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Abstract

Reliable air pollution forecasting remains a major hurdle for en-
vironmental science, as conventional models are ill-equipped to
handle the noisy, non-linear, and multi-scale nature of atmospheric
data. This limitation severely hampers effective public health warn-
ings and policy interventions. To overcome this, we introduce
PolluVCCT, a hybrid deep learning framework designed for ro-
bust and long-range forecasting. At its core, PolluVCCT employs
a hierarchical decoupling strategy. A cascaded VMD-CEEMDAN
signal processing pipeline first disentangles complex time-series
signals, which a parallel CNN-Transformer architecture then lever-
ages to capture local emission patterns and long-range dependen-
cies. Experiments on a benchmark of seven diverse climate zones
confirm PolluVCCT’s dual strengths. It pioneers a new level of
cross-regional robustness, maintaining a MAPE variance below 3%
across starkly different environments, from UV-intensive plateaus
to inversion-prone basins. Our work provides a powerful, deploy-
able tool for more reliable public health warnings and proactive
environmental policy.
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1 Introduction

The acceleration of industrialization and urbanization has made
air pollution one of the most pressing environmental challenges
worldwide, with profound implications for public health, ecosystem
stability, and socioeconomic development[32]. According to the
World Health Organization (WHO), more than seven million pre-
mature deaths every year are attributable to air-pollution-related
illnesses such as cardiovascular diseases, respiratory disorders, and
lung cancer[6]. Furthermore, air pollution threatens crop yields,
degrades water quality, and weakens ecosystem biodiversity, but
also carries latent risks[17], such as depressive symptoms [14, 20],
leading to substantial labor losses and declines in productivity[7,
9, 33].In response, governments and international organizations
have promulgated a wide range of environmental regulations and
have continuously improved air-quality monitoring and forecasting
systems. Nevertheless, existing forecasting techniques still struggle
to meet practical requirements owing to the inherent noise, strong
non-stationarity, and complex multi-scale dynamics of pollutant
time series[10, 12].

Against this backdrop, we propose PolluVCCT—a hybrid signal-
decomposition and deep learning framework that couples varia-
tional Mode Decomposition (VMD) and complete Ensemble Empir-
ical Mode Decomposition with Adaptive Noise (CEEMDAN) with
a paralle]l CNN-Transformer architecture. VMD first isolates high-
frequency noise and stochastic fluctuations, after which CEEMDAN
conducts a second-stage decomposition of the residual intrinsic
mode function (IMF). Subsequently, a convolutional neural net-
work extracts local spatio-temporal patterns, while a Transformer
equipped with a global self-attention mechanism captures long-
range dependencies; multi-scale features are then fused to yield
the final prediction. By hierarchically disentangling features and
integrating multiple scales, PolluVCCT simultaneously mitigates
data non-stationarity and balances local patterns with global trends.

Our contributions are threefold:

(1) We introduce an adaptive multi-stage decomposition strat-
egy. By using sample entropy to guide a VMD-CEEMDAN
cascade, our method precisely decouples complex pollution
signals from noise.
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Figure 1: Multi-Source Data-Driven Forecasting Framework of the PolluVCCT Model

(2) We design a parallel fusion architecture where dilated causal
convolutions capture local emission spikes and a Trans-
former models long-range transport, effectively unifying
multi-scale spatio-temporal dependencies.

(3) We conduct extensive experiments on a new cross-climate
benchmark we built covering multiple climate zones, on
which our model achieves unprecedented long-term accu-
racy and generalization across diverse climates.

2 Related Works

Early research on air-quality forecasting was dominated by sta-
tistical regression and Eulerian-Lagrangian numerical simulation
models that explicitly solved atmospheric transport and chemical-
reaction equations([3, 35]. While physically interpretable, these ap-
proaches require dense, high-quality input data and often struggle
to accommodate the strong non-linearity and multi-factor cou-
pling characteristic of real-world pollution processes[2, 19, 22, 28].
To overcome these shortcomings, data-driven methods based on
deep learning have gained traction. Qin et al.[18] introduced an
autoencoder-enhanced multi-layer LSTM that improved temporal
representation of pollutant series. Hardini et al.[13] demonstrated
that convolutional neural network (CNN) can extract visual cues
from low-cost mobile imagery, enabling multi-modal air-quality
prediction in resource-constrained settings. Spatial-temporal hy-
brids further broadened this line of work: Xu et al.[23] and Zhang
et al.[29] fused CNN and LSTM modules into unified frameworks,
effectively capturing local spatial patterns and long-range temporal
dependencies, while Guo et al.[11] showed that stacking DenseNet
with ConvLSTM yields substantial gains for regional PMj3 5 concen-
tration forecasting.

