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Abstract

In the context of low-carbon city development, this paper 
further implements a rail transit passenger flow forecasting 
method to optimize energy consumption by combining the 
MMA allocation model with a two-tier planning model 
for carbon emission control. Through this approach, this 
paper not only fills the gap of rail transportation planning 
theories and methods compatible with low-carbon city 
development, but also emphasizes the importance of energy 
consumption in transportation planning. Based on a two-
tier planning model, this paper considers the Starkberg 
game between multi-modal and multi-type passenger flow 
forecasting of rail transit and CO2 emissions of integrated 
transportation systems. By optimizing the allocation of users 
in the transportation network from the perspective of both 
users and planners, while optimizing the CO2 emissions of 
the integrated transportation system, the dual optimization 
of energy consumption and environmental benefits is 
achieved. The method will also be tested in Shanghai, and 
this paper will comparatively study three different carbon 
emission control schemes. By assigning passenger flows 
to the entire transportation system network in Shanghai 
based on information from the Fourth Integrated Transport 
Survey, including passenger flows on each road in the road 
network, passenger flows on each rail line, and characteristic 
indicators, this paper provides a reliable data base. This 
study provides a solid foundation for planning the layout 
of rail transit in a low-carbon mode and makes a positive 
contribution to sustainable urban development by optimizing 
energy consumption.
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1  Introduction

1.1 Background and Motivation
In the last decade, many disasters and increasingly serious 

energy problems have been caused by global climate change. 
It makes people begin to examine a series of survival and 
development tests caused by the unsustainable development 

model for a long time [1-2].
As the problem of global warming has become more 

serious, and urban problems such as traffic congestion, 
pollution and resource shortage have become more prominent, 
the concept of low-carbon sustainable development has 
gradually become a consensus [3]. The theme of the Second 
Global Sustainable Transport Conference emphasizes that 
low-carbon transport is the key to achieving sustainability 
[4]. Public transport, which has a higher passenger capacity 
than cars [5], has been widely recognized as an important 
mode in the low-carbon transport system.

In the public transport system, for example, due to 
the dynamic mobility of people, there will be a mismatch 
between taxi resources and demand, resulting in too many 
empty cars, long waiting times for passengers and traffic 
jams [6]. Therefore, rail transport is more popular and can 
be regarded as one of the most effective transport methods 
[7]. When passengers from cars, buses and other modes of 
transport switch to rail transit, carbon emissions are reduced, 
and the carbon emission reduction effect of rail transit is 
also verified by quantitative calculations [8-9]. Planning and 
designing urban rail transit systems based on low-carbon 
development concepts is one of the keys to achieving low-
carbon urban transportation. In the context of low-carbon city 
development, consideration of energy consumption is equally 
crucial for planning urban rail transit systems. A reasonable 
forecast of rail transit passenger flow demand will help to 
further balance public transportation supply and demand, 
improve transportation service quality, reduce transportation 
costs and improve resource utilization by integrating energy 
efficient technologies and practices. This paper discusses 
forecasting methods for rail transportation system.

1.2  Literature Review
Linjun Lu [10] established an Optimal Allocation Model 

of Public Transit Mode Proportion to achieve the lowest CO2 
emissions, it also verified the importance of rail transit for the 
construction of low-carbon urban transportation. At present, 
there are few areas of research on the combination of low-
carbon city development and rail transit planning.

Traditional demand forecasting methods may only 
consider factors such as time and travel cost. In recent 
years, some scholars have paid more attention to the spatial 
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correlation brought about by the characteristics of fixed 
rail stations, uniform vehicle speeds and regular schedules 
in urban rail demand forecasting. The performance was 
converted into time cost to improve the accuracy of the 
model [11]. Xu Sun based on the concept of low-carbon, 
taking travel time, operating cost, energy consumption, 
pollutant emission and traffic efficiency as the optimal 
targets, constructing a two-tier model [5]. This method aims 
at minimizing the total cost of providing bus services. Na 
Zhang [12] used the traditional four-level model to measure 
the demand for passenger flow at the city level, obtained 
the basic target parameters for building a carbon emission 
reduction model, and applied it in Baoji, China. Under the 
goal of a low-carbon city, the demand forecasting model of 
rail transit project adopts the classical four-stage planning 
model to improve, namely, travel generation forecast, travel 
distribution forecast and balance distribution under the 
condition of multiple transport modes and multiple types of 
integrated networks. At the same time, this paper combines 
the bi-level programming model to achieve the goal of 
controlling the total carbon emissions of the transport system.

