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Abstract—When solving dynamic multiobjective optimization
problems, most evolutionary algorithms (EAs) attempt to predict
the initial population in a new environment by mining the
relationships between solutions during historical environment
changes. However, the complex relationships between solutions
and the limited amount of available data often make it difficult to
extract useful information efficiently, which may deteriorate the
prediction accuracy. To address this problem, this article proposes
a spatial-temporal topological tensor-based prediction method to
generate the initial population in a new environment under the
decomposition framework of MOEA/D. The method relies on the
idea that the population distribution in each environment has
topological similarity along the time dimension in the objective
space, which makes it efficient to represent the population
distribution in terms of a tensor and predict new solutions
along each decomposition axis in a new environment by an
improved tensor-based multishort time series prediction method.
Experimental results on various benchmark problems and a real-
world problem show that the proposed method is competitive
or even superior to state-of-the-art dynamic multiobjective EAs
based on prediction strategies.

Index Terms—Dynamic multiobjective optimization, evolution-
ary algorithms (EAs), MOEA/D, topological tensor.
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I. INTRODUCTION

YNAMIC multiobjective problems (DMOPs) are
D optimization problems that contain multiple conflicting
objective functions, constraints, or decision variables that
change with time or environment [1]. There are many kinds
of DMOPs in the real world, including raw ore allocation
problem in mineral processing [2], path planning [3], [4], and
process operation and scheduling problems in iron and steel
industry [5], [6]. Due to constant changes in environments,
it is a very challenging task to efficiently solve DMOPs [7].
Therefore, the study of dynamic multiobjective evolutionary
algorithms (DMOEAs) for DMOPs has received much
attention in recent years [8].

Since DMOP can be viewed as consisting of a series of
static MOPs in a time period, the evolutionary algorithms
(EAs) for the static MOP problem can be used to solve the
DMOPs with appropriate modifications [9], [10]. To make
static EAs better adapted to DMOPs, traditional methods
focus on two key issues: 1) the ability of population to track
dynamic environmental changes and 2) the ability to maintain
population diversity whenever the environment changes [11].
Among these methods, the most popular approach in recent
years is the prediction-based approach. This approach usually
constructs a prediction model based on stored population
or environmental information in different environments, and
then uses this prediction model to predict the location of
the Pareto optimal solutions in the new environment after
a change in the environment [12]. There have been many
prediction models proposed in the DMOEASs based on machine
learning methods, such as neural networks [13], support
vector machine [14], [15], clustering and correlation analy-
sis [16], [17], transfer learning [12], [18], [19], and inverse
Gaussian process (IGP) [20].

The machine learning-based prediction methods generally
treat the generation of new population during environment
changes as a “black box,” which requires a large amount
of data and a relatively time-consuming training process to
ensure the accuracy of predictions. However, the dynamics of
populations in response to environmental changes may not be
an absolute “black box.” For dynamic optimization problems
in real production, the similarity in composition and size
of successively processed jobs in the same production line
makes the shapes of the Pareto fronts in different environments
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environment change
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Fig. 1.  Illustration of optimal Pareto front and practical evolutionary
trajectory of solutions for subproblems under the decomposition framework
of MOEA/D. (a) Distribution of Pareto front in each environment under
MOEA/D. (b) Evolutionary process of subproblems of MOEA/D for DF3.
(c) Evolutionary process of subproblems of MOEA/D for DF6.
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Fig. 2. Prediction of the initial solution for the new environment based on
the evolutionary trajectory of solutions obtained by each subproblem.

rather similar [21]. For example, in the continuous annealing
production process of an iron and steel company, many strips
are welded one by one to be processed continuously. During
practical production, once changes of the composition and
process constraints of adjacent strips or changes of real-
time production environment parameters, such as cooling gas
temperature and quench water temperature, are detected, the
control system needs to develop a new operation optimization
scheme accordingly. So the operational optimization of the
continuous annealing process can be considered as a dynamic
multiobjective optimization problem. In fact, since the com-
position and size of the strips, as well as the optimization
objectives in the operation optimization, are similar in nature,
the shapes of the final evolved populations in each dynamic
environment may also be similar.

As shown in Fig. 1(a), when dealing with DMOP under
the decomposition framework of MOEA/D [22], the relative
position relationship of optimal solutions among subprob-
lems will remain unchanged with the change of environment
because the optimal solutions of each subproblem in different
environments will be distributed along the corresponding
weight vector. To further verify this observation, evolutionary
processes of some subproblems of MOEA/D for benchmark
problems DF3 and DF6 are illustrated in Fig. 1(b) and (c),
respectively. From the evolutionary results, it can be found that
the best solutions obtained by each subproblem in different
environments can constitute a relatively stable time series (TS).
So, how to make use of the TS in the objective space to
guide the generation of new individuals in the decision space
for each subproblem in the new environment to ensure the
diversity and convergence of the new population (Fig. 2), is a
very challenging and important issue to be investigated.

To address the above issue, considering that tensor has
a strong ability to characterize changes of spatial-temporal
features of TS [23], we propose to use the spatial-temporal
tensor (STT) to represent the dynamic changes of the final
evolved populations along the different environments because
the final evolved populations can be modeled as a high-order
tensor. For example, for a bi-objective dynamic optimization
problem, the final population obtained in each environment
can be considered as a second-order tensor in which each
fiber is a solution of a subproblem, and thus all populations
obtained along the environment changes will constitute a third-
order tensor (the example is given and explained by Fig. 3 in
Section III-A). Based on the STT representation, we propose
a dynamic MOEA/D with STT prediction (STT-DMOEA/D)
for DMOPs in this article, whose main contributions are as
follows.

1) Based on the decomposition framework of MOEA/D, the
STT is adopted to explore the information and patterns
of population changes, which in turn is used to guide the
generation of initial populations that can better adapt to
new environments. To the best of our knowledge, this
is the first attempt to predict and generate the initial
population in a new environment using STT, which has
a good representation ability of topology structure and
spatial-temporal changes of populations.

2) Based on the STT representation and the relatively stable
trajectory of the best solutions found by each sub-
problem in different environments, an improved Block
Hankel Tensor autoregressive integrated moving average
(BHT-ARIMA) method is developed to generate the
initial population in a new environment, which needs
less training data and has a high-prediction accuracy for
short-term trends.

3) Experimental results based on both benchmark DMOPs
and real-world problems show that the proposed STT-
DMOEA/D outperforms state-of-the-art DMOEAs based
on prediction methods.

The remainder of this article is organized as follows. In
Section II, definitions of DMOP and tensor are presented,
followed by the review of related work in DMOEAs based
on prediction methods. Section III describes the proposed
STT-DMOEA/D algorithm in detail. The experimental results
on both benchmark DMOPs and the real-world problem are
provided and analyzed in Section IV. Finally, conclusions and
future work are discussed in Section V.

II. PRELIMINARIES AND RELATED WORK
A. Basic Definition of DMOPs
The unconstrained DMOP can be defined as follows [24]:

min F(x, t) = (fi(x, 1), H(x, 1), ..., fulx, t))T
st.xeQ, tey e

where x = (x{,x2,...,x,) is a v-dimension decision vector,
©Q C RY denotes the decision space, ¢ is the discrete time,
and Q; C R is the time space. F(x,1) : (2 x ;) € RM is
an objective vector consisting of M objectives changing with
time, where RV is the objective space.
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B. Tensor and Tucker Decomposition

In this article, multidimensional data arrays are defined as
a tensor, and the tensor dimensions are expressed by its order.
The third-order tensor is mainly described and denoted by X,
and the tensor of dimension / x J x K is denoted by Xpx
with subscripts in uppercase letters. The elements in Ak
are denoted by Xjj with subscripts in lower-case letters. The
fibers of tensor X are the vectors extracted by fixing two of
the dimensions, denoted by the lower-case letter x, while the
slice of tensor X is the matrix extracted by fixing one of the
dimensions, denoted by &j.., X;. and X., respectively.

