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Optimization of Traveler Intermodal Transport
Routes Considering Carbon Emissions

Zongfang Wang, Changfeng Zhu, and Jinhao Fang

Abstract—Optimization of the travel paths is necessary to
shorten travel time and reduce travel costs. This paper proposes
the analysis theory of the travelers’ low carbon route choice
behavior based on improved prospect theory by analyzing the
punctuality rate of travel time, the travelers’ comfort level on
the travelers’ intermodal transport route optimization. Dual
reference points are set according to the whether travelers have
the prior experience as the judgment basis, constructing an
optimization model of travelers’ intermodal transport under
bounded rationality. The results show that, in the travelers’
intermodal transport route considering carbon emissions, the

travel route selected by travelers will change with the road state.

In this problem, the gain sensitivity coefficient @ and the loss
sensitivity coefficient g have influence on the decision. When
traffic crowding or bad weather occurs, travelers tend to be
more sensitive to time. The setting of each parameter has an
important impact on the comprehensive prospect values.

Index Terms—Travelers’ intermodal transport, travel
behavior, carbon emissions, bounded rationality, improved
guantum genetic algorithm

I. INTRODUCTION

RAVELERS’ intermodal transport route selection plays

a significant role in making a relatively reliable and
reasonable travel plan. Travelers’ intermodal transport can
reduce travel costs and promote the coordinated development
of various transportation modes. However, this problem is
affected by complex factors such as travelers’ psychology
and the external environment.

Compared with a single mode of transportation, travelers’
intermodal transport can better describe the actual travel
demand of travelers. In the early period, some scholars
conducted research on trip distribution and transportation
mode distribution [1][2][3][4][5][6][7], a combined trip
traffic allocation model under fixed demand is proposed, it

has important theoretical significance for optimizing trip path.

Some scholars have studied the choice of travel mode by
discrete choice models. [8] by analyzing the relationship
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between the travelers’ characteristics and the travel mode, the
discrete choice model is used to construct the functional
relationship between travelers’ personal characteristics and
travel characteristics. Multinomial logit models were used to
analyze the potential psychological factors of travelers and
the influence of bus users’ groups on trip modes [9] [10]. The
hierarchical mixed logit model was established to explore the
influence of the sense of individual observation period
correlation and age on travel mode [11][12][13]. [14][15]
analyzed the influence of traffic information on travelers’
path choice behavior, and established the multidimensional
relationships between residents’ choice behaviors and travel
patterns. [16] by considering the absolute cost difference and
relative cost difference in travelers’ route choice decision, a
hybrid closed route selection model and the corresponding
stochastic user equilibrium (SUE) were established to
alleviate the shortcomings of the logit model and weibit
model. [17] compared different route choice behaviors of
travelers under risky road network conditions and studied the
impact of travel information on route choice behavior.
However, carried out the above research in deterministic
networks and has not considered the transportation networks’
uncertainty. To understand the path selection model under the
uncertain conditions, [18] established a network equilibrium
model in a random road network. Considering the impact of
risk perception on route selection, [19] proposed a discrete
choice model based on risk perception. But, in addition to the
uncertainty of the transportation network, travelers are also
affected by habits, cognition, and environment, and it is
difficult for travelers to make entirely rational decisions [20]
[21]. [22] found that prospect theory could well describe path
choice behavior of travelers under uncertain environments
and applied it to path optimization problems [23]. Based on
the theory of bounded rationality, [24] established a route
selection model with the continuous random distribution of
the travel utility and revealed travelers bounded rational
decision-making process. By introducing the cumulative
prospect theory, [25] considered uncertainty of the route
selection and constructed a multi-mode stochastic traffic
allocation model based on bounded rationality. [26] [27]
established a multi-modal bounded rational hierarchical logit
model to describe the travel choice behavior of travelers by
considering bounded rational satisfaction decision criterion.
[28] compared the optimal selection results of cumulative
prospect theory and expected utility theory in different
scenarios by considering three travel modes. [29] discussed
the formation and evolution process of reference points by
analyzing travelers’ risk attitudes and explored the formation
and evolution of reference points. For this reason, some
scholars set reference points when establishing the path
selection model. [30] chose positive and negative ideal travel
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modes as the reference points in the travel decision-making
process, and found the sharing rates model of travel modes.
[31][32] introduced travel time cost and monetary travel cost
as double reference points by establishing the perceived cost
function. [33][34] established the route selection model of
commuters and selected the earliest and latest arrival times as
pseudo reference points. [35] established a perceptual utility
model and selected expected arrival time as multi-reference
points. It is necessary to set multiple reference points in the
path optimization.