The Stackelberg game is widely used in the estimation 
of the origin-destination (OD) matrix of the transportation 
system, so that the error between the estimated value of the 
OD matrix and the measured value is minimized, and the 
travelers can meet the user balance condition [13]. Recently, 

when studying the bus route planning [14], it is also based 
on the framework of the Stackelberg game to construct 
a bi-level programming model to weigh the decisions of 
the government, service providers, passengers and other 
stakeholders. Some scholars [15] have also used the same 
structure as the bi-level programming model to study the best 
combination of government subsidies and carbon tax policies 
to promote the reduction of greenhouse gas emissions. 

Compared with the traditional planning method, the bi-
level planning method has incomparable advantages. The bi-
level planning method can analyse two different objectives at 
the same time in the decision-making process, which makes 
the multi-value criteria decision-making method closer to 
the actual situation. What’s more, it can clearly express the 
interaction between the government and the public [16]. 

Based on the bi-level programming model, this paper 
describes the Stackelberg game between the multi-mode and 
multi-type passenger flow prediction of rail transit and the 
CO2 emissions of the integrated transport system; that is, 
considering the perspectives of users and planners, the user 
allocation in the transport network is optimal and the CO2 
emissions of the integrated transport system are optimal. To 
make up for the inadequacy of rail transport planning theory 
and methods in line with the development of low-carbon 
cities. The research technology roadmap is shown in Figure 
1.

Figure 1. Technical route of rail transit demand forecasting
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2  The Bi-Level Programming Model for 
Minimum Carbon Emissions Under 
the Low-Carbon City Goal

2.1 Lower Model
In the construction of the lower-level model, the 

traveler’s choice behaviour, including travel mode choice, 
route choice and parking facility choice, is considered so that 
the traveler’s route choice satisfies the user equilibrium (UE) 
condition. In considering the traveler’s choice behaviour, the 
traditional “four-stage” forecasting method is combined with 
the traffic assignment model, and the multi-mode and multi-
type traffic assignment method (MMA) is adopted to better 
serve the planning decision maker. The plan is the basis.
2.1.1 Establishment of Comprehensive Travel Impedance 

Function VDF for Rail Transit Passengers
The overall travel impedance of the route includes many 

factors, such as quantitative factors such as fare, mileage and 
time, as well as qualitative factors such as convenience and 
comfort of crowding, passenger preference and passenger 
familiarity with the network [17].

In urban transport, the exact mileage is a very vague 
concept for most passengers, but the time spent on the 
journey can be accurately perceived. [19] The survey shows 
that more than 60% of passengers consider “the shortest 
time” as the most important factor when choosing a rail 
journey [20]. In addition, passengers’ demands for comfort 
and convenience are increasing. Assuming that the total 
travel time of the route is not very different, the number of 
changes, comfort and congestion also have a great influence 
on the passenger’s choice of rail transit route. An important 
factor in route choice. At this stage, the operation of the 
urban rail transit system basically adopts a seamless transfer 
mode between lines, i.e. once the passenger has determined 
the origin and destination of the trip, the fare is determined 
at the same time. There is no additional charge for changing 
lines. This eliminates the influence of the fare on the overall 
impedance of the route. Factors such as passenger preference 
and the degree of passenger familiarity with the Internet have 
little influence on passenger choice of route and are difficult 
to quantify, so they are not considered at this stage.

