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ABSTRACT With global warming and escalating environmental pressures, low-carbon development has
become a consensus. Against this backdrop, this study proposes an innovative method for calculating the
carbon emissions from electric traction of high-speed trains. Utilizing reverse power flow tracing technology,
the method precisely determines the supply structure of high-speed railway traction stations, where the
carbon emission factors of electricity vary at different times and locations due to changes in power grid
dispatching and supply mix. This approach facilitates the construction of a finely-tuned dynamic model
of carbon emission factors at the provincial, municipal, and traction station levels to calculate the carbon
emissions from high-speed railway electric traction. Based on this model, the study conducts time-segmented
calculations of carbon emissions, comprehensively capturing the dynamics of carbon emissions during the
electric traction process of high-speed railways. A lateral comparison with traditional modes of travel, such
as cars and airplanes, reveals that high-speed railways have a significant advantage in terms of per capita
carbon emissions, furthering the scientific basis for promoting high-speed railways as a green mode of travel.
In fact, empirical analysis results show that this method can accurately quantify the carbon emissions during
the electric traction phase of high-speed railway operations, providing decision support for train operators
to optimize their operational strategies, and offering passengers reference information for making more
environmentally-friendly travel choices.

INDEX TERMS Low-carbon development, reverse power flow tracing technology, dynamic electricity
carbon emission factors, electric train traction carbon emissions, green travel.

I. INTRODUCTION
In September 2020, President Xi Jinping announced at the
75th session of the United Nations General Assembly that
‘‘China will enhance its nationally determined contributions,
adopt more vigorous policies and measures, and aim to peak
carbon dioxide emissions before 2030 and achieve carbon
neutrality before 2060’’ [1]. According to data from the Inter-
national Energy Agency, the total global carbon emissions
from fossil energy exceeded 37 billion tons in 2021 [2],
[3], and from a sectoral perspective, the transportation sector
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accounts for roughly 16.2%-25% of global carbon emis-
sions [4]. Studies have indicated that the carbon emissions
from China’s transportation sector account for approximately
7.6%-11% of the country’s total emissions [5], [6], [7]. High-
speed rail (hereinafter referred to as ‘‘HSR’’), as a fast,
efficient, and eco-friendly mode of transportation, has signif-
icant advantages in reducing carbon emissions and improving
transportation efficiency. Research on HSR carbon emis-
sions helps to promote low-carbon development planning in
China’s transportation industry.

Domestic and international scholars have generally cate-
gorized the calculation of high-speed rail carbon emissions
into two types: one adopts the construction of models using
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carbon emission factors, or calculates the carbon emissions of
the entire train journey based on the life cycle theory of train
operation; the other constructs segmented models to calculate
carbon emissions at each stage. Reference [8] conducted
a study on the CO2 emissions of China’s transportation
industry and various modes of transportation including high-
speed rail, analyzing and comparing the carbon emission
structure of China’s transportation industry and the carbon
emission intensity of different modes of transportation, with
high-speed rail emissions being relatively low. Reference [9]
examined motor vehicles within urban transportation modes,
where a calculation model for carbon dioxide emissions from
rail transit was established, which can be expanded to high-
speed rail. Investigated the energy consumption patterns,
mode energy efficiency, and carbon dioxide emissions of
private and public transport in 84 cities worldwide; their
survey results can provide guidance for our research on
the energy consumption and emissions of high-speed rail.
Reference [10] conducted a preliminary analysis of the urban
transportation characteristics, energy use, and greenhouse
gas emissions of different cities in China. Reference [11]
compiled high-speed rail energy consumption from aspects
such as mileage and traction methods, comparing carbon
emissions of transportation modes such as airplanes and
high-speed rail, with high-speed rail being the lowest. Ref-
erence [12] suggests that the opening of high-speed rail
significantly reduces the carbon emission intensity of cities
along its route, with regional heterogeneity, with its car-
bon reduction effects being notable in cities in central and
western China. Reference [13] argues that the opening of
high-speed rail not only reduces carbon emissions in that
city but also reduces those of neighboring cities through
spatial technological spillover effects. Reference [14] com-
pared the carbon emissions of electric locomotives versus fuel
locomotives, concluding that electric traction offers a clear
reduction in emissions. A series of studies have conducted
life cycle assessments on high-speed rail carbon emissions.
References [15], [16], [17] view that most railway system
emissions come from the construction phase, due to the use
of large quantities of construction materials and high-energy
construction machinery, followed by the operational phase;
Reference [18] considers that the operation and maintenance
phase has the most significant emissions; Reference [16]
created an environmental life cycle assessment to evaluate
automobile, heavy rail, and aviation transport, highlighting
that high-speed rail could reduce energy consumption and
greenhouse gas emissions per trip, but may produce more sul-
fur dioxide emissions. Reference [19] compared high-speed
rail’s energy use and pollution emissions within a life cycle
framework, discovering that carbon emissions and energy
consumption are primarily from the construction, operation
and maintenance phases. References [20], [21], and [22],
all based on Reference [23], propose a calculation model
based on traction work. The energy consumption of each train
section is calculated by determining the distance and average
speed between platforms.