To sum up, relevant scholars have conducted some studies
on route optimization of travelers’ intermodal transport, but
there are still the following deficiencies. First of all, most
existing scholars mainly study the path optimization of a
single transport mode in the city and lack the consideration of
the combination optimization of multiple transport modes.
Secondly, a few scholars have studied the route optimization
problem based on the prospect theory without considering the
impact of traveler heterogeneity on the route optimization
problem. Thirdly, most studies lack consideration of the
travelers’ existing travel experience, which makes the
conclusions slightly inconsistent with reality. Finally, few
scholars have studied the combination optimization of the
multiple transportation modes under low carbon background.

Based on the analysis of the complexity of travelers’
intermodal transport, through the study of travel behavior
characteristics under the bounded rationality, considering the
weather, road crowding, low carbon emissions, and other
factors affect the travelers’ intermodal transport. Taking the
expected travel time, travel cost, and carbon emissions as
multiple objectives and constructing a path optimization
model under bounded rationality conditions.

The rest of this paper is summarized as follows: In Section
I1, we introduce the travelers’ intermodal transport problems.
and reference points are selected to analyze the path selection
behavior of travelers based on improved prospect theory. In
Section 111, we establish the trip path optimization model. In
Section V, we verify the rationality of the model built in
Section 11, Section VI is a discussion mainly analyzing the
effect of some parameter changes on the results and Section
VII concludes.

Il. ANALYSIS OF ROUTE CHOICE BEHAVIOR

The process of the travelers’ intermodal transport mainly
includes travelers short-distance transportation before the
long-distance travel phase, the long-distance travel phase,
and the short-distance transportation after the long-distance
travel phase.

Assume that G(E,N,M) is travelers’ intermodal transport
network, where E is the set of nodes, and N is the set of
transport arc segments. M is the set of transport modes. For
travelers’ intermodal transport network, each node represents
the transfer decision point for the passenger. In the actual
travel process, the travelers simplify a complex intermodal
network into a single subnetwork, as shown in Fig. 1.

The transfer of transportation modes between different
networks can only occur at nodes, meaning it is impossible to
transfer to another mode midway, and only some hubs have
all modes of transportation.

Highway network B,
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Railway network
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Expressway

Railway — — ~ Aviation — —
Fig. 1. Intermodal transport network

Combined with the evaluation results of travel choice
behavior, if travelers are satisfied with the evaluation results
of the first n-1 trips, the n-1 times before trips will be adopted,
and the time and cost of the n-1 times before trips will be
taken as the reference point. If the travelers are not satisfied
with the evaluation result or there is no evaluation result, the
traveler will re-select the path, the selection process is shown
in Fig. 2.

The n-th trip » Previous n-1 trip

Evaluation
result>0.6

Original trip mode

\ Yes
Trip mode Calculation of
w?th the No prospect value - E>§c!ud|etthe
largest @ of each trip 0”9'”% fp
prospect value mode moae

