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Abstract: Rapid urbanization in China is intensifying travel demand while making trans-
port the nation’s third-largest source of carbon emissions. Anticipating continued growth
in private-car fleets, this study integrates vehicle-stock forecasting with multi-scenario
emission modeling to identify effective decarbonization pathways for Chinese cities. First,
Kendall rank and grey relational analyses are combined to screen the key drivers of car
ownership, creating a concise input set for prediction. A Lévy-flight-enhanced Sparrow
Search Algorithm (LSSA) is then used to optimize the smoothing factor of the Generalized
Regression Neural Network (GRNN), producing the Levy flight-improved Sparrow Search
Algorithm optimized Generalized Regression Neural Network (LSSA-GRNN) model for
annual fleet projections. Second, a three-tier scenario framework—Baseline, Moderate
Low-Carbon, and Enhanced Low-Carbon—is constructed in the Long-range Energy Alter-
natives Planning System (LEAP) platform. Using Ningbo as a case study, the LSSA-GRNN
outperforms both the benchmark Sparrow Search Algorithm optimized Generalized Re-
gression Neural Network (SSA-GRNN) and the conventional GRNN across all accuracy
metrics. Results indicate that Ningbo’s car fleet will keep expanding to 2030, albeit at
a slowing rate. Relative to 2022 levels, the Enhanced Low-Carbon scenario delivers the
largest emission reduction, driven primarily by accelerated electrification, whereas public
transport optimization exhibits a slower cumulative effect. The methodological framework
offers a transferable tool for cities seeking to link fleet dynamics with emission scenarios
and to design robust low-carbon transport policies.

Keywords: carbon emission reduction in urban traffic; car ownership; scenario analysis;
LEAP model; GRNN

1. Introduction

Climate change driven by greenhouse gas emissions has become an increasingly urgent
global concern, prompting widespread consensus on the need for green and low-carbon
development. In China, energy conservation and emission reduction have been designated
as basic national policies. The State Council’s “Outline of the National Comprehensive
Three-Dimensional Transportation Network Plan” mandates the accelerated promotion of
green and low-carbon initiatives, with the goal of reaching peak carbon dioxide emissions
in the transportation sector as soon as possible. Moreover, the “14th Five-Year Plan” for
the development of a modern and comprehensive transportation system explicitly calls
for a comprehensive transformation toward green, low-carbon transportation. As a key
urban center in the Yangtze River Delta, Ningbo is projected to have over three million
vehicles by 2021. Between 2003 and 2023, car ownership in Ningbo surged from 570,000
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to more than 3.5 million, maintaining consistent annual growth. The data is shown in
Figure 1. Notably, minibuses experienced the highest growth rate, accounting for 90% of
the overall increase. This rapid expansion poses significant challenges for reducing carbon
emissions in urban transportation systems, underscoring the imperative for effective policy
and technological interventions.
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Figure 1. Data map of car ownership in Ningbo City.

Car ownership is a key driver of automobile carbon emissions, and accurately forecast-
ing its trends is crucial for designing effective carbon reduction policies. Researchers have
examined the determinants of car ownership from economic, demographic, and policy
perspectives. For example, Dargay et al. [1] employed a pseudo-panel methodology to
capture dynamic influences of income, cost, and demographics, revealing significant lag
effects in family vehicle acquisition. Similarly, Zhang et al. [2] used quarterly panel data
from 2004 to 2017 with both panel regression and regression discontinuity design (RDD)
to assess the impact of a halved vehicle purchase tax in 2015; their findings indicate that,
while oil price fluctuations have only a marginal effect, tax policy is a markedly stronger
driver. Further studies, such as those by Liu et al. [3] and Hess et al. [4], have demonstrated
that motor vehicle purchase restrictions and urban form (e.g., mixed land use, pedestrian-
friendly design, and bus accessibility) significantly influence car ownership. Sefriyadi
et al. [5] have also applied binary logistic regression (BLR) and multiple linear regression
(MLR) models to identify key determinants in cities like Jakarta, Bandung, and Surabaya.
Forecasting car ownership has long attracted extensive research using regression models
for their interpretability. For instance, Gately et al. [6] applied the Gompertz function to
capture the long-term relationship between car ownership and per capita income across a
diverse panel of countries (from low to high income) between 1960 and 1992, subsequently
forecasting growth up to 2015. Building on this, Lian et al. [7] used symbolic regression
(SR) to automatically infer the nonlinear relationship between car ownership and per capita
GDP across six representative countries, proposing a novel equation (NE-SR) that extends
the Gompertz function to predict continuous increases in Chinese car ownership until 2060.
Complementary approaches include Wu et al’.s [8] hybrid Principal Components Analysis
(PCA)-logistic regression model—combining traditional predictors (such as GDP per capita
and consumer expenditure) with non-traditional factors (including online car usage and
new energy vehicle penetration)—as well as backpropagation neural networks optimized
via particle swarm optimization (Zhang et al. [9]) and a hybrid Grey models-Multilayer Per-
ceptron (GM(1,1)-MLP) model proposed by Wang et al. [10]. Hybrid models that integrate
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regression analysis, grey modeling, and neural networks are emerging as the predominant
approach, reflecting an interdisciplinary trend drawing from traffic engineering, economics,
and environmental science.

Automobiles remain the largest source of carbon emissions in the transportation sector,
prompting a variety of methodological approaches—ranging from life cycle assessment
(LCA) and scenario analysis to statistical regression and machine learning—to evaluate
and mitigate these emissions. LCA offers a holistic quantification of greenhouse gas emis-
sions over a vehicle’s entire lifespan, from raw material extraction through manufacturing,
operation, and disposal. For example, Pero et al. [11] compared the life cycle impacts of
conventional fuel vehicles with those of electric vehicles, while Guo et al. [12] integrated
LCA with system dynamics to assess how market share and fuel consumption affect emis-
sions. Yan et al. [13] further refined LCA frameworks to quantify differential emission
reduction potentials across vehicle types. Scenario analysis is similarly widespread in pol-
icy formulation, technological pathway selection, and emissions planning. Meng et al. [14]
employed the LEAP model to create various scenarios—ranging from baseline to electric
vehicle promotion and comprehensive policy measures—to project Japan's future energy
consumption and pollutant emissions from road traffic. Zhang et al. [15] integrated traf-
fic simulation (via PTV Vissim) with the MOVES software, introducing a passenger car
CO, emission factor model that accounts for road and traffic conditions. Moreover, sta-
tistical regression models have been used to identify determinants and forecast trends:
Zhu et al. [16] constructed an SVR model based on drivers such as GDP, population, and
urbanization, while Hou et al. [17] combined the environmental Kuznets curve (EKC) with
the Tapio decoupling model to assess the impact of vehicle ownership on carbon emissions
in Chongging. In Ningbo, Zhang et al. [18] merged a macro-level emission model with a
macro fundamental diagram (MFD) and used Monte Carlo methods to explore the influence
of traffic distribution and electric vehicle penetration on overall emissions. In the realm of
carbon reduction strategies, studies have focused on vehicle technology innovation (e.g.,
Yu et al’.s [19] high-resolution emission quantification method and Ravi et al’.s [20] review
of advanced vehicle technologies), the substitution of new energy vehicles (as forecasted
by Wang et al. [21] using the LEAP model for Chengdu), modal shifts (demonstrated by
Liora et al. [22] for reducing congestion emissions in Thessaloniki), and integrated mea-
sures such as optimizing road networks [23] and adaptive signal control [24]. Collectively,
these investigations underscore that significant reductions in transportation-related carbon
emissions require a coordinated, multipronged strategy—one that integrates technological
innovations, regulatory reforms, and traffic-planning measures. While the transition to new
energy vehicles and advancements in emission control hold promise, their effectiveness
may be moderated by regional energy structures, climatic factors, and existing infrastruc-
ture constraints. Consequently, achieving substantial emissions reductions necessitates a
comprehensive policy approach that leverages multiple, synergistic interventions.

