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Abstract. The whale optimization algorithm (WOA) has strong global search ability in single-objective 
optimization, but its application in multi-objective train operation process optimization is still limited, 
and tends to suffer from premature convergence and poor solution-set diversity. To address this, this paper 
proposes a decompose multi-objective whale optimization algorithm (DMOWOA). The algorithm uses 
Tchebycheff decomposition to decompose the multi-objective problem into a set of subproblems, and in 
conjunction with adopting angle cosine strategy to improve the convergence capability of the algorithm. In 
addition, an opposition-based learning strategy for boundary handling and a chaotic parameter perturbation 
strategy are integrated into the update process, a fusion distance is used to maintain representative and discrete 
archives of non-dominant solutions a limited archive size. On benchmark tests optimization cases, compared 
to several traditional optimization algorithms, DMOWOA achieves better IGD values. In the scenario from 
Heping Road Station to 19th Bureau Station, compared to MOEA/D, under target speed profile optimization, 
improved proportions of energy consumption, target time error and comfort level for DMOWOA are 5.7%, 
26.1% and 14.6%, respectively; under MPC tracking control, improved proportions of energy consumption, 
target time error and comfort level for DMOWOA are 16.1%, 32.2% and 16.5%, respectively.

Keywords: multi-objective, Tchebycheff decomposition, angle cosine, opposition-based learning, MPC 
tracking

1   Introduction

With the goals of “carbon peaking” and “carbon neutrality” now in view, energy efficiency in urban rail transport 
has become a global research focus. Although it is a relatively low-carbon mode within urban transportation 
systems, its substantial share of total energy use means that improving its efficiency is crucial for achieving these 
dual-carbon targets. Consequently, achieving energy saving through fine-grained optimization of train operation 
process is of profound importance for enhancing the sustainability and economic benefits of urban rail train [1]. 
Optimization of the urban rail train operation process is a typical multi-objective decision-making problem, 
which usually involves multiple conflicting objectives, such as minimizing energy consumption, minimizing 
target running time error, optimum comfort experience effectively. Consequently, effectively balancing these 
objectives is key to achieving efficient and energy saving urban rail train operation process.

In the field of optimization of urban rail train operation process, multi-objective evolutionary algorithms are 
widely used because of their strong search ability and advantages in dealing with complex nonlinear problems. 
Among them, the dominance-based multi-objective evolutionary algorithms, such as the non-dominated sorting 
genetic algorithm II (NSGAII) and its improved versions, have shown excellent performance in train target 
speed curves optimization and automatic driving strategies. Zhang et al. successfully applied NSGAII to the 
automatic driving optimization of urban rail train, comprehensively considering multiple objectives such as 
energy consumption, target running time and parking accuracy [2]. The decomposition-based multi-objective 
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particle swarm optimization (dMOPSO) algorithm decomposes the multi-objective problem into a set of scalar 
subproblems, and searches collaboratively under the PSO framework. It has both the global exploration ability of 
the particle swarm and the convergence advantage of the decomposition strategies, and is one of the commonly 
used baseline algorithms in optimization of urban rail train operation process [3]. In addition, the multi-objective 
evolutionary algorithm based on decomposition (MOEA/D) has significant advantages in convergence efficiency 
and solution set diversity when dealing with complex multi-objective problems, especially when it is necessary 
to accurately describe the distribution of the Pareto front [4]. In recent years, the whale optimization algorithm 
(WOA) and its improved variants have been widely studied in engineering optimization due to their global 
search ability and simple parameter structure [5]. The improved research on WOA, such as the introduction 
of decomposition strategies and elite archiving strategies, can significantly improve its stability, convergence 
performance and the uniformity of solution set distribution when solving engineering problems [6, 7]. The 
applicability and limitations of representative optimization algorithms for urban rail train operation process are 
shown in Table 1.

Table 1. Applicability and limitations of representative optimization algorithms for urban rail train operation process 

Algorithms Advantages Limitations
NSGAII Mature and robust; no weight tuning 

required; broad applicability
Crowding distance in high dimensions is not very discriminative; 
convergence/distribution under complex constraints is not as 
good as decomposition-based algorithms

dMOPSO Balances convergence and 
parallelism; implementation friendly

Sensitive to parameters such as weight/inertia; the uniformity 
and accuracy of the solution set are generally good

MOEA/D Fast convergence, controllable 
distribution; easy parallelization

Dependent on weight and neighborhood; poor coverage of non-
convex/discontinuous front

WOA Strong global search; few parameters; 
simple to implement

Prone to premature convergence and sensitive to parameters; 
unstable in high dimensions/under strong constraints

At the application level, the research on optimization of urban rail train operation process mainly focuses 
on two directions: one is the optimization of the target speed curves, which aims to minimize the energy 
consumption of single or multiple trains while taking into account the constraints of the slope, speed limit. In 
particular, in high grades of automation (GoA3/4) automatic train operation (ATO) systems, target speed curves 
optimization constitutes a core function of the high-level controller, and a unified reference architecture together 
with applicability criteria for different target speed curves optimization strategies has been systematically 
discussed in [8]. For example, Adrián Fernández-Rodríguez et al. proposed an algorithm for optimizing target 
speed curves based on a multi-objective algorithm, which optimizes energy efficiency by considering different 
arrival time combinations [9]. For subway trains, Wu et al. proposed a speed curve optimization strategy 
combining energy consumption optimization and sliding mode control and verified its effectiveness in reducing 
energy consumption and improving tracking accuracy [10]. 

