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a b s t r a c t 

Carbon dioxide (CO2 ) from road traffic is a non-negligible part of global greenhouse gas (GHG) emissions, and it is 

a challenge for the world today to accurately estimate road traffic CO2 emissions and formulate effective emission 

reduction policies. Current emission inventories for vehicles have either low-resolution, or limited coverage, and 

they have not adequately focused on the CO2 emission produced by new energy vehicles (NEV) considering fuel 

life cycle. To fill the research gap, this paper proposed a framework of a high-resolution well-to-wheel (WTW) 

CO2 emission estimation for a full sample of vehicles and revealed the unique CO2 emission characteristics of 

different categories of vehicles combined with vehicle behavior. Based on this, the spatiotemporal characteristics 

and influencing factors of CO2 emissions were analyzed with the geographical and temporal weighted regres- 

sion (GTWR) model. Finally, the CO2 emissions of vehicles under different scenarios are simulated to support 

the formulation of emission reduction policies. The results show that the distribution of vehicle CO2 emissions 

shows obvious heterogeneity in time, space, and vehicle category. By simply adjusting the existing NEV promo- 

tion policy, the emission reduction effect can be improved by 6.5%–13.5% under the same NEV penetration. If 

combined with changes in power generation structure, it can further release the emission reduction potential of 

NEVs, which can reduce the current CO2 emissions by 78.1% in the optimal scenario. 
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. Introduction 

Climate change has significantly affected the sustainable develop-

ent of human society and the economy. The greenhouse effect caused

y increasing emissions of greenhouse gases such as CO2 is the main rea-

on for global temperature rise. Many countries or organizations have

ntroduced specific measures with corresponding deadlines to achieve

arbon neutrality goals [1] . For example, the European Union (EU) has

et a carbon neutrality vision for 2050, aiming to reduce greenhouse

as emissions by at least 50% by 2030 [2] . Meanwhile, China has es-

ablished targets to peak carbon emissions by 2030 and achieve carbon

eutrality by 2060. The primary sources of CO2 emissions come from

ower generation and heating, industry and construction, and trans-

ortation. The transportation sector accounted for 15% of global annual

O2 emissions in 2019 [3] . Road transport is a significant contributor

o fossil fuel consumption and CO2 production. It is estimated that road

ransport emissions account for over 80% of the transportation sector

4] . China has experienced rapid urbanization in recent years, with an

ncreasing number of vehicles. By 2022, China’s motor vehicle owner-
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hip reached 417 million, including 13.1 million new energy vehicles,

 year-on-year growth of 67.13% [5] . The demands for passenger and

reight transport and energy consumption show a rigid upward trend.

he emissions share of the transportation sector may continue to grow in

he future. Therefore, accurately assessing the CO2 emissions generated

y motor vehicles operating on roads becomes an urgent requirement

or achieving carbon neutrality in transportation. 

Vehicle emission inventories are effective methods for quantitatively

stimating mobile source emissions and serve as essential foundations

or developing emission reduction policies. The methods used to estab-

ish emission inventories include top-down approaches based primarily

n macroscopic statistical data and bottom-up approaches centered on

ctual individual travel data [6] . Compared to the former, bottom-up

pproaches offer higher resolution [7–9] , which allows for a more ac-

urate estimation of CO2 emissions at a micro-scale, tracks individual

ehicle emissions, and demonstrates clear advantages. However, the re-

uirement for large amounts of granular data, such as individual vehicle

ravel distances and speeds, limits the applicability of bottom-up meth-

ds, making it challenging to cover the majority of vehicles in urban
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o  
reas. On the other hand, the market for new energy vehicles, includ-

ng battery electric vehicles (BEVs) and plug-in hybrid electric vehicles

PHEVs), has grown rapidly in recent years, gradually replacing tradi-

ional fuel vehicles worldwide. Emission inventories that previously fo-

used primarily on fuel vehicles can no longer support future traffic

egulation and effective emission reduction policies for road emission

ources in the transportation sector. Although the application of clean

nergy vehicles is considered an essential means to reduce CO2 emis-

ions in transportation sector [ 10 , 11 ], further research is necessary to

he evaluation of the actual emission performance of new energy vehi-

les (NEVs) fleets in cities. Additionally, while some studies have exam-

ned external factors [12–14] that influence vehicle emissions in cities,

uch as building environments, travel demands, population, land use,

nd fleet composition, the current understanding of the spatiotemporal

eterogeneity relationship between complex road network characteris-

ics, traffic state information, and vehicle emissions remains unclear. 

Based on the above background, this paper used the well-to-wheel

WTW) method to calculate the fine-grained fuel life cycle CO2 emis-

ions of all vehicles based on license plate recognition (LPR) data. Then,

rajectory reconstruction, complex network, and information entropy

ethods were used to extract the grid-based spatiotemporal character-

stics of traffic state information, road network structure, built environ-

ent, socioeconomic attributes, and transportation infrastructure. The

eographical and temporal weighted regression (GTWR), geographically

eighted regression (GWR), and ordinary least squares (OLS) models

ere used and compared to analyze the spatiotemporal influencing fac-

ors of CO2 emissions. Taking into account the vehicle behaviors, all

ehicles on the road network were categorized to support in-depth anal-

sis of the CO2 emission contribution of vehicle. Finally, based on the

bove analysis, the influences of different emission reduction scenar-

os on vehicle CO2 emissions are simulated to provide support for the

ormulation of CO2 emission reduction policies. 

The main innovations of this paper are as follows. (1) Extract in-

ividual vehicle trip chain and trajectory from LPR data, and estab-

ish a fine-grained fuel life cycle CO2 emission inventory that includes

EVs. (2) Combined with vehicle travel behavior, the spatiotemporal

O2 emission characteristics of urban vehicles were analyzed from mul-

iple perspectives, and the effects of various emission reduction poli-

ies were evaluated. (3) Abundant spatiotemporal influencing factors

f CO2 emissions were constructed by combining trajectory reconstruc-

ion, complex network, as well as information entropy methods, and the

patiotemporal heterogeneity of CO2 emissions was analyzed with the

TWR model. 