Tucker decomposition [25], also known as higher-order
singular value decomposition, is the decomposition of a tensor
into the product of the core tensor and the corresponding
matrix in each dimension, which can also be regarded as a
higher-order version of principal component analysis. Taking
the third-order tensor X7k as an example, its Tucker decom-
position is

Xygk 2 G x1Ax2Bx3C
P O R

= Z Z Z gpar(ap o bg o cy) )

p=1g=1r=1

where A € RI*P B € R/*2, C € REK*R are factor matrices in
different dimensions. These matrices are usually considered as
the principal components in different dimensions. G € RP*9@*R
is called the kernel tensor, where each element represents the
degree of interaction between different components, and can
also be viewed as a compressed version of Xjk.

C. Related Work

DMOEAs proposed in [8] can be classified into three
categories based on their strategies to extend static MOEAs
to DMOPs: 1) diversity-based; 2) multipopulation-based; and
3) prediction-based approaches.

Diversity-based approaches wusually use some strat-
egy [26], [27], [28] to generate new individuals to maintain
diversity, and this type of approach is more suitable
for DMOPs with weak environmental changes. Multiple
population-based methods are more likely to divide the
population into multiple groups and ensure convergence
and diversity of the population through co-operative [29]
or separate [30] evolution. This type of approach is more
effective for multipeaked DMOPs [12].

In recent years, prediction-based methods have attracted
the attention of an increasing number of researchers. Such
methods mainly utilize historical information to predict the
locations of POS in a new environment. Many researchers
construct prediction models that can learn from past expe-
rience to predict future changes [31], [32], [33]. To reduce
the learning time, Muruganantham et al. [34] used a linear
discrete-time Kalman filter model to predict the optimal values
of decision variables in a new environment and proposed
a dynamic MOEA/D algorithm. To predict more accurately
the moving positions of solutions under multiple types of
environment variations, two prediction approaches based on
multimodel were proposed by Rong et al. [35], [36]. To
improve the stability of multimodel prediction methods, a

mixture-of-experts prediction framework was designed in [37]
and a new information-sharing strategy was proposed in [38].
To achieve rapid response to environmental changes,
Wang et al. [39] proposed a model based on gray prediction
method and Zheng et al. [40] proposed a prediction method
based on analysis and classification of decision variables.
Considering that the successive environments were correlated,
Cao et al. [41] used the centroids of historical POS to construct
a difference model that could predict the movement trajectory
of the centroids. A similar prediction method was proposed
by Liu et al. [42] based on reference points and incorporated
into a cooperative particle swarm optimization algorithm.

There are also many learning models that have been well
applied to predict the initial populations of the new envi-
ronment. For example, historical information was used to
construct support vector regression (SVR) predictors in [14].
Zhang et al. [20] constructed an inverse Gaussian model
by mapping from the objective space to the decision space.
Xu et al. [15] constructed an incremental support vector
machine by continuously accumulating historical information
to realize the online prediction.

The transfer learning technique was used by Jiang et al.
to generate the new initial population by reusing experience
to speed up the evolutionary process, and Li et al. [12]
further incorporated clustering into the transfer learning to
reduce negative information transfer. Recently, Yu et al. [17]
divided the population into three different clusters based on
the correlation analysis of moving directions of individuals,
and constructed different prediction models for each cluster.
Finally, a hierarchical prediction method was constructed
through the integration of these prediction models, and had
shown very promising performance. Yu et al. [43] designed a
historical evolution learning-based framework, in which two
new models were proposed to assist the static optimizers.
The proposed framework is very flexible and provided a new
perspective for the using of historical evolution information.

Existing prediction-based methods, while mostly perform-
ing well, still have some shortcomings. First, the effectiveness
of prediction can be compromised if there is not enough
historical information to predict environmental changes in
advance. Second, some prediction models are overly complex,
resulting in algorithms that take too long to run. Third,
each model that predicts solutions in a new environment is
usually more applicable to a certain class of problems, and the
convergence will be slowed down when the problem exhibits
nonlinearity or insignificant regularity. The algorithm designed
in this article will focus on overcoming and solving these
issues.

III. PROPOSED ALGORITHM

In this section, we first describe the construction of the
spatial-temporal topological tensor to represent the popu-
lation changes in dynamic environments, and then present
an improved version of BHT-ARIMA [44] that extends
BHT-ARIMA to DMOPs with the STT representation of
populations. After that, the STT-based generation method of
initial population in the new environment (denoted as STT
generator) is described based on the improved BHT-ARIMA

Authorized licensed use limited to: Northeastern University. Downloaded on January 27,2026 at 14:16:29 UTC from IEEE Xplore. Restrictions apply.



WANG et al.: MOEA/D WITH SPATIAL-TEMPORAL TOPOLOGICAL TENSOR PREDICTION 767

—

Population
size ()

The number of the decision variables

W)

X

Fig. 3. Construction of the three-order STT based on final populations.
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method. Finally, the overall framework of the proposed STT-
MOEA/D is presented and its computational time complexity
is discussed.

A. Construction of Spatial-Temporal Topological Tensor

In our algorithm, the final populations along environment
changes are represented by a three-order STT model X €
RN*VXT "where N is the population size, V is the dimension
of decision variables, and 7 is the number of environments.
The construction of the tensor can be illustrated by Fig. 3.
First, for each environment, an individual x, = X,,; (n =
1,2,...,N) with V decision variables in the final population
of environment ¢ can be considered as a fiber of the tensor, and
then all the N fibers (i.e., the final population in environment t)
can be spelled into an N x V matrix X;,, which can be
considered as a slice of the tensor, ie., X; = X.; € RV*V.
As environment changes, the TS of slices can finally form a
three-order tensor X € RV*V*T Please note that the tensor
is dynamic because a new final population will be added once
the environment changes, so it is a three-order STT.

As shown in Fig. 4, if we cut the STT X e RN*VxT
vertically along the environment number dimension, we can
get a slice X.; € RY*N, which is the final population in
environment ¢. That is, the STT X has the representation
ability of the dynamic distribution of final populations along
environment changes. If we cut the STT X e RN*V*T
horizontally along the population size dimension, we will get
a spatial-temporal slice X},.. € RYV*T, which represents the
evolutionary trajectory of the best individuals obtained by each
subproblem of MOEA/D along the environment changes. As
analyzed before in Fig. 1, under the decomposition framework
of MOEA/D, each spatial-temporal slice A;,.. can be regarded
as a relatively stable TS, and thus existing powerful TS
analysis method, such as tensor-based autoregressive inte-
grated moving average (ARIMA), can be used to predict the

offspring solution for the new environment (Fig. 2). Since
these new solutions are generated independently by mining
useful information from the evolutionary trajectory of the best
solutions obtained by each subproblem, they are generally of
good quality and diversity, which helps to provide a high-
quality initial population for the new environment. That is, the
STT representation is suitable for modeling dynamics of final
populations of the DMOEA, while the prediction of new initial
population can accelerate the convergence of the DMOEA.

B. Improved BHT-ARIMA for DMOPs

Although the TS of AX.;, X., ..., X.r can be used
to predict the next slice X.ry; (i.e., the initial population
in the new environment 7 + 1) with tensor-based ARIMA,
the computational time complexity will be very high and
the relative position relationship among solutions in each X;
cannot be fully used. To solve this problem, we take MOEA/D
as the baseline algorithm and the weight vectors in MOEA/D
unchanged. Based on this framework, for each weight vector
(i.e., subproblem), we only need to predict a new individual
based on a spatial-temporal slice P (i.e., the trajectory of
the best individuals achieved by each subproblem), instead of
predicting a whole new population based on X'..1, X.0, ...,
X..r. Since the prediction is performed only for a subproblem,
the computational time complexity can be much reduced
and the prediction quality of the new solution may be better.
In the following, we will extend the original BHT-ARIMA to
DMOPs based on the spatial-temporal slice X},.. and improve
it by incorporating a dynamic parameter control strategy based
on the stability definition of the spatial-temporal slice A),.. in
the objective space.

