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Abstract

Predicting maximum temperatures is crucial across many fields and industries, including medicine, agriculture, energy,
and climate research. Researchers have not treated the prediction of maximum temperatures under severe artificial data
disturbance in much detail. So, it has not yet been understood. This research aims to integrate an artificial neural network
(ANN) with the Guaranteed Convergence Arithmetic Operation Algorithm (GCAOA) to forecast monthly maximum
temperatures while ensuring robustness to noise. Univariate data from Al-Hai City over 12 years were employed to build
and assess the model. The performance of GCAOA was examined and compared with that of the two hybrid ANNSs, the
random forest, and the XGBoost models. Across various input scenarios, the results reveal that these three hybrid models
achieved very good forecast performance compared with random forests and XGBoost. The GCAOA-ANN (swarm size
of 20 and lag2) achieves the best forecast performance among the hybrid algorithms across different statistical fitness
measures with a coefficient of determination, Nash-Sutcliffe coefficient, and root mean squared error of 0.972, 0.969, and
1.7354°C, respectively. The performance of the hybrid ANN models was further investigated under noise, and the results
showed the superiority of the GCAOA-ANN model.

Keywords: Temperature Forecasting Model; ANN; Metaheuristic Algorithm; SDGs; Noise Robustness; Signal-To-Noise Ratio (SNR).

1. Introduction

Weather prediction is crucial across sectors, including energy management, agriculture, disaster response, and
transportation [1]. In particular, temperature plays a vital role in revealing how the planet and its atmosphere respond to
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climate change, more so than other meteorological variables. In the Middle East, Iraq faces significant aridity challenges,
manifested in rising temperatures that threaten the environment and crop productivity. Temperature fluctuations are
significant, with summer means exceeding 43 °C, whereas nighttime winter temperatures can drop to about 2 °C.
Southern Iraq has recently seen heat waves reaching 50 °C, with record-breaking temperatures in Basra approaching 54
°C [2]. Moreover, according to a 2018 report by the Expert Working Group on Climate-Related Security Risks, climate
change has led to prolonged heat waves and rising temperatures, which have become a substantial problem in southern
Iraq [3].

Accurate temperature estimates support several Sustainable Development Goals (SDGs) and help to 1) evaluate
potential climatic changes' effects and ensure risk mitigation, such as heat waves and droughts (SDG13). 2) reducing
the heat island effect in cities and improving quality of life (SDG11). 3) assessing water demand and managing water
resources, especially in arid regions (SDG6). 4) agricultural planning and effective irrigation management (SDG2) [4,
5].

Several factors are known to affect air temperature variations [6]. Hence, the rate of temperature change is neither
static, predictable, nor linear [7]. Conventional numerical weather forecast techniques relied on tackling complicated
physical equations that describe atmospheric dynamics. Though these techniques have advanced substantially, they still
require substantial computational resources and may not detect nonlinear interactions and small-scale atmospheric
processes [1]. However, Machine learning (ML) is outperforming traditional methods, providing new insights for
meteorological science [8]. A large and growing body of literature has investigated ML models in predicting temperature
data, for example:

Bhih et al. [1] examine three ML models for forecasting temperatures across five regions in Asia and Europe. These
ML models are eXtreme Gradient Boosting (XGBoost), Categorical Boosting (CatBoost), and Light Gradient Boosting
Machine (LightGBM). The performance of these ML models was assessed against deep learning models, including
Long Short-Term Memory (LSTM) networks and hybrid LSTM with convolutional neural networks (CNN-LSTM). The
results reveal CatBoost's superiority in achieving lower error. Gomes, et al. [9] proposed a feed-forward network (FF-
ANN) model to estimate air temperatures. The air temperature dataset, with a 5-minute measurement interval, was
collected over 2 years (2018 to 2020) in Brazil. The performance of the FF-ANN model compared with the LSTM
model, and the findings indicate that FF-ANN is better based on the error scale. The study recommended applying the
FF-ANN in different areas around the world.

Topcu, et al. [10] use six ML models to predict maximum temperatures in South Korea and Kuwait. These models
are ANN, support vector regression (SVR), K-nearest neighbors (KNN), decision tree (DT), ridge regression, and
random forest (RF). The results show that ANN and SVR achieve better performance than other models, with lower
errors and less bias across both Kuwaiti and South Korean extremes. The comparative investigation shows that NN and
SVR attain robust accuracy in forecasting, particularly for detecting nonlinear variations in temperature. Sevgin [11]
assessed ANN, RF, SVR, KNN, and linear models for forecasting temperatures. The time series data was employed
from 1950 to 2023 in Istanbul, Turkey. The outcomes show that the ANN technique achieved 96% accuracy. On the
other hand, the RF technique attained the highest performance. The study recommended applying ANN and RF
techniques for different regional climate studies.

Artificial neural networks (ANNS) are one of the ML models that play a crucial role in forecasting air temperature
data [9]. The neural network revealed its ability to capture complicated patterns and relationships in temperature time
series [10]. However, recent studies highlight the need to optimize hyperparameters of ML techniques to improve
forecasting performance [11-13]. Accordingly, ANN models are recommended to be integrated with metaheuristic
algorithms (MHAs), which have not been investigated in detail for air temperature forecasting.

Comparing hybrid approaches with standalone ML techniques, MHAS can solve many hard, nonlinear metrological
problems [14-16]. These combined approaches are desirable for addressing complex real-world situations [17]. This is
why these techniques have revealed improvement in detecting new locations, potentially leading to more solutions [18].
The capacity to exploit is also increased to avoid local minima. Finally, these approaches excel in complicated, nonlinear
problems [19]. Nevertheless, optimization remains essential, particularly for predicting meteorological parameters,
given their non-stationary, stochastic nature and data noise [7, 20]. Also, as hybrid models evolve across sectors, hybrid-
based MHA (i.e., containing more than one strategy) outperforms single-strategy-based MHA [21-23]. Recently, the
arithmetic optimization algorithm (AOA), which is a mathematical optimization, was hybridized with multiple
techniques to improve the performance of its strategy and applied successfully in different areas, including Guaranteed
Convergence Arithmetic Operation Algorithm (GCAOA) [24], Improved Arithmetic Optimization Algorithm (IAQA)
[25], and Hybridized Arithmetic Operation Algorithm (HAOA) [26].

