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ARTICLE INFO ABSTRACT

Keywords: Dynamic constrained multi-objective optimization problems (DCMOPs) pose significant challenges due to the
Dynamic constrained multi-objective time-varying nature of objectives and constraints, which complicate the application of traditional optimization
optimization

methods. Existing studies have developed a range of strategies that utilize historical knowledge to track the Pareto
optimal solutions of DCMOPs. However, current dynamic constrained multi-objective evolutionary algorithms
(DCMOEAS) struggle to efficiently utilize historical knowledge for generating high-quality initial populations,
and they often fail to maintain a balance between diversity and convergence while ensuring feasibility. To ad-
dress these issues, an adaptive memory-prediction fusion mechanism driven by change intensity detection is
proposed. Specifically, the mechanism adaptively exploits historical knowledge according to the detected in-
tensity of environmental changes, thereby enabling more efficient knowledge utilization. Moreover, a dynamic
tri-population optimization framework is constructed, which can adaptively adjust the sizes of two auxiliary pop-
ulations for convergence and diversity. In addition, this framework is designed to focus computational resources
on the task that is more important for the current optimization. Experimental results on 19 benchmark problems
with 76 test instances and the dynamic raw ore allocation problem demonstrate that the proposed algorithm

Tri-population optimization
Prediction mechanism
Historical knowledge
Change intensity detection

shows competitive overall performance compared with the other eight state-of-the-art DCMOEAs.

1. Introduction

Dynamic multi-objective optimization problems (DMOPs) and con-
strained multi-objective optimization problems (CMOPs) are preva-
lent in real-world applications and have garnered significant attention
(Zhang et al., 2025a). In DMOPs, multiple objective functions vary over
time (Nguyen & Yao, 2012). These problems arise in fields such as hydro-
thermal power scheduling (Deb et al., 2007) and assembly line schedul-
ing (Zhou & Huang, 2023). CMOPs are widely encountered in vehicle
routing (Wang et al., 2016), service facility location (Tan et al., 2018),
and water supply system optimization (Mala-Jetmarova et al., 2017),
where multiple objectives are optimized while satisfying a set of equality
and inequality constraints (Liang et al., 2024). However, the objective
functions and constraints in CMOPs may change over time in practical
scenarios, while most DMOP formulations fail to adequately incorporate
realistic constraints. Consequently, dynamic constrained multi-objective
optimization problems (DCMOPs) have received increasing attention in
recent years (Nguyen & Yao, 2009, 2012), involving multiple conflicting
objectives and constraints changing over time.

* Corresponding authors.

Dynamic constrained multi-objective evolutionary algorithms (DC-
MOEAs) have been developed to effectively address DCMOPs. These
algorithms extend traditional constrained multi-objective evolution-
ary algorithms (CMOEAs) by introducing mechanisms to detect
environmental changes and adaptively modify the optimization process.
Specifically, DCMOEAs are designed to approximate the constrained
Pareto optimal set (CPS) in a dynamic environment, where the objec-
tives and constraints change over time (Zhang et al., 2025b). In general,
DCMOEAs consist of the environment detection mechanism, the change
response strategy, and the static optimizer. The environment detection
mechanism is used to detect environmental changes across different gen-
erations. Once a change is detected, the change response strategy gen-
erates an initial population that is more suitable for the new environ-
ment. Then, the static optimizer drives this initial population toward the
constrained Pareto front (CPF) in the new environment. The difficulty
of solving DCMOPs lies in the simultaneous presence of environmen-
tal dynamics and constraint-induced search barriers. From the dynamic
optimization perspective, the algorithm should respond rapidly to envi-
ronmental changes and generate a promising initial population for the
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\begin {equation}CV(\vec {x}, t) = \sum _{k=1}^{p+q} CV_k(\vec {x}, t), \label {eq:3}\end {equation}
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\begin {equation}\mathrm {DCPF}^{t}=\left \{F\left (\mathbf {x}^{*},t\right )\mid \mathbf {x}^{*}\in \mathrm {DCPS}^{t}\right \}. \label {eq:6}\end {equation}
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\begin {equation}dObj_i=\frac {\left \|\mathbf {f}_i^{new}-\mathbf {f}_i^{old}\right \|_2} {\left \|\mathbf {f}_i^{old}\right \|_2+\varepsilon }, \label {eq:7}\end {equation}
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\begin {equation}\widehat {C_i}=\mathrm {median}\left (\{dObj_i\}_{i=1}^{n}\right ) +w_{\mathrm {CV}}\cdot \mathrm {median}\left (\{dCV_i\}_{i=1}^{n}\right ), \label {eq:OL}\end {equation}
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\begin {equation}C_i=\mathrm {Norm}\left (\widehat {C_i}\right ), \label {eq:g1}\end {equation}
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\begin {equation}valid=\frac {1}{N}\sum _{i=1}^N\left [d_{\min }(i)\leq \mathrm {MED}+k_{\mathrm {MAD}}\cdot \mathrm {MAD}\right ], \label {eq:10}\end {equation}
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new environment (Feng et al., 2022). An inappropriate initial popula-
tion may delay the tracking process and cause the search to miss the
newly shifted CPF. From the constrained optimization perspective, the
algorithm should maintain a proper balance between convergence and
diversity while ensuring feasibility (Liu et al., 2025). Since infeasible
regions may separate feasible regions, the population needs to traverse
infeasible areas effectively while preserving sufficient diversity to cover
different parts of the CPF (Bao et al., 2025). Therefore, an effective DC-
MOEA should not only design a reliable change response strategy, but
also employ a capable static optimizer that integrates appropriate con-
straint handling techniques (CHTs) and diversity-maintenance mecha-
nisms.

Existing studies of DCMOEAs have mainly proceeded along two di-
rections, including designing change response strategies to generate
suitable initial populations for new environments (Chen et al., 2020)
and developing static optimizers that remain effective under dynamic
conditions (Bao et al., 2025). Current change response strategies can
generally be classified into diversity-based (Deb et al., 2007), memory-
based (Branke, 1999), and prediction-based approaches (Zhang et al.,
2025b). However, each response strategy exhibits inherent limitations
(Chen et al., 2024a). Specifically, diversity-based approaches usually en-
hance population spread without sufficiently utilizing historical knowl-
edge, which may yield initial populations poorly matched to the new
environment and thus impair convergence. Memory-based approaches
tend to lose effectiveness when the algorithm encounters an unseen envi-
ronment. Prediction-based approaches are often computationally more
expensive. In addition, research on static optimizers for DCMOPs has pri-
marily emphasized robust CHTs and the design of auxiliary tasks to assist
population evolution (Zhang et al., 2025b). Representative CHTs include
penalty-function methods (Ray et al., 2001), constraint dominance prin-
ciple (CDP) (Deb et al., 2002), and constraint relaxation methods (Taka-
hama & Sakai, 2010). When integrated into multi-objective evolution-
ary algorithms (MOEASs), these techniques enable effective treatment
of CMOPs. Similarly, when further incorporated into dynamic multi-
objective evolutionary algorithms (DMOEAs), they provide a natural
basis for handling DCMOPs. Notably, different CHTs impose different
preferences over feasibility, convergence, and diversity. These prefer-
ences can substantially influence the performance of algorithms across
tasks (Liu et al., 2025). Another common method is to introduce auxil-
iary populations or tasks to support the evolution of the main popula-
tion (Tian et al., 2020). Because infeasible regions may severely hinder
convergence, relaxing part or all constraints can help the population ap-
proach the unconstrained Pareto front (UPF) rapidly (Tian et al., 2020).
Accordingly, cooperation between the main population and an uncon-
strained or partially constrained auxiliary population can improve the
convergence (Qiao et al., 2023). However, when the CPF is far from the
UPF, these auxiliary tasks become much less effective.

To overcome the above limitations, this paper proposes an adap-
tive memory-prediction fusion mechanism driven by change intensity
detection, together with a tri-population optimization framework. The
proposed detection mechanism not only determines whether a change
has taken place but also quantifies its intensity. Based on this infor-
mation, the algorithm adaptively combines two complementary sources
of historical knowledge, including the change trend inferred from the
two most recent environments and the information extracted from the
most similar historical environment. In this way, the proposed method
can remain effective whether or not past environments provide a close
match to the current one. Furthermore, to fully exploit the detected
change intensity and historical knowledge, a tri-population optimiza-
tion framework is developed to jointly balance convergence and diver-
sity while ensuring feasibility. This framework consists of a main pop-
ulation, a convergence auxiliary population, and a diversity auxiliary
population. Computational resources allocated to the two auxiliary pop-
ulations are dynamically adjusted according to the detected change in-
tensity, thereby improving resource utilization. Specifically, the main
contributions are summarized as follows:
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1. Environmental change intensity detection module: This module
is developed to identify environmental changes and quantify their
intensity. By evaluating the differences in objective functions and
constraint violations for the same individuals across consecutive en-
vironments, the proposed module characterizes the intensity of en-
vironmental change and provides a basis for selecting appropriate
optimization strategies. This design improves the adaptability to dif-
ferent change patterns and problem characteristics.

2. Adaptive memory-prediction fusion mechanism: This mechanism
is proposed to exploit two forms of historical knowledge, includ-
ing the recent change trend and the most similar historical envi-
ronment. Their relative importance is adjusted according to the de-
tected change intensity. When the environmental change is mild, the
mechanism places greater emphasis on prediction based on the most
recent change trend. When the change is severe, it relies more on
perturbing elite individuals from the most similar historical envi-
ronment to enhance diversity. In addition, a confidence measure is
introduced for the recent change trend, which improves the reliabil-
ity of historical knowledge selection. Through the adaptive integra-
tion of these two information sources, the proposed mechanism can
generate initial populations that better fit the current environment
under different change scenarios.