In summary, current research mainly focuses on calcu-
lating the total line-route carbon emissions of trains, using
international unified carbon emission factors when calculat-
ing carbon emissions. However, there is still a research gap
regarding the calculation of train carbon emissions for indi-
vidual operating segments, with only a few scholars studying
train energy consumption per segment. Moreover, the preci-
sion of high-speed rail (HSR) carbon emission calculations
is low, which is increasingly not meeting the requirements
for accurate carbon accounting and is not conducive to
low-carbon development and planning in the transportation
sector. The primary electricity consumption in HSR operation
comes from locomotive traction, and the proportion of clean
energy in the electricity directly relates to carbon emissions
from the power system. China’s power energy structure is
still mainly based on fossil fuels as the primary source of
electricity generation, resulting in relatively high indirect car-
bon emission coefficients [24], [25]. Since HSR operations
depend on the electricity system, this paper combines the
‘‘carbon emission flow’’ theory of the power system [26],
[27], [28] and proposes a method for calculating HSR elec-
tric traction carbon emissions based on dynamic electricity
emission factors. By constructing a reverse grid power flow
tracing method and dynamic electric power emission factor
calculation method, we calculate carbon emissions for an
entire train journey and for each operational segment of every
trip.

This paper makes three primary contributions:
1)Proposing a reverse tracing method based on the existing

‘‘carbon flow theory’’ and applying this method to calculate
the power carbon emission factors of HSR electricity traction
stations, which saves calculation time for carbon flows.

2)Proposing methods for calculating power traction carbon
emissions for HSR segments, train traction carbon emissions,
and per capita traction carbon emissions, realizing accurate
calculation of HSR traction carbon emissions from different
perspectives.

3)Utilizing the advantages of electric power big data, this
paper integrates electric power big data with transportation
data and validates the model with real data, laying the foun-
dation for future research.

This paper firstly introduces the overall calculation
method, then separately presents the method for calculat-
ing power carbon emission factors for HSR based on the
improved carbon flow model, the methods for calculating
HSR segment, train, and per capita electric traction carbon
emissions, and finally validates the model using data from an
actual HSR line.

II. HIGH-SPEED RAIL ELECTRIC TRACTION CARBON
EMISSION CALCULATION MODEL
A. MODEL OVERVIEW
This paper presents a calculation model for carbon emissions
generated by electric traction during the operation of high-
speed rail, which is mainly produced by the electricity driving
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FIGURE 1. Algorithm overall flowchart.

the high-speed trains, called indirect carbon emission. This
electricity primarily comes from electric traction stations
along the high-speed rail line. The overall thinking of this
method is to trace the power sources of the high-speed rail’s
electric traction stations in the power grid system to calculate
their electricity carbon emission factors. Then, the carbon
emissions are calculated based on the power consumption and
the duration of the high-speed rail operation, as well as the
distance traveled. The overall process of this method is shown
in Figure 1.

