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ABSTRACT

This study aims to develop a physically consistent, dual-attention bidirectional Long Short-Term Memory (BiLSTM)
framework for accurate hourly forecasting of PM2.5 concentrations in New Taipei City, Taiwan, and to determine
whether multi-scale atmospheric signal conditioning and attention-based temporal modelling can improve forecast-
ing performance and generalisation across heterogeneous coastal-mountain atmospheric regimes. Hourly PM2.5, co-
located gaseous pollutant, and meteorological observations from five monitoring stations, were pre-processed through
wavelet-based denoising, Box—Cox variance stabilisation, and robust scaling. A residual dual-attention BILSTM incor-
porating adaptive feature gating, dual global pooling, and a softplus output layer was trained using Huber loss and the
Adam optimiser, and benchmarked against a baseline BILSTM and traditional statistical models (VAR and ARIMA).
Forecasts were combined through an inverse-error-weighted ensemble, and performance was assessed using MSE,
RMSE, MAE, MAPE, R?, and explained variance, complemented by an ablation analysis at each station. The proposed
model achieved R? between 0.80 and 0.85 across all five stations, consistently outperforming the baseline BILSTM and
the ARIMA/VAR benchmarks, which produced near-zero or negative explanatory power. Improvements associated
with individual architectural components. The model shows attenuation for extreme concentrations (>50-60 pg/m?),
residual heteroscedasticity persists at high pollution levels, and the results are based on a single metropolitan area over
the study period, so wider spatial and temporal validation would strengthen the generalisability of the conclusions. The
framework provides a computationally efficient, physically constrained tool for hourly PM2.5 forecasting that can sup-
port real-time public health advisories and emission-management decisions in coastal-mountain metropolitan areas.
The study introduces a station-adaptive, physically consistent dual-attention BiLSTM that combines signal condition-
ing, adaptive gating, and error-weighted statistical ensembling without requiring predefined spatial graph structures,
offering new insight into the conditions under which architectural complexity benefits PM2.5 forecasting.

Keywords: PM2.5 forecasting, hybrid deep learning, bidirectional LSTM with dual attention, atmospheric signal
conditioning, urban air quality dynamics.

INTRODUCTION environmental monitoring and risk assessment
(Ali et al., 2024). Fine particulate matter (PM2.5)

Environmental and other external stressors  is one of the major global environmental health
can have substantial implications for population  concerns because of its ability to penetrate deeply
health, reinforcing the importance of reliable into the respiratory system and its association
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with cardiovascular and respiratory diseases (Le-
lieveld et al., 2015; Pope and Dockery, 2006).
Accurate short-term forecasting of hourly PM2.5
concentrations is important for public health ad-
visories, real-time emission mitigation, and urban
air-quality management. However, hourly PM2.5
forecasting is particularly challenging because
pollutant concentrations are shaped by complex
interactions among meteorology, atmospheric
chemistry, and anthropogenic emissions. These
interactions become especially pronounced in
coastal-mountain metropolitan environments,
where sea—land breezes, orographic flows, and
monsoon-related transport can produce nonlinear
and rapidly changing pollution dynamics (Sein-
feld and Pandis, 2016).

New Taipei City, Taiwan, represents such a
complex environment, with dense urban emis-
sions occurring within a topographically varied
region influenced by coastal and mountainous at-
mospheric conditions. In the present study, five
monitoring stations Bangiao, Linkou, Tamsui,
Wanli, and Xizhi are modelled individually to
examine the reliability of the forecasting frame-
work under different atmospheric and pollution
scenarios. Rather than relying on predefined spa-
tial graph structures, the framework evaluates
whether the models can generalise across differ-
ent coastal-basin transport regimes. The spatial
heterogeneity among the monitoring locations
therefore provides an appropriate setting for as-
sessing whether a forecasting approach can learn
the dynamic behaviour of PM2.5 while maintain-
ing predictive performance across different atmo-
spheric regimes.

Air-quality forecasting has traditionally re-
lied on time-series models such as autoregres-
sive integrated moving average (ARIMA) and
vector autoregressive (VAR) models. These ap-
proaches can perform satisfactorily under rela-
tively stationary and linear conditions but are
less suited to representing complex nonlinear
chemical processes, unexpected regime changes,
and interactions among multiple meteorological
conditions. Machine-learning methods, includ-
ing support vector regression, random forest, and
boosting techniques, have demonstrated greater
ability to represent nonlinear relationships but
generally have limited temporal memory for cap-
turing long-range dependencies (Grange et al.,
2018; Jiang et al., 2004). Deep-learning methods
have consequently been increasingly applied to
PM2.5 forecasting. Recurrent neural networks,
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particularly long short-term memory (LSTM)
models, can capture temporal dependencies and
nonlinear patterns in pollution data (Hochreiter
and Schmidhuber, 1997). Bidirectional LSTM
(BILSTM) models further enhance contextual
representation by processing sequential informa-
tion in both forward and backward directions.
Attention mechanisms have subsequently been
incorporated to emphasise informative temporal
and spatial information and to dynamically assign
greater importance to relevant drivers (Bahdanau
etal., 2014; Luong et al., 2015).

