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Abstract: To address the challenges of energy inefficiency and delayed 
response in ventilation management of energy-intensive underground 
infrastructures, this study proposes a novel digital technology named Spatial 
Temporal Attention-based Back Propagation (STABP), which integrates 
coupled simulation and BP algorithm. It aims to achieve accurate prediction 
and dynamic regulation of ventilation demand in underground spaces, thereby 
optimising energy use. This study constructs a cross-disciplinary technological 
framework that integrates physical process simulation with data-driven 
algorithms, representing a novel approach to managing technological 
complexity in building energy systems. Firstly, based on Kriging interpolation 
method, spatial reconstruction is performed on limited sensor data to generate 
high-resolution gridded pollutant concentration fields, which serve as input 
boundary conditions for coupled simulation. Then, the BP algorithm is used for 
rapid dimensionality reduction and error compensation of high-dimensional 
spatiotemporal fields. Time series data is processed using Long Short-Term 
Memory (LSTM).  

Keywords: energy-intensive underground infrastructures; energy-saving 
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attention; LSTM; technology progress; digital energy; entrepreneurial strategy. 
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1 Introduction 

Subways, underground commercial centres, underground parking lots and underground 
industrial workshops are just a few examples of the deep underground infrastructure that 
has become an essential component of contemporary cities. They not only provide 
convenience for urban transportation and commercial activities, but also alleviate the 
tension of ground space to a certain extent (Demirkan et al., 2022; Li et al., 2023; Zhang 
et al., 2022). However, the enclosed nature of deep underground engineering makes it an 
energy-intensive environment, where ventilation systems account for a significant 
portion of total energy consumption, presenting an urgent issue for energy management. 
According to statistics from the International Energy Agency (IEA), the utilisation rate of 
global urban underground space has increased by approximately 35% over the past 
decade. It is projected that by 2030, the usable area of urban underground space will 
exceed 5 billion square meters. However, the enclosed nature and limited ventilation 
conditions of underground space pose dual challenges to air quality and energy 
management. On one hand, due to the low efficiency of ventilation systems, pollutants in 
underground space tend to accumulate, threatening the health of users. During peak hours 
in subway stations, the CO₂ concentration can rapidly rise from 400 ppm to 2000 ppm 
within 10–15 minutes due to dense passenger flow. Traditional ventilation systems often 
take hours to respond, resulting in passenger discomfort and energy waste. On the other 
hand, as the main source of energy consumption in underground space, ventilation 
systems account for 30–40% of total energy consumption. Traditional management 
methods lead to severe energy waste. Studies have shown that the energy waste rate of 
ventilation systems in underground space is as high as 25–35%, which increases 
operating costs and conflicts with the dual carbon goals. 

Deep underground engineering has less air circulation than the outdoors, making it 
more likely for contaminants such carbon dioxide, volatile organic compounds and 
particulate matter to build up (Du et al., 2023). Elevated concentrations of these 
pollutants can have adverse effects on human health, easily causing respiratory diseases, 
dizziness and other symptoms and may even be life-threatening in severe cases. Wang et 
al. (2023) pointed out that this policy had significantly promoted the green development 
of the digital industry, especially in smart city construction, where digital technologies 
had improved resource utilisation efficiency and achieved precise control of pollution 
emissions. The management of these energy-intensive systems also faces problems such 
as operational inefficiency and strong regulatory lag, leading to unnecessary energy 
waste. Traditional air quality monitoring methods rely on limited fixed monitoring 
points, making it difficult to fully and real-time reflect the spatiotemporal distribution 
characteristics of pollutants in underground spaces. Moreover, experience-based  
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regulation strategies often fail to respond promptly to changes in pollutant 
concentrations, resulting in poor regulation effects (Arroyo et al., 2022). The Back 
Propagation (BP) Neural Network is a classic feedforward neural network. It optimises 
weight parameters through the back propagation algorithm and can effectively handle 
nonlinear mapping relationships. 