In this method, the key of the carbon emission factor calcu-
lation is the electric traction stations. In this step, the ‘‘carbon
flow theory’’ is adopted. By calculating the electricity carbon
emission factor of electric traction stations, the calculation
can be precise to hourly level under the condition of sufficient
data. For certain sections where data is not obtainable, it is
suggested to use the electricity carbon emission factor of
the city’s electric traction station. If a city-level factor is not
available, then a provincial-level or even a national electricity
carbon emission factor can be used as a substitute. Clearly,
using a larger regional electricity carbon emission factor
cannot guarantee the accuracy of the calculation. Currently,
provincial electricity carbon emission factors can be calcu-
lated monthly through data from the power grid companies,
while national factors are issued annually by the Ministry of

Ecology and Environment, using for the calculation of indi-
rect carbon emissions in the carbonmarket. As for high-speed
rail, the duration of a single trip rarely exceeds 24 hours, using
carbon emission factors with coarser granularity may lead to
an error of 10% to 30% [27].

B. CONSTRUCTION OF STATION AND ROUTE COLLECTION
References [28], [29] provide the basic model and definition
of carbon flow. The main principle of carbon flow theory is
using the adjacency property in the calculation of node carbon
potentials. By consecutively querying nodes with unknown
carbon potential and through several iterations of recursion,
the carbon potential of all nodes in the system can be deter-
mined, which then reveals the distribution of carbon emission
flows. This method requires the information of all plants and
lines in the region, and construct the power grid topology
graph. Trace forward from the power plant to track the carbon
emissions transmitted with the current to the user. To calcu-
late the electricity carbon emission factor for high-speed rail
sections, it is only necessary to know the carbon emission
factor of the electric traction stations, without the need to
acquire information of all the plants on the railway passing
line. According to ‘‘carbon flow theory,’’ the electric power
carbon emission factor of each station is related to the active
input of the connected unit and other stations, but not related
to the active output. Therefore, in the calculation process, one
can utilize the natural directed graph characteristics of the
power grid and employ reverse graph search algorithms to
obtain the plants that can affect the carbon emission factor
of the electric traction stations. This method simplifies the
algorithm, allowing to use both depth-first and breadth-first
search algorithms. As shown in Figure 2, this paper adopts
the reverse tracking approach to track the plants with a power
supply relationship to the electric traction stations and builds
the related plant collection.

The search algorithm makes the electric traction station s1
as the starting point S = {s1} and performs reverse load flow
track, which is a backward search. Taking a depth-first search
as an example, following the direction of the input power,
the algorithm retrieves the next plant node. If this node S
already exists in the set, it indicates that there is a loop in
the search process, then stop searching and backtrack to the
previous node, and change the input line route for the reverse
search. If the node S does not exist in the set, it is added
to S. If the node has no input lines, it indicates that it is a
power generation plant. The algorithm then backtracks to the
previous node and changes the input line route for reverse
searching. Otherwise, the algorithm selects one input line to
continue the search for the next node. The specific search
details are as follows:

The search process is illustrated in Figure 3.
After completing the construction of the station node col-

lection S, the set of lines L should be constructed, meaning all
lines connected to every power grid node within S should be
added to L. Using S and L, a directed graph of the power grid
that affects the electric traction stations can be built, where the
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FIGURE 2. Schematic diagram of reverse searching.

Algorithm 1 Reverse Load Flow Tracking
Input: Node T representing the electric traction station as the
starting point
Output: The traced path P from electric traction station T

1 Initialize an empty set named searched
2 Initialize an empty stack named stack
3 Push the node traction_station onto stack
4 while stack is not empty do
5 current← top element of stack
6 if current is not in searched then
7 Add current to searched
8 next_nodes← GetAllInputNodes(current)
9 if next_nodes is empty then
10 Pop the top element from stack
11 else
12 for each node next in next_nodes do
13 if next is not in searched then
14 Push next onto stack
15 else
16 Pop the top element from stack
17 Convert searched into a list named Path
18 return Path

weight of the edges in the graph represents the active power
on the lines.