More recently, transformer-based and graph-
based architectures have further advanced PM2.5
forecasting. Sparse-attention Transformer net-
works have demonstrated improved modelling
of long-term dependencies in complex pollutant
time series (Zhang and Zhang, 2023). Hybrid
deep-learning approaches combining graph neu-
ral networks (GNNs) with attention mechanisms
have been proposed to capture spatial correla-
tions among monitoring sites and have frequently
achieved lower forecasting errors in multi-city
settings (Guan et al., 2025). Adaptive Graph-
Transformer models integrating graph convolu-
tions, temporal convolutions, and self-attention
have also been reported to achieve state-of-the-art
municipal-scale PM2.5 forecasting with fine spa-
tial extrapolation (Velez-Serrano and Alvaro-Me-
ca, 2025). In addition, transport-informed GNNs
have incorporated advection—diffusion physics
into learnable graph operators to improve opera-
tional PM2.5 forecasting (Dimri et al., 2026).

Despite these advances, several limitations
remain in current spatio-temporal deep-learning
approaches to air-quality forecasting. Transform-
er- and graph-based architectures can require
large sensor networks or high-resolution spatial
grids to fully exploit their representational capac-
ity, which may not be available in local urban
monitoring networks. Although Transformers
are effective at modelling long-range dependen-
cies, they can be sensitive to noise and irrelevant
variables in multivariate pollution data. GNNs
depend on predefined graph structures, whose
construction may be subjective or based on exter-
nal information such as geographical proximity,
and such structures may not adapt adequately to
regime shifts associated with nonstationary me-
teorological conditions. In addition, many deep-
learning models remain primarily data-driven and
do not systematically address the nonstationary
and multi-scale characteristics of environmental
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time series. Consequently, high-frequency sto-
chastic variability, long-term pollution patterns,
and short-duration extreme haze events may not
be represented equally effectively, while the ab-
sence of explicit physical constraints may result
in physically implausible forecasts, such as nega-
tive concentrations.

These limitations leave an important method-
ological gap: how to achieve accurate and physi-
cally plausible hourly PM2.5 forecasts across
heterogeneous atmospheric regimes using a fore-
casting framework that can account for multi-
scale signal variability and dynamically identify
informative temporal and meteorological-chemi-
cal features without requiring a predefined spa-
tial graph. Addressing this gap requires not only
improving predictive accuracy but also determin-
ing whether appropriate signal conditioning and
attention-based temporal modelling can improve
the robustness of forecasts across monitoring
sites characterised by different pollution regimes.

Accordingly, the purpose of this study is to
develop and evaluate a physically consistent
dual-attention BiLSTM framework for hourly
PM2.5 forecasting and to determine whether the
integration of multi-scale signal conditioning,
attention-augmented temporal modelling, adap-
tive feature selection, and statistical forecast in-
formation improves forecasting performance and
generalisation across different coastal-mountain
atmospheric regimes. The underlying hypothesis
is that wavelet-based denoising, Box—Cox vari-
ance stabilisation, and robust scaling can provide
a more suitable representation of the nonstation-
ary PM2.5 signal by suppressing high-frequency
stochastic noise, mitigating heteroscedasticity,
reducing sensitivity to outliers, and preserving
structural variations and extreme haze events. A
second hypothesis is that a residual BILSTM with
dual attention, adaptive feature gating, and dual
global pooling can more effectively capture both
long-term temporal dependencies and short-du-
ration pollution peaks while dynamically adjust-
ing the influence of meteorological and chemical
covariates. Finally, it is expected that imposing
non-negativity through a softplus output and
combining the deep-learning forecasts with VAR
and ARIMA statistical backgrounds through in-
verse-error-weighted ensemble integration will
improve the physical plausibility and overall reli-
ability of the forecasts. To test these hypotheses,
the proposed framework incorporates wavelet-
based denoising, Box—Cox variance stabilisation,

robust scaling, a residual BiLSTM backbone,
dual attention, adaptive feature gating, dual glob-
al pooling, and a softplus output layer, followed
by inverse-error-weighted integration with VAR
and ARIMA forecasts. The framework is evalu-
ated independently at Bangiao, Linkou, Tamsui,
Wanli, and Xizhi to determine whether the pro-
posed approach can maintain forecasting perfor-
mance across distinct coastal-basin transport and
atmospheric regimes.

STUDY AREA

The area of study comprises five districts in
Figure 1: Xizhi, Banqgiao, Linkou, Tamsui, and
Wanli. These were chosen to represent New Tai-
pei and its metropolitan surroundings, each pre-
senting varying environmental and human factors
that contribute to predicting PM2.5 concentra-
tions. For example, there are busy traffic routes,
mixed residential and industrial zones, new sub-
urban development, coastal weather conditions,
and semi-rural backgrounds. Bangiao and Xizhi
have considerable vehicle emissions, Linkou
shows the impact of recent expansion and high-
er emission sources, while Tamsui, on Taiwan’s
northern coast, is significantly affected by sea
airflow and monsoon dynamics. Wanli, though
less urbanised, faces threats from regional pollu-
tion and transport in the Taipei basin. This diver-
sity makes these districts effective for modelling
PM2.5 changes and creating a prediction frame-
work (Tsai et al., 2021).