Parallel to architectural innovations, signal-processing hybrids
have been explored to mitigate the non-stationarity of pollutant
series[1, 8, 16, 26, 27]. Zhang et al.[31] combined VMD with bidirec-
tional LSTM to model forward and backward temporal relationships.
More recently, Cao et al.[5] integrated LSTM, Temporal Convolu-
tional Networks, and Transformers within a meta-heuristic opti-
mization loop, achieving greater robustness under highly volatile
conditions. Despite these advances, two critical issues remain: (1)
pollutant data often contain high-frequency noise and exhibit pro-
nounced multi-scale dynamics that simple pre-processing cannot
fully disentangle[4, 15, 21, 34]; and (2) most models show limited
generalization when deployed across disparate climate zones or
emission regimes[24, 25, 30].

The proposed PolluVCCT framework addresses both gaps by
cascading VMD and CEEMDAN to isolate stable intrinsic modes and
by employing a parallel CNN-Transformer backbone to reconcile
local receptive-field learning with global self-attention. Empirical
results confirm that this design enhances cross-regional adaptability
and predictive accuracy, positioning PolluVCCT as a compelling
successor to existing deep-learning and hybrid paradigms.

3 Methodology
3.1 Problem Definition

Urban air quality prediction is a key task in the field of environ-
mental monitoring and public health. The aim of this study is to
construct a high-precision model using multi-source time-series
data to predict PM2.5 concentrations in a single urban area. Given
the historical PM2.5 and related environmental variable observa-
tions to date, the goal is to predict future PM2.5 concentrations
over a short-term forecast horizon.
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The inputs may include a variety of data sources such as ground
monitoring station readings and meteorological sensors. These data
sources typically have different temporal resolutions and noise char-
acteristics. Accurate prediction requires dealing with the complex,
nonlinear, and multi-scale dynamics of urban PM2.5 time-series
data. Therefore, we first preprocess and time-align the input sig-
nals, and then employ a modeling framework that captures both
short-term variations and long-range dependencies.

3.2 Model Architecture

The proposed model consists of two main modules: signal decompo-
sition and parallel feature extraction and forecasting. The detailed
process is illustrated in Algorithm1 as follow.

Algorithm 1 PolluVCCT Framework

1: Require:

2: Xraqw: Raw time-series signal

3: K, a: VMD hyperparameters

4: I, 0pn0ise: CEEMDAN hyperparameters

5:  ©: Model hyperparameters

6: Ensure:

7:  Y:The forecasted sequence
— Stage 1: Adaptive Signal Decomposition —

8: {uk}f:1 « VMD-Decompose (Xyqw, K, a)

9: E « [SampleEntropy(uq), ..., SampleEntropy (ug ) |

10: m « argmax(E)

11: IMF, «— um

12: {IMF} }}21 «— CEEMDAN-Decompose (IMF,, I, 0p0ise ) > Further decompose the complex
IMF

13: Xproc < ReassembleComponents({ug }, m, {IMF}. }) > Assemble the final component set

> Decompose into K modes (IMFs)

> Compute entropy for each IMF
> Find index of the most complex IMF

— Stage 2: Parallel Feature Learning —

14: YONN CNN-Branch(XPmc,@)

15; yTrans Transformer-Encoder(Xproc, ©)
— Stage 3: Multi-scale Feature Fusion —

16: YONN  nterpolate (YCNN)
17; yFusion __ yCNN | yTrans

> Extract local features

> Extract global dependencies

> Align temporal dimensions
> Fuse features via element-wise addition
— Stage 4: Prediction Generation —
18: Y « Transformer-Decoder (YFusion yTrans)
19: return ¥

> Generate forecast via attention

3.2.1 Signal Decomposition. In the signal decomposition module,
each input time series is first decomposed using VMD. VMD de-
composes a complex signal into a predefined number of IMFs plus a
residual trend. It achieves this by solving a variational optimization
problem in which each IMF is constrained to be a narrow-band
component around a certain center frequency:

min " |13 [(5(0 + ﬁ) * uk(t)] eIkt |12

{ur t{owr}
k=1
. )

subject to Z ug (1) = f(1).
k=1
uy (¢) is the k-th mode function extracted from the signal f(#).c
is the central frequency corresponding to u (t).f(t) is the original
input signal to be decomposed.
We use the augmented Lagrangian method ADMM with La-
grangian multipliers for optimization:

L({ur} {wr},A) = ai”&[(&(t) + %) *uk(t)] e-iwktHz
P

+rw - iukmuz 0. £ - Y o).
I

-

=N

A(t) is the Lagrange multiplier used to constrain that the sum of
all modal functions must equal the original signal.« is a weighting
parameter used in the augmented Lagrangian formulation.