With the continuous expansion of urban areas, residents’ transportation demand
has steadily increased, while environmental pollution from transportation activities has
become more severe. Notably, car ownership continues its upward trend, exacerbating
urban development challenges under environmental constraints. Against this backdrop, it
is essential to rigorously investigate automobile carbon emissions and to develop mitigation
strategies within the transportation sector that promote green mobility and help achieve
“double carbon” targets. Building on global research advances, this study introduces an
LSSA-GRNN model to forecast automobile ownership trends in Ningbo. Using these
forecasts, we then construct a scenario-based carbon emission model for the city’s urban
transportation system. A three-level scenario framework is employed to analyze and
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predict traffic carbon emissions across nine distinct scenarios, incorporating factors such as
government emission reduction policies and technological innovations.

This study is organized as follows. In Section 2, we present a detailed discussion of
the methodologies and underlying principles. Section 3 describes the data analysis process
and outlines the model development. Section 4 and beyond discuss the model results and
address potential limitations.

2. Methods
2.1. Prediction Method of Car Ownership

Firstly, we analyze the influencing factors of car ownership by employing a mixed
approach that combines Kendall’s coefficient with grey correlation analysis. This “double
correlation” test quantifies the correlation between each influencing factor and car own-
ership, enabling us to select those factors with a high degree of association as the input
features for our prediction model. Subsequently, we introduce the Levy flight strategy to
enhance the sparrow optimization algorithm, thereby optimizing the process for identify-
ing the optimal smoothing factor of the GRNN. The resulting model is referred to as the
LSSA-GRNN model.

2.1.1. Influential Factor Analysis

(1) Kendall’s correlation coefficient

Kendall’s correlation coefficient is a nonparametric method used to assess the associa-
tion between two random variables by evaluating the consistency of the ordering of data
pairs. Its value ranges from —1 to 1, where values closer to 1 indicate a strong positive cor-
relation, values near —1 indicate a strong negative correlation, and values around 0 suggest
a lack of significant linear relationship. Unlike the Pearson correlation coefficient, which
requires data to be continuous and normally distributed and focuses on linear relationships,
Kendall’s correlation is based on the concordance of ranking, making it more robust in
situations where the relationships are not strictly linear yet still correlated. Furthermore, its
insensitivity to outliers and extreme values enhances its suitability for analyzing the factors
affecting car ownership. Consequently, this study utilizes Kendall’s correlation coefficient
to rigorously evaluate and select the key determinants of car ownership.

Kendall’s correlation coefficient is calculated by assuming that Xj, X, ..., X, and
Y1,Ys,...,Y, are two sample data columns that can form a pairwise dataset with capacity
n, (X;,Y),i=12,...,n if (X;— X;)(Y;—Y;) > 0then (X;,Y;) and (X;,Y;) are consis-
tent with each other, if (X; — X;) (Yj — Y;) <0, then (X;,Y;) and (X;, Y;) are inconsistent
with each other, and if (X; — X;)(Y; - Y;) = 0, then {(X},Y;),(X;Y;)} two data pairs
are said to be a knot, which means that (Xj, Yj) and (Xj,Y;) are neither consistent nor
inconsistent [25,26].

The Kendall correlation coefficient formula is as follows:

3 sign[ (X - X)) (¥ - )]
r= 171 (1)

(== foo-0 -]

(2) Grey correlation analysis

The essence of the grey correlation theory is to determine the closeness of the con-
nection by determining the degree of similarity in the shape of the set of reference data
columns and a number of comparative data columns, and in this way determine the de-
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gree of correlation [27]. Let A; be a factor in the system, and the sequence of behavioral
characteristics of the system is (2):

AO = [ﬂo(l),ao(Z),ﬂ0(3),...,ﬂo(m)]
Al = [al(l),u1(2),a1(3),. . .,al(m)]

where Ay is the reference data sequence and A; ~ A, is the comparison data sequence.
For ¢ € (0,1), let the correlation coefficient {(ag(k), a;(k)) at point K be a real number.

_ minming|ag(k) — a;(k)| + dmax;maxy |ag (k) — a;(k)|

lao(k), ai(K)) = == o — 4, ()] + omaxymaxclao (k) — a: (F) )
Mao,a0) = 3 €lao k), a1(K)) @
k=1

wherek =1,2,...,m;i=1,2,...,n, 0 are the discriminant coefficients.

(1)  Normality: When condition A(Ag, A;) = 1equals 0 < A(Ap, A;) < 1and, if it equals
A(Ag, A;) =1, then condition Ay = A; must also be met.

(2)  Proximity: The smaller the value of condition |ag(k) — a;(k)|, the greater is the value
of condition {(ag(k), a;(k)).

3) Integrity: For condition A;, A; € A = {Aulu=0,1,2,...,n;n > 2}, when condition
i # jis satisfied, condition A (A;, A]-) + A(A]-, Aj) must exist.

4) Even Symmetry: When condition A;,A; € A is present and condition
A(Ai, Aj) = A(Aj, A;) is met, symmetric pairwise relationships hold.

These four criteria are collectively known as the four axioms of grey relational analysis.
They indicate that no two data series within the system can be entirely unrelated. Proximity
serves as the constraint in quantifying the grey relational degree; integrity reflects the
influence of the external environment on this degree; and even symmetry ensures that,
when only two data columns are compared, the grey relational factors satisfy a symmet-
ric condition.

When A(ay, ;) satisfies the grey correlation IV axiom, it is called the grey correlation
between the reference data sequence Ag and the comparison data sequence A;.

