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Abstract

The accurate temperature forecasting system provides essential benefits for managing
outdoor activities, controlling electricity consumption, and ensuring public health and
safety in areas with extreme heat. The researchers developed a hybrid Long Short-Term
Memory—Convolutional Neural Network (LSTM—-CNN) model that uses daily time-series
data from Makkah, Saudi Arabia, to enhance short-term temperature prediction results.
The forecasting task is defined as daily multi-step prediction, generating 1-day, 3-day, and
6-day ahead temperature forecasts. The proposed model combines LSTM networks to
capture long-term temporal dependencies and CNN to extract short-term variations. The
system uses temporal features, lag features, and rolling statistical features to improve data
representation, while Genetic Algorithm (GA) optimization handles the selection of model
hyperparameters. The framework uses ten-fold cross-validation to test its performance,
ensuring consistent performance across all testing scenarios. The results demonstrate
strong predictive accuracy, with the GA-optimized model achieving a Mean Absolute
Error (MAE) of 0.55 °C for 1-day forecasts and 1.28 °C for 6-day forecasts, with R? values
reaching up to 0.98. The proposed model outperformed Autoregressive Integrated Moving
Average (ARIMA), LSTM, and Transformer models during benchmark tests, providing
better forecasting results across various time intervals. These findings indicate that the
proposed model demonstrates accurate and reliable temperature forecasting performance
for arid to semi-arid climatic conditions.

Keywords: time series forecasting; temperature prediction; hybrid deep learning; LSTM-
CNN; genetic algorithm optimization; temporal feature engineering; meteorological data;
extreme climate

1. Introduction

Accurate forecasting of temperature is essential in addressing the effects of extreme
weather conditions, particularly in areas such as Makkah, Saudi Arabia, where tempera-
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tures change drastically [1]. Temperatures in Makkah exceed 45 °C during the summer
months. Forecasting temperatures enables authorities to plan heat-mitigation measures
and public safety strategies and to ensure proper preparation for harsh weather conditions,
as heat-related illnesses are significant concerns in such environments. The challenges
in making accurate forecasts are far from trivial, and temperature forecasting is a well-
established field of study [2]. When combined with extreme heat, temperature variability
makes forecasting difficult and increases safety risks in outdoor environments. Makkah
experiences harsh summer temperatures exceeding 45 °C, with additional increases during
daytime hours. Forecasting extreme heat episodes is essential for ensuring preparation
in logistics and safety measures, since high levels of heat cause heat-related stress, dehy-
dration, and heatstroke [3]. Predicting when and where these extremes are most likely
to occur allows preventive measures to be implemented in advance. Traditional models
of temperature forecasting are generally based on less complex environments and thus
do not capture the full complexity of environmental dynamics [4]. Another challenge in
temperature forecasting is understanding how different meteorological variables interact.
Temperature is affected by three different time scales, which include daily temperature
changes, seasonal variations, and specific weather conditions such as wind speed, humidity,
solar radiation, and air pressure. Traditional models tend to overlook these interdepen-
dencies, which leads to inaccurate forecasting results [5]. In many regions, temperature
is related to humidity, and high temperatures usually align with lower humidity in dry
desert climates such as that of Makkah. A valid forecast should consider this relationship
to avoid incorrect predictions [4].

Physics-based, statistical, and neural network/deep learning models are often used
for weather forecasting. These approaches calculate future temperature based on physical
characteristics such as solar irradiation, wind speed, humidity, precipitation, and cloud
cover [5]. Physics-based models use sensor measurements from many sources to calculate
temperature, which varies greatly by location. These models perform better for long-
term temperature time-series forecasts than for short-term projections. Autoregressive
Integrated Moving Average (ARIMA) uses time-series analysis to anticipate long-term
changes over daily and monthly time horizons [6]. ARIMA is a popular linear statistical
method for time-series forecasting and regression analysis. ARIMA's inability to adequately
capture strong seasonality is one of its main weaknesses, since temperature exhibits strong
seasonal patterns [7].

Recent work has applied hybrid deep learning with optimization in AloT systems,
including two-stage models for industrial failure prediction [8] and particle swarm
optimization-based frameworks for leakage current classification [9]. These studies fur-
ther support the effectiveness of combining deep learning with optimization techniques.
Researchers have investigated CNN-LSTM approaches for temperature forecasting due
to their progress in recent studies. CNN-LSTM models show strong performance in time-
series studies as well as environmental prediction tasks, which has led researchers to apply
them to temperature forecasting problems [10]. For instance, Recent work has applied
hybrid deep learning with optimization in AloT systems, including two-stage models
for industrial failure prediction [11] and particle swarm optimization-based frameworks
for leakage current classification [12]. These studies further support the effectiveness of
combining deep learning with optimization techniques.

Gong et al. [13] proposed a CNN-LSTM model for temperature forecasting, where
CNN extracts spatial features and LSTM captures temporal dependencies. The model
achieved better prediction outcomes through its use of advanced network systems because
it worked with weather data. The research focused on architectural design while it excluded
advanced feature engineering methods that included lag and rolling statistics. Uluocak and
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Bilgili [14] developed LSTM-CNN and GRU-CNN hybrid models for daily air temperature
forecasting. The study found that hybrid models performed better than single deep learning
models when they needed to identify non-linear temperature changes. Optimal use of
genetic algorithms is required for optimization of hyperparameters, but unfortunately was
not covered in this study. Wang and Wang [15] introduced a GA-optimized CNN-LSTM
hybrid model for weather prediction. The forecasting accuracy improved when genetic
algorithms worked together with model parameter selection methods. The study focused
on optimization methods but did not test which feature engineering techniques provide
the best model performance results.