The result of VMD is a set of IMFs that capture oscillatory compo-
nents of the signal at different frequency bands, effectively remov-
ing high-frequency noise and revealing the multi-scale structure of
the data.

After VMD, we compute the sample entropy of each IMF to
quantify its complexity (irregularity). Sample entropy is higher for
more unpredictable or complex sequences. We select the IMF with
the highest sample entropy as the target for further decomposition,
since this component likely contains the most irregular fluctuations
that may suffer from mode mixing. This selected mode is then
decomposed by CEEMDAN to obtain cleaner intrinsic modes.

In CEEMDAN, Gaussian white noise is added to the target signal
to create an ensemble of noisy copies:

Y (t) = IMEn(t) + wi(t) (k=1,2,...,1). 3)

Each noisy signal is decomposed by standard Empirical Mode
Decomposition (EMD), and the first IMF from each is averaged to
form a refined mode:

I
IME; = 7 3 B (5(0) )
k=1

This refined mode is subtracted from the residual, and the process
repeats iteratively: at each iteration, noise is added to the current
residual, EMD extracts its first IMF, and the average of these IMFs
becomes the next mode:

rj(t) :rj_l(t) — IMF;. (5)

Iterations continue until the residual becomes essentially mono-
tonic (no remaining extrema). The outcome is a set of refined IMFs
and a final residual for the selected mode:

L
IMFp(t) = Z IMF; +r.(t). (6)

i=1
Overall, the two-stage decomposition produces multiple intrin-
sic components for each original signal, with reduced noise and
mode mixing. All decomposed components are then collected and
reconstructed into a new input sequence. Concretely, each original
signal yields several component time series . We assemble these
components as separate channels of a multi-channel time series.
This reconstructed sequence retains the key multi-scale features of
the original data, with each channel corresponding to one intrinsic
mode or trend. This multi-channel sequence serves as the input to

the parallel feature extraction module.

3.2.2  Parallel Feature Extraction and Forecasting. After data prepro-
cessing and VMD-CEEMDAN decomposition, the raw signals are
input to the CNN and Transformer modules for parallel processing.
The two modules extract temporal features from different scales
to enhance the characterization ability through local convolution
operation and global self-attention mechanism, respectively which
are implemented as follows:

(1) The convolutional neural network performs local feature ex-
traction on the input sequence X € RLxd through N convolutional
kernels of size k X d and step size s ,and outputs the feature matrix
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YONN ¢ RE'XN The operation of each convolutional kernel at the
temporal position is:
k
yi(t) = D Wi () - x(t+j— 1) +by. W)
j=1

The outputs of all the convolution kernels are further spliced
into a localized feature matrix:
YONN ¢ pL'xN ®)

(2) The Transformer module performs hierarchical feature ab-
straction of the input sequence X through non-linear transfor-
mations, generating a high-dimensional embedding matrix Z €
REXdmodel Tt captures complex global dependencies via multi-head
attention, enabling dynamic feature integration and context-aware
representation enhancement. The global feature matrix is obtained
after further multi-head output splicing and mapping:

yTransformer _ Concat(Attentiony, ..., Attentionh)WO € RLxdmodet

)

After the outputs of the two modules are interpolated and aligned
with the fully connected layer to adjust the dimensionality, the fea-
ture fusion is accomplished by element-wise addition. The process
of feature fusion is as follows:

First, the CNN output YENN ¢ REXN g linearly interpolated to
extend the time dimension to L to obtain YENN ¢ RIXN , and then
the feature dimension is adjusted to d,;,,4¢; by the fully connected
layer:

?acdzyN = YONN W, € REXdmodet (10)

Then,in the feature fusion stage, th local feature matrix ?acdjj N
of the CNN adjusted by interpolation and fully connected layer
is summed element by element with the global feature matrix
yTransformer oyt by the Transformer module