METHODOLOGY

In this paper, a physically aware deep learn-
ing framework is presented for hourly PM2.5
concentration predictions in New Taipei City, Tai-
wan, a metropolitan area with high levels of ur-
banisation, diverse industrial emissions, vehicle
pollutants, and complex coastal mountain circu-
lation and seasonal northeast monsoon transport
(Chou et al., 2023). The combination of these ele-
ments yields highly nonlinear, nonstationary, and
regime-dependent pollution dynamics, providing
major hurdles for classic statistical and solely da-
ta-driven models. To address these challenges, we
propose a hybrid residual dual-attention Bidirec-
tional Long Short-Term Memory (BiLSTM) ar-
chitecture coupled with robust atmospheric signal
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Figure 1. Study region exhibiting PM2.5 concentration forecast districts in New Taipei City, Taiwan:
Bangqiao, Xizhi, Linkou, Tamsui, and Wanli

conditioning and statistical ensemble benchmark-
ing. Hourly observations were obtained from
around five permanent monitoring sites. For sta-
tion s and time step t, the predictor vector is:
X©=[4019, 502, ¥,
CO®, 039, NO2, ®, WS©, WD ] (1)
and the target variable is:
y©=PM25 (2)
The forecasting objective is:

I =AX, ) L= 24 3)

Atmospheric signal conditioning

Prior to being employed in a model, raw
PM2.5 observations pass through a hierarchi-
cal signal conditioning procedure that separates
random fluctuations, different types of variance,
and measurement errors. First, we use discrete
wavelet decomposition (Gao and Yan, 2010) to
separate multi-scale temporal features from high-
frequency observational noise:

x 0= WA (T x (W(x/™)) )
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where: W denotes the discrete wavelet transform
and 7x4 is a soft-thresholding opera-
tor to attenuate spurious transients with-
out discarding physically meaningful
fluctuations.

For the purpose of stabilising non-constant
variance and accommodating the nonlinear distri-
butional characteristics of urban particulate con-
centrations, a Box—Cox transformation (Sakia,
1992) is used with an additive positivity shift.
Thus, to maintain physical interpretability and
output plausibility, model training is conducted
on Min—Max scaled original PM2.5 values, de-
spite the fact that this step enhances statistical
homoscedasticity.

Median imputation is applied to handle miss-
ing values, and robust scaling is performed to
mitigate the influence of outliers for predictor
variables, which include meteorological covari-
ates and gaseous pollutants.

x e = (x — median(x)) / IOR(x) 5)

ensuring resilience to extreme events, epi-
sodic outliers, and regime-dependent skewness
inherent in urban air quality data.
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For the VAR model (Liitkepohl, 2013), in
particular, principal component analysis (PCA)
(Greenacre et al., 2022) is conducted on the mul-
tivariate predictors to achieve dimensionality
reduction while retaining principal components
that explain 95% of total variance. This ensures
that the dominant co-variational patterns in atmo-
spheric drivers are captured while retaining com-
putational tractability for multivariate autoregres-
sive modelling.

Finally, chronological splitting is conducted
to split the data into training and testing sets, with
70% for training and 30% for testing to prevent
information leakages. The 24-hour sliding win-
dows are then constructed to capture diurnal cy-
cles, pollutant accumulations, and transient trans-
port phenomena in sequences that are conducive
to bidirectional modelling. This ensures that the
proposed learning framework comes with inputs
that are physically accurate and temporally coher-
ent, thus achieving a balance between interpretive
accuracy and statistical rigour.

Residual dual-attention BiLSTM
architecture

The nonlinear combination of emission ac-
cumulation, turbulence dispersion, chemical
transformation, and airborne transport mecha-
nisms is responsible for urban PM2.5 dynamics.
To capture these multi-scale, regime-dependent
interactions, we combine a series of multivariate
atmospheric states into a high-dimensional latent
space using a bidirectional LSTM encoder:

Hy = [Ht; ht] (6)

where: Etﬁt and h:h; denote causal accumu-
lation and anticipatory contextual dependence,
respectively. In this latent space, forward prop-
agation is used to represent the sequential ac-
cumulation of pollutants based on the effects of
previous emissions and meteorological forcing
conditions, and backward propagation allows the
model to learn anticipatory corrections based on
the subsequent temporal structure, thus forming a
bidirectional dynamical system.

Adaptive feature gating is represented as a
multiplicative state-dependent operator:

g =oW,H+b),H=H g (7)
It performs an input-conditioned rescaling

of latent features, selectively amplifying latent
features associated with chemically dominating

processes and suppressing irrelevant features dur-
ing stable dispersion regimes. This gating mech-
anism applies an input-conditioned, nonlinear
transformation conditioned on latent state, modu-
lating the trajectory in latent space via feature-
wise reweighting.

The attention, following the Luong-style dot
product definition, computes a context vector:

¢ =Za,h, ®)

interpreted as an attention-weighted aggrega-
tion over the latent trajectory that emphasizes his-
torically relevant states as determined by learned
attention weights. By integrating attention-de-
rived context with the original latent space via
residual fusion:

H' =H +c, C)

The architecture retains dynamical patterns
while adding a contextually corrective perturba-
tion that stabilizes gradient flow and mitigates in-
formation decay over deep temporal layers.

Dual global pooling applies the enhanced
residual latent sequence onto a compact
representation:

z = [AvgPool(H"), MaxPool(H")] (10)

performing a multi-scale aggregation that si-
multaneously records low-frequency baseline dy-
namics and high-amplitude episodic excursions.

