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Abstract This manuscript develops and evaluates an improved v-support vector regression (v-SVR) framework, optimized
via the Bamboo Forest Growth Optimization (BFGO) algorithm, to forecast daily PM10 concentrations in Baghdad, Iraq.
Daily PM10 data from a ground-based monitoring station at the Baghdad U.S. Embassy, covering the period 1 March
2019 to 1 June 2023, are combined with relevant meteorological and environmental predictors to construct a data-driven
forecasting system. The proposed method simultaneously performs v-SVR hyperparameter tuning and feature selection,
addressing limitations of conventional v-SVR schemes and existing nature-inspired approaches that typically optimize only
model parameters. BFGO is tailored to guide the search in the v-SVR hypothesis space through meme-based grouping,
whip extension (exploitation), and shoot growth (exploration), thereby enhancing convergence toward a parsimonious and
high-performing regression model. Model performance is assessed under multiple forecast horizons using standard accuracy
indices such as RMSE, MAE, and R2, and is benchmarked against baseline v-SVR, Random Forest, and other machine-
learning forecasters commonly used in air quality prediction. The empirical results show that BFGO-v-SVR consistently
achieves lower prediction errors and higher explanatory power than competing models, particularly in capturing sharp peaks
and rapid fluctuations in PM10 driven by dust storms and intense anthropogenic emissions. These gains are attributed to
the joint optimization of kernel parameters, regularization strength, ϵ-insensitive loss width, and an informative subset of
predictors, which together improve generalization and reduce overfitting. The proposed BFGO-v-SVR framework offers a
robust and flexible tool for real-time PM10 forecasting in highly polluted urban environments and can support more effective
air quality management, early-warning systems, and evidence-based environmental policy in Iraq and similar semi-arid
regions.
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1. Introduction

Air pollution constitutes a critical environmental challenge that drives several global issues such as climate change,
ozone layer depletion, and acid rain formation. The deterioration of air quality, particularly in densely populated
urban areas, primarily stems from rapid industrialization, expanding infrastructure, and urban development.
Although these developments are often pursued to accommodate the accelerating pace of population growth,
they simultaneously impose severe adverse effects on both human health and ecological systems [36]. These
detrimental outcomes encompass an increased risk of mortality associated with serious illnesses, including
respiratory infections and cardiovascular diseases, while also posing substantial threats to animal welfare and
contributing significantly to climate change [43].

High population density is typically correlated with greater air quality degradation, driven by elevated energy
consumption from residential, commercial, and industrial activities. A primary source of this issue lies in the
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combustion of fossil fuels for power generation and heating, which releases large quantities of greenhouse gases,
nitrogen oxides, sulfur oxides, and particulate matter into the atmosphere [34, 45]. Furthermore, the escalating
number of vehicles in cities—often resulting in severe traffic congestion exacerbates air quality deterioration and
directly affects urban residents [22, 46, 47].

According to the World Health Organization, nine out of ten people globally reside in areas where air pollution
levels surpass the limits recommended by WHO [27]. Exposure to outdoor air pollution, primarily caused by
PM10, has been associated with an estimated 3.3 million premature deaths annually worldwide, with projections
indicating a potential doubling of this figure by 2050 [18]. Hazardous fine particles such as PM10 are pervasive
and pose a widespread environmental problem affecting multiple regions across the globe. Despite many countries
reporting reductions in air pollution levels, PM10 continues to have a considerable and persistent impact on global
public health [23, 48, 49, 50].

PM10 represents one of the most significant airborne environmental contaminants due to its small particle
size, high toxicity, extensive dispersibility, and prolonged atmospheric suspension [39]. These properties render
it particularly harmful to environmental stability, human health, and socio-economic systems. PM10 not only
carries toxic compounds but also travels over long distances, substantially affecting air quality and visibility
[32, 51]. Prolonged exposure to PM10 has been shown to increase the risk of cancer, respiratory illnesses, and
cardiovascular diseases major threats to public health. Empirical evidence demonstrates that chronic exposure to
PM10 significantly elevates the risk of premature mortality from various causes [3].