On the other hand, the timetable speed joint optimization algorithm is used to maximize the utilization 
efficiency of regenerative braking energy by optimizing the urban rail train timetable and target speed curves. For 
example, in the subway scenario, Yang et al. constructed a dual-objective model of energy consumption-travel 
time and used NSGAII to obtain a more energy saving timetable [11]. In view of the volatility of renewable 
energy sources such as photovoltaic power, Li et al. jointly optimized the train timetable and target speed curves 
to improve the utilization rate of regenerative energy [12]. In addition, the combination of the utilization of the 
network facilities and the timetable optimization further improves the overall energy efficiency of the system 
[13].

Recently, the rise of interdisciplinary research has also brought new breakthroughs to optimization of urban 
rail train operation process. For example, the analyses based on the convex optimization algorithm assesses 
the accuracy of the energy saving train control models and provides a solid theoretical basis and rigorous 
mathematical support for energy consumption modeling [14]. The introduction of deep reinforcement learning 
methods enables trains to achieve dynamic energy saving control in complex, variable, and highly uncertain 
operating environments, reflecting a trend toward deep integration of artificial intelligence and traffic control 
[15]. Both domestic and international studies have achieved fruitful results in the field of optimization of urban 
rail train operation process, but there are differences in the focus of research. Foreign research tends to emphasize 
the universality of theoretical methods and the deep integration of interdisciplinary approaches [16-18]. In terms 
of multi-objective algorithms, foreign studies not only widely use NSGAII but also actively develop and improve 
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NSGAIII and MOEA/D algorithms to improve the uniformity of Pareto solution sets and algorithm performance 
[19-20]. Domestic research focuses more on the engineering practicality and the application of specific lines 
and is committed to embedding the optimization algorithm into the existing scheduling system and proposes a 
feasible optimization scheme under the constraints of speed limit, slope and regenerative energy utilization.

In summary, although existing studies have made significant progress in optimization of urban rail train 
operation process, there are several challenges remain. First, most studies focus on single-objective or local 
optimization, and it is difficult to fully balance multiple conflicting objectives, such as energy consumption, target 
running time error, and comfort level. Second, when dealing with complex multi-objective problems, existing 
algorithms may have problems such as premature convergence, tendency to fall into local optima or insufficient 
diversity in solution sets, especially in large scale and high dimensional optimization problems. In addition, 
existing studies on energy-efficient optimal train control have provided useful theoretical foundations [21]. 
Meanwhile, recent WOA variants have attempted to enhance global search ability and avoid local convergence 
through mechanisms such as Lévy flight, differential evolution, and multi-population evolution [22-23].

To address these challenges in multi-objective optimization, this paper proposes a decomposed multi-objective 
whale optimization algorithm (DMOWOA). The key contributions are summarized as follows:

(Ⅰ) Methodological framework: a decomposition-based multi-objective whale optimization algorithm 
(DMOWOA) is proposed. The multi-objective problem is scalarized into a set of subproblems through 
Tchebycheff aggregation, and the neighborhood is constructed based on the cosine of the angle between the 
weight vectors, taking into account the convergence efficiency and the uniform coverage of the Pareto solution 
set.

(Ⅱ) Mechanism innovation: three key mechanisms are designed around the balance of exploration and 
exploitation and the maintenance of diversity. Specifically, we first improve the boundary processing of 
opposition-based learning (OBL) by replacing random reset with an information-based opposition solution, then 
enhance global exploration capability and convergence robustness through a random factor driven by chaotic 
mapping, and finally maintain the representativeness and dispersion of non-dominated solutions under a limited 
archive size by fusing the Mahalanobis distance and the Euclidean distance maintenance strategies for the elite 
archive.

The IGD index system is used to evaluate the ZDT/DTLZ benchmark sets, which reflects a better convergence 
and diversity trade off; DMOWOA shows better comprehensive performance than NSGAII, MOEA/D and 
dMOPSO in the real example of optimization of urban rail train operation process.

This paper mainly discusses the following three aspects: firstly, how to obtain solution sets on non-convex/
piecewise front that are near the genuine Pareto front and well spread; then whether these solutions can be 
translated into a real line into target speed curves that are trackable and operable; and thirdly, whether the 
conclusions are robust and reproducible.

The main sections of the paper are organized as follows. In Section II, we construct a model and propose 
multiple constraints and performance indicators of urban rail train operation process. In Section III, we present 
the novel decomposed multi-objective whale optimization algorithm. In Section IV, we verify and analyze the 
theoretical framework and specific implementation details of the proposed DMOWOA algorithm. Section V will 
verify and analyze the performance of DMOWOA through benchmark functions and simulation experiments in 
actual optimization of urban rail train operation process scenario. Section VI outlines the main research problems 
and limitations of the proposed algorithm, providing a final summary.

2   Urban Rail Train Operation Process Optimization Model

2.1   Urban Rail Train Dynamics Model and Constraints

The urban rail train operation process optimization model is established based on Newton’s second law. By 
analyzing the forces acting on urban rail train operation process, the general equation of motion between two 
successive stations is derived as follows:

( ) ( ), ,
 .

