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Abstract—To improve through operation (TO) plans between
urban rail transit (URT) and suburban railway (SR) systems,
this study overcomes the limitations of traditional transfer

modes in handling peak-hour cross-line (CL) passenger demand.

We develop a passenger choice behavior model integrating
cumulative prospect theory (CPT) and quantum decision theory
(QDT). This model quantifies passenger decision-making under
multi-attribute trade-offs (time, cost, comfort). A TO
optimization model is established with dual objectives:
minimizing passenger travel time and reducing operator costs.
We propose a chaos-enhanced non-dominated sorting genetic
algorithm (CNSGA) with opposition-based learning for solution
derivation. Case study results show that TO schemes reduce
total passenger travel time by 60.7% and operational costs by
30.1% compared to transfer-based connections. Sensitivity
analysis reveals two key findings: (1) Passengers with higher
time-value sensitivity prefer TO trains more strongly; (2) A
higher proportion of such passengers improves the time-saving
benefits of TO optimization. Although skip-stop strategies
improve travel time for TO flows, they may negatively impact
other passenger groups. This study provides a theoretical
foundation for coordinated planning in hierarchical rail
networks.
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Decision Theory

Rail Transit, Suburban
Cumulative Prospect Theory,
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Quantum

I. INTRODUCTION

ITH accelerating global urbanization, suburban areas
of metropolitan regions are becoming strategic
hinterlands for population decentralization and industrial
relocation [1], [2]. This trend creates substantial commuter
demand between urban cores and suburbs, placing significant
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pressure on transportation systems. Tokyo Metropolitan Area
data show daily cross-regional commuter volumes reach 2.86
million person-trips [3]. Conventional solutions involve
building high-density urban rail transit (URT) networks in
city centers and suburban railway (SR) systems in peripheral
regions. Transfer hubs connect these systems.

However, this line-separation mode has significant
limitations. As metropolitan regions expand and commuting
distances increase, traditional transfer systems struggle to
meet peak-hour CL passenger flow demands. Consequently,
scholars proposed the TO mode. TO achieves functional
complementarity and resource sharing across multi-level rail
transit systems. It transcends traditional boundaries, enabling
seamless cross-system train operations via URT-SR line
interconnections. Existing research addresses three main
aspects:

Firstly, in the aspect of TO feasibility analysis, early
studies focused mainly on optimizing single-level rail transit
operations, often neglecting network coordination. With
urban agglomeration and longer commutes, scholars
proposed  multi-level integrated operation  modes
emphasizing functional synergy. Examples include: Vigrass
et al. [4] investigating power supply for URT-SR
interoperability; Drechsler [5] analyzing shared-track
operations in Karlsruhe; Sato [6] examining Tokyo's TO
impact on Paris RER; and Novales et al. [7] identifying
technical challenges for trams on conventional railways.

Secondly, in terms of TO train plan optimization, Tang et
al. [8], [9] developed mixed-integer linear programming
models for express-local train scheduling under different
capacity conditions. Paebo et al. [10] proposed a bi-level
model for optimal skip-stop patterns considering passenger
behavior. Altazin et al. [11] used skip-stop to minimize
service recovery time. Shang et al. [12], [13] investigated
passenger equity in oversaturated networks. Later studies
advanced nonlinear programming for coordinated
optimization: Yang et al. [14], [15] used MINLP to quantify
express train benefits; Tang et al. [16] optimized scheduling
via station classification and flow allocation; Li et al. [17]
developed MINLP for stop patterns and dwell times; Chen et
al. [18] proposed nonlinear models minimizing deviations
under dynamic flows; Shao et al. [19] integrated timetabling
and stop planning with equity.

Regarding algorithmic approaches, traditional methods
like GA, SA, and PSO have limitations: slow convergence
and susceptibility to local optima. Recent advances
incorporated chaotic and quantum mechanisms. Zhu et al.
[20], [21] developed a chaos-based non-dominated sorting
GA (CNSGA). Jiao et al. [22], [23], [24] created adaptive
chaotic PSO with opposition-based learning.
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Thirdly, analysis of passenger travel behavior. Discrete
choice models (e.g., MNL) and expected utility theory
dominate research. However, their assumption of complete
rationality contradicts actual passenger decision-making

influenced by socioeconomic factors and bounded rationality.

Cumulative prospect theory (CPT) addresses this limitation
[25], [26], applied in route choice [27], [28], [29], travel time
uncertainty [30], [31], and multi-attribute tradeoffs [32]. To
handle multi-attribute decisions (time, cost, comfort),
quantum decision theory (QDT) complements CPT. QDT
conceptualizes decisions as probabilistic belief states, shown
by Martinez-Martinez [33] (Hamiltonian interactions),
Yukalov and Sornette [34] (quantum frameworks), and
Pothos and Busemeyer [35] (quantum cognition).

Despite progress, current research on multi-level rail
networks mainly focuses on transfer-based systems, with
limited TO exploration. Existing TO studies often
oversimplify passenger rationality and neglect multi-attribute
behavior. This study addresses these gaps with three key
contributions:

(i) We develop a CPT-QDT integrated passenger travel
choice model. CPT captures train selection under bounded
rationality, while QDT quantifies travel mode -choice
probabilities.