Traditional ventilation control methods rely on fixed sensor network layouts and 
preset fixed-threshold control strategies, which result in significant response delays. 
Specifically, fixed sensor networks cannot dynamically adapt to changes in the indoor 
environment and fail to promptly capture sudden changes in pollutant concentrations. 
When a high concentration of pollutants suddenly emerges from a new pollution source 
in a certain area, the fixed sensor network needs to wait for data to be transmitted from 
the monitoring point to the control centre, which then issues instructions. This process 
usually takes 3–5 minutes, during which pollutants may have spread to a wider range. In 
addition, traditional methods lack an adaptive mechanism for spatiotemporal dynamic 
changes and cannot adjust ventilation strategies in real time based on the physical 
characteristics of pollutant diffusion. In underground space environments, air flow is 
restricted by structures and pollutant diffusion paths are complex. Traditional methods 
cannot accurately predict pollutant propagation trends, leading to the failure of 
ventilation systems to respond to pollution incidents in a timely manner. In recent years, 
the Spatiotemporal Attention (STA) mechanism has been a prominent area of study in 
deep learning. When processing data with spatio-temporal characteristics, traditional 
neural networks often struggle to effectively capture important information in both 
spatial and temporal dimensions simultaneously. By introducing attention weights, the 
STA mechanism can dynamically allocate the model’s degree of focus on different 
spatial locations and time steps, thereby better extracting key features from the data (Liu 
et al., 2024; Livingston et al., 2023). This study develops a STA method to further 
improve the model’s capacity to concentrate on important spatiotemporal aspects. 
Through dynamic weight allocation, this mechanism enables the model to adaptively 
focus on regions with complex pollution source distributions or time periods with 
significant fluctuations in emission intensity. 

Air quality management in underground spaces faces two key challenges: First, 
traditional monitoring methods rely on limited fixed monitoring points, failing to reflect 
the spatiotemporal distribution characteristics of pollutants in underground spaces in real 
time and comprehensively. Second, empirical-based ventilation adjustment strategies 
cannot respond promptly to changes in pollutant concentrations, resulting in energy 
waste. Traditional air quality monitoring methods depend on fixed monitoring stations 
and intermittent sampling, which cannot capture sudden changes in pollutant 
concentrations in a timely manner. In pollution incidents caused by sudden industrial 
emissions or traffic accidents, the monitoring data from fixed stations often lags behind 
the actual occurrence time of pollution, leading to the failure of emergency response 
measures to be activated promptly. In addition, for pollution monitoring in underground 
spaces, traditional methods struggle to accurately reflect the complex distribution of 
pollution sources. Owing to the structural constraints on air flow in underground spaces, 
pollutant diffusion paths are complex, resulting in significant deviations in evaluations. 
This study aims to propose a Spatial Temporal Attention based BP (STABP) air quality  
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prediction method and apply it to the health diagnosis of air quality in deep-buried 
underground projects. This technology integrates coupled simulation and BP algorithm, 
aiming to achieve accurate prediction and dynamic adjustment of ventilation demand in 
underground spaces, thereby optimising energy use. Firstly, multiple sensor nodes are 
deployed inside deep underground engineering to collect Air Quality Index (AQI) data 
and related environmental parameters. Then, pre-processing is performed on the collected 
data, including data cleaning and normalisation, to eliminate noise and outliers in the data 
and improve data quality. Next, the STABP model is constructed. In this model, time 
series data is processed using the Long Short-Term Memory (LSTM) network, spatial 
characteristics are extracted using the BP model, and attention weights are dynamically 
allocated using the STA mechanism. By learning from historical data, the model can 
establish complex relationships between air quality indices and environmental factors, 
and predict air quality at future moments. 

2 Method 

2.1 Foundation of air quality prediction for deep engineering 

Compared with the outdoor environment, deep underground engineering usually has 
limited air exchange with the outside world, making it easy for pollutants to accumulate 
inside and difficult to diffuse quickly. This enclosed nature leads to significant 
differences in the dynamic changes of air pollution compared with the external 
environment. In subway stations, the carbon dioxide concentration in crowded areas may 
rise rapidly in a short time, and the adjustment of ventilation systems can effectively 
improve air quality only based on accurate predictions (Ali et al., 2022; Dong et al., 
2023). The ventilation system is an important means to regulate the air quality of deep 
underground engineering, and its operating status directly affects the distribution and 
diffusion of air pollution. Air quality evaluation standards are important criteria to 
measure whether the air quality of deep underground engineering meets the standards. At 
present, widely adopted international air quality evaluation standards include the ‘WHO 
Guidelines for Indoor Air Quality’ and the standards of the American Society of Heating, 
Refrigerating and Air-Conditioning Engineers (ASHRAE). In China, the air quality of 
deep underground engineering mainly refers to ‘Standard for Air Quality of Underground 
Buildings’ (GB/T 18204.2) and ‘Code for Design of Metro’ (GB 50157). The pollutant 
concentration limits corresponding to the AQI are shown in Table 1. Among them, 
PM2.5 is one of the core pollutants in AQI calculation. Its concentration directly reflects 
the pollution degree of fine particulate matter (with a diameter of ≤2.5 μm) and is closely 
related to respiratory diseases. PM10 refers to inhalable particulate matter (with a 
diameter of ≤10 μm), which has potential hazards to the respiratory and cardiovascular 
systems. 
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Table 1 Pollutant concentration limit corresponding to AQI 