The last prediction layer applies a Softplus
activation:

Y, =In(1+ e"ozt) (11)

It maintains non-negativity while retaining
differentiable, numerically stable gradients. Thus,
this residual dual-attention BiLSTM can be in-
terpreted as a hybrid operator-based dynamical
system: it maps multivariate atmospheric trajec-
tories to a physically informed latent space, per-
forms regime-adaptive reweighting and temporal
integration, and produces output-level projections
that combine deep learning flexibility with physi-
cal plausibility.

The architecture of our proposed approach
is illustrated in Figure 2. It represents the pro-
posed framework as a structured transforma-
tion in which multivariate atmospheric inputs
are progressively mapped into a constrained
scalar forecast through sequential representa-
tion. The diagram depicts a hierarchical state-
space transformation. The Bidirectional LSTM
produces a latent dynamical embedding of the
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Figure 2. Residual dual-attention BiLSTM framework for hourly PM2.5 forecasting

24-hour atmospheric track, providing a tempo-
rally indexed hidden latent space that captures
persistence and delayed nonlinear interactions.
The adaptive gating functions as a multiplicative
state-dependent operator, focusing on this latent
space and reweighting latent coordinates in re-
sponse to the development of regime param-
eters. The attention mechanism then performs a
learnt projection over the temporal axis, yielding
a context vector that approximates a data-driven
temporal significance measure. The residual pre-
serves representational continuity by confining
attention-induced updates relative to the original
encoded state, hence stabilising gradient propa-
gation and reducing distortion of long-memory
structures. Dual global pooling then carries out
functional reductions across the temporal di-
mension, with mean aggregation approximating
integrated background loading, while max ag-
gregation maintains extreme-state excursions,
yielding a compact yet regime-sensitive repre-
sentation. Finally, the Softplus output layer en-
forces positivity, incorporating physical feasibil-
ity directly inside the optimisation landscape.

Model optimization and ensemble

We perform parameter estimation by minimis-
ing the Huber loss function, a piecewise objective
that combines the sensitivity of the squared error
for small variations with the resilience of the ab-
solute error for large residuals.

Ly, y) ="y = y), for |y = y| <9;
Ly, y)=o(ly =yl = 20), for |y = y| > 9 (12)
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This technique reduces the disproportionate
influence of infrequent severe pollution occur-
rences while being sensitive to regular diurnal
oscillations, ensuring that the learned mapping
encompasses both routine and episodic dynamics.

The Adam method is used for optimisation,
along with gradient clipping and a learning rate
decrease. Gradient clipping reduces unstable
updates in deep recurrent models, especially in
bidirectional LSTM encoders, where temporal
dependencies may spread exponentially over ex-
tended sequences. Adaptive learning-rate sched-
uling enhances convergence in the initial epochs
while allowing for smaller gradient steps during
subsequent refinement, resulting in numerically
stable and physically plausible representations of
pollutant evolution. The proposed optimised BiL-
STM, baseline BiLSTM, VAR, and ARIMA pre-
dictions have been combined into an inverse-er-
ror weighted ensemble to make the final forecasts
more reliable. The mean absolute error (MAE) is
used to figure out the ensemble weighting.

w, = (IUMAE,) | = (IMAE), y
= Zm Wm )’/‘(m)

ensemble
(13)

providing more weight to models that show
better validation accuracy. This method uses the
strengths of each model: the BiLSTM models
capture nonlinear and temporally lagged pollut-
ant interactions, the VAR model captures domi-
nant multivariate co-variational modes, and the
ARIMA model offers a simple autoregressive ap-
proach as a baseline for trend extrapolation. The
ensemble combines the biases and variances of the
models, producing physically plausible, consistent
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and statistically robust hourly forecasts of PM2.5,
which are useful in the management and formula-
tion of policies related to air quality in cities.

EXPERIMENTS

Air quality observations were derived from the
data collected at five air quality monitoring stations
in New Taipei City (Xizhi, Wanli, Banqiao, Tam-
sui, and Linkou), which are representative of urban
environments with coastal-mountain circulation
and heterogeneous human emissions. The data set
contains concentrations of PM2.5 and co-located
gaseous species (SO,, CO, NO,, and O,) and mete-
orological parameters (wind speed and wind direc-
tion), measured on an hourly basis. These observa-
tions represent the combined response of emission
activity, atmospheric chemical transformation, and
meteorological transport processes controlling the
variability of particulate air quality.

To maintain the temporal causality of the data,
the data set was split chronologically into 70% for
training and 30% for testing. The PM2.5 time se-
ries was denoised using a discrete wavelet trans-
form, and variance stabilisation was applied via a
Box-Cox transformation with a positive shift. For
the vector autoregressive baseline model, the pre-
dictor variables were median imputed and scaled
to minimise the effect of outliers. For the vector
autoregressive baseline model, the predictor vari-
ables were also subject to a PCA transformation
to retain 95% of the variance.

The prediction of the proposed approach is
based on a residual dual-attention bidirectional
long short-term memory network. It is based on
recognising nonlinear temporal relationships,
which are part of the nature of pollutants. The in-
puts are taken on a 24-hour cycle. It includes an
adaptable feature that allows for changing the na-
ture of the prediction. Temporal attention is incor-
porated to identify previous periods. It is more sta-
ble to include a residual relationship. Dual global
pooling is effective for background pollution levels
and random peaks. The addition of a Softplus layer
is necessary to keep the predictions between a cer-
tain range of non-negative concentration values.

