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Abstract

Obijective: This paper systematically summarizes Beijing’s new energy vehicle (NEV) policies (including lottery
policy and driving-restriction policy) and investigates their impacts on traffic congestion. We propose that although
the current NEV policies might alleviate air pollution by reducing exhaust emission, they could worsen Beijing’s
traffic condition by increasing congestion probability.

Methods: We adopted general traffic flow model and TTI congestion probability model to conduct empirical
analysis. In addition, we also simulate NEV policies with different settings (% of NEVs and the degree of driving
restrictions).

Results: Empirical findings based on Beijing’s traffic data show that the higher the proportion of newly added NEV
is, the larger the congestion probability will be, which support our proposition.

Conclusions: Research results indicate that the lottery policy increases the proportion of NEVs in the total number
of newly-added vehicles. Moreover, as the NEVs are not subjected to driving-restriction policy, the number of
vehicles travelling on the road will increase and the average velocity will decrease. Hence, traffic congestion is more
likely to happen. Finally, policy implications and future research directions are also discussed.

Keywords: new energy vehicle (NEV), NEV policies, traffic congestion, Beijing traffic, lottery policy, driving
restriction policy

1. Introduction

With the acceleration of urbanization and rapid economic development, many Chinese cities frequently suffer from
air pollution in recent years. Beijing is one of the most haze-polluted regions in China. In 2015, the mean annual
density of fine particulate matter smaller than 2.5 um (PM,5) in Beijing was 80.6 microgram/m?, 1.3 times as much
as the national standard (Note 1).

Recent researches indicate that traffic has become an important source of Beijing’s air pollution (Huang et al., 2014;
He et al., 2012). According to Beijing Municipal Environmental Protection Bureau, motor vehicle exhaust accounts
for 40%-60% of suspended particulates, 80% of hydrocarbons, 70%-80% of NO,, and 23% of PMy,. Liu et al. (2009)
estimate that motor vehicles are the second largest source of PM,5s.

To address air quality concerns, Beijing has been vigorously implementing a series of administrative policies to
control vehicle emission. Table 1 summarizes traffic-related policies implemented by Beijing government in order to
improve air quality.
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Table 1. Beijing’s traffic-related policies in pursuing for better air quality

Policies Goals Detail
1 Driving Limit the number of cars on roads  Cars could not drive on Beijing roads for one weekday
restriction each week, depending on the last digit of the license
plate number.
2 Lottery policy Restrict the total number of Lottery system for new car license plates; Keep the
vehicles number of cars under 6.3 million by the end of 2020 by

further tightening the annual quota for license plates.

Meanwhile, Beijing is actively promoting the generalization of new energy vehicles (NEVSs) by loosening these
restrictions. First, the NEVSs are not constraint by license plate restriction and they can drive on daily bases. As of the
lottery policy, NEVs have higher probability to win a new license plate compared to gasoline vehicles. From 2011 to
2017, the proportion of NEVs in the planned annual quota is rising from 0% to 40%.

On the other hand, Beijing has also been recognized as one of the most congested cities in the world due to the
growing fleet of motor vehicles. By the end of 2015, the number of vehicles owned in Beijing was more than 5.6
million. The traffic volume is huge and traffic congestion is severe, especially during morning/evening rush hours.

Beijing’s traffic congestion has large and growing costs. Xie et al. (2011) estimated that the costs of time delay, fuel
consumption, and air pollution were between 5 and 25 billion RMB in 2008, about 0.5% to 2.5% of Beijing’s annual
GDP. Moreover, the emission volume escalates during traffic congestion. Therefore, both the growing number of
motor vehicles and the worsening traffic condition exacerbate problems of Beijing’s air pollution.

In this paper, we question the NEV policies’ effects on Beijing’s traffic condition. First, the number of NEVs and its
proportion in total vehicles will increase due to the lottery policy. Second, since driving restriction policies are not
applicable to the NEVs, the increment of NEVs will result in more vehicles on Beijing’s road network. Consequently,
more vehicles on roads will ratchet up traffic pressure, slow down the velocity of vehicles on the road network,
hence, increase the probability of congestion.

By adopting general traffic flow model and TTI congestion probability model, this paper (1) theoretically depicts the
mechanism of NEV policies’ impact on traffic congestion; (2) empirically evaluates the impacts of NEV policies on
traffic congestion; and (3) stimulates different settings of NEV policies and explores their impacts on traffic
congestion respectively. The empirical study is based on the actual traffic data from 2010-2016 in Beijing
Municipality.