Fig. 2. Traveler route selection process

A. Selection of Double Reference Points

Set double reference points of the time expectation and the
cost expectation to analyze the travelers’ intermodal transport
path selection behavior, travelers decide the travel mode from
node i to node j before departure.
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Where, T,™ represents the total time of transportation
mode M from node i to node j for the n times trip; di?"”
represents the distance of transportation mode M from node i
to node j for the n times trip; vi’].‘"" represents average travel
speed of transportation mode M from node i to node j for the
n times trip, km/h; 7 represents road crowding coefficient,
1 €(0,1), when 77=1, the road condition is excellent; A*
represents the weather reduction coefficient, A" (0,1) ,
when A" =1, it indicates that the weather is very excellent;
,‘f” represents the additional time for the travelers to travel
for the n times trip, including the time for picking up tickets,
and waiting according to the schedule, min; tUWH represents
the transfer time between transportation mode M and another
transportation mode, which is a 0-1 variable, H is the number
of transfers, when H <1, o =1, otherwise, c=0; r
represents the travel time reliability coefficient from node i to
node j for the n times trip.

=—Z i 2

_1t
Where, /"
transportation mode M from node i to node j for the n times
trip, min; ti;“"p represents the estimated time of choosing

represents the actual time of choosing

transportation mode M from node i to node j for the n times
trip, min.

Ci}vl” :[Ci?/l" +O_Ci'}/,|0n]'di;\/ln

Where, C"
mode M from node i to node j for the n times trip, yuan; o is
a 0-1 variable, and H is the number of transfers, when H<1,
o =1, otherwise o =0; ¢ represents the unit travel cost

- Zi?/l" EijMn 3

represents the total cost of transportation

of transportation mode M from node i to node j for the n times
trip, yuan; cis represents the transfer cost from node i to

node j for the n times trip, yuan; EUM" represents the comfort

level when travelers choose transportation mode M from
node i to node j for the n times trip, yuan; zi?”" represents the

cost value coefficient of transportation mode M chosen by
travelers from node i to node j for the n times trip.

To accurately describe the travelers’ travel situation, this
paper introduces the fuzzy evaluation model to evaluate
travelers’ satisfaction, establishes a factor set to represent
comfort, reliability, safety, timeliness, cost acceptability, and
carbon emissions, and obtains the evaluation result [36].

When travelers prepare for the n times trip, the
accumulated travel evaluation results of the previous n-1 trips
are used as the preliminary information for the n-th trip. If the
evaluation result is “satisfactory”, then continue to choose the
original travel mode. if evaluation result is “unsatisfactory”,
travelers choose the average unit time and average travel cost
of this trip as reference points.

B. Improved Prospect Theory Value Function

Influenced by cultural differences, education levels and
other factors, different travelers have different cognition,
which makes parameters in prospect theory and cumulative
the prospect theory incompatible. Therefore, introduced the
utility curve to improve the value function in prospect theory
[37].
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Fig. 3. Value function curve of the time expectation value
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Fig. 4. Value function curve of the cost expectation value
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Where, y is a 0-1 variable, y =0 means the evaluation
result is unsatisfactory, and =1 means the evaluation result
is satisfactory; «, £ represents risk sensitivity coefficient; ¢
represents the travelers sensitivity to the gain, A represents
the travelers sensitivity to loss, ¢=1, A>1 represents
travelers are more sensitive to losses, ¢ >1, 1 =1 represents
travelers are more sensitive to gain; when O<« , <1, the
travelers tend to adventurous; when « = =1, the travelers
tend to the middle type; when « >1, £ >1 travelers tend to
conservative.

C. Subjective Probability Function

The subjective probability function is used to simulate the
psychological effect of the travelers. When travelers face
losses, they hold the risk preference attitude, while when
travelers face the gain, they hold the risk aversion attitude.

() >
@’ (p) =
(o7 +(- p)ﬂ%
@ (p)= 5 (6)
iy p
@ (p)=— =7
[p°+@-p)|°

Where, @ (p) represents perceived probability of an event
occurring; p represents the actual probability of the trip mode
chosen by the travelers; in the case of gain, y is 0.61, and in
the case of loss, d is 0.69.the subjective probability function
curve is shown in Fig. 5.
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Fig. 5. Subjective probability function curve

