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Abstract. The problem to be solved for the urban rail train operation strategy optimiza-
tion is to find an optimal solution which can take account of various optimization indexes.
Therefore, the multi-objective optimization model for the urban rail train operation is es-
tablished with energy consumption, punctuality, comfort level and parking precision as
optimization indexes. An improved Memetic Algorithm (MA) is used to solve the multi-
objective optimization model under the operating constraints. In the framework of MA,
its global search strategy adopts Genetic Algorithm (GA), and its local search strategy
uses the predatory search mode based on the urban rail train’s own characteristics. In
GA, the convergence rate of the algorithm is improved by adjusting the selection pressure
adaptively according to the number of iterations. Besides, to avoid MA falling into the
local optimum in the optimization process as far as possible, the dynamic Opposition-
Based Learning (OBL) mechanism is adopted to produce the opposite population, which
expands the global search scope. The simulation results show that the improved MA has
better optimization performance, compared with the classical MA and GA.
Keywords: Urban rail train, Memetic algorithm, Genetic algorithm, Opposition-based
learning, Multi-objective optimization

1. Introduction. The urban rail train operation is a complicated control process which
needs to satisfy multiple performance indexes such as safety, energy saving, punctuality,
parking precision and comfort level, and these performance indexes are influencing each
other [1,2]. Besides, the urban rail train operation strategy optimization is that the best
one among many feasible urban rail train operating strategies is chosen under the given
line constraints [3,4]. It is necessary to establish the multi-objective optimization model
for the urban rail train to obtain a better train operating strategy.

For now, a large number of methods have been applied to the multi-objective opti-
mization of the urban rail train operating process, such as GA, fuzzy predictive control,
Particle Swarm Optimization (PSO), and linear programming method. In [5], aiming
at the multi-objective optimization strategy of the train, an improved GA is proposed,
in which the penalty function is added to the fitness objective function to improve the
convergence speed of GA. At the same time, the five performance indexes are considered,
namely, safety, parking accuracy, punctuality, energy consumption and comfort. In [6],
the structure and function of Automatic Train Operation (ATO) system are analyzed
in detail, and the fuzzy predictive control for ATO speed tracking system is designed
by combining fuzzy logic and predictive control. The simulation results show that the
performance indexes such as safety, comfort and parking accuracy have been significant-
ly improved. In [7], a robust optimization technique based on multi-objective PSO is
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proposed for ATO system, and an optimal pareto front with robust ATO velocity dis-
tribution is constructed, which considers two performance indexes of running time and
energy consumption. Besides, the use of statistical information about delays provides ad-
ditional energy savings between 3% and 14%. In [8], an efficient and energy-saving train
operating model based on real-time traffic information is built by using the method of the
linear programming, and the energy saving operating strategy is derived by combining
analysis and numerical value. In this way, the delayed trains can be kept on time at the
next station and the energy consumption can be reduced. In [9], aiming at the problem of
energy saving and efficient operation for subway trains, a bi-level programming model of
multiple interstations is established. And the Multi-Population Genetic Algorithm (MP-
GA) is used to solve the model, followed by calculating the energy-efficient trip times.
Comparing with only optimizing the driving strategy for a single interstation, the pro-
posed method has better searching performance. In [10], the multi-objective optimization
model for the train operation adjustment is established, whose optimization objective is
to reduce the delay time of the train and the numbers of delay train. Considering the
dispatcher’s preferred strategy, a Multi-objective Particle Swarm Optimization (MPSO)
algorithm is used to obtain a set of Pareto solutions.
References [5-10] have made great contributions to the multi-objective optimization of