AQI SO2 NO2 CO O3 PM2.5 PM10 
0 0 0 0 0 0 0 
50 50 40 2 100 35 50 

100 150 80 4 160 75 150 
150 475 180 15 245 115 250 
200 800 280 24 265 150 350 
300 1600 565 36 800 250 420 

The Air Pollution Index (API) is a comprehensive indicator reflecting air quality 
conditions, typically used for outdoor air quality assessment. However, its basic 
principles can also be applied to the evaluation of air quality in deep underground 
engineering (Ge et al., 2024; Thanh et al., 2024; Wang et al., 2024b). A complete index is 
created through weighted summation, and the API calculation technique is based on the 
ratio of the concentration of key pollutants to their respective limitations. According to 
the API value, air quality can be split into multiple grades: Excellent air quality with no 
discernible effects on human health is achieved when the API is less than 50. Good air 
quality is achieved when the API is between 50 to 100, which may have minor effects on 
sensitive populations. The air quality is mildly contaminated when the API is between 
100 and 150, which clearly affects sensitive populations. The population’s health is 
significantly impacted by moderately polluted air when the API is between 150 and 200. 
The population’s health is seriously impacted by the highly contaminated air quality 
when the API is 200 or above. In deep underground engineering, due to the enclosed 
space and complex pollution sources, air quality can easily reach the level of light 
pollution or even moderate pollution. 

2.2 Processing of spatio-temporal sequence information of air pollutants 

The topological topology of the Recurrent Neural Network (RNN) is depicted in Figure 
1. Its ability to retain sequence information in memory is based on its recurrent structure. 
The RNN changes the hidden state by learning weights at each time step after receiving 
the current input and the hidden state from the previous time step. Then, it moves on to 
the subsequent time step. The current time step’s components are often included in the 
RNN’s input. The network can receive and process sequential data, including time series, 
natural language texts and other data with temporal correlation, thanks to the recurrent 
layer. The recurrent layer creates a new hidden state at each time step by receiving the 
hidden state from the previous time step as well as the current input. The network can 
identify temporal dependencies in the sequence thanks to this information transfer and 
memory mechanism. 
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Figure 1 RNN topology (see online version for colours) 
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RNN takes an input vector sequence ( )1 2, , ..., tx x x  and extracts another vector  

sequence ( )1 2, , ..., ts s s  to represent the hidden layer state. The hidden layer state can be 
expressed as: 

1 1
t
s t snet Ux Ws b−= + +   (1) 

( )t
t ss f net=   (2) 

The output sequence is represented by the hidden layer state, which can be expressed as: 
t
y t ynet Vs b= +   (3) 

( )t
t yy g net=   (4) 

t
snet  and t

ynet  represent weighted sums corresponding to pre-activation. ( )f i  and ( )g i  
represent activation functions. 

The current input and the hidden state from the previous time step are fed into the 
RNN at each time step of the training process. It uses the current input and the hidden 
state to determine the output of the current time step. The subsequent time step’s input is 
derived from the current time step’s output. Until the complete sequence is digested, this 
process is repeated. 

RNN calculates the hidden state 1th −  at the current moment by combining the hidden 
state tx  at the previous moment with the input th  at the current moment. This structure 
enables RNN to process time-dependent sequence data, such as time series and language 
series. 

RNN faces issues of gradient vanishing and gradient explosion when processing 
long-sequence data. Gradient vanishing refers to the gradual reduction of gradient values 
during backpropagation, making it difficult for the network to learn long-distance 
dependencies. In contrast, gradient explosion refers to the gradual increase of gradient 
values, leading to unstable network training. These problems limit the effectiveness of 
RNN in practical applications (Guo et al., 2023; Radhakrishnan et al., 2022; Ramadan et 
al., 2024). LSTM solves the long-distance dependency problem effectively by 
introducing a gating mechanism to control the flow of information. The hidden layer of 
RNN, which is the LSTM neural network’s module, primarily gains a control layer from 
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the LSTM neural network. The conventional hidden layer can function using short-term 
memory if it contains a single state (the h layer). To preserve long-term states, the LSTM 
neural network has a control layer or c layer. A schematic diagram of the LSTM neural 
network’s expansion over time is displayed in Figure 2. 