(i) We establish a multi-objective TO train operation
model considering passenger time value. It minimizes travel
and operating costs under constraints (passenger flow,
occupancy, frequency, station capacity).

(iii) We design a CNSGA incorporating opposition-based
learning. Logistic chaotic mapping improves traditional
algorithms to find optimal strategy sets.

The paper is organized as follows: Section II analyzes
passenger travel choice under bounded rationality; Section III
develops the TO operation model; Section IV details the
CNSGA; Section V presents case studies; Section VI
conducts sensitivity analysis; Section VII concludes.

II. PASSENGER TRAVEL CHOICE MODEL BASED ON CPT-QDT

Assume the travel mode set H = {/|g,b}, where g and
b represent passengers choosing through trains and local
trains, respectively. Considering passengers' travel choices
are influenced by factors such as time and cost, the value of

time vot(h) 1isintroduced to convert time into monetary cost.

The generalized travel time cost u: for choosing travel mode
h from station i to station j is
u: =T +TZ)-v0t(h)+z;f (1)

ij,w

Where, T:-ZW denotes the waiting time for travel mode £
between stations i and J; T, denotes the transfer time; Z:
indicates the cost (yuan) of travel mode % from station i to
J; vot(h) denotes the value of time coefficient (yuan/min)

for mode /.

Considering passengers' travel decisions are influenced by
factors such as time and comfort level, value functions for

time and crowding degree are constructed, denoted as v(us.)

and v(c;;) , respectively.

. o (Au,)* ,Au; 20
v(u,uy) = (2)
—x (=)’ Au, <0
(@-ey, e <!
v(c;,cg)={ o ﬁj L 3)
—x(c;—¢;)"s ¢ >¢

Where, a denotes the gain sensitivity coefficient, 0 < a <1;
p denotes the loss sensitivity coefficient, 0< f<1; y

denotes the loss aversion coefficient; u; and ¢; denote the

reference points for travel time and crowding degree, with
values corresponding to the generalized travel time cost
before the implementation of through trains and the average

. . h
crowding level across travel modes, respectively; ¢; denotes

[}

the crowding degree of travel mode / from station i to j

station.
The decision function a)(l;.’) is expressed as

' 0'(11.’? )”
6()(]; ) = h\p - hnp
(1= +o(l))

o denotes the discriminability parameter, p

,p>1 4)

Where,

denotes the attractiveness parameters.
Assuming passenger travel decisions primarily depend on
two factors—travel time 7 and comfort level Y, the

cumulative prospect value U for travel time and the
cumulative prospect value U I/Yh for crowding intensity under
travel mode h are calculated as
U" =v(uy)-o(l}) (5)
Yh h h
U;" = a(ly)-v(cy) (6)
Each subspace in Hilbert space is represented by a set of
measurement events | Z) , and the | Z) projection on the
coordinate axis y, represents the potential motivation |y, |

of each option. The square of its length is the probability
value corresponding to that option. The schematic diagram of
Hilbert two-dimensional space is shown in Fig. 1.

[6)1

1.

>

V)

V) 1le)

Fig.1. Schematic diagram in Hilbert two-dimensional space.

According to Fig. 1, in the initial state, the decision-maker
may choose either the through train g or the local train b;
these two options are represented by vectors | g) and | b),

respectively. , and y, denote the projections of | Z) on
the | g) and | b) coordinate axes. The longer the projections

|w, | and |y, |, the higher the probability of the option being

Volume 55, Issue 9, September 2025, Pages 2834-2846



TAENG International Journal of Applied Mathematics

selected. However, when multiple attributes (time 7, comfort
Y) jointly act on |Z) , the state of |Z) will change. A

schematic diagram of belief state variation is illustrated in
Fig. 2.

Local train g . )
Initial belief state
. . —_— T "~ V4
Congestion attnbut} ’ Vi VN ‘ ]> Time attribute
12,) / ) W SA|Z,)
1 b3
/ N\
/ \
I ay % \
£ N
N % S
T >
l//g3 ng l//gz Through train

Fig.2. Schematic diagram of changes in belief state.

According to Fig. 2, the initial belief state | Z,) evolves

under the influence of 7'and Y. This evolution is quantified by

the vector angle o, resulting in a superposition of states | Z,)
and |Z,) . For the choice alternatives Alt, ={| g)-|b)}
under travel option 4, the selection probability P: is given by

the squared modulus of the alternative across decision
attributes. Specifically:

Pl =P | Z) P=(Z %) =y [ (7
Where, P, |Z) denotes the probability of selecting travel

mode / under belief state | Z) ; !//;f denotes the amplitude of
passengers traveling from station i to j choosing mode #; x,
denotes the vector state of travel mode /; th | Z) denotes the

passenger's choice belief state.
For each passenger, among the given choice attributes, the

projection !//;f of option 4 is estimated as the cumulative sum
of subjective differences relative to other options. That is
vi=(6,+ 2, 4NN ®)
Where, A% denotes the subjective difference between
option g and option b for passengers traveling from i to j; &,
denotes the error term of option g; JN denotes the
normalization factor, calculated as the sum of squared

moduli.