The atmosphere's inherent volatility and unpredictability make accurate weather prediction a formidable task.
Consequently, reliable information for future planning can only be obtained from accurate, timely maximum temperature
forecasts [27, 28]. Accordingly, maximum temperature forecasts have recently attracted significant attention from
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scientists due to their many positive effects on the environment and the economy. However, reviewing air temperature
modeling methods over the past few decades [29-32] revealed that these studies have not addressed the assessment of
prediction performance under severe artificial data disturbance in much detail. Thus, most of the criticism remains, and
it has not been fully understood.

Considering the constraints identified in the literature review, this research aims to develop and validate a robust
predictive framework for maximum temperature forecasting in Al-Hai City, Iraqg, utilizing 12 years of monthly time-
series data. The methodology begins by establishing six distinct input combination scenarios derived from historical
observations to identify the most sensitive variables influencing the target output. To enhance forecasting precision, a
novel hybrid algorithm, GCAOA-ANN, is evolved and subsequently benchmarked against two other hybrid models,
IAOA-ANN and HAOA-ANN. The RF and XGBoost models are then applied to assess the performance of hybrid ANN
models. To address the inherent challenges of forecasting range and uncertainty, the study employs an iterative approach,
conducting three repetitions for each swarm size across all algorithms. Finally, the robustness and stability of the
proposed models are rigorously evaluated by introducing artificial noise at signal-to-noise ratios (SNR) of 20, 25, and
30 dB, ensuring the models maintain high predictive accuracy and generalizability even under suboptimal data
conditions.

2. Methodology

This study proposes a novel methodology dedicated to understanding the forecast of monthly maximum temperature
based on six predictor combination scenarios (see Figure 1). The proposed study methodology began with data collection
in Al-Hai City, Irag. Then, developing six predictor combination scenarios. The next step was partitioning the data into
three categories: training, validation, and testing. Following that, the model configuration stage involved combining the
ANN with three MHAs to determine the best hyperparameters for the ANN. The next step was to carry out the
performance assessment of the forecasting techniques review. This is the point where all the models are run. In the last
step, the models are evaluated using several statistical and graphical tests to choose the most effective forecast model.
The following sections (i.e., 2.1-2.5) describe the methodology.
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Figure 1. Methodology framework of the proposed study

2.1. Study Area

The total land area of Iraq is around 438,314 kmz2. Except for the hilly regions in the north and northeast, most of
Iraq experiences a continental and subtropical climate [33]. A Mediterranean climate characterizes the mountainous
area. December through February, or November through April, is the typical rainiest period in the mountainous area.
Daytime highs of around 16 °C drop to 2 °C at night, and frost is possible during the chilly to cold winters. Temperatures
dip to 25 degrees Celsius at night during the dry, hot summer months but reach 45 degrees Celsius in the shade in July
and August [34]. Al-Kut City is on the banks of the Tigris River in southeastern Iraq and serves as the provincial capital
of Wasit. Located between 32° 21" and 32° 34" north and 45° 54" and 45° 45" east longitude, it is about 20 meters above
sea level on average [35]. Extremely cold winters and dry, hot summers characterize Wasit Province's continental and
semiarid climate. In July and August, the average daily temperature can reach 51 °C. Between 150 and 300 millimeters
of precipitation falls each year [36]. With an area of about 40 square kilometers, Wasit Province is well known for its
wheat production [36].

Recent studies using satellite data to assess future climate change have shown that temperatures are likely to increase
across Iraq [37-40] under different emission scenarios, especially in the middle and southern parts [3, 41, 42]. The area
of study was chosen for its importance, as it is the largest district in Iraq and the main city for strategic crops. Also, the
city reflects the pattern of arid to semi-arid environments in middle and southern Iraq, which experience particularly
high summer temperatures. In addition to the city's importance, the availability of continuous climate data in Iraq is one
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of the most significant challenges for research. Monthly maximum temperature data for Al-Hai City, part of Wasit
Province, from 2005 to 2016 are utilized in this study. Figure 2 shows a box plot of the maximum temperature with a
normal distribution curve. Mean, median, first and third quartiles, as well as upper and lower whiskers, are all displayed
in the figure. There are also no outliers in the series period.

50

§- | 47.6 —_

~ 42.94

[«}]

§ 40 -

o

3 33.55 0

g 301 32.83

i

g 23

£ 204

E

= 14.3 R S
10

Figure 2. A box plot of the maximum temperature with a normal distribution curve

2.2. Arithmetic Optimization Algorithm (AOA)

The arithmetic optimization algorithm (AOA) can be categorized as a population-based optimization technique [25].
The main procedure of all stochastic algorithms is exploration and exploitation. The search space must be explored
extensively in order not to be trapped in local optima. In the exploitative stage, even slight changes in the values of the
variable could lead to divergence. Therefore, finding the best algorithm requires striking a balance between the two

phases of development. The math operators of arithmetic algorithm are: multiplication ““x’’, division ‘‘+’’, subtraction
¢¢->’ and addition ‘‘+"’.

The aforementioned math operators of arithmetic algorithm are widely used in different computational sciences [43].
In a study of proton exchange membrane fuel cell (PEMFC), AOA was applied successfully to obtain the optimal model
identification [44]. Thus, the best solutions could be discovered by modifying the four math operators while maintaining
a balance between the exploration and exploitation stages [45].

Initially, a collection of possible solutions (X) is produced at random by implementing the initialization stage. The
ideal solution, which is the best after all iterations, is saved.

X1,1 X2,j X2,1 X2,1
X2,1 X2,j X2,n
x| e e e e )
XN-1,1 XN —-1j XN —-1,n
[ XN—-1 ... Xnj XN,n—1 XN,n |

In this case, x is the solution vector, n is the number of dimensions, and number of search agents is denoted by N.
The AOA uses a function called Math Optimiser Accelerated (MOA), which can be computed as follows, to define the
exploration and exploitation stages.

MOA(Cirer) = Min + Ciger X (For) @
iter
where, MOA(Citr) is the value of the function at the t th iteration, and Cir is the current iteration, both of which can

take values between 1 and the maximum iteration number, Miw. Those are the lowest and highest points of the
accelerated function, respectively.

