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ABSTRACT

This study proposes a novel hybrid forecasting model, Combined Holt-Winters and
Decomposition optimized by the Whale Optimization Algorithm (CHD-WOA), to predict
the monthly maximum of daily 24-hour average PM2.5 concentrations in the Bangkok
Metropolitan Region. The model integrates decomposition and Holt—Winters exponential
smoothing forecasts through weighted averaging, with 18 parameters simultaneously op-
timized using the Whale Optimization Algorithm. Ten methods are compared, including
WOA-optimized variants, classical combination models, and benchmark approaches such as
Box—Jenkins and Long Short-Term Memory (LSTM). Performance is evaluated using RMSE
for in-sample fit and MAPE for out-of-sample accuracy. The proposed CHD-WOA model
achieves the lowest MAPE at four of eight stations and consistently outperforms benchmarks.
Forecasts for 2025 accurately capture seasonal pollution peaks during the dry season, demon-
strating the robustness and effectiveness of combining classical statistical techniques with
metaheuristic optimization for complex urban air quality forecasting.
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1. Introduction

Air pollution has become a persis-
tent and increasingly critical environmen-
tal concern in urbanized areas worldwide.
In Thailand, the Bangkok Metropolitan
Region (BMR), which includes Bangkok,
Nonthaburi, Pathum Thani, Samut Prakan,
Samut Sakhon, and Nakhon Pathom, fre-
quently suffers from elevated concentra-
tions of fine particulate matter (PM2.5).
These concentrations are largely driven by
transportation emissions, industrial activ-
ities, biomass burning, and construction.
In addition to local sources, recent stud-
ies have highlighted the role of transbound-
ary transport, especially during the dry sea-
son. A modeling study using the Commu-
nity Multiscale Air Quality (CMAQ) frame-
work [1] indicated that biomass burning in
neighboring countries such as Myanmar,
Laos, Cambodia, and Vietnam contributes
to elevated PM2.5 concentrations in Thai-
land. While the direct impact on the BMR
was found to be minor overall, the study
revealed that smoke plumes from Myan-
mar can significantly raise PM2.5 levels
in the region during the peak burning pe-
riod between March and April. These find-
ings underscore the importance of consid-
ering both domestic and regional emission
sources when developing forecasting sys-
tems and air quality management strate-
gies. The resulting pollution levels pose
significant public health risks, including
respiratory and cardiovascular diseases, and
call for effective monitoring and forecasting
systems to support timely decision-making
and mitigation measures (see Fig. 1 for the
geographic scope of the BMR).

Forecasting PM2.5 concentrations
presents several methodological challenges
due to the data’s inherent seasonality, long-
term trends, and high variability. Classi-
cal time series forecasting techniques, par-
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Fig. 1. Study area: (A) Modeling domain.
(B) Target source Thailand. (C) Bangkok
Metropolitan Region.

ticularly decomposition and Holt—Winters
exponential smoothing (HW), have long
been employed to capture such character-
istics. Decomposition separates a time
series into its trend, seasonal, and resid-
ual components, enabling interpretable and
component-wise forecasting. Meanwhile,
the HW method, originally formulated by
Holt in 1957 [2] and Winters in 1960 [3],
uses smoothing equations to estimate level,
trend, and seasonality parameters, making it
effective for structured seasonal data. How-
ever, both techniques rely on optimal pa-
rameter settings, which are difficult to de-
termine manually, especially in complex
datasets.

Recent research has demonstrated
the effectiveness of using metaheuristic al-
gorithms to optimize such parameters au-
tomatically. In particular, the Whale Op-
timization Algorithm (WOA), proposed by
Mirjalili and Lewis in 2016 [4], has proven
to be a robust method for global optimiza-
tion in forecasting applications [5-11]. Pre-
vious studies conducted by the authors have
explored the use of WOA and other meta-
heuristics in optimizing both HW and de-
composition models. For example, WOA
was employed to improve monthly gov-
ernment revenue forecasting and monthly
dam inflow prediction in Southern Thai-
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land by optimizing 3 and 14 parameters
for HW and decomposition, respectively
[12, 13]. Building on these, we applied
Cuckoo Search Optimization (CSO) to both
models in a Thai-language study forecast-
ing monthly inflows into Eastern Thailand’s
dam reservoirs [14]. A separate study pub-
lished in Thai extended the WOA frame-
work to a more complex decomposition
model with 54 parameters and applied it to
weekly PM2.5 forecasting in northern Thai-
land [15].

In parallel, our most recent study
introduced a hybrid approach integrating
CSO-optimized HW with CSO-optimized
decomposition to forecast weekly PM2.5
levels in eight provinces of northern Thai-
land [16], highlighting the complemen-
tary strengths of different algorithms and
forecasting frameworks. Additionally, Vi-
molsutjarit et al. [17] employed the
Fruit Fly Optimization Algorithm (FOA)
to enhance parameter estimation in clas-
sical decomposition and HW models for
dam reservoir forecasting in Northern Thai-
land, further supporting the effectiveness of
metaheuristic-enhanced approaches in hy-
drological time series modeling.