Assuming the attribute set C={c|7,Y} influencing
choice behavior, the subjective difference 4/gb between

different options is computed using a linear difference
function

4" =2 AU U ©)
Where, S, denotes the relative importance coefficient of
attribute ¢; U% denotes the prospect value of attribute ¢ for
through-train passengers; U< denotes the prospect value of

attribute ¢ for local-train passengers.
The probability Pl.jh of choosing different modes of

transportation % is

(0, + z 4,)

h|2:4 b#g |2

h
Py =y 3 3
(21024, 1
h=g g#b

III. MATHEMATICAL MODEL

(10)

A. Problem Assumptions

The following assumptions are made:

(1) All passengers arrive approximately in a random
Poisson distribution per unit time, and passengers transfer at
most once, without considering passenger congestion.

(2) Passenger travel directions, origin-destination
characteristics, and OD passenger flows between stations
remain constant within the study scope.

(3) All trains operate with all-stop patterns, single routing
configurations, fixed formation sizes, and identical turn-back
times.

B. Problem Description
Let URT line Lg have station set s = {1, 2, ..., a, ..., m},
and SR line L, 'station set » = {m+1, m+2, ..., b, ..., n}. The

two rail lines connect at station m. Local trains of types S and
R operate on lines Ly and L, respectively. During peak
hours, a large number of CL passenger flows from line L to
line L, require transfers at connecting station 7. To mitigate
transfer inconveniences for passengers and operators,
through trains operate between station a and station b. All
three train types maintain all-stop patterns, with the analysis
period set as one peak hour. URT and SR train operation
under the TO mode is shown in Fig. 3.

Based on the operation routes of three types of trains, lines
L and L, are divided into four sections: D, =[l,a) ,

D, =[a,m), D,=[m,b), and D, =[b,n] .

sections D, and D, are exclusively operated by local trains,

Specifically,

while sections D, and D, accommodate both local trains
and TO trains.

\ Section D L Section D L Section D R Section D ,

' —_—— P P P P P P P P P p— p— > '
0000000000 N 0 -0-0-0-0-0--0-0-0-0-0--0
1 a m b n

| ® Train stop station M Connection station — line line |

Fig.3. URT and SR train operation under the TO mode.
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C. Objective Function Analysis

(1) Passenger travel time function

The total passenger travel time 7’ comprises waiting time,
transfer time, and in-vehicle time. The waiting time can be
approximated as half of the departure interval, and the

waiting time 7. for passengers traveling from station i to j is
given by

=30/f,.k=12,3 an
Where, f~ f,~ f; denote the departure frequencies (/hour)

of train S, through-operation trains, and train R, respectively.
A transfer penalty coefficient 7 is introduced to quantify
the time and physical effort associated with transfers. The

transfer time th at transfer station ¢ can be expressed as
th:T~((Dq/Vq)+Wq),‘v’qe(sur) (12)
Where, D, , w,, V, respectively denote the waiting time,

average walking distance, and average walking speed of
passengers at transfer station q.
The in-vehicle time includes both train running time and

dwell time. The in-vehicle time 7}/.2 for passengers traveling
from station 7 to j is given by

D SN AR (13)
Where, ¢ denotes the pure running time in section [i,i+1];
x, denotes whether through-operation trains stop at station i
(1 for stopping, 0 otherwise); #'" denotes the train dwelling

time at station i.
The overall travel time cost T for passengers is

anzj » TWH ThH TZH) (wC
h,C z,C
AL+ T )+ 8wz, 1 £2)
Where, 7"

y

(14)

Y;l.w’c denote the waiting times for passengers

traveling from station i to j via local route H and C

respectively; Yj/hH I " denote the transfer times for H-route

and C-route passengers; T ,

U 7;/.“ denote the in-vehicle

times for H-route and C-route passengers; & denotes the cost

conversion weight reflecting passengers’ sensitivity
differences between travel time and fare, set based on income
and trip purpose; ¥ denotes the daily working hours; u

Local-line travel H

denotes the statutory working days; z; denotes the ticket

fare for passengers traveling from station i to j; {2 denotes
the annual per capita income.
The passenger flow types on lines Liand L, include

passengers traveling only on the local line (denoted as H) and
CL passengers (denoted as C). The local line passenger flow
is further divided into four categories: HMM, HMK, HKM,
HKK; the CL passenger flow is also divided into four
categories: CMM, CMK, CKM, CKK. The classification of
passenger flow types is shown in Fig. 4.

Among them, the local line passenger flow (H) is divided
into the following two cases: casela and caselb, while the CL
passenger flow (C) includes: case2a and case2b, specifically:

Case la: HMM and HKK represent passenger flows
within the local line section with origin-destination stations
both being M or K, choosing only local trains or

through-operation trains. The travel times YZJHMM T, T for
HMM and HKK are

I = x, g, T 4 T
+§.(a-q-z{/ /.X)

HKK HKK,b
T :(l—x.-x-)~qij'(171, T

(15)

+pl/ ]:/HSKg)_FT:/H;(K-Fg (a q- Z /.X)
T =30/ 1, k={1,3}
T =30/1,

Case 1b: HMK and HKM represent passenger flows
within the local line section with origin/destination stations

being M or K. The travel times 7} HVK » I M for HMK and
HKM are

HMK THMK.D
T

_x (1 x) q:/ (p,/ ij,w
+p; - TUH\Ing)+7:jHi‘4K+§ (a-q-z;/x)