2.1.2. Data Preprocessing

(1) Missing Value Processing

Given that the influencing factors of car ownership span multiple dimensions, missing
data are inevitable. Failure to properly address these missing values could result in their
inadvertent inclusion during model training, thereby distorting prediction outcomes. To
mitigate this risk, several imputation strategies are employed. For data columns with a low
proportion of missing values and a uniform distribution, mean imputation is applied to
preserve data integrity without introducing substantial bias. For columns with a high pro-
portion of missing data, interpolation techniques are utilized to estimate the missing values
based on observed trends, thus maintaining the intrinsic relationships within the dataset.

(2) Data Standardization

The selected influencing factors vary considerably in both dimension and range and,
given that neural network algorithms are highly sensitive to the scale of input features, dis-
crepancies in data scaling can hinder convergence during training. Therefore, it is essential
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to normalize the data to ensure that all input variables share a consistent scale while pre-
serving their distributional characteristics. This study adopts the min-max normalization
technique to rescale each feature to a specified range. The min—-max normalization formula
is expressed as

pp— "~ Tmin (5)
Ymax — "min
where r/ represents the normalized data, r is the original data value, and 7y, and 7max
denote the minimum and maximum values of the data column, respectively.

(3) Dataset Partitioning

A critical aspect of model evaluation is the rational partitioning of the dataset. Tra-
ditional partitioning methods—such as randomly dividing the sample data into training
and testing sets (e.g., using ratios of 8:2 or 7:3)—are not appropriate for time-series data
like car ownership indicators, which exhibit clear upward trends. If the temporal order
is disregarded and both historical and future data are randomly allocated to the training
and testing sets, the model may inadvertently incorporate future information during train-
ing, a phenomenon known as information leakage. Such leakage can artificially inflate
the model’s perceived generalization performance and yield an imbalanced evaluation
between training and test errors. To address these challenges, time-series cross-validation
(TSCV) is employed. TSCV is specifically designed for sequential data, ensuring that the
model is trained solely on historical observations. As illustrated in Figure 2, the time
series is segmented into k consecutive blocks. With the exception of the first block, which
can only serve as a training set, each subsequent block is initially designated as test data;
subsequently, the training set is progressively expanded by incorporating preceding blocks.
This approach enhances the model’s ability to learn from historical trends and ultimately
improves prediction accuracy. Unlike traditional K-fold cross-validation or leave-one-out
methods, TSCV maintains the inherent temporal order of the data, making it particularly
suitable for time-series analyses. Consequently, TSCV is utilized in this study to partition
the dataset in a manner that accurately reflects the underlying trends in car ownership data.

Time series data partition

1 — AN EENEEEEEEEEEEE
5
'g 2 ~— SSEEENEEEEEEEEEEE [l Unused data
=
= Training data
s g
2 3 ~HANEEEEEEEEEER
§ Verification data
)

n

0 10 20 30 m

Data index

Figure 2. TSCV cross-validation schematic diagram.

2.1.3. Implementation of the LSSA-GRNN Model

The GRNN model was selected for predicting car ownership due to its simple struc-
ture, rapid convergence, and strong adaptability when handling nonlinear and high-noise
data—attributes that are particularly well-suited to the complex time-series forecasting
challenge posed by the myriad economic and policy factors influencing car ownership [28].
However, traditional GRNN methods struggle to dynamically optimize the core parameter,
namely the smoothing factor, to achieve its global optimum, which can adversely affect
prediction accuracy. To overcome this limitation, an improved mechanism is introduced
that integrates the SSA algorithm with the Levy flight strategy. Although the traditional
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SSA leverages the foraging and anti-predation behaviors observed in sparrow popula-
tions for efficient parameter optimization, it is often prone to becoming trapped in local
optima. The incorporation of Levy’s flight strategy—characterized by its random step
hybrid search mode—enhances the algorithm’s global search capabilities and helps prevent
premature convergence.

(1) GRNN model

The GRNN neural network model consists of four layers, namely, input layer, pattern
layer, summation layer and output layer. P = [p1, p2, 3, - - -, Pu) Tis the input model data

and W = [wy, wp, w3, .. ., wn]T is the output model data. The GRNN structure is shown in
Figure 3.

Input layer Pattern layer Summation layer OQutput layer

A
LA

R

Figure 3. Diagram of GRNN neural network structure.

(1) Input layer

The number of neurons in the input layer is equal to the dimension of the input data,
which is transmitted directly to the pattern layer.

(2) Pattern layer

J— . T —_ .
Si:expl—(P Pl;ygp PI)]izl,Z,B,...,n (6)

where S; is the output at node i, P is the input variable, and y is the smoothing factor.

(3) Summation layer

The summation layer has two kinds of neurons: arithmetic summation and weighted
summation. The arithmetic summation formula is Equation (7), and the transfer function is

Equation (8).
L [Le-r)(r-p)
i;exp — 2]42 (7)
Vp = Z P, (8)

The weighted summation formula is Equation (9) and the transfer function is
Equation (10).

! (P—P)" (PP
Wiexp|— ©)
izzl 1 p 2#2
n

i=1

(4) Output layer
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The number of neurons in the output layer is equal to the dimension of the output
variable, and the result of the output layer is obtained by dividing the outputs of the
two neurons in the summation layer.

(2) SSA algorithm
The principle of SSA algorithm [29] rule is as follows:

Suppose that there are n sparrows in the sparrow population and the expression is
Equation (11).

bl,l bl,Z e bl,d
B — bZ,l bz,z A b2,d (11)
bui bup ... bug

f denotes the fitness value of each sparrow, and the expression for the fitness value of
the sparrow population is Equation (12).

f b1,1 bl,g ... bl,d
b b ... b
Fb _ f 2,1 2,2. 2,d (12)
f _bn,l bn,Z cee bn,d:|

The group position update expression is found as follows:

if Ry <ST

if Rp>ST (1%

, ,
BiH1 — Bj;- exp(_s-itelrmax)
& B;+BL

where t represents the number of iterations, ¢ is a random number with values ranging
from 0 to 1, itermax denotes the maximum number of iterations, R, and ST representing
vigilance and safety values, respectively, Eis a set of random numbers obeying a normal
distribution, and L denotes the d-matrix, whose elements are all 1.

When R; < ST, it indicates that there is no predator threat in the area, and the
discovery group can continue to expand the search for food.

When Ry > ST, it indicates that a predator has been detected by a vigilante and signals
an alarm, at which point the location of the found group is updated to a safe area.

