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Abstract: Analyzing and investigating the impact of implementing an environmental policy mix
on carbon emission from private cars and social welfare holds significant reference value. Firstly,
based on vehicle trajectory big data, this paper employs reverse geocoding and artificial neural
network models to predict carbon emissions from private cars in various provinces and cities in
China. Secondly, by simulating different scenarios of carbon tax, carbon trading, and their policy mix,
the propensity score matching model is constructed to explore the effects of the policy mix on carbon
emission reduction from private cars and social welfare while conducting regional heterogeneity
analysis. Finally, policy proposals are proposed to promote carbon emission reduction from private
cars and enhance social welfare in China. The results indicate that the environmental policy mix
has a significant positive impact on carbon emission reduction from private cars and social welfare.
Furthermore, in the regional heterogeneity analysis, the implementation of the policy mix in eastern
regions has a significant positive effect on both carbon emission reduction from private cars and
social welfare, while in central and western regions, it shows a significant positive impact on social
welfare but has no significant effect on carbon emission reduction in the private car sector.

Keywords: environmental policy mix; carbon emission reduction; private car; social welfare; carbon

tax; carbon trading

1. Introduction

To successfully achieve the goals of “carbon peaking” and “carbon neutrality”, it is
crucial to introduce rational environmental policies that promote carbon emission reduction
in the road transportation sector. As of the end of 2022, the number of private cars in China
reached 229 million, accounting for 54.92% of the total motor vehicle population [1]. Among
them, private cars powered by fossil fuels constitute 94.32% of the total number of cars and
play a dominant role in road transportation, making them a significant source of energy
consumption in urban road traffic [2]. To effectively regulate carbon emissions in the private
car sector, environmental policies have been introduced such as carbon tax or carbon trading
serves as a feasible means for low-carbon transformation. However, while environmental
policies reduce negative externalities, they also inevitably impact residents’ utility and social
welfare. This necessitates the effective evaluation and coordination of the carbon emission
reduction and welfare effects of environmental policies, ensuring their sustainability and
social acceptance. However, due to the random and disorderly characteristics of vehicle
carbon emissions, there are challenges in the statistical data collection of transportation
carbon emissions. Existing studies often employ IPCC road transport “top-down” and
“bottom-up” methods or develop and apply simulation econometric models to estimate
carbon emissions in the transportation sector [3-5]. However, the use of different modeling
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types and measurement methods leads to significant differences in the estimation results
of transportation carbon emissions [6]. This paper utilizes vehicle trajectory big data to
provide high-quality scientific data support for the analysis of carbon emission reduction
pathways in road transportation.

To incentivize and guide residents to adopt energy-saving and emission-reducing
behaviors, market-based environmental policy tools such as carbon tax and carbon trading
have been proposed [7,8]. Carbon tax is considered beneficial by some scholars as it
promotes technological innovation and behavioral changes in transportation, advocating
for the green travel of residents through direct or indirect financial incentives and cost
constraints [9]. However, increasing carbon taxes may lead to overexploitation of energy
resources in the short term, resulting in the “green paradox” [10]. Additionally, as a
tax system, carbon taxes have income distribution effects and dual dividend effects that
influence macroeconomics and social welfare [11]. Apart from a carbon tax, personal carbon
trading (PCT) is also seen as a potential innovative tool for achieving carbon emissions
reduction by changing residents’ travel behavior in the transportation sector [12]. However,
both carbon tax policy and PCT policy require further exploration in terms of their emission
reduction effects, social welfare implications, public acceptance, and ease of implementation.
With the development of low-carbon policy theories, it is recognized that a single carbon
reduction policy cannot meet existing emission reduction needs [13], and the low-carbon
policy mix can not only achieve emission reduction targets but also ensure that dispersed
carbon emission sources bear the responsibility for emission reduction, resulting in better
emission reduction outcomes and social welfare [14]. Sheng et al. found that the policy mix
of carbon tax and carbon trading is more beneficial to China’s macroeconomy [15]. Zhao
et al. compared the differences in carbon emissions and economic impacts between policy
mix and single policy, and found that the policy mix formed by carbon tax and carbon
trading is comprehensive in terms of price flexibility and coverage scope [16].

Based on the above studies, few scholars were able to estimate carbon emissions of
private cars using real world data at the micro level. However, this paper may introduce a
new estimation method by utilizing artificial neural networks based on vehicle trajectory
big data to predict carbon emissions from private cars. Furthermore, by employing realistic
assignments and scenario simulations, this paper analyzes the impact of the mix of carbon
tax and carbon trading policy on carbon emissions reduction and social welfare in the
private car sector, potentially providing a fresh perspective for introducing environmental
policies in the transportation field. Therefore, this paper employs reverse geocoding and
artificial neural networks to predict carbon emissions from private cars in each province
and city. It then simulates differentiated policy scenarios to explore the effects of policy mix
on carbon emissions reduction and social welfare. This research aims to provide reference
for formulating carbon emission reduction strategies in China’s road transportation sector
and contribute to the achievement of the “double carbon” goals and the development of
low-carbon transportation. The remaining sections are organized as follows: Section 2
introduces the data source, research method, and model setting of this paper. Section 3
predicts the carbon emissions of private cars through neural network simulation and
comparison based on the big data of vehicle trajectory. Section 4 uses a propensity score
matching (PSM) model to investigate the impact of environmental policy mix on carbon
emission reduction of private cars and social welfare, and carries out further regional
heterogeneity analysis. Section 5 presents the discussion, conclusion, and policy proposals.