Optimising parameters for the model in-
volved using the Adam optimiser. This involved
Huber loss, gradient clipping, and a learning
rate schedule. An ablation study was performed
to assess the contributions of attention, residual
fusion, feature gating, and pooling components.

Classical statistical baselines, including vector
autoregression (VAR), autoregressive integrated
moving average (ARIMA), and a standard BiL-
STM architecture, were trained using identical se-
quences. Final forecasts were integrated through
an inverse-error weighted ensemble.

Model performance was evaluated using
mean squared error (MSE), root mean squared er-
ror (RMSE), mean absolute error (MAE), mean
absolute percentage error (MAPE), coefficient of
determination (R2), and explained variance.

Reproducibility statement. To support inde-
pendent verification, all preprocessing and mod-
elling steps described above (chronological 70/30
train—test split, wavelet denoising, Box—Cox sta-
bilisation, robust scaling, and PCA for the VAR
baseline) were applied identically and determin-
istically at each of the five stations. The residual
dual-attention BiLSTM, baseline BiLSTM, VAR,
and ARIMA models were trained independently
per station using fixed architecture and optimisa-
tion settings. The proposed BiLSTM architecture,
there were 128 bidirectional LSTM cells, recur-
rent dropout rate of 0.1, dropout rate of 0.25,
L regularisation parameter of 1\times10“, and a
64 cell dense layer with dropout of 0.2. Training
of the model was done via Adam optimizer with
gradient clipping (clipnorm = 0.5), Huber loss,
batch size of 128, up to 150 epochs. Early stop-
ping mechanism was implemented for 8 epochs
patience period according to the validation loss.
The learning rate was set to 0.001 for epoch 1-20,
0.0005 for epoch 21-50, 0.0002 for epoch 51-80,
and 0.0001 afterward. Look-back window length
was equal to 24. The baseline BiLSTM architec-
ture comprised two LSTM layers bidirectionally,
each having 100 units, followed by dropout layer
with probability of 0.4. The training process was
done using MSE as loss function and Adam as
optimiser algorithm with learning rate of 0.001,
batch size 32, and maximum epochs set to 100.
The pre-processing pipeline used db4 wavelet
noise removal at level 3, RobustScaler for feature
scaling, and PCA. The experiments were done
by using the defined experiment setup instead of
using multiple seed-based experiments. Thus, no
unsupported number of runs or mean + standard
deviation from multiple runs is used. The ablation
tests between different architectures were done
using the same chronological split for testing at
each station. The performance of models was
evaluated based on MSE, RMSE, MAE, MAPE,
R?, and EVS. The comparison presented here
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corresponds to the performance of models on the  calibration (R2 = 0.828). The model is consis-
held-out chronological test dataset and hence can  tently performing well in the range of low to

be taken as a descriptive comparison of their pre- moderate concentration levels (5-45 ug m™=). At
dictive performance rather than as proof of statis- higher concentration levels (> 60 ug m3), a sign
tical significance of superior performance across  of saturation is observed in the figure, where the
multiple training runs. The processed station-lev-  model predictions are slightly underestimating
el datasets as well as full code for the modeling  the extreme peak values.

process consisting of preprocessing, model train- Figure 4b displays the plot of the residuals vs.

ing and validation, ablation studies, and testing  (he predicted concentration values. The residuals
can be made available by the corresponding au- are centred around zero, suggesting a lack of bias
thor upon request. in the model predictions. However, the spread in
the residuals increases at higher concentration lev-

Results els, indicating a possible heteroscedasticity issue
in the data. The more negative values in the re-
siduals are visible at the peak levels, which is con-
sistent with the slight underestimation of the peak.
Figure 5a compares observed and predicted
concentrations at the Linkou station. The points
cluster closely around the 1:1 reference line, indi-
cating good overall agreement (R2=0.801). Model
performance is strongest within the main concen-
tration range (540 pg m™). At higher concentra-

of residuals and the anticipated concentration ley-  tions (> 60 pg m™), a mild compression appears,
els at the Wanli station. The spread of the residu- suggesting partial attenuation of extreme pollution

als is increasing as we move to higher levels of ~ €pisodes while maintaining overall proportionality.
concentration. Therefore, we can say that there Figure 5b shows residuals versus predicted con-
is some level of heteroscedasticity. The residuals ~ centrations at Linkou. We observe that the majority
have a natural tendency to remain negative during of the residuals cluster around zero. Therefore, no
peak levels of concentration. standard bias is seen. The heteroscedasticity is ob-
Figure 4a displays the comparison between  served when the range increases with the quantity.
the measured and predicted values at the Tamsui Moreover, negative residuals are detected more
station. Most of the data points are distributed  frequently when peak occurrences are experienced,
around the 1:1 line, suggesting a good overall  indicating that peak values are overestimated.

In Figure 3a, we can see the observed and
predicted concentration levels at the Wanli sta-
tion. Most of the points have excellent alignment
along the 1:1 reference line. A slight compression
of the points at high levels of concentration is due
to the attenuation of severe pollution levels. This
is normal in nonlinear sequence models that use
powerful loss functions.