1

dvMv F u v R s v
ds

dt
ds v

 = −

 =


(1)
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where t denotes the train’s target running time, s denotes its actual position, v denotes its actual speed, M denotes 
the equivalent mass (the sum of the actual mass and the rotational mass), F(u, v) denotes the train-generated 
forces including traction and braking, and R(s, v) denotes the additional resistance determined by the current 
speed and position.

During the urban rail train operation process, various constraints need to be considered, such as speed limit, 
punctuality and constraints on control modes, et al. The specific constraints are illustrated as follows:

(1) Speed limit
Safety is the foremost consideration in urban rail train. Speeding is the main cause of safety risks. During 

urban rail train operation process in urban rail transit, the current actual speed must not exceed the speed limit.

( ) ( )lim0  .v s v s≤ ≤ (2)

where v(s) denotes the train’s instantaneous speed, and vlim(s) denotes the posted speed limit at position s.
(2) Punctuality

max

(0) 0
 .

( )

t

t X T T



− ∆

=

≤
(3)

where T  is the target running time, B  is the target running distance, X is the actual running distance, ΔTmax is 
the allowable maximum target running time error, which is set to ±0.3s in this paper, and t(X) denotes the target 
running time recorded at position X.

(3) Constraints on control modes

( ) ( ) ( ), , ,  .f t b rF u v u F u v u B u v= − (4)

where u denotes the train’s input control sequence and serves as the decision variable, uf Ft (u,v) and ub Br (u,v) 
denote the traction force and the braking force at the current speed, uf and ub denote the traction and braking 
coefficients, and the following constraints must also be satisfied:

[ ], 0,1
 .

0
f b

f b

u u
u u
 ∈


⋅ =
(5)

The operation sequence of automatic train control system is composed of operation working condition 
sequence UC and its transition point position sequence PC. 

Where UC = {uc1, uc2, …, ucs}, PC = {pc1, pc2, …, pcs}, 0 < pc1 < pc2 < … < pcis < … < pcs < X, is and s 
are the operation working condition index and operation sequence length, respectively. During optimization of 
urban rail train operation process, the train switches among different operating conditions, and each condition 
corresponds to different control inputs and force equilibria. 

During the urban rail train operation process, there are four primary states: maximum traction, constant-
speed operation, coasting, and maximum braking. Integers 1, 0, and -1 are typically used to represent maximum 
traction, coasting, and maximum braking, respectively. In the coasting state, no force is applied to the train, while 
during constant-speed operation, to counteract external resistance and achieve zero net acceleration, it is further 
divided into traction-based constant speed and braking-based constant speed. For traction-based and braking-
based constant-speed states, the train must apply partial traction or braking forces precisely balancing the running 
resistance, denoted in this paper as tc and tb, with tc∈(0,1), tb∈(−1,0). 

1  .   1is isuc uc +× ≠ − (6)

where uc denotes the set of operating states within a unit time, ucis comprises uc elements corresponding to the 
train’s operating states within the current state cycle. The five common control modes are maximum traction, 
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traction-based constant speed, coasting, braking-based constant speed, and maximum braking, denoted by [1, tc, 
0, tb, -1]. For safety and comfort level, mode switching is constrained, directly switching from maximum traction 
to maximum braking would induce severe jolts, degrade comfort level, and may pose safety risks. Therefore, a 
transition via coasting or cruising is required. 

2.2   Optimization Objectives for Urban Rail Train Operation Process

Throughout the urban rail train operation process, the optimization should account for energy consumption, 
punctuality, and comfort level. The objective functions are defined as follows.

(1) Energy consumption
The energy expended to overcome running resistance, together with auxiliary consumption, is referred to as 

the train’s energy consumption E, and is computed as:

( )

0
( )  .

t X
AE t dt Eµ= +∫ (7)

where EA denotes the auxiliary energy consumption during the optimization of urban rail train operation process, 
μ(t) denotes the traction power required to overcome resistance at time t.

(2) Punctuality
Punctuality is defined as the absolute difference between the target running time and the actual running time. 

The specific formula is:

max( )  .T t X T T∆ = − ≤ ∆ (8)

where ΔT is defined as the absolute error from schedule.
(3) Comfort
Comfort level can reflect the quality of the passenger experience, which is expressed by the absolute value of 

the acceleration difference of adjacent working conditions during operation and the ratio of the driving distance 
to the target running distance, and the specific calculation formula is:

1
2  .

i i
i

J

n

erkK
D

a a −
=

−
=
∑ (9)

where KJerk denotes the comfort level.
In this paper, energy consumption, comfort level, and punctuality are taken as the optimization objectives, and 

a multi-objective optimization model for urban rail train operation process is formulated as follows:

{ }min ,  .JerkE T K∆ ， (10)

where min denotes the minimization operator, i.e., each sub-objective energy consumption, target running time 
error, and comfort level is minimized.

3   Decomposed Multi-Objective Whale Optimization Algorithm

3.1   Whale Optimization Algorithm

Whale optimization algorithm (WOA) is a new heuristic optimization algorithm proposed by imitating the 
hunting behavior of humpback whales. The algorithm mainly includes three stages: encircling prey, bubble 
hunting, and searching for food. The humpback whale hunting behavior is shown in Fig. 1.
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Fig. 1. Humpback whale hunting behavior

In the WOA algorithm, the position of each humpback whale represents a candidate solution. In marine 
activities, humpback whales have a special hunting method. This foraging behavior is called the predation 
strategy (Bubble-net), the unique bubbles are generated along the circular or “9” type path to continuously 
approach the prey for hunting [24].