2. Research Design
2.1. Data Sources

The research data were obtained in the actual working scenario through the developed
low-cost GNSS-OBD equipment [17], totaling 117,052 pieces of vehicle trajectory big data.
The data collection time was from 6:00 to 12:00 on 1 July 2018. The sampling frequency was
1 Hz, the time resolution was 0.01 s, the position resolution was 0.1 m, and the average
position error could be controlled within 10 m. The data mainly include vehicle information
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ID, trip start time, trip end time, longitude and latitude of starting point, longitude and
latitude of ending point, driving distance (unit: m), travel time (unit: s), fuel consumption
(unit: mL), and other information [18], as shown in Table 1. The data cover 31 provinces,
autonomous regions, and municipalities of China. The locations of trajectory points were
realized by inverse geocoding of latitude and longitude, and the specific addresses can be
accurate to provinces, cities (districts), and roads. The remaining data came from China
Statistical Yearbook 2018, combined with relevant provincial and municipal statistical
yearbooks and statistical bulletins.

Table 1. Recorded trip sample dataset.

Vehicle Trip Start Start Point  Start Point Trip End End Point End Point Driving Fuel Travel
ID Time Longitude Latitude Time Longitude Latitude Distance Consumption Time
1July 2018 120.576 29.987 1July 2018 120.609 29.972
578529 10:15 785 391 10:30 898 251 4731 801 939

2.2. Research Methods
2.2.1. Artificial Neural Network

The ability of self-learning and high-speed optimizing of artificial neural networks
is very important for prediction. In this paper, the carbon emissions of private cars are
predicted by the travel time, driving distance, and fuel consumption of private cars. Because
the mapping equation between input and output is unknown, it is difficult to model
it mathematically. However, the nonlinear adaptive information processing ability of
neural network can solve this kind of problem very well. Based on this, this paper first
establishes a BP neural network model to predict the carbon emissions of private cars
through Matlab software. A BP neural network is a feedforward neural network with
reverse error propagation and excellent nonlinear mapping ability. The basic idea is a
gradient descent method, whose errors are calculated by quadratic cost function [19]:

B = 33, (Te— 002, )

where Tj is the expected output, Oy is the neural network output, and E; is the prediction
error. Considering the limitation of BP neural network fitting ability, this paper establishes
the Extreme Learning Machine network model (ELM) for simulation and comparison. ELM
is an improvement of the back propagation algorithm (BP framework), with advantages
such as high learning efficiency and good generalization performance. Its core idea is to
solve the output weight to minimize the error function, as follows:

Hll{in 1B —t]|?, 2)

Ixm

where & is the output matrix, ¢ is the training goal, || is the frobenius norm of matrix
elements. In addition, expected carbon emissions from private cars are measured using the
IPCC “bottom-up” approach to road transport, with the following formula:

Tco, = Y i QiEF;, 3)

where Q; is the consumption of fuel i, and EF; is the emission factor of fuel i. Since most of
the fuel types of the vehicle trajectory big data collected in this paper are gasoline, only
mixed with a little hybrid power, EF; is calculated using the vehicle gasoline in the 2019
Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories.
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2.2.2. Environmental Policy Scenario Simulation

1.  Carbon tax policy scenario (hereinafter referred to as “carbon tax scenario”).

In this paper, it is assumed that the travel cost of driving cars from residents is mainly
the fuel consumption, and with the introduction of carbon tax, the travel cost increases,
including both fuel consumption and carbon tax. At this point, the tax impact of the
carbon tax directly affects the fuel price. As fuel is a daily consumable for private car travel
and a normal commodity with demand and price inversely related, changes in its price
can alter consumer behavior, leading to an increase or decrease in fuel consumption, and
consequently causing fluctuations in carbon emissions. Therefore, the price elasticity of
fuel demand under tax impact can be represented by Equation (4):

= (1) (252),

where Ey;y is fuel demand price elasticity, Q and p are fuel demand and price in a certain
period, AQ¢x and Apy,y are the fuel demand variation and price variation caused by carbon
tax in a certain period. Assuming that there is a t:1 relationship between tax rate and fuel
price, the correlation between tax impact caused by tax rate t and fuel price p is as follows:

t
AQpax = Epgx X % X Q= Epy x t x Q. 5)

Based on the studies of existing scholars, the price elasticity coefficient of fuel demand
in this paper is set as —0.23 [20]. Therefore, the emission reduction and resident travel costs
of each province and city under the carbon tax scenario are:

k
Ry = Zl AQtaxi X EF, (6)

Cii = Y s xupi(1+1)/k, @)

where Ry; refers to the carbon emission reduction under the carbon tax scenario of the i-th
province, while AQy,,; refers to the fuel consumption reduction of the i-th province. Cy;
is the average travel cost of residents in the i-th province, xy; is the fuel consumption of
residents in the i-th province, and p; is the fuel price.