It is during this experimental phase that the AOA division (D) and multiplication (M) operators are utilized, because
their values in design space are very dispersed. Conversely, the D and M mechanisms have a high dispersion capacity,
which makes it more difficult to get close to the target.
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The exploration stage is dependent on the MOA function, if the value of r1 , which is picked at random, higher than
the MOA, the D and M operators are utilized; otherwise, A and S operators are used. The equation of the exploration
stage is described as follows:

best(X;) + (MOP + €) x ((UB; — LB;) x p + LB;) 12> 0.5
Xij(Citer +1) = ) (©)
best(X]-) X MOP X ((UBj - LBj) XU+ LB]-) otherwise

For operators D and M, r; is a number chosen at random. The lower and upper limit values of the j th position are
denoted by UB; and LB;, respectively. p is a control value set to 0.5 to maintain the search method, and ¢ is a small
numerical value.

The exploitation stage is operated by using addition (A) and subtraction (S) operators. Despite their high density
work, the A and S are easily approachable because of their low dispersion. The A and S are modelled as follows:

best(X;) — MOP x ((UB; —LB;) X p+ LB;) 13> 0.5
Xij(Cier + 1) = ’ (05, -ty ) | @)
best(X;) + MOP x ((UB; — LB;) x p+ LB;)  otherwise

In this case, the A and S operators are distinguished by a randomly chosen number rs.

2.2.1. Improved Arithmetic Optimization Algorithm (IAOA)

During the problem's optimization, the AOA randomly uses four arithmetic mathematical operations, which leads to
the loss of humerous optimal solutions and makes it harder to escape from local minima. It has been noted that the
population is frequently updated at random, utilizing lower and upper bound variables within the framework of the four
processes.

Because of the mathematical models used in these four operations, the introduction of the population is compelled
to be random and strategy- and strength-free. Finding an equilibrium between the two phases of exploration and
exploitation is important, but so is increasing the population's diversity for the sake of discovering untapped regions of
promise and going above and beyond the previous solution to ensure that the population is of high enough quality. Given
the aforementioned limitations, the original AOA has been enhanced by applying the following tactics [25]:

Finding new regions in the search space requires a strong strategy, which can be obtained with the generalized
opposition learning technique (GOL) [46]. Stochastic techniques have been widely integrated with GOL, a relatively
new field of study, to improve its performance [47]. The GOL's mathematical model can be expressed as follows:

X2t =rand x (A; + B;) — xnew; ; ;where: X" € [Aj, B]-];j =12,...,D (5)

The minimum and maximum numbers of the current iteration are denoted by Aj and Bj, respectively. The result is
that GOL promotes up convergence and increases the algorithm's leap from locality [48].

The control parameter for step size is crucial for maintaining exploration-exploitation balance. Convergence is
accelerated with a big search step size and improved with a small step size [49]. The following represents the enhanced
nonlinear step size:

2

1+exp (Mw$> (6)

iter— Citer

L=

where, N represent the size of population. The L value in the abovementioned equation starts out high and declines as
the iteration goes on.

During the entire process of optimisation, variables representing the bottom and upper limits from the previous
modelling of the four arithmetic processes are used to produce new solutions. Numerous potential solutions are lost
during this operation, and population updating is always done at random. In the new model of the four arithmetic
operators, two groups of vectors are chosen at random from the existing population after a sequence of random integers
(dm) is dispersed according to the length of the population [48]. The current solution (x;) for the S and D operators is
retained by merging it. On the other hand, the best solution (best) yields the A and M operators. This allows for the
updating of the diversity of solutions through the use of S and D operators (exploration stage), and the execution of the
highest quality solution through the use of A and M operators (exploitation stage). The four arithmetic operators are
modelled as follows:

X; — MOP X ((Xgm1 — Xams) X L) r3> 0.5

7
best + MOP X ((de1 — Xgmz) X L) otherwise )

Xi(Citer + 1) = {
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Among the many robust techniques available to the differential evolution (DE) method, mutation stands out for its
ability to both globally check search directions and improve solution quality with fewer iterations [50]. The exploration
or exploitation tendencies formula can be utilized to create a variety of DE schemes [51]. The following two techniques
were used: DE/current/1 and DE/best/2:

Xi(Citer + 1) = xnew; — rand X (del - dez) (8)
Xi(Citer + 1) = best — L X ((del - de3) + (del - dez)) (9)

The most effective mutation strategy is selected based on which fitness function is the lowest. Stated differently, the
proposed IAOA functions in two ways, leveraging mutation processes and simultaneously obtaining the advantages of
local and global search [52]. Eventually, this operation will be carried out again until the stopping requirement is
satisfied.

2.2.2. Hybridized Arithmetic Optimization Algorithm (HAOA)

One of four arithmetic mathematical operations is carried out in the basic AOA during each iteration of the random
mechanism-based program. Because of this, finding an acceptable balance between the exploration and exploitation
phases is impossible. Furthermore, the addition and multiplication operators are unavailable during the exploration and
exploitation phases [26]. Taking into consideration the numerous constraints present in the original AOA to enhance the
quality of optimal solutions, new methods for finding new regions have been presented.

The four arithmetic mathematical operations have been utilized to divide the population into two groups. The
exploration part is shown below:

best(X;) + Mu x ((UB; — LB;) x RL;; + LB;) 2> 0.5
X;j(Citer +1) = (10)
best(X;) X rand x ((Bstj —X;;) — Mu x rand X (Wrst; — Xi_j)) otherwise
where Mu is presented by:
4Cipor )2
Mu = 2¢”(ed) (1)

Therefore, Mu significantly affects the early phases of optimization by increasing diversity and the later stages of
optimization by assuring intensification. In the Levy flight method, RLij the step sizes are chosen at random using a
probability function and are provided by Humpbhries et al. [53].

RLi,j =~ |Lj|1_a (12)

In cases where L; is the flight duration, the power-law exponent falls within the range of 1 to 2 [53]. Here is the value
of the Levy distribution’s probability density expressed in integral form Mantegna [54]:

file 1w 0) = = [7 exp(=yq®) cos(qx) dq (13)

The distribution index o controls the scale features of the process, and the scale unit is chosen using y. When a=1
denotes a Cauchy distribution and when 0=2 denotes a Gaussian distribution, the integral is employed [54].