(1) Prey encirclement in foraging:
During the hunting process, humpback whales form a ring around prey. To describe this behavior, Seyedali 

Mirjalili [24] has proposed the following mathematical model.

.| ( ) (  ) |w wD CX t X t∗= − (11)

.( 1) ( )  w wX t X t A D∗+ = − ⋅ (12)

where tw denotes the current number of iterations, both A and C denote the coefficients, X *(tw) denotes the current 
optimal whale position vector, X(tw) denotes the current whale position vector.

A and C are derived from the following equation:

1  .2A a r a= × − (13)

2 2 .C r= × (14)

where both r1 and r2 denote random numbers in (0,1), the value of a decreases linearly from 2 to 0, and Tmax 
denotes the maximum number of iterations.

 .2 2 /w maxa t T= − × (15)

(2) Bubble hunting:
According to the hunting behavior of the humpback whale, it swims to its prey by following a spiral motion 

trajectory, so the mathematical model of the hunting behavior is as follows:

( )

( ) (
( 1)  .

2 )
i

bl
p i

X t A D p P

X t D
X

e cos l p P
t

π

∗

∗

− ⋅ <

+ ⋅ ⋅

+ = 
 ≥

(16)

where Dp =|X *(t) − X(t) | denotes the distance between the whale and the prey, X *(t) denotes the current optimal 
position vector, b takes the value of 1 and denotes the constant that defines the shape of the spiral, and l denotes 
the random number in (-1,1). Pi denotes the probability of choosing the contraction of the encircling mechanism, 
then the probability of choosing the spiral motion method to update the position of the whale that is 1−Pi.
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(3) Searching for food:
WOA searches for prey based on randomly distributed individual positions, and its mathematical model is as 

follows:

(  .)rand wD CX X t= − (17)

.(  1) randX t X A D+ = − ⋅ (18)

where Xrand denotes a whale position vector sampled at random. When A ≥ 1, a search leader is randomly chosen; 
the remaining whales update their positions with respect to the leader’s position, and are steered away from the 
current prey toward potentially better targets. This enhances global exploration and reduces the likelihood that 
WOA becomes trapped in a local optimum.

3.2   Decomposition Method

Following a decomposition perspective, each run is assigned a target trade-off direction in objective space 
and seeks to minimize the maximum weighted shortfall along that direction. Concretely, we use the weighted 
Tchebycheff aggregation centered at a reference point to generate scalar subproblems whose solutions 
collectively approximate the Pareto set:

{ }*

1
)  .( | , ) | ( |te

ii i
i m

min g x z f xmax zλ λ∗

≤ ≤
= −

..  .s t x∈Ω
(19)

where z* = (z1
*, z2

*, ..., zm
*)T denotes the reference point, zi

* = min{fi(x) | x∈Ω}, i = 1, …, m, the current optimal 
solution of each objective function, m denotes the number of objectives, and λ denotes the weight vector, and λi is 

the weight vector corresponding to the i -th solution, λi > 0, 
1

1
m

i
i
λ

=

=∑ .

3.3   Angle Cosine

To reflect the decision maker’s relative importance objectives, let the objective-weight vector be λT = 

(ξ1, ξ2, ... , ξm)T, 
1

1
m

i
iξ

=

=∑ . Normalize each objective value of solution X to a common scale to obtain f(x) 

= (f1(x), f2(x), …, fm(x)), and use the ideal point z* = (z1
*, z2

*, ..., zm
*) as the reference. Let the vector from 

z* to f(x) be (f1(x)−z1
*, f2(x)−z2

*, …, fm(x)−zm
*) To ensure that each solution is associated with a weight 

vector aligned with its “direction”, consider any point f ' = (f 1
' , f '

2, ..., f
'
m) with respect to λ1 = {λ1, ..., 

λm}, if λ1 f 1
' = λ2 f '

2 =, ..., = λm f '
m holds, then λ is consistent with that direction. Combining this with the 

Tchebycheff based decomposition formula for objective weights, the induced weight of solution X satisfies 

( ) ( ) ( )1
1

2

1

1 21 2
1( ) ( ) , , ( )  .

( )

m

m m
k k k

mf x z f x z f x z
f zx

λ λ λ
−

∗ ∗ ∗
∗=

 
− = − = ⋅⋅⋅ = − = ∑  − 

Therefore, f(x) − Z* = (f1(x)−z1
*, f2(x)−z2

*, …, fm(x)−zm
*) is the objective-direction vector of solution X.

For practical engineering applications such as speed curve optimization for urban rail trains, it is usually 
sufficient to obtain a single solution that optimizes multiple objectives as far as possible and to use it long-
term as the target speed curves for the automatic urban rail train operation process tracking controller, thereby 
achieving desirable overall performance in energy consumption, comfort level, and punctuality. However, multi-
objective optimization algorithms typically return an elite set ΩE composed of several mutually non-dominated 
elite individuals XK, which makes selecting the most appropriate solution difficult. In general, by selecting the 
elite individual XK in the elite set ΩE whose weight vector λK is closest to the problem’s objective weight vector 
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λT, the following equation holds.

( ), .cos( , ) m s  ax co ,
E

K T Y TY
λ λ λ λ

∈Ω
= （ ） (20)

where cos(λK, λT) is the cosine of the angle between the weight vector λK , of elite individual XK and the target 
objective-weight vector λT of the optimization problem. The schematic diagram of elite selection using maximum 
vector angle cosine is shown in Fig. 2.