I1l. MODEL BUILDING

Set dual reference points based on time expectation values
and cost expectation values, analyze the behavior theory of
the travelers’ intermodal transport route selection, and
consider the influence of weather, the road crowding and
other factors, and use the travelers’ expectation trip time and
the expectation trip cost as dual objectives, constructing a
travelers’ intermodal transport route optimization model for
travelers under bounded rationality.

max plzzzwlj v(Tj) (7
icE jeE
max p, = w;-v(Cy) ®)
ieE jeE
min py=3Cop, = 3 X Tl ol NSl (@)
i=1 meM icE jeE
s.t.
>t <1vi, (10)
M
D>y <1vi, j (11)
M h
Y333 3w =1vi=0 (12
icE jeE meM ieE jeE meM
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icE jeE meM icE jeE meM
DY =YD Y 't =-Lvi=d (14)
icE jeE meM icE jeE meM
(15)
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h M i |j

Where, e’ represents the carbon emissions factor of
transportation mode M, kg/ (per-km) ; N represents the total
travel volume of travelers; Si' represents the share rate of m
transportation mode. Constraint (10) represents that travelers
can only use one transportation method from node i to node j.
Constraint (11) represents that travelers can only make one
transfer in the travel process from node i to node j. Constraint
(12)-(14) to ensure the continuity of the transportation
process, travelers only have a complete route to each
destination, and travelers cannot generate an entire route at
intermediate nodes. Constraint (15) to prevent travelers from
making too many transfers during the trip, set a specified
maximum number of transfers.

IV. ALGORITHM DESIGN

Since the travelers’ intermodal transport path optimization
problem involves the transformation of several of
transportation modes, therefore, a multi-objective hybrid
quantum evolutionary algorithm is proposed to solve this
problem.

A. Hybrid Quantum Code

The individual in hybrid quantum evolutionary algorithm
consists of two parts: binary code and quantum probability
vector code. The binary code is used as the current target of
the quantum probability vector to participate in the update of
the probability vector [38], the first m terms represent the
transportation node, and the latter terms represent different
modes of transportation.
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mode of transportation n
Where, o and g satisfy the normalization condition,
t, =2zr, r is a random number between (0,1), k is the
population size, and n is the quantum number.

B. Qubit Update Strategy

By changing the probability amplitude of the qubit
encoding, the chromosome is updated to realize the
population evolution, which is updated as follows.

U@)= cost | [cose, -—sing,]| cost
. - cosé sintij

sint;; siné,

cos(t; +6,)

| sint; +6,)
Where, U represents quantum rotation gate; 6 represents

quantum rotation angle.

The value of @ affects the convergence rate of the
population. Too large a deal will lead to premature maturity.
The value of @ is generally, to make the convergence rate of

the population smoother, designed an adaptive adjustment of
0:

(A7)

Pn — Pmin

pmax - pmin

0-:

xAQ (18)

Where, p, represents the fitness value of individual n, the
binary coded objective function value is taken as the
individual fitness value; p,;, represents the minimum fitness
value in the population; p,,,, represents the maximum fitness
value in the population, A@ =0.057x .

C. Quantum Crossover and Mutation

In order to ensure the diversification of the population, the
chromosomes are crossed and mutated, using a single-point
mutation strategy. The binary code of the point changes from
1 to 0 or from 0 to 1, the corresponding quantum probability
codes a and S exchange the positions. This form of
cross-mutation makes trip paths diverse, and only the nodes
that travelers pass will mark the mode of transportation.

D. Choice of Solution

The solution obtained by the algorithm is a pareto solution
set composed of several non-dominated solutions, which

form many alternative schemes. The fuzzy logic method
proposed by [39] to select the optimal compromise solution
from pareto solution set assists travelers in decision-making
and improves the efficiency of route selection.

a. The Score of Each Candidate Solution in Each Target
Space in the Pareto Solution Set is Calculated

1 it p<p™
max— i
W= —pl,?:ax_ pﬁiin it p™<p <p™ (19)
o i pep™

Where, p™ represents the corresponding minimum value

of the i-th objective function in all pareto solution sets; p™

represents the corresponding maximum value of the i-th
objective function in all pareto solution sets.

b. The Score of Each Candidate Solution in the Pareto
Solution Set is Calculated in the Whole Objective Space

ul]= 2 K]

Where, N represents the number of optimization goals;
Np.eo Fepresents the number of pareto solution sets; u[k]
represents score the entire target space, the candidate solution
with the highest score is the best compromise solution.