2. Literature Review
2.1 Traffic Flow and Congestion

Researches concerning traffic flow and congestion models began in 1930. After entering the 1990s, with the rapid
growth of traffic demand and technical progresses, traffic congestion has received more and more attention. Treiber
et al. (2013) have classified the existing traffic flow models by aggregation level, mathematical structure and other
criteria. Bando et al. (1995) and Zhao et al. (2005) simulated the occurrence and transmission of traffic congestion
based on improvements to the typical traffic dynamics model. Pasquale et al. (2015) and Hoshino et al. (2011)
explored methods to control and relieve traffic congestion. Horvitz et al. (2012) and Wang et al. (2015) attempted to
use models to predict traffic flow and traffic congestion in certain areas.

To make the best use of a traffic flow model for quantification and prediction to traffic congestion, scholars have
proposed the concept of "probability of traffic congestion” and applied it to intelligent traffic navigation systems. For
instance, Cui (2015) estimated the probability of traffic congestion in urban areas with a cumulative logistics model.
Liu and Liu (2015) suggested a Bayesian approach to analyze the congestion probability on urban road networks.
Zhang (2015) introduced vehicle travel time index (TTI) and designed a model where the parameters of the
probability distribution model for TTI vary with sectional velocity.

2.2 Traffic and Air Pollution

With the development of economy and urbanization process, air pollution increasingly attracts attention for health
and safety issues (Guo, 2017). Since air pollution is closely related to exhaust emissions from gasoline vehicles,
especially during the congestion period, existing studies are highly concerned with the relationship between traffic
and air pollution. Air pollution in Beijing is characterized as photochemical smog and dust-haze, which come from
industrial pollution and the formation of secondary aerosols (Guo et al., 2014). Ground traffic is the major source to
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produce volatile organic compounds (VOCs) and nitrogen oxides (NO,), which are the raw materials of secondary
aerosols. In addition, motor vehicles also emit massive amounts of carbon monoxide (CO), NO,, and VOC;,,
worsening Beijing’s air quality directly (Yang et al., 2014). Therefore, traffic has become an important source of
Beijing’s air pollution (Huang et al., 2014).

2.3 Congestion-Control Policies

With traffic congestion becoming increasingly aggravated, different traffic policies are put forward to relieve the
strain on traffic worldwide. Identical with Beijing, Athens and Mexico City also adopt driving restriction policy to
alleviate traffic pressure. Meantime, there are other transportation policies that could reach the similar effect. For
instance, Singapore and Tehran introduced congestion charging and expanded public transportation system.
Increasing parking fee and hourly parking during congested period is another approach that adopted by megacities in
order to control traffic flow in town (Munford, 2017). Since traffic control and congestion is a complex system with
dynamic nature, academic studies often adopt system dynamics to depict and predict traffic flow and congestion
probability. Xu (2014), Zhang et al. (2015), Liu and Liu (2015) use the system dynamics model to explore the
effective intervention of traffic policies among the number of vehicles owned, traffic conditions, and vehicle
pollutant emissions.

Although traffic congestion and air pollution are two trending themes that raising incredible attention in recent years,
comprehensive research that combines these two topics has not yet reached maturity. This gap is especially salient in
NEV policies, which is our research subject. In recent years, NEV studies concentrate on consumer evaluation and
intention (Graham-Rowe et al., 2012; Schuitema et al., 2013), marketing segmentation (Campbell et al., 2012; Brand
et al., 2017) and infrastructure (Li et al., 2017) perspectives. However, researches that evaluate NEV policies from
their impact on traffic congestion is scarce. In addition, since vehicle exhaust escalates during congestion period,
NEV polices might even worsen Beijing’s air quality, despite the original expectations. Therefore, it is both
necessary and urgent to investigate NEV policies’ impact on traffic congestion.

3. Theoretical Framework

This paper investigates the effects of NEVs on traffic congestion. As abovementioned, lottery policy and license
restriction policy are closely related to NEVs’ popularization. While lottery policy result in the increasing number of
NEVs, driving restriction policy leads to the growth in the number of vehicles driving on the road network, which
might worsen traffic conditions. Figure 1 shows the conceptual model in detail.
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Figure 1. Conceptual model
Before discussing our conceptual model, we first make two assumptions:

Assumption 1: the average motor vehicle scrap in Beijing from 2013 to 2015 is 40,000 each year, accounting for 0.72%
of the total vehicles, which is negligible compared to key variables in our model. Therefore, the amount of vehicle
scrap is ignored (see appendix 1).