Figure 2 Schematic diagram of time expansion of LSTM neural network (see online version  
for colours) 
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In LSTM, the role of forgetting gate is to decide which information to discard from the 
cell state. The calculation formula of forget gate is: 

[ ]( )1,t f t t ff W h x bσ −= ⋅ +   (5) 

tf  is the output of forget gate, indicating the proportion of information to be forgotten. 
σ  is the sigmoid activation function, and the output value is between 0 and 1. fW  is the 
weight matrix of forget gate, and fb  is the bias term. 

The function of the input gate is to decide which new information needs to be written 
into the cell state. The input gate consists of two parts: the activation value ti  of the input 

gate and the candidate value tC� . The calculation equation is: 

[ ]( )1tanh ,t C t t CC W h x b−= ⋅ +�   (6) 

ti  is the activation value of the input gate, indicating the proportion of information to be 

written. tC�  is a candidate value, indicating new information to be written. iW  and CW  
are the weight matrices of input gates and candidate values. ib  and Cb  are offset terms. 

Cell state is the core of LSTM, which updates information through the control of 
forget gate and input gate. The updated equation of cell state is: 

1t t t t tC f C i C−= ⋅ + ⋅ �   (7) 
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tC  is the cell state at the current moment. 1tC −  is the cell state at the previous moment. 
The function of the output gate is to decide what information to output from the cell 

state. The calculation equation of the output gate is: 

[ ]( )1,t o t t oo W h x bσ −= ⋅ +   (8) 

( )tanht t th o C= ⋅   (9) 

to  is the activation value of the output gate, indicating the proportion of information to 
be output. th  is the hidden state of the current moment. oW  is the weight matrix of the 
output gate, and ob  is the bias term. 

In the air quality management of deep underground engineering, the spatiotemporal 
evolution of pollutant concentrations exhibits high nonlinearity and uncertainty. 
Examples include the local concentration of exhaust emissions from construction 
machinery, spatial gradient changes caused by the operation of ventilation systems, and 
sudden pollution events triggered by fluctuations in the intensity of construction 
activities. Traditional models usually adopt fixed weights or global averaging strategies, 
making it difficult to effectively capture these dynamic features. The spatiotemporal 
attention mechanism greatly improves prediction accuracy and regulatory sensitivity by 
allowing the model to dynamically adapt the intensity of attention to various spatial 
regions and time periods depending on real-time data through the introduction of 
learnable weight parameters. 

The goal of spatial attention mechanism is to extract the contribution weight of key 
areas from high-dimensional spatial features. Assume that the input spatial feature matrix 
is N DX R ×∈ , where N  is the number of grid points and D  is the feature dimension, 
such as pollutant concentration, temperature and humidity. The calculation equation of 
spatial attention weight N N

sA R ×∈  is as follows: 

q
s

k

T
kXW XW

A
d

softmax
 
  
 

=   (10) 

qW  and kW  are the spatial query matrix and bond matrix respectively, and kd  is the 
scaling factor, which is used to calculate the stable gradient. Through this equation, the 
model can automatically identify the hot spots of pollutant concentration distribution and 
give them higher weight. 

The goal of temporal attention mechanism is to extract the dependence of key time 
steps from historical time series. Assume that the time feature sequence output by the 
LSTM module is [ ]1 2, , , T D

TH h h h R ×= … ∈ , where T  is the number of time steps. The 
calculation equation of time attention weight tA  is as follows: 

q
t

k

T
kHW HW

A softmax
d

 
=   

 
  (11) 
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qW  and kW  are time query matrix and key matrix, respectively. Through this equation, 
the model can capture the key events of pollutant concentration changing with time and 
dynamically adjust its influence on the prediction results. 

2.3 An air pollution prediction model based on integrated coupled STABP 

The STABP model is an integrated framework that combines physical process  
simulation with data-driven algorithms to achieve accurate prediction and dynamic 
adjustment of ventilation demand in underground spaces. The model consists of five core 
components: spatial data reconstruction based on Kriging interpolation, high-dimensional 
spatiotemporal field processing using BP Neural Network (BPNN), time series data 
processing via Long-Short-Term Memory (LSTM), dynamic weight assignment based  
on spatiotemporal attention mechanism, and pollutant concentration prediction.  
It follows a sequential processing workflow: first, spatial data reconstruction generates a 
high-resolution pollutant concentration field. Second, the BPNN performs rapid 
dimensionality reduction and error compensation for the high-dimensional 
spatiotemporal field. Third, LSTM processes time series data; fourth, the spatiotemporal 
attention mechanism dynamically allocates weights to focus on critical spatiotemporal 
information. Finally, the model outputs the predicted pollutant concentration. 