urban rail train operation process, but there is no denying that the better results may be
also achieved by using other optimization algorithms. MA is an optimization algorithm
based on simulated cultural evolution proposed by Pablo Moscato, and it is a combination
of the global search and local heuristic search [11]. In [12], aiming at the multi-objective
optimization model under real-time electricity price, an adaptive multi-objective MA is
proposed, and the crossover advantage and stagnation feedback are introduced into the
search and priority grouping strategy. In addition, an adaptive balance also needs to
be maintained between the exploration of NSGA-II and the two complementary local
searches. In [13], for the vehicle routing problem with route balancing, a Multi-objective
Memetic Algorithm (MMA) is proposed, which integrates the local search process into
the multi-objective evolutionary algorithm. And MMA is further improved by parallel
computing. In [14], an improved MA is proposed by integrating a general multi-objective
evolutionary algorithm (NSGA-II) and a problem-specific heuristic (NEH) for two opti-
mization objectives of shop scheduling. NEH is taken as an improved program of MA,
and better optimization effect is achieved. Therefore, in this paper, MA is adopted to
search the urban rail train operation strategy. GA is an optimization algorithm developed
by simulating the evolution of natural species, and it has strong global search ability [15].
So, the global search strategy of MA adopts GA, and the optimization performance of
the algorithm is improved by adjusting the selection pressure adaptively according to
the number of iterations. In addition, predatory search algorithm is a bionic comput-
ing method that simulates animal predatory strategy proposed by Linhares Alexandre in
1998, and it has strong local search ability. Inspired by the predatory search strategy,
the local search strategy of MA adopts the predatory search mode based on the urban
rail train’s own characteristics. In order to expand the search scope of the MA, the OBL
mechanism is used to generate the opposite population according to the current popula-
tion [16]. The current population and opposite population are combined for the selection
of the offspring population.
This paper is organized as follows. Section 2 describes the operation conditions for

urban rail train. In Section 3, the multi-objective optimization model for urban rail train
is built, and the entropy weight method is used to weight all the indexes. In Section 4, an
improved MA is proposed to solve the multi-objective optimization model for urban rail
train under the operating constraints. In Section 5, MATLAB simulation results show
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that the improved MA has better optimization performance. The conclusion is described
in Section 6.

2. Problem Description for the Urban Rail Train.

2.1. The operating conditions of the urban rail train. According to the principle of
energy-saving operation for urban rail train, it starts with the maximum traction, stops
with the maximum braking force, and maintains coasting operation or constant speed
state during the running process as far as possible, which can reduce energy consumption
to the greatest extent. Therefore, the operating conditions for urban rail train are divided
into the maximum traction (which is represented by 1), the maximum braking (−1), the
coasting operation (0) and the constant speed state (0.1). The coasting operation state
represents that the urban rail train exerts no traction or braking force. When the urban
rail train travels in the same section, the operating results obtained by different operating
conditions are different. In this paper, taking the operating conditions and the switching
positions corresponding to the operating conditions as the decision variables (the train
control sequence), MA is used to solve the multi-objective optimization model of the urban
rail train. To describe the decision variables more clearly, take Figure 1 for example.

s s s s s
s m

v km h

Figure 1. Schematic diagram for the urban rail train operation

In Figure 1, the urban rail train starts by using the maximum traction (1) from s1,
switches to ‘0’ operating condition at s2, accelerates by using ‘1’ operating condition at
s3, then switches to ‘0.1’ operating condition at s4, finally slows down by using ‘−1’
operating condition until it stops. {(s1, 1) , (s2, 0) , (s3, 1) , (s4, 0.1) , (s5,−1)} is a decision
variable, that is, an urban rail train control sequence.

2.2. Design of the initial operating conditions. In order to avoid the blind search of
MA, before solving the multi-objective optimization model of urban rail train operation,
the initial operating conditions are obtained according to the interval line conditions,
especially the speed limit. Any complex speed limit interval can be divided into three
speed limit subintervals, namely, the no static speed limit falling interval, the static speed
limit falling interval, the static speed limit falling and rising interval. The initial operating
conditions of the three speed limiting subintervals are shown in Figure 2.