Assumption 2: although there are four types of NEVs (pure electric, fuel cells, hybrid and plug-in hybrid) in the
market, Beijing’s NEV policies are only applicable to pure electric vehicles (EV) (Note 2). Hence, in this paper NEV
refers in particular to pure electric vehicles.

Our conceptual model consists of three parts, including the increase of vehicle numbers, the increase of vehicle
density on the road network, and the cause of traffic congestion as a result of decreasing speed, respectively.

3.1 Increasing Vehicle Number (NEVs and Total): The Lottery Policy
As summarized in Table 2, Beijing’s lottery policy has two main effects:

First, although the total vehicle number in Beijing keeps growing in recent years, the lottery policy has slowed the
speed of car parc growth by controlling the annual quota of newly added cars and this quota is shrinking from 240
thousand to 150 thousand since 2014.

Second, the lottery policy significantly changes the component ratio of Beijing’s vehicle increments. Despite the
shrinking of annual quota, the NEVs proportion is increasing from 0 to 40% during last 5 years.

Therefore, we can observe the increase of NEV numbers both in scale and growth in Beijing. In addition, as the
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policy orientation of promoting NEVs remains, we can predict further development of NEVs in the predictable
future.

Table 2. Composition of lottery policy (annual newly increased motor vehicles) in Beijing from 2011-2017 (10,000
vehicles) (Note 3)

Year \?eat‘wsi?:lller;e NEVs 6er;1ri]<lzjlzls ERT - ERlict Proportion of NEVs (%)
2011 24 0 24 0%

2012 24 0 24 0%

2013 24 0 24 0%

2014 13 2 15 13%

2015 12 3 15 20%

2016 9 6 15 40%

2017 9 6 15 40%

3.2 Increasing Vehicle Density: License Restriction Policy

Furthermore, under the influence of driving restriction policies, gasoline vehicles could not drive on Beijing roads
for one weekday each week, depending on the last digit of the license plate number. However, NEVSs are not subject
to the driving restriction policy. In addition, as the number of newly added NEVs increases, the total number of
vehicles traveling on the road will increase. Hence, the current NEV policies will increase the vehicle density on
Beijing’s traffic network.

3.3 Decreasing Velocity and Traffic Congestion

According to the general traffic flow model, when the number of vehicles traveling on the road increases and the
density of the traffic flow on the road network increases, the average velocity of vehicles will decrease and the
probability of congestion will increase (as shown in the third part of conceptual model). When building the empirical
model, this paper calculates the proportion of vehicles traveling on the road based on Beijing’s traffic data.
Meanwhile, we estimate the average velocity on Beijing’s road network through the general traffic flow model. In
the following step, we estimate the congestion probability of Beijing’s road networks through the congestion
probability model based on Travel Time Index (TTI).

4. Empirical Study

Based on the general traffic flow model and TTI-based congestion probability model, this paper calculates the
average velocity on the road network and congestion probability using Beijing’s actual traffic data. Furthermore,
using 2015 data as baseline, we simulate Beijing’s traffic conditions of the road network with different NEV policy
settings.

The popularization of NEVs that are not subject to driving restrictions will increase the number of vehicles traveling
on the road, slow down the speed of ground traffic. The lower the velocity is, the higher probability of traffic
congestion. In the following step, we quantify the effects of the NEV policies on traffic conditions through the
general traffic flow model and TTI-based congestion probability model.

As shown in the second part of our conceptual model, the number of vehicles that ‘allowed’ on the road are not equal
to the number of vehicles that ‘actually drive” on the road. In fact, only a proportion of vehicles that can travel will
actually travel on the road. Therefore, the first step of our empirical study is to determine this proportion based on
Beijing’s traffic statistics.