These cumulative findings have
demonstrated that forecasting models
enhanced by metaheuristic optimiza-
tion significantly outperform classical
methods when applied to high-variability
environmental time series data.

Building on this research trajectory,
the present study introduces a novel hybrid
forecasting model: the Combined HW and
Decomposition (CHD) method. This model
integrates the mathematical formulations of
both the HW and decomposition methods
into a unified forecasting framework. A
weighting parameter is introduced to com-
bine their structural contributions, and all
parameters—including the smoothing co-

efficients, decomposition components, and
the combination weight—are simultane-
ously optimized using the WOA. Thus, the
CHD model comprises 18 parameters in
total, with 3 from HW, 14 from decom-
position, and 1 weight for combining the
two methods. All parameters are estimated
using the WOA, leveraging its efficiency
and convergence properties. The resulting
integrated model is referred to as CHD-
WOA, which denotes the combined HW
and decomposition method optimized via
the Whale Optimization Algorithm.

To evaluate the proposed CHD-
WOA model, we apply it to the forecast-
ing of monthly maximum values of daily
24-hour average PM2.5 concentrations in
the BMR. This dataset poses substantial
forecasting challenges due to its irregu-
lar temporal patterns, seasonal fluctuations,
and the influence of both local and trans-
boundary emission sources. The BMR also
serves as a representative case study for ur-
ban air quality forecasting, given its pop-
ulation density and environmental signifi-
cance. The performance of the CHD-WOA
model is compared with several benchmark
methods, including standalone decomposi-
tion, HW, Box—Jenkins, Long Short-Term
Memory (LSTM) networks, and a classi-
cal combination of HW and decomposition
(CHD—-Classical). This study aims to ad-
vance time series forecasting methodolo-
gies by combining the interpretability of
classical statistical techniques with the opti-
mization strength of metaheuristics, thereby
supporting more informed environmental
health policy and management in Thai-
land’s most urbanized region.

2. Research Methods
2.1 Dataset and preliminary analysis

This study aims to develop an effec-
tive forecasting approach for the monthly
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maximum values of daily 24-hour aver-
age PM2.5 concentrations in the BMR.
This metric refers to the highest recorded
daily mean PM2.5 concentration within
each month, derived from 24-hour aver-
age data collected at air quality monitor-
ing stations located across the BMR. These
values reflect the most severe air pollution
episodes experienced monthly, offering in-
sight into population-level peak exposure.

Secondary data were obtained from
the Pollution Control Department of Thai-
land [18], comprising measurements from
eight air quality monitoring stations. Three
stations are located within Bangkok:

- Kheha Chumchon Huai Khwang
Stadium (Station Code: 11T)

- Nonsi Witthaya School (Station
Code: 12T)

- The Government Public Relations
Department (Station Code: 59T)

The remaining five stations are situ-
ated in adjacent provinces:

- Nonthaburi (Station Code: 13T)

- Samut Prakan (Station Code: 16T)

- Pathum Thani (Station Code: 20T)

- Samut Sakhon (Station Code: 27T)

- Nakhon Pathom (Station Code:
81T)

The monthly maximum for each sta-
tion was computed as the highest daily
mean within each calendar month. Only
two missing observations were found in
the entire dataset—at station 11T (October
2024) and station 16T (January 2023)—and
these were estimated using linear interpo-
lation to maintain continuity. The result-
ing monthly dataset was complete and uni-
formly applied to all forecasting models to
ensure fair and consistent comparison.

The data span 48 months, from Jan-
uary 2021 to December 2024, recorded on a
monthly basis with units in micrograms per

cubic meter (ug/m?). The full dataset was
divided into two subsets:

- The training set (75%) which cov-
ers January 2021 to December 2023 (36
months), used for model development.

- The test set (25%) which cov-
ers January 2024 to December 2024 (12
months), used to assess forecasting accu-
racy. The forecasting objective is to pre-
dict the values for January 2025 to Decem-
ber 2025, and the chosen test period aligns
with this future horizon.

A preliminary time series analysis
was conducted to explore the data struc-
ture. Figs. 2-3 display the time series
plots and autocorrelation functions (ACF)
of the deseasonalized and detrended series
for each station. Visual inspection of the
original series indicates clear seasonal pat-
terns across all locations. Upon remov-
ing the seasonal component, the ACF plots
of the deseasonalized series reveal a strong
positive autocorrelation at lag 1, gradually
declining with increasing lags, indicating
a trend component. After detrending, the
ACF shows a strong negative peak around
lag 6 and a strong positive peak near lag
12, confirming the presence of annual sea-
sonality consistent with the environmental
behavior of PM2.5. These characteristics
support the inclusion of both trend and sea-
sonal components in the proposed forecast-
ing models across all eight stations. All
data analyses, optimization procedures, and
forecasting experiments in this study were
conducted in the Google Colab environ-
ment using the Python programming lan-

guage.
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Fig. 2. A-C: Time series plot and ACF of the deseasonalized and detrended of the three stations in
the Bangkok.
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2.2 The combined Holt—Winters and de-
composition method optimized via the
Whale Optimization Algorithm (CHD-
WOA)

This section presents the formulation
of the CHD model and its parameter opti-
mization using the WOA. The CHD model
integrates two classical time series forecast-
ing techniques—decomposition and HW—
within a unified hybrid framework. Fore-
casts from both models are aggregated
using a weighted averaging approach, in
which the weight is treated as an additional
parameter. All model parameters are es-
timated simultaneously using the WOA to
enhance forecasting accuracy and ensure
global convergence. The resulting hybrid
model is referred to as CHD-WOA, which
denotes the Combined HW and decomposi-
tion method optimized via the WOA.