Follow the group position update expression as follows:

E <Bwar5t—Bf]' > . < /2

cexp| —x—12 i<n

+1 _ i

Bi'j N Bt+1 Bt Bt+1 Ht.L | < /2 (14)
best + ij — Phest|’ ’ I~n

where By,rst denotes the worst search position of the iterative process, By, denotes the
best position in this iteration, i < n/2 indicates that the i sparrow in the following group
does not receive food and is hungry, and H denotes a dimensional matrix whose elements
are randomly 1 or —1 and satisfy H™ = HT (HHT) -

About 10% to 20% of the sparrow population are vigilantes, and the updated expres-
sion for the location of vigilantes is as follows:

t t t .
Bbest'lei,j_Bbest lf fi>fg

1 ) t_pt+l

1, Bi,‘_Bworsf . (15)
! th,j +p (filffw)m ) if fi=/fs
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where a represents the step control parameter, which is a random number with mean
0 variance 1 and normally distributed, f; denotes the current fitness value of this iterative
process, fo represents the best fitness value for this iterative process, and f;, represents
the worst fitness value for this iterative process. € (—1,1) random number, 7 is a fixed
constant that is preventing the denominator from being zero.

When f; > f,, it means that sparrows located at the edge of the search area are
vulnerable to predators and move to the center of the area to avoid the danger;

When f; = f,, it means that sparrows located in the center of the population perceive
the danger and move to other safe areas to avoid the danger.

(3) Levy Flight Strategy

In the late stage of optimization, SSA may fall into the local optimum, which makes
the optimization accuracy lower, and the introduction of Levy flight strategy improves the
randomness of the algorithm’s global optimization search, expands the search range, and
avoids the algorithm from falling into the local optimum.

The Levy flight strategy obeys a Levy distribution [30] with the following stochastic
distribution expression:

PLevy ~ Q= c P (16)

Based on these advancements, the flow chart of the LSSA-GRNN model is presented
in Figure 4.

Kendall

correlation
coefficient
Selection of in]ml\‘ v
feature variables /‘ oray
- e -
correlation
T
R S
Divide the
data set
(omao— oy
ata preprocessing }

Complementary Missing
Values and Normalization

SSA algorithm
parameterization

|

Sparrow population initialization
and caleulation of fitness values

|

Introducing Levy Flight Strategies

[

to Select Sparrow Mutations

(’ SSA ) Updating the
Optimization location of sparrow
—

poepulations

|

No Whether the maximum
number of iterations has

been reached

Yes

Determine the
optimal smoothing
factor

|

Building GRNN
Neural Networks

Figure 4. LSSA-GRNN model realization process.
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To evaluate the performance of the LSSA-GRNN model, the root mean square error
(RMSE) is employed as the error metric. RMSE quantifies the absolute error by calculating
the square root of the mean of the squared differences between the predicted and observed
values. A lower RMSE indicates higher predictive accuracy:

RMSE =

S|

(vi —0:)° (17)
=1

1

where 7 is the number of samples, y; is the real value, and ¥; is the predicted value.

2.2. Modeling of Carbon Emissions
2.2.1. LEAP Model

The LEAP model is a bottom-up energy—environmental accounting tool based on
scenario analysis. Developed collaboratively by the Stockholm Environment Institute (SEI)
and the Boston Research Institute (BRI), it is also referred to as the Low-Carbon Emissions
Analysis System. LEAP is designed to analyze and forecast energy demand, consumption,
and the associated environmental impacts across diverse sectors by constructing and
employing mathematical models. It facilitates the identification and quantification of
emission sources for comprehensive emissions accounting.

LEAP’s versatility is demonstrated by its broad range of applications. It has been
used to study pollutant management and carbon emission reduction strategies in sectors
such as transportation, construction, electricity, and manufacturing. Furthermore, LEAP
supports energy consumption and environmental management studies at various spatial
scales—from local communities and cities to regional, national, and even global levels.
Figure 5 illustrates the computational flow of the LEAP model. The modeling procedure
within LEAP generally follows these steps:

Demographics ‘ Macro-Economic
Demand Analysis

Statistical Differences

Environmental [ e Integrated
t—— Transformation Analysis L n
Loadings - Cost-Benetit
(Pollutant Analysis
Emissions) StockChanges

Resource Analysis

Non-Energy T
Sector Emissions

Analysis

Environmental Externalities

Figure 5. Calculation process of the LEAP model.

(1) Identification of the Research Domain

The LEAP framework requires clearly delineating the research domain from both
spatial and temporal perspectives. Spatially, the study scope may cover national, provincial,
urban, or more localized regional levels, and within the chosen area, the energy system
can be analyzed in its entirety or by focusing on specific sectors. Temporally, a base year is
established, and the time horizon for the scenario analysis is defined accordingly.

(2) Development of the Data Structure
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LEAP employs a hierarchical tree data structure that organizes information from
the highest system level down to individual sectors, end-use technologies, energy types,
and carbon dioxide emission factors. This structured approach ensures consistency and
comprehensiveness in the energy—environmental analysis.

(3)  Scenario Design

Establishing well-defined scenarios is critical to the analytical rigor of the study. The
parameters for the base year are calibrated to reflect current socio-economic conditions,
while scenario elements are derived from relevant policy documents and the scientific
literature. These scenarios incorporate factors such as demographics, economic trends,
social dynamics, environmental conditions, and political contexts to simulate possible
future pathways.

(4) Results Analysis

The outcomes generated by the LEAP model are evaluated by comparing environ-
mental impacts across different scenarios. The analysis focuses on identifying how various
design measures influence sector-specific results, thereby providing insights into effective
regulatory and policy measures that can drive carbon emission reductions and support
sustainable energy transitions.

2.2.2. Calculation of Carbon Emissions

The formula for calculating [31] CO, emissions from conventional fuel vehicles is

as follows:
VC =) VN;j-EC;;- VM- EF; (18)
i
VC—Total CO, emissions from conventional fuel vehicles;
i—Type of vehicle used for transport, e.g., car, taxi, bus, etc;
j—Type of energy used for transport, e.g., petrol, diesel, natural gas, etc;
VN; j—Number of vehicles of type i models using type j energy (units);
EC; j—Average consumption per unit kilometer for the i model of vehicle using the j energy
source (L./100 km, m3/100 km);
V M; j—Average annual mileage of the i model using the j energy source (km);
EF,—Carbon dioxide emission factor of the j energy source.

Electric vehicles and traditional fuel vehicles [31] are different, the car running process
will not directly produce carbon emissions, but the consumption of electricity in the process
of generating carbon emissions cannot be ignored, and in the process of power transmission
and charging process caused by the loss will affect the carbon emissions of electric vehicles.
Electric vehicle carbon emissions are as shown in Equation (16).

VNie-ECio - VM;, - EF
VCe - Z -1
i

(19)

VC,—CO, emissions of electric vehicles.

V Nj e—The number of electric vehicles of the i type (units).

EC; ,—Average consumption per unit kilometer of type i electric vehicles (kw-h/100 km).
VM, ,—Average annual mileage of the i electric vehicle (km).

EF,—Carbon dioxide emission factor of electric power.

n1—Efficiency of electricity transportation.