In deep underground engineering, the deployment of sensors is usually limited, which 
leads to insufficient spatial coverage of data (Wang et al., 2024a). To expand the spatial 
characteristics of the data, this study first adopts the Kriging interpolation method for 
spatial interpolation in unknown research areas. Kriging interpolation is a geostatistical 
method based on spatial autocorrelation, which can estimate the values of unknown 
points based on data from known points. Through Kriging interpolation, a denser spatial 
data grid can be generated, thereby providing more comprehensive spatial information 
for subsequent models. The core of Kriging interpolation lies in measuring the 
autocorrelation of spatial data through the semi variogram. The semi variogram describes 
the spatial dependence between data points; the smaller its value, the stronger the 
correlation between data points. The specific expression of the Kriging interpolation 
method can be stated as follows: 

( ) ( )( )*
0 1

n
i ii

Z x Z xμ λ μ
=

= + −   (12) 

( )*
0Z x  is the predicted value of position 0x . μ  is the average value of the whole area, 

( )iZ x  is the observed value of known position ix , and iλ  is the weight coefficient. 
As a core component, the BP Neural Network (BPNN) undertakes the key task of 

extracting critical features from high-dimensional spatial data. BPNN architecture is 
displayed in Figure 3. Its design goal is to convert the high-resolution gridded pollutant 
concentration fields generated by Kriging interpolation into low-dimensional and 
discriminative spatial feature representations through the nonlinear mapping capability of 
multi-layer perceptron, thereby providing basic support for the generation of subsequent 
dynamic regulation strategies. The design of BPNN is mainly based on the following 
considerations: (1) The input feature dimension is 12. According to the empirical rule,  
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the number of hidden layer nodes is usually set to 1.5-2 times that of input nodes, so the 
number of nodes in the first hidden layer is set to 24. (2) The number of nodes in the 
second hidden layer is set to 2/3 of that in the first layer, i.e., 16 nodes, which  
aims to gradually reduce the feature dimension and extract higher-level feature 
representations. (3) The rationality of this structure is verified through ablation 
experiments. 

Figure 3 BPNN architecture (see online version for colours) 
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In this study, the input layer receives the pollutant concentration field data generated by 
Kriging interpolation, with a dimension of N D× , where N  represents the number of 
spatial grid points and D  represents the feature dimension of each grid point. The design 
of the input layer must fully consider the sparsity and non-uniformity of sensor data in 
deep underground engineering scenarios. Therefore, normalisation processing is adopted 
to eliminate the influence of different feature dimensions, and missing data is 
supplemented through filling strategies to ensure the integrity of the input data. The goal 
of the output layer is to generate a dimensionally reduced spatial feature matrix 

N d
sH R ×∈ , where d  is the dimension after feature dimensionality reduction. This 

matrix realises the abstract representation of the spatial distribution pattern of pollutant 
concentrations by linearly combining the outputs of the hidden layers and incorporating 
activation functions such as Softmax or Tanh. 

 
 
 
 
 
 
 



   

 

   

   
 

   

   

 

   

    A digital technology for energy-saving ventilation 31    
 

    
 
 

   

   
 

   

   

 

   

       
 

The forward transmission of input and the backward transmission of errors are the 
two fundamental operations that make up the computation of the BPNN algorithm.  
The existing weights and thresholds are used to determine how input data is sent. 
Equation (13) displays the output of the k-th node in the hidden layer. 

1

m

k ij j i
j

H xφ ω θ
=

 
= + 

 
   (13) 

φ  represents the transfer function of the hidden layer. ijω  represents the weight, and iθ  
represents the node threshold of the hidden layer. 

The output of the s-th node in the output layer is shown in equation (14). 

1 1

q m

s sj ij j i s
i j

o x aψ ω φ ω θ
= =

  
= + +  

   
    (14) 

ψ  represents the transfer function of the output layer, usually using a linear function. ijω  
represents the weight between the hidden layer and the input layer. sa  represents the 
node threshold of the output layer. 

The BPNN is trained by calculating the output error based on the expected and actual 
outcomes, and then transmitting the result backward. The gradient descent method 
involves continuously adjusting the network’s weights and thresholds to bring the output 
closer to the reference value over time. In equation (15), the error function is displayed. 

