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Dear editor,
The existing methods for regional vehicle emission prediction can be roughly categorized into the classes of classical dispersion models and satellite remote sensing models.
Gaussian plume models, operational street canyon models
and computational fluid dynamics are the classical dispersion models. The mobile source emission factor (MOBILE)
and computer programme to calculate emissions from road
transport (COPERT) models that have been developed in
USA and Europe respectively are the most frequently used
emission factor models [1]. These models [2, 3] are usually
complex models that consider the meteorology, road network
geometry, geographical locations, traffic volumes, and emission factors based on a several empirical assumptions and
parameters that may not be applicable to all the regions
in a city [4]. The aforementioned parameters are usually
considered to be difficult and expensive to obtain, and the
results that are generated using these parameters may be
inaccurate. Further, satellite remote sensing of the surface
air pollution has been extensively investigated during previous decades [5], and can be considered to be a top-down
method. However, such approaches are extremely influenced
by the presence of clouds and are considered to be sensitive
to other environmental factors such as humidity, temperature, pressure and geographical location [6, 7].
In addition, forecasting the vehicle emission in each region of a city is very challenging because of the insufficient number of remote sensing vehicle measurement stations available in a city for the expensive cost of building
and maintaining measurement equipments. And urban vehicle emission varies by locations non-linearly and depends on
several complex external factors, including road networks,
meteorology, traffic, green land ratio and the type of living
function area.
To address the aforementioned issues, we predict the regional vehicle emission using a data-driven method in this
study, by employing a variety of datasets, including the remote sensing records, meteorological data, traffic data, data

from road networks and points of interest (POIs). Further,
we propose an amended COPERT prediction model to address the data sparsity and spatial heterogeneity that includes complex external factors for generating spatiotemporal emission data to pre-train the deep spatiotemporal
network (DeepST); additionally, we formulate the region
emission prediction as a spatiotemporal sequence forecasting problem that can be solved by constructing a deep learning framework. For modeling the spatiotemporal relations,
DeepST can be employed to collectively predict the vehicle
emission in every region. The effectiveness of the proposed
method can be demonstrated by comparing it with several
baseline methods using a real-world dataset.
Problem Formulation. For road vehicle emission calculation, there are several emission models that employ different
approaches for emission computation. The choice of a modeling approach is considered to be dependent on the purpose
of computation, such as macro emission inventory and micro
emission factor.
The amount of pollutants that are emitted by a single
vehicle can be calculated as the function of the travel speed
v (km/h). Further, the general function can be written as
EF =

a + cv + ev2
.
1 + bv + dv2

(1)

The parameters that are required for calculating different
kinds of emissions and the amount of gas consumption are
provided in Appendix A. Further, the overall emission on a
certain road r can be given as
E = EF × RNa × Rn × Rlen ,

(2)

where R denotes a given road segment, RNa denotes the
traffic volume, Rn denotes the number of road lines, and
Rlen denotes the length of the road segment. By introducing various external factors, such as POIs, meteorology, road
networks, and traffic volume, into the COPERT model [8],
a deep learning framework can be designed to amend the
COPERT model, thereby obtaining historical emission observations. At this time, the historical emission observation
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sequence Xk (k = 0, 1, . . . , t − 1) and external factors that
are required to predict Xt should be provided.
Methodology. We propose an amended COPERT prediction model based on the deep spatiotemporal network.
First, we employ a two-layer autoencoder to extract the external features from multi-source heterogeneous meteorology
data, road networks, traffic and POIs. We further obtain the
amended COPERT model by introducing external features
that can be used to generate spatiotemporal data for the
DeepST model. By retraining the DeepST model using the
available real station measurements, a deep amended COPERT model can be obtained to predict the emission for the
region.
The amended COPERT model. Because the COPERT
model does not consider the external factors, such as temperature, wind, and POIs, we introduce an error term △E to
amend (2), so as to ensure usage of the available meteorological and POI data. The error term denotes the uncertainties
that can be attributed to external factors and that will be
fixed by our deep spatiotemporal learning approach in the
following. Further, the amended COPERT model can be
written as
E = βpoi × ln t × e−w × EF × RNa × Rn × Rlen
+ △E(t, w, POIs),