To prevent getting stuck in locality and make sure the decision-making process uses the most optimal solutions, the
A and S operators in the enhanced exploitation stage need to get the very small step size of the Mu mechanism and the
stochastic step size of the Brownian motion (RB), respectively. Next, to increase the variety of the best global solution
to date and local optimal avoidance, we choose the best current optimum solution (Bst;) instead of the best optimal
global solution (best(X;)), as demonstrated below:

best(X;) + Mu x ((UB; — LB;) x RBy; + LB; ) 2> 0.5

X j(Citer +1) = (14)

best(X;) x rand x ((Bstj — X;;) — Mu x rand x (Wrst; — Xi_j)) otherwise

Following the exploration and exploitation stages, the first half of generations utilized the chaotic distribution to
effectively find new locations in the search space while avoiding local solutions [55, 56]. Additionally, this randomized
search technique aims to accelerate convergence in a limited number of generations, as follows [18]:

X1 =4 'Xm(l - Xm) (15)

where;
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X;(Citer + 1) = best (X;) + rand . (2. X, — 1) (16)
Eventually, this process will be iterated until the halting condition is met.

2.2.3. Guaranteed Convergence Arithmetic Optimization Algorithm (GCAOA)

Because of the original mathematical models that are obtained during both the exploration and exploitation stages,
the basic AOA has many limitations. Particularly when dealing with complicated, multi-dimensional, or high-
dimensional optimization procedures, this causes a decrease in its performance. Consequently, the suggested
improvements attempt to ensure convergence for the best solutions at every execution.

When optimization begins, the worst solution is discarded and replaced with the best one. Until the end of the
generations, this process will be carried out. The following are the enhancements to the suggested GCAOA [24]:

According to the exploratory stage, the population has been divided into two categories, utilizing four arithmetic
operators:

best(X)A.(Mu+¢€) X ((UB; —LB;) X RL; ; + e; r2> 0.5
X (Cirer + 1) = (%) (B, - 18) xRy + ) (17)

best(X;) X rand x ((Bstj —X;;) — Mu x rand x (Wrst; — Xi‘]-)) otherwise

where, Mu can be found through Equation 11, RL;; can be found through Equation 12

In particular, when working with the Gaussian distribution and Levy flight approaches, the S operator is crucial for
traversing from local to global levels. The A operator allows decision-making in obtaining the most successful outcome
given neighborhood data by utilizing the short step size of the Mu mechanism.

best(X;) — Mu X ((UB; —LB;) X RL; ; + e; r2>0.5
Xy j(Citer + 1) = (%) (05, - 18) x rLy + ) (18)

best(Xj) +F, X ((Bstj —Xl-_j) — F, x (Wrst; — Xl-_j)) otherwise

Some of the recently produced solutions went beyond the optimization problem's upper and lower bounds since the
optimization procedure used a lot of random techniques. The majority of optimization algorithms yield straightforward
lower and upper bounds, which may result in slowing the rate at which optimal solutions converge. Using the following
mathematical model, a new mechanism has been proposed to tackle this problem by transforming the particle from
predefined lower and upper bounds to nearest-optimum areas:

X, j = best (Xj) +ex (rand X (UB]- — LB]-)) X rand X LB; (19)

The formulas discussed earlier greatly increase the diversity of the best optimal solutions found so far. In other
words, not only are particles relocated to more ideal locations, but data from the area around the best particle is also
used to improve solution quality.

The Generalized Opposition Learning (GOL) strategy gained up to one third of generations to effectively identify
the farthest area of the search space after the exploration and exploitation stages are finished [46]. By adding random
steps of the Levy flight (RL) strategy, the GOL is enhanced. This strategy can significantly improve the diversity of the
solutions and has a unique ability to transition from a locality to previously unexplored areas [46]. The improved (IGOL)
is modeled as follows:

X{§00 = xnew; + RL; x (rand x (4; — B;) — xnew;); o
where;
X;?OLE[A]_ — B]-];j =12,...,D ey

The current iteration's minimum and maximum values are A;j and B, respectively. RL is levy flight strategy. As a
result, IGOL prevents the algorithm from becoming too focused on a single area or converging too soon [48].

2.3. Artificial Neural Network

Predictions of air temperature using ANN models have generally been accurate and promising. A multi-layer
perceptron is a feed-forward (MLP-FF) ANN model that has seen extensive use in this field. The ANN is also expected
to impact air temperature forecasting going forward significantly [30]. ANNs have a wide range of applications due to
their ability to capture highly nonlinear correlations and map complex input-output rules in data [57]. For the purpose
of training the ANN, the Levenberg-Marquardt (LM) algorithm was chosen due to its shown ability to minimize
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prediction error and accurately replicate any predictor/response map [58, 59]. Similarly, among the documented
activation function combinations, tansigmoidal for the hidden layer and pure linear for the output layer is the most
commonly utilized [60].

Many studies have successfully employed two-hidden-layer ANNSs in a variety of contexts, demonstrating that these
approaches reliably anticipate the nonlinear association between predictors and targets [61]. A four-layer artificial neural
network was constructed; two hidden layers were added for data processing, and finally, an output layer was made for
the final prediction (maximum temperature). The input layer was designated for independent variables (six Lags
scenarios). Consistent with previous research [62], the dataset was partitioned into a training set (70%), a validation set
(15%), and a test set (15%) of the remaining data.

The ANN learning process undergoes many iterations (about 1000) per epoch until the forecast-measurement error
is as small as possible [62]. The optimal result is not invariably achieved using the trial-and-error approach. The optimal
number of neurons in the initial (N1) and second (N2) hidden layers, together with the ideal learning rate (LR), were
determined using several metaheuristic methods combined with artificial neural networks to achieve the most accurate
independent/dependent mapping and mitigate over- and underestimation. This study will utilize the Improved Arithmetic
Optimization Algorithm (IAOA), Hybridized Arithmetic Operation Algorithm (HAOA), and Guaranteed Convergence
Arithmetic Operation Algorithm (GCAOA) in conjunction with ANN to reduce uncertainty and enhance the forecasting
range.