YFusion — ?aCdI}IN + YTransformer c RLdeOdEI. (1 1)

The fused features are then passed to a Transformer decoder
to generate the forecasted PM2.5 sequence. The Transformer de-
coder uses masked self-attention to refine the output sequence
and encoder-decoder attention to incorporate the fused encoder
features. In the encoder-decoder attention, each output position
attends to the fused feature representation, aligning the forecast
with the input patterns. A final linear projection layer then maps
the decoder outputs to the predicted PM2.5 concentration values for
each future time step. In this way, the model produces a multi-step
prediction of future PM2.5 levels. Overall, this architecture adap-
tively learns complex nonlinear temporal patterns and integrates
multi-scale information from the input signals, enabling accurate
short-term PM2.5 forecasting.

4 Experiment and Analysis

4.1 Experimental preparation and design

4.1.1 Research Objects. Seven representative cities were selected
for analysis in this study, as shown in Table 1: Shenyang, Beijing,
Hangzhou, Nanning, Xi’an, Changsha and Kunming. These cities
have a wide geographic distribution, covering a wide range of
topographic features from plateaus, plains, and basins and most
climate types. According to the national ambient air quality status
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in 2024 published by the Ministry of Ecology and Environment, the
compliance rate of ambient air quality in Kunming is 99.7% , which
is ranked as the first among 168 key cities in China. In this context,
Kunming was selected as the main city of the experiment for the
research study.

4.1.2  Data sources. In this study, data on the five most common
components of the atmosphere that have a significant impact on air
quality: PMy 5,CO,NO2,5S02,PMjy, and the air quality index (AQI)
were obtained from the real-time national urban air quality dissem-
ination platform of the China Environmental Monitoring General
Station. In addition, meteorological information of the same day
was obtained from the public weather website https://rp5.ru/ as an
auxiliary factor.In this study, the ratio of 7:3 is used to divide the
training set and test set, and the time periods are allocated based
on the time distribution characteristics of the fully populated data.

4.1.3 Correlation Analysis. Pearson’s correlation coefficient was
employed to quantify the linear association between any two vari-
ables. Given paired observations {(x;, yi)}1;, the coefficient is de-
fined as

(= %) (yi — §)
Pxy = s
VZ (6 - D22, (4 - 9)?

(12)

(a) Factor Correlation Analysis (b) Station Correlation Analysis

Figure 2: Correlation Analysis

(1) Factor-PMz 5 Correlation. To elucidate the influence of po-
tential predictors, Pearson correlation coefficients were computed
between PM; 5 concentrations and eighteen candidate factors. As
illustrated in 2(a), temperature, barometric pressure, wind speed,
dew-point temperature, and the three-hour pressure tendency ex-
hibit the most pronounced correlations. These variables therefore
constitute the core feature set for subsequent forecasting experi-
ments.

(2) Inter-Station Correlation. Air-quality dynamics are modulated
by local geography and micro-meteorological conditions. We there-
fore analysed pairwise correlations among the eleven monitoring
stations in Kunming (2(b)). All coefficients exceed 0.65, indicating
highly consistent temporal patterns across sites. Such spatial consis-
tency likely arises from shared emission sources and homogeneous
synoptic conditions within the metropolitan area.

Given the strong inter-station similarity, station-wise PMa 5 read-
ings were averaged to obtain a single representative series for each
city. This aggregation alleviates computational burden without
compromising the fidelity of regional pollution trends.
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Table 1: Analysis of the Selected Research Area

Display City Region (China) Climate Zone Salient Characteristics
Shenyang Northeast Temperate monsoon Heavy-industry base; severe winter cold; high coal-fired
heating demand
Beijing North Temperate monsoon  National capital; dense population; strong regional transport
and policy control
Hangzhou East Sub-tropical Core YRD economy; large industrial & transport load;
monsoon frequent stagnation episodes
Nanning South Tropical monsoon Rapidly urbanizing hot-humid city; influenced by
trans-boundary ASEAN pollutants
Xi’an Northwest Temperate Basin terrain restricts mixing; spring dust events plus local
continental coal/industrial sources
Changsha Central Sub-tropical Central-region growth pole; diversified sources with rising
monsoon industrial VOC load
Kunming Southwest Plateau-mountain High-altitude city with low background PM but elevated

monsoon

ozone potential

Table 2: Center Frequencies under Different Parameters K

=

Center Frequency/HZ

0.000353 - - - - - -
0.000351  0.247038
0.000338  0.123904
0.000338  0.123899
0.000332  0.122688
0.000199  0.031398
0.000195  0.030684
0.000195  0.030655