Zhang et al. [16] developed a framework based on CNN and LSTM which utilizes
spatial and temporal feature extraction to forecast energy system temperature changes. The
model showed better ability to model intricate temperature changes than other models. The
research studies one particular field and its results do not apply to situations with extremely
cold climate conditions. Yasavoli et al. [17] created a hybrid deep learning system which
combines CNN and recurrent networks to predict future weather temperatures. The model
produced dependable forecasting results when tested on different datasets. However,
the study does not provide a complete assessment of feature importance and does not
include optimization methods such as genetic algorithms. Yu et al. [18] suggested a GA-
CNN-LSTM hybrid model for the prediction of humidity and temperature, where CNN
extracts local features and LSTM captures temporal dependencies, while GA optimizes
hyperparameters. The model demonstrated improved prediction accuracy compared
to conventional approaches. However, the study focuses on model optimization but
lacks detailed feature engineering, including temporal, lag, and rolling statistical features.
Cinarer [19] developed a hybrid deep learning model which combines CNN with LSTM
and stacking ensemble methods to predict global temperature changes. The model uses
CNN to extract features from data while LSTM processes temporal information. The
approach requires more computational resources but does not incorporate advanced feature
engineering methods, which reduces both interpretability and efficiency of the system.

Research on CNN-LSTM temperature forecasting has progressed in developing new
forecasting systems but still requires improved feature extraction methods, as most studies
focus primarily on model architectures. The integration of temporal, lag, and rolling
statistical features remains limited. Additionally, the interaction between genetic algorithms
and advanced feature engineering has not been fully explored. Most studies evaluate their
methods under moderate conditions, while performance in extreme weather conditions
remains largely untested. Therefore, a comprehensive framework that combines hybrid
modeling with feature engineering and optimization methods is required.

To address these limitations, this study proposes a CNN-LSTM framework enhanced
with temporal, lag, and rolling statistical feature engineering and optimized using GA
for adaptive hyperparameter tuning to improve temperature forecasting accuracy under
extreme climatic conditions.

The research presents its main contributions which include three major findings
as follows:

e  The hybrid LSTM-CNN framework is developed to forecast daily temperatures for
multiple future time periods by capturing both long-term temporal patterns and
short-term variations.

e A comprehensive temporal feature engineering method is introduced, which uses lag
features and rolling statistical measures to enhance temperature predictions for daily
time-series data.

e  The system applies GA-based optimization for automatic hyperparameter tuning, which
results in improved predictive performance and enhanced model generalization capabilities.
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e The proposed framework demonstrates better forecasting accuracy than baseline
models when tested on daily meteorological data from extreme climatic conditions.

The paper has three main sections that organize its content. The development of the
hybrid framework and the GA optimization is explained in the methodology section. The
results and discussion section presents performance results across different forecasting periods.
The paper ends with important findings and recommendations for upcoming research work.

2. Research Methodology

The research presents a hybrid method which combines LSTM and CNN models
that have been enhanced by GA optimization and temporal feature engineering work.
The temperature time-series data collection process begins with researchers obtaining
environmental data from Makkah, which they will use for their study. The initial data
preprocessing phase begins with missing value replacement, which the team performs
before they start to scale, select features, and extract temporal features, lag features, and
rolling statistical features, which will enhance model performance. The model design uses
LSTM to predict long-term trends and applies CNN to identify short-term patterns in the
data. The hybrid model uses GA to conduct hyperparameter optimization. The research
uses GA as an external optimization tool for the LSTM-CNN model, which is demonstrated
in Figure 1. GA creates candidate hyperparameter sets (which include learning rate, batch
size, and number of layers) that researchers test by training the LSTM—-CNN model. The
prediction error results from MAE and RMSE calculations are used by the fitness function.
The GA selection process uses its crossover and mutation operations to select optimal
hyperparameter settings through its selection process. The final LSTM—-CNN model is
trained using GA-optimized hyperparameters, which result in better forecasting accuracy
and generalization performance. The model evaluation process uses standard metrics,
which include MAE, RMSE, and R?, to assess performance across multiple forecasting
time frames. The study employs its forecasting task through a multi-step-ahead prediction
framework, which uses daily time-series data to forecast temperature values at 1-day, 3-day,
and 6-day ahead horizons.

Data Preprocessing

Statistical Tests & Analysis 1| Missing Value Imputation | |
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D ivtive Statisti Pearson Correlation I
e CHEANG SERIES Test | Feature Scaling | 1
;‘> ime-Seri i h;|’> Feature Selection 1
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- ' ' y y !
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Figure 1. Proposed framework showing data preprocessing, feature engineering, and GA-based
hyperparameter optimization integrated with the hybrid LSTM—-CNN model.
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2.1. Dataset Description

The research uses a dataset which NASA provided through its website to analyze
temperature time-series data and environmental data for Makkah, which spans from May
1995 until May 2024. The dataset is based on daily observations and includes various mete-
orological parameters such as maximum and minimum temperatures at 2 m above ground
level, surface shortwave radiation, relative humidity, and wind speed, among others. The
dataset also allows analysis of long-term temperature trends, including local variations
in maximums, minimums, and averages, along with their associated environmental fac-
tors such as humidity, wind speed, and radiation, which are indispensable for predicting
complex temperature patterns. The dataset provides the maximum daily temperatures
recorded (T2M_MAX) for Makkah between May 1995 and March 2024. The time series
displays major seasonal temperature changes, which result in temperature peaks that reach
above 40 °C during the months with the highest temperatures.

