
compared with persistence, ARIMA, and LSTM models. 
Future work should extend the same statistical analysis to 
rainfall forecasting if rainfall represents a major objective 
of the study.

4.4. Practical implications

The results demonstrate that PHyST-Net can provide 
useful monthly climate forecast information for climate-
risk assessment. Potential applications include agricultural 
planning, seasonal rainfall assessment, water-resource 
management, and climate adaptation planning. For 
example, agricultural agencies may use monthly rainfall 
forecasts to support planting decisions, while water-
resource managers may use seasonal temperature and 
rainfall predictions for reservoir planning.

However, the current framework should not be 
interpreted as an operational early-warning system. 
The study used monthly observations, a single-location 
dataset, and limited extreme-event samples. In contrast, 
operational disaster warning systems require higher 
temporal resolution, multiple observation locations, real-
time data assimilation, and extensive validation using 
independent historical events. Therefore, PHyST-Net 
should be considered a climate forecasting and decision 
support framework rather than a complete operational 
warning platform.

In extreme rainfall classification, PHyST-Net 
demonstrated conservative and stable probabilistic 
behavior, avoiding false alarms under rare-event conditions. 
This characteristic is essential for operational climate risk 
management, where false positives can lead to unnecessary 
interventions and economic loss. Overall, the results 
validate the effectiveness of physics-aware hybrid spatio-
temporal learning for climate forecasting applications.

The classification results highlight the challenges 
associated with extreme-event prediction with limited 
samples. Although no extreme events were detected in the 
test period, the classifier demonstrated conservative and 
stable behavior by assigning consistently low probabilities. 
This outcome underscores the importance of probability-
based evaluation and calibration analysis, rather than 
relying solely on threshold-based metrics, when dealing 
with rare climate extremes.

These findings further validate the robustness and 
practical relevance of the proposed PHyST-Net.

4.5. Limitations and future research directions

Although PHyST-Net demonstrates improved forecasting 
performance compared with the selected baseline models, 
several limitations should be considered when interpreting 
the findings.

4.5.1. Single-location climate observation limitation

The current study used a single-location monthly climate 
time-series dataset from the Ghana Meteorological Agency. 
Therefore, the model captures temporal dependencies 
within one observational record but does not explicitly 
learn geographical interactions among multiple locations. 

Figure 12. Predicted probabilities of extreme rainfall events on the test dataset. The dashed line denotes the decision threshold of 0.5.
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Consequently, the term “seasonal-temporal” is used 
instead of “spatio-temporal” in the current study.

Future research should extend the framework using 
multi-station meteorological observations, satellite-derived 
climate variables, gridded climate products, and remote-
sensing environmental indicators. Such extensions would 
enable the development of genuinely spatio-temporal 
models using approaches such as ConvLSTM, graph neural 
networks, and spatio-temporal transformers.

4.5.2. Dataset size and generalization limitation

The dataset used in this study represents a climate time-
series forecasting problem rather than a large-scale big-
data application. Although deep-learning models generally 
benefit from large datasets, climate studies in developing 
regions often face limitations due to limited observations 
and gaps in historical continuity.

To address this challenge, the present study applies 
chronological data splitting, dropout regularization, early 
stopping, and validation-based model selection. However, 
the generalization ability of PHyST-Net should be further 
examined using longer climate records and additional 
geographical locations.

4.5.3. Extreme rainfall prediction limitation

Extreme rainfall prediction remains one of the most 
challenging aspects of the study. Although the classifier 
provides probability estimates for extreme rainfall 
conditions, extreme events represent a small proportion of 
the available observations.

Therefore, classification performance can be strongly 
influenced by the number of extreme events available in 
the evaluation period. Future studies should consider 
longer observational records with more extreme rainfall 
events, cross-location validation, imbalance-aware learning 
methods, cost-sensitive classification, and focal-loss 
optimization. Furthermore, extreme rainfall thresholds 
should be evaluated using multiple definitions, including 
percentile-based approaches such as R90 = Q0.90(R) and R95 = 
Q0.95(R). Such analysis would determine whether the model 
conclusions remain consistent under different extreme-
event definitions.

4.5.4. Physics-informed learning limitation

The current study clarifies that PHyST-Net is not a PINN 
in the strict scientific sense. PINNs typically incorporate 
governing differential equations, conservation laws, 
physical boundary conditions, and physics-based loss 
penalties. The current model does not include such 
constraints. Instead, the study incorporates climate 
knowledge through seasonal temporal variables, climate-
specific forecasting targets, uncertainty analysis, and 
diagnostic interpretation.

Future work may investigate hybrid physics-guided 
architectures by integrating atmospheric equations, land-
surface processes, or physically meaningful regularization 

terms when sufficient environmental information becomes 
available.

4.5.5. Model validation limitation

The current evaluation used a chronological 70%–15%–
15% training–validation–testing strategy. Although this 
approach preserves temporal ordering and avoids future 
information leakage, additional validation strategies are 
recommended. Future research should incorporate rolling-
origin evaluation, blocked temporal cross-validation, and 
multi-year independent testing periods. These approaches 
would provide stronger evidence regarding model 
robustness under different climatic conditions.

4.5.6. Architectural validation limitation

The current comparison evaluates PHyST-Net against 
persistence, ARIMA, and LSTM models. Although these 
models demonstrate improvement over traditional and 
recurrent approaches, future experiments should include 
additional models, such as seasonal ARIMA (SARIMA), 
GRU networks, temporal convolutional networks, 
Transformer-based forecasting models, and gradient 
boosting approaches. Furthermore, ablation studies 
should investigate the individual contributions of CNN 
layers, BiLSTM layers, seasonal features, and uncertainty 
components.

5. Conclusion

This study proposes PHyST-Net, a hybrid seasonal-
temporal deep-learning framework, for monthly 
temperature and rainfall forecasting and extreme rainfall 
probability assessment in semi-arid Ghana. PHyST-Net 
integrates one-dimensional CNN layers and BiLSTM 
networks to combine local temporal feature extraction with 
long-range sequence modeling. Compared with persistence, 
ARIMA, and standalone LSTM models, PHyST-Net 
achieved improved continuous forecasting performance. 
For temperature forecasting, the model achieved an RMSE 
of 3.64 °C and MAE of 3.08 °C. For rainfall forecasting, the 
model achieved an RMSE of 19.7 mm and MAE of 14.9 mm. 
The results indicate that combining convolutional feature 
extraction with bidirectional sequential modeling improves 
the representation of climate time-series patterns.

The proposed PHyST-Net model is not a PINN because 
it does not contain explicit physical equations or physics-
based loss functions. Instead, it is a climate-informed hybrid 
temporal forecasting framework. It is also not a spatial 
forecasting model because it uses a single-location time 
series. Therefore, the framework is described as seasonal-
temporal rather than spatio-temporal. Meanwhile, extreme 
rainfall prediction requires cautious interpretation because 
rare-event evaluation depends heavily on the number of 
observed extreme events.

The study demonstrates the potential of hybrid deep 
learning approaches for climate forecasting in data-
constrained regions. However, further research should 
incorporate larger multi-location datasets, stronger 
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validation strategies, advanced baseline models, and 
physically constrained learning approaches to improve 
robustness and operational relevance.
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