Fig. 2. Schematic diagram of elite selection using maximum vector angle cosine

In Fig. 2, the origin is taken as the ideal reference point z*, the objectives of elite individuals XK, X1, X2, X3 are 
f(XK), f(X1), f(X2), f(X3), their objective-weight vectors are λK, λ1, λ2, λ3, and the target objective-weight vector of 
the optimization problem is λT. For elite individual XK, the cosine of the angle between its objective-weight vector 
λK and the problem’s target objective-weight vector λT, denoted cos(λK, λT), attains the maximum and satisfies 

( ), ,cos( , max cos( ))
E

K T Y TY
λ λ λ λ

∈Ω
= , therefore elite individual XK is selected as the best elite individual.

4   Improved Algorithm Design

4.1   Boundary Processing of Opposition-Based Learning Strategy

OBL is originally a strategy proposed in the field of machine intelligence, which can generate an opposite 
solution away from the local optimum, and if the population falls into the local optimum, it can guide the 
population away from the local optimal region, expanding the search scope to promote global optimum. When 
the whale individual crosses the boundary in the updated position, if the individual position is randomly reset, 
the valid information produced by the previous iteration of the individual will be lost, so this paper uses the 
opposition-based learning to guide it to quickly return to the decision-making space that needs to be searched.

If the entry xi
pre on the i-th coordinate of an individual lies outside the feasible range, the associated opposition-

based value xi
op for xi

pre is computed as:

( ) 2  ., 1, , ,op pre
i ix a b x i Dβ= + − = ⋅⋅⋅ (21)
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where a and b are the lower and upper bounds on coordinate i, respectively, and β∈(0,1) is a random 
generalization factor.

4.2   Parameter Adjustment Based on Chaos Theory

Instead of random numbers employed in the original algorithm, we generate the stochastic terms in WOA via 
a chaotic map. This construction injects a mild directional drift into the encircling operator and yields quasi-
random sequences with improved ergodicity. In consequence, the search radius is effectively enlarged and 
population diversity is increased, reducing the likelihood of premature convergence and curbing unproductive 
excursions into infeasible regions.

a(1 ) .A a= − (22)

2  .2 ( )C rand sin randπ= ⋅ ⋅ ⋅ (23)

In this paper, the random number in the original algorithm is replaced by chaotic mapping, which reduces the 
amplitude of random-search and avoids the problems of slow convergence and invalid search area caused by 
random blind search.

4.3   Elite Set Mechanism

To fully exploit intergenerational information while preserving solution quality, our elite set selection first merges 
the current offspring with the previous archive after each population update and performs nondominated sorting. 
The first Pareto front is then retained as a temporary elite set. This process introduces no additional preference 
information and guarantees that every solution in the elite set is Pareto efficient.

As iterations proceed, the cardinality of the elite set increases, the cardinality of the nondominated set 
increases. To regulate archive capacity and prevent densely populated regions from monopolizing space, a 
sparsification step is invoked once the elite set size exceeds the threshold Emax , for each individual, compute its 
fused distance to the nearest neighbor in the archive, and preferentially remove those with smaller fused distance 
until the size returns to Emax .

Because the objectives (e.g., the case in this article has the following three objectives: energy consumption, 
punctuality, and comfort level) are differently scaled and potentially correlated, using only Euclidean distance can 
lead to an incorrect ranking of local densities. Therefore, we define a fused proximity that combines Mahalanobis 
and Euclidean terms, archive pruning preferentially removes individuals with smaller fused distances under 
the capacity constraint. On multi-dimensional objectives or when feature correlations are pronounced, a single 
Euclidean metric may misjudge density. Therefore, we adopt a weighted fusion of Mahalanobis and Euclidean 
distances to measure pairwise proximity, Mahalanobis distance captures covariance structure and correlations, 
while Euclidean distance preserves intuitive geometric separation. The combination simultaneously accounts for 
“correlation” and “independence”, enabling more robust archive sparsification.

Definition and implementation of the fused distance. Let the sample set be Y, the correlation matrix be CY, 
and the correlation weight be ω∈(0,1), where MD(∙) denotes the Mahalanobis distance based on CY , and ED(∙) 
denotes the Euclidean distance. The fused distance is computed as:

( )
1 1 1 2 1

2 1 2 2 2

21

( , ) 1 ( , )

 .

1

n

n

n n n n

Mix

Y Y Y Y Y Y

Y Y Y Y Y Y
Y

Y Y Y Y Y Y

Y

d MD X Y ED X Y

C

C

ω ω
ρ ρ ρ

ρ ρ ρ

ρ ρ ρ

ω

 = × + − ×


 
 
  =  
 
   

 = −





   



(24)
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where dMix denotes the fused distance, Yi(i = 1, …, n) is a sample drawn from the set Y, n represents the 
cardinality of Y, and ρ denotes the correlation coefficient. Because the Mahalanobis distance accounts for cross-
variable correlations, it is fused with the correlation-information weight ω, whereas the Euclidean distance is 
fused with the independence weight 1−ω. Consequently, the fused distance reflects both inter-variable correlation 
and independence.