The remaining sections of this study are organized as follows.

ection 2 reviews existing research. Section 3 introduces the data and

ethodologies used in this study. Section 4 presents results and discus-

ions. Finally, Section 5 provides conclusions. 

. Literature review 

This study aims to establish a CO2 emissions inventory for all ve-

icles in urban areas, including new energy vehicles, analyze the CO2 

mission characteristics of urban vehicles from multiple dimensions, and

xplore the impact of external environmental factors on vehicle CO2 

missions. The literature review is conducted from two aspects: (1) es-

imation of urban vehicle CO2 emissions and (2) analysis of emission

nfluencing factors. 

.1. Estimation of urban vehicle CO2 emissions 

Currently, research on urban vehicular CO2 emission inventories in-

olves quantifying the emission characteristics of vehicles within spe-

ific temporal and spatial contexts. There are two approaches to estab-

ish an emission inventory according to different data sources and cal-

ulation methods: top-down approach and bottom-up approach [6] . The

op-down approach generally estimates the total traffic emissions in a
1026
tudy area using macro statistical yearbook data, such as automobile

wnership and vehicle kilometers traveled (VKT). Emissions are then

patially distributed to individual units based on specific characteristics

ike population density, road density, and traffic volume. In the case

f limited data access and macro-scale emission research, the top-down

pproach is an effective method for emission estimation. However, it

verlooks the dynamic changes and heterogeneity of road traffic, intro-

ucing biases during emission allocation and resulting in poor accuracy

hen estimating spatiotemporal emission distribution [15–17] , which

ails to precisely depict the spatiotemporal distribution characteristics

f urban vehicles. 

The bottom-up approach employs detailed vehicle activity data, such

s vehicle types, emission standards, and driving trajectories, to estimate

missions generated by individual vehicles and aggregate them to dif-

erent spatiotemporal scales, thereby achieving emission estimations at

he individual vehicle and link levels. Although the emission invento-

ies established through the bottom-up approach exhibit high resolu-

ion and accuracy, obtaining large-scale detailed vehicle activity data

s challenging. Consequently, research subjects are typically limited to

pecific vehicles like buses, heavy-duty trucks [18] , taxis [19] , and other

ehicles equipped with global positioning system (GPS). The emission

nventories and thus cover only a small portion of road vehicles. Some

tudies introduce multi-source data to expand vehicle samples. For ex-

mple, Liu et al. [20] calculated taxi fleet emissions using GPS data and

stimated emissions based on the proportion of taxi numbers to the total

umber of vehicles detected by the LPR system within each spatial grid.

hey utilized a Gaussian process model to estimate emissions in areas

ot covered by detection devices. Zhou et al. [21] followed a similar ap-

roach by combining floating vehicle data, detectors, and manual field

urveys, and extrapolate all vehicle emissions from link traffic volume

nd floating car emission. Wen et al. [22] trained a random forest model

o predict traffic volume and average speed within grids based on land-

se characteristics, subsequently deriving city-level vehicle emissions.

owever, these methods assume that the composition of vehicle fleets

n roads is homogeneous, neglecting differences in vehicle performance

nd still failing to trace individual emissions for the entire urban vehicle

eet [23] . 

Moreover, most current statistical scopes for vehicle emission inven-

ories primarily focus on direct emissions from fuel combustion during

he operation of internal combustion engine vehicles (Tank-to-wheel,

TW stage emissions). Emissions produced during fuel production, pro-

essing, storage, and transportation (Well-to-tank, WTT stage emissions)

re often overlooked in transportation sector emission accounting due

o their relatively small proportions. As the automobile industry turns

owards new energy, a large fleet powered by electricity and hydrogen

ill not directly generate emissions during operation but transfer the

mission burden upstream [24–27] . Therefore, the WTT CO2 emissions

roduced during energy production, storage, and transportation have a

ignificant environmental impact that cannot be ignored [28] . 

In the process of achieving peak carbon and carbon neutrality in

he transportation sector, it is unreasonable to emphasize zero emis-

ions during operation while neglecting WTT stage emissions. Existing

esearch based on the WTW analysis method has already studied the

O2 emission reduction benefits of NEVs and traditional internal com-

ustion engine vehicles. Although fossil fuel still plays an important part

n electricity generation, some research results indicate that BEVs gener-

lly have lower equivalent emissions than existing internal combustion

ngine vehicles [29] . Moreover, BEVs driven by a nuclear-dominated

ower structure exhibit emissions as low as 9.7 g CO2 eq/km [30] . How-

ver, studies estimating the emissions from NEV fleets during actual op-

ration in urban environments remain scarce. 

.2. Analysis of factors influencing urban vehicle emissions 

In recent years, with the acceleration of urbanization, the number

f vehicles has rapidly increased, leading to prominent vehicle emission
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roblems [31] . The relationship between urban vehicle emissions and

heir external influencing factors has attracted widespread attention.

any studies have analyzed this issue from the perspective of the built

nvironment. For instance, it was found that there is a negative relation-

hip between population density and urban traffic emissions [ 32 , 33 ].

imultaneously, population density is associated with compact urban

ayouts, and pursuing a compact urban development model will help re-

uce CO2 emissions. Generally, higher road density corresponds to more

ehicle emissions due to increased travel demand in areas with denser

oads [34] . From land use perspective, the distance to the nearest bus

tation, the distance to the city center, employment density, and land use

ixedness significantly influence vehicle CO2 emissions, with threshold

ffects present [35] . Although existing research has identified some key

actors related to urban traffic emissions using the built environment’s

D indicator system (density, design, diversity, distance to transit stops,

nd destination accessibility), it remains unclear how complex network

ndicators of road networks and time-varying traffic conditions influ-

nce urban traffic emissions. To our knowledge, the topological struc-

ure of urban road networks and dynamic traffic state information has

 significant impact on emissions. For example, it was revealed by the

omplex network theory that some stations on the path of diffusion had

 considerable effect on the NO2 diffusion distribution in urban area

36] . Furthermore, research shows that there is a certain correlation be-

ween dynamic traffic state information (such as traffic speed and traffic

ntensity) and traffic-related CO concentrations in grids [37] . 