HKMb

=(-x)-x;-q; - (p; T,

T+ TN + & (a-q-2, / x)
k={1,3}

30/fk,
TS =(30/ £)+(30/£,),  k={1,3}

Case 2a: CMM and CKK represent CL passenger flows
with origin-destination stations both being M or K. These
passengers only take local trains or TO trains with one

transfer. The travel times T, , 7, for CMM and CKK

are

T
(16)
+plj

HMK,b
7’1‘/ w

Cross-line travel C

___________ A L
:_ HKK HKM I:_ CKK CKM I
I ------- T S IIA OI
I. M K M 1<\>/1||K M oK M M|
—_—— e —_———_ MMy ___ MM

[ O StationM StationK @ Connection station |

Fig.4. Passenger travel type classification.
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L™ = x e x; gy (TN + T + T
+&(a-q-z;/x)

T = (=x, - x)q, (T + T + T )
+&-(a-q-z;/x)

T =G0/ ) +B0/f5)
T =30/1,

Case 2b: CMK and CKM represent CL passenger flows
with origin/destination stations being M or K. The travel
times 7;/.CMK , 7;/.CKM for CMK and CKM are

CMK CMK b
T. T

+ps TS+ T Y+ & (aq -2,/ x)

(17)

ij,w ij,z
CKM __ b CKM, b
7:; _(l_xi).xj.qij'(p[j.]-;j,w (18)
CKM, CKM
+p5771w g+T;'j,z )+§'(G'Q'Z”/)€)
TN =30/ f,, k={1,3}

T =30/ f)+(30/ 1),

Therefore, the travel times 7' ,

passenger flow (H) and CL passenger flow (C) are
respectively

k={1,3}

Tl.l.C for local line

H _ ppHMM HMK HKM HKK
T =T TN T T (19)
C _ mCMM CMK CKM CKK
I =T I AT T 0)
Through comprehensive analysis, the objective function
72 aims at minimizing passengers' total travel time 7.

n-1 n
Z2=minz Z ];/.H +]"l].c+§'(a~q-zl]. / x)

i=1 j=i+l

21

(2) Enterprise operating cost function

Transport operator costs include fixed costs and variable
costs. Fixed costs only consider vehicle procurement and
depreciation costs, while variable costs include operation

costs related to train frequency. The fixed costs Z,, Z,, for
lines Ly, L, are respectively

Zsc =(_lelji +f‘232712)c1x (22)

Zrc = f‘SBST;Cr (23)

Where, B,, B,, B, denote the fixed formation numbers of
three types of trains (/unit) respectively; 7,, 7,, T, denote
the turnaround times of three types of trains respectively; C,,
C. denote the fixed vehicle costs per unit time (/yuan) on
lines Ly, L, respectively.

Among them, train turnaround time includes running time
between sections, dwell time at stations, and turn-back time.
The turnaround times 7}, 7,, T, for the three types of trains

are respectively

m—1 m-1
_ (Zizl t[rzm + Zi:Z tismp) +tmi

- 24
: 3600 60 29
b-1 b-1
;. t + ; t top
712 — (Zzza run Zl:tl+l i !)+ttui (25)
3600 60
n-1 n-1
ot + ) t.
T3 — (Zz:m irun Zr:mﬂ ’At"P) +tnﬂ (26)
3600 60

Where, ¢.

irun

denotes running time in section [i, i+1] (s); ¢,

stop

indicates dwell time at station i (s); ¢, denotes turn-back

turn
time at terminal stations (min).

Variable costs relate to train-kilometer operation and
service frequency. The unit vehicle-kilometer operating cost
for local trains follows local line standards,
through-operation trains follow local standards within the
local line section and CL standards beyond, thus the variable

costs Z,,, Z_ forlines Ly, L are respectively
m-1 m-1 bh-1
Zse = fiBleszLi +f‘ZBZesZLi +f‘2BZerzLi (27)
i=1 i=a i=m
n-l1
Zre = -f;BSerZLi (28)

i=m

Where, e, , e denote system operating costs per

vehicle-kilometer (yuan/vehicle-kilometer) on lines Lg, L,
respectively; L, denotes station spacing in section [i, i+1]
(km).
The total transport enterprise cost Z is expressed as
Z=2 V2 +Z +Z, (29)
Through comprehensive analysis, the objective functions
are set as minimizing enterprise total operating cost Z1 and
passenger travel time Z2. That is
Zl=minZ=(Z +Z +Z_+Z) (30)

n=1 n
Z2=min) Y T'+T; +&-(aq-z,/x)

i=1 j=i+l

1)

D. Constraints

(1) Passenger demand constraints. The transportation
capacity provided by trains operating in any section must
meet all passenger flow demands in that section.

S Xt SBEL, (32)
S Y4 SBESAEL) (Y
Y Y 4 SBESAE S BES ()
S ¥ 0 SAESELIBES 69

b<k<n
Where, S, B. respectively denote the full load rates of S
trains and R trains; E, (i=1,2) denote the passenger

of S
respectively; E . denotes the passenger capacity of R trains

capacities trains and through-operation trains

(persons).