( )2

1

1
2

n

p k k
k

E T o
=

= −   (15) 

kT  represents the output reference value of the k-th node. 
Each convolutional layer outputs a set of feature maps, which represent the features 

of the input data at different spatial scales (Fahad et al., 2023; Mutovina et al., 2025; 
Pérez-Beltrán et al., 2024). The model’s middle layer uses a stacked Spatio-Temporal 
Attention-Long-Short-Term Memory network (STA-LSTM) after spatial features have 
been extracted. Through the attention mechanism, STA-LSTM dynamically distributes 
the degree of attention to various spatial locations and time steps at each time step, in 
addition to taking into account the input at that instant and the hidden state at that 
moment. The model can more easily capture the spatiotemporal dependencies in the data 
thanks to this mechanism. The STA mechanism is the core part of STA-LSTM. It 
dynamically distributes the model’s attention to different spatial positions and time steps 
by calculating attention weights. 
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Figure 4 STA-LSTM architecture (see online version for colours) 
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In the STABP air pollution prediction model, the Spatial Attention Module (SAM) and 
Temporal Attention Module (TAM) are illustrated in Figures 5 and 6, respectively. In 
areas close to pollution sources, changes in pollutant concentrations may be more 
significant, whereas in areas far from pollution sources, such changes may be relatively 
minor (Rad et al., 2022; Tripathi et al., 2024; Zhao et al., 2024). In the STABP model, 
the spatiotemporal attention mechanism is integrated in the feature extraction stage, 
located after the BPNN extracts spatial features and before the LSTM processes time 
series data. The SAM calculation is based on the spatial features extracted by BPNN. Its 
computation process includes a series of convolutional layers, followed by a softmax 
function for weight normalisation (Sharifi et al., 2023). The weights are multiplied by the 
spatial features to emphasise critical spatial regions. SAM is applied to the output of 
BPNN, which is then fed into the LSTM layer. TAM calculation is based on the time 
series features extracted by LSTM. Its computation process also includes a series of 
convolutional layers, followed by a softmax function for weight normalisation. The 
weights are multiplied by the time series features to emphasise critical time steps. TAM 
is applied to the output of LSTM, which is then fed into the final prediction layer. During 
training, the attention weights are optimised through backpropagation, similar to other 
parameters of the model. The attention mechanism is trained end-to-end with the rest of 
the network, enabling the model to adaptively focus on the most relevant spatial locations 
and time points based on input data. This dynamic allocation of attention weights allows 
the model to better capture the complex spatiotemporal patterns of pollutant 
concentrations, especially during sudden changes in pollutant concentrations. Through 
dynamic allocation of temporal attention weights, TAM allows the model to focus more 
on time steps that are more crucial for prediction. 
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Figure 5 SAM module (see online version for colours) 

Conv

V&Re

Conv Conv

Softmax 

Matmut

Layer norm

V&Re

Conv

0 1
tH − 1

tH

1S
tH

 

Figure 6 TAM module (see online version for colours) 
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The design of the spatiotemporal attention mechanism fully considers the physical 
properties of different pollutants. For CO, which spreads rapidly and is highly affected by 
air flow, the attention mechanism assigns higher weights to the temporal dimension, 
enabling the model to pay more attention to recent concentration changes. Specifically, 
the temporal attention weight coefficient for CO is set to 0.75, and the spatial attention 
weight coefficient is 0.25. For PM2.5, which spreads slowly and is easily affected by 
meteorological conditions, the attention mechanism assigns higher weights to the spatial 
dimension, with the temporal attention weight coefficient set to 0.4 and the spatial 
attention weight coefficient to 0.6. In model implementation, these weight coefficients 
are determined through physical property analysis and automatically optimised through 
backpropagation during training. 

2.4 Experimental design 

This study selects Jiangsu Province as the research area to verify the effectiveness of the 
STABP model. The data set covers air pollution data and meteorological data recorded 
every 3 hours by monitoring stations in various cities of Jiangsu Province from 1 January 
2022 to 31 December 2024. These data are freely available through public channels: air 
quality data are obtained from the China National Environmental Monitoring Centre 
(http://www.cnemc.cn/), and meteorological data are from the European Centre for 
Medium-Range Weather Forecasts (https://www.ecmwf.int). The STABP model is 
trained using air quality data and meteorological data recorded every 3 hours at 
monitoring stations in various cities of Jiangsu Province from 1 January 2022 to 31 
December 2024. The data preprocessing steps are as follows: (1) Data cleaning: The 3σ 
criterion is used to remove outliers and missing values – any data point outside three 
standard deviations from the mean is considered an outlier and eliminated. (2) Data 
normalisation: Min-max normalisation is applied to scale all features to the range [0, 1]. 
(3) Data splitting: The data set is divided into a training set (70%), a validation set (15%) 
and a test set (15%) in chronological order to avoid data leakage. 