The variables include maximum temperature at 2 m (T2M_MAX), minimum temper-
ature (T2M_MIN), average temperature (T2M), relative humidity (RH2M), wind speed
(WS2M), surface shortwave radiation (ALL-SKY_SFC_SW_DWN), and surface pressure
(PS). The maximum temperature in Makkah generally ranges between 19.17 and 48.66 °C,
and the minimum temperature (T2M_MIN) ranges from 7.36 to 32.58 °C. The T2M temper-
ature stays within the limits that extend from 13.29 °C to 39.50 °C. The relative humidity
levels start at 5.48% and reach a peak of 84.09%, while wind speeds range from 1.13 m/s to
7.77 m/s. These variables essentially highlight the variation of weather, which characterizes
extreme temperatures and comparatively lower humidity, typical of this region. Table 1
summarizes the main statistical properties of the dataset.

Table 1. Descriptive statistics of key meteorological variables used in the study.

Statistic T2M_MAX (°C) T2M_MIN (°C) T2M (°C) RH2M (%) WS2M (m/s)
Count 10624 10624 10624 10624 10624
Mean 36.77 22.72 28.95 34.09 3.02

Std. Dev. 5.68 5.02 5.27 15.01 0.65

Min 19.17 7.36 13.29 5.48 1.13
25th Percentile 32.04 18.67 24.40 21.82 2.58
50th Percentile 37.64 23.59 29.88 31.51 2.92
75th Percentile 41.44 27.09 33.51 44.70 3.34
Max 48.66 32.58 39.50 84.09 7.77

The highest annual temperatures can be used to estimate Makkah’s temperature
distribution. This indicates that fairly high levels of variability exist, with some years
displaying extreme peaks above 45 °C, especially during the hot months. The capability
to capture these seasonal fluctuations makes the dataset very suitable for modeling tem-
perature patterns. Figure 2 presents the maximum temperature measurements, showing
annual variation.

Exploring relationships using correlation matrices is very useful for determining the
relationships among variables in meteorological datasets. The correlation matrix, pre-
sented in Figure 3, shows strong relationships among some meteorological variables. The
T2M_MAX represents the target variable and is not included as an input feature; the cor-
relation analysis is used solely to understand relationships among variables and guide
feature selection. The data can be used extensively in future temperature predictions,
especially as it shows strong correlations between T2M_MAX and T2M_MIN, and between
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T2M_MAX and T2M, which relate maximum and minimum temperatures with average
temperature, respectively, suggesting predictable temperature patterns. A negative cor-
relation between temperature and RH2M (humidity) indicates that higher temperatures
are associated with lower humidity, which is typically observed in arid areas like Makkah.
The dataset incorporates other important variables such as radiation and wind speed.
Radiation (ALLSKY_SFC_SW_DWN) shows a strong positive correlation with temperature,
while wind speed is not significantly correlated with temperature but still provides useful
information about local weather conditions.
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Figure 2. Analysis of maximum temperature trends in Makkah (1995-2024).
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Figure 3. Correlation matrix highlighting inter-relationships among key meteorological variables.
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The statistical tests on the dataset are used to determine its capacity for time-series
modeling, which would yield precise temperature predictions and to study the relationships
between major meteorological elements. The Augmented Dickey—Fuller (ADF) test is
conducted to assess the stationarity of the T2M_MAX (maximum temperature) series. The
results in Table 2 indicate that the T2M_MAX series is stationary, with a test statistic of
—8.14, significantly lower than the critical values at the 1%, 5%, and 10% levels. The null
hypothesis of non-stationarity is rejected, with a p-value of 1.03 x 10~'2, thus confirming
that the temperature data can be used for forecasting without differencing.

Table 2. Augmented Dickey-Fuller (ADF) test results for T2M_MAX series.

Statistic Value

ADF Test Statistic —8.14
p-value 1.03 x 10712

Number of Lags 38

Number of Observations 10,585

Critical Value (1%) —3.43

Critical Value (5%) —2.86

Critical Value (10%) —2.57

Pearson correlation analysis of T2M_MAX against other meteorological factors, such
as RH2M (humidity) and ALLSKY_SFC_SW_DWN (surface shortwave radiation), showed
a strong negative correlation of —0.74 between T2M_MAX and RH2M, indicating that
an increase in maximum temperature corresponds to a decrease in relative humidity.
A strong positive correlation of 0.73 between T2M_MAX and ALLSKY_SFC_SW_DWN
indicates that increases in temperature correspond to increases in surface radiation levels.
Both correlations were significant at p < 0.001, thereby confirming that the findings are
statistically significant. The Pearson correlation coefficients between T2M_MAX and the
selected variables are presented in Table 3.

Table 3. Pearson correlation coefficients between T2M_MAX and key variables.

Variable Correlation with T2M_MAX
T2M_MIN 0.93
T2M 0.98
ALLSKY_SFC_SW_DWN 0.73
RH2M —0.74
WS2M 0.20

2.2. Data Preprocessing

Data preprocessing is crucial to ensure proper preparation of the dataset for effective
temperature forecasting. Handling missing data is the first step, where missing values are
filled using the mean of the respective columns. Since the proportion of missing values in
the dataset is very small, mean imputation is adopted as a simple and efficient approach;
however, it is acknowledged that more advanced time-series imputation methods (e.g.,
interpolation) could better preserve temporal dependencies and may be explored in future
work. Figure 4 depicts the data preprocessing workflow. This ensures that there are no
missing values in the data and maintains the integrity of the dataset for modeling.