GTWR [ 38 , 39 ], as an extension of GWR [40] , fully considers changes

n both spatial and temporal dimensions. This makes the model more

owerful in explaining the relationship between urban vehicle emis-

ions and their external influencing factors. Although current research

as recognized the spatiotemporal variation characteristics of urban ve-

icular emissions, the indicators adopted in modeling their influencing

actors are still static [41] . This study extracts more potential influencing

ariables based on existing built environment variables. By incorporat-

ng time-varying traffic state indicators into the independent variables,

he spatiotemporal heterogeneity of urban traffic emissions can be bet-

er modeled than that of incorporating static variables only based on

TWR. Thus, the GTWR model with time-varying variables provides a

ore comprehensive result for policy-maker to better understand spa-

ial and temporal influencing factors of vehicle emissions, enabling fine

anagement of urban transportation emissions. 

. Materials and methods 

.1. Materials 

.1.1. LPR data 

LPR data refers to the real-time recordings of passing vehicles de-

ected by cameras deployed in the road network. A detailed introduc-

ion to LPR data can be found in Supplementary Materials 1. This study

s based on LPR data from the urban area of Hangzhou from April 19th

o May 19th, 2021, and the distribution of LPR detectors is shown in

ig. 1 a. A total of 2052 LPR devices were installed in the research area,

nd an average of 13 million records of passing vehicles were collected

very day. In order to improve data quality, we performed data cleaning

or original LPR data, including deleting error detection records and du-

licate detection records. A detailed data cleaning process can be found

n Refs. [ 42 , 43 ]. 

.1.2. Road network data 

This study obtained the road network data of the research area from

he OpenStreetMap (OSM), and then cleaned and preprocessed the road

etwork data, such as deleting redundant nodes and edges, self-loops,

nd extracting roads of four levels (trunk, primary road, secondary road,

nd tertiary road). Next, a total of 2695 nodes and 7055 road sections

ere extracted from the road network data in the research area, see
1027
ig. 1 b, and the road network topology was established. The road net-

ork topology provides geographic information and spatial connectivity

f each road section, which can support vehicle trajectory extraction and

oad emission intensity calculation. 

.1.3. Points of interest data 

Points of interest (POI) data refers to locations in electronic maps

hat represent places of interest such as commerce, services, culture,

nd tourism. The POI data used in this study was collected through the

PI interface provided by Amap [44] . The spatial distribution of POIs is

hown in Fig. 1 c. The original data was reclassified into six categories,

ncluding residential type, enterprise type, life service type, shopping

ype, public service type, and entertainment type. For the introduction

nd reclassification method of POI data, refer to the [45] , and the details

f reclassification can be found in Supplementary Materials 1. 

.2. Extraction of vehicle travel activity information 

LPR data contains spatiotemporal information about vehicles, which

an be used to extract vehicle trajectories. However, due to the limited

etection equipment coverage [20] , a part of the vehicle trajectories

xtracted from the LPR data is incomplete. This study reconstructed the

ehicle trajectories and extracted driving activity information to provide

 data basis for estimation of urban vehicle emissions. The specific steps

re shown below: 

The first step is to extract the trip chain of the vehicle. The LPR data

s mapped onto the road network topology to associate the detectors

ith the intersections. Then the license plate number and timestamp

re sorted to obtain the trip chain of each vehicle, as shown in Eq. 1 : 

𝑎 
𝑅𝐴 

=
{ (

𝑃 𝑎 
𝐼 
, 𝑇 𝑎 

𝐼 

)
, … ,

(
𝑃 𝑎 
𝑖 
, 𝑇 𝑎 

𝑖 

)
, … ,

(
𝑃 𝑎 
𝑛𝑎 
, 𝑇 𝑎 

𝑛𝑎 

)} 

(1) 

here TRA 
a represents the trip chain of vehicle a, Pi 

a represents the

osition of the i th point in the trip chain, Ti 
a represents the detected

ime of the i th detected point in the trip chain and na is the total number

f detected points of vehicle a . 

After extracting the trip chains for a vehicle, the travel time [46] be-

ween every two chronological detected points is calculated. We use a

ravel time threshold method to identify the break points of a trip chain

nd derive every single trip of the individual vehicle [47] . 

Next, the adjacent matrix of intersections is established. If a vehi-

le passes two intersections that are not adjacent in space successively,

he trajectory segment is considered incomplete and needs to be re-

onstructed. For the incomplete trajectory segment, the K-shortest-path

lgorithm is used to select a reasonable set of possible routes for the

issing trajectory segment. Five decision indicators of trajectory dis-

ance, the number of vehicle turns, the number of intersections, travel

ime, and high-grade road length ratio are calculated for each candidate

oute. The Technique for Order Preference by Similarity to Ideal Solu-

ion (TOPSIS) algorithm is used to rank the routes in the set and com-

lete the missing trajectory segment with the top-ranked route [48] . The

etailed process of trajectory reconstruction is described in Supplemen-

ary Materials 2. 

