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Abstract—In recent years, surrogate-assisted evolutionary algo-
rithms have demonstrated strong capability for solving expensive
constrained optimization problems. Although much of the exist-
ing literature concentrates on cases dominated by inequality con-
straints, expensive optimization with equality constraints remains
comparatively underexplored, despite equality constraints being
common in classical constrained formulations. To address this
issue, this paper develops a new framework that couples a mul-
tilayer perceptron regression surrogate with a rule-based fuzzy
inference mechanism and differential evolution (DE) for efficient
equality-constrained search under limited evaluation budgets.
Specifically, we design a type-1 Mamdani fuzzy inference system
to realize a self-adaptive penalty strategy without prescribing
an explicit functional form for the penalty mapping. The MLP
surrogate and the fuzzy rule-based penalty function are embed-
ded into the DE process to jointly steer the population toward
feasibility. With surrogate guidance, the algorithm can allocate
more search effort to exploring and refining promising feasible
regions. Experimental studies further verify the effectiveness
and practical potential of the proposed surrogate-assisted evolu-
tionary approach for challenging expensive equality-constrained
optimization tasks.

Index Terms—fuzzy inference system, constrained optimiza-
tion, multiobjective differential evolution

I. INTRODUCTION

Expensive constrained optimization problems (ECOPs) are
pervasive across many scientific and engineering applications,
including aerospace and automotive design [1], [2], compu-
tational electromagnetics [3], [4], and structural engineering
[5]. An ECOP typically involves a single objective function
subject to one or more constraints. In these problems, both the
objective and the constraints are treated as expensive black-box
functions: analytical gradients are generally unavailable, and
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evaluating feasibility and performance requires costly simula-
tions or physical experiments. For instance, a computational
fluid dynamics run can consume minutes to hours of CPU time
per evaluation. Consequently, ECOP research primarily aims
to identify an optimal solution within the feasible region using
a strictly limited budget of fitness evaluations (FEs). In this
study, we concentrate on ECOPs characterized by inequality
constraints.

For clarity, we consider an ECOP with m constraints [6]–
[9], which can be expressed as

minimize f (x), x = (x1,x2, . . . ,xn),
subject to gi(x)≤ 0, i = 1, . . . , p,

hi(x) = 0, i = p+1, . . . , p+q.
(1)

In this formulation, each decision variable xi is restricted to
the interval [Li,Ui], where Li and Ui denote its lower and upper
bounds, respectively. The scalar function f (x) is the objective
to be minimized, and x is the n-dimensional decision vector.
Parameters n, p, and q represent the numbers of decision
variables, equalities and inequalities, respectively.

To quantify infeasibility, the aggregated constraint violation
of a candidate solution x is defined by

C(x) =
m

∑
i=1

ĝi(x), (2)

where the violation of the ith constraint is computed as

ĝi(x) =
§

max{gi(x),0}, i = 1, . . . , p,
max{|hi(x)−0.0001|,0}, i = p+1, . . . , p+q

(3)
Accordingly, x is considered feasible if and only if C(x) = 0;
otherwise, it is infeasible.

Evolutionary algorithms (EAs) are population-driven meta-
heuristics and have been extensively adopted for a wide range
of optimization tasks, including constrained optimization prob-
lems (COPs). Nonetheless, their search process typically relies
on a large number of FEs to achieve satisfactory convergence.
As a result, when the evaluation budget is strictly limited,
standard EAs often struggle to deliver solutions of acceptable



quality, making their direct application to expensive optimiza-
tion problems inefficient and, in some cases, infeasible. To
improve efficiency under costly evaluation settings, surrogate-
assisted evolutionary algorithms (SAEAs) [10]–[14] have been
developed. SAEAs integrate computationally cheap surrogate
models with the original objective and/or constraint functions
to steer the evolutionary search. By substituting a portion
of expensive real FEs with surrogate predictions, SAEAs
can substantially reduce overall computational expense while
maintaining effective search guidance.

In the past few years, numerous SAEAs have been proposed
for computationally expensive optimization [15]–[18]. A rep-
resentative line of work leverages Kriging models together
with infill sampling criteria, such as expected improvement,
probability of improvement, lower confidence bound, and
multiobjective acquisition strategies, to identify candidate so-
lutions for expensive evaluation. These methods exploit both
the surrogate-predicted objective values and the associated
predictive uncertainty estimated by Kriging. Nevertheless, the
effort required to construct and update a Kriging surrogate
typically grows quickly with an increasing number of train-
ing samples, which can become a computational bottleneck.
Beyond Kriging-based acquisition approaches, many SAEAs
also incorporate heuristic surrogate management mechanisms
specifically designed to match the population-based search
dynamics of evolutionary algorithms.