In Figure 3b, we have plotted the comparison
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Figure 3. Evaluation of the optimized PM2.5 prediction model for Wanli (a) observed versus predicted pollutant
concentrations illustrating model calibration; (b) residuals vs. predicted concentrations
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Figure 5. Evaluation of the optimized PM2.5 prediction model for Linkou: (a) observed versus predicted
pollutant concentrations; (b) residuals vs. predicted concentrations

In Figure 6a, we observe a plot of observed
and anticipated values for PM2.5 concentra-
tions in the Bangqiao station. The dots are closely
grouped along the 1:1 line, indicating a high level
of predictive accuracy (R2 = 0.82). The model
tracked observed values well across all moderate
concentrations of pollution. At higher concentra-
tions of pollution (> 40 ug m™), we observe a
slight tendency for the model to fall below the 1:1
line, showing a slight tendency to underestimate
extreme pollution events.

In Figure 6b, we can see a plot of residuals vs.
expected values. The residuals track along zero
for decreasing values, indicating a lack of bias
in predictions for normal events. As we move to
higher values, we can see a significant increase in

scatter, indicating a high level of heteroscedastic-
ity in events involving higher levels of pollution.
The residuals seem to be symmetric, indicating a
lack of significant nonlinear effects.

As shown in Figure 7a, observed and antici-
pated values of PM2.5 concentrations are plotted
for the Xizhi station. The model has a very good
predictive ability (R2 = 0.854), as demonstrated
by a very tight linear relationship between ob-
served and anticipated values, especially for a
range of 0 to 40 ug m=. At higher concentrations
(> 50-60 ng m3), a flattening of the values is ob-
served, whereas observed values are increasing.

Figure 7b presents a plot of residuals vs. ex-
pected values. It is observed that residuals tend to
be centred around zero for lower concentrations,
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Figure 6. Evaluation of the optimized PM2.5 prediction model for Bangiao: (a) observed versus predicted
pollutant concentrations; (b) residuals vs. predicted concentrations

indicating unbiased predictions for normal circum-
stances. At higher concentrations, a significant in-
crease in residuals is observed, indicating a high
level of heteroscedasticity. There is a lack of curva-
ture in residuals, indicating that the major nonlinear
interactions are correctly addressed in the model.

Ablation study

The ablation study across all five stations
shows that while architectural components en-
hance performance, this is dependent on hetero-
geneous atmospheric regimes rather than mono-
tonically increasing performance.

For Tamsui (Table 1), adding temporal atten-
tion improves performance as measured by R2
(0.8215 — 0.8319), showing that temporally lo-
calised dependencies are important in this coastal
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city. However, performance decreases with the
full architecture, showing that additional context
modules may be over-parametrising smooth pol-
lution dynamics driven by marine environments.

At Linkou (Table 2), the full architecture
provides the best improvement (R2 = 0.7941),
with reductions in both RMSE and MAPE. The
weaker attention-only configuration implies that
temporal weighting alone is insufficient, and that
residual fusion and nonlinear feature gating cap-
ture more complex accumulation processes.

A similar pattern appears at Xizhi (Table 3),
where the full configuration improves perfor-
mance (R2 = 0.8668). Thus, the combined mech-
anisms of residual fusion and dual pooling appear
to better represent both background accumulation
and episodic peaks, reflecting multi-scale pollu-
tion dynamics.

Residuals

Residuals

®

10 20 30
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Figure 7. Evaluation of the optimized PM2.5 prediction model for Xizhi: (a) observed versus predicted pollutant
concentrations; (b) residuals vs. predicted concentrations
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Table 1. Ablation results at Tamsui station

Model MSE MAE RMSE R2 MAPE (%)
Baseline 15.5280 2.8423 3.9406 0.8215 29.3243
+ Attention 14.6231 2.7929 3.8240 0.8319 29.0155
Full Model 16.0131 2.8802 4.0016 0.8160 30.6871
Table 2. Ablation results at Linkou station
Model MSE MAE RMSE R2 MAPE (%)
Baseline 17.4974 3.0629 4.1830 0.7667 45.2810
+ Attention 18.4289 3.1268 4.2929 0.7543 46.2364
Full Model 15.4465 2.9209 3.9302 0.7941 39.5248
Table 3. Ablation results at Xizhi station
Model MSE MAE RMSE R? MAPE (%)
Baseline 17.2943 2.8820 4.1586 0.8510 30.1587
+ Attention 17.4298 2.9126 4.1749 0.8498 30.5169
Full Model 15.4552 2.7822 3.9313 0.8668 28.7384
Table 4. Ablation results at Bangiao station
Model MSE MAE RMSE R2 MAPE (%)
Baseline 22.5107 3.2613 4.7445 0.8190 31.5806
+ Attention 20.8582 3.1460 4.5671 0.8323 30.3564
Full Model 22.6288 3.2358 4.7570 0.8181 30.2319

In contrast, Banqiao (Table 4) reveals improve-
ment with attention but no additional benefit from
the whole design, demonstrating that in emission-
dominated urban contexts, further nonlinear mod-
ulation provides only slight improvement.

Wanli (Table 5) exhibits little sensitivity to
architectural complexity, with near-equal results
across configurations. This demonstrates that pol-
lution fluctuation at this coastal-mountain interface
is mostly regulated by wider advective processes
rather than complicated local nonlinear interactions.

Figure 8 shows the comparison of the abso-
lute error distributions of the five models at Xizhi
station. The proposed optimised model has the
most compact error distribution in terms of ab-
solute errors, where the median is close to zero,

Table 5. Ablation results at Wanli station

and the interquartile range (IQR) is small. The
Baseline and ensemble models have similar per-
formance to the optimised model. The ARIMA
model demonstrates larger dispersion in the er-
ror distribution. The VAR model has much worse
performance in terms of the median and range of
the error distribution.