4.4   Process Design of the DMOWOA

In WOA, reliance on personal bests can influence population evolution and may erode diversity in later stages. To 
preserve the balance between exploration and exploitation, we adopt an angle cosine neighborhood over weight 
vectors with a temporary population-replacement scheme, which yields more uniform Pareto front coverage. 
When boundary violations occur, OBL is used to “jump back” via informative opposite solutions, avoiding the 
information loss of random resets. In addition, chaotic maps replace the original random factors, reducing blind 
search amplitude and enhancing robustness of global exploration. For the elite archive, under a size constraint 
we perform sparsification using a fused distance to balance representativeness and dispersion. Performance is 
evaluated primarily using IGD, before computing IGD, objective vectors are linearly normalized to [0,1] using 
the ideal and nadir points so that both convergence and diversity are assessed in a dimension-agnostic manner. 
The computational flowchart of multi-objective whale optimization algorithm based on decomposition is shown 
in Fig. 3.

Compute the individual’s weight vector and obtain 
the individual’s historical best value

 Insert the elite individuals with better fitness into 
the external archive

Start Calculate the performance indicators of each 
individual in the whale population

Select a subset of individuals to form a temporary 
population

Update all individuals in the population using 
information-based opposite solutions

Replace with the whale in the temporary 
population that has the largest cosine similarity

 Insert the current elite individuals into the external 
archive

Apply the elite-archive maintenance procedure to 
update the archive

Output the best solution from the elite set End

No：continuously calculate

Yes

No

Are any whale individuals out of bounds?

Is the elite-set maintenance constraint satisfied?

Has the maximum number of iterations been reached?

Yes

No

Yes

Fig. 3. Calculation flowchart of multi-objective whale optimization algorithm based on decomposition

It should be noted that the algorithm exhibits sensitivity to several parameters defined earlier: the 
neighborhood size T affecting local cooperation and front coverage, the elite archive threshold controlling 
sparsification frequency, the fusion weight ω governing deletion preference in dense regions, the population 
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size N, and the encircling/random-search probabilities PS together shaping search intensity and distribution 
uniformity.

5   Simulation Experimental Results

5.1   Main Parameter Settings of DMOWOA

In this study, the main parameter settings of DMOWOA used for benchmark functions and target speed curve 
optimization were as follows.

Population size NPw is 40, preset elite archive size NEs is 100, number of iterations kmax is 100, probability Ps 
of attempting encircling or random-search behaviors is 0.6, objective weight vector λK is (0.5, 0.3, 0.2), and the 
starting acceleration and braking deceleration are 0.83 m/s² and 1.00 m/s², respectively. 

The main parameters for the optimization configuration are shown in Table 2.

Table 2. Main parameters for the optimization configuration

Parameter descriptor (Unit) Parameter values
Train weight (t) 209
Permissible maximum speed (km/h) 75
Distance between stations (m) 2670
Target running time (s) 185
Rotational mass coefficient 0.06
Maximum permissible parking error (m) ±0.3
Maximum permissible punctuality error (s) ±0.3

5.2   Selection of Benchmark Functions and Evaluation Performance Indexes

To enable fair comparison and statistical robustness, all algorithms are executed under a common protocol of 30 
independent runs and a neighborhood size of 20. The ZDT suite uses m = 2 objectives with a population of N = 
100, whereas the DTLZ suite uses m = 3 objectives with a population of N = 210. These settings provide near-
uniform coverage of weight vectors and yield representative samples of Pareto front with varied geometries (e.g., 
non-convex, non-uniform, and piecewise). We adopt the inverted generational distance (IGD) as the performance 
indicator because it reflects both convergence and spread. The IGD is defined as:

| |
1  .

( , )
| |

P
ipip d P P

IGD
P

= ′∑
= (25)

where P is a uniformly sampled reference set from the true Pareto front, P' is the approximate Pareto set 
generated by the algorithm under test, and |P| = P denotes the cardinality of the set P.
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p P f p f ad
∈
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The distance term d(Pip, P') denotes the minimum Euclidean distance from a sampled point pi to the set P'. To 
avoid the effects of differing units and scales across objectives, distances are computed on normalized objective 
vectors f(∙) ; a common practice is linear normalization to [0,1] using the ideal point z* and the nadir point znad. A 
lower IGD indicates a more uniform coverage of, and closer overall proximity to, the true Pareto front, thereby 
reflecting better convergence and diversity simultaneously.

IGD jointly measures proximity to and coverage of the true front by penalizing “holes” where sampled 
reference points have no nearby approximants. Because all distances are computed on objectives normalized by 
the ideal and nadir points, unit effects are removed, enabling shape-agnostic comparisons across ZDT/DTLZ 
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benchmarks and the engineering case [25].
In the optimization of urban rail train operation process, Pareto front often exhibits non-convex, piecewise, 

or irregular shape. IGD makes no shape assumptions and thus captures such front robustly. The actual control 
requires that the target curves can be quickly selected from the solution set under different working conditions, 
and the sensitivity of IGD to “cover the void” ensures the well-distributed solutions are available set on the 
whole front. Because IGD uses per-objective normalization before Euclidean distances are computed, it avoids 
unit and scale discrepancies and supports cross-line and segment reuse. Its low computational overhead further 
facilitates statistical testing and interval estimation over 30 runs, improving the robustness of conclusions.