4.1 Determination of the Proportion of Vehicles Traveling on the Road

We calculate the proportion of vehicles traveling on the road (PT) based on 2015 data and assume that the PT
remains stable during the research period. The proportion of vehicles traveling on the road is calculated through the
following formula:

1 _ NTR "
NATR
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NATR, = Nt_NEV +0.8x Nt_NV 2)
NTR, =K, xL, @

V,
K, = K,—x(l—%f) @)
Nt = Nt_NEV + Nt_NV (5)

Where, NTR,and NATR, are the number of vehicles and the number of vehicles that are allowed to travel on the
road within the observed period, respectively; Kt is the density of vehicles on the road within the observed period,;

L‘ is the total length of all roads in Beijing within the observed period; KJ. is the maximum density of vehicles on

the road. V,is the average velocity on the road network at morning peaks within the Fifth Ring Road in Beijing
within the observed period; and V; is the velocity of the free flow in a road section. Under the current driving
restriction policies in Beijing, this paper assumes that only 80% of gasoline vehicles are allowed to travel on the road
on workdays. Table 3 summarizes specific parameters for PT calculation.

Table 3. Key parameters in calculating the proportion of vehicles traveling on the road

Parameters Quantity

Velocity of free flow V, (km/h) (Note 4) 47.33

Average velocity on the road network at morning peaks within the Fifth Ring Road in Beijing within  28.10
the base period V, (km/h) (Note 5)

Maximum achievable density on the road network Kj (vehicles/km) (Note 6) 200
Density of the road network within the base period Kt (vehicles/km) 81.27
Length of roads within the base period L, (km) (Note 7) 29069
Number of vehicles traveling on the road within the observed period NTR, (10,000 vehicles) 236.24
Vehicle ownership number within the base period Nt (10,000 vehicles) (Note 8) 561.9
Number of new energy vehicles within the base period Nt_NEV (10,000 vehicles) (Note 9) 5

Number of vehicles that are allowed to travel on the road within the base period NATR, (10,000 450.52
vehicles)

Proportion of vehicles traveling on the road PT 52.44%

Table 3 shows that the proportion of vehicles traveling on the road in Beijing is 52.44%. We use this PT rate for the
following analysis.

4.2 Determination of the Average Velocity Based on General Traffic Flow Model

In the second part of empirical analysis, we adopt general traffic flow model and Beijing’s traffic data to calculate the

average velocity of Beijing’s road network.
v, =V, x@-
L =V x( Kj) (6)

Again, V, is the average velocity on the road network at morning peaks within Beijing’s Fifth Ring Road within the
observed period; and Vs is the velocity of the free flow in a road section. K; is the density of vehicles on the road
within the observed period. Taking PT into consideration, we can calculate the actual vehicle density through
equation 7.

_ NTR,_ NATR xPT

Kt
L L

U]
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4.3 Determination of the Congestion Probability through the TTI-Based Congestion Probability Model

We employ the concept of “congestion probability” to better describe the relationship between velocity and traffic
congestion. This paper employs floating car data and introduces the Travel Time Index (TTI) for modeling vehicle
velocity (v). The TTI refers to the ratio of the actual time spent to the smooth time (free flow) spent for traveling the
same distance, which is usually obtained through velocity. Existing studies show that TTI distribution is similar to
the asymmetric Gaussian distribution which obeys lognormal distribution.

\Y
Let the TTI of vehicles be Z = £ , and
\Y

z0 In(u, o?) (8)

A maximum likelihood estimation is carried out for parameters £ andc”:

1 N 1 N 1 N 2
[,:WZInzi &2:WZ(Inzi—WZInzi) )
i=1 i=1

i=1

The TTI probability distribution of vehicles varies with vehicle velocity, while vehicle velocity varies with traffic
loads. In this paper, traffic loads are reflected by the number of vehicles traveling on the road. According to Zhang et
al. (2015), taking road section 19594 as an example in this paper (the south-to-north 19594 road section of the West

2" Ring in Beijing), £t and V aswellas 62 and V can be fitted with the following function:

pg=alogv+b &% =ce® (10)

Where the vector u=[a,b,c,d] is the TTI dynamic distribution feature vector of a road section, reflecting the
TTI probability distribution changing with the velocity on the road section, and traffic flow variance distribution
changing with dynamic in traffic loads. In addition, study also indicates that although each road section has a unique
feature vector, the parameters do not vary significantly. Therefore, we simulate the average probability density
distribution function of the TTI of the West 2™ Ring, and adopt this function as the average probability density
distribution function of the TTI of vehicles on different road sections in Beijing.

Let the corresponding CDF function of the probability density function p(z) of a region be P(Z), and the
congestion threshold h (h=1.5 in this paper) is determined according to whether there is congestion on a road, then
the congestion probability can be obtained through the following equation:

P=1-P(h) (11)

5. Results
5.1 Empirical Results

By adopting the TT1 model, we obtained the traffic congestion probabilities based on Beijing’s traffic data. Empirical
results are summarized in Table 4.