1) Application of BHT-ARIMA to DMOPs: BHT-ARIMA
is a new prediction model that works best for short TS
and stationary series [45]. It first projects the kernel tensor
after the multiway delay embedding transform (MDT) [46]
and tucker decomposition, and then adds the generalized
tensor ARIMA [47] to project future samples of the con-
tinuous kernel tensors. The BHT-ARIMA model has three
advantages when handling DMOPs: 1) the tensor constructed
from the processed historical data preserves the maximum
continuity between environments; 2) the projected kernel
tensor can better preserve the spatial correlation between the
data, allowing for better capture of the intrinsic relationships
between the data when constructing predictive models; and
3) good robustness can be obtained with reduced sensitivity to
parameters. The flowchart of the extension of BHT-ARIMA
to DMOPs (denoted as D-BHT-ARIMA) is shown in Fig. 5,
and its process can be described as follows.

First, each slice &,.. € RV*T (i.e., the strategy of the nth
subproblem) is transformed into a higher-order BHT P that is
easier to learn and train using MDT along the time dimension

pP= MDT(X,..) € RVXTx(T—t+1) 3)

where 7 is the parameter of MDT.

Second, since BHT-ARIMA predicts best for stationary
series, P is differentiated to order d to obtain a stationary series
AP = (AMP APy, . APy, . AMPK) € RVXTXK,
where K =(T —1+1—4d).
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Third, each slice AP, in AP is decomposed using the
Tucker decomposition technique to obtain the kernel tensor:

AGy = AP U x, P 4)

where () € RV*R1 and U® e R7*R2 are the factor matrices
in two dimensions. Since the kernel tensor AYGy € RR1*R
contains the most important information of the original BHT
13, and also reflects the internal interaction within the TS, it
can be directly used to train the prediction model. Due to the
fact that conventional ARIMA can only predict one scalar,
modifications are made to it so as to predict multiple scalars,
and the modified ARIMA prediction kernel tensor of order
(p,d, q) is as follows [45]:

P q
NG ="M G =Y Bibri + B )
i=1 i=1
where {o;}_, and {8;}’_, are the coefficients of AR and MA,

respectively. They are estimated by following the classical
ARIMA based on the Yule-Walker method [48]. &—; is the
random error of past g observations, and & is the forecast
error at the current time point, which should be minimized.

Fourth, by optimizing the factor matrix and the errors,
a prediction model can be trained when the convergence
condition is reached. The obtained model is then used to
compute a new kernel tensor as

p q
NGy = ZaiAdGl(fi - Zﬂiékﬂ'- (6)
i=1 i=1

Fifth, the predicted kernel tensor is recovered using the Tucker
inversion based on the optimized factor matrices U") and U®

Adi)[(_H = AdGK_;,_lef](l)Xzf](z). (7)

Finally, the predicted values of all TS are obtained by
performing the d-order inverse differentiation on APy,
and thus the new BHT Py € RV*™XT=T+D for the
new environment can be obtained. Then the MDT inverse
transformation of Ppey is performed to predict the new solution
for the nth subproblem in environment 7'+ 1, as shown in (8).

ik

>

f

Fig. 6. Individual to weight vector distance in objective space.

Based on these new solutions, the initial population in the new
environment 7 4 1 can be obtained

X1 = MDT™! (ﬁnew) e RVI+D, (8)

2) Adaptive Selection of Differential Parameter d: As men-
tioned above, BHT-ARIMA works best for stable data and has
three adjustable parameters—p, g, and d. Parameter p denotes
the autoregressive order that reflects the consideration of past
observations in the model, while parameter g represents the
moving average order that indicates the consideration of past
prediction errors. Parameter d is the differencing order, which
denotes the number of differentiations required to achieve
stationarity in the TS. Experimental results in [45] showed that
parameters p and g have little effect on BHT-ARIMA, while
the effect of parameter d is more pronounced. In the original
BHT-ARIMA, the differential parameter d is set to a fixed
value of 2. That is, each input TS needs to be differentiated
twice, which is time-consuming. Therefore, in this article we
propose an adaptive selection strategy of parameter d based on
the stability of &j,... However, how to evaluate the stability of
Ay in the decision space is quite challenging, which is also
the main reason that a fixed value of d was adopted in the
original BHT-ARIMA. To handle this problem, we propose a
new stability definition of Aj.. in the objective space instead
of the decision space.

As shown in Fig. 6, the stability of Aj.. for the nth
subproblem (weight vector) in the objective space is evaluated
by the distance of each fiber (i.e., individual) in A&j.. to
the weight vector, and the adaptive selection strategy of
the differential parameter d is determined as follows. First,
calculate the distance of each fiber (i.e., individual A};;;) in
X),:. to the weight vector, denoted as r;. Second, construct
the TS of distance AR = {ri,ra, ..., 1, ..., rr}. Third, use
the augmented Dickey—Fuller (ADF) [49] test to evaluate the
stability of AR. If the ADF test result ADF(A’R) < 0.05,
then d = 0 is adopted. Otherwise, we further calculate the
1-order difference sequence of TS of distance, i.e., AR =
{ro—ri,r3,—ra, ..., ry—ri_1, ..., rr—rr—1}. If the ADF test
result ADF(AIR) < 0.05, d is set to 1; otherwise, d = 2 is
adopted. The selection of the differential parameter d is given
in (9), based on which it is clear that d = 2 is adopted only
in the worst case

0, if ADF(A°R) <0.05
, if ADF(A°R) > 0.05 & ADF(A'R) < 0.05 (9)
2, otherwise.

d=

—
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Algorithm 1: Initial Population Generation With STT
Input: All the final populations in previous T
environments: POS,;; minimum size for STT
model training: Trainy,,,; weight vector of
MOEA/D: W = {Wy, ..., Wy}; neighborhood size
of MOEA/D: NER; mutation parameter: b
Output: Initial population in the new environment:
X.rq € RV
1 X € RVXVXT  Construct STT tensor with POSyj; ;
// Data Complementation
X* = Complementation(X, Trainy,y,) ;
3 for X),.. in X* do
// Gaussian Variation
4 if non-singular decomposition issue occurs for
D-BHT-ARIMA with X),.. then
ner =Neighbor(X*, NER, n);
u =Average(ner);
o =StandardDeviation(ner);
X,.. =GaussMutation(u, o, b);
X,:: =BoundaryCheck(4},..);
10 Xp:7+1 =D-BHT-ARIMA(X),:.);
11 Xy.7+1 =BoundaryCheck(X),.7+1);
12 Xo.t+1 =WeightSelection(X,.741, X1, Wh);

(5]

R - B Y}

[

3 return X7y = { X741, Xorgt, -, Avergr b

C. Generation of Initial Population With STT

Based on D-BHT-ARIMA, the generation procedure of
initial population with STT generator is given in Algorithm 1.
When the environment changes, there are still two issues
to deal with in the application of D-BHT-ARIMA. One is
that the prediction of new solutions with D-BHT-ARIMA
requires the accumulation of some historical data. At the
early stage of environmental changes, data in the temporal
dimension of the STT X e RM*V*T is often insufficient.
The other problem is that when the data in the temporal
slice P is not a low-rank matrix, there is a situation that the
internally computed matrix cannot be decomposed properly
for nonsingularity. Focusing on the two issues, two strategies
are developed, and a weight vector-based selection strategy to
refine the predicted population is also adopted based on the
decomposition framework of MOEA/D.

1) Data Complementation Strategy: To deal with the issue
of insufficient historical training data, a complementation oper-
ation is performed on the STT X € RN*V*T (Algorithm 1,
line 2). When the length of X € R¥N*VXT (i, T) is smaller
than the minimum size of training data (denoted as Trainjow),
we split X into T slices X..;, X'z, ..., X'.7 of Nx V along the
time dimension, and build T sets of archives, each of which
contains a slice. All the slices will be copied in each archive
until the sum of slices exceeds Trainjoy, and then they will be
merged one by one to construct a new STT X*, which is used
as the training data set. An example of the complementation
operation with 7 = 4 and Trainjoy = 9 is shown in Fig. 7.