(3)

where

βpoi =





Numng
,
Numng + Numg


 0.5,

Numng 6= 0,
otherwise,

Numg denotes the number of green area POIs, Numng denotes the number of non-green area POIs, t denotes the
temperature, and w denotes the wind speed.
Deep spatiotemporal network. To pre-train the DeepST
model, we initially construct the training examples based
on the original historical sequence records. Further, the
DeepST model is trained by back-propagation and Adam
algorithm [9]. The training procedure algorithm is given in
Algorithm 1. The details of DeepST model is clarified in
Appendix E.
Algorithm 1
• Prepare the required input, including the historical observations {X0 , X1 , . . . , Xn−1 }, external features {E0 , E1 ,
. . . , En−1 }, lengths of closeness sequences lc , lengths of period
sequences lp , lengths of trend sequences ls , period interval p,
and trend interval s.
• Create training instances D ← ∅.
• For all available time interval t (1 6 t 6 n − 1):
Hc = [Xt−lc , Xt−(lc −1) , . . . , Xt−1 ],
Hp = [Xt−lp ·p , Xt−(lp −1)·p , . . . , Xt−p ],
Hs = [Xt−ls ·s , Xt−(ls −1)·s , . . . , Xt−s ],
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the model for determining the error term △E to
amend the COPRET. Finally, an amended DeepST model is obtained for performing regional emission prediction. The process of prediction using the learned model
M is presented in Algorithm 2.
Algorithm 2
• Prepare the required input, including the trained DeepST
model M, number of look-ahead prediction steps k, historical
sequence observations {X0 , X1 , . . . , Xn−1 }, external features
{E0 , E1 , . . . , En−1 }, lengths of closeness sequences lc , lengths
of period sequences lp , lengths of trend sequences ls , period
interval p, and trend interval s.
• X ← {X0 , X1 , . . . , Xn−1 }.
• For t = n to n + k − 1:
Hc = [Xt−lc , Xt−(lc −1) , . . . , Xt−1 ],
Hp = [Xt−lp ·p , Xt−(lp −1)·p , . . . , Xt−p ],
Hs = [Xt−ls ·s , Xt−(ls −1)·s , . . . , Xt−s ],
X̂t ← M(Hc , Hp , Hs , Et ),
and insert the prediction instance X̂t into X.
• Output {X̂n , X̂n+1 , . . . , X̂n+k−1 }.

Experiments. The proposed method is implemented on a
personal computer, with the specifications being provided in
Appendix B. A detailed description of the datasets has been
provided in the supplementary material. In this experiment,
we compare CO and NOx with two other models based on
the records of Hefei city, as depicted in Appendix C. To
the best of our knowledge, the regional emission prediction
problem exhibits inherent spatiotemporal dependencies, because our model simultaneously considers temporal and
spatial dependencies which is superior to the artificial neural network (ANN) and recurrent neural network (RNN)
models. We provide the variants of DeepST using different
external factors, presented in Appendix D, and observe that
the DeepST model when combined with the traffic, wind
and temperature factors are better than the other baselines
models. This significantly improves the accuracy and denotes that our model can learn the map function between
the complex external factors and the emission if we can obtain the relevant external factors .
Conclusion. We proposed a deep amended COPERT prediction model to address data sparsity and spatial heterogeneity; further, we formulated the regional emission prediction as a spatiotemporal sequence forecasting problem
that can be solved by constructing a deep learning framework. The effectiveness of the proposed method was demonstrated through comparison with several baseline methods
using real-world data.
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and put a training instance ({Hc , Hp , Hs , Et }, Xt ) into D.
• Initialize the optimal parameter θ in the DeepST model.
• Randomly select a batch of instances Db from D.
• Find θ by minimizing the equation L(θ) = kX̂t − Xt k22 using
Db .
• Output the learned DeepST model M.

Supporting information Appendixes A–E. The supporting information is available online at info.scichina.com and link.
springer.com. The supporting materials are published as submitted, without typesetting or editing. The responsibility for
scientific accuracy and content remains entirely with the authors.

After the pre-training is completed, we obtain
the pre-trained DeepST model M ;
further, we
can use the available station records to retrain
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