Table 4. NEV proportion, vehicle number, road density, velocity and congestion probabilities

Years  Proportion  of Number of vehicles Density of the road Average Congestion
newly added that are allowed to network velocity probability (%)
new energy travel on the road (vehicles/km) (km/h)
vehicles (%) (10,000 vehicles)

2014  13% 447.68 80.37 28.31 19.82%

2015 20% 450.52 81.27 28.10 20.55%

2016  40% 463.72 82.76 27.75 21.77%

2017  40% 476.92 84.58 27.32 23.31%

From 2014 to 2017, as the proportion of newly added NEVs increases from 13% to 40%, the number of vehicles that
are allowed to travel on the road increases from 4.4768 million to 4.7692 million, and the density of the road network
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increases from 80.37 vehicles/km to 84.58 vehicles/lkm. Consequently, the average velocity decreases from 28.31
km/h to 27.32 km/h, and the congestion probability rises from 19.82% to 23.31%. Therefore, the NEV policies do
increase congestion probabilities in Beijing. Hence, our proposition is supported.

5.2 Elasticity Analysis

In order to better describe NEV policies’ impact on traffic condition, we also conducted elasticity analysis based on
the latest available data. Elasticity is an economic term, which describes the responsiveness of a variable to another.
In our study, we aim to quantify the elasticity by calculate the ratio of 1% change of NEV proportion (in the total
vehicles) to the percentage change in average velocity (figure 2) and congestion probability (figure 3).

Figure 2 depicts the elasticity analysis between NEV proportion and average velocity. The results show that 1%
increase in the proportion of newly increased NEVs will reduce the average velocity of vehicles travelling on the
road by 0.1267 km/h. Figure 3 describes congestion probability’s elasticity response to the proportion of NEVs. As
the result shows, 1% increase in the proportion of newly increased NEVs will increase the congestion probability by
0.45%. Thus, the current NEV policies do lead to reduced velocity and more congested traffic.

v Velocity p Congestion Probability

27.82 22.10%
22.05%
27.8 °
Po., 22.00% K ad
27.78 'y ¥ =-01267x+27.797 21.95% | y=0.0045x + 0.216 o®’
27.76 %o, 21.90% P
‘e. 21.85% P

21.14 .'t. 21.80% »®
21.72 % 21.75% ®’

27.7 "o.‘ 21.70% «*

L 21.65% | o®
21.68 LR 21.60% @°
27.66 21.55%
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Figure 2. Elasticity analysis of NEV% and velocity (v) Figure 3. Elasticity analysis of NEV and congestion
probability

5.3 Effectiveness Check

To prove the effectiveness of our model, we compared our empirical results to Beijing’s officially-published traffic
data (Beijing Transport Annual Report 2015). The average velocity in the report was 28.90km/h, which confirms that
our results is close to reality and the empirical model is effective.

Empirical results also indicate that the impact of the current NEV policy on traffic congestion will escalate gradually
over time.

In order to verify the feasibility of our study, we compared this threshold (26.4 km/h) to relevant policies in the
Beijing Municipal Transportation Development and Construction Planning in the period of 13th Five-Year Plan (the
13" plan). According to the 13" Plan, the total vehicle number will be controlled within 6,300,000 in Beijing by the
end of 2020 and a one-hour urban traffic circle will be established. According to the current level of road
construction, on the condition that the planned goals of the 13" Plan could be fulfilled, we have calculated the
proportion of NEVs by the end of 2020 with the model established above. The minimum velocity is settled at 26.4
km/h, which is assumed as the lowest tolerable limit velocity within the Fifth Ring of Beijing in morning peaks
according to current traffic standard (Note 10). Thus, in this part we aim to find that how long it will take to reach the
lowest-tolerable velocity (26.4 km/h) if the current NEV policy continues.
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Table 5. Key parameters for effectiveness check

Parameters Quantity
Tolerable limit average velocity in morning peaks V (km/h) 26.4
Tolerable limit density K*(vehicle per km) 88.45
Length* of road in 2020 (km) 30122.2
Number of vehicles travelling on the road in 2020 N* (million vehicles) 266.43
Number of vehicles that are allowed to travel on the road in 2020 N* (million vehicles) 508.11
Proportion of new energy vehicles as of the end of 2020 3.26%
Number of newly added new energy vehicles from 2016 to 2020 (million vehicles) 20.54
Time calculated based on 60,000 newly added new energy vehicles per year 3 years

Table 5 shows that, by adopting our empirical model, after three years (until 2020), Beijing’s traffic in morning peaks
would be severely congested and unbearable for daily commute. Thus, if the current NEV policy continues (with
60,000 NEVs added every year), the time window resulted in our model coincides with the 13" plan, which claims to
control the total vehicle number under 6,300,000 in Beijing by the end of 2020. Therefore, our model is feasible and
effective for practical implications.