2) Gaussian Variation Strategy: To handle the nonsingular
decomposition issue of internal matrixes and ensure that

Fig. 7. Complementation operation with K =4 and Trainy,,, = 9.

the spatial-temporal slice A},.. can be computed by D-BHT-
ARIMA, we apply the Gaussian mutation to the complemented
data (Algorithm 1, lines 5-9). More specifically, when a
spatial-temporal slice cannot be computed by the STT gen-
erator, we first compute the mean and variance of the slices
within the neighborhood of the weight vector to which this
spatial-temporal slice belongs. Next, a number of b fibers of
this slice are randomly selected for Gaussian mutation and then
the boundary check will be performed to ensure the feasibility
of variables. Through this operation, the mutated slice X},.. can
be computed by D-BHT-ARIMA.

3) Weight Vector-Based Selection Strategy: After a new
individual Aj,.741 is generated for the nth weight vector
(subproblem) by the prediction model of D-BHT-ARIMA and
the boundary check process (Algorithm 1, lines 10 and 11),
it will be compared with the individual A},.7 in the previous
environment 7. The comparison is based on the Chebyshev
aggregation method (the evaluation of Aj,.r is illustrated in
(10)), and the better one is selected as the initial solution of
nth weight vector in the new environment 7 + 1

S (Xr) = lfsrli?](w{wi(Fi(Xn:T, T) —zi")} (10)
where w; is the weight for the ith objective and z;* represents
the ith objective of the ideal point z* of MOEA/D.

D. Framework of the Proposed Algorithm

Based on the above STT generator, the overall framework
of STT-DMOEA/D for DMOPs is presented in Algorithm 2.
For each environment 7', the static MOEA/D is performed to
find the near optimal Pareto set POS7 and the corresponding
Pareto front PFr with the given initial population POP7.
Whenever the environment changes, the STT generator is used
to generate the initial population for the new environment and
then the static MOEA/D is performed to evolve it.

E. Computational Complexity

Once an environment change occurs, in the proposed
STT-DMOEA/D algorithm, D-BHT-ARIMA will be used to
generate the initial population and then MOEA/D is adopted
to search for the new Pareto front based on the generated
initial population. For the generation of a new solution for each
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Algorithm 2: STT-DMOEA/D

1 Randomly initialize a population POP1, set T = 1 and
initialize the parameters used in D-BHT-ARIMA and
MOEA/D;
POSy = MOEA/D(POPy, F(x,0), N,V);
POS,;; = POSy;
while termination criterion is not reached do

if environment changes then

L T=T+1,

N S R W

POPy =STT(POS.);

POSt = M OEA/D(POPT);
9 POS,; = POS,; U POST;

10 return POS;;

o

fldeis

Process of continuous annealing production.

shearing
machine

leveling
outlet  machine
looper

o &
unwinding Inlet

d winding
machine

looper machine

Fig. 8.

subproblem, D-BHT-ARIMA consists of mainly MDT oper-
ation, Tucker decomposition and ARIMA prediction, whose
computational complexities are o(VvT3), O(VTnz), and O((p+
q)T), where V and T are, respectively, the dimension of
variables and the number of environmental changes, n = 2
is the order of Tucker decomposition, and p = 1 and ¢ =
3 are the parameters of ARIMA. Due to the fact that there
are a total of N subproblems, the computational complexity
of D-BHT-ARIMA for generating the initial population of
the new environment is O(NVT?). Considering that the com-
putational complexity of MOEA/D is O(mNB), where m is
the number of objectives (m = 2) and B (B = 20) is the
neighborhood size of each subproblem, the total computational
complexity of our STT-DMOEA/D algorithm is O(NVT?).
That is, the time-consuming operation is mainly the D-BHT-
ARIMA.

IV. EXPERIMENTAL STUDY
A. Test Problems

1) Benchmark Problems: The CEC 2018 DMO benchmark
problems [50] are selected as test problems, which include
classical dynamic multiobjective benchmark problems, such as
FDA [51], DMOP [29], JY [52], and SDP [53]. This set of
test problems consists of 14 benchmark test functions, namely,
DFI1-DF14, in which there are nine two-objective and five
three-objective problems. These problems cover a wide range
of problem features, such as irregular POF, discontinuous POF,
and POS with time-varying geometries, which are a good
representation of real-world situations.

2) Real World Problem: To verify the performance of STT-
DMOEA/D in real world applications, the dynamic operation
optimization of continuous annealing in the iron and steel
industry is selected. As shown in Fig. 8, the welded strips

will be consecutively processed through heating furnace (HF),
soaking furnace (SF), slow cooling furnace (SCF), 1# fast
cooling furnace (1#CF), over-aging furnace (OAF), 2# fast
cooling furnace (2#CF), and water quenching furnace (WQF).
In each furnace, a number of control variables need to be
dynamically optimized [54]. In experiment, we take these
process control variables of each strip as decision variables
to simultaneously optimize three objectives, i.e., maximization
of unit capacity, minimization of energy consumption, and
minimization of quality difference between the practical and
desired metrics. In addition, the temperature range of furnaces
that can be dynamically adjusted for the adjacent strips is taken
as the process constraints. The constraint handling method in
NSGA-II [55] is adopted to deal with these process constraints
in our problem. As mentioned in Section I, the fluctuations of
the composition and process constraints of adjacent strips or
the changes of real-time production environment parameters,
such as cooling gas temperature and quench water temperature,
are considered as environment changes. Since the true Pareto
optimal sets are not known for this real-world problem, we
prefer to use the nondominated solutions selected from the
union of all approximate Pareto sets obtained by all the testing
algorithms after multiple runs as the reference Pareto sets and
Pareto fronts to compute the performance metrics. Due to
page limitation, the decision variables and dynamic operation
optimization model of the continuous annealing process are
provided in the supplementary file.

B. Performance Metrics

In experiments, two commonly adopted performance met-
rics in DMOP, i.e., mean inverted generational distance
(MIGD) [21], [34] and mean hypervolume (MHV) [56], are
selected to evaluate the performance of algorithms.

1) MIGD: IGD can evaluate both convergence and diver-
sity of an algorithm by calculating the difference between the
true POF and the approximated POF achieved by the algo-
rithm. A smaller value of IGD represents a better performance
of the algorithm. The IGD metric for environment ¢ (t =
1,2,...,T) is calculated as follows:

2_pepor; d(p, POF))

|POF;
where POF} and POF; are the true POF and the approximated
Pareto front obtained by an algorithm in environment ¢,
respectively. d(p, POF;) represents the minimum Euclidean
distance between solution p in POF; and the solutions in

POF,. Based on IGD, the MIGD can be used to evaluate the
performance of an algorithm for DMOP

> e IGD (POF;", POF,)
|7

2) MHV: Hypervolume (HV) is another performance met-

ric commonly used for MOEA, and a larger HV indicates

a better performance of an algorithm. The MHV metric is

calculated by (13), where HV, represent the HV value of the
Pareto front obtained in environment ¢

ZIGT HV,
IT|

IGD,(POF;, POF;) = (11)

MIGD =

(12)

MHV = (13)
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C. Compared Algorithms

To verify the performance of the proposed STT-DMOEA/D
algorithm, four representative and relatively new DMOEAs
were selected for comparison. These four algorithms use dif-
ferent prediction strategies to generate the initial populations
in the new environment. For a fair comparison, we replaced the
baseline algorithm with MOEA/D for all compared algorithms,
which can be described as follows.

1) Tr-DMOEA [18]: The algorithm uses transfer learning
for prediction and exploits the correlation of probability
distributions of solutions in different environments to gen-
erate valid initial populations. This approach overcomes the
problem of varying POFs in traditional machine learning-based
prediction models leading to training and prediction samples
with different distributions, and greatly improves the solution
quality and the robustness of the algorithm.