The process of feature scaling establishes a standard measurement system which
allows for the comparison of all data features through two methods, normalization and
standardization to zero mean and unit variance. Domain expertise, together with Pearson
correlation analysis, establishes the feature selection method. The study selects T2M_MIN,
T2M, RH2M, and ALLSKY_SFC_SW_DWN as temperature change predictors because
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these variables exhibit strong correlation with the target temperature (T2M_MAX). The
study removes WS2M because it exhibits weak correlation, which helps to decrease noise
while enhancing model performance. The study selects variables through Pearson cor-
relation analysis, which shows that variables with stronger absolute correlation values
are selected as part of the final feature set that includes T2M_MIN, T2M, RH2M, and
ALLSKY_SFC_SW_DWN. The process of temporal feature extraction creates time-based
features from the datetime column through the extraction of day-of-the-week and month
information, which identifies seasonal and periodic patterns. The research creates two sep-
arate dataset divisions, which include training data and testing data. The steps for data
preprocessing establish data quality standards which create consistent data patterns that al-
low for precise temperature prediction. The temperature-related variables T2M, T2M_MIN,
and T2M_MAX show strong correlations because these relationships represent the natural
physical connections that exist among meteorological data. The study uses lagged features
of all data elements, which include t — 1 and t — 2, to restrict future temperature predictions
to information that existed before that time. Therefore, the model does not rely on contem-
poraneous variables, and the forecasting task remains non-trivial. Unlike linear models,
deep learning architectures such as LSTM—CNN are less sensitive to multicollinearity, as
they learn nonlinear feature representations rather than estimating independent coefficients.
Formal multicollinearity diagnostics such as Variance Inflation Factor (VIF) are typically
more relevant for linear regression models and were therefore not explicitly applied in
this study. Furthermore, the non-trivial nature of the forecasting task is evidenced by
the increase in prediction error across longer horizons (1-day to 6-day), indicating that
the model is learning meaningful temporal patterns rather than relying on near-identical
variables. The dataset, comprising 10,624 daily observations (May 1995-March 2024), is
partitioned chronologically into training (70%), validation (15%), and testing (15%) sets,
where earlier observations are used for training and later observations are reserved for
validation and testing to prevent data leakage.

B e = ) Training &
Imputed Data , l Scaled Data = ; Selected Features ~ Temporal Features K/l Testing Data
Data Imputation Feature Scaling Feature Selection Temporal Feature Train-Test Split

Extraction
Figure 4. Data-processing workflow.

2.3. Temporal Feature Engineering

Temporal feature engineering was applied to a temperature forecasting model to
improve accuracy. The process began with preprocessing the raw temperature data, then
extended the feature set to capture long-term trends and short-term fluctuations.

The baseline model used only the preprocessed temperature signal, where temperature
at time t is denoted as T'(t). The equation for the basic model is:

T(t) = f(T(t—1), T(t—2),...,T(t—n)) (1)

Temporal features are added to capture seasonal patterns. Since the dataset uses daily
intervals, these features include td (day of the week) and tm (month of the year).The model
is updated as:

T(t) = f(T(t—1), T(t—=2),...,T(t —n), tytm) )
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The system uses rolling statistical features to track long-term trends while reducing
short-term variations. The system uses rolling mean (y(t,w)) and rolling standard deviation
(o (t,w)) which both require a window size of (w) for their calculations.

wtw) = Y TG) ®)
i=t—w+1
t
oty == ¥ (T0) - ultw)? @
i=t—w+1

Finally, incorporating lag features, temporal features, and rolling statistics, the com-
plete model formulation is given by

T(t) = f(T(t—1),T(t—2),...,T(t —n), tyg, tm, u(t,w),o(t,w)) )]

The model performs superior temperature forecasts because it can identify seasonal
weather patterns and time-based weather relationships which require both lagging in-
dicators and current time data and historical weather patterns. The study adopts a lag
order of 7 (1), which allows the model to use data from the previous seven days as input
to track short-term temporal patterns. The rolling window size (w) is set to 3, which is
applied to calculate rolling mean and standard deviation features that help to decrease
short-term fluctuations. These parameters were selected based on empirical considerations
and domain knowledge of daily temperature patterns. Lag and rolling statistical features
are computed for all selected input variables, including T2M_MIN, RH2M, and ALL-
SKY_SFC_SW_DWN, ensuring that both individual variable dynamics and inter-variable
relationships are captured. To ensure a realistic daily forecasting setup and avoid data leak-
age, all input features are constructed exclusively from historical observations. Specifically,
lagged values of meteorological variables (e.g., T2M(t — 1), T2M_MIN(t — 1), RH2M(t — 1),
ALLSKY_SFC_SW_DWN(t — 1)) are used as model inputs, while the target variable corre-
sponds to future daily values of T2ZM_MAX at forecasting horizons of t + 1 (1-day), t + 3
(3-day), and t + 6 (6-day). No same-day (t) measurements are included in the input feature
set. This ensures a strictly causal and operationally valid forecasting framework.

2.4. Genetic Algorithm for Hyper-Parameter Optimization of the Hybrid Model

The hybrid model is trained after hyperparameter optimization using a Genetic Algo-
rithm (GA). This process identifies the best combination of hyperparameters for effective
model initialization and improved forecasting performance. The key hyperparameters of
the system include learning rate 1 and batch size b and number of layers L as demonstrated
in Figure 1. The system generates candidate solutions through the creation of a population
which consists of different hyperparameter combinations for each candidate solution. The
evaluation process for each candidate uses prediction error metrics which include MAE
and RMSE as the fitness criteria.

(%) = 0 lvi — il ©

The selection process of this function prefers candidates who have achieved lower
error values. The best performing candidates proceed to the reproduction process which
produces new solutions through crossover between two parent solutions. Crossover
combines two parent solutions X; and X5 into offspring Xfgpring, represented as:

Xoffspring = (ﬂoffspringr boffspring/ Loffspring) @)
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After crossover, mutation slightly alters the offspring’s hyperparameters by applying
a small perturbation drawn from a normal distribution, represented as:

ﬂmutated = TlOffSpl'ing + A’?, A11 ~ N(O/ (T,?) (8)

After optimization, the hybrid model is trained using the selected hyperparameters.
GA searches within predefined ranges for learning rate, batch size and number of layers,
selected based on empirical experimentation and standard deep learning practices to ensure
stable training and efficient convergence.