0.248938 - - - -
0.248464  0.323582
0.150275  0.249144
0.124395  0.247767
0.123273  0.151879
0.123278  0.151836

0.327691 - -
0.286665  0.366451 -

0.24854 0.29072  0.368709
0.248478  0.288736  0.361697

SRR N B IR R

0.452133

Figure 3: Result of VMD Decomposition

4.2 Analysis of VMD Decomposition Results

The original PM3 5 concentration series exhibits strong volatility.
To reduce the impact of this volatility on prediction results, this
study first employed VMD to decompose the PM; 5 concentration.
Considering that the value of the VMD parameter K significantly
affects model complexity, this study performed decompositions by
setting K to 1, 2, 3, ..., 8, respectively. The center frequencies for
each K value were recorded, as shown in Table 2. It was observed
that when K=4, central modes with similar frequencies appeared,
indicating an over-decomposition phenomenon. Therefore, K=4
and a = 800 were selected as the VMD parameters. Using these
parameters, VMD decomposed the original series into 4 IMF compo-
nents, each with a distinct frequency. Figure 3 illustrates the results
of the VMD decomposition. Compared to the original series, all
decomposed IMF components showed a certain degree of reduction
in both volatility and complexity. However, it was also noted that
as the decomposition frequency of the components increased, their
volatility also tended to increase.

To address this issue, the Sample Entropy (SampEn) of each com-
ponent series was calculated to evaluate its complexity. This helped
identify the component with the highest instability. A secondary

decomposition was then performed on this most unstable compo-
nent to enhance data effectiveness and improve prediction accuracy.
Table 3 presents the results of the Sample Entropy calculations.

Table 3: Calculation of Sample Entropy

IMF  Sample Entropy Value
IMF; 0.150190988
IMF, 0.501608364
IMF; 0.532750198
IMF, 0.796696871

Figure 4: Result of CEEMDAN Decomposition

Observation reveals that IMF4 exhibits the highest complexity.
Therefore, CEEMDAN is employed for its secondary decomposition.
The standard deviation threshold is set to 0.005, and the number
of iterations to 200, while other settings adopt their default values.
The results are illustrated in Figure 4. The CEEMDAN algorithm de-
composes this IMF4 sequence into 10 IMF components, labeled U1
to U10, with distinct frequencies. A comparison with the aforemen-
tioned IMF; sequence reveals that the frequencies and complexities
of these new components progressively decrease , exhibiting more
stable periodicity. Modes U1-U5 possess higher frequencies and
undergo relatively rapid changes. Their fluctuations primarily man-
ifest as short-term, high-frequency random components, which
can significantly reflect the local details and random disturbances
of the original sequence. Conversely, modes U6-U10 have lower
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Table 4: Performance of Deep Learning Models on Kunming City Data
Model T+3 T+6 T+24

R? MSE RMSE MAE MAPE R? MSE RMSE MAE MAPE R? MSE RMSE MAE MAPE
XGBOOST 66.30 22.74 4.77 3.72 40.58 56.41 2937 5.42 421 4555 39.49 4058  6.37 5.01 53.39
CEEMDAN-CNN-Transformer 91.11  6.33 2.51 1.96 13.99 86.47  9.65 3.10 2.40 15.57 82.70 1235 3,51 2.82 18.80
CNN-Transformer 80.27 1330 3.65 2.73 23.42 78.79 1431 3.78 2.92 26.67 7410 1750 4.18 3.23 27.04
Transformer 77.89 1492 3.86 2.88 24.53 70.13  20.15 4.49 3.45 31.03  66.72 2248 4.74 3.68 31.67
Ours 95.88 2.78 1.66 1.23  9.99 94.06 4.01 2.00 1.55 11.76 93.66 4.28 2.06 1.57 13.72

frequencies, change more slowly, and display weaker volatility.
Specifically, U6-U8 might capture seasonal variations or cyclical
trends, whereas U9-U10 are more likely to represent the overall
evolutionary trend of the sequence.