For power plants in the collection S, clear attributes must
be defined, specifically the type of generation units. Based
on different categories of units, one should select the types
of generating units connected to each plant and their cor-
responding power generation carbon emission factors εm,
where m representing the type of the generation unit. The
electrical carbon emission factors could be derived from

FIGURE 3. Reverse search process flowchart.

the IPCC’s default power generation carbon emission fac-
tors [30], or from the unit carbon emission quota factors
periodically released by the Ministry of Ecology and Envi-
ronment [31]. A more accurate method is to calculate by the
power plant data according to the power generation carbon
emission calculation standards.

C. CALCULATION OF ELECTRICITY CARBON EMISSION
FACTORS FOR ELECTRIC TRACTION STATIONS
Based on the ‘‘carbon flow theory,’’ carbon emissions from
the generation side can be transmitted to the consumption side
through the power grid’s load flow. Taking a load flow section
at a certain time t as an example, to calculate the electricity
carbon emission factors for each node, it is necessary to
establish a carbon flow balance equation for every power grid
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statio.

Ci +
∑
j

Pj,iλj =

Ei +∑
j

Pj,i

λi (1)

In this equation, Ei represents the electricity generated
by the generating units connected to the node. If there are
multiple types of units connected to the same node, and the
generating electricity of each type of unit is Ei,m, then there
appears Ei =

∑
m
Ei,m. Ci represents the carbon emissions

produced by the electricity generation of the units connected
to the node, which can be expressed as follows:

Ci =
∑
m

Ei,mεm (2)

Let Pj,i represent the amount of electricity input from node
i to node j, then let λi and λj represent the electricity carbon
emission factors of nodes i and j respectively. By combining
the carbon flow balance equations of each node, we have the
following system of equations:

Mλ = C (3)

where the flow information matrixM is formed based on the
collection S, L and the power grid load flow, its composition
is as follows:

M = E− P + diag(Pξ ) (4)

where, if the number of elements in collection S is N , then
we have:

E =

E1 · · · 0
...

. . .
...

0 · · · EN

 ,

P =


0 P2,1 · · · PN ,1

P1,2 0
... PN ,2

...
...

. . .
...

P1,N P2,N · · · 0

 ,

λ = [λ1, · · · , λN ]T

as well as

C = [C1, · · · ,CN ]T .

Additionally, in the equation, ξ represents an N dimen-
sional column vector where all elements are 1. By using the
formula to solve λ, we have:

λ = M−1C (5)

λ contains the electricity carbon emission factors of all the
power stations in S. If we set the electric traction station as
the first power station, then the carbon emission factor for that
electric traction station can be represented as followsµ = λ1.
The above is an explanation for the load flow section of

a single electric traction station at a specific time period t .
If one were to calculate multiple sections, it would be neces-
sary to add the subscript t to the following variables: If there

are K electric traction stations in the railway, this method can
be used to determine the electricity carbon emission factors{
µ1,t , · · · , µK ,t

}
for all traction stations at every moment t .

If the data for the province where the electric traction
station is located does not support carbon flow calculation,
it may be considered to use the provincial electricity carbon
emission factor as a substitute. The method for calculating
the provincial electricity carbon emission factor can follow
the approach proposed in reference [32].

D. SEGMENTATION OF HIGH-SPEED RAIL SECTIONS AND
LABELLING OF SECTIONAL CARBON EMISSION FACTORS
High-speed rail sections are divided according to the range of
electric power delivered by the electric traction stations, typ-
ically using an equal division method, as shown in Figure 4.
If an electric traction station cannot calculate its electricity
carbon emission factor due to missing data, a regional factor
is used, such as the fourth electric traction station shown in
Figure 4, which uses the provincial electricity carbon emis-
sion factor 3B of Province B as the carbon emission factor
for that section.