1p—Charging efficiency of electric vehicles.
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3. Construction of the Model

3.1. Car Ownership LSSA-GRNN Forecasting Model
3.1.1. Analysis of Influencing Factors

When forecasting car ownership in Ningbo, we selected 10 indicators from the di-
mensions of socio-economics, population size, road resources, and public transportation.
Considering data availability, we compiled 20 years of data (2003—2022) for Ningbo, which
were obtained from the Ningbo Municipal Bureau of Statistics. Using Origin 2025 data
analysis software, we performed a Kendall correlation coefficient analysis on these 10 indi-
cators relative to car ownership, as illustrated in Figure 6. The results indicate that, among
the 10 selected indicators, per capita road area and the number of public transportation
vehicles per 10,000 people exhibit low Kendall correlation coefficient values, suggesting a
weak significance and minimal correlation with car ownership.
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Figure 6. The results of the correlation calculation of Kendall.

To further assess the driving effects of these influencing factors and determine the
degree of correlation with car ownership, grey correlation analysis was conducted using
SPSSPRO software (web version). The calculation results are shown in Figure 7. Based on
these results, the indicators, ranked in descending order of correlation with automobile
ownership, are as follows: rural per capita disposable income, total retail sales of social
consumer goods, gross regional product, urban per capita disposable income, number of
employed people, total resident population, number of public transportation vehicles per
10,000 people, urbanization rate, highway mileage, and per capita road area. In accordance
with the factor selection principle described in Section 2, the four indicators finally selected
as the input variables for the car ownership prediction model are rural per capita disposable
income, total retail sales of consumer goods, gross regional product, and urban per capita
disposable income.

3.1.2. Analysis of Projected Results

Prior to predicting car ownership in Ningbo, data preprocessing methods described
in Section 2 were applied to address missing values and to normalize the data, thereby
eliminating the influence of different data dimensions on the prediction results. Time series
cross-validation (TSCV) was used to partition the dataset, with 2003-2017 designated as
the initial training set and 2018 set as the first test year. In each subsequent round, the
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training set is incrementally expanded by adding data from one previous year, and the
test set is pushed backward one year so that the test period always spans two consecutive
years. For every round of training and prediction, the predicted car ownership in the test
set is recorded using various error metrics. To mitigate the influence of model prediction
fluctuations on the evaluation, each round is repeated 15 times, and the average of the
prediction results is taken as the final model output, thereby enhancing the stability and
reliability of the results.

Rural per capita disposable income 0.883

Total retail sales of consumer goods 0.843

Gross domestic product 0.837

Urban per capita disposable income 0.783

Number of employed persons 0.626

Number of permanent residents 0.597

Urbanization rate 0.589

0.589

Public transportation vehicles per 10,000 peopl

Road mileage 0.564

&
'S
3
N

Road area per capita

Figure 7. Ranking results of correlation values for grey correlation.

Figure 8 illustrates the prediction results of the model. Comparison of the training
set and test set results shows that the LSSA-GRNN model provides an excellent fit to the
historical data. During the training phase, the model’s predictions almost exactly coincide
with the actual values, with the overall trend being consistent and the error very small.
This outcome indicates that the model has a strong learning capacity for historical samples
and can effectively capture the nonlinear relationship between the input features and car
ownership. In the testing phase, although some deviations between the predicted and
actual values are observed, the overall trend remains the same with only minor fluctuations.
For individual years, some slight underestimation or overestimation occurs; however, these
errors fall within a reasonable range and no systematic bias is detected.
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Figure 8. Training results of LSSA-GRNN model.

To further validate the performance of the LSSA-GRNN model in predicting urban
car ownership, its results were compared with those of a traditional GRNN model and a
SSA-GRNN model. The prediction outcomes are summarized in Table 1 and illustrated
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in Figure 9. Table 1 reveals that the GRNN model consistently underestimates the fore-
cast values across different years—most notably, in 2018, where the prediction was only
2,192,600 vehicles compared with the actual 2,538,300 vehicles—indicating that this model
is prone to a forecast lag when handling time-series data. Although the SSA-GRNN model
improved prediction accuracy; it still tended to yield conservative estimates overall. In
contrast, the predictions generated by the LSSA-GRNN model exhibit high consistency
with the actual values for each year. As shown in Figure 8, the forecast curve produced
by the LSSA-GRNN model closely mirrors the observed trend, with a smoother and more
reasonable trajectory and minimal numerical error.

Table 1. Multi-model prediction results.

Year  Ture Value GRNN Predicted Value = SSA-GRNN Predicted Value LSSA-GRNN Predicted Value
2018 253.83 219.26 229.01 223.98
2019 277.02 241.53 253.09 257.60
2020 297.14 261.73 275.81 269.76
2021 316.58 283.30 296.72 297.08
2022 335.71 301.63 316.23 328.86
500
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Figure 9. Comparison of LSSA-GRNN, SSA-GRNN, and GRNN model predictions.
The RMSE values for the models are reported in Table 2. The GRNN model exhibits
an unusually high RMSE in 2022, suggesting instability in response to recent data changes.
Although the SSA-GRNN model remains stable from 2020 to 2022, its error levels remain
relatively high. Conversely, the LSSA-GRNN model consistently produces low RMSE
values across all years, showing a decreasing trend from 0.0645 in 2018 to 0.0287 in 2022.
These findings demonstrate that the LSSA-GRNN model outperforms both the GRNN
and SSA-GRNN models in terms of stability and generalization ability when handling
long-term time-series prediction tasks.
Table 2. Multi-model RMSE results.
Year Ture Value RMSE of GRNN RMSE of SSA-GRNN RMSE of LSSA-GRNN
2018 253.83 0.1337 0.9512 0.0645
2019 277.02 0.1243 0.08238 0.0616
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Table 2. Cont.

Year Ture Value RMSE of GRNN RMSE of SSA-GRNN RMSE of LSSA-GRNN
2020 297.14 0.1146 0.0704 0.0438
2021 316.58 0.1041 0.0617 0.0396
2022 335.71 0.0928 0.0489 0.0287
3.1.3. Projections for Future Years
The SARIMA time-series model was employed to forecast four key influencing factors
from 2023 to 2030, and the predicted values are presented in Table 3. These four factors
are then used as input variables for the car ownership prediction model. The trained
LSSA-GRNN model forecasts car ownership in Ningbo for the period 2023-2030, and the
results, shown in Figure 10, indicate that, while car ownership in Ningbo will continue to
increase, its growth rate is expected to slow compared with previous years.
Table 3. Prediction results for the 4 input characterization variables.
Urban per Capita Rural per Capita Disposable  Total Retail Sales of Consumer 11s
Year Disposable Income/Yuan Income/Yuan Goods/Billion Yuan GDP/Billion Yuan
2023 81,759.20 48,753.97 5347.27 17,068.20
2024 86,758.19 53,001.04 5768.46 18,700.41
2025 92,179.26 57,644.43 6228.92 20,454.93
2026 97,921.53 62,721.30 6727.62 22,386.43
2027 104,028.69 68,266.77 7266.56 24,500.67
2028 110,517.64 74,320.96 7848.69 26,814.84
2029 117,412.62 80,928.31 8474.03 29,347.67
2030 124,738.43 88,137.71 9152.03 32,119.80

45| —v— Car Ownership
—v— Car Ownership Forecasts

Car Ownership

2008 2010 2012 2014 2016 2018 2020 2022 2024 2026 2028 2030
Year

Figure 10. Projected results of car ownership in future years.