Figure 9 shows a similar ranking at Wanli,
however, with a greater total error range reflect-
ing the station’s broader PM2.5 fluctuation. The
optimised model has the lowest median error with
the smallest IQR, while the baseline and ensem-
ble models are similar with a slightly larger dis-
persion. ARIMA has the largest error dispersion,
and VAR maintains the worst performance with
the largest median error and unpredictability. The

Model MSE MAE RMSE R? MAPE (%)
Baseline 25.1210 3.2731 5.0121 0.7254 26.9197
+ Attention 24.9045 3.2795 4.9904 0.7278 27.3808
Full Model 25.1281 3.3522 5.0128 0.7254 27.8820
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Figure 8. Distribution of absolute prediction errors for five forecasting models (Optimized, Baseline, VAR,
ARIMA, Ensemble) at Xizhi applied to PM2.5 data

large gaps between the models refer to the prob-
lem of anticipating extreme events.

At Tamsui (Figure 10), the PM2.5 concentra-
tion has relatively small variations. The optimised
model maintains the most compact distribution,
while the baseline and ensemble models perform
similarly well. ARIMA produces much larger
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errors, although VAR likewise has the highest
median error and dispersion. Occasional large
outliers correspond to episodic pollution events.
As shown in Figure 11, we can observe that
in Linkou, the optimised model has the smallest
median error and IQR range, while baseline and
ensemble remain competitive, with much higher
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Figure 9. Absolute error distributions for five forecasting models (Optimized, Baseline, VAR, ARIMA,
Ensemble) evaluated on PM2.5 at Wanli
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Figure 10. Absolute error distributions for five forecasting models (Optimized, Baseline, VAR, ARIMA,
Ensemble) evaluated on PM2.5 at Tamsui

dispersion. ARIMA has higher variation, while
VAR always has the largest error. Outliers in all
models suggest that there are episodic spikes in
concentration that can affect prediction accuracy.

In Bangiao (Figure 12), which has the widest
range of errors of all stations, the optimised mod-
el shows the best stable performance with low
median error and small IQR. The baseline and
ensemble models remain close competitors but
show much larger variability. The ARIMA model
is in the middle position, although the VAR model
shows poor performance with the largest median
errors and outliers.

Model comparison and ensemble behavior
across stations

The predictive performance and associated
ensemble weights are shown in Tables 6-10.
Throughout all monitoring locations, the pro-
posed optimised residual dual-attention BiILSTM
consistently achieves the best performance.

For the Wanli station, the optimised model’s
performance is better than that of traditional linear
models, which have negative explanatory power.
The latter’s negative explanatory power implies
that they have failed to encapsulate the problem’s
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Figure 11. Absolute error distributions for five forecasting models (Optimized, Baseline, VAR, ARIMA,
Ensemble) evaluated on PM2.5 at Linkou
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Figure 12. Absolute error distributions for five forecasting models (Optimized, Baseline, VAR, ARIMA,
Ensemble) evaluated on PM2.5 at Bangiao, the highest-volatility site

Table 6. Model performance at Wanli station

Model MSE MAE RMSE R? MAPE (%) EVS
(IODEQLn;sZeeg) 24.3271 3.3071 4.9323 0.7341 27.8935 0.7354
Baseline 29.4699 3.7826 5.4286 0.6779 30.6891 0.6791
Ensemble 32.1223 3.8773 5.6677 0.6489 27.4814 0.7133
ARIMA 138.5395 8.1920 11.7703 -0.5141 47.6467 0.0000
VAR 363.0079 16.4307 19.0528 -2.9674 100.1214 -0.0347

underlying dynamics. The performance of the en-
semble model is no better than that of the optimised
model. Thus, it can be concluded that in the context
of advection-dominated coastal environments, the
addition of linear models only contributes unneces-
sary variability. The high weight of the improved
model in the ensemble model (0.4033) is another re-
flection of this difference in predictive capabilities.

A similar trend is seen in Tamsui, where the
divergence between nonlinear sequence model-
ling and linear autoregressive methods is notably
accentuated. The improved model enhances R2
by almost 7% relative to the baseline. Further-
more, convergence warnings in ARIMA highlight
the instability of purely parametric approaches
in non-stationary marine pollution scenarios.
Similar to Wanli, the ensemble exhibits worse
performance compared to the optimised model,
suggesting that hybridisation fails to mitigate the
structural constraints of linear approaches.

At Linkou, where pollutant dynamics are
impacted by recirculation, the optimised archi-
tecture again produces large benefits over both
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baseline and linear models. Although MAPE re-
mains relatively high, the increase in R2 implies a
greater capacity to capture nonlinear persistence.
The ensemble provides no further advantage and
modestly decreases performance, showing that
the deep architecture alone appropriately depicts
the prevailing system behaviour.

Xizhi has the highest explanatory power among
all stations, with R2 = 0.8537. Thus, the optimized
model outperforms all alternatives, revealing that
the dual-attention residual approach captures both
multi-scale temporal relationships and episodic
pollution spikes efficiently. In contrast, linear mod-
els exhibit negative explanatory ability, underscor-
ing the importance of nonlinear representations.