If a section spans multiple provinces, it is still labeled
according to the electricity carbon emission factor of the
electric traction station supplying power to the section. If the
electricity consumption of the section supplied by the k-th
electric traction station during the time period t is Ek,t , which
can be obtained from the load data of the electric traction
station, then the carbon emissions generated by the electricity
of this section at this moment would be:

Crk,t = Ek,tµk,t (6)

By summing up the carbon emissions of all sections, the
total carbon emissions for the entire route at time t can
be obtained. This article focuses on the electricity carbon
emissions associated with train services, where the carbon
emissions generated by a train service are related to the
energy consumption of the train; in turn, the train’s energy
consumption is related to its speed and the duration of
operation.

E. SEGMENTATION OF HIGH-SPEED TRAIN ENERGY
CONSUMPTION CALCULATION
Using the aforementioned factors, the carbon emissions of
the train can be calculated according to the sections divided
by the electric traction stations. The sections are determined
based on the electric traction stations, and the train’s aver-
age velocity is estimated according to the train timetable.
From the average velocity, the power consumption of the
high-speed train on that section can be calculated. Depending
on the frequency of collection of the load flow sections, the
electricity carbon emission factors for each section will vary
over time, with updates that can be as frequent as every
15 minutes. This paper uses hourly-level electricity carbon
emission factors. By multiplying the section’s factor by the
energy consumption of the train during its operation on the
section, the carbon emissions can be obtained.
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FIGURE 4. Schematic illustration of carbon emission factor labeling for
high-speed rail sections.

Reference [33] provides different equations for train
energy consumption and suggests that energy consumption
during the traction phase is directly proportional to the square
of the velocity. This paper calculates energy consumption by
segmenting the route, converting the general equation into an
equation for energy consumption for each segment, as shown
in the below equation. In this equation, wr,p,q represents the
energy consumption per ton per kilometer for train service r
on the segment between stations p and q, with the unit being
KJ/t ·km−1. vr,p,q represents the average velocity of the train
on the segment, and Lp,q represents the distance between p
and q. The parameters α and β need to be determined through
fitting.

wr,p,q = α
v2r,p,q
ln(Lp,q)

+ β (7)

Based on the train timetable provided by the 12306 app,
the average running speed of the train on each segment is
calculated. The model of the train commonly used on the
railway line studied in this article is predominantly CRH5.
Typically, the passenger load of high-speed trains accounts
for about 10% of the train’s own weight [34]. With the CRH5
having a tare weight of 500 tons and a full load weight of
550 tons, the energy consumption wr,p,q is converted into
electricity consumption Er,p,q by the following formula.

Er,p,q = θwr,p,qMrLp,q (8)

whereM is the weight of the train after passenger load, and θ

is the conversion factor from kilo-joules to megawatt-hours,
with a value of 2.777778e-7. Usually, the distance between
stations p and q is considerable, requiring multiple electric
traction stations for power supply. If the length of the power
supply section provided by each electric traction station is lk ,
then the energy consumption of the train passing through each
jurisdictional section is given by the following equation.

qr,k =
lk
Lp,q

Er,p,q (9)

For the railway sections under the jurisdiction of the elec-
tric traction stations at train stations p and q, it is only
necessary to calculate the range of the supplied sections
between the stations.

F. CALCULATION OF HIGH-SPEED TRAIN SERVICES AND
PER CAPITA CARBON EMISSIONS
The carbon emission factor for the power-supply section of
the electric traction station is consistent with the carbon emis-
sion factor of the electric traction station itself. The carbon
emissions for the section equal the section’s carbon emission
factor multiplied by the high-speed train’s electricity con-
sumption. Suppose the k-th electric traction station of the
railway line is responsible for section lk ; then the carbon
emissions clr,t,k due to traction of train service r on this
section during period t is as follows:

clr,k = µt,kqr,k (10)

The supply range of the electric traction station typically
spans 40-50 km. For hourly carbon emission factors, based
on the speed of the high-speed train, the carbon emission
factor at the moment when the train enters the section can
be selected for calculation. Usually, when the train service
r is determined, the time for each section can be estimated
according to the train timetable, hence the subscript t can be
omitted.