In Figure 2, the urban rail train control sequences of the three speed limiting subin-
tervals are u1 = {(s1, 1) , (s2, 0) , (s3, 1) , (s4, 0.1) , (s5, 0) , (s6,−1)}, u2 = {(s1, 1) , (s2, 0) ,
(s3,−1) , (s4, 0.1) , (s5, 1) , (s6, 0) , (s7,−1)} and u3 = {(s1, 1) , (s2, 0) , (s3, 1) , (s4, 0) , (s5,
−1), (s6, 0.1) , (s7, 1) , (s8, 0) , (s9,−1)}, respectively. When the urban rail train keeps
coasting condition (0) or constant speed condition (0.1), the energy consumption is the
least. The initial operating conditions of the three speed limiting subintervals fully follow
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Figure 2. The initial operating conditions of the three speed limiting subintervals

the energy minimum principle, which can reduce the energy consumption to the greatest
extent. Taking u1 as an example, u1 is a chromosome which adopts the coding mechanism
of the real number, and (s1, 1) is a gene in u1. For any given interval, the number of genes
in the chromosome is fixed, that is, the length of the chromosome is fixed.

3. Operating Model for Urban Rail Train.

3.1. Urban rail train dynamic model. The differential equation of urban rail train
motion and constraint condition are

dt

ds
=

1

v

(1 + γ)Mv
dv

ds
= f(u, v)− w(s, v)− b(u, v)

(1)

s.t.

{
v(0) = v(S) = 0
v(s) ≤ vlim(s), s ∈ [0, S]

(2)

where M is the mass of the urban rail train; γ is the rotary mass coefficient; f(u, v) is
the actual traction of the urban rail train, which is determined by the control sequence
u and the actual running speed v of the urban rail train; w(s, v) is the resistance of the
urban rail train, which is determined by v and the actual position s of the urban rail
train; b(u, v) is the braking force of the urban rail train, which is determined by u and
v; v(0) and v (S) are the initial and final speeds of the urban rail train; S is the actual
distance between the two stations; v(s) and vlim(s) are the actual speed and restricted
speed of the urban rail train at the position s.
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3.2. Multi-objective optimization model for urban rail train. The urban rail train
operation strategy optimization is a complex multi-objective optimization problem that
needs to take into account multiple performance indexes such as safety, punctuality, en-
ergy saving, comfort level and parking precision at the same time. These optimization
indexes influence each other, and the importance of each index is not the same in the
process of the urban rail train operation. Therefore, in this paper, taking energy con-
sumption, punctuality, comfort level and parking precision as optimization indexes, the
multi-objective optimization model of the urban rail train operation strategy is built.
(i) The calculation model of energy consumption index for the urban rail train operation
is

E =

∫
Fvdt

ξM
+ AT + ξB

∫
Bvdt (3)

where E is the energy consumed by the urban rail train; F and B are the traction
force and braking force; A is the auxiliary power of the urban rail train; T is the actual
running time of the urban rail train between two stations; ξM is the conversion factor that
converts electrical energy into mechanical energy during the urban rail train pulling; ξB
is the conversion factor that converts mechanical energy into electrical energy during the
urban rail train braking.
(ii) The calculation model of the comfort level index for the urban rail train operation is

Q =
N∑
i=2

|ai − ai−1| (4)

where ai and ai−1 are the accelerations of the two adjacent sampling points.
(iii) The calculation model of the parking precision index for the urban rail train operation
is

P = |S − Sactual| (5)

where S is the distance between the two stations; Sactual is the actual running distance of
the urban rail train between the two stations. According to the regulation of the urban
rail train, P cannot exceed 30 cm, so that passengers can get on and off the train normally.
(iv) The calculation model of the punctuality index for the urban rail train operation is

∆T =

∣∣∣∣∣
N∑
i=1

Ti − Tset

∣∣∣∣∣ (6)

where the whole interval is evenly divided into N cells; Ti is the running time in each cell
(i = 1, . . . , N); Tset is the pre-set running time between two stations.

Based on E, Q, P and ∆T , the multi-objective optimization model of the urban rail
train operation can be obtained as follows.

min G
(
E, Q, P, ∆T

)
(7)

where G is the optimization objective function; min is used to minimize G.
In addition, the multi-objective optimization problem can be transformed into the

single-objective optimization problem by the weighted sum method. Therefore, the opti-
mization function G is processed as follows.