Under the carbon tax scenario, this paper treats fuel and other goods as two com-
modities. The carbon tax, being an additional tax, can be seen as an extra cost incurred
by residents when consuming fuel during driving car travel. This will dampen residents’
demand for private car travel, reduce their propensity for fuel consumption, and affect
their preferences and utility. According to the commodity utility function proposed by
Douglas, resident utility depends on the degree of preference for fuel consumption and
other commodities. In the case of a certain income, residents are willing to bear the cost of
fuel consumption and taxes are also certain. Therefore, resident utility function and income
constraint are:

Un(x1,x3) = x{1xy 1, (8)

M = X1pP1 (1 + t) + X3P3, (9)

where Uy (x1, x3) is the residents” utility function under the carbon tax scenario, «; is the
residents’ preference for fuel oil, 1 — a1 is the residents’ preference for other commodi-
ties, M is the residents” income, x3 is the demand for other commodities, and p3 is the
price of other commodities. Combining Equations (8) and (9), the Lagrange function is
constructed as [21]:

L(Xl, X, X3, /\) = xi‘zx;_“l + )\[xlpl (1 + t) + x3p3 — M] (10)
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Combining the above Douglas function and Lagrange function, the stagnation point
can be obtained:

- lle
Y (
Xy = w. (12)
ps3

Substituting Equations (11) and (12) into Equation (8), the resident utility function
under the carbon tax scenario can be obtained. According to the utilitarian standard, the
social welfare function Wy; for each province and city under the carbon tax scenario can be
obtained by summing up Equation (13), as follows:

[ mM 121 —ap)M]
i) = [ ] @
Wii(Usy, ... Ug) = Y Uy (14)

2. Carbon trading scenario under total quantity control (hereinafter referred to as the
“carbon trading scenario”).

The total carbon emissions are restricted within a certain proportion, and residents
receive equal shares of free quotas under the total emission control. When residents’ carbon
emissions from driving car travel do not exceed the free quota, their travel costs consist
solely of fuel expenses. However, when their emissions exceed the free quota, their travel
costs include both fuel expenses and carbon emission costs. Therefore, under the carbon
trading scenario, the travel costs and emission reductions for residents in each province
and city are as follows:

k
Ryi = Y QiEF — bQ,EF, (15)
i=1

Coi = Xy xiip1/k xpi < xo
{ , 1 1+l i (]6)
2i (

Yk xp1+ (x2 — x0)pa) /k - x> xp”

where Rj; is the carbon emission reduction of the i-th provinces and cities in the carbon
trading scenario, and Q; is the benchmark fuel consumption in the no-policy scenario. b
is the proportion of total quantity control. Cy; is the average travel cost of residents in the
i provinces and cities when they do not exceed the free quota under the carbon trading
scenario, xp; is the carbon emission of residents i, and x is the free quota. C); is the average
travel cost for residents of the i-th province when they exceed the free quota. p, is the price
of carbon emission.

Under the carbon trading scenario, this paper treats fuel consumption, carbon emis-
sions, and other goods as three commodities. Since carbon emissions are tradable, residents
will reduce their demand for carbon emissions to seek economic benefits. This will lead to
the reduction of private car travel preference and affect residents’ utility. Therefore, based
on the utility function and income constraint function, the residents’ utility and income
constraint under the carbon trading scenario can be expressed as follows:

&

Us(x1,x2,X3) = X xglx;ﬂxl*ﬂl, (17)

M = x1p1 + (x2 — x0)p2 + X3p3, (18)

where Uy (x1, X2, x3) is the resident utility function under the carbon trading scenario. x; is
fuel consumption; x; is carbon emission; x3 is the quantity of other commodities; a; is the
preference degree of residents to fuel consumption from the perspective of carbon trading.
B1 is the degree of residents’ preference for carbon emission; 1 — a7 — 81 is the degree to
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uz(xlr X2, x3) = |:

u3(xl/ X2, x3) = |:

which residents prefer other goods. Residents’ utility maximization is an extreme value
problem under the income constraint. Lagrange function is constructed to obtain residents’
utility function. According to the utilitarian standard, the social welfare function W; for
each province and city can be obtained by summing up Equation (19):

a (M + szo)rl [ﬁ1<M+ szo)]ﬁl [a — a1 = f1) (M + o) |17 19)

P1 p2 p3
Woi(U21,... Upy) =) Uy, (20)

3. Carbon tax and carbon trading policy mix scenario (hereinafter referred to as “envi-
ronmental policy mix scenario”).

Residents bear the cost of fuel, additional carbon tax, and carbon emission costs when
their emissions exceed the free quotas. This incentivizes residents to reduce their demand
for private car travel, leading to a reduction in carbon emissions. When residents’ carbon
emissions from driving car travel do not exceed the free quotas, their costs consist of fuel
expenses and carbon tax. However, when their emissions exceed the free quotas, their costs
include fuel expenses, carbon tax, and the additional cost of purchasing carbon emission
allowances. The calculation formula is shown as follow:

Cgi = lec xlipl(l + i‘)/k Xy < X (21)
Chi =YX x1p1(1+1) + (x — x0)pa/k x2 > x¢/

where Cj; is the average cost when residents’ travel does not exceed the free quota under
the policy mix scenario, and C}; is the average cost when residents’ travel exceeds the free
quota. Under this circumstance, the carbon emission reduction can be attributed to the
combined effect of two factors: firstly, the reduction in carbon emissions from residents due
to the increased cost under the carbon tax scenario, and secondly, the reduction in carbon
emissions resulting from the total emission control under the carbon trading scenario. The
formula is as follows:

Ry = Y r (1-b)QiEF + (1 — b)QEF x t X Egs. (22)

Under the policy mix scenario, this paper treats fuel consumption, carbon emissions,
and other goods as three commodities. Residents” decision-making regarding driving car
travel takes into account the cost increase caused by carbon tax and the profit preference
resulting from carbon trading. At this point, residents” utility depends on the combined
effect of these three commodities. According to the commodity utility function and income
constraint function proposed by the Douglas function, the following can be derived:

X1

Uz(x1,x2,X3) = X} xglx;_“l_’gl, (23)