Based on the above equation (10), calculating the traction
carbon emissions of the train for a certain period and on a
certain section. By summing the carbon emissions from the
power supply sections of each electric traction station, the
total traction-generated carbon emissions of train r during its
operation on that route can be obtained:

clr =
k∑
0

clr,k (11)

This paper calculates the per capita carbon emissions clr of
the high-speed train by dividing the train’s carbon emissions
by the number of full-load passengers nr . The data on the
full passenger capacity is obtained from the 12306 ticketing
system.

clr =
clr
nr

(12)

III. EMPIRICAL ANALYSIS
A. CALCULATION OF CARBON EMISSIONS FROM A
HIGH-SPEED RAIL ELECTRIC TRACTION STATION IN
NORTH CHINA
Taking the JZ high-speed rail line in North China as an
example, the JZ high-speed rail route is powered by 6 traction
stations, namely BJB,QH, BDLX, XBA, XBY, and ZJKN
electric traction stations. The total distance of the route is
174km, with an approximate running time of 1.05 hours. The
distances between sections are lQH,. . . . . . , lZJKN. By applying
the reverse load flow tracking method, the related power
plants are identified and incorporated along with the power
grid’s active load flow data and the electricity carbon emis-
sion factors calculated by the model, to compute the carbon
emissions of the electric traction stations. The coefficients for
calculating the energy consumption of each train operation
stage are based on the fitted coefficients when the station
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FIGURE 5. Diagram illustrating 24-hour carbon factor variation of traction
stations.

FIGURE 6. Diagram illustrating changes in train carbon emissions
between 6 AM and 8 PM.

distance lk is less than 100 km as given in [35], with α =

−0.00582 and β = 119.862.
Figure 5 shows the 24-hour variation trend of the electricity

carbon emission factors for the XBA, XBY, and QH traction
stations. According to the data in the figure, it can be observed
that from 8 to 17 o’clock, due to the significant output from
wind and solar energy during these hours, the electricity
carbon emission factors noticeably decrease.

The JZ high-speed rail runs its first and last trains of the day
at 06:05 and 20:58 respectively. Figure 6 displays the carbon
emissions corresponding to each train at different operating
times. The results show that the carbon emissions produced
by trains at different times vary, and traveling by train can be
chosen based on the carbon emissions at different times.

Selecting six trains from different time periods, Table 1
provides detailed insight into basic information of each train
such as model type, passenger capacity, departure time,
sections traveled, and supplying traction stations, as well
as calculated data including detailed carbon emissions by

TABLE 1. Comparison of high-speed rail carbon emissions at different
times and sections.

TABLE 2. Direct train electricity consumption and carbon emissions.

traction station, total carbon emissions per trip, and per capita
carbon emissions per trip. The carbon emissions for the six
trains are respectively 1.3017 t, 1.1704 t, 1.2584 t, 1.1553 t,
1.1813 t, and 1.4823 t. For trains G2∗∗3 and G2∗∗5, which
have the same model type, full capacity, and stop at the same
stations, the carbon emissions calculated for each traction
station and the per capita carbon emissions differ due to
variation in the carbon emission factors at different departure
times, thereby demonstrating that the variations in carbon
emissions between trains of the same model, following the
same stopping pattern, at different times, are due to differ-
ences in the electric power carbon emission factors of the
traction stations. Observing the other four trains’ data, it is
found that D1∗∗3 and D∗∗∗3 trains have relatively higher
energy consumption compared to other trains. This difference
is attributed to the fact that they stop at more stations and their
traction station carbon factors are relatively higher compared
to other trains. Therefore, the conclusion is drawn that in
terms of the total carbon emissions for an entire train journey,
once the impact of the high-speed train information itself is
excluded, the main determinants in calculating high-speed
train carbon emissions currently are the changes in train
traveling speed and carbon emission factors.

The aforementioned conclusion is drawn from an analysis
of the entire train journey. Next, an in-depth analysis of
carbon emissions from each running section of the train and
the main influencing factors of the emissions is conducted.
First, all the trains within a day are classified by whether they
have the same stopping stations, resulting in four categories:
non-stop, one stopping station, two stopping stations, and
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TABLE 3. One-stop train electricity consumption and carbon emissions.