2.4. Adding Artificial Noise and Testing Model Robustness

To assess the robustness of the proposed predictive models and avoid limiting the evaluation to ideal data conditions,
an additional test was conducted by adding artificial noise to the test data. Three noise sets with different signal-to-noise
ratios (SNR) were selected (20, 25, and 30 dB), spanning from relatively low noise to a severe disturbance scenario, to
simulate potential uncertainties in the input data. Due to the random nature of noise generation, each SNR level was
implemented 10 times independently, and the statistical performance indicators were calculated as the arithmetic mean
of these realizations to minimize the effect of random fluctuations and enhance the reliability of the results. This
procedure tests the robustness and predictive stability of the models and evaluates their ability to maintain accuracy and
generalizability when dealing with noisy data.

2.5. Model Validation

This study employed many performance metrics to evaluate the model's efficacy. In the absence of a broadly
appropriate efficiency metric, it is crucial to select the right parameters for a specific application. Furthermore, it is
customary to employ many performance metrics owing to the advantages and disadvantages inherent in each criterion
[63]. Additionally, performing various statistical tests helps confirm the superiority of the given methodology [64]. This
research employs various performance criteria, including root mean squared error (RMSE), Nash-Sutcliffe coefficient
(NSC), maximum error, mean absolute error (MAE), mean absolute relative error (MARE), normalized mean square
error (NMSE), and coefficient of determination (R2). The model's accuracy and fit quality improve as the R2 value
approaches 1. The NSE serves as an effective metric for model performance when it approaches 1, a principle that also
applies to NMSE and R?. Conversely, MAE and RMSE should ideally be zero to indicate optimal model performance
[65-67]. Additionally, other graphical assessments were employed to evaluate the methods, including the Taylor diagram
correlation coefficient (R), error scatter plot, and time series comparison.

3. Results

This section can be divided into two parts: model configuration and performance assessment of forecasting
techniques. The primary focus of the first section will be the role of the three MHAS in determining the optimal
hyperparameters for ANNS, selecting the swarm that minimizes the fitness function (RMSE) for each case. In the second
section, various graphical tests and statistical criteria are used to identify the hybrid technique with the lowest error and
higher correlation for forecasting the maximum monthly temperature. Moreover, the performance of hybrid models was
confirmed by comparing them with those of RF and XGBoost techniques.

3.1. Models’ Configuration

The 12-year monthly maximum temperature time series shows no outliers in the box-and-whisker plot (Figure 2).
According to Wang et al. [31], the study recommended maximizing the model input range to exploit utilization in ML
applications. In this research, Table 1 presents the model input combinations and targets for each of the six scenarios. It
can be seen from the table that the first model is simple, while the others involve multiple inputs. The model input is
represented by one or more of the lagged versions of the original time series. The target, or output, is represented by the
current temperature. In general, for each scenario, the entire model aims to relate the current value of maximum
temperature to a different number of past values.
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Table 1. The maximum temperature input design

Models’ name Input combination Target
M1 Tiagt T
M2 Tiagr, Tiag2 T
M3 Tiagr, Tiag2s Tiags T
M4 Tiagt: Tiages Tiagss Tiags Tt
M5 Tiagr, Tiag2s Tiaga, Tiagas Tiags Tt
M6 Tiagt: Tiages Tiagss Tiagas Tiagss Tiags Tt

Designing the hybrid prediction model is crucial for accurately estimating the maximum temperature time series. As
mentioned earlier in this research, the ANN technique is combined with various MHAs to determine the optimal set of
ANN hyperparameters, including the learning rate and the number of neurons in the two hidden layers. These MHAs
are GCAOA, HAOA, and IAQA. It is vital to develop the forecasting technique methodically to accurately estimate
temperature after splitting the data into training, validation, and test sets. The combined models are trained to relate the
outputs to one or more model inputs. These model inputs are formed by lagging the original temperature time series by
up to 6 lags.

For a fair comparison, all algorithms are set with a maximum number of 200 iterations. The swarm number increases
to 10, 20, 30, 40, and 50 at each series lag. The hybrid algorithms are run three times at each lag and swarm size to
reduce the effect of uncertainty and increase the forecasting range. So, the total number of runs for each hybrid model
will be 90 (i.e., 6 lags x 5 swarm groups x 3 run times per swarm). For all these configurations, the model
hyperparameters are determined where the loss function (RMSE) is minimum. For example, Figure 3 shows the training
time history of the GCAOA-ANN model using the lag2 scenario (M2) of the time series with different swarm numbers.
The x-axis represents the number of iterations (i.e., 200), while the y-axis represents the loss function (RMSE). From
this figure, it is clear that the minimum RMSE is obtained with a swarm size of 30.

GCAOA-ANN Algorithm
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Figure 3. The optimal swarm for maximum temperature modelling using the GCAOA-ANN algorithm under the M2 scenario

Other MHAs (i.e., HAOA-ANN and IAOA-ANN) are applied to validate the GCAOA-ANN’s outcomes. Figure 4
shows the configuration process for each of the three MHAs at the optimal number of lags and swarms. Generally, for
the same number of iterations, it is clear that the Lagl version of the time series is poorly predicted by all three hybrid
algorithms, with the fitness function being the highest among the Lag versions. This might reflect lagl's lack of
information. On the other hand, the lag2 version of the time series is accurately predicted in all three hybrid algorithms.
Closer inspection of GCAOA-ANN reveals that the convergence rates between lags 4, 5, and 6, and between lags 2 and
3, were very comparable. However, lag 2 with 30 swarms exhibited the lowest RMSE. The HAOA-ANN shows that the
convergence rates between lags 4, 5, and 6 were very comparable, whereas those between lags 2 and 3 were less
comparable. However, lag 2 with 40 swarms exhibited the lowest RMSE. The IAOA-ANN reports that convergence
rates for lags 4, 5, and 6 were higher than those for lag 3, while lag 2, with 20 swarms, exhibited the lowest RMSE.
Where, for all three models, the optimal number of lags was 2.
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Figure 4. The optimal swarm for maximum temperature modelling using GCAOA, HAOA, and IAOA algorithms

The results of each MHA were used to fine-tune the ANN algorithm that simulates the maximum temperature. Table
2 displays the optimal population size for each situation, along with the ANN hyperparameters.