.3. Vehicle category identification 

Different categories of vehicles have various spatiotemporal travel

ehaviors, therefore, their contribution to road CO2 emissions also

aries greatly [ 49 , 50 ]. In order to accurately depict the CO2 emissions

f different categories of vehicles, this study divides the vehicles in the

oad network into different categories based on their historical travel

ehaviors. The methodology of vehicle categorizing based on LPR data

riginates from [42] . In this study, vehicle category indicates a classifi-

ation method determined by different travel behavior characteristics,

.g., commuting vehicles for commuting purposes and light commer-

ial vehicles for sporadic travel needs. In Section 3.4 , vehicle type indi-

ates a classification method determined by vehicle weight and engine
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Fig. 1. Spatial distribution of the data. (a) Spatial distribution of the LPR detectors. (b) Road network in the research area. (c) Spatial distribution of POIs. 
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quipped, which is different from the vehicle category mentioned in this

ection. 

The process of vehicle categorizing includes seven steps. First, fil-

er out vehicles that have been detected very few times. To be exact,

ehicles that are detected only one day are determined as vehicles that

emporarily visit Hangzhou (TMPV), and vehicles that are detected once

r twice daily are determined as vehicles passing through the research

rea (TRSV). Due to the low frequency of detection, there is little infor-

ation contained in the LPR data of these two categories of vehicles,

o their records were excluded in subsequent steps. Secondly, license

late number rules were used to directly identify heavy commercial ve-

icles (HCV), such as buses. Thirdly, based on LPR data, seven features

eflecting the spatiotemporal travel behavior of vehicles were extracted.

ourthly, factor analysis was used to reduce the dimensions of the seven

eatures to three linearly independent factors. The three factors are the

egularity of travel behavior during peak hours, the regularity of travel

ehavior during off-peak hours, and the stability of origins and desti-

ations during peak hours. In Step 5, the Iterative Self-Organizing Data

nalysis Technique Algorithm (ISODATA) was used for clustering anal-

sis, and the vehicles were divided into four clusters based on the three

actors extracted in Step 4. Sixthly, based on the vehicle clustering re-

ult and the seven features extracted in Step 3, a decision tree model was

rained to extract vehicle category identification rules for each category

f vehicles. Finally, the vehicle category identification rule learned in

tep 6 was used to quickly identify the vehicle categories of the entire

eet. After conducting vehicle categorizing based on the above frame-

ork, seven vehicle categories were successfully extracted, including

ight commercial vehicles (LCV), such as taxis, household spare vehicles

SPRV), daily household vehicles (DHV), commuting vehicles (CMTV),

MPV, TRSV, and HCV. See Supplementary Materials 3 for details. 

.4. Calculation of WTW emissions from vehicles 

This study uses the WTW analysis method to develop a WTW emis-

ion factor model based on average speed to estimate CO2 emissions of

ifferent vehicle types, coupled with vehicle travel activity information

xtracted from Section 3.2 to estimate emissions for different types of ve-

icles in the research area. Considering the sparseness of the trajectory

ata obtained from the LPR data. Before calculating vehicle emissions,

ake the following assumptions. 

(1) Ignoring the sudden acceleration and deceleration of the vehicle,

the vehicle travels at a uniform speed in each trajectory section. 

(2) Considering only the hot emission of the vehicle. 

(3) Ignoring the influence of weather conditions on CO2 emissions. 

According to the license plate color and coding rules, we identified

ix types of vehicles, including gasoline light duty vehicle (LDV), diesel

eavy duty vehicle (HDV), light duty plug-in hybrid electric vehicle
1028
LPHEV), heavy duty plug-in hybrid electric vehicle (HPHEV), light duty

attery electric vehicle (LBEV) and heavy duty battery electric vehicle

HBEV). The WTW CO2 emissions for a single vehicle trip are calculated

y Eq. 2 : 

𝑖,𝑗 = 𝐸𝐹𝑊 𝑇𝑊 ,𝑖 × 𝐿𝑗 (2) 

here i represents the vehicle types, j represents the road segment, Ei,j is

he CO2 emission of vehicle type i on road segment j (g), EFWTW,i is the

TW equivalent CO2 emission factor of vehicle type i (g/km), Lj is the

ength of road segment j (km). The specific calculation process of emis-

ion factors for models of six vehicle types is shown in Supplementary

aterials 4. 

The total emissions of vehicles Etotal can be expressed as

q. 3 : 

𝑡𝑜𝑡𝑎𝑙 =
∑
𝑖,𝑗 

𝐸𝑖,𝑗 (3) 

here Etotal represents the total emissions of vehicles in the study area. 

.5. Analysis of spatiotemporal factors affecting vehicle CO2 emissions 

.5.1. Extraction of spatiotemporal influencing factors 

Vehicle CO2 emissions are related to various factors such as the traf-

c state of the road network, the road network structure, the built envi-

onment, the socioeconomic attributes, and the transport infrastructure.

o explore the spatiotemporal influencing factors of vehicle CO2 emis-

ions, we extracted a total of 19 explanatory variables from the above

ve aspects. The symbol and description of each variable is shown in

able 1 . 

Multicollinearity analysis and spatial autocorrelation testing

51] were performed on independent variables, which is described in

etail in Supplementary Materials 5, and the independent variables that

ailed the test were removed. Finally, x1 , x4 , x7 , x11 , x12 , x13 , x14 , x15 ,

16 , x17 , x18 , x19 were included in the subsequent regression analysis

odel. The details of each variable can be found in Supplementary

aterials 6. 

.5.2. Model building 

Due to the significant spatiotemporal heterogeneity of vehicle CO2 

missions, the GTWR model was used to model vehicle CO2 emissions

 52 , 53 ]. The structure of the GTWR model is shown in Eq. 4 : 

𝑖 = 𝛽0 
(
𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 

)
+
∑

𝑘 
𝛽𝑘 
(
𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 

)
𝑋𝑖𝑘 + 𝜀𝑖 (4) 

here 𝛽k ( ui , vi , ti ) is the regression coefficient at the i th spatiotemporal

nit corresponding to the k th independent variable. In this study, the

 th spatiotemporal unit refers to grid i at time ti . The coefficient can be

sed to identify the heterogeneity of both temporal and spatial dimen-

ions. 𝛽 ( u , v , t ) is the intercept term at each spatiotemporal unit. A
0 i i i 
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Table 1 

Variables of spatiotemporal influencing factors. 