2) IGP-DMOEA [20]: This algorithm uses the IGP to
construct the predictor that can map POS from the objective
space to the decision space. This method is able to obtain more
convergent and better-diverse solutions in the objective space
and is more responsive to decision makers than traditional
methods.

3) ISVM-DMOEA [15]: This algorithm is a relatively new
representative algorithm that combines machine learning with
EAs. It treats DMOPs as an online learning process and
updates the incremental support vector machine using succes-
sively obtained optimal solutions without discarding previous
solution information. The algorithm can make better use of
the nonlinear relationships between solutions and historical
information to deal with DMOPs efficiently.

4) PPS [21]: This algorithm is a very classical DMOAs
based on the prediction strategy. It combines a center point
and a manifold to predict the initial population in the next
time window, which is effective in handling DMOPs.

D. Parameter Settings

In the experiment, all parameters of the compared algo-
rithms are taken from the corresponding original literature.
The source codes of all the testing algorithms are available
from the corresponding author upon reasonable request. Some
parameters of STT-DMOEA/D are set as follows.

1) Basic Parameters: The population size is set to 300
for bi-objective problems (DF1-9) and 1326 for tri-objective
problems (DF10-14). The number of decision variables is set
as 10 for all test problems. The neighborhood size NER is 20.
The crossover probability, variance probability and neighbor
selection probability are 0.5, 0.5 and 0.8, respectively.

2) Dynamic Characteristics: In the test problems, time
is defined as ¢t = (1/n)|(zi/t:)], where n; 7t;, and
7; represent the severity of environmental changes, the
frequency of environmental changes, and the number of
iterations, respectively. Different combinations of n, and 7,
represent different dynamic characteristics, and four combi-
nations are used: 1) (n, =5, 1, = 10); 2) (n, = 10, 7y = 5);
3) (n; =10, = 10); and 4) (n, = 10, 7, = 20). [(7i/71)] is
fixed to 30 to ensure 30 environment changes in each problem.
Before the first environment change, each algorithm is allowed

to run for 50 generations, and each algorithm runs for 20
independent runs for each problem.

3) Parameters of STT Generator: In the STT generator,
Traineyw of the tensor training model is set to 8, and the
corresponding MDT rank decomposition parameter 7 is 2.
The random sampling parameter b in the Gaussian variant
is set to 3. Because of the robustness of BHT-ARIMA, the
parameters of ARIMA, i.e., ¢ and p, are set to 3 and 1,
respectively. For the kernel tensor parameters in the Tucker
decomposition, R; is set to 3 and R; is set to the number of
objectives.

4) Continuous Annealing Problem Parameters: After pre-
processing, three sets of strip data were selected from practical
production, and two sets of dynamic characteristics are used,
ie., (I/n,=1,7%=10) and (1/n; = 1, 7; = 30). Before the
first environment change, each algorithm is allowed to run for
150 generations.

E. Comparison Results and Analysis

1) Benchmark Problems: The mean and standard devia-
tion of MIGD and MHV metrics obtained by the proposed
STT-DMOEA/D and the other algorithms for different com-
binations of (t;, n;) are given in Tables I and II, respectively.
In the tables, the best result for each problem is marked with
dark gray shading, and the second best result is marked
with light gray shading. The Wilcoxon rank sum test [57]
with the 0.05 significance level is carried out to indicate the
significance between different results. The symbols “+”, “=",
and “—” are used to show that the proposed STT-DMOEA/D
is significantly better than, not significantly different from, and
significantly worse than a certainly compared algorithm.

Fig. 9 depicts the evolution curves of the average IGD
values of DF1-DF14 over 20 independent runs along 30
environmental changes with 7; = 10 and n; = 10, and the
POF diagrams obtained by different algorithms for problems
DF1-DF9 are shown in Fig. 1 in the supplementary file.

As can be seen in Table I, STT-DMOEA/D obtained the
best MIGD for most of the benchmark problems. For the bi-
objective problems DF1-DF9, STT-DMOEA/D achieved the
best-MIGD results for 25 out of the 36 instances, and the
second best-MIGD results for six instances. For the MHV
metric, its performance is similar to others. In the case of DF2
and DF3, where STT-DMOEA/D performs slightly worse,
DF2 is a slightly more complex problem whose variation leads
to a loss of population diversity, and DF3 has little dynamic
variation and mainly assesses the algorithm’s ability to track
concave and convex changes. From the evolution process of
MIGD for DF3 shown in Fig. 8, it is clear that the proposed
STT-DMOEA/D is inferior to IGP-DMOEA/D at the early
environments but gradually becomes the best one for later
environments. The main reason behind this phenomenon is that
in the early environments, the available historical information
is relatively insufficient for the STT generator to predict good
new populations, however, as more historical training data
becomes available, the prediction quality of the STT generator
becomes better, which helps the proposed STT-DMOEA/D to
achieve the best-IGD metrics in the later environments.
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TABLE I
MEAN AND STANDARD DEVIATION VALUES OF MIGD OBTAINED BY STT-DMOEA/D AND COMPARED ALGORITHMS
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DF10 (5.10)  1.6185¢-01(1.75¢-02)+  1.4850e-01(1.65¢-02)+
(10,10)  1.1753¢-01(7.46e-03)+  1.0755¢-01(5.08¢-02)+
(20,10)  1.1085¢-01(7.44e-03)+  8.9591e-02(4.76e-03)+
(10,5)  2.9652e-01(1.52e-02)+  2.5771e-02(5.99¢-05)+
DFl11 (5.10)  3.9403e-02(3.16e-03)+  2.7480e-02(3.36e-03)+
(10,10)  2.7993¢-02(1.97e-03)+  2.2462e-02(3.08¢-04)+
(20,10)  2.3913¢-02(9.81e-04)+  1.9983¢-02(1.58¢-04)+
(10,5 1.8563¢-01(1.64e-02)+  1.1674e-01(1.03¢-02)+
DF12 (5,10)  2.0027¢-01(6.94e-02)+  1.2166e-01(3.38¢-03)+
(10,10)  1.7679%-01(1.66e-02)+  9.1002e-02(8.04e-03)+
(20,10)  1.1941e-01(5.49¢-03)+  4.8061e-02(1.20e-03)+
(10,5) 1.59626-02(4.62¢-03)-  1.6504e-01(4.45¢-03)=
DFI13 (5,10) 1.6437e-01(1.94e-02)-  1.6295e-01(1.35-03)-
(10,10)  1.5256e-01(5.51e-03)-  1.5855¢-01(2.29¢-03)-
(20,10)  1.5043¢-01(1.31e-03)-  1.5605¢-01(1.80e-03)-
(10,5  1.8062e-02(1.35¢-03)+  2.0714e-02(4.61e-05)+
DF14 (5.10)  2.2677e-02(1.61e-03)+  2.1201e-02(1.39e-03)+
(10,10)  1.7935¢-02(1.22e-03)+  1.7771e-02(1.86e-03)+
(20,10)  1.6344e-02(1.20e-03)+  1.6385e-02(1.93e-03)+
1st/2nd/all 5/12/56 6/31/56

4/1/56

0/6/42

41/4/56

Among the 9 bi-objective problems, DF6 is a multimodal
and difficult problem. For this problem, the proposed STT-
DMOEA/D can achieve much better-MIGD results than all
other rival algorithms, and as can be seen from the POF
diagrams shown in Fig. 1 in the supplementary file, only the
proposed STT-DMOEA/D can achieve good convergence to
the true Pareto front in every environment, while other rival
algorithms cannot handle this problem well.

For the tri-objective problems DF10-DF14, the STT-
DMOEA/D algorithm can achieve the best-MIGD metrics for
12 out of the 15 instances (i.e., all problems except DF13). The
main reason for the inferior performance of STT-DMOEA/D
for problem DF13 is that DF13 has both continuous and
disconnected POFs, and the disconnected POFs are time-
varying. The relatively complex variation of decision variables
in DF13 leads to poor predictions by the STT generator.