The time series models applied in this
study—namely, decomposition and Holt—
Winters—were implemented in both addi-
tive and multiplicative forms. The choice
between these formulations depends on the
characteristics of the seasonal variation rel-
ative to the overall level of the series. The
additive form is suitable when the magni-
tude of seasonal fluctuations remains ap-
proximately constant over time, indepen-
dent of the mean level of PM2.5 concentra-
tions. Conversely, the multiplicative form
is more appropriate when the seasonal vari-
ation changes proportionally with the se-
ries level—typically observed when pollu-
tion peaks become more pronounced during
periods of higher overall concentrations. To
account for these differences, both additive
and multiplicative versions of each model
were developed and compared in this study.

2.2.1 Decomposition model
The decomposition model separates

the original time series into two main com-
ponents: trend and seasonality. These

components are modeled independently and
then recombined to produce the final fore-
cast. The trend is represented as a sim-
ple linear function of time, while the sea-
sonal component captures recurring pat-
terns across a 12-month period. The model
can be expressed in either additive or multi-
plicative form, as shown in Egs. (2.1)-(2.2),
respectively.
Additive Forecasting:

Et+p = ﬁAO +.é1(t +p) + §t+p- (2.1)

Multiplicative Forecasting:

Dt+p = (BAO +:él(t + p)) X LSAvt+p- (22)

In these equations, ﬁ,+ p is the fore-
casted value at future time point 7+ p, where
t is the index of the most recent observed
time period and p is the number of steps
ahead to be forecasted. The term fo is
the estimated intercept, and ﬁl is the esti-
mated slope of the linear trend component.
The seasonal component S‘Hp denotes the
estimated seasonal index corresponding to
month ¢ + p, which falls within a specific
season i(i = 1,...,s5). We define s as a 12-
month cycle. Each time point 7 is thus asso-
ciated with one of these 12 distinct seasons.

In the WOA—optimized decomposi-
tion model (WOA-D), as applied in [13, 16,
19], 14 parameters are estimated simulta-
neously: two for the trend component and
twelve for the seasonal component. The
WOA is employed to search for the optimal
parameter values within predefined bounds,
which are determined based on the seasonal
amplitude observed in the training dataset.
The WOA-D model is included as a base-
line method in the comparative analysis.

2.2.2 Holt—Winters model

The HW exponential smoothing
method is used to model the level, trend,
and seasonality of the time series. Separate
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formulations are applied based on the na-
ture of the seasonal component—additive
or multiplicative. The recursive updating
equations for level, trend, and seasonality,
as well as the forecasting function, are
presented in Egs. (2.3)-(2.10).

Additive Forecasting:

Flt+p = ft + P,ét + St—s+1+((p—1) mod s)

forp=1,2,.., (2.3)

ft =a(Y; - St—s) +(1- a’)(ft—l +ﬁAz—1),
2.4)

Bi=y(T —T-) + (L= y)-1, (2.5
Se =0(Y, = T;) + (1= 6)S;—s. (2.6)

Multiplicative Forecasting:

ﬁt+p = (Tl + pﬂAt) X St—s+1+((p—1) mod s)

forp=1,2,.., 2.7)
Tt = a'(Yt/St—s) +(1- a)(Tt—l +ﬁz—1),
(2.8)

Be=y(T, ~T,1) + (L=y)fic1,  (2.9)
Se = 6(Y/T,) + (1= 6)S,_s. (2.10)

In these equations, f}, Bt and § ¢ Tep-
resent the estimated level, trend, and sea-
sonal components at time ¢. The parameters
@,y and ¢ are smoothing constants for level,
trend, and seasonality, each constrained to
the interval [0,1]. The seasonal cycle length
is denoted by s = 12 for monthly data, and
the forecast horizon is represented by p.

In the WOA—optimized HW model
(WOA-HW), the WOA is applied to esti-
mate the three smoothing parameters and .
The WOA-HW model, as proposed in [13,
16, 19], is included as a baseline method in
the comparative analysis.