Accurate and efficient prediction of future PM10 concentrations plays an essential role in environmental
management and policy formulation [33]. Human activities related to fossil fuel consumption especially those
involving transportation, power generation, industrial operations, and heating/cooling systems—are primary
anthropogenic contributors to PM10 emissions. Additionally, episodic events such as crop residue burning, human-
induced forest fires, and dust storms linked to deforestation markedly contribute to elevated PM10 levels in certain
regions [30, 36]. The intricate interplay of meteorological factors, including temperature inversions and thermal
updrafts, further influences the accumulation and dispersion of atmospheric pollutants, often beyond the detection
capabilities of traditional meteorological observations [24, 52, 53, 54].

Mitigating PM10 concentrations cannot be achieved instantaneously; hence, there is a pressing need for accurate,
real-time forecasting models that can inform effective mitigation strategies. Such predictive capabilities not
only facilitate timely public health advisories but also assist policymakers in developing targeted environmental
interventions. However, forecasting PM10 concentrations remains challenging due to their pronounced spatial and
temporal variability, influenced by meteorological, geographic, and anthropogenic factors [21].

Recently, PM10 forecasting models have attracted increasing attention and continuous improvement, driven
by advances in computational modeling and environmental data collection. Reliable, real-time monitoring and
forecasting of PM10 concentrations are indispensable for environmental protection and air quality management
[37]. Addressing the complex spatiotemporal dynamics of air pollution requires sophisticated algorithms capable
of capturing non-linear interactions among multiple influencing variables [25]. Researchers have highlighted the
necessity of robust estimation frameworks capable of generating actionable insights to inform environmental policy
and decision-making [29]. Accordingly, adopting data-driven modeling techniques, particularly those leveraging
machine learning, has proven instrumental in improving both the spatial and temporal accuracy of air quality
predictions.

In recent years, machine learning and deep learning approaches have emerged as transformative tools in the
fields of earth and environmental sciences [43]. They have been successfully employed in various complex
environmental applications, such as urban flood prediction [15], water quality estimation [26], and regional air
pollution forecasting (Wong et al., 2021). These technologies have substantially enhanced the capacity to forecast
PM10 concentrations and to issue timely pollution alerts. Numerous algorithms—ranging from relatively simple
models like Random Forests (RF), Support Vector Machines (SVM), and Backpropagation Neural Networks
(BPNN), to more complex architectures such as Gated Recurrent Units (GRU), Long Short-Term Memory (LSTM),
and Convolutional Neural Networks (CNN)—have been developed to improve predictive performance [38].

Machine learning algorithms, particularly SVM and RF, have demonstrated significant potential for PM10
forecasting due to their strong capability to model complex, non-linear relationships within environmental data.
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Their ability to capture intricate temporal dynamics in PM10 concentration series offers a clear advantage over
traditional, inventory-based atmospheric models, which are often constrained by limited data availability [8]. In
this research, the Random Forest algorithm is adopted due to its flexibility, robustness against overfitting, and high
adaptability in handling complex environmental datasets [33].

Consequently, this study aims to overcome the limitations of short-term and coarse temporal resolution in
existing prediction frameworks and to develop a robust, data-driven model capable of reliably forecasting daily
variations in PM10 concentrations. The research focuses on the development and enhancement of accurate
forecasting models using an RF-based approach that integrates both environmental and meteorological variables.
To this end, daily PM10 data collected from ground-level monitoring sensors located in one of the most congested
urban areas of Baghdad, Iraq, are employed. This dataset serves as the foundation for model training, testing, and
validation and comprises daily PM10 measurements spanning a four-year period.

2. Data and Methods

2.1. Study Area

This study utilizes a daily average PM10 concentration dataset collected between 1 March 2019 and 1 June 2023
for Baghdad, Iraq. The data were obtained from the air quality monitoring station situated within the Baghdad U.S.
Embassy, which provides reliable ground-level measurements of urban air quality. Although data from a single
monitoring site may primarily represent the atmospheric conditions of the central urban zone rather than the entire
metropolitan area, it nonetheless offers valuable insights into overall urban air pollution trends.

Baghdad, as Iraq’s largest metropolitan center (Figure 1), hosts approximately 22% of the national population,
resulting in intense anthropogenic pressure on the environment. The city faces substantial air pollution challenges
arising from multiple emission sources, including vehicular exhaust, industrial processes, power generation, open
waste burning, and unregulated disposal activities. These factors collectively contribute to a consistent upward
trajectory in the city’s annual average PM10 concentrations over the past decade.