The GA runs with 20 individuals per population across 30 generations. A crossover
rate of 0.8 is applied to combine candidate solutions, while a mutation rate of 0.1 is used
to introduce diversity into the population. The hyperparameter search space includes
the learning rate (0.0001-0.01), batch size (16-128), and the number of layers (1-3). As
summarized in Table 4, the GA iteratively explores the defined search space and selects the
optimal set of hyperparameters, which are then used to train the proposed hybrid model.

Table 4. Genetic Algorithm hyperparameters and search space.

Parameter Value/Range
Population Size 20
Number of Generations 30
Crossover Rate 0.8
Mutation Rate 0.1

Learning Rate 0.0001 to 0.01

Batch Size 16 to 128
Number of Layers 1to3

The architectural configuration used in the model (e.g., 64 LSTM units, 32 CNN filters,
kernel size = 3, as shown in Figure 5) was determined prior to GA optimization based
on preliminary experimentation and kept fixed during the optimization process. This
design choice limits the search space to key training hyperparameters while maintaining
computational efficiency. The GA configuration parameters (population size, number of
generations, crossover and mutation rates) were selected based on empirical considerations
and commonly adopted practices. The optimal hyperparameter configuration identified by
GA was used to train the final model.

Output Layer

(Temperature

Input Layer Prediction)
(Daily Time-Series [

Data) _ Multi-step
Y F 16
dEm™ %0 orecas
%ga I S g 1-day, 3-day,
=X @ i (5 S 3 1

> gl 3 EE - 5
=) ‘0 & .5
& < ]
S p
v

Figure 5. Hybrid LSTM-CNN architecture for temperature forecasting.

However, the GA-based optimization introduces additional computational overhead
compared to baseline training. In the present configuration, the GA evaluates 600 candidate
models (20 individuals x 30 generations), where each candidate requires full model training.
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Experiments were conducted on a standard GPU-enabled environment (e.g., NVIDIA GPU
with typical CPU and RAM support), and the total training time for a complete GA run
is significantly higher than a single baseline model training due to repeated evaluations.
Compared to fixed hyperparameter training and Random Search, the GA approach requires
greater computational time because of its iterative population-based search strategy. This
cost is incurred only during the offline training phase. Once the optimal hyperparameters
are identified, the final model is trained once and can be efficiently deployed for real-time
temperature forecasting without additional computational overhead.

2.5. Proposed Hybrid Model

The proposed hybrid model combines an LSTM network and CNN for temperature
prediction. The LSTM component captures long-term dependencies and seasonal trends,
while the CNN captures local patterns and short-term variations. Thus, the model can
represent both long-term trends and short-term fluctuations in temperature data. The
LSTM network models temporal dependencies, with its output denoted as y;sTp. The
LSTM operations are defined as:

fr = o (Wylhiy, 2] + by) ©)
it = c(Wilhi—1, x¢] + b;) (10)
C = ft -Cr1+ i tanh(WC [ht_1,xt] + bc) (11)
ht = 0t * tanh(Ct) (12)
0t = U’(Wo [ht—ll Xt] + bg) (13)
where:
e fi, i, 0; are the forget, input, and output gates, respectively;
e  (;is the memory cell state;
e I is the hidden state at time ¢;
e W and b represent the weight matrices and bias vectors;
e 0(-) and tanh(-) denote the sigmoid and hyperbolic tangent activation functions,

respectively.

The CNN component extracts the local features from the temperature data to catch the
fluctuations over a brief period. The output y(cxny from the CNN layer is computed as:

yi = Y _(xjwij) +b; (14)

where:

y; output from the ith feature map;
Xj input data;

wj; weights of the filter;

b; bias term.
The final temperature prediction y 4y is obtained by combining outputs of the
LSTM and CNN.
Yybrid = f(YLST™, YONN) (15)
Both the LSTM and CNN branches operate on the same input sequence structured
as (T x F), where T is the number of time steps and F is the number of input features.

The LSTM branch captures long-term temporal dependencies, while the CNN branch
extracts short-term local patterns from the same input. The function f(-) in Equation (15)
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is implemented as a concatenation of the outputs from the LSTM and CNN branches,
followed by a fully connected (dense) layer for final prediction. The LSTM branch uses
64 hidden units, while the CNN branch applies 32 filters with a kernel size of 3, followed
by pooling and flattening. The outputs of both branches are concatenated and passed to
dense layers, as shown in Figure 5.

The total number of trainable parameters in the model is on the order of tens of
thousands, depending on the configuration.

The architecture of the proposed hybrid LSTM-CNN model is illustrated in Figure 5.
The model takes multivariate daily time-series data as input, where T represents the
number of time steps and F represents the number of features. The architecture consists
of two parallel branches. The first branch uses two stacked LSTM layers with 64 units
each. The first LSTM layer returns sequences to capture temporal dependencies in the data.
The second branch applies a one-dimensional convolution (Conv1D) layer with 32 filters
and a kernel size of 3. This is followed by a ReLU activation function and a max-pooling
layer (pool size = 2) to extract local patterns. The resulting features are then flattened. The
outputs from both branches are combined using a concatenation layer. The merged features
are passed through a dense layer with 32 units and ReLU activation, followed by an output
layer that generates multi-step forecasts for 1-day, 3-day, and 6-day horizons.

2.6. Model Training and Evaluation

The model training stage is crucial in the research process, with the hybrid model
trained using the processed dataset, which contains temporal lag and rolling statistics
features. To start the process, the model is fed with input data, from which the LSTM
network learns the long-term dependencies of the temperature time series. In addition,
the local patterns and short-term variations are learned by the CNN network. The benefit
of hybridizing is achieved by optimizing both types of architecture in a model since such
hybridization would allow capturing both global and local temperature patterns. During
training, the model experiences many rounds of forward propagation and backpropagation
to minimize the loss function. The learning rate, batch size, and epochs are adjusted
depending on how the model is fine-tuned. There can be early stopping techniques to
control the overfitting of the model and preserve the generalization aspect. In the next phase,
the hyperparameters will be fine-tuned using the GA, which maximizes the efficiency of the
model for predictive purposes. For analysis, the temperature predictions will be compared
with the historical information learned by the model. The model will be evaluated using
various data sets—the training, validation, and testing datasets.