Type Variables Description 

Dependent variables y Hourly vehicle CO2 emissions 

Traffic state information x1 Hourly total vehicle flow 

Road network structure characteristics x2 Average in-degree of intersections per grid 

x3 Average out-degree of intersections per grid 

x4 Average betweenness of intersections per grid 

x5 Average importance of intersections per grid 

x6 The density of streets per grid 

x7 The number of intersections per grid 

x8 Street circuity in each grid 

x9 The density of edges in the network in each grid 

x10 Orientation entropy per grid 

Built environment characteristics x11 Proportion of residential type POI 

x12 Proportion of enterprise type POI 

x13 Proportion of life service type POI 

x14 Proportion of commercial type POI 

x15 Proportion of public service type POI 

x16 Proportion of entertainment type POI 

x17 Shannon entropy index reflecting land use diversity 

Socioeconomic attributes x18 Population 

Transport infrastructure characteristics x19 The distance to the nearest bus stop 
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etailed introduction to the GTWR model can be seen in Supplementary

aterials 7. 

The GTWR model can be used to analyze the spatiotemporal influ-

ncing factors of vehicle CO2 emissions. In order to compare with the

TWR model, this study uses GWR and OLS models to analyze vehicle

O2 emissions. The Akaike Information Criterion (AICc) and R -squared

 R2 ) are calculated to evaluate the performance of each model [ 54 , 55 ].

. Results and discussion 

.1. Analysis of CO2 emission characteristics 

.1.1. Spatial and temporal characteristics of emissions 

The average full-day CO2 emissions of weekdays and weekends are

470 t and 4243 t, respectively, a difference of 4.4%. The 24-h CO2 

mission variations of weekday and weekend are shown in Fig. 2 a. It is

hown that weekday CO2 emissions have morning and evening peaks,

ith the morning peak being more pronounced than evening peak, and

he maximum hourly CO2 emissions occur at 8:00 am, reaching 320 t. In

ontrast, the weekend curve does not have a clear peak of CO2 emissions.

owever, in the early morning hours (0:00 am–3:00 am), weekend CO2 

missions tend to be higher than that on weekday because there are

ore vehicle activities during the weekend wee hours. The morning

O2 emission on weekend grows more slowly than that on weekday,

eaching and maintaining a range of 250–300 t until the late afternoon,

ith CO2 emission higher than that in the peak hours of weekdays. 

In this paper, spatial CO2 emissions were aggregated into

 km × 1 km grids in the research area. The natural breaks classifica-

ion method divides the CO2 emission intensity of each grid into eight

lasses. According to Fig. 2 b, c , the CO2 emission hotspots in the area,

olored in orange and red, are highly concentrated, with CO2 emission

ntensity 4–8 times higher than that of the surrounding grids. The CO2 

mission hotspots are distributed along one east-west and two north-

outh corridors, corresponding to the distribution of the expressway in

he research area. The north–south distribution of hotspots on the left

orresponds to the Zhonghe elevated expressway and on the right to the

iushi elevated expressway. In contrast, the grid of hotspots distributed

ast-west is the Desheng elevated expressway. The result indicates that

ehicle activities on the expressway are the primary source of CO2 emis-

ions in study area. 

Combining the spatial and temporal variation of vehicle CO2 emis-

ions, the chronological emission pattern can be observed at the city grid

evel, as shown in Fig. 2 d, e. Generally, CO2 emissions spread outward

rom the city center as vehicle activity increases . On weekday, the pe-
1029
iod with the least CO2 emission is 3:00 am–6:00 am, followed by 0:00

m–3:00 am, while the CO2 emissions of other periods are relatively con-

istent. The urbanization of the northwest corner of the research area is

till in the initial stage, and the southwest corner is occupied by the

ountains of the West Lake scenic area, both with low CO2 emission

ntensity throughout the day. Fig. 2 e shows that the spatial distribution

f CO2 emissions on weekend is similar to that of weekday. However,

he CO2 emission intensity on weekend is notably lower than that on

eekday between 6:00 am and 9:00 am. In contrast, the CO2 emission

ntensity during 0:00–3:00 on weekend is slightly higher than that on

eekday during the same period, corresponding to the difference in the

urve of the temporal distribution of CO2 emissions. 

.1.2. Vehicle emission sharing rate 

Table 2 shows the average emission factors and average daily travel

ntensities for different vehicle types. For vehicles with the same fuel

ype, the emission factor for heavy duty vehicles is 4–6 times that of

ight duty vehicles. In contrast, the emission factors for BEVs and PHEVs

re 41%–53% and 57%–67% of that for fuel vehicles, respectively. The

verage travel intensity varies greatly among different vehicle types.

EVs are significantly higher than fuel vehicles, this may be attributed

o the fact that NEV fleets include a large number of commercial vehicles

uch as online ride-hailing vehicles and buses. 

Based on the CO2 emission data of different vehicle types, the CO2 

missions share of each vehicle type for 24 h are shown in Fig. 3 a, b.

he results show that LDVs are the first source of CO2 emissions in all

ours, accounting for 50% to 80% of the total CO2 emissions. Although

he number of HDV is only 4% of the total number of vehicles, they

ontribute more than 15% of the CO2 emissions, especially in the late-

ight hours from 11:00 pm to 6:00 am. When heavy diesel vehicles such

s garbage trucks, dump trucks, and cement mixers are concentrated in

ctivities, the CO2 emission share of HDV can reach more than 20%,

ighlighting the importance of controlling HDV CO2 emissions for re-

ucing the total vehicle CO2 emissions. The CO2 emission share of all

EVs, including BEVs and PHEVs, stands at 9.64%, slightly higher than

heir proportion of 9.24% in the vehicle fleet. Considering that NEVs in

he fleet is predominantly used for commercial purposes, with a daily

ravel intensity 2–3 times that of fuel vehicles, the emission reduction

ontribution of using clean energy vehicles is still significant. Most of

he CO2 emissions from NEVs come from light vehicles, and the CO2 

mission contribution of heavy NEVs is mainly concentrated during the

us operating hours (5:00 am–9:00 pm). 