(2) Departure frequency constraints. To ensure operational
service levels, train frequencies on lines must meet specific
requirements. For lines Ly, Ly, the combination of train

frequencies must satisfy minimum tracking interval
constraints while considering passengers' waiting time
should not be excessively long, thus the sum of frequencies
for both train types cannot be lower than the line's minimum
departure frequency. That is

Volume 55, Issue 9, September 2025, Pages 2834-2846



TAENG International Journal of Applied Mathematics

mein Sﬁ +f2 < Nscap
f‘Rmin < f2 +<f3 < Nl({:ap

Where, Ng*, N;* denote the carrying capacities of lines

(36)
(37)

Ly, Ly respectively; fo. » frmn denote the minimum
departure frequencies for lines Ly, L respectively.

(3) Vehicle utilization constraints. To prevent excessive
operational costs, the number of deployed vehicles must meet
specific conditions. That is

L+t,V L,
max{ ————= | f,B,,| — | /,B,} <B__. . 38
L +t,V L,+t,V,
max{ ———= | f,B,,| ——= | /,B,} <B 39

Where, L,,L,,L, denote the routing range lengths (/km) of
local train S, through-operation train, and local train R
respectively; L,,,L,, denote the routing range lengths (/km)

and [m,b]

maximum vehicle deployment number (units); ¥, denotes

respectively; B denotes the

max

of [a,m]

train operating speed (km/h); [—| denotes the ceiling

function.

(4) Turn-back station capacity constraints. To avoid
frequent turn-back operations of through-operation trains at
terminals, their departure frequencies must be limited. That is

60 +
ﬂglrt_—"ﬂez ’vﬁe[fmin’fmax] (40)
zh
Where, ¢, denotes train turn-back time.
(5) Through-routing range constraints. To ensure

through-operation trains turn back at appropriate stations,
turn-back station locations must be constrained. That is

l<a<m<b<n {a,mbneN"} (41)
(6) Variable integer constraint
S Lo fsabemneZ N fielf fud  (42)

IV. SOLUTION ALGORITHM
TO train scheduling model constitutes a large-scale integer
programming problem where computational complexity
increases exponentially with station quantity X, on the line.

Based on the constructed TO scheduling model, we designed
a chaotic non-dominated sorting genetic algorithm (CNSGA)
incorporating oppositional learning for optimization.
Compared with conventional genetic algorithms, CNSGA
employs chaotic mapping instead of random number
generators (applied in population initialization, crossover
operators, and mutation operators), effectively avoiding local

optima pitfalls.

Fig.6. Circuit diagram.

Start

Set the evolutionary algebra Gen=0 and
initialize the population P(Gen)
¥
Calculate the fitness values of individuals in P(Gen), and perform fast
non-dominated ranking and congestion degree calculation on P(Gen)

2

Binary tournament selection, crossover and mutation were conducted
on P(Gen) to generate the corresponding offspring population Q(Gen)

!

Combine the populations P(Gen) and Q(Gen) to generate R(Gen),
and calculate the fitness of individuals in population R(Gen)

Perform fast non-dominated ranking and congestion
degree calculation on the population R(Gen)

Combined with the elite strategy, suitable individuals are selected from
population R(Gen) to form the new generation population P(Gen+1).

NO

| Selection, crossover, variation |

End

Fig.5. Algorithm flowchart of CNSGA.

A. Strategy for Generating Initial Solutions from Chaotic
Maps Based on Oppositional Learning

Genetic algorithm performance is primarily evaluated
through global convergence and convergence speed. The
initial solution strategy using oppositional learning-based
logistic L,,,L,, chaotic mapping helps overcome premature
convergence and enhances population diversity. The logistic
mapping iteration equation is

Xg=r-X,-(1-X) (43)
Where, X, represents the mapping value at the 7 -th
generation; x, +1 denotes the updated mapping value at the
i+1-th generation; 7 is the control parameter with value 4.

By introducing generalized opposition-based learning
strategy, the algorithm simultaneously searches current
positions and oppositional positions during population
initialization. Let OF, represent the oppositional particle of
particle X, :

OP =K-(X5, +X2)-X, (44)
Where, K denotes a random number, K € (0,1); X2 , X2
indicate lower and upper bounds in the D-dimensional search
space.

To ensure positivity of oppositional particle relative values,
constraints are applied:

OP, =—OP., -oper(0.5+rand / 2),0P, <0 (45)
Where, rand represents a random number, rand € (0,1) ;
Simulation analysis from [21] demonstrates optimal

algorithm convergence when operation(s) takes value
[0.5,1].

L
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B.  Cross and mutation based on logistic chaotic mapping

If random number rc is smaller than crossover probability
pc, the algorithm executes simulated binary crossover (SBX)
operations following

X = %[(1 — )+ (4 B, ] (46)

X, = %[(1 FA +(1- H)x,] (47)
Jonsn .

5 (2u) s if u<0.5 (48)

Jnsn

1/2(1=u))" "V, other
Where, u is a random number between 0 and 1, which is an
indicator of the crossover operator and is generated using
logistic chaotic mapping u = X/ .

If the generated random number rm is smaller than
mutation probability pm, mutation operation is performed.
For solution X, the mutation follows

X =X +(X'-X))x5, (49)
Jow+1 .
Qu,) if u,<0.5
5.=1 : (50)

1/2(1-u, ))%"m W other
Where, u, is a random number between 0~1, A denotes the
crossover operator index generated by logistic chaotic
mapping, that is u, = X/ .