M = x1p1(1+ ) + (x2 — x0) p2 + x3p3, (24)

where U3 (x1, x2,x3) is the resident utility function under the policy mix scenario. The
Lagrange function is constructed to obtain the resident utility function. According to
the utilitarian standard, the social welfare function Ws; for each province and city can be
obtained by summing up Equation (25):

oM+ po) ][0+ ol 11— P M )| P 25)

p1(1+1) P2 p3
Wisi(Us;, ... Use) = Y Us;. (26)
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2.2.3. PSM

Since the variable in this paper is the result of scenario simulation analysis, the tradi-
tional linear regression model may miss relevant factors and fail to cover the covariables
affecting the carbon emission reduction of private cars and social welfare, resulting in
endogenous bias [22]. However, PSM uses a counterfactual framework to estimate the treat-
ment effect, which can effectively eliminate the selective bias of confounding factors [23].
Therefore, in this paper, the sample provinces and cities with and without environmental
policy mix are divided into treatment group and control group. A logit model or probit
model is used to estimate the propensity score, where the propensity score is the probability
of implementing policy mix in each province and city on the premise that sample feature xi
is determined:

p(xi) = prld; = 1|x;] = e[d;|x;], (27)

where d; is 1 when the environmental policy mix is implemented in the i-th province, and 0
otherwise. After the propensity matching score p(x;), is obtained, the average treatment
effects on treated (ATT) is adopted to estimate the impact of environmental policy mix on
the carbon emission reduction of private cars and social welfare. The specific formula is as
follows [24]:
ATT = e[y1; — yoildi=1] = e{e[yri — yoildi=1, p(x;)] } (28)
= e{elyy|di =1, p(x;)] — e[yrildi = 0, p(x;)]|di=1},

where, y1; and y, respectively represent the carbon emission reduction of private cars and
social welfare under the two scenarios of implementing environmental policy mix and
single environmental policy in the same province and city. After the propensity matching
score is obtained, this paper uses three methods of nearest neighbor matching, radius
matching, and kernel matching to analyze the overall samples.

2.3. Theoretical Analysis

Carbon tax, as a price-based policy tool that forces emission reduction backward,
internalizes environmental external costs through taxation, with advantages of being
adjustable, high efficiency, and low cost. Although it may have a certain negative impact
on economic development in the short term, in the long run, such impact is controllable
and limited [25]. Some scholars have proposed that carbon tax policy can produce double
dividend effect, regressive effect, and substitution effect on carbon emission reduction
and social welfare. Although the distribution effect of carbon tax may produce certain
negative effects, it can effectively promote carbon emission reduction and social welfare
improvement through the application of optimal tax rate [26]. In addition, although
the carbon tax can promote carbon emission reduction, market resource allocation may
be disturbed under government intervention. Therefore, the externality theory holds
that, under the circumstance of clear property rights, taking carbon emission right as a
commodity and optimizing resource allocation through a market-oriented mechanism can
reduce carbon emission reduction cost, promote technological innovation, and improve the
overall social welfare [27]. Carbon trading policies are generally considered to produce a
constraint effect, incentive effect, and Porter effect on carbon emission reduction and social
welfare [28].

With the introduction of the concept of policy mix into the research of public and
innovative policies, existing studies have found that diversified carbon emission reduction
policy tools and their mixed implementation have better policy effects. Rogge et al. sees
policy mixes as instruments of interaction aimed at achieving goals in a dynamic environ-
ment. Compared with a single environmental policy, the mix of environmental policies can
produce better emission reduction effects and social welfare [29]. Li et al. proposed that,
compared with the single carbon tax policy or carbon trading policy, the implementation of
mixed carbon emission reduction policies in China has a more obvious effect on reducing
energy consumption and emission reduction [30]. Carbon trading is a quantitative emission
reduction policy tool, while carbon tax is a price emission reduction policy tool. The mix
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of the two policies can realize the complementarity of coverage and price mechanism [31].
With the increase of emission reduction in the future, China should gradually introduce
carbon tax policy while implementing carbon trading, so as to produce a better emission
reduction effect.

Based on the above analysis, this paper believes that although the introduction of
carbon tax policy in the field of private car will guide residents to reduce carbon emissions
through the price mechanism, the extra tax cost will greatly affect low-income consumers,
resulting in unequal distribution and the decline of social welfare. Under the carbon trading
policy, although residents can obtain economic benefits by reducing carbon emissions, the
carbon quota system will inevitably produce rent-seeking problems, resulting in a lack
of fairness. However, the preference of high-income groups for private car travel is not
constrained by economic cost, and the cost of carbon trading and emission reduction is
highly uncertain. At the same time, the market price mechanism of carbon trading is com-
pletely determined by the market mechanism, which is highly volatile. The introduction of
a carbon tax policy and its implementation are conducive to avoiding ineffective emission
reduction caused by low carbon price, and the tax revenue can also be used for tax refund
and investment in green innovation technology to promote the “welfare” of the private car
field. Accordingly, the following research hypotheses are proposed in this paper:

H1. The implementation of policy mix facilitates the complementary relationship between coverage
scope and pricing mechanisms, leading to a positive impact on reducing carbon emissions from
private cars.

H2. The implementation of policy mix benefits from optimizing market resource allocation and
promoting technological innovation, resulting in a positive impact on social welfare.

2.4. Model Construction

Before PSM matching, the psestimate command in STATA software was used to select
the first-order and second-order forms of covariables to achieve the best fitting effect by
comparing the maximum likelihood values of different models. With social welfare and
carbon emission reduction as result variables, the model is set as follows:

Mix;py = 0o + 01 Xip + A2Zigy + €, (29)
where x;y, are the first-order variables, z;;;, are second-order covariates.