5.3   Selection of Comparative Verification Algorithms

Given the strict regulatory and safety constraints in urban rail train speed, it is imperative to employ baselines 
that are demonstrably reliable and empirically validated is imperative. To assess the effectiveness of DMOWOA, 
we compare it with three widely used and mature algorithms: NSGAII [2], dMOPSO [3] and MOEA/D [4]. 
These baselines embody complementary paradigms and search mechanisms, enabling a multi-dimensional 
evaluation of DMOWOA.

The dMOPSO framework decomposes the multi-objective problem into scalar subproblems and solves them 
through cooperative PSO, achieving an exploration-exploitation trade-off well suited to speed curve optimization 
with nonlinear constraints and real-time requirements. MOEA/D leverages weight vectors and neighborhood 
structures for information sharing among subproblems, facilitating the incorporation of supervisory or 
operational preferences and yielding controllable Pareto front distributions. NSGAII maintains diversity via non-
dominated sorting and crowding distance, requires no preset weights, and is relatively insensitive to front shapes.

Together they complement one another in preference representation weights and dominance, distribution 
control neighborhoods and crowding, search operators PSO and genetic, and engineering attributes, allowing 
cross-validation of DMOWOA along key dimensions convergence, spread, constraint feasibility, and robustness 
and ensuring representative baselines and fair comparisons.

5.4   Simulation Results and Analysis Based on Benchmark Functions

In this study, the benchmark functions simulation verification platform based on MATLAB was built, and its 
main configurations were as follows: the MATLAB version was R2024b, the system is equipped with an 11th 
Gen Intel® Core™ i5-1135G7 @ 2.40 GHz (1.38 GHz) processor.

Under identical experimental settings, we evaluate three benchmarks with diverse Pareto front characteristics: 
the two-objective ZDT series (ZDT1, ZDT3) and the three-objective DTLZ series DTLZ2. We compare 
DMOWOA with dMOPSO, NSGAII, and MOEA/D. The IGD values for each optimization algorithm are shown 
in Table 3.

Table 3. IGD values obtained by each multi-objective optimization algorithm

Functions DMOWOA MOEA/D dMOPSO NSGAII
ZDT1 3.764E-03 4.085E-03 2.159E-02 5.287E-03
ZDT3 4.526E-03 6.884E-02 1.091E-02 8.548E-03

DTLZ2 4.409E-02 4.518E-02 8.941E-02 5.736E-02

According to Table 3, DMOWOA shows a clear advantage over the other three algorithms in the dual-
objective ZDT and three-objective DTLZ benchmarks. The optimization simulation results using ZDT and DTLZ 
benchmark function are provided in Fig. 4-Fig. 6.
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Fig. 4. Optimization simulation results using ZDT1 benchmark function

Fig. 5. Optimization simulation results using ZDT3 benchmark function

Fig. 6. Optimization simulation results using DTLZ2 benchmark function
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In Fig. 4-Fig. 5, the true Pareto front is plotted as blue solid curves, while the elite solutions selected by each 
optimization algorithm are shown as red circles. In Fig. 6, the elite solutions selected by each optimization 
algorithm are shown as red dots. The results indicate that DMOWOA produces solutions that lie closer to the true 
front of ZDT1, ZDT3, and DTLZ2, with notably more uniform distributions.

5.5   Introduction to Target Speed Curve Optimization 

This study selected an urban rail train operation process scenario from Heping Road Station to 19th Bureau 
Station of Dalian urban rail transit line No.3 as the research object. This segment is 2.67 km in length and 
includes three speed-restricted intervals and three long and steep-grade slopes. The Jiuli branch itself runs from 
the Jinzhou development zone to the Jiuli, totaling 14.3 km and serving seven stations.

Because the selected route lies in the hilly terrain of Dalian’s Jinzhou new area, hills being a typical landform 
of Dalian, optimization of urban rail train operation process requires a concise control policy that maximizes 
the use of extended downhill slopes for acceleration and extended uphill slopes for deceleration. The schematic 
diagram of ramp slope parameters and speed limit are shown in Fig. 7.

Fig.7. The limit speed and ramp slope parameters of the scenario in this study

In Fig. 8 the abscissa is cumulative distance (km) and the ordinate is relative elevation (m). Fig. 8 illustrate the 
schematic diagram of urban rail train route.

Fig. 8. Ramp path trajectory for optimization
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The 19th Bureau Station lies at 25.14 m, while Heping Road Station is 22.14 m. The red line shows the height 
change at each mileage point, where (a, b) denotes the mileage and relative elevation. Yellow vertical bars 
indicate speed limit sections, with bold text displaying the speed limits (km/h). The green line represents the 
ramp information, and the blue numbers show the slope, elevation change, and ramp length (in meters).

5.6   Test Results and Analysis of Target Speed Curve Optimization and MPC Tracking Control 

The simulation environment was configured as follows: MATLAB/Simulink version was R2024b, the system 
runs on Windows 10 with an Intel Core i7-9800X processor @ 3.80 GHz.

The urban rail train operation process scenario from Heping Road Station to 19th Bureau Station of Dalian 
urban rail transit line No.3 as the research object, we perform target speed-distance curves optimization and 
MPC tracking control on four optimization algorithms, DMOWOA, NSGAII, MOEA/D, and dMOPSO. The 
detailed results including the target speed-distance curves, the ideal (running operating mode) curves, and the 
performance index optimization results produced by each optimization algorithm are presented in Fig. 9-Fig. 10 
and Table 4, respectively.