6. Policy Simulation

Adopting the current model, we can also conduct policy simulations. Thus, in this part we will investigate NEVS’
impacts on traffic condition under different policy settings. Specifically, ceteris paribus, we can stimulate different
levels of lottery policy (% of NEVs) and the driving restriction policy (number of vehicles on road) and investigate
their impacts on traffic congestion. Here we use the latest available data (2016) as the policy simulation study.

6.1 Simulation on the Lottery Policy

We provide three settings for the lottery policy, with the proportion of the newly-added NEVs in the total
newly-added vehicles are 0 (policy 1), 40% (policy 2, the current policy), and 100% (policy 3), respectively. Table 6
shows that with an increase of newly added NEVs and its proportion in Beijing’s total vehicles (from policy 1 to
policy 3), the congestion probability of Beijing’s road network rises from 21.59% to 22.04%. Hence, the more newly
added NEVs in the total vehicle increments, the higher the congestion probability will be.

Table 6. Traffic congestion probabilities under different lottery policies

Policies Number of newly Number of newly added Average velocity Congestion
added new energy traditional energy  (kmjsh) probability (%)
vehicles (10,000) vehicles (10,000)

Lottery Policy 1 0 15 27.80 21.59

Lottery Policy 2 6 9 27.75 21.77

Lottery Policy 3 15 0 27.67 22.04

6.2 Simulation on the Driving Restriction Policy

We then stimulate different levels of driving restriction policy and investigate their impacts on congestion probability.
We set four levels of driving restriction policy, which represents 20% of gasoline vehicles, 0% of NEVs (policy 1,
the current policy), 20% of gasoline vehicles 20% of NEVs (policy 2), 50% of gasoline vehicles, 0% of NEVs
(policy 3) and 50% of gasoline vehicles, 50% of NEVs (policy 4) are restricted each workday of a week. Table 7
shows that with an increase in the proportion of traffic restriction, the congestion probability of the road network
decrease from 21.77% to 3.93%. Hence, the more NEVSs facing driving restriction, the less the congestion probability
will be.
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Table 7. Traffic congestion probabilities under different driving restriction policies

Proportion of normal Proportion  of

L vehicles facing NEVs facing Average velocity  Congestion
Policies restriction restriction (km/h) probability (%)
(%) (%)
Restriction Policy 1 20 0 27.75 21.77
Restriction Policy 2 20 20 27.84 21.45
Restriction Policy 3 50 0 34.92 4.23
Restriction Policy 4 50 50 35.15 3.93

Table 7 shows the traffic congestion probabilities under different driving restriction policies. By comparing
restriction policy 1 and restriction policy 3, we find that with an increase in the proportion of traffic restriction, the
congestion probability of the road network decrease from 21.77% to 4.23%, the more vehicles facing driving
restriction, the less the congestion probability will be. By comparing restriction policy 1 to restriction policy 2, we
find that the congestion probability of the road network decrease from 21.77% to 21.45% when NEVs are also
subjected to restriction. Since the NEVs in the proportion of the total amount of motor vehicles is small (only 2.95%),
the magnitude of the reduction on congestion probability is not salient.

7. Conclusions and Discussion

In recent years, air pollution caused by vehicle exhaust emissions has become serious in Beijing. In order to reduce
vehicle exhaust emissions and mitigate the current air pollution situation, the Beijing Municipal Government has
implemented a series of policies to promote NEVS by controlling vehicles’ purchasing (lottery policy) and travelling
(driving restriction policy) process. Despite NEV’s potential benefit on air quality, we propose that the NEV policies
worsen Beijing’s traffic condition by increasing congestion probabilities. Using Beijing’s actual traffic statistics, we
theoretically build and empirically test NEV policies’ impact on Beijing’s traffic congestion.