2.5. Variable Description and Descriptive Statistics

1.  Dependent variable. Carbon emission reduction (red). The carbon emission reduction
of private cars under the environmental policies and its mix scenario can be calculated
by Formulas (6), (15) and (22) above. Social welfare (bet). The sum of all residents’
utility under environmental policies and their mix scenarios can be calculated by
Formulas (14), (20) and (26) above.

2. Dummy variable. Environmental policy mix (mix). Dummy variable is defined by
whether the policy mix of carbon tax and carbon trading is implemented. If it is
implemented, the value is 1; otherwise, it is 0.

3.  Covariable. Resident cost (cost), tax rate, total control ratio, mix of tax rate, and total
control ratio (num). The resident cost can be calculated by Formulas (7), (16) and (21).
In the carbon tax scenario, the tax rates are set as 0.1, 0.3, 0.5, 0.7, and 0.9, respectively.
Under the carbon trading scenario, the total volume control ratio is set as 0.1, 0.3, 0.5,
0.7, and 0.9, respectively. Under the policy mix scenario, the tax rate and the total
control ratio are set as the same mix, which are (0.1, 0.1), (0.3, 0.3), (0.5, 0.5), (0.7, 0.7),
and (0.9, 0.9), respectively.
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In order to avoid the influence of heteroscedasticity, logarithmic processing is per-
formed on carbon emission reduction, social welfare, and resident cost according to data
characteristics. The descriptive statistical structure of each variable is shown in Table 2.

Table 2. Descriptive statistical results of variables.

Variables Samples Mean Variance Minimum Maximum
num 465 0.5 0.28 0.1 0.9
mix 465 0.33 0.47 0 1
Inred 465 8.13 1.12 4.69 10.25
Incost 465 1.80 1.28 —-1.29 4.37
Inbet 465 8.69 0.42 7.75 9.71

3. Carbon Emission Prediction of Private Cars
3.1. Sensitivity Analysis

Sensitivity analysis is a method used to evaluate the model or system’s sensitivity
degree to changes in input parameters. It aims to validate the model’s reasonableness and
reliability by identifying the input parameter mix that optimizes the output results. In this
paper, we conducted sensitivity analysis on the number of nodes in the hidden layer based
on the empirical formula. We selected 3-11 nodes to observe the impact of the hidden layer
nodes on model performance, as shown in Figure 1. The mean absolute error (MAE) of the
ELM model’s prediction results ranged from 0 to 9 when the hidden layer nodes varied
from 1 to 11, while the BP neural network model’s mean absolute error ranged from 0 to
0.015. Furthermore, the ELM model achieved its minimum mean absolute error of 0.992
when the hidden layer nodes were 5, whereas the BP neural network model reached its
minimum mean absolute error of 0.002 with 4 hidden layer nodes. Overall, the predictive
performance of the BP neural network model was significantly superior to the ELM model.

ELM BP neural network
0.015 T T T T T T

0.01

MAE
MAE

0.005

0 I I I I I I I 0 I L I I L I L
3 4 5 6 7 8 9 10 11 3 4 5 6 7 8 9 10 11

Hidden layer node Hidden layer node
Figure 1. Sensitivity analysis of the number of nodes in the hidden layer.

3.2. Prediction of Carbon Emission from Private Cars

This paper establishes a 3-5-1 BP neural network model to predict the carbon emissions
of private cars in various provinces and cities. The steps are as follows: (1) Construct a
BP neural network model with vehicle travel time, travel distance, and fuel consumption
as input layers, and private car carbon emissions as the output layer. (2) Train the BP
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neural network model based on the vehicle trajectory big data. (3) Use the pre-trained
BP neural network model for prediction. Considering the potential incompleteness in the
collection of vehicle trajectory big data, this paper adopts a weighted average approach by
using the proportion of collected vehicle trajectory points in each province and city and
the proportion of per capita disposable income in each province and city. This weighted
average is then multiplied by the predicted total national carbon emissions from private
cars to estimate the final private car carbon emissions for each province and city.

4. Result Analysis
4.1. Common Support Domain Test

The common support domain test is a basic test to measure the matching effect of
propensity. The larger the matching range of common support domain is, the smaller the
probability of sample loss is. This paper takes nearest neighbor matching as an example
and the matching results are shown in Figure 2; the y axis represents the number of samples
and the x axis represents the propensity scores. Only a small number of observers are not
in the common value range, which indicates that the sample loss is small and the model
matching effect is better.

Samples

T T T T

T
0 0.1 0.2 0.3 0.4 0.5
Propensity Score

I Untreated: Off support I Untreated: On support
[ Treated: On support [ Treated: Off support

Figure 2. Nearest neighbor matching common support domain.