Fig. 9. Target speed-distance curves produced by each optimization algorithm

Fig. 10. Ideal (running operating mode) curves produced by each optimization algorithm
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To provide comparative evidence for DMOWOA, target speed-distance curves and the associated ideal 
(running operating mode) curves are also generated using NSGAII, MOEA/D, and dMOPSO. The performance 
index optimization results produced by each optimization algorithm are shown in Table 4.

Table 4. Performance index optimization results produced by each optimization algorithm

Algorithms Energy consumption Target running time Target time error Comfort level

DMOWOA
dMOPSO
NSGAII

MOEA/D

82375KJ
89680KJ
86719KJ
87416KJ

185.0235s
185.1345s
185.0475s
185.0318s

0.0235s
0.1345s
0.0475s
0.0318s

5.577m/s2/km
6.952m/s2/km
6.425m/s2/km
6.527m/s2/km

From Table 4, compared to the other three algorithms, DMOWOA is more effective in optimizing energy 
consumption, target running time error, and comfort level. With both the target speed curves and ideal (running 
operating mode) curves available, stringent tracking control of the target curves is a prerequisite for energy 
saving, comfortable, punctuality. Extensive studies have shown that predictive control in particular MPC is 
an effective controller for automatic urban rail train operation process. Originating in 1978 (Richalet J) and 
widely adopted after PID, MPC offers strong robustness, fast tracking, and high tracking accuracy owing to its 
anticipative nature [26].

Controller configuration: the instantaneous speed error tolerance is ±2km/h, the tracking time error tolerance 
is ±0.2s, the speed-tracking sampling period is 100 μs, the prediction modeling horizon N is set to 60 steps, the 
optimization horizon P and the control horizon L are both 15, and the relaxation/softening coefficient α of 0.91 
is used. Fig. 11-Fig. 12 report the tracking speed-distance curves and the tracking (speed error-distance) curves 
produced by each optimization algorithm.

DMOWOA yields target curves that exhibit smoother enforceability. Under identical controller configuration, 
MPC configured as above performs tracking for each case [27]. The performance index tracking control results 
produced by each optimization algorithm are shown in Table 5.

From Table 5, in the same tracking control experimental environment, DMOWOA yields target speed curve 
that are easier to track. Compared with NSGAII, MOEA/D, and dMOPSO, DMOWOA achieves significant 
improvements in energy consumption, punctuality and comfort level. As shown in Fig. 11- Fig.12, the 
DMOWOA not only produces a more trackable speed curve but also enables trains to maintain appropriate 
speeds more smoothly, effectively suppressing speed fluctuations and thereby reducing speed error. In Fig. 11- 
Fig. 12, compared with the DMOWOA algorithm, the target speed-distance curves produced by the other three 
optimization algorithms perform poorly in tracking control. 

Fig. 11. Tracking speed-distance curves produced by each optimization algorithm
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Fig. 12. Tracking (speed error-distance) curves produced by each optimization algorithm

Table 5. Performance index tracking control results produced by each optimization algorithm

Algorithms Energy consumption Tracking running time Tracking time error Comfort level
DMOWOA
dMOPSO
NSGAII

MOEA/D

89758KJ
113278KJ
103255KJ
106941KJ

185.0472s
185.1644s
185.0742s
185.0696s

0.0472s
0.1644s
0.0742s
0.0696s

33.411m/s2/km
46.853m/s2/km
38.326m/s2/km
40.016m/s2/km

6   Conclusion

Aiming at the problem that the traditional whale optimization algorithm has precocious convergence or even 
falls into the local minimum value in the optimization process, a novel decomposed multi-objective whale 
optimization algorithm (DMOWOA) is proposed. First, the multi-objective problem is scalarized into a set of 
subproblems through Tchebycheff aggregation, and angle cosine strategy is also used to improve the convergence 
ability of the algorithm. Second, opposition-based learning is carried out for individuals that cross the boundary, 
retaining favorable information in the iteration process and avoiding precocious convergence. Finally, the elite 
mechanism is used to store the non-dominant solution in the optimization process, and the elite set is maintained 
by using the fusion distance to ensure the diversity of the elite set.

IGD evaluations on ZDT/DTLZ show that DMOWOA is overall superior to or on par with NSGAII, MOEA/
D, and dMOPSO. In the optimization of urban rail train operation process scenario from Heping Road Station 
to 19th Bureau Station of Dalian urban rail transit line No.3, DMOWOA achieves significant performance 
improvements compared with dMOPSO, NSGAII, MOEA/D. Aiming at furtherly verifying the performance of 
the DMOWOA proposed in this study, the MPC tracking control is applied. The test results verify the efficiency 
for DMOWOA. The improved DMOWOA effectively produces traceable, energy saving, and comfortable target 
speed curves for urban rail train control systems.

Despite the favorable simulation results of the proposed DMOWOA algorithm, several limitations remain 
in this study. The neighborhood size affects front coverage; in elite set maintenance, the fusion-distance weight 
determines sparsification preference; the OBL generalization coefficient influences boundary jump magnitude 
and search stability. When the objective dimension increases or the Pareto front becomes non-convex, piecewise, 
or even disconnected, the distribution of weight vectors and neighborhood topology should be co-designed 
with problem structure to maintain uniform coverage and global exploration. Under stricter real-time control 
and noise, robustness and timeliness require further quantification within a unified experimental framework, 
alongside improvements to adaptive mechanisms.
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