3. Dynamic tri-population optimization framework: This frame-
work is designed to promote convergence and diversity in a coor-
dinated manner while ensuring feasibility. It contains a main task
with full consideration of constraints, a convergence auxiliary task
without constraints, and a diversity auxiliary task based on refer-
ence vectors. Through cooperation among the three populations,
the proposed framework enhances the overall search performance
in dynamic constrained environments. Moreover, the computational
resources assigned to the two auxiliary populations are adjusted
according to change intensity. When environmental changes are se-
vere, more resources are allocated to the unconstrained auxiliary
task to approach the UPF rapidly and provide promising search di-
rections. When environmental changes are mild, more resources are
assigned to the diversity auxiliary population to support further ex-
ploration of the CPF.

The remainder of this paper is organized as follows. Section 2 intro-
duces the core concepts of DCMOPs. Section 3 reviews the related work
and presents the motivation of this study. Section 4 details the proposed
method and underlying principles. The experimental studies and results
are presented in Section 5. Finally, Section 6 concludes this paper and
outlines future work.

2. Preliminary study

Generally, a DCMOP can be represented as follows (Wei & Wang,
2012):

minF &, 1) = (f1G 0, LG D, s frE D)

X€EQteQr O
h(Gn=0,i=1,....p .
gj()?,T)SO,j =p+1l,...,p+¢q

where X = (x|,x;,...,x D)T is a D-dimensional decision vector and
F(X,1) is an M-dimensional objective vector. Q and Q; represent the
decision space and the time domain, respectively. Moreover, A;(%, ) and
g;(X.1) denote the ith equality constraint and the jth inequality con-
straint, respectively. DCMOPs are primarily categorized into three types,
including problems with dynamic objectives, problems with dynamic
constraints, and problems with both objectives and constraints varying
over time. The time variable is typically denoted by ¢, which is defined
as follows:
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where © represents the generation counter, 7, and n, denote the fre-
quency of environmental changes and the severity of change over time.
7, is inversely proportional to the frequency of environmental changes.
A smaller 7, indicates more frequent environmental changes, while a
smaller n, signifies more drastic environmental changes over time ¢. The
different combinations of n, and 7, correspond to different dynamic sce-
narios. Although the structure of basic test problem remains the same,
the environmental trajectory, the severity of each change, and the avail-
able recovery time between two consecutive changes are different.

Definition 1 (Dynamic Feasible Solutions): Similar to CMOPs, solutions
within the feasible regions are termed feasible solutions, while those
outside the feasible regions are infeasible. At time ¢, the constraint vio-
lation (CV) of a solution can be calculated as follows:

ptq
CVE N =Y CVG1), 3)
k=1
with
0,|h (R0 =8), 1<k<p,
CVG.t) = max (0. | K501 ) P )
max (0, g, (X, 1)), p+1<k<p+aq,

where § is a small positive value used to relax the constraint boundaries.
When CV(%,1) = 0, X is considered a feasible solution at time ¢.
Definition 2 (Dynamic Constrained Pareto Optimal Set): When a so-
lution X* is not dominated by any other solution, it is defined as a
Pareto optimal solution. The set comprising all Pareto optimal solutions
is called the Pareto optimal set (PS). Due to the presence of constraints,
the set of all feasible Pareto optimal solutions is termed the CPS. The
set formed by all constrained Pareto optimal solutions within time ¢ is
referred to as the dynamic constrained Pareto optimal set DCPS':

DCPS' = {3* € O(t) | A% € O(1), % <, ¥}, )

where O(7) is the dynamic feasible region, and X <, X* indicates that X
Pareto dominates x* at time 7.

Definition 3 (Dynamic Constrained Pareto Optimal Front): The dynamic
constrained Pareto optimal front is the mapping of DCPS’ onto the ob-
jective space, denoted as DCPF':

DCPF' = { F(x*,1) | x* € DCPS'}. (6)
3. Related work
3.1. Dynamic response strategies

Given the frequent environmental changes, a central challenge for
DCMOEASs is to identify the CPF for each environment within limited
computational resources. Existing DCMOEAs are commonly categorized
into three classes. The first class is diversity-based methods, which aim
to preserve population diversity so that strong global search capability
can be retained after changes (Goh & Tan, 2009). The second class is
memory-based methods, and they are effective for periodically changing
problems due to the reuse of historical solutions (Xu et al., 2018). As
the third class, prediction-based methods track change trends and learn
regularities to anticipate future environments (Cao et al., 2020). Owing
to its strong performance in this context, prediction-based approaches
have attracted increasing attention (Zhang et al., 2025b).

Specifically, diversity-based methods primarily seek to prevent pre-
mature convergence after an environmental change (Jiang et al., 2018).
In the presence of feasibility preference, some optimal solutions in the
new environment may cause the algorithm to discard solutions in other
directions too aggressively. This behavior can degrade population diver-
sity and eventually trap the search in local optimal regions (Wang et al.,
2025). To mitigate this issue, Deb et al. (2007) proposed two variants
of a dynamic NSGA-II-based response strategy. One replaces part of the
population with randomly generated solutions when a change occurs,
and the other perturbs a subset of existing solutions via mutation. Al-
though both strategies can inject diversity, their effectiveness is often
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limited. Woldesenbet and Yen (2009) proposed an alternative approach
based on variable relocation, which helps solutions that have already
converged in the current environment adapt to the new environment.

Memory-based methods store information from historical environ-
ments and retrieve it when similar environments appear, thereby en-
abling the population to reach feasible regions more rapidly. This strat-
egy can substantially improve search efficiency when changes exhibit
periodicity (Branke, 1999). Azzouz et al. (2017) combined a memory
mechanism with local search and random strategies. This approach per-
forms well on DCMOPs with dynamic objective functions. Additionally,
Liang et al. (2019) proposed a hybrid memory-based strategy that adopts
different response strategies depending on the presence of similar envi-
ronments.

Prediction-based techniques aim to discover and exploit change reg-
ularities across historical environments in DCMOPs, and then use these
regularities to estimate the locations of optimal solutions in the forth-
coming environment (Zhou et al., 2014). Instead of directly reusing his-
torical solutions, these methods track change trends through learned
knowledge. Due to their strong tracking capability and broad appli-
cability, prediction-based methods have become a major focus in DC-
MOEA research. Yu et al. (2024) proposed a learning-assisted frame-
work that collects historical knowledge from multiple perspectives and
significantly enhances the performance of static optimizers on DCMOPs.
Chen et al. (2024a) developed an optimization approach based on sub-
space knowledge transfer. Reference vectors are constructed to partition
the objective space into feasible and infeasible subspaces. In the fea-
sible subspace, Kalman filtering is employed to predict new solutions,
while solution generation in the infeasible subspace relies on knowledge
transferred from the nearest promising subspace. Zhang et al. (2025b)
introduced a registration method from computer vision into dynamic
multi-objective optimization. By matching corresponding solutions
across environmental changes, this approach captures variations of the
CPF in a more refined manner.

3.2. Constrained multi-objective optimizers

Due to the presence of constraints, the objective space is divided into
feasible and infeasible regions. These infeasible regions often truncate
feasible regions or split them into disconnected subregions, making the
search prone to local optima (Zhu et al., 2020). A primary challenge
in designing CMOEAs is to enable the population to traverse infeasible
regions and explore the CPF as comprehensively as possible. Existing
studies mainly focus on the design of CHTs and optimization strategies
(Liang et al., 2024). Representative CHTs include the penalty function
methods, the CDP methods, and the constraint relaxation methods (Ming
et al., 2022). Common optimization strategies include multi-population
methods, multi-stage methods, and hybrid methods (Liu et al., 2025).

Penalty-function methods construct a penalty term associated with
the degree of constraint violation and incorporate it into the objective
function to form a new fitness function, thereby transforming the con-
strained problem into an unconstrained one (Xia et al., 2021). Exist-
ing penalty function methods can be classified into static, dynamic, and
adaptive variants (Liang et al., 2023; Woldesenbet et al., 2009). These
methods are frequently adopted in decomposition-based CMOEAs, while
the selection of appropriate penalty coefficients remains a major chal-
lenge. The CDP has become one of the most widely used CHTs. When
comparing two solutions, the feasible solution is preferred over any in-
feasible solution. Among infeasible solutions, the one with smaller con-
straint violation is preferred. When two solutions are feasible, Pareto
dominance determines the preference (Jain & Deb, 2014). CDP can han-
dle constraints effectively, but its strong preference for feasibility may
reduce population diversity. To mitigate this limitation, constraint re-
laxation methods have been introduced (Liang et al., 2021; Zapotecas-
Martinez & Ponsich, 2020). A relaxation parameter is used to loosen
constraint boundaries, and a solution is treated as feasible when the
constraint violation is below the specified threshold.
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To further improve performance under complex constraints, substan-
tial effort has been devoted to designing more effective optimization
strategies (Dang et al., 2025). Multi-population methods introduce aux-
iliary tasks and construct corresponding auxiliary populations to assist
the main population. Cooperation among populations can better balance
the diversity and convergence while ensuring feasibility. CCMO (Tian
et al.,, 2020) is a representative dual-population framework that ex-
ploits collaboration between two populations to utilize auxiliary search
effectively. Li et al. (2019) proposed a constrained two-archive evolu-
tionary algorithm that maintains a convergence archive and a diver-
sity archive simultaneously. This dual-archive design provides an ef-
fective way to balance convergence, diversity, and constraint satisfac-
tion in constrained multi-objective optimization. Liu et al. (2025) devel-
oped a tri-population CMOEA that incorporates constrained Pareto dom-
inance, which helps preserve infeasible solutions with good objective
functions. When combined with a diversity archive, this design supports
broad exploration of the objective space. Gao et al. (2026) proposed a
multiknowledge adaptive transfer framework that incorporates the syn-
chronization knowledge in decision space and evolutionary direction
knowledge. Similarly, multi-stage methods handle CMOPs by adopting
different optimization strategies at different stages of the evolutionary
process. The push-pull search (PPS) framework (Fan et al., 2019) is a
representative example. In the push stage, constraints are ignored to
drive rapid convergence, and feasibility is gradually emphasized in the
pull stage to guide the population toward the CPF. To further enhance
diversity maintenance, Ma et al. (2021) proposed another multi-stage
approach. Constraints are ignored in the first stage, and additional con-
straints are progressively introduced in later stages according to an as-
sessed priority order.