While significant advancements have been made in ECOPs
with inequality constraints, the exploration of ECOPs with
equality constraints remains relatively nascent. This gap is
particularly notable given the complexities associated with
approximating equality constraints. To address this, our study
introduces a multilayer perceptron (MLP) surrogate-assisted
DE with a Mamdani fuzzy model-based penalty function
(SADE-MFZ) for solving ECOPs.

The remainder of this paper is organized as follows: Section
II provides an overview of the MLP and gradient descent.
Section III discusses the proposed SADE-MFZ in detail, while
Section IV is dedicated to an empirical study and in-depth
analysis of the proposed algorithm for ECOPs. Finally, Section
V concludes the paper and outlines potential directions for
future research.

II. PRELIMINARIES

This section introduces the foundational concepts central to
our study: the MLP regression model and gradient descent,
along with their associated numerical methodologies.

A. Multi-layer Perceptron for Multiple-Output Regression

A MLP is a feed-forward neural network [19] that learns a
nonlinear mapping from an input vector x ∈ Rd to multiple
continuous targets y ∈ RK , i.e., f : Rd → RK . It typically
consists of L fully connected hidden layers that extract a
shared representation, followed by a linear output layer with
K neurons. Let h(0) = x. The ℓ-th hidden layer (ℓ = 1, . . . ,L)
is computed by

z(ℓ) =W (ℓ)h(ℓ−1)+b(ℓ), h(ℓ) = ReLU
�

z(ℓ)
�
, (4)

where the ReLU activation is defined as ReLU(u) = max(0,u)
(element-wise). The regression output is produced via a linear
transformation:

ŷ =W (L+1)h(L)+b(L+1), ŷ ∈ RK . (5)

Thus, the general form of an L-hidden-layer MLP can be
written compactly as

f (x;θ)=W (L+1)
σ

(
W (L)

σ(· · ·σ(W (1)x+b(1)) · · ·)+b(L)
)
+b(L+1),

(6)
with σ(·) =ReLU(·) in hidden layers and θ = {W (ℓ),b(ℓ)}L+1

ℓ=1 .
The model is commonly trained by minimizing a multi-output
loss such as the (weighted) mean squared error:

LMSE =
1
N

N

∑
i=1

K

∑
k=1

αk (ŷik − yik)
2 , (7)

where αk can balance targets with different scales or impor-
tance.

The MLP’s capability as a multi-output regression model is
demonstrated by its ability to simultaneously predict multiple
continuous outputs, making it well-suited for tasks requiring
the prediction of various correlated outcomes from a given
set of inputs. For more intricate regression tasks, MLP con-
figurations can be enhanced with additional hidden layers
and neurons, and advanced deep learning techniques may be
applied for training.

B. Mamdani Fuzzy Model

Proposed by E. H. Mamdani in 1975, the Mamdani fuzzy
inference system (FIS) [20] is a classic rule-based framework
for representing nonlinear and poorly defined processes using
linguistic knowledge. In this model, both the antecedent and
consequent parts of the IF–THEN rules are described by
fuzzy sets, which makes the approach particularly suitable
for expert-driven decision making and control tasks. A typical
Mamdani FIS proceeds through four stages: fuzzification of
crisp inputs, inference via rule activation under fuzzy logic
operators, aggregation of the rule-wise fuzzy outputs, and
defuzzification to produce a single numerical output. The
corresponding workflow is illustrated in Fig. 1.

Consider a multiple-input single-output Mamdani FIS with
n inputs and one output. The ith fuzzy rule can be written as

Ri : IF x1 is Ai1 AND x2 is Ai2 AND . . . AND xn is Ain,
THEN y is Ci,

(8)
where Ai j denotes the antecedent linguistic label (fuzzy set) as-
sociated with input variable x j, and Ci denotes the consequent
linguistic label for the output variable y. The collection of rules
R = {Ri | i = 1,2, . . . ,k} forms the rule base. Together with
the involved fuzzy sets A = {Ai j} and C = {Ci}, the resulting
description is commonly referred to as the knowledge base.
For rule Ri, let µi j(x j) be the membership degree of x j in Ai j
and µCi(y) be the membership function of the consequent set
Ci.