Recent assessments have identified Baghdad among the most polluted cities globally, based on PM10
concentration levels reported in 2022. The combination of rapid urban expansion, population growth, and limited
environmental regulation has amplified the city’s vulnerability to particulate pollution. Moreover, frequent dust
storms, a characteristic feature of Iraq’s semi-arid climate, exacerbate airborne particulate matter concentrations,
thereby intensifying both environmental and public health risks.

Given these conditions, Baghdad serves as a critical case study for assessing urban air pollution dynamics and
developing accurate forecasting models for PM10 concentrations. The city’s atmospheric environment provides
an ideal context for evaluating the performance of data-driven predictive approaches that integrate meteorological,
environmental, and anthropogenic variables.

2.2. v-Support Vector Regression

Support Vector Machines (SVMs) have effectively addressed numerous classification challenges. By incorporating
the ϵ-insensitive loss function proposed by Vapnik, SVMs were extended to handle nonlinear regression tasks,
leading to the development of Support Vector Regression (SVR). The primary goal of the v-SVR method is to
model quantitative variables in diverse domains such as chemical activity prediction [44], spectral analysis [31],
and stock price forecasting.

A training dataset of size n {(xi, yi)}∗i=1 consists of samples xi = (xi,1, xi,2, . . . , xi,p) ∈ Rp that represent
feature vectors corresponding to ith ” observations, along with yi ∈ R target values representing quantitative
variables. The ϵ-insensitive loss function allows the resolution of an optimization problem to determine the SVR
model:

min
M,d

{︄
1

2
MrM +H

n∑︂
i=1

(αi + α˜i)

}︄
(1)

S.T. {yi − (M · π (xi) + d) ≤ ε+ α˜i (M · π (xi) + d)− yi ≤ ε+ αi αi, α˜i ≥ 0
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Figure 1. Map of Baghdad, highlighting metropolitan areas and municipalities.

This algorithm includes a single positive parameter H that balances the trade-off between training error and
model complexity. It introduces slack variables αi and α˜i along with a nonlinear mapping π (xi) using a kernel
function, a weight vector M, and a bias term d.

After reformulating Equation 1 into its dual problem, the optimization is solved using Lagrange multipliers:

min˜︁β/β
1

2

n∑︂
i,j=1

(β˜i − βi)
(︁
β˜j − βj

)︁
K (xi, xj) + ε

n∑︂
i=1

(β˜i − βi) −
n∑︂

i=1

yi (β˜i − βi) (2)

Such that:
n∑︂

i=1

(βi − β˜i) = 0 0 ≤ βi, β˜i ≤ H

Here, the kernel function K (xi, xj) represents the nonlinear mapping, and the variables serve βi, β˜i as Lagrange
multipliers. The regression hyperplane of the underlying regression problem is obtained as follows:

yi = g (xi) =
∑︂
xi=sv

(β˜i + βi)K (xi, xj) + d (3)

The set of support vectors is denoted as SV.
A newer class of nonlinear kernels, v-SVR, seeks to minimize structural risk in a high-dimensional feature

space by identifying the most efficient regression hyperplane. However, in ϵ-SVR, the number of support vectors
cannot be directly controlled (Chou, 2017). [28] introduced an improved version, v-SVR, which enhances the
computational efficiency of SVR by regulating both the number of support vectors and training errors, while
simultaneously estimating ϵ automatically. A schematic representation of support vectors and errors is shown below
[17].

In v-SVR, the parameter v determines the proportion of support vectors, allowing for an automatic and optimal
computation of ϵ during optimization. Conversely, in ϵ-SVR, the number of selected support vectors from the
dataset cannot be predetermined and may vary significantly. The key distinction between ϵ-SVR and v-SVR lies
in the parameterization during training. Through the v parameter, users can directly control the number of support
vectors produced by the SVM [19].
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v-SVR reformulates the original SVR optimization problem into a convex quadratic programming problem with
inequality constraints [5, 19]:

min
Md

{︄
1

2
MTM +H

[︄
vε+

1

n

n∑︂
i=1

(αi + α˜i)

]︄}︄
(4)

Such that:

{yi − (M · π (xi) + d) ≤ ε+ α˜i (M · π (xi) + d)− yi ≤ ε+ αi αi, α˜i ≥ 0, ε ≥ 0

According to [6, 10], the v-SVR optimization framework results in a convex quadratic programming problem
with inequality constraints.