Table 2. ANN models’ hyperparameters are offered by all MHAs

Model Algorithm Best swarm N1 N2 LR
IAOA-ANN 20 8 18 0.3374
M2 HAOA-ANN 40 3 3 0.2330
GCAOA-ANN 30 16 19 2.375e-05

N1 and N2: Number of neurons in hidden layer one and two, and LR: ANN’s learning rate.
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Determining the number of neurons in the hidden layers is a critical step in designing ANNs. Excessively increasing
the number of neurons can lead to information loss due to excessive complexity, while excessively decreasing it can
limit the model's ability to represent data accurately. To overcome this problem, for example, the GCAOA algorithm
was used to determine the optimal number of neurons, as shown in Table 2. The results showed that selecting the number
of neurons in the two hidden layers (N1 and N2) directly impacts the model's accuracy. The GCAOA-ANN model, with
16 neurons in the first layer and 19 in the second, achieved the lowest RMSE, indicating a significant improvement in
prediction accuracy. These results indicate that choosing the number of neurons must be done carefully, as any increase
or decrease can lead to a decline in model performance.

3.2. Performance Assessment of Forecasting Techniques

The maximum temperature time series is divided into three portions. The first one (training) is used to build the
ANN architecture (i.e., interlayer weights and biases), while the validation phase evaluates the architecture. The testing
phase assesses the ANN's capacity to generalize to unseen data. To find the best ANN architecture for mimicking
monthly maximum temperatures, all models were run multiple times after hyperparameter optimization, as shown in
Table 2.

During the testing stage, several statistical metrics are used to assess and compare model performance. These metrics
contain RMSE, NSC, max (error), MAE, MARE, NMSE, and R?, as tabulated in Table 3. The table shows that all models
perform well, but GCAOA-ANN outperforms the other two. The use of the GCAOA-ANN technique produces the
lowest values of RMSE, max (error), MAE, and MRE. On the other hand, it produces the highest coefficients for NSC,
NMSE, and R2. For further comparison, two additional models, namely RF and XGBoost, were also utilized to confirm
the performance of the hybrid models, and their results are shown in Table 3. In general, the hybrid models outperform
RF and XGBoost, as they provide better predictions of the maximum temperatures across all statistical criteria.

Table 3. Evaluation of proposed models' performance throughout the testing data stage

Algorithm RMSE °C NSC max(error) °C  MAE°C MARE  NMSE R?
GCAOA-ANN 1.7354 0.969 3.9464 1.4527 0.0530 0.967 0.972
HAOA-ANN 2.0009 0.959 4.6646 1.5862 0.0583 0.954 0.963
IAOA-ANN 2.0653 0.956 4.1294 1.8184 0.0638 0.953 0.957
RF 2.8968 0.919 6.0282 2.2333 0.0764 0.077 0.919
XGBoost 3.8891 0.854 -6.8607 3.0522 0.1020 0.139 0.854

The suggested models underwent further testing to validate their capacity to predict the maximum temperature of
Al-Hai City. As shown in Figure 5, there is a correlation between the simulated and observed temperature values. On
the x-axis, the observed values are plotted versus the predicted values on the y-axis. The correlation coefficient (R)
shows strong performance across all hybrid models, with R values greater than 0.97. The figure shows excellent
agreement between the target (actual) and predicted data, with no anomalous points or obvious trends across all hybrid
models, compared with the RF and XGBoost models, which show lower accuracy. The correlation coefficients are 0.986
for the GCAOA-ANN, 0.982 for the HAOA-ANN, and 0.978 for the IAOA-ANN model. On the other hand, the RF and
XGBoost models yield lower correlation coefficients than the hybrid model (0.959 and 0.927, respectively).
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Figure 5. Graphical R test for all suggested hybrid techniques during the testing stage

This test verifies that the GCAOA-ANN model can accurately predict future maximum temperatures within the
constraints outlined in the "Model validation" section. Compared with other hybrid models, the GCAOA-ANN model
shows high consistency between observed and predicted data.

The results, shown in Table 3 and Figure 5, indicate that the hybrid model tends to perform better than the RF
and XGBoost models in forecasting maximum temperatures during the testing phase. Accordingly, the remaining
findings focus on confirming the superiority of the best hybrid ANN model. Figure 6-a illustrates the match between
the actual temperature time series and the simulated time series from the three hybrid models during the testing
phase. Although all the simulated series appear very close to the observed one (trend + periodicity), the GCAOA.-
ANN-predicted output is closest. This is also evident in Figure 6-b, which shows the error scatter plots. The error
values for the GCAOA-ANN are mostly closer to zero than those from the other two models. This reflects the
model's superiority. The error range can be estimated as (—2.564 to 3.946) °C, (—3.805 to 4.665) °C, and (—3.458 to
4.129) °C for the GCAOA-ANN, HAOA-ANN, and IAOA-ANN models, respectively. Also, no visible trend is
exhibited in the scattered distribution.

1989



Civil Engineering Journal

Error (°C)

Maximum temperature (°C)

Vol. 12, No. 05, May, 2026

Testing Stage
50 . g IQ .
——Actual
——GCAOA-ANN /
45 A ----HAOA-ANN
40 - ~ 1AOA-ANN
35-
30
25
20
15 1 1 |
0 6 9 12 15 18 21
No. of samples
Testing Stage
" e ' ® GCADA-ANN
4} ] 4 HAOA-ANN
. B . = IAOA-ANN
E ¥
2 . ¢ .
[ T o i ) -
0- ¢ : +
] . : [
. N
2 .
+
_4 1 1 1
0 3 9 12 15 18 21

No. of samples
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for the testing techniques of GCAOA-ANN, HAOA-ANN, and IAOA-ANN
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Figure 7. A Taylor diagram comparing the performances of the proposed hybrid techniques
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The noise-robustness test results across different levels of artificial noise (SNR = 20, 25, and 30 dB) provide a
comparative evaluation of the performance of the three hybrid models (GCAOA-ANN, HAOA-ANN, and IAOA-ANN).
Figure 8 shows the behavior of the GCAOA-ANN model across ten independent trials at an SNR of 20 dB (i.e., simulated
time series during the testing stage). The convergence and relative stability of the curves demonstrate the model's
predictive performance consistency despite the random nature of the noise generation. To further illustrate the visual
analysis, the corresponding statistical indicators are presented in Table 4. It should be noted that all values represent the
average of 10 independent realizations at each SNR level, to minimize the effects of noise-generation randomness and
enhance the reliability and statistical stability of the results.
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Figure 8. Results of ten independent trials of the GCAOA-ANN model at an SNR noise level of 20 dB and the observed
testing time series