Fig. 1. Mamdani FIS.

Using the minimum t-norm to implement the logical con-
junction, the activation (firing) level of rule Ri is computed
as

βi(y) = µi1(x1)∧µi2(x2)∧·· ·∧µin(xn)∧µCi(y), (9)

where ∧ denotes the AND operator. Equivalently, the firing
level can be expressed as a function of y:

βi(y) = min
�

min
j=1,2,...,n

µi j(x j), µCi(y)
�
. (10)

After evaluating all rules, the aggregated output fuzzy set
is obtained by combining the individual rule outputs through
the maximum operator, yielding the overall response

µ(y)= max
i=1,2,...,k

βi(y)= max
i=1,2,...,k

§
min

�
min

j=1,2,...,n
µi j(x j), µCi(y)

�ª
.

(11)
To convert the aggregated fuzzy set into a crisp output,

various defuzzification strategies can be adopted, such as
basic defuzzification distribution, center of area, and center
of gravity (COG). Under the COG criterion, the final output
is computed by

ŷ =
∫

y µ(y)dy∫
µ(y)dy

. (12)

III. THE PROPOSED ALGORITHM

A. FIS for Surrogate-Driven Population Evolution

Rather than introducing yet another variant of existing state-
of-the-art self-adaptive penalty schemes, this study focuses on
making use of representative penalty formulations to construct
the rule base of our proposed FIS for surrogate-driven pop-
ulation evolution. The penalty term p(x) is determined not
only by the objective value f (x) and the violation measure
v(x), but also by the proportion of feasible individuals in the
current population, denoted by r f . This motivates writing

p(x) = g
(
vn(x), fn(x), r f

)
. (13)

Rather than specifying an explicit analytical form for g(·), we
approximate this mapping using a Mamdani-type fuzzy logic
controller (FLC), whose inputs are given by

(
vn(x), fn(x), r f

)
.

Next, we define fuzzy partitions of the antecedent space and
consequent space.

For the antecedent (input) domain, three linguistic terms are
employed, namely Low, Medium, and High, whose Gaussian
membership functions are parameterized by mean µ and
standard deviation σ , respectively. The resulting membership
functions are illustrated in Fig. 2. Similarly, the consequent
(output) domain, shown in Fig. 3, is also discretized into three
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Fig. 2. Schematic diagram for the membership degree of antecedents.

TABLE I
FUZZY RULE FROM ANTECEDENTS TO CONSEQUENTS.

Rules. fn(x) vn(x) r f p(x)
1 Low Any Low LOW
2 Low Low High LOW
3 Low Medium High MID
4 Medium Low Any LOW
5 Medium Medium Low MID
6 Medium Medium High HIGH
7 Medium High Low HIGH
8 High Low Any MID
9 High Medium Low HIGH
10 High Medium High MID
11 High High Low HIGH
12 Any High High2 HIGH

fuzzy sets: LOW, MID, and HIGH. These sets are defined using
Gaussian parameters with different (µ,σ) values. Regarding
the conditional relationship of p(x) with fn(x), vn(x), and r f ,
the corresponding rule base R is constructed and its detailed
formulation is summarized in Table I. The output of the FLC is
defuzzified using the COG method and thus, p(x) is generated.
The final modified objective function F(x) can be expressed
as

F(x) = p(x)+ r f ∗ fn(x)+(1− r f )∗ vn(x). (14)

B. Overall Algorithm

The overall procedure of SADE-MFZ is summarized in
Algorithm 1. In implementation, SADE-MFZ maintains the
following data structures:

1) A population P of size NP, i.e., P = {xi | i =
1,2, . . . ,NP}.

2) For each individual xi, its objective value and constraint-
related quantities, including the per-constraint vi-
olation and the aggregated violation, denoted by
{ f (xi), ĝ j(xi),C(xi) | i = 1,2, . . . ,NP; j = 1,2, . . . , p +
q}.

3) A training archive TS that stores all solutions evaluated
by exact (expensive) FEs.

In the initialization stage, NP candidate solutions are gener-
ated within the problem-specific decision bounds using Latin
hypercube sampling (LHS). Each sampled solution is then
assessed by the expensive objective/constraint evaluations. The
resulting decision vectors x = (x1,x2, . . . ,xn), together with
the corresponding objective and constraint information, are



Algorithm 1: SADE-MFZ
Input:

• NP: the population size;
• n: the number of variables;
• [U, L]: the upper and lower bounds of variables
• MaxFEs: the maximum number of expensive FEs.