Hybrid approaches that integrate multi-population and multi-stage
designs have received increasing attention in recent years. To exploit
computational resources more effectively, CMEGL (Qiao et al., 2023)
divides a tri-population framework into two stages. In the first stage,
the main task and two auxiliary tasks evolve jointly. After the UPF is
considered to be sufficiently approximated, optimization of the global
auxiliary task is terminated and its computational budget is reassigned
to the main task and a local auxiliary task. Ming et al. (2022) proposed a
two-stage CMOEA with three populations. The three populations evolve
independently in the first stage, and knowledge transfer is performed in
the second stage to enhance the effectiveness of shared information.

3.3. Motivation

DCMOPs involve time-varying objectives and constraints, requiring
algorithms to continuously track DCPFs. Existing studies mainly en-
hance population adaptability through diversity introduction, historical
solution reuse, and prediction techniques. However, the effectiveness
of these strategies depends heavily on the characteristics of environ-
mental changes. For example, prediction-based methods are generally
more suitable when environmental changes exhibit exploitable regular-
ity, memory-based methods can be beneficial when similar or cyclic en-
vironments reappear (Peng et al., 2015), and diversity-based strategies
are often used to mitigate population diversity loss caused by abrupt or
irregular changes (Liang et al., 2019). As shown in Fig. 1, even within the
same problem, environmental change patterns may vary over time, high-
lighting the need for adaptive response strategies that consider change
intensity.

In addition to dynamic response, the performance of DCMOEASs re-
lies on the capability of their static optimizers. Complex constraints
in CMOPs often partition the feasible region into multiple discon-
nected subregions, which can slow convergence and reduce diversity.
Multi-population frameworks, typically combining a main population,
a convergence-focused population, and a diversity-focused population,
have shown promise for solving this issue (Liu et al., 2025). However,
existing methods often allocate resources uniformly, ignoring that the
value of auxiliary populations varies across optimization stages. In the
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(b) Environmental changes in DCMOPs exhibit a cyclical pattern.

Fig. 1. The DCPFs identified in each environment are arranged in the objective
space to provide a more intuitive representation of the patterns of environmental
change.

early stages of optimization, convergence is more critical, whereas in the
later stages, maintaining diversity is more important (Qiao et al., 2023).
Similarly, after environmental changes, the algorithm should adaptively
emphasize convergence or exploration depending on the intensity of
change.

These observations motivate the development of a DCMOEA that
leverages historical knowledge to generate environment-adaptive initial
populations and dynamically adjusts auxiliary population sizes based
on detected change intensity. Therefore, this study proposes an adap-
tive memory-prediction fusion mechanism coupled with a dynamic tri-
population optimization framework. This design aims to improve both
the efficiency of DCPF exploration and the utilization of computational
resources under varying environmental dynamics.

4. Proposed algorithm
4.1. Framework of AMPF

The overall framework of the proposed AMPF is illustrated in Fig. 2.
To respond effectively to environmental changes, AMPF integrates an
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Fig. 2. The overall framework of the proposed AMPF.

adaptive memory-prediction fusion mechanism for dynamic response
with a dynamic tri-population optimization framework for static search.
When an environmental change is detected, the change intensity detec-
tion module first evaluates the variation between two consecutive envi-
ronments and computes the change intensity parameter C;. Then, this
parameter is used to guide both the construction of the initial population
in the new environment and the allocation of search resources among
auxiliary tasks. As shown in Algorithm 1, AMPF initializes the time step
t, the subpopulation size N, the historical population archive AllPop,
the predicted-objective history PredObj Hist, and the initial population
(lines 1-6). During the evolutionary process, if no change is detected, the
population is directly evolved by the dynamic tri-population optimiza-
tion framework (line 18). Once a change occurs, AMPF calculates C; and
updates the time step (lines 9-11). When 7 < 3, the number of histori-
cal environments is insufficient for reliable learning, and a new initial
population is randomly generated to preserve diversity (line 13). When
t > 3, the adaptive memory-prediction fusion mechanism is activated to
construct a more informative initial population for the new environment
(line 15). The adaptive memory-prediction fusion mechanism exploits
two complementary sources of historical knowledge. These two sources
are adaptively fused according to the detected change intensity and the
reliability of recent-trend matching. In particular, AMPF relies more on
trend prediction when the recent dynamics are reliable and the environ-
mental change is mild. In contrast, when the environment changes dras-

tically or the learned trend becomes less trustworthy, AMPF increases
the contribution of historical elite solutions and applies stronger pertur-
bations to them, thereby enhancing diversity and improving adaptation
to uncertain environmental changes.

After constructing the initial population, AMPF employs the dynamic
tri-population optimization framework to evolve the population. This
framework contains one main population and two auxiliary populations.
The main population optimizes the DCMOP using constrained Pareto
dominance, while the convergence auxiliary population ignores con-
straints and adopts Pareto dominance to drive the search toward the
UPF. The diversity auxiliary population maintains population distribu-
tion through an association based on reference vectors, which helps pre-
serve coverage across different regions of the objective space. The three
populations exchange information through a shared pool to improve
complementary search behaviors. Moreover, the sizes of the two auxil-
iary populations are dynamically adjusted according to C;. The conver-
gence auxiliary population is assigned N, individuals, whereas the di-
versity auxiliary population is assigned 2N, — N, individuals. When the
environmental change is severe, more resources are allocated to the con-
vergence auxiliary task to accelerate adaptation to the new CPF. When
the change is mild, more resources are assigned to the diversity auxiliary
task to support finer and more uniform CPF exploration. This adaptive
allocation strategy improves the utilization of computational resources
under different environmental change patterns.
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Algorithm 1 General framework of AMPF.

Input: F(X,t) (DCMOP), N (population size)
Output: CPSs (set of constrained Pareto optimal sets)

1: Set time stepr = 0;
2 N, = |N/3);
3: N, = N
4: AllPop < @;
5: PredObjHist < @;
6: Population < Generate an initial population of size N;
7: while not terminated do
8:  if change detected then
9: C; < Calculate the change intensity by Egs. (10) and (11);
10: N, = floor(C; - 2N,);
11: t=1t+1;
12: if t < 3 then
13: Population < Generate an initial population of
size N;
14: else
15: Population, PredObjHist < Apply the adaptive memory-
prediction fusion mechanism;
16: end if
17:  end if

18: Execute the dynamic tri-population optimization framework;
19:  AllPop < AllPop U Population;
20: end while

AMPF does not assume environmental changes are strictly periodic.
The memory-prediction mechanism is used adaptively. When the num-
ber of historical environments is insufficient, AMPF does not activate
prediction and instead generates a new initial population to preserve di-
versity. When sufficient historical information is available, AMPF adap-
tively fuses recent-trend prediction and historical elite solutions accord-
ing to the detected change intensity and the reliability of recent-trend
matching. When environmental changes are severe or the learned trend
is unreliable, AMPF increases the contribution of perturbed historical
elite solutions rather than relying only on direct trend prediction. Mean-
while, the dynamic tri-population framework continues the search after
initialization, allowing the algorithm to correct inaccurate prediction
through cooperation among populations. These designs improve robust-
ness across diverse dynamic scenarios.

4.2. Change intensity detection module

When an environmental change occurs, AMPF estimates the change
intensity by re-evaluating the same sampled individuals in two consec-
utive environments. The relative changes in objective vectors and con-
straint violations are calculated as follows:

frew _ fgld ‘
dObj; = e @
fi"ld ‘ +€
2
‘CVineW _ CViold
dey, =~ * 1 ®)
‘CViold +e

where f;”d and £ denote the objective vectors of the ith sampled in-
dividual evaluated in the old and new environments, respectively. Sim-
ilarly, CVI."I" and CV;"* denote the corresponding constraint violations
in the old and new environments, respectively. ¢ is a small positive con-
stant used to avoid division by zero.

The general form of the change intensity indicator is designed to take
both objective and constraint variations into account. Specifically, it is
defined as follows:

C, = median({dObj, Y1) + wey - median({dCV;} ), 9
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where n is the number of sampled individuals used for change detection
and wcy is the weight of constraint violation change. To examine the
influence of wcy, five variants are designed and tested in Section 5.3.
The results show that wcy = 0.00 provides the best overall performance.
Therefore, the final version of the proposed algorithm uses objective
space variation to estimate the environmental change intensity:

C; = median(dOb;"_,). (10)
After normalization, the change intensity is scaled to the range [0, 1]:
C; = Norm(@), an

where Norm(-) denotes the normalization operation. A larger value
of C; indicates a stronger environmental change, corresponding to a
more drastic shift between two consecutive environments. In contrast,
a smaller value indicates a milder environmental change.