(1) Comprehensive travel impedance function of urban 
rail transit passengers considering travel time, congestion and 
other factors

(A) Travel time
The journey time impedance has two parts: the journey 

time impedance on the line segment and the journey time 
impedance at the node. In urban rail, the segment time 
impedance is represented by the running time of the train 
on the segment; the node time impedance is the sum of 
the time spent by passengers at the station. For arrival and 
departure stations, the junction time impedance is the waiting 
time at the starting point; for passing stations, the junction 
time impedance is the stopping time of the train; and for the 
transfer station, the junction time impedance is made up of 
the transfer journey time and the transfer waiting time.

a.  Interval running time
Interval running time, that is, the interval length divided 

by the average train speed, assuming that ta represents the 
train’s running time in the a-th interval, then

a a at = .L v                                      (1)

In the formula, La——the length of section a; 
va—— The average running speed of trains in section a.
b. Waiting time
Assuming that passengers arrive at the station at random 

and that the service is reliable, the simplest way to calculate 
the average waiting time is to assume that it is half the 
headway. This is a reasonable assumption for services with 
short headway.

= /2.w
n nt H                                       (2)

Hn——The average departure interval of trains passing 
through station n.

c. Stop time
The average stopping time of the trains taken by 

passengers at the station is usually determined as a fixed 
value based on the number of people getting on and off the 
train at the station, namely

= .t
nt c                                            (3)

tn
t ——The average stopping time of trains taken by 

passengers at station n.
d. Transfer time
The transfer time is composed of two parts: the walking 

time and the waiting time for the transfer.
The walking time for the transfer at the station is 

expressed by heart, equal to the transfer distance divided by 
the passenger’s average pace, that is

= .b b b
n n nt l v                                       (4)

ln
b ——The length of the transfer channel for passengers 

to transfer at station n;
b
nv ——The average pace of passengers at station n.

Therefore, the transfer time of passengers at station n can 
be expressed as

= + .h b w
n n nt t t                                       (5)

(B) Crowding effect
Congestion of the service will reduce the attractiveness 

of the route to passengers and at the same time reduce the 
attractiveness of public transport in the mode split model. 
It is necessary to consider the use of the congestion factor 
in demand modelling and evaluation to set an appropriate 
time standard. The congestion factor reflects the additional 
discomfort and inconvenience to passengers. Under normal 
circumstances, the congestion factor is a continuous function 
of the ratio of flow to capacity.

The degree of comfort is directly related to the degree 
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of congestion, and the degree of congestion is related to the 
passenger flow in the section and the capacity of the train. 
When the number of passengers on the train is less than the 
number of seats, the additional cost caused by congestion 
is zero; when the number of passengers is greater than the 
number of seats, because some passengers must stand or even 
be overcrowded, the additional cost caused by congestion can 
be used as follows: Express
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In the formula,Pa(xa), xa, Za and Ca respectively are the 
comfort-related congestion factor, passenger flow, the number 
of seats in the train and the maximum number of passengers 
that the train can accommodate on the section i of the rail 
transit network; A and B are the correction parameters.

(C) Comprehensive travel impedance threshold
Among all the routes between the same OD pair, some 

unreasonable routes can be considered not to be chosen by 
passengers. This unreasonable route includes not only being 
out of operating hours and transferring more than 3 times, 
but also including the comprehensive travel impedance. 
Assuming that the shortest path impedance value between 
OD is VDFmin, set a threshold U, assume that the maximum 
cost of a connected path between OD is y, and the criterion 
for judging whether the path is a valid path is: 

If VDFmin + U ≤ y, Then the path is not a valid path; 
otherwise, it is a valid path. The value of U can be determined 
through passenger travel surveys.