Initialization:
• Initiate NP individuals (Set P) in [U, L] by LHS;
• Evaluate the NP individuals by exact FEs;
• Set uFE = NP;
• Archive the evaluated NP individuals (Set TS).

Evolutionary Progress:
while uFE < MaxFE do

———————–FIS for Surrogate-Driven:———————–
Copy the population P as Pc;
Build an MLP regression model with TS;
for termination is not met do

Use DE operators to reproduce NP offspring as Qc;
Calculate the fuzzy rule-based penalty function for each individual
in Qc ∪Pc;
Use DE selection operator to update Pc via Qc;

end
Find the best solution xb from Pc;
Evaluate xb via expensive FE;
Set uFE = uFE +1;
Find the worst solution xw from P;
if xb is better than xw then

Use xb to update xw;
else

Employ the local search to the best solution from P.
end

end
Output:
The best individual xb in P.

appended to TS, which subsequently serves as the feature–
label dataset for training the MLP regression surrogate.

After initialization, the data-driven population evolution
based on FIS is applied at each generation. In this phase,
the archive containing all expensively evaluated solutions is
used as the training set TS to train the MLP. The current
population, consisting of NP individuals, serves as the initial
population under the surrogate-driven evolution. Subsequently,
the for loop operates analogously to most model-free EAs.
The outputs of well-trained surrogates substitute expensive
FEs to drive the population-based evolution within a certain
number of generations. Specifically, for each offspring u, the
current-to-pbest/1 mutation and binomial crossover strategies
are employed. Then, the values of the objective function,
constraint violations, and overall constraint violation are pre-
dicted by the surrogate. To compare x and u, their modified
objective function values F(x) and F(u) are applied. After
the for loop, the evolved population P is output for further
infill sampling. As DE is established techniques, its detailed
application is not elaborated in Algorithm 1. Like the model-
free algorithm, above steps are iteratively repeated till the
termination is satisfied. The activation of the gradient-based
local search [21] is contingent upon no improvement being
observed in the MLP-based local search. The evolutionary
process continues until the maximum number of expensive FEs
(MaxFEs) is reached. Throughout this evolutionary progres-
sion, any vector that undergoes precise evaluation will have its
values {x, f (x), ĝ j(x), j = 1,2 . . .m} archived in the training
set TS.

IV. EMPIRICAL STUDIES

A. Experimental Settings and Performance Metrics

In this initial exploration of ECOPs, 18 test instances with
n = 30 from the IEEE CEC 2010 test suite [22] have been
adopted. We assume the objective function and constraints of
these problems to be expensive. The MaxFEs is set at 1000
for each test instance. Notably, as an early effort in this field,
this limitation is considered significant enough to demonstrate
our capability in solving ECOPs.

The population size (PS) is fixed at 100, and the termination
of for loop is set to 500. The adopted DE variant and its
parameter settings are borrowed from [21], [23], [24]. Each of
the 18 benchmark functions is subjected to optimization over
20 independent runs. The MLP regression model employed
consists of two hidden layers, each with 50 neurons. This MLP
neural network is implemented using PyTorch v1.10.0, with
the AdamW optimizer chosen for minimizing the loss function.
AdamW’s parameters are retained at their default settings,
which have been found to deliver satisfactory performance in
most experiments.

To assess the performance of SADE-MFZ, we utilize three
widely recognized evaluation criteria [22]: successful rate
(SR), average value of constraint violation (ACV), and average
value of objective function (AVF). In the context of COPs,
feasible solutions are prioritized over infeasible ones. Hence,
SR is employed as the primary comparative metric. When SRs
are equal among the six algorithms, AVF and ACV are used
for further comparison.

B. Comparison with Five State-of-the-art Algorithms

For comparative analysis, five recent SAEAs are selected:
DSI-C2oDE [25], MPMLS [26], SA-TSDE [27], SParEA [28],
and eToSA-DE [29]. To optimize their performance, param-
eters for these algorithms are configured as recommended in
their respective publications. Notably, DSI-C2oDE, MPMLS,
and SA-TSDE have been originally developed for ECOPs
with only inequality constraints, making them less suitable
for our testing scenario involving equality constraints. Mod-
ifying algorithms that have demonstrated success exclusively
with inequality-constrained ECOPs for handling equality con-
straints may lead to biased results. On the other hand, few
algorithms specifically designed for equality constraints exist
in the literature. Consequently, these four algorithms are pri-
marily analysed based on their performance on test instances
with inequality constraints.