(a) T+3 (b) T+6 (c) T+24

Figure 5: Model Performance in Predicting Kunming at Dif-
ferent Time Horizons

In this study, the XGBoost, CEEMDAN-CNN-Transformer, CNN-
Transformer, and Transformer models were employed for compari-
son. This comparison aimed to validate the predictive performance
of the proposed PolluVCCT model. All models were applied to
prediction tasks at three time horizons: T + 3, T + 6, and T + 24.
Five evaluation metrics were used to measure the performance
differences among these models. The final results are presented in
Table 4. Observing the PolluVCCT model individually in Figure 5,
at the T + 3 horizon, it achieved an R? of 95.88%, an MSE of 2.78, an
RMSE of 1.66, an MAE of 1.23, and a MAPE of 9.99%. As the predic-
tion sequence length increased, the model’s accuracy experienced a
slight decline. However, the R? value consistently remained above
90%. Overall, the PolluVCCT model demonstrated substantially su-
perior predictive performance compared to the other models in
this experimental task. Regarding model architecture comparisons,
ablation study results indicated that each component contributed
synergistically to enhancing predictive performance. When the
VMD preprocessing module was removed, the RMSE for T + 24
prediction increased by 70.39%. This confirms the advantage of the
VMD algorithm in reducing the non-stationarity of the original
sequence. The MAE of the CNN-Transformer combination model at
the T + 6 stage increased by 87.74% compared to the complete Pollu-
VCCT model. This reveals the importance of the multi-scale feature
fusion mechanism for medium-to-long-term predictions. In con-
trast, the standalone Transformer architecture exhibited significant
performance degradation in T + 24 prediction, with its MAPE value
reaching 31.67%. This validates its limitations in modeling long-
term temporal dependencies. The hybrid architecture proposed in
this study effectively mitigates this deficiency by incorporating a
CNN for local feature extraction.

Compared to traditional machine learning methods, the XGBoost
model performed significantly worse across all three prediction hori-
zons. Particularly for the T + 24 task, its R? value was only 39.49%,
and its MAPE exceeded 53%. The PolluVCCT model achieved an

81.6% lower MAPE than XGBoost. This indicates that the proposed
composite model significantly outperforms traditional machine
learning models in this specific task.

To validate the generalization ability of the model and the reliabil-
ity of the experimental conclusions, this study conducted identical
experimental tasks on PM 5 data from other regions. The envi-
ronmental conditions and parameter settings were kept consistent
throughout these experiments.

The specific results are presented in Table 5. As shown, among
the six cities, the PolluVCCT model demonstrated significantly
superior predictive performance compared to the other models in
most cases. The comparative performance against other models was
largely consistent with the results observed for Kunming city. These
findings indicate that the model proposed in this study consistently
exhibits superior performance in PM; s prediction tasks across
different cities and even different regions. This demonstrates the
model’s excellent generalization capability. Consequently, it holds
potential for future application in predicting PM; 5 concentrations
in other urban areas.

5 Conclusion and Future Work

This study proposes the PolluVCCT, a hybrid decomposition and
deep learning framework, aiming to effectively address the issues of
high noise levels, significant nonlinearity, and inherent multi-scale
characteristics in PMj3 5 concentration time series. A large number
of experiments conducted in seven cities in China, each with a dis-
tinct climate type and representing a representative sample, have
shown that PolluVCCT consistently outperformed state-of-the-art
baselines in terms of accuracy, robustness, and cross-regional gen-
eralization. Specifically, its parallel CNN-Transformer backbone
successfully balanced local feature extraction with global trend
modeling, while the two-stage VMD-CEEMDAN decomposition
mitigated non-stationarity and enhanced sensitivity to both abrupt
local variations and long-range dynamics. Consequently, compared
with the best competing methods, PolluVCCT reduced RMSE by
nearly 3% and increased R? by 4%-10%.

While PolluVCCT shows strong empirical performance, three
extensions warrant exploration: First, incorporating heterogeneous
data sources—for example, satellite imagery, traffic flow, or meteoro-
logical forecasts—may further enrich the model’s representation ca-
pacity. Second, pursuing model compression and architecture-level
pruning could facilitate deployment on resource-constrained edge
devices. Third, cross-regional transfer-learning strategies merit
investigation to alleviate data scarcity in under-monitored areas.
Advancing these directions could expand PolluVCCT’s applicability
in environmental science and sustainable development, strengthen-
ing its role in evidence-based air quality governance.
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Appendix
A Results of Generalization Experimental
Table 5: Performance of Deep Learning Models on Cities’ Data
T+3 T+6 T+24