2.7. Performance Evaluation

The evaluation of how well the hybrid model performs includes various performance
metrics for forecasting accuracy analysis. These metrics include Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and the coefficient of determination (R?), which
are used to evaluate the model’s prediction performance. Based on the evaluation, tem-
perature forecasts are evaluated for their accuracy and reliability. The model is tested
against LSTM, CNN, and traditional statistical baselines on real-world temperature fore-
casting tasks

1w .
MAE = =) . lvi = il (16)
1 R
RMSE = \/nZ?_l(yi ~)’ (17)
n 52
RZ =1— i;l (yl ]iz)z (18)
i1 (vi =)

https:/ /doi.org/10.3390/eng7050224


https://doi.org/10.3390/eng7050224

Eng 2026, 7,224

13 of 22

where:

e 1 = total number of observations;
e  y; =actual (observed) value;

e  {j; = predicted value;

e  jj=mean of the observed values.

3. Result and Discussion

The research required multiple experiments to assess forecast performance using vari-
ous model configurations and different feature engineering approaches and all available
evaluation metrics [14]. The study assessed accuracy for different forecasting periods
through three feature types temporal features and lag features and rolling features before
using cross-validation to verify the results. Daily errors for 1-day, 3-day, and 6-day pre-
dictions show how performance shifts across horizons. Table 5 presents fold-wise results
obtained using 10-fold cross-validation prior to final hyperparameter optimization. The
time-series-aware cross-validation approach uses data splits which maintain the original
time sequence through TimeSeriesSplit function to enable model testing with upcoming
data that was not part of the training process. Random shuffling is not applied.

Table 5. Forecasting errors (MAE/RMSE/ R2) across 1-day, 3-day, 6-day horizons.

Fold MAE (°C) RMSE (°C) R?2
1-Day 3-Day 6-Day 1-Day 3-Day 6-Day 1-Day 3-Day 6-Day
1 0.78 1.05 1.31 0.88 1.14 1.42 0.96 0.92 0.89
2 0.85 1.12 1.38 0.94 1.20 1.50 0.95 091 0.87
3 0.81 1.08 1.29 0.90 1.16 1.40 0.96 0.92 0.90
4 0.89 1.15 1.42 0.97 1.23 1.55 0.94 0.90 0.86
5 0.92 1.20 1.48 1.00 1.28 1.60 0.93 0.89 0.85
6 0.86 1.10 1.36 0.95 1.18 1.48 0.94 091 0.88
7 0.83 1.07 1.33 0.92 1.16 1.45 0.95 091 0.88
8 0.88 1.14 1.40 0.97 1.22 1.52 0.94 0.90 0.86
9 0.80 1.06 1.30 0.89 1.15 1.42 0.96 0.92 0.89
10 0.87 1.13 1.37 0.96 1.21 1.49 0.94 0.90 0.87

For instance, among the shorter horizons, the MAEs for the 1-day ahead forecast are
the lowest, ranging approximately from 0.78 °C to 0.92 °C across folds. With 3-day forecasts,
higher errors are observed, with MAE values ranging from about 1.05 °C to 1.20 °C. For
6-day forecasts, larger errors are observed, with MAE values reaching up to approximately
1.48 °C. The model performs better at shorter forecasting horizons, where temperature
patterns are more stable, while errors increase for longer horizons due to higher variability
and uncertainty. Nevertheless, the model maintains reasonably good performance across
all forecasting horizons.

The addition of temporal features, such as day of the week and month of the year,
brings a considerable improvement in model accuracy, with an MAE of 0.92 °C and RMSE
of 1.10 °C. Lag features improve the capture of historical temperature data but still result
in slightly higher error, with an MAE of 0.98 °C and RMSE of 1.18 °C. Rolling statistics
enable the model to smooth out fluctuations over time, thus improving performance, with
error measures of an MAE of 0.90 °C and RMSE of 1.08 °C. A further reduction in error
occurs when combining temporal features with lag features, reducing the MAE to 0.85 °C
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and RMSE to 1.02 °C. Combining temporal features with rolling statistics further improves
performance, bringing the MAE down to 0.82 °C and the RMSE to 0.98 °C. Finally, applying
all features, including temporal, lag, and rolling statistics, achieves the lowest observed
error, with an MAE of 0.78 °C and an RMSE of 0.88 °C. The results are summarized
in Table 6.

Table 6. Feature-set impact on accuracy.

Improvement in MAE (%)

Feature Set MAE (°C) RMSE (°C) R2 vs. Baseline
Original Features Only 1.15 1.40 0.82 0%
With Temporal Features 0.92 1.10 0.88 20.0%
With Lag Features 0.98 1.18 0.86 14.8%
With Rolling Statistics 0.90 1.08 0.89 21.7%
With Temporal + Lag Features 0.85 1.02 0.91 26.1%
With Temporal + Rolling Statistics 0.82 0.98 0.93 28.7%
All Features (Temporal, Lag, Rolling) 0.78 0.88 0.96 32.2%

Table 7 presents the comparative performance of the baseline hybrid model (without
optimization), Random Search, and GA across different forecasting horizons. The baseline
model represents the performance without any hyperparameter tuning, while Random
Search is employed as a conventional hyperparameter optimization method to provide a
fair comparison with the proposed GA approach. In this study, Random Search samples
hyperparameters such as learning rate (0.0001-0.01), batch size (16-128), and the number of
layers (1-3) from predefined ranges over a fixed number of iterations. Each configuration
is evaluated using prediction error metrics, including MAE, RMSE, and R?. Table 7 shows
the progressive improvement from baseline to GA-optimized model.