Authorized licensed use limited to: Northeastern University. Downloaded on January 27,2026 at 14:16:29 UTC from IEEE Xplore. Restrictions apply.
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TABLE II
MEAN AND STANDARD DEVIATION VALUES OF MHV OBTAINED BY STT-DMOEA/D AND COMPARED ALGORITHMS

Prob.

(Tt’nt)

Tr-DMOEA/D

IGP-DMOEA/D

ISVM-DMOEA/D

PPS-DMOEA/D

STT-DMOEA/D

DF1

(10,5)
(5.10)
(10,10)
(20,10)

4.2062e-01(2.16e-04)-
4.1541e-01(3.18e-03)=
4.2253e-01(8.63e-04)=
4.3645e-01(2.33e-04)=

4.2366¢-01(9.67¢-04)-
4.1255¢-01(5.31e-03)=
4.3033e-01(8.22e-04)=
4.3653e-01(2.60e-04)=

3.6218¢-01(1.47e-02)+
3.0701e-01(7.89¢-03)+
3.8660e-01(6.46e-03)+
4.2464e-01(3.53e-03)+

3.0151e-01(3.30e-03)+
2.9771e-01(7.80e-03)+
3.1207e-01(1.26e-02)+
4.3507¢-01(3.69¢-03)+

4.1484e-01(1.08¢-02)
4.1033e-01(1.33¢-02)
4.3324e-01(1.11e-03)
4.3749¢-01(2.08¢-04)

DF2

(10,5)
(5.10)
(10,10)
(20,10)

6.4672e-01(6.45¢-04)-
6.4356¢-01(8.72¢-04)-
6.4599¢-01(6.07e-04)-
6.6215¢-01(4.68e-04)=

6.5001¢-01(9.18e-04)-
6.1773¢-01(8.93¢-03)-
6.5202¢-01(2.94¢-03)-
6.6176e-01(3.07e-04)=

6.4466e-01(2.03¢-03)-
5.0123¢-01(1.37e-02)+
6.1595¢-01(5.49¢-03)+
6.5217e-01(1.11e-03)=

6.2683¢-01(2.37¢-03)-
5.6869¢-01(1.63e-02)+
5.2341e-01(1.39-02)+
6.6109e-01(3.79¢-03)+

6.1325¢-01(1.24e-02)
5.9678¢-01(2.97¢-02)
6.3803¢-01(1.22¢-02)
6.6088¢-01(3.21e-03)

DF3

(10,5)
(5.10)
(10,10)
(20,10)

2.5319¢-01(1.25¢-03)+
2.4266¢-01(1.47e-02)+
2.6773e-01(1.19¢-03)+
2.9619e-01(5.44e-04)+

3.6126e-01(3.47¢-03)-
3.2866e-01(1.99¢-02)+
3.7126e-01(1.06¢-02)=
3.8969¢-01(6.94¢-03)=

2.1521e-01(1.20e-02)+
9.1192e-02(1.22¢-02)+
1.5314e-01(1.39¢-02)+
1.9828e-01(9.70e-03)+

2.5461e-01(1.06e-02)+
2.6641e-01(2.06e-02)+
2.2895e-01(1.49¢-02)+
3.7334¢-01(5.39%-03)+

3.3359e-01(1.51e-02)
3.1872e-01(1.56e-02)
3.6978e-01(9.97e-03)
3.8935e-01(5.11e-04)

DF4

(10,5)
(5.10)
(10,10)
(20,10)

7.0923¢-00(3.82¢-03)+
7.1009e-00(1.30e-01)+
7.1115e-00(8.53¢-02)+
7.3583e-00(4.68¢-02)=

7.3199¢-00(3.11e-03)=
7.2891e-00(6.04e-03)+
7.3454e-00(6.78¢-03)=
7.3647e-00(2.46e-03)=

7.0846e-00(4.81e-03)+
6.1310e-00(1.01e-01)+
7.0055¢-00(4.02¢-02)+
7.2520e-00(2.02¢-02)+

7.0152e-00(7.26e-04)+
6.9394¢-00(6.72e-02)+
7.0487¢-00(7.54-02)+
7.3644e-00(5.84e-02)=

7.3249¢-00(3.53¢-03)
7.3266e-00(7.88e-03)
7.3591e-00(2.82e-03)
7.3685€-00(3.03¢-03)

DF5

(10,5)
(5.10)
(10,10)
(20,10)

4.8072e-01(7.63e-03)+
4.8381e-01(4.04e-03)=
4.8318¢-01(8.55¢-03)=
4.9356¢-01(1.44¢-04)=

4.9199¢-01(7.93¢-05)=
4.8382e-01(2.17e-03)=
4.9089¢-01(7.70e-04)=
4.9340e-01(1.85¢-04)=

4.8976r-01(6.92e-04)+
3.4781e-01(1.81e-02)+
4.6138e-01(4.90e-03)+
4.8396¢-01(2.18¢-03)=

4.8978¢-01(5.97¢-04)+
4.7041e-01(8.87¢-03)+
4.4068e-01(1.02e-02)+
4.9328¢-01(3.43¢-03)=

4.9258¢-01(1.80e-04)
4.8636e-01(1.46e-03)
4.9176e-01(5.27e-04)
4.9396e-01(1.74e-04)

DF6

(10,5)
(5.10)
(10,10)
(20,10)

7.3562e-01(6.78¢-03)+
7.2844¢-01(8.07e-03)+
7.4772e-01(6.88¢-03)+
7.9592¢-01(4.52¢-03)+

1.3395e-00(2.97e-01)+
1.4921e-00(9.15e-02)=
1.5095e-00(7.42e-02)+
1.5495e-00(6.90e-02)+

8.8397e-01(9.43e-02)+
5.4955¢-01(9.03e-02)+
7.0653e-01(9.24e-02)+
7.1831e-01(9.81e-02)+

1.3164e-00(5.78e-02)+
8.0532¢-01(3.03¢-02)+
8.8042¢-01(5.53¢-02)+
1.1654e-00(4.16e-02)+

1.6510e-00(1.26e-01)
1.4970e-00(7.83e-02)
1.8148e-00(6.23¢-02)
1.8945¢-00(1.04¢-01)

DF7

(10,5)
(5.10)
(10,10)
(20,10)

1.0203¢+01(4.96e-03)=
1.0298¢+01(9.20e-02)-
1.0389e+01(8.33e-02)+
1.0697e+01(6.81e-02)+

1.0250e+01(2.72e-02)=
1.0573e+01(4.126-02)=
1.1068e+01(9.02e-02)=
1.1219¢+01(1.59e-01)=

8.3566e-00(9.29¢-02)+
9.4064¢-00(9.55e-02)+
9.5807e-00(1.20e-01)+
1.0571e-01(8.38e-02)+

8.6803¢-00(1.27e-01)+
9.0245¢-00(1.75¢-01)+
9.9691e-00(3.88e-02)+
1.0198e+01(7.70e-02)+

1.0253e+01(6.97¢-01)
1.0585¢+01(1.02¢-01)
1.1214e+01(8.72¢-02)
1.2119e+01(1.38¢-02)

DF8

(10,5)
(5.10)
(10,10)
(20,10)

3.7895¢-01(3.65¢-02)+
5.3716e-01(1.35¢-03)+
5.3880e-01(7.70e-04)+
5.4579¢-01(4.58¢-05)=

5.4775e-01(5.23e-05)=
5.4388¢-01(2.49¢-04)=
5.4558¢-01(7.37¢-05)=
5.4664e-01(5.06e-05)=

5.4400e-01(4.08e-03)+
4.9365¢-01(1.35¢-02)+
5.2750e-01(7.36e-03)+
5.3790e-01(8.47-03)+

5.4699¢-01(4.36e-04)=
5.4256e-01(1.20e-03)+
5.4108¢-01(1.16e-03)+
5.4573e-01(5.50e-04)=