First, judge whether the travelers have prior experience. If
yes, consider the satisfaction from the previous experience. If
not, follow the following steps:

Step 1: The initial population Q, was randomly generated

to select the trip path and mode.

Step 2: Update by quantum bits, crossover produces
offspring population P, .

Step 3: The parent and offspring populations are merged
into a new population I, =Q, N R,.

Step 4: Non-dominated sorting generates a non-inferior
solution set and calculates the crowding degree.

Step 5: According to the crowding degree comparison
operator, suitable individuals are selected to enter the next
generation until the number of new populations equals the
number of initial populations.

Step 6: Let t=t+1 to determine whether the iteration
termination condition is met. If it is, the iteration will end.
Otherwise, offspring population P., will be generated

through quantum bits update, crossover, and mutation, and go
to step 3.

Npareto

S uli]

=1 i1

(20)

V.CASE STUDY

The road network of a certain urban agglomeration is
shown in Fig. 6 below. It assumed that the main long-distance
transportation modes in urban agglomeration are airplanes,
high-speed railways, and high-speed buses, and the main
short-distance transportation modes are subways, taxis, and
buses. Suppose a passenger is ready to depart from the
starting point O, and arrive at the destination J, .
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The fuzzy relation matrix is obtained according to the TABLE I

THE DISTANCE OF THE TRANSPORT PATH

actual situation when the traveler is known n-1 times before

the trip, as shown in Table I. Node t/h dj /km _ Node t/h 4y rkm
(01, 02) 0.52 22 (Fz0, F21) 0.5 22
TABLE | (01, O3) 0.68 27 (Fz0, F22) 0.42 24
THE EVALUATION RESULTS OF N-1 TRIPS BEFORE THE TRAVELER (01, Oy) 0.35 29 (Fa1, F2) 0.48 20
Node K Node K (B, Bo) 0.45 21 (Ga4, Gas) 0.43 13
(Bs, Bo) 0.50 25 (Gas, Gaa) 0.50 17
(O, Cz) 078 (a2, Jas) 060 (Bo,Bi) 048 23 (Gas, G)  0.48 16
(01, 03) 0.63 (Jas, Jzs) 0.44 (Cu1, Cr2) 0.57 19 (Hzs, Har) 0.41 21
(04, Ou) 0.88 (J34, Jz5) 0.60 (Cu1, C13) 043 17 (Hzs, Has) 0.52 22
(C12, C13) 0.65 21 (Haz, Has) 0.38 14
o . . As, A 0.47 17 I, | 0.48 18
The corresponding distance, time and transportation arc of E A5 AG; 047 21 §|3° I“i 0.43 13
- - - 5, M7, B 29, 130, .
ez_;lch transportation path are sho'wn. in Table II, per unit (Be, Ar) 055 29 (s, 1) 051 21
distance tre}nsport costs and per unit distance transport speeds (Dis, Dis) 035 19 (Juo, J2e) 0.44 14
are shown in Table I1I. (Dis, D) 0.33 13 (3as, ) 0.46 16
(D15, D1e) 0.32 12 (Exr, Ex) 0.47 21
TABLE Il
0.35 15 0.51 17
TRANSPORTATION COST AND TRANSPORTATION SPEED PER UNIT DISTANCE Ew, B Eus Bus)
Serial Mode of Unit transport Transportation . . .
number transportation cost (yuan/km) speed(km/h) C++ language implementation algorithm based on the
1 Highway 0.2394 100 visual studio 2017 development environment. Due to the
High speed heterogeneity of travelers, travelers are divided into three
2 railway 0.3100 250 categories: adventurous, intermediate, and conservative.
3 Aviation 0.5569 800 Different types of travelers have other decision-making
4 Subway 05000 80 options in the face of losses and benefits, as shown in Table
Il and Table IV.
5 Bus 0.1000 35 and Table
6 Taxi 1.3000 60 TABLE IV