The CNSGA flowchart is shown in Fig 5.
V. CASE STUDIES

The Ls line of a certain city's rail transit has 13 stations
r={13,..,28} . The Lg line of the suburban railway has 16

s={1,2...,13} The

respectively, and the URT line and the suburban railway pass

stations station collections are

through the junction station 13 to achieve seamless operation.
The parameters of the weight function under profit

conditions: 6=0.72, p =1.19; otherwise J=0.76, p =1.21.
The composition of different types of trains: B =B ,=B,
=7. The fixed capacity of trains is 1460 people, the full load

rate .= =0.8, the turnaround time of trains at turnaround

stations £, =4 min, the minimum turnaround time interval
t, =2 min, and the passenger transfer travel time 7, =0.5
min. Distances: Lg =32 km, L; =28 km. The minimum
departure frequency f, .. A= f. . =5 pair/h, designed
throughput capacity N = N:* =30 pair/h, fixed vehicle

cost per unit time C, =45 yuan/vehicle-hour, C; =40

yuan/vehicle-hour, system operating cost per

vehicle-kilometer e, =12 yuan/vehicle-kilometer, €, =10

yuan/vehicle-kilometer. The schematic diagram of the circuit
is shown in Fig. 6. The study period was selected as the peak
hour. Passenger flow data is shown in Fig. 7.
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Fig.7. Analysis of long-term Peak-hour Passenger flow data.

As shown in Fig. 7, the distribution of inbound passenger
flow throughout the day follows a unimodal pattern with
significant morning peak characteristics. The morning peak

period of the line L is approximately 06:30-09:00, and the
morning peak period of the line L; is approximately
07:00-09:00. The selected study period is 07:00-08:00.

A. Model solution results
We used the Python 3.9.13 programming platform to solve
the model using the MOPSOCO algorithm. The parameters

were: population size M =200, external storage quantity N

=100, acceleration constant C2 =0.3, and inertia weight

coefficient @, ;, =0.4. The iteration process of the objective

function value is shown in Fig. 8.

As shown in Fig. 8, the designed CNSGA algorithm
effectively solves the target problem. As passenger total
travel time increases, enterprise total cost gradually decreases,
indicating a trade-off relationship between the two objectives

due to target conflicts.
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Fig.8. The double objective iterative curve is set with pareto frontier.

B. Comparison of Different Schemes

The optimal solution for enterprise cost (Solution A),
intermediate solution (Solution B), and optimal solution for
passenger time (Solution C) were selected to analyze the
Pareto frontier. The operation schemes corresponding to
these solutions are shown in Fig. 9.

Fig. 9(a) shows that Solution A (enterprise cost optimum)
minimizes transport costs by reducing train frequencies and
through-route length. However, this compromises passenger
comfort, service level, and time savings. This scheme is
suitable only for transitional stages with limited resources.

Fig. 9(b) shows that Solution B (intermediate) is a
balanced solution. service levels with
through-section [7,20],

coverage while balancing passenger time and enterprise cost.

Maintaining
it maximizes passenger flow

Fig. 9(c) shows that Solution C (passenger time optimum)
maximizes through-route coverage and increases train
frequencies to reduce travel time and improve service quality.
However, this requires more vehicles, increases purchase
costs, causes urban section congestion, and significantly
raises operating costs.

After analyzing these solutions, we constrained train load
factors to <100% and adopted fuzzy logic to select the ideal
solution from the Pareto front (Fig. 10). Fig. 10 shows that
the ideal solution falls within the compromise range,
selecting the same through-section as Solution B but with
optimized frequencies. This reduces enterprise costs while
improving passenger service levels, and is adopted as the
optimal solution.

The around 200

generations, with the total passenger travel time cost being

dual-objective values converged
64,699.9 minutes and the total enterprise operating cost
reaching 230,907.67 yuan. The stopping scheme for trains
running through regional [5,20] is [1,0,1,1,0,1,1,1,0,1,0,1,1].
When passenger flow and other parameters remain
unchanged, under the traditional transfer operation mode, the
peak-hour operation frequency for Line [missing identifier] is
[missing value] trains, and the operation frequency for Line
[missing identifier] is [missing value] trains. A comparison of
the operation plans before and after optimization is shown in
Table 1.

f,=10 f,=6 f,=8
€ o o o o W o W A m A A 2
1 2 3 4 eeeees 9 eeeens 13 14 15 16 eeeeee 25

® Subway station B Connection station A Urban station
(a) Scheme A- Optimal Solution for the total cost of the enterprise

f, =10 f, =6 f, =10
€ o o o H_eo o W A _A_m_ A a
1 2 eeeees T e 13 14 eeeees 20 eeeees 25

® Subway station

B Connection station

A Urban station

(b) Scheme B- Intermediate solution
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TABLEI
THE COMPARISON OF THE OPERATING PLAN RESULTS BEFORE AND AFTER OPTIMIZATION

operation scheme Z1/min Relative savings Z2/yuan Relative savings
Integrated operation 64699.98 60.7% 230907.67 30.1%
Transfer connection 164691.76 - 330498.06 -

According to Tab.1, compared to the traditional transfer

and connection mode, the TO train operation plan saves 60.7%

and 30.14% in Z1 and Z2, respectively. According to the data
analysis results, the operation of through trains has brought
savings to both passengers and enterprises, verifying the
feasibility of the constructed operation plan. According to
Table 1, compared to the TO station stop mode, the TO cross
station stop mode saves 19.26% in passenger travel costs, but
increases 1.89% in enterprise operating costs. Therefore, the
integrated operation and cross station stop mode have a dual
impact on passengers and businesses. Compared with the
transfer connection mode, it can significantly reduce the
travel time of CL passengers. However, compared with the
TO station stop mode, due to the complex operational
organization conditions required, the operating costs of

enterprises actually increase.