TABLE 4. Two-stop train electricity consumption and carbon emissions.

multiple stopping stations, with the latter category referring
to those trains with more than two stopping stations that all
differ.

Table 2 shows the power consumption and carbon emis-
sions of non-stop trains. Trains G2∗∗3 and G2∗∗5 have the
same running distance, stopping stations, and model type, but
different power consumption. The reason for this is that these
trains have different operating durations, leading to variations
in travel speed, which then results in different calculated
carbon emissions.

Table 3 presents the electricity consumption and carbon
emissions of trains with one intermediate stopping station
for each segment of their journey. Trains G2∗∗7, G2∗∗3,
G2∗∗5, and G2∗∗7 have the same traveling distances on the
BJB-QH and QH-ZJK sections, the same operating durations
for each segment, and the same train models, which results in
identical calculated electricity consumptions. However, the
carbon emissions of these four trains are all different. This
is because each operational segment is powered by different

TABLE 5. Multi-stop trai electricity consumption and carbon emissions.

traction stations, and each electric traction station has a dif-
ferent electric power carbon emission factor. The data for
trains G2∗∗5 and G2∗∗1 in Table 4 also confirm this: when
the train model, stopping stations, and operating durations for
each section are the same, their power consumption remains
the same, and the differences in carbon emissions are due to
the varying electric power carbon emission factors at each
traction station.

Table 5 shows the electricity consumption and carbon
emissions for each segment of the journey for trains with
multiple stopping stations. The data in the table indicates that
the stopping stations differ among the five trains, but they all
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TABLE 6. The electricity consumption of each traction station at different
times.

include the BJB-QH section. In this section, when the oper-
ating duration is 0.20 hours, the electricity consumption is
consistently 0.18910 MWh, and when the operating duration
is 0.22 hours, the electricity consumption is 0.19092 MWh.

Tables 2-5 all confirm that when the train’s tare weight,
stopping stations, and operating duration are consistent, the
main determinant of its carbon emissions is the electric power
carbon emission factor of the traction stations. Therefore,
accurate calculation of the electric power carbon emission
factor is particularly important.

Figure 7 shows the proportion of carbon emissions in
different segments for trains, indicating that the energy con-
sumption shares are almost consistent across segments for
trains that stop at the same stations, such as G2∗∗7, G2∗∗1
and G2∗∗3, G2∗∗5 trains. There are also variations in corre-
sponding proportions for trains stopping at different stations,
such as the D1∗∗7 and D6∗∗3 trains.
Next, we analyze the structure and trends of train power

consumption and carbon emissions from the perspective of
traction stations.

Table 6 shows the electric energy consumption of various
trains at different stations. The electricity consumption at
each traction station varies slightly, mainly because the train’s
electricity consumption is related to its own weight, running
duration, and the number of stops it makes. For the trains
departing at 7:03, 9:19, 10:20, 11:10, and 16:05, which all
have the same stops, their electricity consumption is virtually
the same. The difference in the 9:19 train from the other four
is due to its different running duration.

FIGURE 7. Carbon emission proportions for trains in each segment.

Figures 8 and 9 analyze the structure and trends of train
carbon emissions from the perspective of traction stations.
Figure 8 demonstrates the carbon emission share of each
traction station at different departure times, while Figure 9
shows the carbon emissions of each traction station at these
times. The results displayed in the figures indicate that due
to different departure times, there is variability in the carbon
emissions from the six traction stations. Figure 8 reveals a
very stable ranking in the proportion of emissions from the
six traction stations per journey, from largest to smallest:
XBA, BDLX, QH, XBY, ZJKN, and BJB. The reason that
BJB and ZJKN stations have the smallest carbon emissions is
that these two stations act as the initiating and final supplying
traction stations, respectively, with shorter supply distances.
Figure 9 illustrates that there are differences in carbon emis-
sions from the traction stations at different times, with BDLX,
XBY, and ZJKN showing more noticeably fluctuating trends,
due to changes in the proportion of coal-fired power supply
and clean energy supply caused by power dispatch control.