Table 4. Average performance criteria of forecast techniques considering three artificial noise (SNR = 20-30 dB)

GCAOA-ANN
SNR (dB) RMSE °C NSC max(error) °C MAE °C MARE NMSE R?
20 5.9104 0.63 8.7085 4.059 0.154 0.626 0.684
25 3.551 0.864 6.1724 2.4364 0.0915 0.859 0.873
30 2.1407 0.951 3.6056 1.6499 0.0595 0.949 0.953
HAOA-ANN
SNR (dB) RMSE °C NSC max(error) °C MAE °C MARE NMSE R?
20 7.0108 0.465 11.2207 4.9658 0.1892 0.44 0.566
25 3.6227 0.855 6.5033 2.4922 0.0928 0.839 0.866
30 2.5378 0.93 4.8509 1.9066 0.071 0.917 0.935
IAOA-ANN
SNR (dB) RMSE °C NSC max(error) °C MAE °C MARE NMSE R?
20 7.3921 0.386 9.8088 4.6362 0.1767 0.492 0.584
25 5.4098 0.652 10.2115 3.4855 0.127 0.697 0.741
30 2.4975 0.929 3.8499 1.8799 0.0709 0.928 0.934

Error metrics (RMSE, MAE, and max(error)) decrease gradually as conformance coefficients (NSC, NMSE, and R?)
increase. However, a detailed comparison reveals a clear and consistent superiority of the GCAOA-ANN model across
all tested noise levels. In the highest noise scenario (SNR = 20 dB), this model achieved the lowest errors and the highest
conformance coefficients compared to the HAOA-ANN and IAOA-ANN models, demonstrating its superior ability to
maintain predictive stability under severe input data disturbance.
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As the noise level drops to a moderate level (SNR = 25 dB), this superiority becomes even more pronounced. The
GCAOA-ANN model shows a marked improvement across all statistical indicators, with significant reductions in error
and a rise in the coefficient of determination to levels indicating strong agreement between observed and predicted
values. At SNR = 30 dB, representing a relatively low noise condition, the GCAOA-ANN model achieved the best
overall performance among the three models, with the highest NSC and R2 values and the lowest error metrics, indicating
high predictive accuracy and excellent generalizability. Although the HAOA-ANN and IAOA-ANN models showed a
gradual improvement in performance as noise decreased, their performance remained lower than that of the GCAOA-
ANN model across all tested scenarios. This reflects the GCAOA-ANN model, which is robust to noise and continues
to capture a large portion of the useful information in the time series.

4. Discussion

Developing reliable and accurate methods for determining maximum temperatures remains a hot topic of academic
inquiry. To intervene effectively, decision-makers in Iraq require an accurate measure of maximum temperature, given
the strong association between this variable and SDGs 2, 6, 11, and 13. Consequently, this research introduces a novel
approach to monthly maximum temperature prediction using a multi-scenario methodology. One of the most important
steps in designing ML approaches is determining the number of predictors, and our methodology has accounted for that.
In this study, Table 1 presents six lag scenarios chosen as predictors, which are critical for precise maximum temperature
forecasting. This agrees with Tran et al. [30] and Wang et al. [31], who recommended leveraging data usage in ANN
applications by increasing the range of predictor variables, which significantly impacts ANN model robustness.

Hyperparameter optimization has also been shown to improve the predictive performance of ML models across
various domains. Additionally, the superiority of hybrid-based MHAs compared with single-based ones, such as
streamflow [68], water quality [22], and water level [23]. This paper has investigated three hybrid-based MHAS to
choose the optimal ANN's hyperparameters, taking into account the shortcomings of hyperparameter optimization
methods detailed in the "Introduction™ section. These models are GCAOA-ANN, HAOA-ANN, and IAOA-ANN.
Maximum temperature data were collected monthly and comprised 144 samples from Al-Hai City, Wasit Province, Irag.
These samples were divided into training, validation, and test sets.

During the ANN technique configuration, 1) the applied MHAs follow different techniques based on their
performance during optimization. 2) Each configuration represents optimizing the model hyperparameters using MHA
at a different number of swarms (each swarm repeated three times) and time series lagging order. Accordingly, the
hybridization process generates multiple model scenarios, leading to a broad range of hyperparameter values. The best
hybrid model configuration for each MHA is the one that minimizes RMSE across all configurations. Figure 4 reveals
that the optimum set for lag and swarm numbers is lag2 with 30 swarms for GCAOA-ANN, lag2 with 40 swarms for
HAOA-ANN, and lag2 with 20 swarms for the IAOA-ANN.

Based on the statistical and graphical tests used to assess the techniques during the testing phase (described in the
"Results" section), all MHAS accurately reproduced maximum temperature data, according to Dawson et al. [65]. These
findings support the literature’s proposal [69, 70] that hybrid-based algorithms can solve real-world problems with
greater accuracy, stability, and dependability while avoiding local minima. The superior performance probably results
from 1) using a wide range of predictors’ scenarios. 2) executing each algorithm's swarm three times. 3) applying three
different MHAs that work with good strategies. For each of these factors, the outcome is a less uncertain and more
robust range of predictions.

The hybrid models performed better than the RF and XGBoost models. However, the GCAOA-ANN outperformed
the HAOA-ANN and IAOA-ANN techniques. The entire GCAOA-ANN model could predict the measured time series,
and no significant distinctive points were observed in the predicted time series. This reflects the general good prediction.
Also, the error analysis shows that the GCAOA-ANN had the lowest error values across the entire test sample compared
to the other models. The key to the GCAOA-ANN model's superiority lies in its effective exploration and exploitation
strategies, which leverage IGOL and DE/best/2/bin to escape local optima and expand undiscovered areas in the feature
space. Moreover, the lower and upper bounds are updated using the best knowledge from the optimal solutions, thereby
significantly reducing the number of iterations required to reach a global solution. Finally, the developed four arithmetic
operations, along with their control parameters, assist the decision-maker in finding the optimal solution during the
optimization process. As a result, the hybrid GCAOA algorithm plays an essential role in selecting optimal
hyperparameters for the ANN mode, achieving very high accuracy and stability and boosting convergence rate.