Therefore, the comprehensive travel impedance function 
of urban rail transit passengers considering factors such as 
travel time and congestion can be expressed as:

b w
n n a a a

n a
= (t +t )+ [1+P (x )] + .t

n
n

VDF t t∑ ∑ ∑                 (7)

 (1) Establishment of travel impedance function for other 
traffic passengers

The cost impedance function is:

( )at 1+ .a aVDF x c= ⋅                                (8)

In the formula, xa——Traffic on path a; 
Ca——Capacity of section a;

(2) Multi-mode and multi-type comprehensive impedance 
function:

                     (9)

2.1.2 Lower Model
The lower-level model considers the traveler’s choice 

behavior, including travel mode choice, route choice and 
parking facility choice. The traveler’s path selection satisfies 
the user equilibrium (UE) condition, that is, between any 
OD pair, the traveler only uses the alternative path with the 
smallest generalized cost as:

{
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m
rsf ——The flow of the m-th traffic mode between O-D 

point pairs (r, s).
Then, the lower-level model describes the multi-way path 

selection behavior of network users, namely:

,
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min .a mx m
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2.2 Upper Model
Traditional urban transport planning and management 

has not considered the coordinated relationship between 
the environment and the satisfaction of transport needs, 
and has ignored the relationship between low-carbon city 
models and the development of transport systems. In order 
to achieve sustainable development of the urban transport 
system, low-carbon city models must be considered in the 
process of transport planning and management, and low-
carbon factors must be introduced into the process of urban 
transport planning and management, so as to set the goal 
of meeting transport needs and building low-carbon cities. 
Planning and management models to reduce and control the 
carbon emissions of the transport system. Therefore, from 
the perspective of planners, we hope to minimize the carbon 
emissions of the urban transportation system and realize a 
true low-carbon city. Therefore, the top-level planning model, 
i.e. the decision model of the transport system planner, 
is obtained - the transport system with the lowest carbon 
emissions.
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According to the IPCC guidelines, two calculation 
methods are provided for calculating the carbon emissions 
from transport energy consumption: (1) Calculation based 
on transportation fuel sales data within the national area and 
multiplied by the fuel carbon emission coefficient, which is 
called the “top-down” method; (2) Multiplying the mileage of 
that mode of transportation by the fuel consumption per km 
to obtain the total fuel consumption, and then multiplying it 
by the fuel carbon emission coefficient to calculate the carbon 
emissions, which is called the “bottom-up” method [18]. The 
author calculates the carbon emissions of Shanghai residents 
from transport. Since it is impossible to obtain the exact sales 
data of transportation fuels, the “bottom-up” improvement 
method is adopted, By analyzing the energy consumption 
patterns of different transportation modes and incorporating 
them into the calculations, a comprehensive assessment of 

carbon emissions and energy consumption can be achieved.  
The calculation formula is:

C .m mY K F G v= ⋅ ⋅ ⋅ ⋅                              (14)

In the formula, Km——Energy consumption per kilometer 
for different modes of transportation (L/km);

F——Fuel density (kg/L); Diesel density0.835kg/L，
Gasoline density0.725kg/L.

C——Emission factor (kg/TJ);
G——Net calorific value (TJ/ kg);
v——Average operating speed of different modes of 

transportation.
Table 1 to Table 4 lists the values of some parameters.

Table 1. Energy consumption per kilometer of different transportation modes
Public transit Rail Taxi Private car

0.4L/km 0.91kg/km 0.1L/km 0.088L/km
(0#Diesel fuel) (Standard coal) (93#Gasoline) (93#Gasoline)

Table 2. Emission coefficient and net calorific value of different modes of transportation
Emission factor Net calorific value

Diesel fuel Gasoline Raw coal Diesel fuel Gasoline Raw coal
74100 kg/TJ 69300 kg/TJ 94600 kg/TJ 43×10-6TJ/kg 44.3×10-6TJ/kg 25.8×10-6TJ/kg

Table 3. Operating speed of different modes of transportation
Purpose of travel Average stroke speed (km/h)

Bike 10
Bus 12

-Taxi 20
Car 18
Rail 35

Table 4. Per capita carbon emissions of different transportation modes
Rail Bus Taxi Car

Ym 77.736kg 12.771kg 4.451kg 3.526kg
Carbon emissions per capita 51.824g 336.079g 2222.5g 2938.333g