Table 7. Optimization across forecast horizons.

Horizon Horizon Horizon
Optimization 1-Day 3-Day 6-Day
MAE RMSE R? MAE RMSE R? MAE RMSE R?
Without Optimization 0.88 1.00 0.91 1.15 1.28 0.87 1.45 1.55 0.83
Random Search 0.72 0.82 0.94 0.98 1.10 0.90 1.30 1.40 0.86
GA 0.55 0.62 0.98 0.75 0.80 0.96 1.28 1.35 0.95

The results show that Random Search improves performance over the baseline model
by reducing MAE and RMSE and increasing R? across all forecasting horizons. GA achieves
the best overall performance with the lowest error values and highest R2. Random Search
samples the search space without feedback between trials, while GA refines candidates in each
generation using evolutionary operations, which drives it closer to optimal hyperparameters.

All models were trained on the same dataset with identical preprocessing steps and
feature sets, including temporal, lag, and rolling features. The data splits were also kept
identical, and 10-fold cross-validation was applied to all models. For the deep learning
models (LSTM, CNN, GRU, and Transformer), hyperparameters were tuned within similar
ranges to maintain a balanced comparison. The model development process used standard
techniques to optimize the performance of both Random Forest and XGBoost machine
learning models. The statistical models ARIMA and Prophet required the use of their
standard model configurations for their implementation. The research tested all baseline
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models by using the same experimental framework and dataset which had been established
for the study. The evaluation process for all models took place under identical evaluation
conditions. The test environment between the two models remains unchanged so that
performance differences can be accurately attributed to the actual model design. The
benchmark results presented in Table 8 represent the 1-day forecasting period, which used
the GA-optimized model for forecasting. All models receive a fair comparison because the
same input features are applied to all models, which allows for controlled testing between
them, despite simpler models lacking the capacity to process complex feature sets.

Table 8. Benchmark comparison with other forecasting models.

MAE Improvement = RMSE Improvement

Model MAE (°C) RMSE (°C) R? (%) (%) R? Improvement (%)
ARIMA 1.50 1.80 0.83 63.33% 65.56% 18.07%
CNN 1.30 1.60 0.87 57.69% 61.25% 12.64%
LSTM 1.20 1.50 0.89 54.17% 58.67% 10.11%
Random 1.20 1.50 0.88 54.17% 58.67% 11.36%
Forest
Prophet 1.10 1.40 0.90 50.00% 55.71% 8.89%
GRU 1.00 1.30 0.92 45.00% 52.31% 6.52%
XGBoost 1.00 1.30 0.92 45.00% 52.31% 6.52%
Transformer 0.75 1.00 0.94 26.67% 38.00% 4.26%
Proposed * * *
Hybrid 0.55 0.62 0.98

* The proposed model is used as the reference baseline for improvement calculation.

The comparative benchmark reveals that the proposed model achieves the best per-
formance, with an MAE of 0.55 °C and an RMSE of 0.62 °C, surpassing all other models.
Although the LSTM model performs well, with an MAE of 1.2 °C and an RMSE of 1.5 °C, it
does not rival the proposed model in capturing local patterns. The CNN model slightly
trails behind, with an MAE of 1.3 °C and an RMSE of 1.6 °C, as it does not effectively
model sequential dependencies. The MAE and RMSE for the GRU model are 1.0 °C and
1.3 °C, respectively, making it a faster alternative to LSTM, although still inferior to the
proposed hybrid approach. The Transformer model achieves good performance, with an
MAE of 0.75 °C and an RMSE of 1.0 °C, benefiting from the self-attention mechanism;
however, its performance remains inferior to the proposed hybrid model. XGBoost and
Random Forest also show good performance, with MAE values of 1.0 °C and 1.2 °C, re-
spectively, although both fail to capture the complex sequential patterns of temperature
data. ARIMA and Prophet rank lowest in performance, with MAE values of 1.5 °C and
1.1 °C, respectively, as these models struggle with non-linear dependencies and complex
temporal relationships. Furthermore, the relative improvement analysis presented in Table 8
(1-day forecasting horizon using the GA-optimized model) shows that the proposed model
achieves substantial error reduction, with up to 63.33% improvement in MAE and 65.56%
improvement in RMSE compared to traditional models such as ARIMA, along with con-
sistent improvements over all baseline methods. These results indicate that deep learning
models are more effective at capturing complex patterns within time series, particularly
in temperature forecasting. The selected benchmark models include widely used classical
and deep learning approaches, including Transformer-based architectures, providing a
representative comparison framework.

The 1-day forecasting, shown in Figure 6 achieves strong performance, with R? values
reaching approximately 0.96 and low MAE and RMSE values, reflecting a high degree of
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accuracy. At the 3-day horizon, shown in Figure 7, forecast accuracy begins to decline, with
R? values ranging between approximately 0.89 and 0.92, and increases in MAE and RMSE
reflecting the growing uncertainty. The performance declines further for the 6-day forecast,
shown in Figure 8, with R? values ranging between approximately 0.85 and 0.90, where
MAE and RMSE values are highest, indicating greater difficulty in longer-term forecasting.

1.0 1 ==m MAE

«0\6\/ <<°\6q’ <<°\sb <<°\bb‘ <<°\g) <<°\e>0o «0\6« <<°\6<b < ; 0\6\9
Figure 6. One-day forecasting performance.
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Figure 7. Three-day forecasting performance.
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Figure 8. Six-day forecasting performance.