G = ω1E + ω2Q+ ω3P + ω4∆T (8)

ω1, ω2, ω3 and ω4 are respectively the weight coefficients of the four optimization indexes
(E,Q, P,∆T ).
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3.3. Entropy weight method. Entropy is originally a thermodynamic concept, and it
is first introduced by C. E. Shannon to the information theory, called information entropy.
C. E. Shannon has proved the following conclusion.
If the information entropy of an index is smaller, it indicates that this index has a

greater degree of variation and provides more information. The more important this
index is in the comprehensive evaluation, the greater its weight will be. On the contrary,
if the information entropy of an index is larger, it indicates that this index has less
degree of variation and provides less information. This index plays a smaller role in the
comprehensive evaluation and its weight is also smaller.
Therefore, in this paper, the entropy weight of the four performance indexes for the

urban rail train can be calculated by information entropy according to the variation degree
of each index. Then all indexes are weighted by entropy weight to get objective evaluation
results. The specific steps of entropy weight method are as follows.
(i) Data standardization
For m evaluation indexes, n sets of data are taken to construct the evaluation matrix

Xn×m as follows.

Xn×m =


X11 X12 · · · X1m
X21 X22 · · · X2m
· · · · · · · · · · · ·
Xn1 Xn2 · · · Xnm

 (9)

Equation (9) is normalized to obtain the normalized evaluation matrix Rn×m, and each
element Rij in Rn×m is

Rij =
Xij −min

i
(Xij)

max
i

(Xij)−min
i
(Xij)

(10)

(ii) The information entropy of each index
According to the definition of information entropy in information theory, the informa-

tion entropy Ej of the jth optimization index is

Ej = − ln (n)−1

n∑
i=1

pij ln pij (11)

where pij = Rij

/
n∑

i=1

Rij
(i = 1, . . . , n j = 1, . . . ,m). If pij = 0, then pij ln pij = 0.

(iii) The weight of each index
According to Equation (11) for information entropy, the information entropy of each

optimization index is

E1, E2, . . . , Em (12)

Then, the entropy weight of each index is calculated as

Wi =
1− Ej

m−
m∑
j=1

Ej

(13)

For four optimization indexes (E,Q, P,∆T ) of the urban rail train, in this paper, 25
sets of data are taken to form the normalized evaluation matrix Rn×m (m = 4, n = 25).
After the calculation, the weight ω1 of E is 0.4219, the weight ω2 of Q is 0.2856, the
weight ω3 of P is 0.1964, and the weight ω4 of ∆T is 0.0961.
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4. Urban Rail Train Operation Strategy Optimization Based on Improved
MA. The MA was first proposed by Pablo Moscato in 1989. In fact, the MA proposes a
framework, a concept, which can be defined as the collaboration between global population
evolution and local individual learning [17]. In this framework, different search strategies
can be used to construct different memetic algorithms. In the paper, the global search
strategy of MA uses GA, and the local search strategy of MA uses the predatory search
mode based on the urban rail train’s own characteristics. In addition, to avoid MA falling
into the local optimum in the optimization process as far as possible, the dynamic OBL
mechanism is adopted to produce the opposite population, which enlarges the search
scope.

4.1. Global search strategy using GA. GA is an optimization algorithm developed by
simulating the evolution of natural species. Based on the principle of biological evolution,
it simulates natural genetic processes such as crossover and mutation. New populations
are generated by simulating the process of natural selection. The essence of GA is an
efficient global search algorithm. So, the global search strategy for MA uses GA. The GA
includes selection operator, crossover operator and mutation operator, and three genetic
operators are designed as follows.