3.2. Urban Transport Carbon Emission Modeling
3.2.1. Structural Division of Carbon Emissions

Due to anticipated data fluctuations resulting from the implementation of time-limited
area restriction policies for various truck models in Ningbo, this study focuses solely on the
passenger transport system. Drawing on the LEAP model framework, the urban transport
carbon emission model is structured into four layers, as detailed in Table 4.
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Table 4. Segmentation of different vehicle carbon emission structures for urban transportation.

System Subsectors Terminal Equipment Consumption of Energy
s . Petrol
Individual transport Microbus Electricity
. Diesel
Medium and large buses Electricity
P Natural Gas
assenger transport Public Trams Diesel
Public transport Electricity
Petrol
Taxi Natural gas
Electricity
Railway Electricity

In the first layer, the passenger transport system is divided into two subsectors:
individual transport and public transport. Terminal equipment is classified according to
the China Motor Vehicle Classification Standard; within the passenger transport category,
vehicles are further subdivided into micro-small buses, medium-sized and large buses,
taxis, and buses. The model distinguishes fuel types—including petrol, diesel, natural gas,
and electricity—based on the energy source utilized by the terminal equipment.

3.2.2. Baseline Parameter Setting

For the base year (2022), the car ownership structure in Ningbo is dominated by
traditional fuel vehicles, despite a robust growth in new energy vehicles. Specifically,
gasoline-powered vehicles account for approximately 94.5% of micro-small buses, with
electric vehicles representing about 5.5%. In contrast, public buses in Ningbo have re-
sponded positively to national initiatives promoting new energy public transport, with
electric buses comprising roughly 73% of the fleet, natural gas buses around 11%, and
diesel buses about 16%. Among taxis, natural gas vehicles account for approximately 76%,
with electric vehicles and gasoline vehicles representing about 22% and 2%, respectively.
The 100 km energy consumption data for each vehicle model in Ningbo are obtained from
the China Automotive Energy Consumption data provided by the Ministry of Industry and
Information Technology (MIIT), and the average annual mileage is set according to statistics
from the Ningbo Transport Bureau, in conjunction with national transport sector statistics
and the ‘Provisions on Compulsory Motor Vehicle End-of-Life Standards’. Benchmark
parameters and required data for the modeling are shown in Table 5.

Table 5. Sectoral parameterization of automotive carbon emissions in the base year.

. . Ownershi Average Annual Ener o Energy Consumption
Terminal Equipment (Vehicles.)p Milegage (km) Consumgp);ion Fuel Share (%) gpyer 100 kmp
. Petrol 94.5 8.82 L/100 km
Microbus 2,891,345 12,222.88 Electricity 5.5 15.1 kw-h/100 km
Medium and large buses 35,546 43,333 El?clter iiilty 180 6 4?01(1;\//%1(}011(;511 km
Natural Gas 11 33.18 m3/100 km
Public Trams 9063 52,118.64 Diesel 16 30.2L/100 km
Electricity 73 64.5 kw-h/100 km
Petrol 76 16.45 m3 /100 km
Taxi 6135 79,198.43 Natural gas 2 8.62 L/100 km
Electricity 22 15.1 kw-h/100 km
Railway 1056 23,287 Electricity 100 184.33 kw-h/100 km
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Carbon dioxide emission factor calculation variables for gasoline, diesel, and natural
gas are derived from the ‘China Energy Statistics Yearbook 2022” and the ‘Guidelines for the
Preparation of Provincial Greenhouse Gas Inventories (Trial)’. In addition, carbon dioxide
emission factors for electric vehicles and power generation structure are obtained from the
‘Announcement on the Publication of Electricity CO, Emission Factors in 2022, while the
carbon dioxide emission factor for electric power is based on the average provincial CO,
emission factor for electric power in Zhejiang Province for 2022 (0.5153 kg CO,/kW-h).
The corresponding carbon dioxide emission factor parameters are detailed in Table 6.

Table 6. Carbon dioxide emission factors for different fuel types with associated parameters.

Carbon Content 1y o Carbon Dioxide Emission Factor
Fuel Type per Unit t C/GJ Carbon Oxidation Rate% Kg CO,/GJ or kg CO,/kW-h
Petrol 0.0189 98 67.92 kg CO,/GJ
Diesel 0.0202 98 72.64 kg CO,/G]
Natural Gas 0.0153 99 55.56 kg CO,/G]
Electricity / / 0.5153 kg CO, /kW-h

3.2.3. Scenario Design

To achieve carbon emission reduction targets in the transport sector, the Ningbo
municipal government has implemented a range of measures, including the promotion
of new energy vehicles, the accelerated retirement of older vehicles, the enhancement of
vehicle emission standards, the encouragement of public transport, and the optimization
of the overall transport structure. Building upon these initiatives, this study develops a
three-tier scenario framework to assess urban transport carbon emissions under varying
policy and technological conditions. As illustrated in Figure 11, the framework comprises
a baseline scenario (lower tier), an optimized emission reduction scenario (middle tier)
featuring multiple single-measure sub-scenarios, and an enhanced emission reduction
scenario (top tier) that combines comprehensive measures of varying intensities.

The
. No measures
baseline

scenario

The Optimised Promoting Public Transport

Emission : . .
Reduction Scenario 1ransforming the Automotive Energy Mix

The Enhanced
Emission Reduction Integrated Scenario
Scenario

Figure 11. Structural diagram of the three-level scenario design.

The Baseline Scenario serves as a reference case, assuming that car ownership and
usage patterns continue along historical trajectories without additional policy intervention.
Under this scenario, key parameters—such as vehicle type composition, fleet mix, average
annual mileage, and energy intensity—remain unchanged from the base year (2022).