But in practice, managers can take some actions to 
influence the behavior of travelers, thereby reducing 
carbon emissions in the entire road network. In this case, 
the travel time of the road section is not only related to 
the section flow rate x, but also affected by the manager’s 
management measures. In this way, the flow delay function 
becomes VDF(xa,m, V), among them, V is divided into V1 
and V2, indicating that it is a decision-making variable 
of the manager. In this section, the entire transportation 
system is considered. V1 and V2 are the simple situations of 
the maximum speed in the road network and rail network 

segment defined by the administrator. The upper model can 
be expressed as

,m ,m
a

1 2

min

. .   , 0.

a a
m

Y x

s t V V

⋅

≥

∑∑
                           (15)

Ya,m——The carbon emission per unit time of the m-th 
transportation mode on section a;

xa,m——The flow of the m-th traffic mode on section a.
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2.3 Bi-Level Programming Model with the Smallest 
Carbon Emissions in Urban Transportation Systems

Figure 2. A bi-level plan with the smallest urban traffic 
carbon emissions

Combining the user’s route choice model with the traffic 
system planner’s decision model (Figure 2), the following 
can be obtained bi-level programming model:

, ,

1 2

min  

. .  , 0.

a m a m
m a

Y x

s t V V

⋅

≥

∑∑
                               (16)

Among them, x can be obtained by the following plan
s.t.
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2.4 The Solution of Bi-Level Method
Generally speaking, the solution of bi-level programming 

problems is very complicated. One of the reasons is that 
because the bi-level programming problem is an NP-
hard problem, there is no polynomial solution algorithm, 
especially for large-scale transportation network optimization 
problems. The following article will discuss the heuristic 
algorithm of the model.

In this model, it is assumed that the impedance function 
(VDF) is strictly increasing. Therefore, for a given traffic 
demand, when the manager ’s decision variables are 
determined, the road flow is unique, that is, xa,m(V) is a 
continuous function of the traffic demand and the manager’s 
decision variables. When solving the above problems, it is 
necessary to take into account the subsequent changes in the 
balance of the road flow due to the manager’s decision. Since 
the balance road flow xa,m(V) is generally a non-linear function 

and the function form is unknown, the sensitivity analysis 
method can be used to obtain the derivative relationship of 
the balance road flow to the manager’s decision variables, 
and the Taylor expansion is used to linearly approximate the 
non-linear function xa,m(V).

Let V* be the initial value of the manager’s decision-
making variables, and xa,m(V×) be the corresponding balance 
section flow (which can be found from the underlying 
problem). but

*

,* *
, ,

( )
( ) ( ) ( ).a m

a m a m
V V

x V
x V x V V V

V =

∂ 
≈ + − ∂ 

  (20)

Substituting the above formula into the two-layer 
objective function, the upper-level problem becomes an 
ordinary nonlinear optimization problem of manager’s 
decision variables, which can be solved by existing methods. 
Then, based on the manager’s decision-making variables 
obtained by the upper level, and then solving the lower-level 
problems, a new road section balance flow can be obtained. 
Repeating the above ideas, new managers’ decision-making 
variables can be obtained. After repeated calculations, it is 
expected to converge to the optimal solution of the original 
bi-level programming model. Specific steps are as follows:

Step 1: Let the maximum speed limit V of the road 
section take the free flow speed V0, and set the number of 
iterations k=0.

Step 2: For a given Vk, solve the underlying problem 
and get the section flow rate xk.

Step 3: The sensitivity analysis method is used to 
calculate the derivative of the balance section flow Vk to the 
manager’s decision variable Vk.

Step 4: Calculate formula xa,m(V) and substitute it into 
the upper-level objective function to solve the upper-level 
problem, and obtain a new set of road section speed limit per 
hour Vk+1 and total CO2 p

k.
Step 5: If max |pk+1 − pk| ≤ ε (ε is the preset iteration 

accuracy), then stop; otherwise, let k=k+1, and go to step 2.