where 0 ≤ v ≤ 1. [28] demonstrated that
v

provides an effective constraint by linking it to margin errors and the fraction of support vectors. The inclusion of

v

within Equation (4) introduces a new level of flexibility, enabling automatic determination of ε ≥ 0. Moreover,

v

is easier to estimate than the regularization constant C [12, 13, 55, 56, 57].
After converting Equation (4) into its dual form, the optimization problem is solved using the Lagrange multiplier

technique [12, 13]:

L (M,d, ε, αi, α˜i) =
1

2
MTM +H

(︄
vε+

1

n

n∑︂
i=1

(αi + α˜i)

)︄
−

n∑︂
i=1

τiαi −
n∑︂

i=1

τ ˜iα˜i − ρε

+

n∑︂
i=1

βi

(︁
MTπ (xi) + d− yi − ε− αi

)︁
+

n∑︂
i=1

˜︁βi

(︁
MTπ (xi) + d− yi − ε− α˜i

)︁
(5)

The optimization involves non-negative multiplier variables βi, β˜i, τi, τ ˜i,and ρ ≥ 0. The solution to Equation
(5) is obtained by partially differentiating the Lagrangian function αi,M, d, ε, with respect to α˜i the model
parameters:

∂L

∂M
= M +

n∑︂
i=1

βixi −
n∑︂

i=1

β˜ixi = 0
∂L

∂d
=

n∑︂
i=1

βi −
n∑︂

i=1

β˜i = 0
∂L

∂δ

=
H

n

n∑︂
i=1

v − ρ−
n∑︂

i=1

(βi + β˜i) = 0 ⇒ ∂L

∂α
=

n∑︂
i=1

H

n
−

n∑︂
i=1

βi −
n∑︂

i=1

τi = 0
∂L

∂α˜

=

n∑︂
i=1

H

n
−

n∑︂
i=1

β˜i −
n∑︂

i=1

˜︁τi = 0 {M =

n∑︂
i=1

(β˜i − βi)xi

n∑︂
i=1

(β˜i − βi)

= 0

n∑︂
i=1

(β˜i − βi) = Hv − ρ ≤ Hv βi =
H

n
− τi ≤

H

n
β˜i =

H

n
− τ ˜i ≤

H

n
(6)
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Substituting Equation (6) into Equation (5) yields a new form of the Lagrangian function:

L = −1

2

n∑︂
i,j=1

(β˜i − βi)
(︁
β˜j − βj

)︁
K (xi, xj) +

n∑︂
i=1

(β˜i − βi) yi, (7)

According to the Karush–Kuhn–Tucker (KKT) conditions, finding the optimal solution to Equation (7)
corresponds to achieving the optimal configuration of the v-SVR model. Consequently, the final decision function
of v-SVR is derived from the optimal dual formulation, providing an efficient and theoretically grounded regression
model [12, 13].

yi = g (xi) =

n∑︂
i=1

(β˜i + βi)K (xi, xj) + d. (8)

2.3. Proposed Method

The performance of the Support Vector Regression (v-SVR) model is highly dependent on the appropriate selection
of its key hyperparameters. Conventional mathematical techniques are insufficient for accurately determining these
parameters [31]. Consequently, the optimal tuning of v-SVR hyperparameters has become a central research topic.
Prior studies have introduced various techniques and methodological approaches aimed at improving the selection
of these hyperparameters [31]. Additionally, numerous researchers have employed nature-inspired optimization
algorithms to identify optimal v-SVR hyperparameter values [2, 40, 41].

Support Vector Regression requires the adjustment of several critical hyperparameters, including the penalty
parameter H, the ϵ-insensitive loss function, and the kernel parameter. Since there is no universally reliable
mathematical procedure for selecting these values, proper hyperparameter tuning plays a fundamental role in
achieving high predictive performance. Several studies have demonstrated significant performance improvements
in v-SVR through the adoption of suitable hyperparameter-selection strategies [42, 10, 11]. Nature-inspired
optimization methods have also been widely adopted for v-SVR parameter tuning [5, 6, 1, 9, 4]. However, these
approaches typically focus solely on parameter tuning without addressing feature selection simultaneously.

The Bamboo Forest Growth Optimization (BFGO) algorithm. Bamboo is a fast-growing herbaceous plant and
is considered one of the fastest-growing plants globally. It possesses an underground rhizome system—referred to
as bamboo whips—that expands horizontally and develops roots at the nodes, known as whip roots. Each node
contains a bud that may develop into either a new whip or a bamboo shoot. New whips extend underground, while
bamboo shoots emerge above the soil and gradually mature into bamboo culms, eventually forming a bamboo
forest. Figure 1 illustrates the structural components of bamboo.