5.4799¢-01(4.46¢-05)
5.4501e-01(1.14e-04)
5.4608¢-01(7.38¢-05)
5.4666e-01(3.96¢-05)

DF9

(10.5)
(5.10)
(10,10)
(20,10)

3.7852e-01(2.65e-02)+
3.7584e-01(7.09e-03)+
3.8013e-01(2.23e-02)+
4.5322e-01(3.58e-02)=

4.1196e-01(5.30e-03)+
3.9546¢-01(7.62e-03)=
4.4341e-01(8.85e-03)=
4.5138e-01(4.30e-03)=

3.5048¢-01(1.12e-02)+
2.2901e-01(1.89-02)+
3.4486e-01(2.59%-01)+
3.5493¢-01(1.93e-02)+

3.6914e-01(1.42¢-02)+
3.1963e-01(2.82¢-02)+
2.4532e-01(1.47¢-02)+
4.4673e-01(2.28¢-02)+

4.3347e-02(1.06e-02)
3.9618¢-01(3.13¢-02)
4.4359¢-01(1.47¢-02)
4.5369¢-01(1.09¢-02)

DF10

(10,5)
(5.10)
(10,10)
(20,10)

5.2031e-01(5.51e-04)+
5.1149¢-01(1.40e-02)+
5.3226e-01(7.79¢-03)+
5.4841e-01(7.44e-03)+

5.2423¢-01(9.88e-04)+
5.2062¢-01(3.70e-03)+
5.3614e-01(2.03¢-03)+
5.5038¢-01(1.24e-03)+

4.9223e-01(3.21e-02)+
3.5559¢-01(2.85¢-02)+
4.6785¢-01(3.35¢-02)+
4.7284e-01(4.19¢-02)+

5.2872e-01(4.12e-03)+
5.3543e-01(5.11e-03)+
5.4969¢e-01(4.02e-03)+
5.6398e-01(2.01e-03)+

5.5765¢-01(1.26¢-03)
5.5277e-01(1.30e-03)
5.5968¢-01(1.22¢-03)
5.6556e-01(1.23¢-03)

DF11

(10,5)
(5.10)
(10,10)
(20,10)

5.7275e-02(1.63¢-03)+
5.6174e-02(1.46e-04)+
5.7688¢-02(8.67e-05)+
5.8357¢-02(1.66e-03)=

5.7826¢-02(3.96e-05)=
5.7009e-02(2.44e-04)+
5.7958¢-02(1.07e-04)=
5.8469¢-02(6.62¢-05)=

5.7118e-02(2.96-03)+
5.4534e-02(1.04e-03)+
5.7416e-02(2.92e-04)+
5.8238¢-02(1.56e-04)+

5.7595e-02(6.74e-04)=
5.6942e-02(1.43e-04)+
5.7835e-02(6.71e-04)=
5.8455¢-02(1.64e-04)=

5.7956¢-02(6.51¢-04)
5.7394¢-02(8.53¢-05)
5.8087e-02(5.76e-04)
5.8573e-02(6.29¢-05)

DF12

(10,5)
(5.10)
(10,10)
(20,10)

2.9456¢-01(1.72¢-03)+
2.7478¢-01(3.41e-03)+
2.9941e-01(1.68e-03)+
3.4925¢-01(1.10e-03)+

3.0867¢-01(5.42¢-03)+
3.3765¢-01(4.72e-03)+
3.6750e-01(5.52e-03)+
4.1048¢-01(4.36e-03)+

2.6582¢-01(6.71e-03)+
2.4483¢-01(6.97¢-03)+
2.7867e-01(6.05e-03)+
3.0259-01(6.92¢-03)+

3.7596e-01(3.76e-03)+
3.7205e-01(4.38e-03)+
3.7754e-01(3.49¢-03)+
3.9851e-01(3.84e-03)+

4.2578¢-01(2.65¢-03)
4.1782e-01(2.58¢-03)
4.2746e-01(2.22¢-03)
4.3531e-01(1.43e-03)

DF13

(10,5)
(5,10
(10,10)
(20,10)

2.4465¢-00(3.75¢-03)=
2.4381e-00(1.29¢-03)=
2.4571e-00(4.63¢-04)=
2.4664e-00(7.88e-04)=

2.4463e-00(1.25¢-03)=
2.4281e-00(1.35¢-03)=
2.4527e-00(5.53¢-04)=
2.4666e-00(1.82¢-04)=

2.4463e-00(2.62¢-03)=
2.4165¢-00(1.89€-03)=
2.4561e-00(2.01e-03)=
2.4626e-00(5.45¢-04)=

2.4402¢-00(3.56e-02)=
2.4084e-00(1.96e-03)+
2.4495¢-00(4.75¢-02)=
2.4605¢-00(7.58¢-04)=

2.4495e-00(1.26e-03)
2.4378e-00(9.10e-04)
2.4542¢-00(1.21e-03)
2.4648e-00(2.10e-04)

DF14

(10,5)
(5.10)
(10,10)
(20,10)

3.1668e-00(5.63e-04)+
3.1840e-00(4.68e-04)=
3.1870e-00(5.30e-04)=
3.1879e-00(6.56e-04)=

3.1596e-00(7.94e-05)+
3.1750e-00(8.22e-04)+
3.1873e-00(4.85e-04)=
3.1881e-00(3.81e-04)=

3.1794e-00(1.56e-02)+
2.9793e-00(1.63e-02)+
3.1863e-00(1.48¢-02)=
3.1867e-00(7.62¢-04)=

3.1852¢-00(2.35¢-02)=
3.1768e-00(1.26e-02)+
3.1862e-00(2.25¢-03)=
3.1876e-00(2.87¢-04)=

3.1854e-00(3.65¢-04)
3.1854e-00(6.33e-04)
3.1868e-00(3.34e-04)
3.1880e-00(3.07e-04)

1st/2nd/all

7/10/56

9/28/56

0/2/56

0/8/56

40/8/56

Based on the experimental results of different combina-
tions of (t;,n:), it can be seen that for each problem, as
7, increases, the testing algorithm can obtain more eval-
vations, which leads to a gradual increase in the MIGD
and MHV metrics. In addition, as n; increases, indicating
smaller severity of environmental changes in dynamic prob-
lems, the MIGD and MHV metrics also tend to improve

gradually.
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In addition, the statistics of the Wilcoxon rank sum test for
all the testing problems are given in Table III. From the result,
it can be seen that the proposed STT-MOEA/D algorithm is
significantly better than the comparison algorithm for most
of the testing problems. To further evaluate the performance
of all algorithms on DF benchmark problems, the aver-
age performance levels on MIGD and MHV by Friedman’s
test [58] is shown in Table IV. From the comparison results,
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TAB
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LE III

WILCOXON RANK-SUM TEST ANALYSIS OF STT-DMOEA/D WITH FOUR STATE-OF-THE-ART COMPARISON ALGORITHMS
IN TERMS OF MEAN AND STANDARD DEVIATION OF MIGD AND MHV METRICS

STT-DMOEA/D  w.s.  Tr-DMOEA/D  IGP-DMOEA/D  ISVM-DMOEA/D  PPS-DMOEA/D
+ 43/56 33/56 49/56 46/56
MIGD = 3/56 12/56 0/56 5/56
10/56 11/56 7/56 5/56
+ 32/56 17/56 47/56 42/56
MHV = 19/56 34/56 8/56 13/56
5/56 5/56 1/56 1/56
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Fig. 9. Average IGD values versus environmental changes for five algorithms for different problems with n; = 10 and t; = 10.

TABLE IV
RANKINGS OF ALL COMPARISON ALGORITHMS BY THE FRIEDMAN TEST

system first reads in strip data and process information from
the manufacturing execution system, then the static operation

Algorithms MIGD MHV
Tr-DMOEA/D 3.0714  3.0952
IGP-DMOEA/D 2.1429  2.1429
ISVM-DMOEA/D 44762  4.7619
PPS-DMOEA/D 3.5238  3.6190
STT-DMOEA/D 1.7857  1.3810

it is clear that for both MIGD and MHV metrics, STT-
DMOEA/D ranks the best among all the rival algorithms.