4.1.1. Selection operator based on adaptive change of selection pressure. The function of
the selection operator is to select some chromosomes from the parent population into the
offspring population for evolution. All chromosomes of the parent population need to be
sorted before the selection operator is performed. So, this paper adopts the linear sorting
method based on adaptive change of selection pressure for selection operator. Firstly,
all chromosomes in the population are sorted from largest to smallest according to their
fitness function values, and the sorted chromosomes are shown in Equation (14). Then,
each chromosome uj in the population is assigned a selected expected value p according
to the rules of the linear sorting method, and the calculation formula of p is shown in
Equation (15).

U = {u1, u2, . . . , un} (14)

p(uj) =
1

n

[
(2− pre) +

2(pre− 1)(j − 1)

n− 1

]
(15)

where U is a population; n is the population size; uj is the jth chromosome (j =
1, 2, . . . , n); pre is the parameter related to the selection pressure; when pre = 0, the
selection pressure is maximum, and the probability that the worst individual survives is
0. When pre = 1, the selection pressure is the minimum, and the individuals of the parent
population are randomly selected.

Therefore, according to the number of iterations, the selection pressure can be adjusted
adaptively to select the offspring individuals. At the early stage of the iteration, the
individual differences in the population are large, so the selection pressure is lower to
avoid the loss of population diversity. At the later stage of the iteration, the individual
differences in the population become smaller, so the selection pressure is higher to find
the optimal solution. The selection pressure increases as the number of the iterations
increases, which is as follows.

pre = 1− k/kmax (16)

where k represents the current iterative number; kmax is the maximum iterative number.
The selection pressure is inversely proportional to the value of pre.

After the linear sorting, the chromosomes in the parent population need to be selected
into the offspring population by means of the roulette, which is shown in Figure 3.
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Figure 3. The diagram of the roulette selection

In Figure 3, taking 9 chromosomes for example, the pointer on the wheel turns randomly
to generate a random number a between 0 and 1. If p1 < a ≤ p1 + p2, the chromosome
u2 is selected. The wheel needs to be turned 9 times to get 9 new chromosomes.

4.1.2. Crossover operator based on the linear reorganization. The crossover operator is
designed by the linear recombination method. Before performing the crossover operation,
the 8 genes from the two chromosomes (two train control sequences) to be crossed are
selected as the crossover points. The linear combination is conducted for the switching
positions of the operating conditions in the crossover points according to Equation (17),
and the operating conditions in the crossover points are interchanged, which is shown in
Figure 4. {

s1
′ = (1− α)s1 + αs2

s2
′ = (1− α)s2 + αs1

(17)

where s1 and s2 are the switching positions of the operating conditions in the crossover
points of the two chromosomes to be crossed; s1

′ and s2
′ are the switching positions of the

operating conditions in the crossover points of the two new chromosomes; α is a random
number between 0 and 1.

cross cross

Sort by the size of the switching position of the operating condition

u

u

u

u

u

u

Figure 4. The diagram of the crossover operator
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In Figure 4, E, F, H and I are the selected crossover points. u1 and u2 are the two
chromosomes that are used to perform the crossover operation, and they are represented
by two different colors. Since the train control sequence is sorted in ascending order ac-
cording to the size of the switching position of the operating condition, after the crossover
operation, the original control sequence may be disrupted. So, the new chromosomes need
to be reordered according to the size of the switching position of the operating condition.

4.1.3. Mutation operator using the multi-point mutation. Before the mutation operation is
performed, three genes are randomly selected as the mutation points in the chromosome
to be mutated. Linear combination is conducted according to Equation (18) for the
switching positions of the two operating conditions before and after the mutation point to
obtain the new switching positions of the operating conditions, which is shown in Figure
5.

si
′ = βs(i−1) + (1− β)s(i+1) (18)

where si is the switching position of the operating condition in the mutation point of the
chromosome to be mutated; si

′ is the switching position of the operating condition in
the mutation point of the new chromosome after the mutation operation; s(i−1) and s(i+1)

are the switching positions of the two operating conditions before and after the mutation
point; β is a random number between 0 and 1.

mutate mutate mutate

Figure 5. The diagram of the mutation operator

In Figure 5, there are three mutation points. The mutation operation only changes the
switching position of the operating condition, but not the operating condition.