2.2.3 The combined Holt—Winters
and decomposition method (CHD)

The Combined HW and Decompo-
sition (CHD) model linearly integrates the

forecasts generated by the decomposition
and Holt—Winters models using a weight
parameter w € [0, 1]. The final forecasted
value is defined in Eq. (2.11):

Yiep = wDrip + (L+w)Hyyp, (2.11)

where ﬁ,+p and FIHP are the forecasts
from the decomposition and HW models,
respectively. The parameter w determines
the relative contribution of each model to
the final forecast and is optimized con-
currently with the model-specific param-
eters. In total, the CHD model requires
the estimation of 18 parameters. These in-
clude 14 parameters from the decomposi-
tion model—comprising two trend coeffi-
cients (B, B1) and twelve monthly seasonal
indices (5’1, S, 83, ..., 3‘12) as well as three
smoothing parameters from the HW model
(a,y,0) and one combination weight w.
The complete parameter set is optimized us-
ing the WOA.

The CHD-WOA+ model refers to
the configuration where both ﬁ,+ p and
H,, p are derived from their respective ad-
ditive models (i.e., Eq. (2.1) for decompo-
sition and Eq. (2.3) for HW). Similarly, the
CHD-WOAX model refers to the config-
uration where both components follow the
multiplicative form (i.e., Eq. (2.2) and Eq.
2.7).

The objective function used to evalu-
ate and optimize the CHD-WOA model is
the Root Mean Square Error (RMSE), cal-
culated over the training dataset as shown
in Eq. (2.12):

1 < .
RMSE = — Z(Yt -2, (212
"o

where Y, is the actual observed value, ¥, is
the forecasted value from the CHD-WOA
model, and 7 is the number of observations
in the training set.



P. Minsan and W. Minsan | Science & Technology Asia | Vol.31 No.1 January - March 2026

The optimization problem is formu-
lated as follows: minimize RMSE with re-
spect to all 18 parameters, subject to the
constraints:

Bo € [By - 0.21B1, By +0.2185] ,
Br € B —0.218;1, 81 +0.21411]
S; € [LB,UB], fori=1,2,..,s,
a,y,6 € [0,1]

(2.13)

The trend component is represented
by a simple linear equation and estimated
using the ordinary least squares (OLS)
method as follows:

7=+ B

The seasonal component bounds,
UB; and LB;, are determined differently de-
pending on the chosen model structure.

For the additive decomposition
model, the bounds are derived from the
first-order difference of the original series:

UB; = AY;, LB; = —AY;,

where AY; =Y, - Y, _1.

For the multiplicative decomposition
model, the seasonal index bounds are de-
fined as:

UB; =s5-0.01,LB; =0.01.

To ensure identifiability of seasonal
components, a normalization constraint is
applied to the seasonal indices. For the ad-
ditive model, the seasonal indices are ad-
justed so that their sum equals zero, i.e.,
2o S; = 0. For the multiplicative model,
the seasonal indices are normalized such
that their average equals one (or equiv-
alently, their sum equals 12 for monthly
data), i.e., 2.7, S, = s. These constraints
prevent overlapping effects between the

level and seasonal components and main-
tain consistency in the decomposition struc-
ture. where s represents the seasonal cycle,
which equals 12 for monthly data. These
bounds ensure that seasonal variation re-
mains within a reasonable range based on
the observed data behavior.

The HW method requires the estima-
tion of three smoothing parameters: level
(@), trend (y), and seasonality (). Each
parameter lies within the interval [0,1] and
plays a critical role in adjusting the model
components to reflect the underlying struc-
ture of the time series, including both long-
term trend and seasonal fluctuations.

The optimization routine used in this
study is implemented according to the
WOA, whose pseudocode is summarized
in Fig. 4. The configuration follows the
guidelines proposed in [4] and is adapted
from our previous implementations in [13,
16, 19] for optimizing the decomposition
and HW models, with necessary modifica-
tions for the CHD-WOA model.

The configuration of the WOA is
summarized in Fig. 4, with key parame-
ters set as follows: number of whales = 100,
number of parameters = 18, maximum it-
erations = 300, and a time limit of 30 sec-
onds. The search process terminates if the
global fitness fails to improve for 50 iter-
ations (Timprove= 50). Parameter bounds
are defined according to empirical ranges of
each model component. Random initializa-
tion is used without fixing a seed to preserve
stochastic exploration.

In contrast, the CHD-Classical
model applies a two-step procedure in
which the decomposition and HW models
are independently fitted to the training
dataset. Each model is calibrated sepa-
rately using classical methods to obtain
fitted values. After both fitted series are
obtained, the combination weight w in
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T,

improve

-

Fori=1to N

For j=1to m
p =rand[0,1]
Update a,7,4,C,D,D",b,l,X,,,
If p>0.5 then

Elseif p<0.5and|4|<1
Elseif p<0.5and |4]>1

Endif
End for
End for
Scaling Parameters

Update X'if there is a better solution
t=t+1

End while

Return X* = (x",x¥,...,x"*")

the number of whales: N =100, the number of parameters: m =18, maximum iterations:
T, =300, time limit: MaxTime = 30sec., the fitness value fails to improve after a specified:

=50, the bound of search area: Range Initialize X, = (x/,x7,...,x*), X~
While (t< T, ortime < MaxTime or the fitness value fails to improve after a specified

Check if any search agent goes beyond the search space and amend it

Update x; the position of the current search agent #Exploitation Phase
Update x/ the position of the current search agent #Encircling Prey

Update x; the position of the current search agent #Exploration Phase

Calculate fitness(X,) using CHD-WOA by the Eq. (12)

# Objective Minimize RMSE(4;, 4.,8.,8,,8:,8;,5:,8;,8.,8.,8,,8:,85,8,,a',y",6",w")where

Ak - 2% & * 14% B 15%  * 16% o* 17* * 18%
Lo=x .0 =x",..8, =x"and @ =x",y =x",8 =x' and w =x

i

Fig. 4. Pseudo-code of the CHD-WOA.