VI. PARAMETER ANALYSIS

A. Cross station stop mode saves travel time for different
passenger flows

To analyze skip-stop mode's impact on travel time across
passenger flow types, the proportions of HMM, HKM, HMK,
HKK, CMM, CMK, CKM, and CKK flows relative to total
passenger volume were calculated. Simultaneously, the
average travel times of these eight flow types under skip-stop
and all-stop modes were compared. Travel time savings
comparisons under different modes are shown in Fig. 10.

As seen in Fig. 11, the skip-stop mode demonstrates
significant advantages in improving travel efficiency. Further
analysis shows that CKK and HKK passenger flows achieve
substantial time savings of 2.36/min and 5.13/min

respectively through skip-stop operations. However, for
CKM, CMK, and SKM passenger flows, time savings are
relatively small, and travel time may even increase (HMK,
HMM, CMM).
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(b) Average time saved by various types of passenger flow
Fig.11. Comparison of travel time savings in different modes.

B. The impact of profit sensitivity coefficient o , loss
sensitivity coefficient 8, discrimination parameter ¢, and

attractiveness parameter p on the cumulative prospect value
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Considering the impact of relevant key parameters in the
value function on the cumulative prospect value, the

influence of these key parameters is shown in Fig. 12.
4.1

2.5

(a) Effect of Parameters ¢~ £ on U

23

0.5

0.2

(b) Effect of Parameters O~ 0O on U

Fig. 12. The Influence of Key Parameters in the Value Function on the
Cumulative Prospect Value U.

As shown in Fig. 12, the cumulative prospect value U
increases with the increase of @ and £ . Meanwhile, it can
be seen that the gain sensitivity coefficient & has a greater
impact on the cumulative prospect value than the loss
sensitivity coefficient S . This indicates that when path travel

time is less than passengers' expectations, passengers tend to
exhibit risk-averse psychology. Simultaneously, the
cumulative prospect value U increases with the increase of
O but decreases with the increase of p . This demonstrates
that the discriminability parameter O has a far greater
influence on the cumulative prospect value than the
attractiveness parameter p .

C. The impact of time value on passenger selection
probability

To explore the complex mechanism of mutual influence
between passengers' time value and choice probability, we
take the time value vot (k) of passengers choosing through
trains as an example, analyze the changes under different vot
(k) values. The impact of time value on passenger choice
probability is shown in Fig. 13(a) and 13(b).

0.8
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0.5 //
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0.2
0.1 7
0.0 f————~
0.0 0.2 0.4 0.6
Selection probability

0.8 1.0

(a) Profile P,; of the Influence of vot (g) Pair

(b) Three dimensional Line Chart of the Influence of vot (g) Pair

Fig.13. The influence of the value of time on the probability of passengers
choice.

As shown in Fig. 13, the probability of passengers
choosing through trains is positively correlated with the time
value vot (k). When vot (k) > 0.5, the probability of passenger
flows between [D2, D3] and between [D2, D4] choosing
through trains is the highest, indicating their most urgent
demand for through trains. Therefore, when vot (k) > 0.5 and
there exists significant CL passenger flow, operating through
trains has higher necessity; whereas when vot (k) < 0.5, the
probability of passengers choosing through trains is relatively
low, and the demand for operating through trains is relatively
small. In summary, when passengers' time value is high,
operating through trains can effectively meet travel demands
and improve transportation efficiency. In actual rail transit
operations, through-train operation plans should be
reasonably formulated based on passengers' time value and
flow characteristics to maximize operational benefits.

D. The disurbance effect of the ratio of vot (g): vot (b) on
the operation plan

The proportion of time value vof(g) for passengers
choosing through trains to time value vo#(b) for passengers
choosing local trains can be divided into three cases:
0<vot(g):vot(b)<1, vot(g):vot(b)=1, and vot(g):vot(b)>1.We
take Pareto solutions under different ratios of vo#(g):vot(b) to
compare the impact on operation plans before and after
considering passenger travel time value. The Pareto solution
sets under different vot(g):vot(b) values are shown in Fig. 14.
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(b) Pareto solution at vot (g): vot (b)=1

According to Fig. 14, it can be seen that when the time
value ratio is 0.5 (Fig. 14a), the curves before and after
considering the time value basically overlap, indicating that
the difference in passenger time value has a weak impact on
the optimization results at this time. As the ratio increases to
1 (Fig. 14b), the two curves begin to separate, and the
solution considering time value shows a downward trend in
both operating costs and passenger travel time.
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Fig.14. The impact on the operation plan before and after considering the
value of time.