City Model R MSE RMSE MAE MAPE R MSE RMSE MAE MAPE R MSE RMSE MAE MAPE
XGBOOST 5046 333.76 1827 1443 15293 4585 36501 1911 1506 159.22 26.89 49432 2223 1732 185.97
CEEMDAN-CNN-Transformer 90.95 81.94  9.05 699 5662 90.09 89.76 947  7.85 8053 8444 14101 1187 9.02  92.00

Beifing ~ CNN-Transformer 85.08 100.51 10.03 7.55 60.06 8416 10712 10.35 7.34 5593 83.05 111.01 1054 7.59  58.94
Transformer 8035 13240 1151 803 5792 7935 139.64 11.82 831 6433 7411 17448 1321 937  74.16

Ours 93.98 4105 641 472 3604 90.12 67.38 821 640 5439 88.58 7804 8.83 6.86 56.68

XGBOOST 66.04 97.09 985 793 6188 5742 12165 1103 871 6699 33.20 19043 13.80 10.65 80.74
CEEMDAN-CNN-Transformer 9146 30.58 553 417 2535 89.64 3710 609 483 2845 7076 20.89 457 397 3377

Hangzhou CNN-Transformer 81.05 5417 736 493 2785 79.24 5944 771 577 37.65 7899 60.15 775 574  32.94
Transformer 7105 8278 910 690 40.14 6112 111.29 1055 7.86 4836 5941 11607 1077 830 53.71

Ours 97.95 584 242 182 1071 9697 864 294 236 1440 9515 13.89 373 3.06 19.79

XGBOOST 6929 10141 1007 771 48.12 6408 11816 1087 827 5L11 5222 15564 1248 949 58.89
CEEMDAN-CNN-Transformer 9253 27.31 523 407 1834 9032 3537 595 473 2316 89.90 3692 608 447 1730

Nanning CNN-Transformer 87.53 4117  6.42 4.61 2356 86.53 4450  6.67 492  27.65 85.66 47.43 6.89 498  30.66
Transformer 84.66 5064 712 531 3259 7692 7626 873 655 37.94 6943 10110 1006 7.34 4541

Ours 97.58 7.96 2.82 223 1398 96.55 1139 3.37 251 14.83 96.23 1245 353 255 13.78

XGBOOST 5522 14387 1199 1001 7678 4415 17943 1340 11.06 83.70 3488 209.60 1448 11.03 7590
CEEMDAN-CNN-Transformer 85.75 5712 7.56  5.88 3345 6412 14399 1200 1040 5892 6175 15373 1240 10.19 49.54

Shenyang ~ CNN-Transformer 69.30 98.62 993  7.67 4428 6823 10206 10.10 818 5199 6784 10354 1018 7.95 4593
Transformer 68.63 10076 10.04 7.87 4561 67.04 10587 10.29  7.89 44.84 59.93 15442 1242 993  56.48

Ours 93.99 1930 4.39 323 1845 9273 2334 483 371 2171 90.09 3191 565 4.66 29.15

XGBOOST 6176 251.29 1585 13.97 7506 56.81 28358 16.84 1468 77.98 40.10 39327 19.83 1674 86.90
CEEMDAN-CNN-Transformer 89.73 8297 911 698 2156 89.12 87.88 937 744 2465 8170 147.89 1216 9.30 25.12

Xi’an CNN-Transformer 87.18 8426 918 694 2847 8214 11746 10.84 7.86 2876 79.24 13698 1170 862 3134
Transformer 7773 14643 1210 870 2980 7694 15155 1231 913  33.66 65.62 22678 1506 1112 41.44

Ours 96.22 24.80 4.98 373 13.16 9533 30.70 554 4.27 16.88 93.00 46.19 6.80 573  29.60

XGBOOST 61.03 36425 1909 1529 8057 56.54 40589 20.15 1601 83.38 4270 53327 23.09 1772 90.68
CEEMDAN-CNN-Transformer 87.19 133.85 1157 8.82 2946 8628 14340 1197 889 2568 7537 25757 1605 11.96 31.95

Changsha  CNN-Transformer 8194 168.84 1299 9.4 3784 8077 179.80 1341 1030 53.15 7221 26044 16.14 1176 51.42
Transformer 7609 22407 1497 1034 4267 6753 30356 17.42 1175 4657 6276 34807 1866 13.02 5172

Ours 95.85 38.75 6.23 5.05 29.00 95.21 44.70 6.69 545 2250 9434 53.03 7.28 5.08 2221
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