The model is trained using the Adam optimiser with a learning rate of 0.001, a batch 
size of 64 and 500 iterations. The training process is monitored using a validation set to 
prevent overfitting. An early stopping strategy is implemented with a patience of 50 
iterations, meaning training stops if the validation loss does not improve for 50 
consecutive iterations. To evaluate model performance, 5-fold cross-validation is used to 
ensure the robustness of results. In each fold, 80% of the training data is used for training 
and 20% for validation. The final model is selected based on the average performance 
across all folds. Model parameters are adjusted via a grid search method, testing 
combinations of different learning rates (0.0001, 0.0005, 0.001, 0.005), batch sizes  
(32, 64, 128) and iteration counts (200, 400, 600). The optimal combination is 
determined as a learning rate of 0.001, a batch size of 64 and 500 iterations. 

To guarantee data quality and applicability, the original data undergoes the required 
preparation steps prior to model training. First, outliers and missing values are eliminated 
by data cleaning. Outliers can be brought on by monitoring errors or severe weather, 
whereas missing results can be the consequence of malfunctioning monitoring equipment 
or problems with data transmission. By guaranteeing the data’s correctness and integrity, 
data cleansing offers a solid data base for further analysis. Mean Absolute Error (MAE), 
Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) are 
often used evaluation metrics in air pollution prediction. These three metrics are used in 
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this study to compute prediction errors, which are then compared to actual values to 
assess the STABP model’s prediction accuracy. Let ˆin  denote the predicted value for a 
certain future time period, in  denote the actual observed value and m  denote the number 
of samples. The calculation methods of the three metrics are as follows: 

( ) 1ˆ ˆ,
m

i i
i m

MAE x x x x
m =

= −   (16) 

( )
ˆ1ˆ, ˆ

m
i i

i i
i m i

x x
MAPE x x

m f=

−
=    (17) 

( ) 21ˆ ˆ,
m

i i i i
i m

RMSE x x n nm =

= −   (18) 

3 Results and discussion 

3.1 The correlation analysis of air pollutants 

In this study, air pollution concentrations are taken as the reference sequence, while 
meteorological data and concentrations of other pollutants serve as comparison 
sequences. By analysing the grey relational degree indices among multiple sets of data 
sequences, a set of quantitative correlation coefficients can be obtained. The value of 
these coefficients intuitively reflects the closeness of the relationship between the 
compared sequence and the reference sequence: a higher calculated value indicates a 
stronger correlation between the two sequences. This quantitative analysis method based 
on grey relational theory provides a reliable mathematical basis for evaluating the 
dynamic relationships between different variables. Figure 7 shows that there are strong 
correlations between certain characteristic variables, and these correlations may have 
important indicative significance in air pollution prediction models. Feature 
combinations with high correlation degrees may indicate common pollution sources or 
similar physicochemical processes, and such information is of great reference value for 
understanding the complex mechanisms of air pollution and optimising prediction 
models. The analysis reveals that CO has a moderate negative correlation with NO₂ and 
O₃, and a strong positive correlation with PM10. PM2.5 has strong positive correlations 
with other pollutants such as PM₁₀, SO₂ and NO₂, indicating that they share common 
pollution sources or occur under similar environmental conditions. 

Analysis of the correlations between major pollutants (including CO, PM2.5 and NO2) 
reveals that the correlation coefficient is 0.65 between CO and PM2.5, 0.72 between CO 
and NO2 and 0.81 between PM2.5 and NO2. Based on these correlation analyses, a multi-
pollutant coupled input strategy is designed: pollutant pairs with a correlation coefficient 
greater than 0.7 are combined into feature pairs and fed into the input layer of the model, 
while pollutants with a correlation coefficient less than 0.7 are used as individual input 
features. This feature engineering strategy enables the model to more effectively capture 
the interactive relationships between pollutants. In specific implementation, pollutant 
pairs with a correlation coefficient greater than 0.7 are treated as input feature pairs, and 
each feature pair contains two pollutant concentration values to form new input features. 
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Figure 7 Correlation analysis of pollutant data (see online version for colours) 
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3.2 The prediction performance analysis of STABP model 

Figure 8 compares the PM2.5 concentrations predicted by the STABP model with the 
actual values. It shows that the STABP model exhibits good performance in capturing the 
fluctuation trends of PM2.5 concentrations. In most cases, the fluctuation trends of 
predicted values are consistent with those of actual values. Particularly during periods 
when PM2.5 concentrations show significant fluctuations, the model can predict these 
changes relatively accurately. This shows that the STABP model can efficiently learn  
the spatiotemporal features of changes in PM2.5 concentrations, resulting in a high 
prediction accuracy. 