Eq. (2.11) is determined by minimizing
the RMSE on the training set. Since the
model parameters and the weight are not
optimized simultaneously, this approach
results in a local optimum for the combined
forecast. The CHD-Classical model is
included as a baseline method in this study
to compare with the global optimization
strategy of CHD-WOA.

Therefore, the WOA is employed to
achieve robust global optimization in non-
convex error spaces typical of environmen-
tal time series data, ensuring stable conver-
gence and reducing the risk of local minima.

2.3 Box-Jenkins method
The Box—Jenkins methodology is
employed in this study through the applica-

tion of Seasonal Autoregressive Integrated
Moving Average (SARIMA) models to pro-
vide a statistical benchmark for forecast-
ing. This approach is well-established for
its ability to capture both short-term fluctua-
tions and recurring seasonal patterns in time
series data. The SARIMA model is speci-
fied as SARIMA(p, d, q)(P, D, Q),, where
p.d, g represent the non-seasonal autore-
gressive, differencing, and moving average
orders, and P, D, Q represent their seasonal
counterparts, with s indicating the seasonal
length (e.g., s = 12 for monthly data).

The Box—Jenkins procedure involves
a systematic sequence of steps, beginning
with a stationarity check using the autocor-
relation function (ACF) and partial autocor-
relation function (PACF). If necessary, dif-
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ferencing is applied to stabilize the series,
including both regular and seasonal differ-
encing. Variance stabilization is also con-
sidered through data transformation tech-
niques such as logarithmic transformation
when required.

Once the series is rendered station-
ary, candidate models are identified based
on ACF and PACF patterns, and model
parameters are estimated using maximum
likelihood estimation (MLE). Model se-
lection was further guided by the Akaike
Information Criterion (AIC), which bal-
ances model fit and parsimony by penaliz-
ing excessive parameterization. Diagnos-
tic checking is then conducted to validate
model adequacy. This includes:

- Assessing the significance of esti-
mated parameters using t-tests.

- Using the t-test for testing whether
the mean of residuals is statistically differ-
ent from zero.

- Evaluating the randomness of resid-
uals with the Ljung—Box Q test.

- Checking residual normality via the
Kolmogorov—Smirnov (KS) test.

- Employing the ARCH LM test to
detect heteroscedasticity in the model resid-
uals, particularly to identify time-varying
volatility.

If any diagnostic assumption is vi-
olated, model refinement is conducted by
revisiting the identification and estimation
steps. Upon successful validation, the se-
lected SARIMA model is used to gener-
ate forecasts for the test period. The Box—
Jenkins model serves as one of the compar-
ative baselines to evaluate the effectiveness
of the proposed CHD-WOA approach [20].

2.4 Long-short term memory (LSTM)
method

The LSTM network is a specialized
form of recurrent neural network (RNN) de-

10

signed to model sequential data with long-
term dependencies. Leveraging its gated
memory cell architecture, the LSTM is par-
ticularly effective in capturing temporal dy-
namics and nonlinear patterns in time series
data, making it suitable for forecasting tasks
such as PM2.5 concentrations.

In this study, the LSTM model is
configured using a sequential structure
comprising one hidden LSTM layer fol-
lowed by a dense output layer. The input
data—monthly maximum values of daily
24-hour average PM2.5 concentrations in
the BMR—is first normalized using Min-
Max scaling to ensure numerical stability.
A sliding window approach is used to con-
struct input-output pairs, where each input
consists of a specified number of lagged
observations (look-back window), and the
output corresponds to the PM2.5 value of
the following month.

Two look-back windows, 6 and 12
months, are employed to capture short- and
medium-term temporal dependencies. For
each setting, the model is trained on the
first 36 months (January 2021 to Decem-
ber 2023) and used to generate forecasts for
the subsequent 12 months (January to De-
cember 2024). The network is trained for
100 epochs using the Adam optimizer with
a RMSE loss function and a batch size of
1. The number of epochs was set to 100
based on preliminary convergence analysis,
which showed that the model’s loss function
stabilized after approximately 80 epochs,
and further training beyond 100 epochs led
to overfitting without improving forecast
accuracy.

To evaluate the model’s internal fore-
casting performance, the predicted values
were inverse-transformed to the original
scale and compared with the observed val-
ues using the RMSE. This metric, consis-
tent with the model’s training loss function,
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quantifies the average magnitude of predic-
tion errors and provides a straightforward
measure of the model’s accuracy.