Combined with the results of Section 3.3 , we analyzed the average

mission factors and average daily trip intensities of different vehicle
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Fig. 2. Spatial and temporal distribution of CO2 emissions in the research area. (a) 24-hour average CO2 emissions of weekdays and weekends. (b) CO2 

emissions hotspots during weekday 6:00 am–9:00 am. (c) CO2 emissions hotspots during weekend 6:00 am–9:00 am. (d) Distribution of diurnal CO2 emissions on 

weekday. (e) Distribution of diurnal CO2 emissions on weekend. 

Table 2 

Descriptive statistics for each type of vehicle. 

Vehicle type Average emission factor (g/km) Average daily travel intensity (km/d) Fleet share Emission share 

HDV 1089.8 19.2 4.0% 15.1% 

LDV 249.8 18.9 86.8% 75.1% 

HBEV 579.7 63.7 0.3% 2.1% 

LBEV 101.5 34.5 5.9% 4.2% 

HPHEV 617.8 49.1 0.1% 0.3% 

LPHEV 167.9 33.4 3.0% 3.2% 

Table 3 

Descriptive statistics for each category of vehicle. 

Vehicle category Average emission factor (g/km) Average daily travel intensity (km/d) Fleet share Emission share 

SPRV 239.1 17.1 22.2% 16.6% 

LCV 205.7 66.4 6.7% 17.3% 

DHV 231.3 21.2 26.5% 24.0% 

CMTV 239.8 15.1 23.6% 15.6% 

TMPV 238.7 14.8 3.7% 2.4% 

TRSV 238.9 11.6 13.1% 6.6% 

HCV 965.1 22.4 4.3% 17.5% 
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ategories, including LCV, SPRV, CMTV, DHV, TRSV, TMPV, HCV as

ummarized in Table 3 . Except for HCV and LCV, the average emission

actors of the other illustrated vehicles show slight variations. The three

roups with the highest average daily trip intensity are LCV, HCV, and

HV. 

Fig. 3 c, d displays the emission shares of different vehicle categories

t various periods. The results indicate specific differences in emission

hares for different vehicle categories during different periods. SPRV,

CV, DHV, CMTV, and HCV are the primary sources of weekday emis-

ions, while TRSV and TMPV contribute few, only accounting for 4%-

3%. Among them, commercial vehicles, including light commercial ve-

icles such as online ride-hailing and taxi vehicles, and heavy commer-
1030
ial vehicles such as buses and trucks, have a significant proportion of

he CO2 emissions of off-peak hours at night. The CO2 emission shares of

MTV significantly differ between peak and off-peak periods, reaching

 maximum of 39% during the morning and evening peaks on week-

ay. In comparison, it is less than 10% during the remaining periods. In

ontrast, the CO2 emission shares of SPRV and DHV are relatively sta-

le, with slight variation over time. On the weekend, the CO2 emission

hares of all types of vehicles have changed, as shown in Fig. 3 d. With

he disappearance of morning and evening peaks, the sharing rate of

MTV no longer shows drastic fluctuations but remains stable at 10%–

0% during the day. On the other hand, the CO emission shares of
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Fig. 3. Vehicle CO2 emission share. (a) Different vehicle types on weekday. (b) Different vehicle types on weekend. (c) Different vehicle categories on weekday. 

(d) Different vehicle categories on weekend. 

Table 4 

Fitting effects of GTWR, GWR, OLS models. 

Model AICc R2 

OLS 24460 0.591 

GWR 18830 0.748 

GTWR 1442 0.970 
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RSV have significantly increased on weekend, which may be related to

he increase in driving and sightseeing activities. 

.2. Analysis of vehicle CO2 emission modeling results 

Three models, GTWR, GWR, and OLS, were used to model vehicle

O2 emissions, and the results obtained are shown in Table 4 . It can be

een that the modeling effect of GTWR model on vehicle CO2 emissions

s significantly superior to GWR and OLS models. 

(1) Temporal features of variable coefficients 

Analyze the spatiotemporal influencing factors of vehicle CO2 emis-

ions from the temporal dimension, and take the average value of each

ariable according to the temporal dimension to obtain the coefficient

hanges at each hour, as illustrated in Fig. 4 . Four independent vari-

bles, namely hourly total vehicle flow, average betweenness of inter-

ections per grid, the number of intersections per grid, the distance to

he nearest bus stop are shown to have a significant impact on vehicle

O2 emissions, while the absolute values of the coefficients of the re-

aining variables at each hour are less than 0.1. The spatiotemporal

haracteristics of the coefficients of the remaining variables are illus-

rated in Figs. S2 and S3. The result indicates that traffic state infor-

ation, road network structure characteristics, the built environment,
1031
ocioeconomic attributes, and transport infrastructure characteristics all

ave significant impact on vehicle CO2 emissions, with traffic state hav-

ng the greatest impact on vehicle CO2 emissions. Fig. 4 a demonstrates a

ositive correlation between traffic volume and vehicle CO2 emissions

hroughout the day, with the strongest correlation at morning peaks.

here is also a positive correlation between the average betweenness of

ntersections and vehicle CO2 emissions, and the correlation between

he two is strongest at morning and evening peaks ( Fig. 4 b). The inter-

ection betweenness can reflect the importance of the intersection to a

ertain extent. In the area with more important intersections, the more

ehicle CO2 emissions are, and this phenomenon is most obvious during

orning and evening peak hours. Fig. 4 c reveals a positive correlation

etween the number of intersections and vehicle CO2 emissions, and

his correlation is strongest at morning and evening peaks. The more in-

ersections, the more vehicle CO2 emissions will be. The Fig. 4 d shows

hat there is a positive correlation between public transportation con-

enience and CO2 emissions, which goes against our common sense on

he surface. However, in combination with its spatial heterogeneity, we

an further explore the reasons behind it. 