The bamboo whip plays a pivotal role in the development of bamboo forests, as it both expands the territory of the
bamboo population and supplies nutrients necessary for growth. According to [14], bamboo exhibits unique growth
characteristics compared to other grasses: its tall stems grow rapidly within 2–3 months, following an intensive
yet rhythmic growth pattern. This biological trait likely enhances bamboo’s adaptability and competitiveness for
survival. The development of a bamboo forest can generally be divided into two main stages: (a) the extension of
the bamboo whip and (b) the growth of bamboo shoots. Additionally, a bamboo forest may contain several whips,
although each whip is associated with only one bamboo plant.

Recently, Chu, Feng, and colleagues introduced a novel optimization method inspired by bamboo forest
growth dynamics, termed Bamboo Forest Growth Optimization (BFGO). The global extension of bamboo whips
corresponds to the exploitation phase of the algorithm, whereas the emergence of bamboo shoots represents
the exploration phase. Bamboo shoots that break through the soil surface have a relatively small probability of
developing into mature bamboo culms.

2.3.1. Extension of the Bamboo Whip : Based on the biological relationship between bamboo forests and bamboo
whips, the BFGO algorithm incorporates a clustering mechanism. During optimization, individuals are grouped
according to memes, with dynamic transitions between uniform and random grouping. In uniform grouping,
individuals are sorted in descending order based on fitness values, forming a sequence from which meme groups are
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6 FORECASTING PM10 CONCENTRATION IN IRAQ

evenly constructed. Random grouping is applied when improvement in the best individuals of each group stagnates,
redistributing individuals randomly. The meme-grouping concept is illustrated in Figure 2.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. The idea of meme grouping.

The extension direction of an underground bamboo whip is influenced by three primary factors: group cognition,
whip memory, and the bamboo forest center. These correspond respectively to the global optimum, the within-
group optimum, and the forest center. The equation for computing the forest center is provided in Eq. (9), while
the extension direction is defined in Equations (9-12):

−−−→
C (k) =

1

n

n∑︂
i=1

−−−−→
X (ki) (9)

coscos (α) =

−→
Xt .

−→
XG⃓⃓⃓−→

Xt

⃓⃓⃓
×
⃓⃓⃓−→
XG

⃓⃓⃓ (10)

coscos (β) =

−→
Xt .

−−−→
XP (k)⃓⃓⃓−→

Xt

⃓⃓⃓
×
⃓⃓⃓−−−→
XP (k)

⃓⃓⃓ (11)

coscos (γ) =

−→
Xt .

−−−→
C(k)⃓⃓⃓−→

Xt

⃓⃓⃓
×
⃓⃓⃓−−−→
C(k)

⃓⃓⃓ (12)

where X(ki) represents the ith bamboo shoot position on the k bamboo whip,
−→
Xt is the current bamboo shoot position,

−→
XG is the global optimal bamboo shoot position,

−−−→
XP (k) is the optimal

bamboo shoot position on the k bamboo whip and C(k) is the central position of the bamboo forest. Moreover,
coscos (α) , coscos (β) and coscos (γ) represent the degree of extension of the current bamboo shoot position
to

−→
XG,

−−−→
XP (k) , and C(k), respectively. The formula for the update is shown in Equation (13).

Xt+1 = {XG + Q × (c1 × XG − Xt)× coscos (α) , rand ≤ 0.4 Xp(k)+

Q ×
(︁
c1 × Xp(k) − Xt

)︁
× coscos (β) , 0.4 < rand ≤ 0.8 C(k) + Q ×

(c1 × C(k)− Xt)× coscos (γ) , else (13)

Q = 2×
(︃
1− t

T

)︃
(14)
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where Q is a crucial parameter impacting the step size of the algorithm development and steadily reduces from 2
to 0 as the number of iterations grows, t is the current iteration, and T indicates the maximum number of iterations;
c1 is a random number from 0 to 1. By comparing a random number to 0.4 and 0.8, the algorithm determines the
extension direction for the next generation, thereby preserving population diversity and improving the capacity for
global optimization.