4.2. Balance Test

The balance test results are shown in Table 3. It can be seen that the pseudo-R?, LR
statistics, and mean bias are significantly reduced after model matching, and the p value of
the model is 0 before matching, with significant difference, while the p value is greater than
0.1 after matching, with no significant difference. This indicates that there is no systematic
difference in covariates between the control group and the treatment group after pairing.
In addition, when the standardization bias proposed by Rosenbaum and Rubin is less
than 20%, the sample matching effect is good [32], and the standardization deviation after
matching of all variables in the sample decreases from 83.9 to 15.3, 14.8, and 7. Therefore,
the above results show that the model has a better effect after matching, the balance test is
passed, and the results of different matching methods are consistent and relatively robust.
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Table 3. Results of balance test.
Matching Method Sample Pseudo-R? LR p Value Mean Bias Standardization Bias
Unmatched 0.136 80.48 0.000 15.90 83.9
Nearest neighbor matching Matched 0.004 1.770 0.880 5.300 15.30
Radius matching Matched 0.004 1.67 0.893 79 14.8
Kernel matching Matched 0.001 0.38 0.996 2.4 7

4.3. The Impact of Environmental Policy Mix on Carbon Emission Reduction and Social Welfare

Table 4 shows the average incentive effect of environmental policy mix on carbon
emission reduction of private cars and social welfare. When social welfare is taken as
the result variable, the three matching methods all passed the 1% significance test before
and after matching, and the analysis results are robust. After controlling the relevant first-
order and second-order covariates, the social welfare of the provinces and cities with the
environmental policy mix under nearest neighbor matching, radius matching, and kernel
matching are 3.78% (0.324/8.569), 3.91% (0.335/8.558), and 4.06% (0.347/8.546) higher
than those matched provinces and cities, respectively. It shows that the implementation of
environmental policy mix has a significant positive impact on improving social welfare.
When carbon emission reduction is taken as the result variable, the three matching methods
also pass the 1% significance test before and after matching, and the results are also robust.
This indicates that the implementation of environmental policy mix has a significant
negative impact on carbon emission from private cars. In addition, without matching
according to the sample covariable, the average incentive effects of social welfare and
carbon emission reduction between the treatment group and the control group before
matching are 0.3 and 1.106, respectively, which are higher than the values after matching
by the three methods: nearest neighbor matching, radius matching, and kernel matching.
This will lead to deviations in the impact of environmental policy mix on carbon emission
reduction of private cars and social welfare. Therefore, the propensity score matching
method can eliminate the influence of other factors and further ensure the accuracy of
estimation results.

Table 4. The impact of environmental policy mix.

Outcome Variable Sample Treat Control ATT Standard Error T Value
Unmatched 8.889 8.589 0.300 0.039 7.78 %
Inb Nearest neighbor matching 8.893 8.569 0.324 0.064 5.05*
nbet Radius matching 8.893 8.558 0.335 0.041 8.11*
Kernel matching 8.893 8.546 0.347 0.040 8.67 %
Unmatched 8.806 7.789 1.016 0.099 10.22 *
Inred Nearest neighbor matching 8.794 8.274 0.520 0.136 3.82%
nre Radius matching 8.794 8.279 0.515 0.101 5.12*
Kernel matching 8.794 8.251 0.543 0.098 5.56 *

Note: * stand for 1% significance level test.

4.4. Robustness Test

In order to test the robustness of the research conclusions, the following tests are
carried out in this paper:

1. A bootstrap sampling method is adopted to solve the small sample bias problem,
and the matching method is changed. The results obtained by the three methods
of nearest neighbor matching, radius matching, and kernel matching are sampled
500 times repeatedly, as shown in Table 5. It can be seen that the average exci-
tation effect is basically consistent with the previous results and all pass the 1%
significance test.
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Table 5. Bootstrap sampling results.
Outcome Variable Sample ATT Standard Error Z Value p Value

Nearest neighbor matching 0.324 0.055 5.93 0.000

Inbet Radius matching 0.335 0.043 7.83 0.000

Kernel matching 0.347 0.040 8.65 0.000

Nearest neighbor matching 0.520 0.116 4.48 0.000

Inred Radius matching 0.515 0.086 6.00 0.000

Kernel matching 0.543 0.078 6.96 0.000

2. Remeasure the carbon emission index of private cars. Since the collection of vehicle
trajectory data in prefecture-level cities may be incomplete, there may be errors
in the calculation of carbon emissions from private cars in various provinces and
cities. Based on the research of existing scholars, this paper converted the private car
ownership in each province and city into energy consumption, and then estimated
the carbon emissions of private cars of residents in each province and city through the
carbon emission coefficient of IPCC vehicle gasoline. The formula is as follows:

ems = pcv X aam X afc X nvi X ef, (30)

where ems is the carbon emissions of private cars in various provinces and cities. pcv
is the number of private cars in various provinces and cities, aam is the annual average
mileage driven, afc is the average fuel consumption per unit mileage, nvi is the calorific
value of gasoline converted into standard coal, and ef is the carbon dioxide emission
coefficient of gasoline. China’s annual driving distance mileage of private cars is 15,000 km,
the average fuel consumption per hundred kilometers of private car is 8.6 liters, per liter
motor gasoline is about 0.000748 ton [33,34]. The automotive gasoline emission coefficient
provided in the IPCC Guide is 69,300 kg-T]~! and the net calorific value of gasoline is
44.3 T]-Gg~!. Table 6 lists the average incentive effect of the environmental policy mix
after the remeasurement of private car carbon emissions. Whether social welfare or carbon
emission reduction is taken as the result variable, the three matching methods pass the
significance test before and after matching, showing robustness.

Table 6. Remeasurement results of carbon emissions from private cars.

Outcome Variable Sample Treat Control ATT Standard Error T Value
Unmatched 19.140 13.788 5.352 0.431 12.41*
Nearest neighbor matching 19.140 17.459 1.681 0.450 3.73*%
Inbet Radius matching 19.140 17.604 1.536 0.341 451*
Kernel matching 19.140 17.423 1.717 0.341 5.04*
Unmatched 11.001 10.211 0.790 0.128 6.17*
Nearest neighbor matching 11.001 10.435 0.566 0.175 3.23%
Inred Radius matching 11.001 10.631 0.370 0.139 2.67*
Kernel matching 11.001 10.597 0.404 0.138 2.92*%

Note: * stand for 1% significance level test.