Figure 8 Prediction effect based on STABP model (see online version for colours) 
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Figure 9 compares the prediction performance of different models. Among the 
comparative models, the CNN model consists of 3 convolutional layers (kernel size 3×3, 
output channels 32, 64, 128, respectively) and 2 fully connected layers (256 and 128 
nodes, respectively). The LSTM model is configured with 2 LSTM layers (128 nodes per 
layer) and a dropout rate of 0.2, designed for time series prediction. The ConvLSTM 
model includes 2 ConvLSTM layers (64 nodes per layer, kernel size 3×3). The 
ConvLSTM-T model comprises 2 ConvLSTM layers (64 nodes per layer, kernel size 
3×3) plus 1 temporal convolutional layer. The CNN-LSTM model follows the pipeline: 3 
CNN layers (output channels 32, 64, 128) → 2 LSTM layers (128 nodes per layer). All 
comparative models use the Adam optimiser with a learning rate of 0.001. The proposed 
STABP hybrid model outperforms other models in terms of indicators such as MAE, 
RMSE and MAPE, with values of 7.31, 9.43 and 29.96, respectively. Although LSTM 
has the ability to process time series data, its prediction effect when used alone is not 
ideal. This result further confirms the importance of introducing temporal and spatial 
attention mechanisms for learning time series data. In addition to better extracting 
temporal and spatial information from time series data, these mechanisms also improve 
neural networks’ capacity for learning, which raises the model’s capacity for prediction. 

Figure 9 Comparison of prediction performance of different models (see online version for 
colours) 
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4 Conclusions 

This study provides a scalable technological solution for energy entrepreneurs and firms 
aiming to innovate in the smart building and urban energy management sector. This 
study addresses the problems of energy inefficiency and operational lag in managing 
urban underground infrastructures of deep underground engineering by proposing an 
STABP model that integrates coupled simulation and BP algorithm. Through the 
collaborative optimisation of physical process simulation and data-driven algorithms, this 
model realises accurate prediction and dynamic regulation of pollutant concentrations in 
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underground spaces. The STABP model first performs spatial reconstruction on limited 
sensor data based on the Kriging interpolation method to generate a high-resolution 
gridded pollutant concentration field. Then, a BPNN is used for rapid dimensionality 
reduction and error compensation of the high-dimensional spatiotemporal field, 
combined with an LSTM module to process time series information. Lastly, to improve 
the model’s capacity to concentrate on important spatiotemporal information, the STA 
mechanism dynamically distributes weights. Experiments using Jiangsu Province’s air 
quality and meteorological data from 2022 to 2024 confirmed the STABP model’s 
superior performance in PM2.5 prediction. Compared to standard models, its MAE, 
RMSE and MAPE indices are much improved at 7.31, 9.43 and 29.96, respectively. The 
results show that the STA mechanism effectively improves the model’s adaptability to 
the complexity of pollution source distribution and fluctuations in emission intensity, and 
exhibits higher sensitivity especially in capturing sudden changes in pollutant 
concentrations. The STABP model exemplifies how digital transformation  
(AI integration) can drive business model innovation for clean energy services in urban 
contexts. 

In practical applications, a high-density sensor network is deployed in underground 
projects, including spatially distributed pollutant sensors and meteorological sensors, to 
collect air quality data in real time. Next, the collected data undergoes preliminary 
processing via edge computing devices, including data cleaning, normalisation and 
feature extraction. The processed data is then input into the STABP model for real-time 
prediction. Finally, based on the prediction results, the operating status of ventilation 
equipment is automatically adjusted, and actual ventilation effect data is collected to 
support continuous optimisation and updating of the model. For specific underground 
engineering applications, it is recommended to first conduct small-scale pilots in key 
locations such as subway stations. 3–5 typical areas are selected as pilot sites, deploy 
sensor networks and ventilation control systems, collect 3 months of operational data and 
gradually expand the application scope after verifying the model’s effectiveness. 

Despite the promising performance of the STABP model, several aspects require 
future improvements. First, the model’s robustness to sensor data missing or noise needs 
to be enhanced. In practical scenarios, sensor data may be affected by environmental 
factors or hardware issues, leading to data loss or anomalies. Future work can integrate 
advanced imputation techniques or robust loss functions to address such situations. For 
sensor data missing, nearest-neighbour sensor data can be used for filling – considering 
spatial correlation, the 3 sensors closest to the missing point are selected for weighted 
average filling, with weights inversely proportional to distance. In practical applications, 
a data missing processing module can be further designed to automatically detect missing 
values before data input into the model and select corresponding processing strategies 
based on the type of missing data. Additionally, subsequent work can explore coupling 
the STABP model with other more advanced algorithms or technologies to further 
improve model performance. Combining the STABP model with Transformer-based 
architectures may more effectively capture long-range dependencies. 
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