Our theoretical model shows that the increases in the proportion of newly added NEVs will lead to increases in the
number of vehicles on the road network, while increased vehicles travelling on the road will increase the strain on
Beijing’s traffic, resulting in a decrease in the average velocity of the vehicles travelling on the roads and a rise in the
congestion probability. Empirically, we investigate the impacts of NEV policies on traffic condition based on
Beijing’s traffic statistics. The results show that from 2014 to 2017, as the proportion of newly added NEVSs increases,
the number of vehicles that are allowed to travel on the road increases from 4.4768 million to 4.7692 million, and the
density of the road network increases from 80.37 vehicles/lkm to 84.58 vehicles/lkm. Consequently, the average
velocity decreases from 28.31 km/h to 27.32 km/h, and the congestion probability rises from 19.82% to 23.31%.
Moreover, the elasticity analysis shows a 1% increase in the proportion of newly increased NEVs will reduce the
average velocity of vehicles travelling on the road by 0.1267 km/h. In addition, we conduct policy simulations both
on lottery policy and driving restriction policy. The result shows that 1) the increases in proportion of newly added
NEVs will lead to a decrease in average speed of traffic and a rise in the congestion probability; 2) The more vehicles
facing driving restriction, the less the congestion probability will be.

Three policy suggestions could be provided based on our study: 1) we need to reevaluate the NEV policies from a
comprehensive perspective. Although the generalization of the NEVs may alleviate air pollution, they also have the
risk of worsening Beijing’s traffic condition. Therefore, simply increase the proportion of NEVs in newly-added
vehicles is questionable for both Beijing’s air quality and traffic condition in the long run; 2) Policy simulations show
that if the NEVs are also subjected to the driving restriction policy, thus, constraining NEVs from driving each
workday during the week, will substantially lower the probability of traffic congestion. Therefore, we suggest that
NEVs should also be constraint by driving restriction policy (or with a lower degree); 3) We suggest that the NEV
policies should be combined with other traffic policies, such as congestion charges, in order to improve air quality
without worsening traffic condition.

Finally, this research also has limitations: 1) in our paper, one of the key variables, the length of road constructed in
Beijing, is predicted based on the existing annual data, which has to be adjusted to the significant acceleration of
road construction for future prediction; and 2) we calculate the proportion of vehicles traveling on the road based on
2015 data and assume that this proportion remains stable during the research period. However, this proportion may
be affected by several factors in practice, such as the development of public transport. In the future, these limitations
also guide the directions for future research. Furthermore, we will extend the current research by seeking the most

Published by Sciedu Press 18 ISSN 1927-6001  E-ISSN 1927-601X



http://bmr.sciedupress.com Business and Management Research \Vol. 7, No. 4; 2018

cost-effective proportion of newly added NEVs by conducting cost-benefit analysis.
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Appendix
Table 1. The number of motor vehicles and scrapped vehicles in Beijing 2013-2015 (Note 11)

Year Number of motor Number of newly Number of motor Number of The proportion
vehicles at theadded  vehiclesvehicles at the end of scrapped vehicles of scrap
beginning of thethis year (tenthe year (tenthis  year (ten

year (ten thousand) thousand) thousand) thousand)
2013 520 24 543.7 0.3 0.06%
2014  543.7 24 559.1 8.6 1.54%
2015 559.1 13 569.1 3 0.53%
average 540.9 20.3 557.3 4.0 0.71%

Table 2. The TTI dynamic distribution feature vectors of different road sections in the inner ring of the West 2™ Ring
(Note 12)

Road sections A B C D

17502 -0.8753 3.1698 0.3289 -0.0553
17653 -0.9369 3.4964 0.3126 -0.0581
18391 -0.8434 2.9012 0.3462 -0.0351
20554 -0.7745 2.3332 3.0300 -0.1148
29283 -0.8568 2.9993 0.3691 -0.0341
29325 -0.9060 3.2230 0.5659 -0.0473
29326 -0.8734 3.0672 2.1770 -0.1191
29385 -0.8504 2.8140 0.6896 -0.0512
29409 -0.9160 3.4156 1.4300 -0.1233
29416 -0.8668 3.0750 0.7737 -0.0660
29585 -0.7177 2.4515 0.8731 -0.0770
29586 -0.9080 3.4359 0.4679 -0.0673
32604 -0.6394 2.1382 0.9131 -0.0743
51103 -0.7218 2.3189 0.4846 -0.0507
19594 -0.9394 3.4806 0.3214 -0.0623
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