3.  Change the regression model. Tobit model is used for re-estimation. The regres-
sion results are shown in Table 7, which is consistent with the previous conclusions
and robust.
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Table 7. Tobit model regression results.

@ (2)

Variable Inbet Inred
mix 2.644 * 0.741*
(0.331) (0.136)
num 5.169 * —-0.712*
(0.565) (0.232)
Incost —1.951* —0.0352
(0.0916) (0.0376)
var(e.lnbet) 9.680 *
(0.635)
var(e.Inred) 1.631*
(0.107)
Constant 34.15* 10.98 *
(1.005) (0.412)
Observations 465 465

Note: * stand for 1% significance level test.

4.5. Regional Heterogeneity Analysis

Regional heterogeneity arises from disparities in resource endowment, economic
development, and other factors of different areas. To further investigate whether the
implementation of environmental policy mix is influenced by regional heterogeneity, this
paper examines the impact of environmental policy mix on carbon emissions reduction
from private cars and social welfare, based on the geographical region division of east,
center, and west of China. The results are shown in Table 8. From the perspective of the
eastern region, whether using carbon emissions reduction or social welfare as outcome
variables, the three matching methods—nearest neighbor matching, radius matching, and
kernel matching—pass the 1% significance test before and after matching. This indicates
that the implementation of environmental policy mix in the eastern region has a significant
positive impact on both carbon emissions reduction of private cars and social welfare.
However, in the central and western regions, when social welfare is considered as the
outcome variable, the implementation of environmental policy mix shows a significant
positive impact under the three matching methods. On the other hand, when carbon
emissions reduction is taken as the outcome variable, the impact of environmental policy
mix on carbon emission reduction does not pass the 1% significance test under any of
the three matching methods. This indicates that the implementation of environmental
policy mix in the central and western regions does not have a significant impact on carbon
emission reduction from private cars.

What explains these effects? This paper believes that social welfare is the sum of
residents’ private car travel utility under environmental policy regulation, and the imple-
mentation of carbon tax policy will change the income distribution structure, resulting in
the decrease of social wages and consumption level, and the necessity to reduce private car
travel and fuel consumption, which will lead to the decrease of residents’ utility and social
welfare. The mix of carbon tax and carbon trading policy reduces the “regressive effect”
of the single carbon tax policy. Residents can obtain economic benefits by participating in
the carbon market, which makes up for the increase in residents’ private car travel costs
under the carbon tax policy and improves residents’ utility and social welfare. That is, the
social welfare in the field of private cars under environmental policy regulation mainly
depends on the cost increase caused by carbon tax policy and the economic benefits caused
by carbon trading policy, which are concentrated in the individual level of residents and
affected by the sum of their income level, profit preference, and other factors, while the
influence of regional differences is small. In addition, the eastern region has a developed
economy, advanced technology, complete infrastructure construction and industrial system
development, and less resistance to the implementation of environmental policies. At the
same time, the population density in the eastern region is large and the environmental
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pollution problem is also prominent. At present, China has entered a stage of high-quality
development and places great emphasis on environmental protection efforts. The imple-
mentation of environmental policy mix in the eastern region is supported by technological
advancements, financial resources, and accompanying policies. This enables the effective
utilization of multiplier effects driven by various factors, leading to a significant reduction
in carbon emissions from private cars [35]. However, in the central and western regions,
where economic development and per capita income levels are relatively lower, the number
of private cars and carbon emissions are also relatively limited. Consequently, under the
regulation of environmental policies, the reduction in carbon emissions from private cars is
not significant.

Table 8. Results of regional heterogeneity analysis.

Region (\)]::ic:;l;: Sample Treat Control ATT St;r:j;rd T Value

Unmatched 9.160 8.883 0.278 0.063 4.44*

Nearest neighbor matching 9.165 8.714 0.450 0.083 5.41*

Inbet Radius matching 9.190 8.668 0.522 0.093 5.59 *

East Kernel matching 9.165 8.735 0.429 0.073 5.87*
Unmatched 9.155 8.139 1.016 0.164 6.21*

Nearest neighbor matching 9.168 8.398 0.770 0.273 2.82*%

Inred Radius matching 9.143 8.313 0.830 0211 394+

Kernel matching 9.168 8.270 0.897 0.163 5.49 *

Unmatched 8.784 8.477 0.308 0.054 5.65*

Nearest neighbor matching 8.772 8.410 0.362 0.079 46*

Inbet Radius matching 8.785 8.421 0.364 0.080 4.56*

Kernel matching 8.772 8.502 0.270 0.064 4.25*

Center

Unmatched 8.824 7.808 1.016 0.184 551*

Nearest neighbor matching 8.733 8.625 0.108 0.169 0.64
Inred Radius matching 8.593 8.681 —0.089 0.152 ~0.58

Kernel matching 8.733 8.671 0.062 0.142 0.44

Unmatched 8.711 8.394 0.317 0.049 6.44 *

Nearest neighbor matching 8.713 8.516 0.196 0.070 2.8*

Inbet Radius matching 8.719 8.455 0.264 0.055 478+

West Kernel matching 8.713 8.409 0.304 0.050 6.09 *
Unmatched 8.474 7.457 1.016 0.153 6.66 *

Nearest neighbor matching 8.457 8.300 0.158 0.161 0.98

Inred Radius matching 8.474 8.228 0.246 0.137 1.8

Kernel matching 8.457 8.160 0.297 0.142 1.9

Note: * stand for 1% significance level test.