The correlation analysis for the LSTM, CNN, and hybrid models determines how
effectively each predicts temperature values compared to the actual values. Figures 9-11
show the correlation between predicted and observed temperature values for the LSTM,
CNN, and hybrid models. The hybrid model shows the highest correlation among the
models, with predicted values closely matching the true values, thereby supporting the
benefit of combining both temporal and spatial attributes. In contrast, the LSTM model
shows moderate correlation, reflecting its ability to capture sequential patterns. The CNN
captures local patterns and helps represent the dataset’s structure. The gap in model
performance shows that combining architectures with different strengths improves deep

learning results.
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Figure 9. LSTMM model: predicted and observed temperature values.
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Figure 10. CNN model: predicted and observed temperature values.
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Figure 11. Relation between predicted and observed temperature values.

The temperature patterns for the complete duration of the study are shown in
Figures 12 and 13 which display both actual measurements and forecasted estimates.
The blue line denotes the actual recorded temperatures, while the red dashed line indicates
the predicted values obtained from the training data. The model training process enables
temperature pattern detection which researchers use to assess model accuracy through pre-
dicted results comparison with actual measurements. The model accurately represents all
temperature patterns which occur during the yearly cycle and throughout its 21-year eval-
uation period. The model demonstrates accurate historical data matching which enables it
to project future temperature patterns. The model illustrates decreased prediction accuracy
during the 2015 to 2024 period yet it maintains its operational capacity for both training
and testing procedures which demonstrates its ability to forecast temperature variations.

The forecast error variation which is measured by MAE shows its yearly changes
through Figure 14. The graph compares MAE values across all years to assess model
performance over time. The color gradient demonstrates error distribution, which shows
that areas with larger errors exceed the threshold 1.2 value, thus showing major errors in
red color. The threshold for temperature forecasting practices defines significant errors as
any temperature error which exceeds 1.0 °C range in meteorological models. The model
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shows temperature variation success through its ability to maintain errors below 1.0 °C
limit because most errors fall within that range.
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Figure 12. Observed and predicted temperatures during the training phase.
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Figure 14. Year-wise forecast error distribution with gradient representation of MAE magnitude.
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The analysis presented in Figure 15 uses Pearson correlation coefficients to evaluate
the relationship between each variable and the target variable T2M_MAX instead of using
model-based feature importance methods such as SHAP or permutation importance. The
correlation analysis indicates that T2M_MIN exhibits the strongest relationship with the
target variable T2M_MAX, followed by RH2M and ALLSKY_SFC_SW_DWN (surface
shortwave radiation), which are essential environmental factors that affect temperature
changes. The WS2M variable demonstrates low correlation values, which indicate it has a
weaker connection to temperature changes. The findings establish that physical variables
which directly relate to the target variable produce greater effects on temperature change
forecasts. The figure displays T2M_MAX as the prediction target, which serves as a self-
correlation baseline but does not function as an input feature, thus preventing any data
leakage. Figure 15 demonstrates how variables relate to each other while showing the
significance of features which models derive from their input data.

Surface Pressure

—

Wind Speed at 2m

0.0 0.2 0.4 0.6 0.8 1.0
Correlation Coefficient

Figure 15. Feature Correlation Analysis with Target Variable (T2M_MAX).

The results demonstrate that the hybrid LSTM-CNN model successfully captures
temporal dependencies and local temperature variations through its hybrid design. The
cross-validation results show consistent performance across different test folds, which
demonstrates strong generalization ability of the model. The prediction errors increase as
the forecasting period lengthens because multiple steps in the forecasting process lead to
greater uncertainty accumulation. The year-wise error distribution analysis in Figure 14
shows that specific time periods experience higher MAE values, particularly during extreme
summer conditions and in recent years starting from 2015. Climate variability and extreme
temperature events, together with meteorological pattern shifts, create non-stationary
conditions which make forecasting tasks more difficult. The model demonstrates its highest
performance during stable environmental conditions, yet its accuracy decreases during
times of sudden environmental changes. The proposed model shows better performance
than previous research results. Existing methods experience increased forecasting errors
because they combine standalone models and hybrid architectures without complete feature
engineering together with optimization techniques. The proposed framework demonstrates
superior predictive ability through its lower MAE of 0.55 °C for 1-day forecasting and its
higher R? values which reach 0.98.

The hybrid LSTM-CNN model achieves superior performance because it simultane-
ously models various data aspects. The LSTM component captures long-term temporal
dependencies and seasonal trends while the CNN component extracts short-term local
patterns and fluctuations. The model learns temperature dynamics through its complemen-
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tary learning mechanism which improves complex temperature dynamics representation
compared to standalone models. The present evaluation uses Makkah data from a hyper-
arid region which has stable seasonal weather patterns. The climatic conditions of this
environment affect the performance results which differ from results obtained in regions
with more climatic variability. NASA POWER reanalysis data, which derives from models,
shows less atmospheric fluctuations than ground-based measurements, leading to potential
adverse effects on measurement accuracy. The validation process will extend to various
climatic regions through the addition of station-based datasets which will test the proposed
framework’s ability to function across different environments.

4. Conclusions

The research shows that the hybrid LSTM—-CNN model which the study introduced
works effectively for predicting temperatures over multiple time intervals. The model
demonstrates high predictive accuracy through its 1-day forecasting performance which
achieves an MAE value of 0.55 °C and demonstrates consistent prediction results across
all validation testing. The combination of temporal features and lag features and rolling
features together with GA-based optimization leads to better forecasting accuracy compared
to the basic forecasting methods. The model is not without limitations. GA optimization
introduces computational overhead, which may be challenging in resource-limited settings.
In addition, the evaluation is limited to a single hyper-arid region (Makkah), and further
validation across different climatic conditions is required to assess generalizability. Overall,
the proposed approach provides a reliable framework for temperature forecasting in arid
climatic conditions.
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