Constraint violation is not included in the calculation of C; in AMPF.
The rationale is that the detected change intensity is mainly used to
estimate the degree of population displacement in the objective space
and to guide the dynamic response mechanism. The influence of con-
straints is handled in the subsequent constrained optimization process,
especially through the main population and the auxiliary populations.
This design avoids the instability caused by directly mixing objective
space variation and constraint violation variation with different scales,
while still allowing AMPF to respond to constraint changes during the
evolutionary search.

4.3. Adaptive memory-prediction fusion mechanism

Fig. 3 shows the workflow of the proposed adaptive memory-
prediction fusion mechanism. This mechanism aims to construct a high-
quality initial population for the new environment by jointly exploiting
recent change trends and information from perturbed historical elite so-
lutions. Specifically, it learns the movement trend from the two most re-
cent environments and extrapolates candidate solutions according to the
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Algorithm 2 Adaptive memory-prediction fusion mechanism.

Input: AllPop (archived populations), PredObjHist (predicted-
objective history), C; (change intensity), N (population size)

Output: Population, PredObjHist

: Archivel « Last N individuals of All Pop;

: Archive2 < Previous N individuals of All Pop;

ind, < Match each individual with its nearest neighbor;

: valid < Calculate the trusted matches by Eq. (12);

: Predec, Preobj < First-order prediction model;

: Predec < Retain the credible portion and use mean extrapolation

for the remainder;

: PredObjHist <« PredObjHist U Preobj;

8: N, « Calculate the number of historical elites to be utilized based
on C; and valid according to Egs. (14) and (15);

9: elites < Select N, optimal solutions from the most similar environ-
ment;

10: elites « Add perturbations to the original individuals;

11: Population « Predec U elites;

U A WN

N

detected change intensity. Meanwhile, it searches the historical archive
to identify the environment most similar to the current one, from which
elite solutions are selected and perturbed before being injected into
the initial population. By adaptively coordinating trend-based predic-
tion and perturbation-enhanced elite reuse, the proposed mechanism
improves the adaptability and diversity of the initial population under
different environmental change patterns.

The implementation of this mechanism is summarized in Algo-
rithm 2. First, individuals from the two most recent environments are
matched according to their nearest-neighbor relationships, and the re-
liability of the recent trend is estimated by the proportion of trusted
matches. This reliability indicator is defined as follows:

N
o .
valid = ~ Y [din(i) < MED + kypap, - MAD], 12

i=1

where [-] denotes the indicator function. d,;,(i) represents the nearest-
neighbor matching distance of the ith individual, and ky,p is the thresh-
old parameter to control the strictness of the validity criterion. MED and
MAD are the median and median absolute deviation computed over the
set {dpin()} ﬁ 1 respectively. A larger value of valid indicates that more
individuals can be reliably matched across consecutive environments,
suggesting that the recent movement trend is more trustworthy. Based
on the matched individuals, the first-order prediction model (Zhang
et al., 2025b) is used to extrapolate the candidate solutions (line 5).
When the environmental change is mild and the recent trend is reliable,
the mechanism places more emphasis on trend-based prediction. In con-
trast, when the change is drastic or the matching reliability is low, the
prediction step becomes more conservative. For unreliable components,
mean-based extrapolation is adopted according to the change intensity,
which helps avoid overly aggressive predictions.

The mechanism determines the number of historical elites to be se-
lected and perturbed. Unlike a fixed-weight fusion strategy, the contri-
bution of historical elites is dynamically determined by three factors: the
detected change intensity C;, the recent-trend reliability valid, and the
confidence of the most similar historical environment. The confidence
of the most similar historical environment is defined as follows:
smed — s

min >’ (13)

confsim = max | O,
Smed T €

where s, denotes the minimum matching-distance score of the
most similar historical environment, and s,.4 represents the median
matching-distance score among all candidate historical environments. A
larger conf ;, indicates that the selected historical environment is more
clearly distinguished from the other candidates.
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The historical elite transfer rate is then calculated as follows:
¢, = confsim - min (1,C; + (1 — valid)), a4

where ¢, denotes the transfer rate of historical elites. The number of
historical elites to be transferred is calculated as follows:

N, =round(¢,N), 15)

where N is the population size and N, is the number of historical elites
selected from the most similar historical environment. When the envi-
ronmental change is intense or the recent trend is unreliable, C; + (1 —
valid) becomes larger, allowing more perturbed historical elites to par-
ticipate in population initialization. When the selected historical envi-
ronment has low confidence, conf sim becomes small and fewer historical
elites are transferred.

The most similar historical environment is identified by comparing
the predicted CPFs stored in PredObj Hist. Then, the corresponding elite
solutions are selected from this environment and perturbed under the
guidance of the change intensity before being merged with the predicted
population (lines 9-11). When the environmental change is mild and the
recent matching reliability is high, N, becomes small, and the mecha-
nism mainly relies on recent trend prediction. In contrast, when the en-
vironmental change is intense or the recent trend is unreliable, more his-
torical elites are selected if a similar environment can be identified with
high confidence. The selected historical elites are further perturbed be-
fore being injected into the initial population. The perturbation strength
is related to the detected change intensity. This design allows AMPF to
reuse valuable historical search experience while introducing additional
diversity, thereby reducing the risk of transferring outdated or overly
concentrated solutions to the new environment. Finally, the perturbed
historical elites and the predicted solutions are combined to form the
complete initial population for subsequent optimization.

4.4. Dynamic tri-population optimization framework

The dynamic tri-population optimization framework is designed to
balance feasibility, convergence, and diversity during the static search
process. It consists of one main population and two auxiliary popula-
tions. The main population solves the original DCMOP and is respon-
sible for maintaining feasible and high-quality solutions. The conver-
gence auxiliary population ignores constraints and focuses on approach-
ing the UPF, thereby providing objective-competitive solutions that can
accelerate convergence. The diversity auxiliary population, in contrast,
emphasizes the distribution of solutions by constructing reference vec-
tors and associating each reference vector with its nearest solution.
This reference-vector-based association encourages the survival of well-
distributed individuals and helps preserve global search capability. To
ensure the full sharing of knowledge, AMPF adopts a strong coopera-
tion strategy. Candidate solutions from the three populations and their
offspring are first merged into a shared pool, and each subpopulation is
reselected from this pool according to its own selection criterion.

The implementation of the static optimizer is summarized in Algo-
rithm 3. At each generation, the current Population is first merged with
the Offspring generated in the previous generation, and the ideal point
Z in is updated accordingly (lines 2-3). Then, the populations are up-
dated under different selection criteria to generate three different sub-
populations. The main population M ainPop is updated with respect to
the original constrained task, where constrained Pareto dominance is
adopted to prioritize feasible solutions while retaining promising in-
feasible ones. The convergence auxiliary population ConPop is updated
by an unconstrained auxiliary task, where Pareto dominance is used to
promote rapid movement toward the UPF. The diversity auxiliary pop-
ulation DivPop is updated by the diversity enhancement task, which
maintains solution coverage through reference-vector-based associa-
tion (lines 4-6). After population updating, the three populations gen-
erate N, N, and 2N, — —N,, offspring individuals, respectively. Then,
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Algorithm 3 Dynamic tri-population optimization framework.

Input: Population, Offspring, N (population size), N, (size of conver-
gence auxiliary population)
Output: Population, Offspring
© N, < [N/3);
: Population < Population U Offspring;
: Update Z,;.;
: MainPop < Update Population by main task;
: ConPop < Update Population by unconstrained
auxiliary task;
6: DivPop < Update Population by diversity
enhancement task;
7: Population — MainPop U ConPop U DivPop;
8: Offspringl < Generate N offspring individuals by
M ainPop;
9: Offspring2 < Generate N, offspring individuals by
ConPop;
Offspring3 < Generate 2N, — —N,, offspring individuals by
DivPop;
11: Offspring < Offspring1 U Offspring2 U Offspring3;

G wWwN =

10:

these offspring sets are merged to form the complete offspring popula-
tion for the next generation (lines 8-11).

The allocation of offspring among the two auxiliary populations is
dynamically controlled by the detected change intensity. The conver-
gence auxiliary population generates N, offspring individuals, while the
diversity auxiliary population generates 2N, — N,, offspring individuals.
When the environmental change is severe, a larger N, is assigned to
the convergence auxiliary population, allowing more computational re-
sources to be used for quickly approaching the new UPF and adapting
to the shifted CPF. This is beneficial because drastic changes may cause
the current population to deviate substantially from the new promising
region. In contrast, when the environmental change is mild, the current
population is usually close to the new CPF, and excessive convergence-
oriented search may waste evaluations. In this case, the framework re-
duces the size of the convergence auxiliary population and assigns more
resources to the diversity auxiliary population, which supports finer
exploration of the CPF and improves the uniformity of the obtained
approximation. Therefore, the proposed dynamic allocation strategy
enables AMPF to adaptively balance convergence and diversity under
different environmental change patterns.