Carbon emissions and the travel share of various transport

CARBON EMISSION FACTORS AND TRAVEL SHARING RATES OF VARIOUS
TRANSPORTATION MODES

Transportation

modes are the main influencing factors. The carbon Bus  Metro Taxi Highway Rail Air

emissions of urban transport are estimated according to the mode

number of travelers, travel mode selection, travel share of e’ 00693 00424 02000 0.1264  0.0269 0.0986
different travel modes, and other factors. Thesharerate  0.21 0.31 0.18 0.15 0.11 0.04

~327k111

A oSk ¢

Highway transport

Ee Hub ci

&8 Hub city & Ja2 +=====1 Rail transport
) ) J35

O  Surrounding city Destination = Air transport

Fig. 6. Virtual transport network
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TABLE V
DIFFERENT TYPES OF TRAVELERS PAY MORE ATTENTION TO PATH OPTIMIZATION AT LOSS

(a, B) Travel path Mode of transportation
Adventurous (0.88, 0.88) 1-4-13-19-28-34-35 Bus-Railway-Railway-Railway-Railway-Subway
Intermediate 1, 1) 1-4-10-19-28-32-35 Bus-Railway-Railway-Railway-Railway-Bus
Conservative (1.12, 1.12) 1-4-13-19-28-34-35 Bus-Railway-Railway-Railway-Highway-Bus

Select adventurous travelers who are more sensitive to
losses for further analysis. Set the gene mutation probability
to 0.75, assuming the total number of travelers traveling that
day is 10 million. The generated pareto solution set is shown
in Fig. 7.

Fig. 7. Distribution of the Pareto solution set

It can be seen from Fig.8, the algorithm is feasible for the
travel path optimization problem, and the time expectation
values are negatively correlated with the cost expectation
values: as the time expectation value increases, the cost
expectation value decreases, and carbon emissions are related
to the mode and route of travel.

Determine the travelers’ sensitivity to expectation time and
expectation cost based on the particular scenario. This is
shown in Fig. 8.
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Fig. 8. Objective function values for three special solutions

As can be seen from Fig. 8, for the particular case of the
expected time values, that is, when the travelers pay more
attention to the time value, the prospect value of the cost will
decrease rapidly. For the particular case of the expected cost
values, when travelers pay more attention to the cost values,

they will spend a lot of time, but relatively speaking, time
values are more sensitive.

VI. DISCUSSION AND ANALYSIS

Since travelers are bounded rationality, as shown in Fig. 9
and Fig. 10, the gain sensitivity coefficient and the loss
sensitivity coefficient have an impact on the travel time
expectation values and travel cost expectation values.
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As can be seen in Fig. 9, the gain sensitivity coefficient and
the loss sensitivity coefficient jointly affect the time
expectation values. The impact of the gain sensitivity
coefficient on the prospect value is much more significant
than that of the loss sensitivity coefficient. The time and cost
expectation values are more important than 0, indicating that
the travelers’ perception of time and cost are beneficial under
bounded rationality. The path chosen by the travelers under
bounded rationality is more realistic.
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TABLE VI
DIFFERENT TYPES OF TRAVELERS MORE ATTENTION TO PATH OPTIMIZATION AT REVENUE

(a0, p) Travel path Mode of transportation
Adventurous (0.88, 0.88) 1-4-13-16-25-34-35 Bus-Railway-Railway-Railway-Highway-Bus
Intermediate 1, 1) 1-4-10-19-25-32-35 Bus-Railway-Railway-Railway-Railway-Bus
Conservative (1.12, 1.12) 1-4-13-16-22-25-34-35 Bus-Railway-Railway-Railway-Highway-Bus

It can be seen from Fig. 10 that the time expectation values
increase with the gain sensitivity coefficient increase and are
not affected by the loss sensitivity coefficient. Both the time
and cost expectation values are more significant than 0,
indicating that the travelers’ perception of time and cost are
beneficial under bounded rationality.