(2) Spatial feature of variable coefficients 

Analyze the spatiotemporal influencing factors of vehicle CO2 emis-

ions from the spatial dimension, and take the average value of each

ariable according to the spatial dimension to obtain the coefficient

istribution of each grid, as shown in Fig. 5 . The analysis of Fig. 5 a

eveals that traffic volume is positively correlated with vehicle CO2 

missions in almost every grid, and the correlation is strongest in the

enter of Hangzhou, while the correlation is weaker in areas farther

way from the center of the city. The traffic in the city center is al-

eady relatively congested, therefore, the increase in traffic volume has

 significant effect on emissions. Furthermore, Fig. 5 b, shows that the

verage betweenness of intersections exhibits significant spatial hetero-
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Fig. 4. Hourly average coefficient. (a) Hourly total vehicle flow variable. (b) Average betweenness of intersections per grid variable. ( c ) The number of intersections 

per grid variable. (d) The distance to the nearest bus stop variable. 

Fig. 5. Average coefficients of each grid. (a) Hourly total vehicle flow variable. (b) Average betweenness of intersections per grid variable. (c) The number of 

intersections per grid variable. (d) The distance to the nearest bus stop variable. 

1032
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Fig. 6. The evaluation of simulated CO2 emission reduction of different policies. (a) The comparison of CO2 emission reduction under random replacement and 

vehicle category-based NEV promotion policies. The black dotted line represents the current average daily CO2 emissions. (b) The synergistic CO2 emission reduction 

effect of the NEV promotion and grid emission factor change. 
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Table 5 

Vehicle category based NEV promotion scenarios. 

Scenario Category of replacement Number of replacement NEV penetration 

S1 LCV 40,413 11.2% 

S2 LCV + CMTV 286,102 23.4% 

S3 LCV + CMTV + DHV 562,114 38.8% 
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eneity, with some areas showing a positive correlation, while others

how a negative correlation. In some central areas of Hangzhou, there

s a negative correlation between the two, which may be because the

ore important the intersections are in the central area of Hangzhou,

he lower the proportion of vehicle trips due to parking and other issues.

ig. 5 c indicates a positive correlation between the number of intersec-

ions and vehicle CO2 emissions in most areas. This is because the more

ntersections there are, the greater number of stops during vehicle driv-

ng, leading to increased emissions. According to Fig. 5 d, it can be seen

hat the convenience of public transportation facilities in most areas is

egatively correlated with CO2 emissions, while in few areas, the con-

enience of public transportation facilities is positively correlated with

O2 emissions. The positive correlation in these areas is strong, resulting

n a positive correlation in the overall time dimension. 

.3. Analysis of CO2 emission reduction policies 

(1) The impact of NEV promotion policies on urban vehicle CO2 

emissions 

The transition from traditional fossil fuels to clean energy is crucial

or achieving carbon peak and carbon neutrality in the transport sector.

uropean countries have already announced their plans to ban the sale

f fuel cars, while research conducted in China suggests that conven-

ional fuel cars will be phased out completely by 2050 [56] . Govern-

ent departments play an important role in promoting NEVs by reduc-

ng taxation, providing subsidies, constructing charging facilities, and

ther measures to encourage consumers to purchase NEVs. However,

urrent NEV promotion policies do not consider the diverse travel pat-

erns among different vehicle categories. For instance, LCVs, CMTVs,

nd DHVs have higher travel intensity and could achieve more emis-

ion benefits from switching to NEVs than other vehicles. Moreover,

iven that the operating cost per kilometer of a NEV is lower, those

wners are more willing to replace their vehicles with NEVs [57] . This

aper proposes that the government adopt incentive NEV promotion

olicies to prioritize the electrification of specific vehicle categories con-

idering travel behavior, including LCV, DHV, and CMTV, for emission

eduction. Three scenarios are explored to determine the emission re-

uction effects under different levels of NEV penetration, as shown in

able 5 . 

As a comparison, we randomly replaced the same proportion of

raditional fuel vehicles from the entire fleet with NEVs according

o the corresponding NEV penetration rate in each scenario, simu-

ating the existing promotion policy without incline, and the emis-

ion reduction results under the two promotion policies are shown in

ig. 6 a. 

1033
It is evident that the NEV promotion policy based on the vehicle

ategory has great potential for emission reduction. In scenario S1, re-

lacing fuel vehicles with NEVs in the LCV category can reduce daily

O2 emissions by 7.6%, whereas randomly replacing the same num-

er of vehicles can only reduce emissions by 1.1%. In scenarios S2 and

3, the incentive promotion policy can increase the emission reduction

ffect by 8.3% and 13.5%, respectively, compared with the random re-

lacement strategy. Furthermore, under the 38.8% penetration of NEV,

he incentive promotion policy can reduce the total CO2 emission by up

o 28.8%. 

(2) The impact of grid CO2 emission factors on urban vehicle emis-

sions 

Currently, fossil fuel still dominates China’s power generation struc-

ure. Especially in eastern China where Hangzhou is located, hydroelec-

ric resources for power generation are generally lacking, and land re-

ources required for photovoltaic and wind power generation are also

elatively scarce. As a result, thermal power accounts for a relatively

igh proportion. In contrast, only 37% of the EU’s electricity comes from

ossil fuels [58] . With the promotion of NEVs leading to further expan-

ion of electricity consumption, the upstream power generation still has

 significant potential for emission reduction in the composition of fu-

ure vehicle WTW emissions. 