4.5. Computational complexity

AMPF comprises three key parts, including the change intensity de-
tection module, static optimizer, and adaptive memory-prediction fu-
sion mechanism. The change intensity detection module evaluates the
individuals and calculates the intensity indicators, with a computational
complexity of O(M N). Static optimizer has a computational complexity
of OOM N?) + O(M N log (N)). In the adaptive memory-prediction fu-
sion mechanism, the primary computational overhead arises from dis-
tance calculations in the objective space, resulting in a complexity of
O(M N?). Consequently, the overall computational complexity of AMPF
is O(M N?), where N represents the population size and M denotes the
number of objectives.

5. Experiments
5.1. Experimental settings

To comprehensively evaluate AMPF, experiments are conducted
from two perspectives. Firstly, AMPF is compared with eight represen-
tative DCMOEAs on widely used DCMOP benchmark suites. Secondly,
ablation studies are performed to analyze the effectiveness of its key
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components. All algorithms are implemented in MATLAB R2024b and
executed using parallel computing on a workstation equipped with a
13th Gen Intel® Core™ i9-13900HX CPU at 2.20 GHz and 64 GB RAM.

5.1.1. Benchmark test suites

The DCF (Guo et al., 2022) and DCP (Chen et al., 2024b) test suites
are adopted to assess the performance of the compared algorithms. The
DCF suite contains 10 test problems, while the DCP suite contains 9
test problems. All 19 problems are dynamic constrained bi-objective
optimization problems. According to the source of environmental vari-
ation, these problems can be divided into three categories. The first cat-
egory involves dynamic changes only in the objective functions, includ-
ing DCF2, DCF5, DCF7, DCP1, and DCP2. The second category involves
dynamic changes only in the constraints, including DCF1, DCF4, DCP4,
DCP5, and DCP6. The third category involves simultaneous changes in
both the objective functions and the constraints, covering the remaining
problems. This classification enables a more detailed evaluation of algo-
rithmic performance under different types of environmental dynamics.

5.1.2. Compared algorithms

Eight state-of-the-art DCMOEAs are selected to evaluate the perfor-
mance of the proposed algorithm, including DC-MOEA (Azzouz et al.,
2018), DCNSGAII-A (Deb et al., 2007), DCNSGAII-B (Deb et al., 2007),
DCNSGA-III (Chen et al., 2024c), HATC (Zhang et al., 2025a), TDCEA
(Chen et al., 2024b), SKTEA (Chen et al., 2024a), and MP-DFR (Zhang
et al., 2025b). Among these, DC-MOEA employs a dynamic optimizer to
enhance optimization performance. DCNSGAII-A randomly reinitializes
the individuals, whereas DCNSGAII-B perturbs 20% of the individuals to
enhance diversity. DCNSGA-III employs a multi-population strategy to
simultaneously balance feasibility and convergence. HATC is a history-
assisted two-state auxiliary task collaboration approach for DCMOPs,
which uses historical environmental information and auxiliary-task col-
laboration to improve the evolutionary process. TDCEA adopts a two-
stage diversity compensation strategy with collaborative search charac-
teristics. SKTEA divides the objective space into feasible and infeasible
subspaces, enhancing adaptability by transferring knowledge from solu-
tions within feasible subspaces to infeasible subspaces. MP-DFR incorpo-
rates point set pairing techniques from computer vision into DCMOEA,
enabling more granular capture of environmental changes. To ensure
fairness, all parameters for the compared algorithms are configured ac-
cording to the original papers.

5.1.3. Parameter settings

To ensure a fair comparison, the same population size is used for
AMPF and all compared algorithms. Following the common practice in
evolutionary multi-objective optimization and dynamic multi-objective
optimization studies (Tian et al., 2020; Zhang et al., 2025b), N is set
to 100 in all experiments. The dimension of the decision space is set to
D = 10, consistent with the default parameters in the original articles
(Chen et al., 2024b; Guo et al., 2022). Each test problem is indepen-
dently run 20 times. The parameters n, and 7, are used to control the
severity and frequency of environmental changes, respectively. A larger
n, corresponds to milder environmental changes, while a larger z, indi-
cates a lower change frequency. To evaluate algorithmic performance
under different dynamic scenarios, four parameter combinations are
considered: (n,,7;) € {(5,20),(5,40), (10,20), (10,40)}. These four combi-
nations are used to cover four different dynamic scenarios. Specifically,
(5,20), (5,40), (10, 20), and (10, 40) correspond to the severe and frequent
changes, the severe but less frequent changes, the mild but frequent
changes, and the mild and less frequent changes, respectively. There-
fore, the same test problem under different (»,, 7,) settings may present
different levels of difficulty and emphasize different algorithmic abil-
ities, such as rapid response, convergence recovery, diversity mainte-
nance, and robustness to outdated historical information. Before the
first environmental change, each algorithm is executed for 60 gener-
ations to obtain sufficient initial search information. Subsequently, 30
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environmental changes are introduced. Therefore, the total number of
generations is set to 60 + 30 - ;.

5.1.4. Performance indicators

Two widely used performance indicators for DCMOPs are adopted,
namely the mean inverse generational distance (MIGD) (Jiang et al.,
2021) and the mean hypervolume (MHV) (Zitzler & Thiele, 1999). MIGD
measures the average distance between each point on the reference CPF
and its nearest corresponding point in the solution set. A smaller MIGD
indicates that the solution set obtained by the algorithm is closer to the
CPF. MIGD can be calculated as follows:

_ X.er IGD(CPF},CPF)

MIGD(CPF},CPF,) = ] , (16)
with

) Zp*ech,* min,ecpp, lp* = pll
IGD(CPF},CPF,) = , a7

|CPE|

where T represents a set of discrete time steps and C PF;* represents the
true CPF at time 7. C PF, denotes the approximated solution set obtained
by the algorithm at time 7. MHV evaluates the performance of an algo-
rithm by measuring the hypervolume enclosed by the approximated set
and the reference point z". A higher MHV value indicates better perfor-
mance of the algorithm. The MHV is calculated as follows:

HV(CPF,
MHV(CPF,) = % (18)
with
HV(CPF,) = LWUyecpr, [x1, 211 X -+ X [xp7, 23, ). 19

5.2. Comparative results

Table 1 reports the mean and standard deviation of MIGD obtained
by AMPF and the eight compared algorithms on all test instances. The
results of the Wilcoxon rank-sum test are provided, where “+”, “~”, and
“="7 indicate that the corresponding compared algorithm performs sig-
nificantly better than, significantly worse than, and statistically equiv-
alent to AMPF, respectively. AMPF obtains the best MIGD values on 63
out of 76 test instances, demonstrating its strong capability in tracking
DCPFs. Compared with SKTEA, DCNSGAII-A, DCNSGAII-B, DCNSGA-III,
MP-DFR, DC-MOEA, HATC, and TDCEA, AMPF achieves significantly
better MIGD results on 76, 76, 76, 76, 71, 76, 75, and 60 instances,
respectively. These results indicate that AMPF is highly competitive in
terms of convergence and distribution under dynamic constrained en-
vironments. The favorable MIGD performance of AMPF can be mainly
attributed to two aspects. Firstly, the adaptive memory-prediction fu-
sion mechanism exploits both recent change trends and information
from perturbed historical elite solutions, which helps construct a more
suitable initial population after environmental changes. Secondly, the
dynamic tri-population optimization framework adaptively coordinates
feasibility exploitation, convergence enhancement, and diversity main-
tenance, thereby improving the search efficiency on complex DCMOPs.
However, AMPF does not obtain the best MIGD value in every dynamic
configuration. For example, MP-DFR achieves the best result on one con-
figuration of DCF5, while TDCEA obtains better MIGD values on several
configurations of DCF7, DCF8, DCP4, DCP5, and DCP8. These exceptions
indicate that some problem-specific dynamic characteristics can reduce
the advantage of AMPF. In particular, AMPF may produce a relatively
conservative response intensity for problems where the objective func-
tions change little and the shapes of DCPFs are primarily determined by
constraint pruning. Thus, its convergence performance may be inferior
to TDCEA on certain instances. Similarly, MP-DFR can be competitive
on some configurations where maintaining diverse feasible search direc-
tions is especially important. Therefore, the MIGD results suggest that
AMPF has strong overall tracking ability, but its advantage is not uni-
form across all dynamic configurations.
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Table 2 presents the comparative results in terms of MHV. This indi-
cator evaluates the overall quality of the obtained solution set from the
perspective of the dominated region in the objective space, and a larger
MHYV value usually indicates better convergence and diversity. AMPF
obtains the best MHV values on 57 out of 76 test instances. Although this
confirms that AMPF still has a clear overall advantage under the MHV in-
dicator, the advantage is less dominant than that observed for MIGD. Ac-
cording to the Wilcoxon rank-sum test, AMPF significantly outperforms
SKTEA, DCNSGAII-A, DCNSGAII-B, DCNSGA-III, MP-DFR, DC-MOEA,
HATC, and TDCEA on 76, 76, 76, 76, 64, 76, 63, and 69 instances, re-
spectively. The MHV results also reveal several problem-specific cases
where other algorithms perform better. For example, HATC obtains
better MHV values on several configurations of DCF1 and DCP1. One
possible reason is that HATC uses a history-assisted auxiliary task and
similar historical CPF information, which can help preserve a broader
dominated region on these instances. MP-DFR achieves better MHV val-
ues on some configurations of DCF5, DCF6, DCF8, and DCF10, indi-
cating that its diversity-related mechanism can be effective when the
dominated-volume coverage is sensitive to the spread of solutions. TD-
CEA also performs well on several configurations of DCF8 and DCP4,
which suggests that its two-stage diversity compensation strategy can
be beneficial for maintaining solution spread on specific dynamic land-
scapes.