2.3.2. Shoot Growth of the Bamboo : It is well established that tree growth is influenced by numerous stochastic
factors. Throughout the growth cycle, these factors—whether individually or collectively—exert varying degrees of
influence. Because their precise interactions are difficult to measure or predict, tree growth is generally modeled as
a stochastic process. Due to environmental variability and random disturbances, the cumulative growth of different
bamboo culms at a given time t fluctuates randomly, illustrating the inherent randomness of bamboo growth.

Based on these characteristics, Shi et al. developed a stochastic process model for bamboo shoot growth using
stochastic process theory and the Sloboda growth equation [44]. The bamboo shoot growth process consists of two
stages: a slow-growth phase and a rapid-growth phase. This behavior is modeled mathematically as shown in Eq.
(15).

X (t) = XG × e
b

ω×eω (15)

The growth increment pattern is depicted in Figure 3. The rapid-growth period lasts approximately 55 days, and
the process can be divided into two sub-stages around day 25:

1. Days 1–25: slow and steady growth
2. Days 25–55: sudden and accelerated growth

Moreover, XG represents the maximum bamboo height in a particular growth environment, varying with the
growth environment; b is the bamboo measurement factor, a random variable; and is the shape parameter of ω the
model, independent of the environmental conditions.

Changes in incremental growth over time are computed using Equation (16), which extends to vector form in
multi-dimensional cases.

∆H =
X (t)−X(t− 1)

XG − C (k) + 1
(16)

where ∆H represents the relationship between the increment between the two generations and XG and C (k),
the denominator represents the distance between XG and C (k), and X(t) indicates the cumulative length of the
bamboo growth within the t-th generation.

The individual renewal of bamboo shoots at this stage is shown in Equations (17) and (18). In the multi-
dimensional case, the result of Equation (18) is a vector.

Xtemp = {Xt +XD ×∆H, rand < 0.5 Xt +XD ×∆H, else (17)

XD = 1−
⃓⃓⃓⃓

Xt − C (k)

XG − C (K) + 1

⃓⃓⃓⃓
(18)

where XD represents the ratio relationship between C(k) and the distance between Xt and XG, which varies to
a large extent in the early stages of exploration and stabilizes or even

remains constant in the later stages of exploration as Xt converges extremely closely to XG and C(k). This
results in a more extensive exploration in the early stages and a slow growth towards convergence in the later
stages.

In Equation (17) ‘+‘ means the distance increases and ‘-‘means the distance decreases, increasing the capacity
to search for the optimal solution by expanding the search range and balancing global exploitation and local
exploration.

In contrast, the method proposed in this study incorporates the use of Gaussian kernel functions with parameter
σ > 0.

Each beluga whale in the search population is defined by three numerical values representing the
hyperparameters H, σ, and v.
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The outline of the proposed optimization algorithm is summarized as follows:
Step 1: Initialize a population of 30 beluga whales and define the maximum number of iterations Smax = 500.
Step 2: Assign the three hyperparameters H, σ, and vto each whale using a uniform distribution, ensuring that all

values remain within predefined bounds. As H ∼ U(0, 4), σ∼U(0,2.5), and v∼U(0,1).
Step 3: Evaluate each whale using the fitness function defined in Equation (19).

fitness =

[︄
1

n

n∑︂
i=1

(yi − ŷi(H,v,σ))
2

]︄
(19)

Using the calculated fitness values, determine each whale’s personal best position and the global best position.
Step 4: Update the positions of the beluga whales using the algorithm’s mathematical updating rules.
Step 5: Repeat Steps 3 and 4 until the maximum number of iterations is reached smax .

2.3.3. Forecast Accuracy Criteria Several evaluation metrics are commonly used to assess prediction accuracy
in forecasting applications. In this study, six performance criteria were employed to evaluate the proposed
optimization approach and the predictive capability of the model, consistent with prior research [2, 20, 7] The
assessment metrics included mean absolute error (MAE) and mean squared error (MSE)and root mean square
error (RMSE) together with trend accuracy (DA) and coefficient of determination (R2) (IA) Index of Agreement.
Table 1 presents the mathematical expressions of these evaluation metrics along with their decision rules.