By adjusting the vehicle fuel type and grid emission factor, this pa-

er numerically simulates the synergistic emission reduction effect of

he increasing penetration of NEVs and the decreasing grid emission fac-

or under the future deep emission reduction scenario. The current NEV

enetration in Hangzhou is about 10%, and it is assumed that the pene-

ration of NEV will gradually increase to reach 100% in the deep emis-

ion reduction scenario in future, while the proportion of power gen-

rated by fossil energy in China is expected to gradually decrease from

he current 68% to 10% due to the substantial development of wind,

uclear power, and solar photovoltaic technologies [ 59 , 60 ]. Assuming

hat the CO2 emissions from non-fossil energy generation are negligible

nd the structure of fossil energy generation remains unchanged, then

he grid emission factor ( EFg ) can be reduced to 0.15 times the current

ne (0.15 EFg ). Fig. 6 b presents the changes in vehicle CO2 emissions in
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[  
he research area under the comprehensive action of different grid CO2 

mission factor and NEV penetration during the process towards CO2 

eutrality. 

The results demonstrate that the total CO2 emissions decrease lin-

arly with the increase in proportion of NEV in the fleet. In the early

tage of electrification, when the NEV penetration is less than 20%, the

hange of the grid emission factor has little impact on the total CO2 

mission. Every 10% reduction of the grid emission factor can only re-

uce the CO2 emission by about 30 t, accounting for 0.7%–1.1% of total

mission. However, with the increase of NEVs, the emission reduction

ffect of reducing power grid emission factors becomes more signifi-

ant. Finally, every 10% reduction in emission factors corresponds to a

% reduction (355 t) in CO2 emissions, which is more than ten-fold of

he initial stage of vehicle fleet electrification. 

Under the optimal emission reduction scenario, where the penetra-

ion rate of NEVs reaches 100% and the grid emission factor is reduced

o 0.15 times the current one, the total CO2 emissions can be reduced

y 78.1% to 975 t. These findings highlight the potential of NEVs and

enewable energy in contributing to China’s emission reduction targets

nd suggest the importance of considering the joint effects of multiple

mission reduction measures in the transport sector. 

. Conclusion 

This paper proposes a framework for calculating the spatiotemporal

O2 emissions of vehicles throughout the fuel life cycle, quantitatively

nalyzing the fine-grained emissions inventory of various categories of

ehicles. And GTWR model is used to explore the spatiotemporal influ-

ncing factors of CO2 emissions based on LPR data, road network data,

nd POI data. On this basis, the effects of different emission reduction

olicies are simulated. 

The established emission inventory shows that the main emission

otspots are concentrated on the expressways in the city center, and the

mission intensity can reach four to eight times that of the rest of the

urrounding areas. Although the travel intensity of NEVs is greater than

hat of fuel vehicles, their emission factor is significantly lower than that

f fuel vehicles. The highest proportion of CO2 emissions is for LDVs,

ollowed by HDVs. Regardless of the vehicle fuel type, the emission fac-

ors of heavy duty vehicles are significantly higher than those of light

uty vehicles, with heavy duty vehicles accounting for 4.4% of the to-

al number of vehicles contributing 17.5% of the emissions. Our results

eveal great potential of CO2 emission reduction through application of

EVs and emission control of heavy duty vehicles. Some actions may be

ractical for CO2 emission reduction, such as mandatory replacement

rom traditional fuel vehicles to NEV for commercial vehicles, and plan-

ing low emission zone in the city center. Also, some insights for policy-

akers are not negligible. If the government adopts incentive NEV pro-

otion policies, combined with vehicle travel behavior analysis, the

O2 emission reduction effect can be increased by 6.5% to 13.5% in dif-

erent scenarios. Considering that the increase in the proportion of non-

ossil fuels in the power generation structure in the future will reduce

he emission factor, the total CO2 emissions can be reduced to 21.9%

f the current CO2 emissions at most. The benefits of reducing emission

actors are not significant in the early stages of NEV promotion policies,

owever, in the long term, it can achieve significant CO2 emission reduc-

ion effects. Vehicle CO2 emissions exhibit significant spatiotemporal

eterogeneity. Traffic state information, road network structure char-

cteristics, built environment characteristics, socioeconomic attributes,

nd transport infrastructure characteristics are all significantly related

o vehicle CO2 emissions, with the strongest spatiotemporal correlation

etween road network traffic state and CO2 emissions. 

While this paper establishes the WTW CO2 emission inventory of

ehicles and explores the driving factor of gridded emission, there are

till several limitations in this study. (a) Due to the sparseness of LPR

evices in some districts, especially in suburban areas, some vehicle ac-
ivities cannot be detected and thus were not included in our emission 
 

1034
nventory. (b) This paper applied the average speed method in emission

alculation, which ignores the acceleration and deceleration of vehicles

n roads and may underestimate the emission. (c) Due to the limited

umber of dynamic variables, the current GTWR model focuses solely

n hourly aggregate traffic volume as a time-varying variable. Other

otential dynamic variables that have a significant impact on emissions

ight be overlooked. 

In future research, we plan to combine GPS data and LPR data to cap-

ure more vehicle activities and refine the speed profile of vehicles. We

ope to mine more spatiotemporal influencing factors based on multi-

ource data to better understand the spatiotemporal heterogeneity of

O2 emissions. In addition, machine learning models will also be used to

nalyze the spatiotemporal influencing factors of CO2 emissions. More-

ver, shared mobility and intelligent connected vehicles will play signif-

cant roles in promoting sustainable development in transportation and

ecome major trends in the future of the transportation sector [ 61 , 62 ].

n our subsequent research, we aim to evaluate their emission reduction

ffects by setting up these scenarios. 
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