4.2. Local search strategy based on the predatory search. In the framework of
MA, although GA has strong global search ability, its local search ability is weak. So, a
local search strategy based on the idea of the predatory search is designed. The idea of
the predatory search is as follows: First, search for feasible solutions in the whole solution
space, and change the search mode and strategy once a suboptimal solution is found
somewhere; then, search around the suboptimal solution; if a better solution cannot be
found, continue searching until it is found. Inspired by the predator search, the predatory
search strategy based on the urban rail train’s own characteristics is proposed.

The local search strategy takes the following approach: the kth chromosome in the
process of population evolution is called uk, and the optimization functions of uk in
the mth generation and the (m − 1)th generation are Gm(uk), Gm−1(uk). If Gm(uk) >
Gm−1(uk), the local search is not performed. If Gm(uk) < Gm−1(uk), it indicates that the
evolution direction of the mth generation of the chromosome uk is better, and the local
search is started. At this point, for the genes of chromosomes uk in the mth generation
and the (m− 1)th generation, there are three cases that can occur in the local search.

Case1: The switching position of the operating condition for a gene of the chromosome
uk in the mth generation is backward compared with that in the (m − 1)th generation,
which is shown in Figure 6.
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Figure 6. The backward switching position of the operating condition

In Figure 6, since the position s3 in the gene (s3, 1) moves from x to y, the position s3
in the gene (s3, 1) of the (m+ 1)th generation needs to move from y to z.

Case2: The switching position of the operating condition for a gene of the chromosome
uk in the mth generation is forward compared with that in the (m + 1)th generation,
which is shown in Figure 7.

s sss s

s sss s

s sss s

m

m

m

Figure 7. The forward switching position of the operating condition

In Figure 7, since the position s3 in the gene (s3, 1) moves from u to v, the position s3
in the gene (s3, 1) of the (m+ 1)th generation needs to move from v to w.

Case3: The operating condition for a gene of the chromosome uk in the mth generation
changes compared with that in the (m− 1)th generation, which is shown in Figure 8.
In Figure 8, the operating condition in the gene (s3, 1) changes from ‘1’ to ‘0.1’. So, the

position s3 of the gene (s3, 0.1) of the (m+1)th generation needs to be randomly generated

s sss s

s sss

s sss

m

m

m

s sss s
m

s

s
k
u

k
u

Figure 8. The change of the operating condition
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within the range of p to q. s3 might move forward, as shown on the chromosome uk
′. s3

could also move backward, as shown on the chromosome uk
′′.

4.3. The MA based on the OBL mechanism. The concept of OBL was proposed
by Tizhoosh in 2005, and he explained that the opposite solution was 50% more likely to
approach the global optimal solution than the current solution. The main idea of OBL
is that the opposite individuals are generated based on the current individuals. Then
the opposite individuals and the current individuals participate in the competition at the
same time, and the excellent individuals are reserved for the next generation. The OBL
mechanism is defined as follows.

Definition 4.1 (Opposite solution). Let a feasible solution in N-dimensional search
space be xi = (xi1, xi2, xi3, . . . , xiN), xij ∈ [aj, bj], j ∈ [1 : N ]. And let the opposite solution
be xi

′ = (xi1
′, xi2

′, xi3
′, . . . , xiN

′), which satisfies Equation (19).

xij
′ = aij + bij − xij (19)

Definition 4.2 (Generalized opposite solution). Let xij
′ = k (aj + bj) − xij be the

generalized opposite solution, where xij ∈ [aj, bj], i = 1, 2, . . . , pop, j = 1, 2, . . . , N . pop is
the population size, and N is the dimension of the search space. k in Definition 4.2 can
take on different numbers. When k = 0, xij

′ is a generalized OBL based on the symmetry
solution; when k = 0.5, xij

′ is a generalized OBL based on the symmetry interval; when
k = 1, xij

′ is a generalized OBL; when k is a random number between 0 and 1, xij
′ is a

stochastic generalized OBL.