Fig. 4 presents the convergence curves of IGD values under the
dynamic settings n, =5 and r, = 20, where each curve corresponds to
one compared algorithm. As can be seen, a lower curve indicates bet-
ter performance under the IGD indicator, while a smoother curve sig-
nifies greater stability during the dynamic tracking process. In most
cases, AMPF produces curves that are lower and smoother than those
of the compared algorithms, suggesting that it can guide the popu-
lation to approach the DCPFs rapidly and stably after environmental
changes. However, some compared algorithms may show competitive
curves on specific problems, especially when their diversity compensa-
tion or auxiliary-task mechanisms match the characteristics of the dy-
namic landscape.

To further illustrate the ability of the compared algorithms to han-
dle changes in DCPF shape and distribution, Fig. 5 presents the approx-
imated DCPF distributions obtained on DCF4 under the setting 7, = 20
and n, = 5. It can be observed that AMPF produces a solution set with
better proximity and more uniform distribution along the target front,
whereas several compared algorithms show more obvious gaps, local
aggregation, or insufficient coverage in some regions. This result sug-
gests that AMPF can better adapt to complex DCPF changes even when
the DCPF shape is not explicitly known in advance. The main reason
is that the adaptive memory-prediction fusion mechanism does not re-
quire an explicit fixed DCPF model, but instead exploits reliable recent
trends and similar historical information to guide population initializa-
tion. Meanwhile, the dynamic tri-population framework further helps
maintain convergence, diversity, and feasibility during the subsequent
evolutionary process.

5.3. Parameter analysis

The proposed algorithm includes two key parameters: the constraint
violation weight wcy in the change intensity detection module and the
MAD threshold parameter ky,p in the adaptive memory-prediction fu-
sion mechanism. The former controls whether constraint violation varia-
tion should be incorporated into the estimation of environmental change
intensity, while the latter controls the strictness of the filtering criterion
for predicted individuals.

The parameter wcy is used to control the contribution of con-
straint variation in the change intensity detection module. Specif-
ically, a larger wcy assigns more importance to the change in
constraint violation, while wcy = 0 means that the change intensity is
estimated only according to the variation in the objective space. To in-
vestigate the influence of this parameter, five variants are designed:
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Fig. 4. Curves of average IGD values over environmental changes obtained by AMPF and the compared algorithms on DCF and DCP test suites with z, = 20 and n,

= 5.

wey € {1.00,0.75,0.50,0.25,0.00}. The results in Tables 3 and 4 show
that wcy = 0.00 achieves the best overall performance on both IGD and
HV. For IGD, wcy = 0.00 achieves the best IGD values on 13 out of 19
test instances. This indicates that the overall performance tends to dete-
riorate when more constraint-violation information is incorporated into
the change-intensity estimation. A similar trend is observed in the HV
results. The setting wey = 0.00 achieves the best results on 12 test in-
stances. These results further demonstrate that directly introducing con-
straint variation into the change intensity detection module does not
improve the overall performance.

The main reason is that objective space variation and constraint vari-
ation have different numerical scales and search implications. The de-
tected change intensity in AMPF is mainly used to guide the dynamic
response strength and population reconstruction after environmental
changes. If constraint variation is directly mixed into the estimation of
change intensity, the response strength may be dominated by unstable
or scale-sensitive constraint changes, which can lead to an inappropri-
ate dynamic response. In contrast, using only objective space variation
provides a more stable estimate of the movement degree of the environ-
ment. The influence of constraints can then be handled by the subse-

quent constrained optimization process, including the main population
and auxiliary populations. Therefore, w¢y = 0.00 is adopted in the final
version of AMPF. This setting means that the environmental change in-
tensity is calculated only from the objective-space variation, while the
constraint-related influence is addressed during the evolutionary search
stage rather than in the change intensity estimation stage.

The parameter kyap controls the strictness of the validity criterion
for trusted matches in the adaptive memory-prediction fusion. A smaller
kyvap imposes a stricter filtering threshold, so that only matched pairs
close to the robust central tendency are retained. In contrast, a larger
kmap relaxes the threshold and allows more predicted individuals to
participate in the subsequent search. Therefore, this parameter affects
the balance between prediction utilization and reliability control. To
conduct a more comprehensive parameter analysis, seven settings are
considered: kyap € {0.5,1,1.5,2,2.5,3,3.5}. The results of the Friedman
test in Figs. 6 and 7 show that ky;,p = 1 achieves the best overall per-
formance. For IGD, ky;,p = 1 obtains the best average ranking of 2.789.
For HV, kyap = 1 also achieves the best average ranking of 2.789. The
setting kyap = 0.5 is competitive, with an average ranking of 3.263,
but it is still inferior to ky;zp = 1 in terms of overall ranking and robust-
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Fig. 5. Approximated DCPF solution distributions obtained by SKTEA, DCNSGAII-A, DCNSGAII-B, DCNSGA-III, MP-DFR, DC-MOEA, HATC, TDCEA, and AMPF on

DCF4 with 7, = 20 and n, = 5.

ness. When ky;pp increases beyond 1, the overall performance generally
deteriorates. In particular, large settings such as kyap = 2.5, kyap = 3,
and kyup = 3.5 obtain worse average rankings on both IGD and HV,
indicating that a loose filtering threshold may retain too many unreliable
predicted individuals. These results suggest that both overly strict and
overly loose ky5p Values are not optimal. When ky; 5y is too small, useful
predicted individuals may be removed. When ky; is too large, inaccu-
rate predicted individuals may be retained and mislead the subsequent
evolutionary search. Moreover, the trusted matching rate is further used
to adjust the fusion between trend-based prediction and historical elite
reuse. Therefore, matching quality affects not only the reliability of the
predicted initial population but also the subsequent optimization per-
formance. By contrast, kyzp = 1 provides a better trade-off between re-
taining useful predicted solutions and suppressing unreliable ones.

Overall, the parameter sensitivity analysis shows that AMPF per-
forms best when wcy = 0.00 and kyzp = 1. Therefore, these two val-
ues are adopted as the default settings in all experiments. The former
suggests that objective-space variation is more suitable for estimating
environmental change intensity, while the latter indicates that a mod-
erately strict MED-MAD threshold is more effective for controlling the
reliability of predicted solutions.