As shown in Fig. 11 and Fig. 12, the effect of the weight
loss coefficient and the weight gain coefficient on the
objective function is shown.

The Time Expectation Values
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Fig. 11. The effect of weight coefficient on p;

The Cost Expectation Values

Fig. 12. The effect of weight coefficient on p,

As can be seen in Fig. 11, the weight loss coefficient and
the weight gain coefficient jointly affect the expectation
values, with the increase of the weight gain coefficient, the
expectation time values fluctuate, and with the increase of the
weight loss coefficient, the expectation time values show an
upward trend. As can be seen from Fig. 12, the weight loss

coefficient is more sensitive than the weight gain coefficient,
the cost expectation values decrease with the increase of the
weight loss coefficient and increases with the increase of the
weight gain coefficient. It can be seen that the travelers’ path
chosen under bounded rationality is more consistent with the
travelers’ actual choice.

The weather reduction coefficient, the road crowding
coefficient, and the travel time reliability coefficient jointly
affect the time expectation values. Fig. 13 to Fig. 16 depict
the effect of these three parameters on the time expectation
values.
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Fig. 13. The effect of the road crowding coefficient and the weather
reduction coefficient on p;

As can be seen from Fig. 13, when the road crowding
coefficient is 0.2, and the weather reduction coefficient is 0.2,
the road crowding coefficient and the weather reduction
coefficient has the most significant influence on the objective
function B . With the continuous increase of the road
crowding coefficient and the weather reduction coefficient,
the road traffic is gradually smooth, the weather is gradually
better, and the objective function B slowly tends to be
stable.
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Fig. 14. The effect of the weather reduction coefficient and the travel time
reliability coefficient on p;
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As can be seen from Fig. 14, when the weather conditions
gradually improve and the punctuality rate of transportation
vehicles gradually increases, the time expectation values
gradually increase, and both parameters are positively
correlated with the time foreground value.
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Fig. 15. The effect of the road congestion coefficient and the travel time
reliability coefficient on p;

As shown from Fig. 15, both the road crowding coefficient
and the travel time reliability coefficient influences the time
expectation values. The time expectation values are more
significant than 0, indicating that the travelers’ perception of
time is beneficial under the road crowding and travel time
reliability coefficients.
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Fig. 16 The effect of the cost values coefficient and the comfort level on the
travel cost

As shown in Fig. 16 above, the cost values coefficient and
the comfort level impact the travel cost. The cost values
coefficient is proportional to the travel cost. In contrast, the
cost values coefficient is inversely proportional to the travel
cost, which confirms that the more crowded travel tools are,
the higher the travel cost.

VII. CONCLUDING

Considering the travelers’ bounded rational behavior, the
travelers’ intermodal transport optimization model iS
established, and the multi-objective hybrid quantum
evolution algorithm is designed to solve the model. The fuzzy
logic method is used to find a compromise solution from the
pareto solution set, which is used as the travelers’ decision
scheme. The simulation results show that:

When travelers have prior experience, they can judge their

travel paths and modes according to the satisfaction of prior
knowledge, which is more realistic than the scheme without
previous experience.

Based on considering the time expectation values and the
cost expectation values, combined with the carbon emissions
of travel, it provides a reference scheme for travelers’ travel
paths.

Further discussion and analysis are shown road crowding
coefficient, the weather reduction coefficient, and the travel
time reliability coefficient all affect the time expectation
values, but the weather reduction coefficient has a more
significant effect on the time expectation values. The road
crowding coefficient, the weather reduction coefficient, and
the cost value coefficient all influence cost expectation
values, but the weather reduction coefficient and the cost
value coefficient have a more significant influence on cost
prospect value.

In this paper, the heterogeneity of travelers is only
considered from the degree of risk of travelers, and the
travelers are not refined into specific groups, which will be
the content of our subsequent research.
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