The noise robustness test results based on SNR (20-30 dB) confirm that the GCAOA-ANN model exhibits higher
predictive stability compared to other hybrid models, particularly under conditions of high noise and input data
uncertainty. This is crucial in climate modeling, where historical data are often affected by noise and measurement
errors. This superiority can be attributed to the GCAOA algorithm's ability to achieve a more effective balance between
exploration and exploitation during neural network parameter optimization, thus reducing localized fallout and
improving generalizability. In contrast, the HAOA-ANN and IAOA-ANN models showed greater sensitivity to
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increasing noise levels, as reflected in their relative performance decline under high-noise scenarios. Furthermore,
repeating the test 10 times at each SNR level provided a more reliable assessment of model robustness, as the average
values reflect the overall model behavior rather than results from a single noise realization. Accordingly, the results
highlight the importance of assessing model robustness under artificially generated disturbance conditions rather than
relying on nominal accuracy measures, and support the adoption of the GCAOA-ANN model as a more reliable
predictive framework for handling turbulent climate data.

The findings in this study are subject to at least two limitations, but those could be valuable in future investigations.
First, the study uses only 12 years of monthly maximum temperature data, which may limit generalizability. Second,
the model relies solely on lagged temperature values (univariate approach). In terms of future work, it would be
interesting to focus on longer datasets or higher-frequency (daily/hourly) data. Additionally, assess the impact of using
additional meteorological variables (e.g., humidity, wind speed) on improving predictive performance for maximum
temperatures. Notwithstanding the relatively limited sample, this work offers valuable insights into predicting maximum
temperatures under noise-robustness constraints.

The efficacy of various hybrid MHAs that incorporate other ML methods, such as support vector regression and
random forests, could be the subject of future research. These results may contribute to a better understanding and
forecasting of how maximum temperatures vary, which helps policy-makers support the SDGs. It is useful in agricultural
planning, water management, disaster protection, and improving climate adaptation strategies.

5. Proposed Policies for Decision-Makers

In light of the findings of this study, a set of proposed policies can be presented to support decision-makers in
addressing the challenges of climate change, particularly concerning extreme temperatures and their environmental and
economic impacts:

o Adopting Al-based hybrid models, such as the GCAOA-ANN model, to forecast extreme temperatures, given their
high accuracy in reducing error and improving forecast performance.

e Establishing comprehensive, long-term climate databases to support predictive models based on multiple time-lag
scenarios improves the models' ability to capture climate patterns accurately.

¢ Developing Al-based early warning systems to address extreme climate events, such as heat waves and droughts,
thus contributing to reducing environmental and human damage.

e Enhancing integration between predictive models and vital sectors, such as agriculture, water resources
management, and energy, to facilitate informed strategic decisions based on accurate data.

e Linking predictive model outputs to the Sustainable Development Goals (SDGs), particularly those related to
climate (SDG13), water (SDG6), food (SDG2), and sustainable cities (SDG11), to ensure that environmental
policies are aligned with the international development agenda.

6. Conclusion

Interest in modeling needs has been on the rise due to the growing need to accurately depict maximum temperatures
in fields such as medicine, agriculture, energy, and climate research. The present study compared the forecasting
performance of three combined ML systems for monthly maximum temperatures at the Al-Hai City station in Irag. The
three models combined ANN with hybrid-based metaheuristic algorithms, including GCAOA-ANN, HAOA-ANN, and
IAOA-ANN. Various combinations of input scenarios were tested with different lag periods (from lagl to lag6).
Hybridization produces varying hyperparameter values, which, in turn, yield distinct ANN model scenarios, because the
MHAs used for optimization follow diverse strategies. Several possible explanations account for why, on the whole, all
the prediction methods worked well. This advantage may exist, for example, because different permutations of input
scenarios produce more precise forecasts.

Another probable explanation is that the optimal solution was found by running each algorithm's swarm three
times, yielding a wider range of forecasts and reduced uncertainty. Seven statistical tests (i.e., RMSE, MAE, MARE,
max(error), NSC, NMSE, and R?) and four graphical tests (i.e., R, residual scatter plot, time series comparison, and
Taylor diagram) were applied to assess the prediction models. In general, the lag2 (M2) provides an accurate model
across all hybrid models, and the optimal swarm sizes are 20, 30, and 40 for the IAOA-ANN, GCAOA-ANN, and
HAOA-ANN, respectively. According to the test-stage results, the predicted and actual values show good
correspondence for all proposed models, with R2, NSC, and NMSE all high and within (0.972-0.957), (0.969-0.956),
and (0.967-0.953), respectively. The RF and XGBoost techniques were applied, and their results were compared with
those of hybrid models. The findings (Table 3 and Figure 5) reveal that the hybrid model performed better than other
models. However, GCAOA-ANN outperformed HAOA-ANN and IAOA-ANN models across different tests,
achieving the highest correspondence between actual and forecasted data and the lowest error, as tabulated in Table
3 and Figures 5, 6, and 7.
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Furthermore, the results of this study were enhanced by an additional noise-robustness test that added artificial
noise to the test data at signal-to-noise ratios (SNR) of 20, 25, and 30 dB to simulate different levels of uncertainty in
the input data. The results of this test showed that all models were affected by increasing noise levels. However, the
GCAOA-ANN model maintained the best performance across all tested SNR levels, with the lowest error metrics and
the highest fit coefficients. This behavior confirms that the superiority demonstrated by the GCAOA-ANN model is
not limited to ideal data conditions but extends to cases of severe data disturbance, reflecting higher predictive stability
and generalizability and enhancing the model's reliability for practical applications in climate forecasting. The
research helps develop precise decision priorities. It can streamline valuation and forecasting techniques for weather
records, which are crucial to various meteorological, environmental, and climatological research projects. It would be
beneficial to conduct additional research on studies that utilize ML models combined with hybrid metaheuristic
algorithms to predict better how Earth's environment will evolve in the future, as climate change is a hot topic in these
areas right now. It should be noted that additional studies are needed to account for a wide range of geological
conditions, model types, and input factors. Sustainable water resources and agricultural systems can be enhanced
using additional meteorological variables.
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