Table 1. Forecast accuracy criteria

Evaluation
criterion

Mathematical formula Decision

1 MAE 1
n

∑︁n
s=1 |yt − ŷt| Lower value

is better

2 RMSE
√︂

1
n

∑︁n
s=1 (yt − ŷt)

2 Lower value
is better

3 MSE 1
n

∑︁n
i=1 (Yi − Y ˆi)2 Lower value

is better
4 DA 1

n

∑︁n
t=1 bs, bs = {1, if(ys+1 −

yt)(ŷs+1 − ŷt) ≥ 0 0, otherwise

Higher
value is
better

5 R2 1−
[︂∑︁n

s=1 (ys−ŷs)
2∑︁n

s=1 (ŷs−ŷs)
2

]︂
Larger value
near to 1 is
better

6 IA
2(sAs−C)ns=1

2(| (| SAS−C|+|C|)n
S=1

− 1 Equal to 1

3. Results Analysis

The primary objective of employing the proposed BFGO optimization framework is to demonstrate that an optimal
selection of hyperparameters can substantially enhance the predictive performance of daily PM10 concentration
forecasting. To rigorously evaluate the effectiveness of the proposed approach, an extensive comparative analysis
was conducted against several widely used hyperparameter optimization techniques, namely Random Search
(RS), Bayesian Optimization (BO), Cross-Validation (CV), and Grid Search (GS). These benchmark methods
were utilized to assess and compare the forecasting capability of the proposed BFGO-based model. The dataset
was divided into two subsets to ensure a robust evaluation of the model’s predictive performance. The training
dataset consists of 1270 daily observations of PM10 concentrations, covering the period from 1 March 2019 to
31 December 2022, whereas the testing dataset includes 151 daily observations spanning from 1 January 2023
to 1 June 2023. Figures 3 and 4 illustrate the time-series behavior of daily PM10 concentrations for the training
and testing datasets, respectively. A visual inspection of these figures clearly reveals that the temporal evolution
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of PM10 concentrations exhibits pronounced nonlinear and non-stationary characteristics, which are commonly
observed in environmental and atmospheric pollution datasets. To further investigate the statistical characteristics
of the data, Table 2 presents the descriptive statistics of the daily PM10 concentrations for both datasets. These
statistics provide valuable insights into the underlying distributional properties of the data. The results indicate
the presence of substantial variability, asymmetric distribution, intermittent fluctuations, and potential trend
components, highlighting the complex stochastic structure of PM10 concentration dynamics.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Time series of the daily PM10 concentrations for the training data set.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Time series of the daily PM10 concentrations for the testing data set.

The forecasting performance of the BFGO, RS, BO, CV, and GS models, evaluated using multiple performance
metrics, is summarized in Tables 3 and 4 for the training and testing datasets, respectively. The reported results
clearly demonstrate that the proposed BFGO optimization strategy significantly enhances both forecasting
accuracy and model generalization ability. This improvement is evidenced by lower values of MAE and
RMSE, along with higher values of DA and R², compared with the benchmark approaches.
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Table 2. The statistical descriptive of daily PM10 concentrations

Training data set Testing data set
Mean 57.53971 51.55414
Standard deviation 42.4731 35.83342
Skewness 2.272025 4.735841
Kurtosis 5.774809 29.5129
Minimum 9.471 14.361
Maximum 306.0128 310.3792

A careful examination of Table 3 reveals that the BFGO-based model consistently outperforms the competing
optimization techniques across all evaluation metrics. In particular, the BFGO algorithm achieves substantial
error reductions relative to the conventional optimization methods. Specifically, when compared with RS, BO,
CV, and GS, the BFGO model reduces MAE by 87.26%, 85.53%, 86.01%, and 86.55%, respectively. Similarly,
the corresponding reductions in RMSE are 87.22%, 86.75%, 86.99%, and 87.16%, respectively. These findings
highlight the effectiveness of the BFGO algorithm in identifying optimal hyperparameter configurations for the
forecasting model.

A comparable pattern is observed for the testing dataset, as shown in Table 4. The BFGO model achieves
remarkable improvements in predictive accuracy relative to the benchmark approaches. Specifically, the reductions
in MAE compared with RS, BO, CV, and GS are 87.61%, 86.67%, 86.91%, and 87.21%, respectively.
Furthermore, the reductions in RMSE are 83.61%, 83.05%, 83.34%, and 83.54%, respectively. These results
confirm the robust generalization capability of the proposed BFGO-based forecasting framework when applied
to unseen data.