The LSTM-based approach is in-
cluded as a benchmark method in the com-
parative evaluation to assess the relative ac-
curacy of the proposed CHD-WOA frame-
work. This model helps demonstrate the
applicability of deep learning techniques in
forecasting high-variability environmental
time series data.

2.5 Evaluation criteria

The forecasting performance of all
models is evaluated through both in-sample
and out-of-sample comparisons. The in-
sample evaluation measures how well each
model fits the training data, while the out-
of-sample evaluation assesses the forecast-
ing accuracy on the test data.

2.5.1 In-sample Evaluation (Train-
ing Phase)

The in-sample accuracy is assessed
by comparing the fitted values against
the actual observations within the training
dataset. The RMSE is employed as the pri-
mary metric and is computed using:

1 < .
RMSE = — Z(Yt -2
mi3

where n; is the number of observations in
the training dataset (36 months), and ¥; and
f’t denote the actual and fitted values, re-
spectively.

The comparison focuses on the pro-
posed hybrid models. Specifically, the
CHD-WOA+ model is compared with
CHD-Classical+, and CHD-WOAX is
compared with CHD—Classicalx, to exam-
ine the impact of WOA-based optimization
on model fitting performance.
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2.5.2 Out-of-sample evaluation

(Forecasting Phase)
The forecasting accuracy on the test

dataset is evaluated using the mean absolute

percentage error (MAPE), defined as:

Y, - ¥,

Y

MAPE = @

12 =37

’

where Y, and Y, are the actual and fore-
casted values for the testing period. Here,
n = 48 refers to the total number of months
in the full dataset, with testing data cover-
ing months 37 through 48. The MAPE mea-
sures the average relative error between the
predicted and observed values, expressed as
a percentage.

In total, ten forecasting methods
were compared in this study, covering
both statistical and machine learning ap-
proaches. All models are included in the
MAPE-based comparison:

- WOA-HW+ and WOA-HWx

- WOA-D+ and WOA-Dx

- CHD-WOA+ and CHD-WOAX

-  CHD-Classical+ and CHD-
Classicalx

- Box—Jenkins

-LSTM

This two-stage evaluation frame-
work provides a comprehensive assessment
of each model’s performance across both
historical fitting and future prediction tasks.

3. Results and Discussion
3.1 In-sample evaluation
Phase)

To evaluate the model fitting perfor-
mance during the training phase, the RMSE
was computed between the actual observed
values and the fitted values generated by
each model. The comparison was con-
ducted between the CHD—WOA and CHD—
Classical models for both additive and mul-

(Training
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tiplicative forms, across all eight air quality
monitoring stations in the BMR.

Table 1 presents the RMSE results
for the additive models. Across all sta-
tions, the CHD-WOA+ model consistently
achieved lower RMSE values compared to
the CHD—Classicalt+ model. Notably, the
CHD-WOA+ model outperformed its clas-
sical counterpart at every station, with the
most substantial improvements observed at
stations 16T (4.7 vs. 8.7), 12T (7.2 vs. 9.6),
and 27T (11.8 vs. 14.2). These results indi-
cate that the integration of the WOA in the
additive CHD model leads to more accurate
parameter estimation and better in-sample
fit.

Table 2 summarizes the RMSE re-
sults for the multiplicative models. Simi-
lar to the additive case, the CHD-WOAX
model outperformed the CHD-Classicalx
model at all stations. The lowest RMSE val-
ues in each column are highlighted to em-
phasize the advantage of using the WOA—
based optimization. Significant improve-
ments were again observed at stations 16T
(4.8 vs. 8.7), 59T (5.5 vs. 9.3), and 11T
(5.9 vs. 9.2). These results reinforce the ro-
bustness of the CHD-WOA framework in
both seasonal forms and across diverse data
conditions.

3.1.1 Out-of-sample
(Testing Phase)

The out-of-sample forecasting per-
formance of all models is evaluated over
a 12-month prediction horizon (January to
December 2024) using the MAPE. This
metric reflects the average percentage de-
viation between forecasted and actual val-
ues and is widely used to assess forecast-
ing accuracy, particularly when comparing
different model frameworks across multiple
monitoring locations.

Prior to comparative evaluation, the

evaluation
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Box—Jenkins models were established for
each station based on the SARIMA speci-
fication that best fit the training data. Table
3 summarizes the selected SARIMA struc-
tures, along with any applied transforma-
tions and results from model adequacy di-
agnostics. Half of the monitoring stations
required data transformation prior to model
fitting. Logarithmic transformation was ap-
plied at stations 12T, 20T, and 81T, while
a square root transformation was used for
16T. The remaining four stations were mod-
eled using the original untransformed data.
The model identification process followed
standard Box—Jenkins procedures, includ-
ing visual inspection of ACF/PACF plots
and selection based on AIC.

The selected models passed all di-
agnostic tests at the 5% significance level.
Additionally, although not shown in Ta-
ble 3 to maintain clarity and conciseness,
all model parameters in the final SARIMA
specifications were statistically significant
based on individual t-tests.