2) Real-World Problem: The mean values of the MIGD
metric obtained by the proposed STT-DMOEA/D and the
four rival algorithms for the dynamic multiobjective opera-
tion optimization problem of continuous annealing production
process (denoted as DMOOP-CAP) are given in Table V.
From this table, it is clear that the proposed STT-DMOEA/D
algorithm can succeed in achieving the best results for all
three problems, each of which consists of two instances with
different frequencies of environmental changes. Therefore, the
experimental results on the real-world problem still illustrate
the effectiveness of our proposed STT-DMOEA/D.

The proposed STT-DMOEA/D has been implemented in an
operation optimization system for the continuous annealing
of a major iron and steel enterprise in China, whose user
interface is provided in Fig. 2 in the supplementary file. This

Authorized licensed use limited to: Northeastern University. Downloaded

optimization will be performed to achieve the initial setting
of control variables (operators can select a nondominated
solution from the bottom-left section of the system). During
production, an online monitoring module will check whether
the composition and process constraints of the next strip
or the production environment parameters have significantly
changed. If so, the proposed STT-DMOEA/D algorithm will
be performed to get the new nondominated solutions and the
system can automatically select a solution according to the
preference setting given by the operators.

E. Effectiveness Analysis of Adaptive Selection Strategy of
Parameter d in D-BHT-ARIMA

As described in Section III-B, the adaptive selection strategy
of parameter d is proposed in D-BHT-ARIMA based on the
stability evaluation of A},.. for the nth subproblem (weight vec-
tor) in the objective space. In this section, further experiment
was carried out to verify its effectiveness based on DFI-
DFO. In this experiment, the adaptive selection strategy was
compared with the traditional fixed strategy, i.e., parameter
d was set to 0,1 and 2, respectively. The mean values of
MIGD metric obtained by the four different settings (three
fixed values and the adaptive one) are presented in Table II in

on January 27,2026 at 14:16:29 UTC from IEEE Xplore. Restrictions apply.
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TABLE V
AVERAGE OF IGD OF STT-DMOEA/D AND FOUR COMPARISON ALGORITHMS IN THE CONTINUOUS ANNEALING PROBLEM

Problems (taug, 1/my) Tr-DMOEA/D IGP-DMOEA/D ISVM-DMOEA/D PPS-DMOEA/D STT-DMOEA/D
(1,10) 0.2988 0.2893 0.2935 0.3651 0.2693
DMOOP-CAPI (1.30) 02546 0.2697 0.2863 03538 0.2406
(1,10) 0.2568 0.2275 0.2245 0.2495 0.2081
DMOOGP-CAP2 (1.30) 02345 02139 02065 02191 0.1845
(1,10) 0.2075 0.2185 0.2790 0.2374 0.2098
DMOOP-CAP3 (1.30) 0.1999 0.1923 0.2632 02175 0.1908
0.0691
a E 0.0700 0.0676 0.0662
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the supplementary file, from which it is clear that the proposed
adaptive strategy of parameter d achieved the best results for
all the problems except DFS. Based on the comparison result
of the average value of all MIGDs shown in Fig. 10, it can
be concluded that the proposed adaptive strategy is effective
and helps to further improve the quality of the predicted new
population.

G. Sensitivity Analysis of Parameters

In STT-DMOEA/D, there are two parameters that have
significant impact on the performance of STT generator,
i.e., the minimum number of training samples Trainyoy and t
in the MDT operation. In the experiment, the value of Trainjgy,
is selected from 8, 9, 10, 11 and all decomposable 7 values
are used accordingly. The mean values of MIGD metric for
DFI1-DF9 are given in Table III in the supplementary file, and
visualized in Fig. 11. From the results, it appears that different
settings of the two parameters really have some impact on
the performance of STT-DMOEA/D, and the performance of
STT-DMOEA/D tends to deteriorate as Trainj,,, increases.
The main reason is that a large value of Trainy,, means that
more slices need to be copied to construct the training data in
the data complementation strategy in the early environments,
which in turn leads to inefficiency of the algorithm and causes
inaccurate prediction. Therefore, based on the results, the

parameter setting of Trainj,,, = 8 and t = 2 is selected in the
proposed STT-DMOEA/D.

In the Tucker decomposition, parameter R; is mainly used
to define the size of the kernel tensor, which is the size of
the matrix after extracting the information of the decision
variables. Theoretically, the value of R; is not larger than the
number of decision variables. In the experiment, R; is selected
from 2 to 10 and the remaining parameters are fixed. The
mean values of MIGD metric on DF1-DF9 are presented in
Table IV in the supplementary file, and the average value of all
MIGD:s is shown in Fig. 12. From Fig. 12, it appears that the
performance of STT-DMOEA/D first improves but gradually
deteriorates as the value of R; increases. The main reason
behind this phenomenon is that too small value of R; may
result in too little extracted information, while too large value
of R; may extract a lot of useless information and increase the
computational effort. Therefore, based on the results, R = 3
is selected in our STT-DMOEA/D.

H. Analysis of Running Time

The comparison of average running times of different
algorithms on the personal computer with 17-12700 CPU is
shown in Fig. 13. From this figure, it can be seen that both
Tr-DMOEA/D and ISVM-DMOEA/D need more computa-
tional efforts than the other three algorithms. The main reason
is that Tr-DMOEA/D and ISVM-DMOEA/D use a random
search in the decision space for individuals that match to the
requirements, and the randomness of the search significantly
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increases the running time. In contrast, IGP-DMOEA/D, PPS-
DMOEA/D and STT-DMOEA/D make direct predictions of
new population, which substantially improves the efficiency of
these algorithms. Depending on the complexity of the adopted
prediction methods, there is a slight difference in the running
times between IGP-DMOEA/D, PPS-DMOEA/D and STT-
DMOEA/D. In summary, the efficiency of STT-DMOEA/D is
competitive compared to other algorithms.

V. CONCLUSION

This article proposes a DMOEA based on spatial-temporal
topological tensor (STT-DMOEA/D) for DMOPs. Unlike tra-
ditional DMOEAs, the proposed STT-DMOEA/D is based on
a decomposition framework to mine the topological properties
of the final populations in the objective space, and introduces
the STT to represent the final populations, which can bet-
ter characterize the spatial-temporal variation pattern of the
final populations when environment changes. Based on the
decomposition framework, the algorithm uses an improved
tensor-based ARIMA model that works well for short TS to
predict the new solution for each subproblem in the new envi-
ronment, thus constructing a high-quality initial population.
The proposed algorithm was tested on 14 dynamic benchmark
problems covering different categories and the real-world
dynamic multiobjective optimization problems in continuous
annealing and compared with four state-of-the-art DMOEAs in
the literature. The experimental results show that the proposed
STT-DMOEA/D algorithm achieves the best results of MIGD
and MHV metrics on most benchmark problems and on all
real-world problems.

However, it is important to point out that the main limitation
of the proposed STT prediction strategy is that it can only
work well within the decomposition framework of MOEA/D,
as it utilizes the relatively stable evolutionary trajectories
of subproblems in the MOEA/D framework to predict new
solutions. In addition, due to the limitation of MOEA/D, the
proposed STT-DMOEA/D may not be able to solve some
real-world dynamic multiobjective optimization problems with
irregularly shaped PFs, such as long tail and sharp peak.
Therefore, in the future research, in addition to the application
of STT-DMOEA/D in the dynamic multiobjective operation
optimization of practical production processes in the iron
and steel industry, it is also necessary to investigate the
self-adaptive adjustment of weight vectors and the correspond-
ing stability evaluation of the evolution trajectory for the
subproblem to guarantee the applicability of the proposed STT-
DMOEA/D for more real-world problems.
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