Definition 4.3 (General dynamic OBL). Let xij
′ = k (aj

′ + bj
′) − xij be the general

dynamic opposite solution, where aj
′ and bj

′ are the minimum and maximum values in
the jth dimension of the current search space.{

aj
′ = min (Bj)

bj
′ = max (Bj)

(20)

where Bj is the set of all the values in the jth dimension of all the individuals in the
current population; k ∈ [0, 1] is the factor of the general dynamic OBL.

The experiment results show that the third definition is more effective, so the third
definition is applied to the MA. The general dynamic OBL strategy is shown in Figure 9.

Figure 9. The diagram of the general dynamic OBL
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In Figure 9, the opposite population is generated by using the general dynamic OBL
strategy according to the current population. Next, the current population and the op-
posite population are merged into a union. Then, the excellent individuals are chosen
from the union to form a temporary population, whose size is the same as the current
population size. Finally, the temporary population is used for selection, crossover and
mutation operations. The advantage of the general dynamic OBL mechanism is that it
not only expands the search scope but also avoids invalid search, so that the individuals
can converge to the global optimal solution more quickly.
Finally, the flow chart of IMA for the urban rail train operation strategy optimization

is shown in Figure 10.

jG u

j

pre j
p u pre

n n

pre k k

s s s

s s s
i is s s

ij j j ij

ij j j

x k a b x

x a b

Figure 10. The flow chart of IMA

5. The Experimental Simulation.

5.1. Relevant data of train. This paper selects the urban rail train of Jinpu line 1 in
Dalian as the research object, and two sections are selected as the experimental line. The
basic parameters of the urban rail train are shown in Table 1, and the slope attributes
and the speed limit attributes of the line are shown in Figure 11.

Table 1. The basic parameters of the urban rail train

Parameter name Parameter characteristics
Train weight (t) 209
Maximum running speed (km/h) 80
Formation plan 2 motor 2 trail
Mean starting acceleration (m/s2) (0∼35 km/h) ≥ 1.0
Mean acceleration (m/s2) (0∼80 km/h) ≥ 0.6
Mean braking deceleration (m/s2) (80∼0 km/h) ≥ 1.0
Rotary mass coefficient (γ) 0.06
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Figure 11. The slope attributes and the speed limit attributes of the line
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Figure 12. The velocity distance curves and the control sequences ob-

tained by different algorithms
(
T̃ ∈ [401 s, 404 s]

)
5.2. Multi-objective optimization results of the urban rail train operation pro-
cess. Based on MATLAB simulation environment, the Basic Genetic Algorithm (BGA),
the Basic Memetic Algorithm (BMA) and the Improved Memetic Algorithm (IMA) are
used to solve the multi-objective optimization model of the urban rail train operation
process respectively for the Jinpu line 1. For BMA, its local search strategy adopts B-
GA, and its global search strategy adopts Hill Climbing Algorithm (HCA). The optimal
curves by different algorithms are shown in Figures 12-14, and the optimization results
obtained by different algorithms are shown in Tables 2-4, including energy consumption,
punctuality, comfort level, switching number of operation condition (which is also called
frequency) and parking error. This paper selects 3 pre-set times (401 s, 414 s and 432 s),
where T̃ is the actual running time of the urban rail train.

In Figures 12-14, IMA enables the urban rail train to maintain the appropriate speed
more smoothly. For the control sequences obtained by IMA, the proportion of the time
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Figure 13. The velocity distance curves and the control sequences ob-

tained by different algorithms
(
T̃ ∈ [414 s, 417 s]
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Figure 14. The velocity distance curves and the control sequences ob-

tained by different algorithms
(
T̃ ∈ [432 s, 435 s]

)
Table 2. The optimization results obtained by different algorithms

(
T̃ ∈ [401 s, 404 s]