5. Discussion and Conclusions
5.1. Discussion

Unlike Kakouei, Ning, and other scholars who use case study data or questionnaire
survey data to estimate private car carbon emissions [36,37], based on vehicle trajectory
big data, this paper utilizes artificial neural networks to predict carbon emissions from
private cars. This approach places a greater emphasis on examining the perspective of
private car individuals at the micro level. Furthermore, while most scholars explore the
impact of environmental policies (including carbon tax or carbon trading) on private car
carbon emissions using system dynamics methods and developing simulation economet-
ric models [38,39], this paper simulates environmental policy scenarios using functions
such as demand price elasticity and utility function, as well as the PSM method. This
approach focuses more on analyzing individual emission reduction behavior from an
economic perspective.
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Additionally, through scenario analysis and the PSM method, this paper confirms the
positive impact of the environmental policy mix on carbon emission reduction of private car
and social welfare, aligning with the findings of Chalak, Tan, and other scholars who also
observed that policy mix has a more significant contribution to carbon emission reduction
and social welfare [40,41]. Moreover, Chen and others have argued that carbon emission
reduction goals may not align entirely with the goal of enhancing social welfare [42]. This
viewpoint aligns with the analysis results of this paper from the perspective of regional
heterogeneity, highlighting the need to comprehensively consider the differences in regional
economic development and resource endowments when promoting the carbon emission
reduction of private cars and enhancing social welfare.

5.2. Research Conclusions

This paper aimed to achieve three research objectives. The first objective was to predict
carbon emission from private cars in China. Based on vehicle trajectory big data, this study
conducted a simulation comparison between the BP neural network model and the ELM
network model. The results indicate that the BP neural network model performed better
in predicting carbon emissions from private cars. Therefore, we chose to build a 3-5-1 BP
neural network model for the prediction of private car carbon emissions.

Regarding the second research objective, the paper explored the impact of implement-
ing policy mix on carbon emission reduction of private car and social welfare. Through
using the scenario analysis and PSM method, the paper examines the impact of implement-
ing policy mix on carbon emission reduction of private car and social welfare. The results
indicate that the implementation of policy mix has a significant positive impact on the
carbon emission reduction of private cars and social welfare, and the results remain robust
after a series of robustness tests.

The third objective of this paper was to investigate the impact of policy mix on the
carbon emission reduction of private cars from the perspective of regional heterogeneity.
By dividing China into eastern, central, and western regions based on geographical region
criteria, the paper examines the impact of implementing policy mix on the carbon emission
reduction of private cars and social welfare in different regions. It finds that in the eastern
region, the implementation of policy mix has a significant positive impact on carbon
emission reduction of private cars and social welfare. On the other hand, in the central
and western regions, the implementation of environmental policy mix has a significant
positive impact on social welfare but does not have a significant effect on private car carbon
emission reduction.

5.3. Research Contribution

The contributions of this paper are mainly reflected in three aspects. Firstly, this paper
attempts to use artificial neural networks based on vehicle trajectory big data to predict
carbon emissions from private cars, potentially providing a novel method for estimating
carbon emissions of private cars. Secondly, the paper is based on a realistic assignment
and scenario analysis, utilizing microeconomic functions such as demand price elasticity
and utility functions to analyze individual residents” preferences and emission reduction
behavior. This offers a fresh perspective on exploring the impact of environmental policy
mix on private car carbon emission reduction and social welfare. Thirdly, considering
the differences in regional economic development and resource endowments, the paper
examines the effects of implementing environmental policy mix on carbon emission reduc-
tion of private car and social welfare in the eastern, central, and western regions of China
from the perspective of regional heterogeneity. This has significant practical implications
for conducting differentiated research and formulating environmental regulations in the
private car sector and promoting regional coordinated development.
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5.4. Policy Proposals

When introducing the environmental policy mix in the private car sector, priority
should be given to incorporating the carbon tax policy within the existing tax system.
This approach can address challenges such as high implementation costs, uncontrollable
risks, and inadequate supporting facilities associated with implementing carbon emission
reduction policies. Subsequently, a gradually decreasing total control proportion in the
carbon trading policy can be introduced, which will save transaction costs and enhance
residents’ utility. It is possible to form the policy mix guided by carbon taxes and regu-
lated by carbon trading, fostering mutual complementarity between coverage scope and
pricing mechanisms, thereby effectively stimulating the market’s decisive role in energy
conservation, carbon emission reduction, and resource optimization [43].

In addition, taking into account the regional differences in China’s eastern, central,
and western regions, it is proposed to establish pilot carbon trading and carbon tax policies
in the eastern region first, followed by a gradual transition to the central and western
regions. Simultaneously, accelerate green technological innovations in the private car sector,
promote the adoption of new energy vehicles, and improve infrastructure such as charging
stations. Strengthen collaborative environmental governance among regions to maximize
the guiding and regulating functions of carbon tax and carbon trading policy mix, and
promote regional coordination and the achievement of the “double carbon” goals [44].

The limitations of this paper lie in its focus solely on the impact of environmental policy
mix on carbon emissions and social welfare in the private car sector, without considering a
system approach with other sectors (such as agriculture and heating). In the future, further
exploration could be conducted on the effects of introducing environmental policy mix
across multiple sectors and domains. Additionally, with the increasing number of new
energy vehicles in the road transport sector, future research could incorporate the carbon
emission reduction effects of new energy vehicles into scenario analyses.
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