15

Average rank

4.842

4.842

Fig. 6. Average Friedman rankings in terms of IGD for the sensitivity analysis
of the MAD threshold parameter.
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Table 3
IGD results of the sensitivity experiment on the constraint violation weight in environmental change intensity detection.
Problem  wey = 1.00 wey = 0.75 wey = 0.50 wey =025 wey = 0.00
DCF1 3.1259¢ - 02 (8.96e — 04) — 3.0977e — 02 (9.33e - 04) — 3.0143e - 02 (6.95e — 04) — 2.9511e — 02 (8.04e — 04) — 2.3455e - 02 (6.56e — 04)
DCF2 1.2586e - 02 (1.65e — 03) — 1.2619e - 02 (1.38e - 03) — 1.3051e - 02 (1.52e - 03) — 1.2002e - 02 (1.37e - 03) — 1.1001e - 02 (8.83e — 04)
DCF3 1.1812e - 02 (5.77e - 04) = 1.1681e - 02 (7.26e — 04) = 1.1805e - 02 (6.87e — 04) = 1.1780e - 02 (5.96e — 04) = 1.1490e - 02 (5.24e - 04)
DCF4 2.5821e — 02 (6.24e — 04) — 2.5701e — 02 (1.03e — 03) — 2.5273e - 02 (9.07e - 04) — 2.5246e — 02 (1.08e - 03) — 2.1234e - 02 (5.51e - 04)
DCF5 2.1851e — 02 (1.08e - 03) — 2.2832e - 02 (1.29e - 03) - 2.2418e - 02 (1.24e - 03) — 2.2037e - 02 (1.68e - 03) — 1.7302e - 02 (8.30e — 04)
DCF6 2.1664e — 02 (1.03e - 03) — 2.1603e — 02 (1.14e - 03) — 2.0851e - 02 (1.17e - 03) — 2.0523e - 02 (1.36e - 03) — 1.2330e - 02 (5.29¢ - 04)
DCF7 1.3553e - 02 (6.98e — 04) = 1.3692e - 02 (9.57e — 04) — 1.3253e - 02 (7.31e - 04) = 1.3129e - 02 (6.87e - 04) = 1.3097e - 02 (6.96e — 04)
DCF8 1.0707e - 02 (1.25e — 04) — 1.0708e - 02 (1.87e — 04) — 1.0744e - 02 (1.95e — 04) — 1.0709e - 02 (1.71e — 04) — 9.9151e - 03 (1.52e - 04)
DCF9 1.3031e - 02 (7.78e — 04) — 1.3022e - 02 (7.49e — 04) — 1.3217e - 02 (9.40e — 04) — 1.3046e — 02 (1.24e - 03) — 1.1231e - 02 (6.15e - 04)
DCF10 2.9671e - 02 (2.42e - 03) = 2.9349e - 02 (1.82e - 03) = 2.9942e - 02 (1.81e - 03) = 2.9552e - 02 (1.92e - 03) = 3.0122e - 02 (1.70e - 03)
DCP1 1.2434e - 02 (1.48e - 03) = 1.1777e - 02 (1.18e - 03) = 1.1841e - 02 (9.97e - 04) = 1.2101e - 02 (7.52e - 04) = 1.2048e - 02 (6.67e — 04)
DCP2 2.1080e — 02 (1.97e - 03) = 2.1165e - 02 (1.39e - 03) = 2.0961e - 02 (1.43e - 03) = 2.0523e - 02 (1.45e - 03) = 2.0818e - 02 (2.24e - 03)
DCP3 5.4820e - 01 (5.27e - 02) + 5.3851e - 01 (4.29¢ - 02) + 5.5434e - 01 (5.15e - 02) + 5.6258e — 01 (4.30e - 02) + 6.7241e - 01 (4.81e - 02)
DCP4 3.1407e - 03 (1.31e - 04) = 3.1346e — 03 (1.50e — 04) = 3.0963e — 03 (1.5%e - 04) = 3.0905e — 03 (1.02e — 04) = 3.0739e - 03 (1.24e - 04)
DCP5 9.8548e — 02 (4.49e - 02) = 9.7754e — 02 (3.54e - 02) - 8.8318e - 02 (3.64e - 02) = 8.4307e - 02 (3.31e - 02) = 7.4534e - 02 (6.95e — 03)
DCP6 1.7124e - 02 (6.56e — 04) — 1.7078e - 02 (6.71e — 04) — 1.6571e — 02 (4.94e — 04) — 1.6499e - 02 (4.72e — 04) — 1.3792e - 02 (4.33e - 04)
DCP7 1.0219e - 02 (4.5% - 04) = 1.0162e - 02 (5.00e — 04) = 1.0028e - 02 (4.18e - 04) = 1.0107e - 02 (4.30e — 04) = 1.0170e - 02 (5.88e — 04)
DCP8 3.2126e - 02 (3.55e - 03) = 3.1516e — 02 (3.77e - 03) = 3.0860e - 02 (2.98e - 03) = 3.1517e - 02 (3.52e - 03) = 3.1938e - 02 (3.47e - 03)
DCP9 4.5719e - 02 (8.71e - 03) — 4.4217e - 02 (1.16e - 02) = 4.4037e — 02 (9.45e - 03) = 4.3760e — 02 (1.09e - 02) = 3.8936e - 02 (7.20e - 03)
+/-/=1/9/9 1/10/8 1/8/10 1/8/10
Table 4
HV results of the sensitivity experiment on the constraint violation weight in environmental change intensity detection.
Problem wey = 1.00 wey = 0.75 wey = 0.50 wey =025 wey = 0.00
DCF1 3.5282e - 01 (4.97e - 04) — 3.5292e - 01 (5.60e — 04) — 3.5330e — 01 (4.80e — 04) — 3.5363e — 01 (4.38e - 04) — 3.5736e - 01 (3.01e - 04)
DCF2 4.2456e - 01 (2.43e - 03) - 4.2447e - 01 (2.04e - 03) - 4.2382e - 01 (2.23e - 03) — 4.2529¢ - 01 (2.06e - 03) - 4.2691e - 01 (1.22e - 03)
DCF3 3.3873e - 01 (6.39¢ — 04) = 3.3893e - 01 (8.06e — 04) = 3.3885e - 01 (6.75e — 04) = 3.3876e — 01 (6.07e — 04) = 3.3907e - 01 (5.45e - 04)
DCF4 4.7645e — 01 (5.79e - 04) - 4.7662e — 01 (7.26e — 04) — 4.7662e - 01 (6.84e — 04) — 4.7677e — 01 (7.54e - 04) - 4.7926e - 01 (6.07e - 04)
DCF5 5.0274e - 01 (1.61e - 03) - 5.0132e - 01 (1.96e - 03) — 5.0186e - 01 (1.89e - 03) — 5.0258e - 01 (2.57e - 03) - 5.0943e - 01 (1.23e - 03)
DCF6 3.1301e - 01 (1.26e — 03) — 3.1333e - 01 (1.62e - 03) — 3.1414e - 01 (1.72e - 03) - 3.1439¢ - 01 (1.80e — 03) — 3.2486e - 01 (7.55e - 04)
DCF7 2.8040e — 01 (7.45e - 04) = 2.8023e - 01 (8.91e - 04) = 2.8066e - 01 (6.86e - 04) = 2.8062e — 01 (7.61e - 04) = 2.8064e - 01 (5.53e — 04)
DCF8 5.7284e - 01 (1.74e - 04) — 5.7288e - 01 (1.53e — 04) — 5.7281e - 01 (1.83e - 04) — 5.7285e - 01 (1.65e — 04) — 5.7323e - 01 (1.76e - 04)
DCF9 5.7902e — 01 (8.54e - 04) — 5.7960e — 01 (8.18e - 04) = 5.7903e - 01 (1.24e - 03) = 5.7936e — 01 (7.53e - 04) = 5.7963e - 01 (6.35e — 04)
DCF10 3.1624e - 01 (2.97e - 03) = 3.1661e - 01 (2.38e - 03) = 3.1557e - 01 (2.48e - 03) = 3.1675e - 01 (2.82e - 03) = 3.1541e - 01 (2.30e - 03)
DCP1 3.0403e - 01 (1.51e - 03) — 3.0471e - 01 (8.61e - 04) = 3.0453e - 01 (1.01e - 03) = 3.0432e - 01 (7.27e - 04) - 3.0488e - 01 (5.49e - 04)
DCP2 4.9040e — 01 (1.94e - 03) = 4.9061e - 01 (1.56e — 03) = 4.9106e — 01 (1.88e - 03) = 4.9192e - 01 (1.88e - 03) = 4.9138e — 01 (1.98e - 03)
DCP3 9.9717e — 02 (1.28e - 02) + 1.0545e - 01 (1.31e - 02) + 1.0095e - 01 (1.55e — 02) + 1.0378e - 01 (1.12e - 02) + 8.1150e - 02 (1.30e - 02)
DCP4 3.1056e — 01 (1.89e - 04) — 3.1056e - 01 (2.04e - 04) - 3.1060e - 01 (2.31e - 04) = 3.1061e - 01 (1.57e - 04) - 3.1073e - 01 (1.88e - 04)
DCP5 3.6332e - 01 (3.34e - 02) - 3.6555e - 01 (2.73e - 02) - 3.7426e - 01 (2.86e - 02) — 3.7892e - 01 (2.70e - 02) = 3.9007e - 01 (4.80e - 03)
DCP6 4.2647e - 01 (5.67e - 04) + 4.2645e — 01 (5.12e - 04) + 4.2606e — 01 (4.83e - 04) + 4.2537e - 01 (8.17e — 04) + 4.2385e — 01 (5.53e — 04)
DCP7 5.5459¢ - 01 (6.67e — 04) = 5.5464e — 01 (7.34e - 04) = 5.5491e - 01 (5.91e - 04) = 5.5474e - 01 (7.02e - 04) = 5.5475e - 01 (8.58e — 04)
DCP8 4.6962e — 01 (3.94e - 03) + 4.6885e - 01 (4.73e - 03) + 4.6832e — 01 (3.04e - 03) + 4.6803e - 01 (3.52e - 03) + 4.6470e - 01 (5.22e - 03)
DCP9 4.1795e — 01 (9.37e - 03) = 4.1935e - 01 (1.35e - 02) = 4.2031e - 01 (1.04e - 02) = 4.1993e - 01 (1.33e - 02) = 4.2362e - 01 (9.52e - 03)
+/-/= 3/10/6 3/8/8 3/7/9 3/8/8

5.4. Ablation study

To evaluate the contribution of each component, six variants of
AMPF are designed. In particular, we examine the effects of the change
intensity detection module, the historical elite perturbation strategy, the
recent trend prediction strategy, the adaptive memory-prediction fusion
mechanism, the dynamic tri-population optimization framework, and
the strengthened cooperation mechanism among the three populations.

Specifically, AMPFVOQ uses a weak cooperation mechanism to facil-
itate knowledge transfer between populations. AMPFV1 removes the
change intensity detection mechanism. In this variant, the algorithm
no longer adaptively estimates the severity of environmental changes,
and thus cannot adjust the response intensity according to the degree of
change. AMPFV2 removes the historical elite perturbation strategy, so
that previously promising solutions are not reused to generate perturbed
candidate solutions after environmental changes. AMPFV3 removes the
recent trend prediction strategy, and the recent movement of the DCPF
across recent environments is not explicitly exploited. AMPFV4 removes
the entire adaptive memory-prediction fusion mechanism, which means
that the algorithm does not use the fusion of historical elite pertur-
bation and trend prediction to construct the initial population after
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environmental changes. AMPFV5 removes the dynamic tri-population
optimization framework, and thus the coordinated search among
feasibility exploitation, convergence-oriented exploration, and diversity
enhancement is disabled. Finally, AMPF introduces a stronger coopera-
tion mechanism among the three populations. Unlike the offspring-level
cooperation of AMPFV0, AMPF merges the main population, the conver-
gence auxiliary population, the diversity auxiliary population, and the
offspring into a unified shared pool, from which the three populations
are synchronously reselected according to their own environmental
selection criteria. Although the three populations share the same candi-
date pool, their role specialization is preserved because they are updated
by different selection criteria.

The Friedman average rankings obtained by AMPF and its variants
are shown in Figs. 8 and 9, where a smaller ranking indicates better
overall performance. In terms of IGD, AMPF obtains the best average
ranking of 2.053, followed by AMPFVO with a ranking of 2.474. The
remaining variants obtain worse rankings. Similar observations can be
made for the HV results. AMPF again achieves the best ranking of 2.158,
while AMPFVO obtains the second-best ranking of 2.737. The rank-
ings of AMPFV1, AMPFV2, AMPFV3, AMPFV4, and AMPFV5 are 2.947,
4.105, 4.263, 4.947, and 6.842, respectively. These results show that the
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Fig. 7. Average Friedman rankings in terms of HV for the sensitivity analysis
of the MAD threshold parameter.
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Fig. 9. Average Friedman rankings in terms of HV for ablation study.

shared-pool cooperation mechanism provides a more effective way for
the three populations to exchange useful knowledge than the weak co-
operation mechanism. Based on this observation, the strong cooperation
mechanism is incorporated into the revised version of AMPF.

