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Introduction Methodology

Ø Performance

Ø Background
p    Accurate air quality prediction is crucial for

• mitigating health risks 
• guiding public health
• shaping policies
• enhancing environmental monitoring in smart, 

sustainable cities

Ø Problem Statement
p   Input: 
ü Historical pollutant concentration data �1:� ∈

ℝ�×��×� from � observation stations located at 
spatial coordinates � =   ℎ�, ��  �=1�

ü Continuous meteorological data �1:� ∈ ℝ�×��×�×�, 
where �� denotes the number of channels, 
including wind components as well as other 
meteorological variables

p   Output: 
ü The pollutant concentrations at all station locations 

over the future time period from � + 1 to � + �, 
denoted by ��+1:�+�

p   Task: 
ü To learn the function ℱ :
��+1:�+� = ℱ �1:�, �1:� ,  ��+1:�+� ∈ ℝ�×��×�

Ø Challenge and Contribution
① Data Representation

Traditional Discrete Modeling
• Multivariate time series / Spatial-temporal graph
• Ignoring spatial continuity
Our Eulerian Modeling
• Continuous Eulerian Modeling

② Evolutionary Mechanism
Traditional Drivers
• Purely data-driven / only physical drivers
• Ignoring secondary pollutant generation  (e.g., 

photochemistry)
Our Physicochemical Driver
• Explicitly Physical-Driven + Implicitly Chemical-Driven
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Evaluation
Ø Case StudyØ Ablation Study Ø Hidden Dimension Analysis

RMSE improvement: 45.8%(USA)  and 21.0%(China) Effectiveness of the ADR  terms Model complexity and stability Capture of Dynamic Pollutant Advection
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Structure of our propossed CTENet

(a) Eulerian Pollution Encoder
employs RBF interpolation to construct 
smooth pollutant fields from discrete 
observations, preserving spatial gradients 
and variability. 

(b) Meteorological Encoder
performs two tasks in parallel:

• Extracts the wind channels
• Utilizes a 1x1 convolution to obtain 

meteorological features
Then, Wind Predictor and Meteorology 
Predictor are used to forecast future wind fields.

(c) Eulerian ADR Decoder
attempts to embed Chemical 
Transport Modeling (CTM) into neural 
networks, specifically represented by 
the following ADR equation:

We numerically discretize the 
equation and incorporate the results 
as independent channels into the 
pollutant predictor.

(d) ST Sequence Predictor
Although the Wind, Meteorology, 
and Pollutant Predictors serve 
different functions, their inputs and 
outputs all share the same 
dimensions: (T, C, H, W). The 
framework features a replaceable 
Spatiotemporal Sequence Predictor 
function, allowing for easy plug-and-
play integration of models such as 
ConvLSTM[1], depending on the 
specific requirements.
[1]Xingjian Shi, Zhourong Chen, Hao Wang, Dit-Yan Yeung, 
Wai-Kin Wong, and Wang-chun Woo. Convolutional lstm 
network: A machine learning approach for precipitat ion 
nowcasting. Advances in neural information processing systems, 
28, 2015
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