As shown in Table 4, the CHD-
WOA-+ model produced the lowest MAPE
at two stations: 11T (16.8%) and 59T
(16.4%). The CHD-WOAX model also
achieved top performance at 12T (18.9%)
and 16T (15.7%). In addition, the WOA—
D+ model yielded the most accurate fore-
casts at 13T (12.7%) and 20T (13.1%),
while WOA-Dx provided the lowest error
at 81T (17.3%). Interestingly, the LSTM
model delivered the best result only at 27T
(15.0%), though its performance at other
stations was notably poor.

Overall, the CHD-WOA
framework—comprising  both  addi-
tive (CHD-WOA+) and multiplicative
(CHD-WOAX) seasonal formulations—
demonstrated  superior  out-of-sample
forecasting performance across multiple
monitoring stations. It achieved the lowest
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MAPE at four out of eight stations (11T,
12T, 16T, and 59T), representing 50%
coverage in terms of best-performing loca-
tions and highlighting its robustness under
diverse air quality conditions within the
BMR. This superiority can be attributed to
the model’s integrated structure and global
optimization strategy. By combining the
strengths of the Holt—Winters and decom-
position methods, CHD-WOA effectively
captures both long-term trend—seasonal
patterns and localized fluctuations in
PM2.5 concentrations. The simultaneous
parameter estimation via the WOA enables
global exploration of the solution space,
avoiding local minima typical of con-
ventional approaches, while the weighted
averaging mechanism allows adaptive
adjustment to the temporal characteristics
of each monitoring site. These features
collectively make the CHD-WOA model
particularly suitable for complex urban
environments such as Bangkok, where air
quality dynamics are shaped by interacting
factors including traffic emissions, mete-
orological variability, and transboundary
influences.

In the final stage of this study, the
most appropriate forecasting model for each
air quality monitoring station—determined
from the lowest MAPE values in the out-
of-sample evaluation—was retrained using
the entire dataset (January 2021 to Decem-
ber 2024) in order to maximize model cal-
ibration. These fully trained models were
then used to forecast the monthly maximum
of daily 24-hour average PM2.5 concentra-
tions for a 12-month horizon, covering Jan-
uary to December 2025.

The resulting forecasts are summa-
rized in Table 5, while the corresponding
time series plots are illustrated in Fig. 5.
Each subplot shows the actual data, the fit-
ted values over the training period, and the
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12-month forecasted values. The visual
comparison demonstrates that the chosen
models not only fit the historical data well
but also capture the seasonal structure of
PM2.5 concentrations with reasonable fore-
cast continuity.

The forecasts in Table 5 further em-
phasize typical seasonal patterns, with the
highest predicted PM2.5 values generally
occurring between January and April, align-
ing with the dry season and peak pollu-
tion period in the BMR. For example, the
highest forecasted values occur in Febru-
ary 2025 at several stations—76.2 ug/m? at
20T, 73.5 pg/m? at 81T, and 72.9 ug/m3
at 27T—indicating a strong seasonal peak.
In contrast, values drop considerably during
the rainy season (June—September), which
is consistent with the natural dispersion and
removal of airborne particles due to precip-
itation.

These results validate the reliability
of the selected models not only in fitting
past data but also in generating plausible
forecasts for future air quality. This capa-
bility is particularly valuable for environ-
mental policy planning, early warning sys-
tems, and public health preparedness in the
region.

The differences in the best-
performing forecasting methods across
the monitoring stations can be attributed to
the heterogeneous characteristics of PM2.5
time series in the BMR. Each station is in-
fluenced by distinct emission sources, local
meteorological conditions, and surrounding
land use. For instance, urban stations such
as 11T and 59T, located in the inner city
of Bangkok, exhibit more dynamic and
irregular PM2.5 patterns driven by traffic
and meteorological variability. =~ These
complex fluctuations favor the flexibility
of the CHD-WOA models, which integrate
both structural and adaptive components.
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Table 1. RMSE of additive model of train dataset for each air quality monitoring station.

Additive Air Quality Monitoring Station
Model 1T 12T S9T 13T 16T 20T 27T 81T
CHD-WOA+ 70 72 75 83 47 101 118 9.1
CHD—Classical+ 92 96 91 103 &7 119 142 10.7

Note: The lowest RMSE value between CHD-WOA and CHD-Classical is bold.

Table 2. RMSE of multiplicative model of train dataset for each air quality monitoring station.

Additive Air Quality Monitoring Station
Model 1T 12T S9T 13T 16T 20T 27T 81T
CHD-WOAXx 59 6.0 55 7.2 48 94 118 7.7
CHD-Classicalx 92 87 93 102 &7 11.7 144 107

Note: The lowest RMSE value between CHD-WOA and CHD—Classical is bold.

Table 3. Box—Jenkins models and model adequacy diagnostics by air quality monitoring station.