When the ratio further increases to 1.5 (Fig. 14c) and 2
(Fig. 14d), the curve spacing significantly widens, and the red
curve (considering time value) shifts significantly to the left
on the passenger travel time cost axis compared to the black
curve (not considering time value), indicating that the
increase in time value difference would enhance the
optimization effect: a higher vot (g): vot (b) ratio prompts the
TO plan to be more inclined to reduce the travel time cost of
high time value passengers, while adjusting the operation
plan to achieve an effective balance of total system cost,
verifying the leverage effect of time value difference in
collaborative optimization operation efficiency and
passenger travel.

E. The influence of operating frequency on different types
of passenger flows

The operating frequencies of three train types differentially
impact passenger flows. To analyze this, adjustment plans for
departure frequencies are denoted as F(Af},Af,,Af,) .
Changes in average travel time per OD interval and passenger
flow attraction under frequency adjustments were examined.
Impacts on different passenger types are shown in Fig. 15.

As seen in Fig. 15, passengers traveling within [D, —D;]

and [D, — D, ] intervals are most sensitive to through-train
frequency f,. When f, increases (e.g., Scheme F(-1,2,-2)),
the proportion of CL passenger flow (passengers in
[D,—D,] and [D,-D,;]) increases by 12%. [D, —D,]
passengers are more sensitive to f, , while [D,—D,]

passengers are mainly affected by f,. However, overall,

passenger flows within urban rail and regional lines remain
relatively "quiet": average travel time fluctuates only +2min,
with flow proportion stabilizing at 20%-25%, indicating
service saturation. Therefore, increasing f, attracts more

passengers to choose through trains while reducing CL travel
time.

However, extreme frequency adjustments cause flow
imbalance. Scheme F(-1,2,-2) increases travel time for
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[D, —D,] passengers by 28% and decreases flow proportion
by 8%. When reducing f; in Scheme F(3,0,-1), [D, - D,]

travel time increases by 22%, with flow shifting to [D, — D, ].
Thus, excessive increase of f, with reduction of f,/ f; may

cause insufficient service in certain sections, prolonged travel
times, or flow imbalance.
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Fig 15. The impact of the operation frequency adjustment scheme on
different types of passenger flows

F. Fairness Analysis of Through Operation

Through trains consume partial resources of local lines.
To analyze the impact of through-train operation on urban
rail local lines and suburban railway local lines, and to
explore the fairness of through operation, variations in travel
time change rates for passengers across different zones are
illustrated in Fig 16.

s shown in Fig 16(a), passenger travel time changes
exhibit a distinct spatial gradient: the most significant
increase occurs in the urban rail line segments (Stations 1-5),
forming a red high-impact zone. The impact gradually
diminishes as stations extend towards the suburbs (Stations
5-13). The cross-line zones (Stations 14-20) form a blue
valley with significantly reduced times, while the impact
levels off in the outer suburban areas (Stations 22-28). This
demonstrates that passengers in the urban core bear the
primary negative effects, whereas those in cross-line zones
gain the most benefits, reflecting the efficiency-fairness
trade-off in transportation system optimization.

As seen in Fig 16(b), a striking "twin-peak and single-valley"
topography emerges: the urban core (Stations 4-8) appears as
ared peak, while the cross-line zone (Stations 14-20) forms a
blue valley, visually illustrating the differential impacts of

through operation. The magnitude of time change increases
with proximity to the city center and attenuates with distance,
indicating greater sensitivity to operational adjustments
among central urban passengers.
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Fig 15. The variation in the rate of change of passengers' travel time in
different regions

Therefore, while through operation resolves efficiency
losses in cross-modal connections through spatiotemporal
resource redistribution, it partially transfers costs to local-line
passengers. This inherent "efficiency gains-cost shifts"
trade-off in multi-level rail network coordination requires
improvement through scheduling and demand management.

VII. CONCLUSION

1) This study innovatively applies CPT-QDT theory to
URT-SR through-operation research, constructing an
optimization model integrating multi-attribute passenger
behavior. It reveals complex mechanisms of passenger flow
allocation and operational resource coordination under
bounded rationality, providing theoretical basis for
multi-level rail network coordination. Practical applications
require dynamic parameter adjustments based on line
characteristics to enhance model adaptability.

2) Compared to transfer mode, through-operation
reduces average CL travel time by 8.32min, with total
passenger travel time and enterprise operating costs reduced
by 60.7% and 30.1% respectively.
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3) Parameter analysis indicates, Passengers with high
time value show greater preference for through trains, and an
increased time value ratio significantly enhances
optimization effects. While skip-stop patterns reduce overall
passenger travel time, their potential negative impacts on
certain passenger flows require careful trade-offs. Although
through operation improves cross-line efficiency, it transfers
time costs to urban core passengers, creating a spatial
disparity characterized by "efficiency gains-cost shifts."
Future efforts should focus on targeted optimization of
scheduling strategies to enhance equity across regions.

4) Future research should: integrate real-time passenger
data; develop time-varying parameter frameworks to enhance
adaptability to sudden demands; explore coordination
mechanisms between through-operation and other transport
modes; thereby improving regional transport network
resilience.
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