3  Case Analysis

A total of 60,000 households, 60,000 car drivers, and 
more than 20,000 organisations, enterprises and institutions 
participated in Shanghai’s fourth traffic survey, with more 
than 230,000 people taking part in the survey. Based on 
the data from the fourth comprehensive traffic survey in 
Shanghai, this paper distributes the passenger flow of the 
entire transportation system network in Shanghai, thereby 
obtaining the passenger flow of each road in the road network 
and the passenger flow of the rail line and characteristic 
indicators. 

According to the survey data, it is deduced that by 2020, 
the passenger flow will be allocated under different carbon 
emission total control conditions, and then different plans 
will be compared to draw conclusions.

The calculation formula for the carbon emissions per unit 
time (hourly) of various modes of transportation is:
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Ym = Km ∙ F ∙ C ∙ G ∙ v.                           (21)

In 2020, three different schemes will be adopted for total 
carbon emission control:

(1) According to the normal development situation, the 
UE model is used for passenger flow distribution; and the 
corresponding passenger flow and carbon dioxide emissions 
are obtained, as shown in Figure 3 to Figure 4.

Figure 3. The flow of people (person/h) in the UE balanced allocation mode in 2020

Figure 4. CO2 emissions in 2020 UE balanced allocation mode (kg/h)

(2) According to the plan, in order to promote the 
development of a low-carbon model, use the bi-level 
programming model with the smallest carbon emissions in the 
transportation system for allocation; and the corresponding 
passenger flow and carbon dioxide emissions are obtained, as 
shown in Figure 5 to Figure 6.

In order to vigorously develop a low-carbon model in 

accordance with the plan, use the bi-level programming 
model  wi th  the  smal les t  carbon emiss ions  in  the 
transportation system for allocation; and the corresponding 
passenger flow and carbon dioxide emissions are obtained, as 
shown in Figure 7 to Figure 8.

The calculation process and result (Figure 9 and Table 5) 
are as follows:
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Figure 5. The flow of people (person/h) under the promotion of the development of a low-carbon model in 2020

Figure 6. CO2 emissions under the promotion of low-carbon development in 2020 (kg/h)

 

Figure 7. Human flow under the low-carbon model vigorously developed in 2020 (person/h)
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Figure 8. CO2 emissions under the vigorous development of low-carbon mode in 2020 (kg/h)

Figure 9. Comparison of CO2 emissions from different development models

Table 5. Percentage of rail network data under different development modes
Future transportation development model Normal development 

model
Promote the 
development of a 
low-carbon model

Vigorously develop a 
low-carbon model

Percentage of people flow in the rail network 
accounted for in the entire transportation system

1.112% 1.891% 4.304%

The CO2 emissions of the rail network accounted 
for the percentage of CO2 emissions of the entire 
transportation system

0.024% 0.041% 0.096%
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From the comparison of the above three different 
development models (Figure 3 to Figure 9), it can be seen 
that with the change in the transport structure, travelers will 
choose more rail transit or choose the travel chain based on 
rail transit in the future. Although the carbon emissions of the 
rail transit network will increase significantly, because rail 
transit has incomparably low carbon emissions per capita, 
assuming that the total travel volume of the whole transport 
system does not change due to the change in the travel 
structure, with the increase in the proportion of rail transit in 
the whole transport network, the CO2 emissions of the whole 
transport system have decreased significantly, achieving the 
goal of low carbon.

4  Conclusion 

In this paper, the traditional “four-stage” demand 
forecasting method is improved by combining the MMA 
allocation model and the two-stage planning model to control 
carbon emissions. It minimizes the carbon emission of the 
transport system and provides a good way for the layout 
planning of rail transport in the low-carbon mode. The 
research methods in the field of passenger flow prediction 
of urban rail transportation under the requirements of low-
carbon city development are based, completed and enriched 
[21-22].

This study also has some shortcomings and limitations. 
Firstly, the research assumptions are somewhat idealised. In 
reality, bus signal priority is not very well used at junctions. 
In addition, some old roads are not segregated between 
motorised and non-motorised traffic, and the impact of 
mixed traffic on vehicle operating times and the distribution 
of traffic flows in the road network needs to be further 
investigated. The above shortcomings and limitations require 
further in-depth research and exploration in our future work.
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