Air Quality Monitoring Station ~ Transfor-mation S ARH\/]IB/(X)Z([;,‘LTZ;(;E ;’0)12 ( Pt—_flifle) ([}f?\l/laﬁ\e/l) ( P—%:lue) IEIE-]:/zlgué)z
T - SARIMA(0.1,1)(0.1.1)12 (6(.)§11(z)3) ((l):gg) (g:(l)gg) ((1).6682)
121 Ln SARIMA(0,1,1)(0,1.0)12 (0().56165) ((2):223) (>00:1 11560) (07.'73723 )
59T - SARIMA(0,1,0)(1,1,0)12 (0055776) (S'Zgg) (g:égg) (0685326)
13T - SARIMA(2,1,2)(1,1.0)12 (0038391) (g 3% (>06(,)19 560) (0924261)
16T Square Root SARIMA(0,1,1)(0,1,0)12 0121496 (g gég) (gégg) (é7032)
20T Ln SARIMAOLDO10)2 s (g 223) (>06,115520) ((1)80;8)
27T - SARIMA(0,1,0)(1,1,0)12 (0047565) ((3) igg) (giéZ§> © 56598)
8IT Ln SARIMA(0,1,1)(0,1,0)12 ((_)(.)5.5%)56) (gégg) (g:(l);;) ((1),6i Z;)

Table 4. MAPE of test dataset for each air quality monitoring station.

Model Air Quality Monitoring Station

11T 12T 59T 13T 16T 20T 27T 8IT
WOA-HW+ 195 227 251 187 207 149 159 184
WOA-HWx 209 23.0 251 17.8 207 174 175 218
WOA-D+ 176 290 172 127 189 131 17.0 20.8
WOA-Dx 185 249 188 133 169 136 175 173
CHD-WOA+ 168 337 164 212 233 193 185 174
CHD—Classical+ 177 278 164 132 184 133 163 20.1
CHD-WOAX 246 189 213 20.0 157 157 19.6 21.1
CHD-Classicalx 186 247 189 135 171 140 167 174
Box-Jenkins 372 407 63.7 368 209 221 294 237
LSTM 389 344 316 235 312 179 15.0 26.6

Note: The lowest MAPE value for each province is bold.

In contrast, suburban and peri-urban models—based on explicit decomposition
stations such as 13T and 20T tend to of trend and seasonality—more suitable.
show more regular seasonal cycles and sta- The LSTM model achieved its best

ble long-term trends, making the WOA-D performance at station 27T, likely due to its

14
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Table 5. Forecasted monthly maximum of daily 24-hour average PM2.5 for each station, January
2025 — December 2025.

Month/Year Air Quality Monitoring Station

11T 12T 59T 13T 16T 20T 27T 8IT

Jan-25 51.7 47.1 40.8 58.6 53.1 658 725 654
Feb-25 653 634 527 648 670 762 729 735
Mar-25 572 55.0 46.1 520 535 601 660 53.0
Apr-25 48.1 498 555 488 564 525 529 521
May-25 41.6 290 258 247 281 302 400 283
Jun-25 19.1 185 164 145 228 192 284 215
Jul-25 135 152 149 110 140 17.8 21.7 143
Aug-25 144 169 135 156 147 219 23.0 18.6
Sep-25 194 176 227 173 228 235 312 214
Oct-25 305 295 228 309 357 356 440 36.1
Nov-25 350 309 231 319 343 413 569 384
Dec-25 39.9 350 30.1 46.7 404 529 66.1 525

Note: The first and second highest values within each 12-month period.
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Fig. 5. Actual, fitted and forecasted monthly maximum of daily 24-hour average pm2.5 for each
stations using the most appropriate forecasting methods.

ability to capture nonlinear variations asso-
ciated with dynamic emission patterns in in-
dustrial and coastal areas. These variations
indicate that no single forecasting method
universally dominates across all locations,

as model performance depends strongly on
the temporal dynamics and local pollution
regimes of each station.
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4. Conclusion

This study introduced a novel hybrid
time series forecasting model, referred to as
CHD-WOA, which combines the decom-
position and Holt—Winters methods through
a weighted averaging scheme and opti-
mizes all parameters simultaneously using
the WOA. The proposed model was eval-
uated using monthly maximum values of
daily 24-hour average PM2.5 concentra-
tions across eight air quality monitoring sta-
tions in the BMR. Comparative evaluations
against classical methods, standalone mod-
els, Box—Jenkins, and LSTM demonstrated
the superior forecasting capability of the
CHD-WOA framework.

The in-sample evaluation demon-
strated that WOA—-based parameter estima-
tion significantly improved model fit in
both additive and multiplicative formula-
tions, while the out-of-sample forecasting
results showed that CHD-WOA achieved
the lowest MAPE at 50% of the monitor-
ing stations. Forecasts for the year 2025,
generated using fully retrained models, suc-
cessfully captured seasonal pollution pat-
terns consistent with historical trends and
meteorological conditions.

These findings highlight the prac-
tical value of integrating classical time
series structures with metaheuristic opti-
mization, particularly for forecasting com-
plex environmental phenomena with sea-
sonal and non-linear dynamics. The CHD—
WOA model offers a flexible and accu-
rate tool that can support proactive air qual-
ity management, health risk mitigation, and
decision-making processes. Future work
may explore extending this framework to
multivariate forecasting scenarios or incor-
porating additional optimization strategies
for real-time adaptive applications.
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