The Optimized Emission Reduction Scenario builds upon the baseline scenario by
incorporating targeted sub-scenarios that adjust energy intensity, mileage, and vehicle
ownership structure. On one hand, the scenario promotes the development of public
transportation, encourages green travel behaviors among residents, increases the modal
share of public transit, and reduces the mileage of private vehicles, all of which contribute
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to emission reductions. On the other hand, since traditional fuel vehicles generate signif-
icantly higher carbon emissions than new energy vehicles, the scenario also emphasizes
the substitution of conventional vehicles with electric ones and improvements in energy
efficiency across all vehicle types. The sub-scenarios are designed as follows:

@ Promoting Public Transport I: The average annual mileage of individual transport is
reduced by 1% per year relative to the base year, while the average mileage of public
transport increases by 1% annually.

@  Promoting Public Transport II: The average annual mileage of individual transport
is reduced by 2% per year relative to the base year, with a corresponding 2% annual
increase in the average mileage of public transport.

@ Transforming the Automotive Energy Mix I: By 2025, all new vehicle sales in Ningbo
will be purely electric, and all public transport vehicles will transition to clean or new
energy sources. By 2030, the number of new energy vehicles will reach 800,000, with
100% electrification of public transport vehicles. Additionally, the energy intensity
of each vehicle type will be reduced by 1% annually from the base year level, in
alignment with national targets for automotive energy efficiency.

@ Transforming the Automotive Energy Mix II: By 2025, new energy vehicles will
constitute 20% of Ningbo's total vehicle stock, with complete electrification of public
transport. From the base year, energy intensity for all non-electric fuels will be reduced
by 1% annually, while the energy intensity of electricity will decline by 1.5% annually.
By 2030, all newly sold vehicles will be fully electric.

The Enhanced Emission Reduction Scenario integrates both public transport promo-
tion and vehicle energy mix transformation measures from the optimized scenario. It
proposes four composite sub-scenarios in which Ningbo not only prioritizes the expansion
of public transport and its modal share but also accelerates the adoption of new energy
vehicles and improves the energy efficiency of fuel-powered vehicles. These integrated
measures aim to facilitate low-carbon travel within the individual transport sector. The
detailed design of the integrated sub-scenarios is provided in Table 7.

Table 7. Comprehensive scenario design table.

Scenario Name Intensity of Measures to Promote Intensity of Measures to Change the Energy
Public Transport Mix of Vehicles
Integrated Scenario I Promoting Public Transport I Transforming the Automotive Energy Mix I
Integrated Scenario II Promoting Public Transport II Transforming the Automotive Energy Mix I
Integrated Scenario 11 Promoting Public Transport I Transforming the Automotive Energy Mix II
Integrated Scenario IV Promoting Public Transport II Transforming the Automotive Energy Mix II
4. Results

4.1. Analysis of Carbon Emission Results by Scenario

Figure 12 presents the total CO, emissions for each scenario. Under the baseline
and optimized low-carbon scenarios, none of the sub-scenarios achieve a carbon peak by
2030; however, the optimized low-carbon scenario exhibits a marked reduction in overall
emissions and a gradual decline in the annual growth rate. In contrast, all sub-scenarios
within the enhanced low-carbon scenario manage to reach peak carbon by 2025.

4.1.1. Baseline Scenario

In the Baseline Scenario (see Figure 13), no specific carbon reduction measures are
implemented, and as a result, CO; emissions continuously rise in tandem with increasing
car ownership and transportation demand in Ningbo. Initially, the increase in emissions
is relatively gradual; however, as economic development and urbanization accelerate,
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the growth rate of emissions notably increases in the middle to later stages. By 2030,
total emissions reach 11,239,100 tons—a 35.38% increase relative to 2020. Throughout this
period, passenger vehicles dominate emissions, with gasoline minibuses accounting for
approximately 84% of the total. Although bus emissions also increase, their growth rate is
slower, and their proportional contribution gradually declines. Large and medium-sized
buses display steady growth, while taxis and rail transit, despite having lower overall
emissions, exhibit an upward trend over the long term.
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Figure 12. Total vehicle carbon emissions per scenario.
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Figure 13. Carbon emissions by component in the Baseline Scenario.

4.1.2. Optimization of Low-Carbon Scenarios

Figure 14 illustrates the emissions under the optimized low-carbon scenario, which
comprises four sub-scenarios with varying intensities of emission reduction measures.
Overall, the optimized scenario successfully controls total carbon emissions, showing a
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significant downward trend compared to the baseline—particularly in the medium and
later stages. By 2030, emissions under the sub-scenarios for “Promoting Public Trans-
port I”, “Promoting Public Transport I1”, “Transforming Automobile Energy Structure 17,
and “Transforming Automobile Energy Structure II” are 10,527,300 tons, 9,867,400 tons,
8,881,300 tons, and 8,671,500 tons, respectively. While both types of measures contribute to
emission reductions, the scenarios based on transforming the automotive energy structure
are notably more effective, with some sub-scenarios even showing a negative growth trend
in emissions (e.g., a marked decline in emissions from gasoline minibuses). In contrast,
although the public transport promotion scenarios reduce emissions relative to the baseline,
their annual average emissions remain higher than those observed in the energy structure
transformation scenarios.
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Figure 14. Optimization of carbon emissions from each of the four sub-scenario components under
the low-carbon scenario.

4.1.3. Enhanced Low-Carbon Scenarios

Figure 15 shows the emissions for the Enhanced Low-Carbon Scenario, which inte-
grates both public transport improvements and automotive energy structure transforma-
tions. This comprehensive approach demonstrates the most pronounced effect in con-
trolling carbon emissions. Overall, emissions initially decline, and while Comprehensive
Scenarios I and II experience a period of slow increase followed by a year-on-year decline,
Comprehensive Scenarios III and IV exhibit a consistent annual decrease. By 2030, the total
emissions for Comprehensive Scenarios I, I, III, and IV are 8,258,000 tons, 7,771,400 tons,
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8,008,000 tons, and 7,480,900 tons, respectively—representing reductions of up to 26.52%
and an absolute decrease of 308,900 tons compared to the baseline.
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Figure 15. Carbon emissions from each of the four sub-scenario components under the enhanced
low-carbon scenario.