)
Algorithm Energy consumption Punctuality Comfort level Frequency Parking error

IMA 211546 KJ 0.912 s 35.72 m/s2 29 0.23 m

BMA 219547 KJ 1.210 s 40.89 m/s2 35 0.36 m

BGA 230214 KJ 1.654 s 45.10 m/s2 33 0.41 m

consumed by the coasting condition (0) and the constant speed condition (0.1) is relatively
large, and the conversion frequency of the traction and braking condition is also less, which
can save energy consumption and improve passengers’ comfort. Compared with BMA and
BGA, when the pre-set time is large, IMA can keep the train in the coasting condition
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Table 3. The optimization results obtained by different algorithms
(
T̃ ∈ [414 s, 417 s]

)
Algorithm Energy consumption Punctuality Comfort level Frequency Parking error

IMA 182135 KJ 1.112 s 32.54 m/s2 26 0.14 m

BMA 199854 KJ 1.812 s 38.24 m/s2 34 0.22 m

BGA 209754 KJ 1.998 s 41.45 m/s2 38 0.33 m

Table 4. The optimization results obtained by different algorithms
(
T̃ ∈ [432 s, 435 s]

)
Algorithm Energy consumption Punctuality Comfort level Frequency Parking error

IMA 152461 KJ 1.333 s 29.54 m/s2 25 0.14 m

BMA 156542 KJ 2.002 s 35.61 m/s2 25 0.25 m

BGA 164587 KJ 2.105 s 37.68 m/s2 28 0.27 m

(0.1) as far as possible on the long straight track, which is as shown in Figure 14. When
the preset time is small, IMA enables the urban rail train to accelerate in a reasonable
manner timely, thus avoiding unnecessary traction and braking conditions to the greater
extent, which is as shown in Figure 13. Obviously, the control sequence obtained by IMA
is conducive to energy saving and avoiding turbulence.

In Table 2, the energy consumption obtained by IMA is 3.64% and 8.11% lower than
that of BMA and BGA, and the punctuality index obtained by IMA is 24.63% and
44.86% higher than that of BMA and BGA. In Table 3, the energy consumption obtained
by IMA is 8.87% and 13.17% lower than that of BMA and BGA, and the punctuality
index obtained by IMA is 38.63% and 44.34% higher than that of BMA and BGA. In
Table 4, the energy consumption obtained by IMA is 2.61% and 7.37% lower than that
of BMA and BGA, and the punctuality index obtained by IMA is 33.42% and 36.67%
higher than that of BMA and BGA. Therefore, for different pre-set times, the punctuality
index obtained by IMA has particularly great improvement, up to 44.86%. The energy
consumption index obtained by IMA has also improved, not as much as the punctuality
index. In Tables 2-4, as the pre-set time T̃ increases (the average speed decreases), the
energy consumption obtained by different algorithms decreases obviously. Besides, the
switching number of the operation conditions for the control sequence obtained by IMA
is the least, which can greatly improve the passengers’ comfort level. Under the different
pre-set times, compared with BMA and BGA, the comfort index obtained by IMA is
better and the parking error obtained by IMA is lower.

Therefore, the simulation results verify that IMA has better optimization performance
for the urban rail train operation strategy optimization.

6. Conclusions. MA is a swarm intelligence optimization algorithm with strong search
ability, which is suitable for solving the complex engineering practical problem such as
the urban rail train operation process optimization. However, the convergence rate of the
basic MA is slow, and it tends to fall into the local optimality. Therefore, in this paper,
an improved MA for the urban rail train operation strategy optimization is proposed.
Since GA has a strong global ability, GA is adopted as the global search strategy of MA.
And the convergence rate of GA can be accelerated by adjusting the selection pressure
adaptively according to the number of iterations. Besides, the local search strategy of MA
adopts the predatory search based on the urban rail train’s own characteristics, which
greatly improves the optimization performance of MA. Finally, the general dynamic OBL



256 K. LIU, X. WANG AND L. WANG

mechanism is introduced into MA produce to the opposite population, which can expand
the search scope and avoid local convergence.
There are many kinds of frameworks for MA, and only one of them is deeply studied

in this paper to achieve good results. To achieve better results, the research on various
frameworks for MA is needed in the future.
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