The results of AMPFV1 show that removing the change intensity de-
tection mechanism leads to less stable performance. Although AMPFV1
obtains competitive results on some instances, its average rankings are
worse than those of AMPF and AMPFVO on both IGD and HV. This indi-
cates that dynamically estimating the severity of environmental changes
is useful for controlling the response strength. Without this mechanism,
the algorithm may either overreact to mild changes or respond insuf-
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Table 5
Statistics of performance comparisons on the real-world problem accord-
ing to the MHV indicator.

Indicator ~ Algorithm 7, =80 7, = 100
Best Mean Worst Best Mean Worst
MHV SKTEA 0.043 0.031 0.020 0.043 0.028 0.019
DCNSGAII-A  0.034 0.024 0.018 0.032 0.023 0.016
DCNSGAII-B  0.032 0.020 0.012 0.022 0.015 0.011
DCNSGA-III  0.073 0.056 0.036 0.069 0.054 0.032
MP-DFR 0.056 0.041 0.023 0.050 0.035 0.024
DC-MOEA 0.066 0.038 0.024 0.072 0.039 0.015
TDCEA 0.059 0.033 0.017 0.052 0.029 0.017
HATC 0.063 0.043 0.034 0.091 0.041 0.016
AMPF 0.089 0.073 0.058 0.080 0.068 0.058

ficiently to severe changes, which weakens its robustness across differ-
ent dynamic scenarios. AMPFV2 and AMPFV3 are used to separately
evaluate the two key components of the adaptive memory-prediction
fusion mechanism. AMPFV2 performs worse than AMPFVO and AMPF,
demonstrating that historical elite perturbation is important for reusing
previously promising solutions and accelerating adaptation after en-
vironmental changes. AMPFV3 also obtains inferior average rankings,
which shows that recent trend prediction provides useful directional
information for tracking the movement of the optimal region. These
results indicate that historical elite perturbation and trend prediction
contribute from different perspectives. The former improves local re-
covery around high-quality historical regions, while the latter enhances
the ability to anticipate environmental dynamics. AMPFV4 removes the
entire adaptive memory-prediction fusion mechanism and obtains sub-
stantially worse average rankings than AMPFVO and AMPF. This con-
firms that simply relying on the current population or random diversity
introduction is insufficient for constructing a well-adapted initial popu-
lation after environmental changes. By contrast, the proposed adaptive
memory-prediction mechanism provides more informative guidance by
combining perturbed historical elites with predicted search directions.
Therefore, the fusion of memory and prediction is essential for effec-
tive dynamic response. AMPFV5 shows the worst performance among
all compared variants on both IGD and HV. It obtains the largest Fried-
man average rankings, namely 6.684 on IGD and 6.842 on HV. This
result demonstrates the importance of the dynamic tri-population opti-
mization framework. Without the coordinated search among feasibility
exploitation, convergence-oriented exploration, and diversity enhance-
ment, the algorithm has difficulty in balancing convergence, feasibility,
and diversity in dynamic constrained multi-objective environments.
Overall, the ablation results verify the effectiveness of each com-
ponent of AMPF. The change intensity detection mechanism im-
proves the adaptiveness of the environmental response. The histori-
cal elite perturbation and recent trend prediction strategies provide
complementary knowledge for population reinitialization. The adaptive
memory-prediction fusion mechanism integrates these two sources of
information to guide the search after environmental changes. The dy-
namic tri-population framework plays a fundamental role in balancing
feasibility, convergence, and diversity. Moreover, the newly introduced
shared-pool cooperation mechanism further enhances information ex-
change among the three populations and leads to the best overall per-
formance. These results demonstrate that the proposed components are
complementary and jointly contribute to the effectiveness of the AMPF.

5.5. Real-world experiments on dynamic raw ore allocation

To further evaluate the practical applicability of AMPF,an additional
experiment is conducted on a real-world dynamic raw ore allocation
problem in mineral processing. Raw ore allocation aims to assign dif-
ferent quantities of raw ores under changing production conditions, to
optimize multiple conflicting production objectives, such as concentrate
yield, concentrate grade, metal recovery, beneficiation ratio, and pro-
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duction cost. In practical mineral processing systems, the production en-
vironment is typically nonstationary. Variations in equipment capacity,
equipment runtime, maintenance status, and processing capability may
change the objective functions, constraint boundaries, and model pa-
rameters over time. Therefore, raw ore allocation can be formulated as
a dynamic multi-objective optimization problem (Ding et al., 2019). In
this real-world problem, the environmental changes are mainly caused
by variations in the capacity and runtime of the ball mill grinding
process, which is a bottleneck subprocess in mineral processing. Com-
pared with synthetic benchmark problems, this problem has more realis-
tic characteristics, including multiple conflicting production objectives,
time-varying equipment-capacity constraints, and irregular changes in
the feasible regions.

Because the true PF of this real-world problem is unknown, MHV
is adopted to evaluate the performance of the compared algorithms.
A larger MHV value indicates better overall performance in terms of
convergence and diversity across dynamic environments. Two change-
frequency settings are considered: 7, = 80 and 7, = 100. The statistical
results are reported in Table 5. When 7, = 80, AMPF achieves the best
MHV values among all compared algorithms. Specifically, AMPF ob-
tains a mean MHV of 0.073, while the second-best mean value is ob-
tained by DCNSGA-III with 0.056. This indicates that AMPF can obtain
better overall solution quality under relatively frequent environmental
changes. Moreover, the worst MHV value of AMPF is 0.058, which is
higher than the worst-case values of all compared algorithms. This sug-
gests that AMPF has better robustness across independent runs. When
7, = 100, AMPF still achieves the best mean and worst-case MHV val-
ues. Although HATC obtains the best single-run MHV value of 0.091, its
mean and worst MHV values are 0.041 and 0.016, respectively. In con-
trast, AMPF obtains a mean MHV of 0.068 and a worst MHV of 0.058.
This result indicates that AMPF provides more stable performance rather
than only achieving occasional high-quality solutions. Compared with
DCNSGA-III, which obtains the second-best mean MHV of 0.054, AMPF
still shows a clear advantage under this setting.

The competitive performance of AMPF on this real-world prob-
lem can be attributed to the synergy between its dynamic response
mechanism and tri-population optimization framework. The memory-
prediction fusion mechanism enables the reuse of historical information
to accelerate the response to environmental changes. Meanwhile, the
main population, the convergence auxiliary population, and the diver-
sity auxiliary population jointly refine the population after each environ-
mental change. Therefore, AMPF can maintain good dynamic tracking
ability even when the problem involves practical equipment-capacity
variations and time-varying constraints. Overall, the real-world raw ore
allocation experiment demonstrates that AMPF is applicable beyond
synthetic benchmark problems. It can be applied to practical dynamic
optimization scenarios with changing constraints and conflicting pro-
duction objectives.

6. Conclusion

This paper proposes AMPF, an adaptive memory-prediction fusion-
based evolutionary algorithm for dynamic constrained multi-objective
optimization. AMPF introduces a change intensity detection module to
identify environmental changes and quantify their severity using the
change intensity parameter C;. Based on this parameter, the adaptive
memory-prediction fusion mechanism exploits recent change trends and
perturbed historical elite solutions to construct a suitable initial popu-
lation for the new environment. The fusion design alleviates the bias
caused by relying solely on either prediction or memory and improves
adaptability under different environmental change patterns. AMPF also
develops a dynamic tri-population framework to coordinate feasibil-
ity, convergence, and diversity during the subsequent evolutionary
search. The main population solves the original constrained task us-
ing constrained Pareto dominance. The convergence and diversity aux-
iliary populations promote convergence and distribution maintenance
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through unconstrained Pareto dominance and reference-vector-based
association, respectively. By dynamically allocating computational re-
sources between the two auxiliary populations according to the detected
change intensity, AMPF better balances convergence enhancement and
diversity preservation. Experimental results on 76 benchmark test in-
stances and a real-world raw-ore allocation problem demonstrate that
AMPF achieves competitive or superior performance compared with
eight state-of-the-art DCMOEAs. Moreover, the change intensity detec-
tion module, dynamic response mechanism, and tri-population frame-
work provide transferable design ideas for other dominance-based DC-
MOEAs.

Although AMPF shows promising performance, it has several lim-
itations. Because AMPF uses a memory-prediction fusion mechanism,
its prediction component is more effective when consecutive environ-
ments have useful temporal correlations. When environmental changes
are abrupt, noisy, non-recurrent, or weakly related to previous en-
vironments, prediction accuracy may decrease, and inaccurate pre-
dicted solutions may mislead the search if they are not properly fil-
tered. In addition, the performance of AMPF depends on reliable
change detection. Delayed detection may cause the algorithm to search
around outdated promising regions, whereas false detections may
trigger unnecessary population reconstruction and disturb the evolu-
tionary process. The limitations suggest several future directions, in-
cluding prediction confidence estimation, adaptive switching between
prediction-based and memory-based responses, and surrogate- or
transfer-learning-assisted acceleration.
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