It is worth noting that meta-heuristic optimization algorithms generally demonstrate strong predictive
capabilities, even in the absence of extensive data preprocessing procedures. In contrast, the comparatively
weaker performance of traditional hyperparameter tuning techniques such as RS, BO, CV, and GS may largely be
attributed to suboptimal or randomly selected hyperparameter configurations, which may fail to adequately
capture the complex nonlinear relationships present in PM10 concentration data.

Furthermore, when comparing the performance of CV, RS, and GS in estimating the optimal hyperparameters
of the Random Forest (RF) model, the evaluation results based on the training dataset indicate that the CV
approach performs better than both RS and GS. This suggests that systematic validation strategies may provide
more reliable hyperparameter estimates than purely random or grid-based search procedures. In contrast, the RS
method yielded relatively unsatisfactory results, indicating its limited ability to consistently identify effective
hyperparameter combinations.

Table 3. The forecasting results of the BFGO and the benchmark approaches RS, BO, CV, and GS for the training set

BFGO RS BO CV GS

MAE 0.148 0.998 0.881 0.91 0.946
RMSE 1.332 10.261 9.901 10.081 10.213
DA 0.971 0.638 0.681 0.668 0.65
R² 0.975 0.601 0.698 0.691 0.612

Table 4. The forecasting results of the BFGO and the benchmark approaches RS, BO, CV, and GS for the testing set

BFGO RS BO CV GS

MAE 0.229 1.679 1.562 1.591 1.627
RMSE 1.813 10.942 10.582 10.762 10.894
DA 0.951 0.622 0.665 0.652 0.634
R² 0.959 0.585 0.682 0.675 0.596

The time-series plots of the forecasting results further highlight the superior predictive stability of the RF model
optimized using the BFGO algorithm for both the training and testing datasets. As illustrated in Figures 5 and 6,
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Figure 5. Forecasting results in training data set based on methods used.

the predicted daily PM10 concentrations generated by the BFGO-based model closely follow the actual observed
values, demonstrating the high reliability and predictive accuracy of the proposed framework. Moreover, the
forecasting trajectories produced by the BFGO model exhibit smooth and consistent temporal behavior, which
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Figure 6. Forecasting results in testing data set based on methods used.
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reflects the model’s ability to effectively capture the underlying dynamics of PM10 concentration variability.
Consequently, the BFGO algorithm enables the RF model to deliver highly accurate and stable forecasts of
daily PM10 concentrations. Additionally, as shown in Figures 5 and 6, the forecasting results obtained using
the CV-based optimization approach appear slightly closer to the actual observations compared to those obtained
using the BO method. In contrast, the predictions generated by the RS method display comparatively weaker
performance over time, indicating its limited effectiveness in identifying optimal hyperparameter configurations
for the forecasting model.

4. Conclusion

This study developed an enhanced v-support vector regression framework, integrated with a Bamboo Forest
Growth Optimization strategy, to provide accurate daily forecasts of PM10 concentrations in Baghdad, Iraq.
By jointly optimizing v-SVR hyperparameters and performing implicit feature selection, the proposed approach
effectively captured the complex nonlinear and non-stationary behavior of PM10, which is driven by intertwined
meteorological, environmental, and anthropogenic factors. The empirical analysis demonstrated that the BFGO-
based v-SVR model substantially outperforms conventional v-SVR configurations and widely used hyperparameter
tuning strategies such as random search, grid search, cross-validation, and Bayesian optimization, across both
training and testing periods. In particular, the proposed framework consistently achieved marked reductions
in MAE and RMSE alongside notable gains in R2 and directional accuracy, indicating not only improved
point prediction performance but also a stronger ability to track turning points and extreme pollution episodes.
These improvements were especially evident during high-pollution conditions associated with dust storms and
intensive emission events, where many benchmark models typically deteriorate. From an applied perspective, the
BFGO–v-SVR model offers a robust, flexible, and computationally efficient tool for real-time PM10 forecasting in
data-constrained yet highly polluted urban environments. Its capacity to exploit rich environmental information
while avoiding overfitting makes it well suited for supporting early-warning systems, short-term exposure
management, and targeted regulatory interventions in Baghdad and similar semi-arid megacities. More broadly,
the methodological framework is generic and can be readily extended to other pollutants, geographic regions,
and forecasting horizons, as well as hybridized with additional machine learning or deep learning architectures.
Future research could explore multi-station and spatially explicit extensions, probabilistic forecast formulations,
and integration with health impact models to better quantify and mitigate the public health burden of particulate
pollution.
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