B. COMPARISON WITH OTHER MODES OF
TRANSPORTATION
Currently, the main modes of transportation in the trans-
port industry are rail, road, and air. High-speed rail, as an
advanced mode of rail transport, is favored for its high
speed, large transport capacity, and relatively low energy
consumption. It is suitable for medium and long-distance
transportation. Road transportation plays a crucial role in
urban and rural transport with its point-to-point, flexible,
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TABLE 7. Per capita carbon emissions of different modes of
transportation.

FIGURE 8. Carbon emission proportions of traction stations in different
time periods.

and mobile characteristics, making it suitable for medium
and short-distance transport. Air transportation is one of the
fastest kinds of transport, capable of quickly covering long
distances. This section will combine per capita carbon emis-
sion data for high-speed rail, road, and air transportation,
focusing on the performance of each mode of transport in
terms of environmental sustainability. The per capita carbon

FIGURE 9. Carbon emission trends of various traction stations.

emissions for different modes of transport are shown in
Table 3.

As shown in Table 7, high-speed rail transport is an effi-
cient and energy-savingmode of travel. The carbon emissions
from small cars are 3.32 times that of high-speed rail, from
large airplanes are 4.57 times that of high-speed rail, and from
small airplanes are 6.85 times that of high-speed rail. Overall,
high-speed rail travel is more environmentally friendly with
respect to carbon emissions when compared with road and air
travel. Using high-speed rail can significantly reduce carbon
emissions, making it a more sustainable travel option.

IV. CONCLUSION
This paper proposes a method for calculating carbon emis-
sions from high-speed rail electric traction based on dynamic
electricity carbon emission factors. It employs the technology
of reverse load flow tracing to determine the range for calcu-
lating carbon emissions from high-speed rail electric traction
stations and introduces the concept of power supply time to
calculate the dynamic carbon emission factors for provinces,
cities, and traction stations. The aim is to accurately calculate
the carbon emissions from high-speed rail electric traction
and enable predictions of carbon emissions for each train
service, providing a basis for choosing green travel options.

Through empirical analysis of the JZ railway line, this
study shows that the use of dynamic electricity carbon emis-
sion factors can accurately calculate the carbon emissions
produced by electric traction of high-speed trains. The results
demonstrate that there are variations in carbon emissions
across different electric traction stations, which suggests
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TABLE 8. Table of train carbon emissions from 6 AM to 9 PM.

that carbon emission management should consider more
detailed factors. This could guide users to choose more

environmentally friendly and low-carbon travel options, fur-
thering the development of green transportation.
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TABLE 8. (Continued.) Table of train carbon emissions from 6 AM to 9 PM.
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TABLE 8. (Continued.) Table of train carbon emissions from 6 AM to 9 PM.
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TABLE 8. (Continued.) Table of train carbon emissions from 6 AM to 9 PM.

The calculation of carbon emission factors in this paper
involves tracing the power supply sources through reverse
flow tracking technology. This allows for a precise calcu-
lation of carbon emissions from each traction station in
different time slots and stations. However, there are still some
areas could be improved: first, the current calculation of
high-speed trains still relies on average speeds and full seating
rates, affecting the accuracy, and further data acquisition and
research are needed. Second, research on recommendation
methods for low-carbon travel on high-speed rail could be
combined with users’ travel needs and preferences. Third,
with the future construction of new power systems and
the increased use of clean energy, carbon emissions from
high-speed rail will be further reduced; it is recommended
to plan for high-speed rail traction stations to be powered by
clean energy during the planning phase.

In summary, the method of calculating carbon emissions
from high-speed rail electric traction based on dynamic elec-
tricity carbon emission factors provides a scientific basis and
decision-making support for environmental assessments and
green travel choices of high-speed rail. Future research can
further expand, optimize, and apply this method, making
a greater contribution to green travel and environmentally
friendly transportation.

APPENDIX A
See Table 8.
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