At Bangiao, characterised by dense urban
emissions, the improved model produces con-
sistent improvements over the baseline via bet-
ter nonlinear temporal encoding. However, con-
sistent with observations at Wanli and Tamsui,
the ensemble does not surpass the performance
of the optimised model, demonstrating little
complementarity between nonlinear and linear
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Table 7. Model performance at Tamsui station

Model MSE MAE RMSE R MAPE (%) EVS
Optimized 14.9637 2.8522 3.8683 0.8280 28.3561 0.8295
(Proposed)

Baseline 21.1217 3.4028 4.5958 0.7572 36.1237 0.7574
Ensemble 25.1575 3.6226 5.0157 0.7109 30.8884 0.7669
ARIMA 121.9291 7.7018 11.0421 -0.4013 54.5461 0.0001

VAR 305.6095 14.7850 17.4817 -2.5124 100.0028 -0.0013

Table 8. Model performance at Linkou station

Model MSE MAE RMSE R MAPE (%) EVS
Optimized 14.9587 2.8490 3.8677 0.8006 38.4368 0.8008
(Proposed)

Baseline 19.1142 3.1621 4.3720 0.7452 43.8626 0.7456
Ensemble 21.9414 3.3804 4.6842 0.7075 39.8642 0.7464
ARIMA 87.4430 6.2807 9.3511 -0.1657 68.3713 -0.0001

VAR 223.2463 12.1751 14.9414 -1.9761 100.0000 0.0000

Table 9. Model performance at Xizhi station

Model MSE MAE RMSE R MAPE (%) EVS
Optimized 16.9788 2.9130 4.1205 0.8537 28.1855 0.8538
(Proposed)

Baseline 21.9871 3.3281 4.6890 0.8105 33.2644 0.8108

Ensemble 25.7870 3.5009 5.0781 0.7778 31.4621 0.8100

ARIMA 133.5254 8.4049 11.5553 -0.1506 77.4044 -0.0000

VAR 390.1453 16.5558 19.7521 -2.3619 99.9944 -0.0000
Table 10. Model performance at Bangiao station

Model MSE MAE RMSE R2 MAPE (%) EVS
Optimized 22.3850 3.1873 4.7313 0.8200 32.0718 0.8210
(Proposed)

Baseline 26.1849 3.5867 5.1171 0.7895 32.6224 0.7901
Ensemble 32.4826 3.8413 5.6993 0.7389 31.8455 0.7677
ARIMA 142.1242 8.4192 11.9216 0.1425 67.0177 0.0001

VAR 409.5907 16.7499 20.2383 2.2927 100.2744 -0.0790

predictions. There are three key findings, obtained
across all the stations. Firstly, the optimised re-
sidual dual-attention BiLSTM model has consis-
tently achieved superior performance compared
to the baseline model, which confirms the effec-
tiveness of the proposed approach. Secondly, the
linear methods, including ARIMA and VAR, have
produced almost zero or negative explanatory
ability, suggesting the inherent non-linear nature
of the PM2.5 dynamics. Thirdly, the performance
of the inverse error ensemble has failed to exceed

the performance of the optimal model, suggesting
the non-linear model has achieved sufficient per-
formance, and the addition of other models has
resulted in lower performance.

CONCLUSION

This study confirms that the proposed resid-
ual dual-attention BiLSTM achieves the stated
objective: physically consistent and accurate
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hourly PM2.5 forecasts across five monitoring
stations characterised by heterogeneous coast-
al-mountain atmospheric regimes (R?> = 0.80—
0.85), consistently outperforming the baseline
BiLSTM and the linear VAR/ARIMA bench-
marks. The first hypothesis, that wavelet-based
denoising, Box—Cox stabilisation, and robust
scaling provide a more suitable representation
of the nonstationary PM2.5 signal, is supported
by the compact, near-unbiased residual distribu-
tions obtained across all stations. The second
hypothesis, that dual attention, adaptive feature
gating, and dual global pooling jointly improve
the capture of both long-term dependencies and
short-duration pollution peaks, is only partially
supported: the ablation results show that the ben-
efit of the full architecture is regime-dependent,
providing the largest gains at terrain-influenced
sites such as Linkou and Xizhi, but offering little
or no improvement at more stable or advection-
dominated sites such as Wanli and Tamsui. The
hypothesis that inverse-error-weighted ensem-
bling with VAR and ARIMA would improve re-
liability was not supported, since the linear com-
ponents’ negative explanatory power meant that
ensembling did not exceed the performance of
the optimised model alone at any station.

The main novel contribution of this work is a
station-adaptive analysis showing that architec-
tural complexity should be matched to the un-
derlying atmospheric regime rather than applied
uniformly, together with the demonstration that
a physically constrained residual dual-attention
BiLSTM can achieve strong generalisation across
heterogeneous coastal-mountain sites without
requiring predefined spatial graph structures. In
doing so, the study fills a gap in the existing liter-
ature between purely data-driven deep-learning
forecasters and rigid statistical or graph-based
approaches, by combining multi-scale signal
conditioning with physically informed, regime-
aware temporal modelling.

Future work should extend the framework
to additional cities and longer observation pe-
riods to test spatial and temporal generalis-
ability, incorporate uncertainty quantification
to better characterise the attenuation observed
at extreme concentrations, and explore light-
weight graph- or transformer-based extensions
where sensor density permits, so as to further
improve forecasting reliability for public-health
decision-making.
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