Examining individual transport modes, passenger vehicles—traditionally a major con-
tributor to carbon emissions—show significant reductions under strengthened low-carbon
measures. The aggressive promotion of new energy vehicles, tighter control over private
vehicle travel intensity, and increased electrification have considerably lowered emissions
from private cars. Meanwhile, the bus subsystem experiences substantial emission reduc-
tions, with public transport buses nearing zero emissions due to widespread adoption of
clean energy. Emissions from large and medium-sized buses stabilize and slightly decline
over time as energy efficiency improves and new energy buses gradually replace older,
fuel-based models. Although taxi emissions are relatively small, they also show a slight
downward trend driven by the uptake of new energy vehicles and greater public transport
adoption. Conversely, as residents increasingly rely on rail transit, its emissions exhibit an
upward trend, reflecting the comprehensive implementation of low-carbon policies across
the transportation system.
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4.2. Sub-Scenario Carbon Reduction Potential Analysis

Figure 16 compares the carbon reduction capacities of the various scenarios. In the
optimized low-carbon scenario, the sub-scenarios that focus solely on public transport pro-
motion achieve moderate annual carbon reductions of 30,600 tons and 59,700 tons by 2030.
In contrast, scenarios that emphasize transforming the automotive energy structure yield an
annual carbon reduction of approximately 25,000 tons by 2030. The enhanced carbon reduc-
tion scenario, which combines these measures, results in a significantly greater reduction
effect. For example, Comprehensive Scenario I, which integrates “Promoting Public Trans-
port I” with “Transforming Automobile Energy Structure 17, achieves a fivefold increase in
carbon reduction compared to public transport measures alone, while Comprehensive Sce-
nario II contributes to a 30% reduction in total emissions by 2030. Comprehensive Scenario
IV, which simultaneously implements multiple aggressive measures—including accelerated
vehicle upgrading, increased electrification, and promotion of green travel—achieves an
annual reduction of approximately 38,000 tons.
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Figure 16. Map of carbon reduction capacity in different years for each scenario.

In summary, the integrated approaches represented by Comprehensive Scenarios IV
and II offer the greatest potential for carbon emission reduction, followed by Comprehen-
sive Scenarios IIl and I, and then the standalone automotive energy structure transformation
scenarios. Although public transport promotion has a relatively smaller quantitative impact,
it serves as a crucial auxiliary measure. Consequently, future strategies in Ningbo should
emphasize technological innovation to reduce unit energy consumption, enforce stringent
vehicle emission standards, increase public transport frequency and attractiveness, and
promote a shift from private to new energy transportation. These concerted efforts will help
transform the urban transportation system toward a more sustainable, low-carbon future.

5. Conclusions

By analyzing the carbon dioxide emission factors specific to Ningbo, we calculated the
CO; emissions in the passenger transport sector from 2022 to 2030, using 2022 as the base
year and incorporating forecast retention data under multiple scenarios. The calculation
results indicate that

(1) Under the Baseline Scenario, Ningbo will not achieve carbon peaking in the transport
sector by 2030, with annual emissions rising to 11,239,100 tonnes.

(2) Under the Optimized Low-Carbon Scenario, the implementation of targeted carbon
reduction measures leads to reduced emissions. Within this scenario, the sub-scenario
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that promotes public transport exhibits a lower potential for reducing carbon emis-
sions, reaching 9,867,400 tonnes in 2030 and yielding an annual reduction of up to
13,700 tonnes. In contrast, the sub-scenario focusing on transforming the automotive
energy structure shows stronger emission reduction potential, with 2030 emissions
estimated at no more than 8,671,500 tonnes and achieving a reduction of 14,400 tonnes
in 2025. Despite its higher potential, the energy structure transformation measures
face challenges related to the widespread adoption of new energy vehicles and en-
hancing the performance of conventional vehicles. Notably, none of the scenarios
achieve carbon peaking by 2030.

(3) Under the Enhanced Low-Carbon Scenario, which integrates and intensifies measures
from the optimized low-carbon scenario, the overall emission reduction effect is more
pronounced. In this integrated scenario, the maximum total carbon emissions in 2030
are projected to be 8,258,000 tonnes, with annual emission reductions ranging from
29,800 to 37,600 tonnes, signifying a significant improvement over the other scenarios.

It is noteworthy that the car ownership prediction model was validated against
Ningbo’s statistical data; the predicted trends generally align with observed patterns,
and the conclusions appear to be fundamentally sound. However, the limited sample size
constrains the model’s generalization ability. With richer data and further model refine-
ments, prediction accuracy and the precision of subsequent analyses could be significantly
enhanced. Moreover, due to data limitations and concerns about related traffic policies, our
analysis focused solely on the passenger transport system; the vehicle data for Ningbo’s
freight system were unavailable, and its contribution to overall carbon emissions was
not evaluated. This limitation may lead to some discrepancies between our calculated
emissions and the actual total urban traffic emissions. Future research should incorporate a
comprehensive analysis that includes the freight system to more accurately evaluate the
full potential for carbon emission reduction in Ningbo’s urban transportation.
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Nomenclature

Symbols Significance of Symbol

Xu Sample data column of Kendall correlation coefficient
Y, Sample data column of Kendall correlation coefficient
(X;,Y:) Pairwise dataset of Kendall correlation coefficient
T Kendall correlation coefficient value
Aj A Factor Data Series in Grey Relational Analysis.

Ap A reference data sequence
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Abbreviations

LSSA
GRNN
LSSA-GRNN

if

LEAP
SSA-GRNN
RDD

BLR

SR

NE-SR
PCA
GM(1,1)
MLP

A comparison data sequence.

Discriminant coefficients in grey relational analysis
Correlation coefficient of grey correlation analysis

Value of grey relational analysis

The min—-max normalized original data value

Min-Max Normalizes the minimum value of the original data.
Min-Max Normalizes the maximum value of the original data.
The min—-max normalized data value

Input data of GRNN model

Output data of GRNN model

The output at node i

Smoothing factor of GRNN model

Transfer function of GRNN arithmetic summation neuron
Transfer function of GRNN weighted summation neurons
Sparrow population

Fitness of sparrow population

Fitness of each sparrow

Maximum number of iterations

Vigilance values of sparrow population

Safety values of sparrow population

The worst search position of the iterative process

The best search position of the iterative process

The best fitness value for this iterative process

The worst fitness value for this iterative process.

The current fitness value of this iterative process

A step control parameter

A random step size

Total CO, emissions from conventional fuel vehicles
Number of vehicles of type i models using type j energy

Average consumption per unit kilometer for the i model of vehicle using the j

energy source
Average annual mileage of the i model using the j energy source
Carbon dioxide emission factor of the j energy source

Carbon dioxide emissions from electric vehicles

Number of Type i electric vehicles

Average consumption per unit kilometer of type i electric vehicles
Average annual mileage of Type i electric vehicles

Carbon dioxide emission factor of electric power

Efficiency of electricity transportation

Charging efficiency of electric vehicles

Full Form

Lévy-flight-enhanced Sparrow Search Algorithm

Generalized Regression Neural Network

Levy flight-improved Sparrow Search Algorithm optimized Generalized

Regression Neural Network
Long-range Energy Alternatives Planning System

Sparrow Search Algorithm optimized Generalized Regression Neural Network

Regression Discontinuity Design
Binary Logistic Regression

Symbolic Regression

Novel Equation Symbolic Regression
Principal Components Analysis
Grey models

Multilayer Perceptron
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LCA Life Cycle Assessment

EKC Environmental Kuznets Curve
MEFD Macro Fundamental Diagram
TSCV Time Series Cross-Validation

SEI Stockholm Environment Institute
BRI Boston Research Institute
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