Table II compares SADE-MFZ with five state-of-the-art
baselines in terms of success rate (SR) and average function
value (AFV). Overall, SADE-MFZ exhibits the strongest ro-
bustness: it achieves SR = 1.00 on all 14 instances, whereas
the compared algorithms suffer from noticeable feasibility
failures on multiple problems (e.g., C0330, C0530, C0630,
C0930, C1030, C1630, C1730, and C1830), often resulting in
SR values far below 1.00 and even “N.A.” AFV due to no
feasible solution being found. This indicates that SADE-MFZ
delivers consistently reliable constraint satisfaction across the



TABLE II
EMPIRICAL RESULTS OF THE FIVE COMPARED ALGORITHMS AND SADE-MFZ

Inst.
DSI-C2oDE MPMLS SA-TSDE SParEA eToSA-DE SADE-MFZ

SR AFV SR AFV SR AFV SR AFV SR AFV SR AFV
C0130 1.00 -3.2181E-01 + 1.00 -3.2167E-01 + 1.00 -2.7346E-01+ 1.00 -2.12E-01 + 1.00 -2.0439E-01 + 1.00 -1.5095E-01
C0230 0.00 N.A. − 0.90 4.0369E+00 − 0.90 4.1554E+00 − 0.00 N.A. − 1.00 1.9177E+00 + 1.00 4.5745E+00
C0530 0.20 5.5638E+02 − 0.00 N.A. − 0.00 N.A. − 0.00 N.A. − 1.00 2.6014E+02 − 1.00 9.5922E+01
C0630 0.20 3.6899E+02 − 0.00 N.A. − 0.00 N.A. − 0.00 N.A. − 1.00 2.8682E+02 − 1.00 2.4417E+02
C0730 1.00 4.1740E+05 + 1.00 2.0297E+06 + 1.00 2.1737E+06 + 1.00 2.80E+09 − 1.00 6.46E+10 − 1.00 2.4775E+07
C0830 1.00 4.7846E+06 + 1.00 1.4224E+08 + 1.00 1.1560E+08 + 1.00 3.50E+09 − 1.00 8.54E+10 − 1.00 7.8854E+08
C0930 0.00 N.A. − 0.00 N.A. − 0.00 N.A. − 0.00 N.A. − 1.00 1.07E+13 − 1.00 5.2057E+10
C1030 0.00 N.A. − 0.00 N.A. − 0.00. N.A. − 0.00 N.A. − 1.00 1.16E+13 − 1.00 3.9268E+10
C1330 1.00 -5.2060E+01 − 1.00 -4.5892E+01 − 1.00 -5.0718E+01− 0.84 -9.91E+00 − 0.96 -9.9175E+00 − 1.00 -5.2779E+01
C1430 1.00 1.3251E+14 − 1.00 1.2689E+12 − 1.00 1.8844E+14 − 0.92 6.7E+13 − 1.00 4.15E+14 − 1.00 5.2854E+10
C1530 0.90 3.0351E+14 − 0.45 1.2271E+14 − 1.00 1.1035E+15 − 0.20 1.4E+14 − 0.24 6.30E+14 − 1.00 3.6896E+12
C1630 1.00 1.1214E+00 − 0.40 1.0447E+00 − 0.05 1.1330E+00 − 0.00 N.A. − 0.76 1.0217E+00 − 1.00 8.1296E-01
C1730 0.25 5.8237E+02 − 0.80 6.3969E+02 − 0.00 N.A. − 0.00 N.A. − 1.00 4.4268E+01 + 1.00 5.8528E+02
C1830 0.35 2.3748E+04 − 1.00 1.5860E+04 − 0.95 4.0749E+04 − 0.00 N.A. − 1.00 4.5972E+01 − 1.00 2.5001E+01
Cmp. Wins: 3; Lose: 11 Wins: 3; Lose: 11 Wins: 3; Lose: 11 Wins: 1; Lose: 13 Wins: 3; Lose: 11 NaN

whole test suite, while DSI-C2oDE, MPMLS, and SA-TSDE
show similar limitations in robustness and SParEA is the least
reliable (frequent SR < 1.00).

When all methods succeed (i.e., SR ties at 1.00), AFV
highlights solution quality differences. SADE-MFZ achieves
clear AFV advantages on several challenging instances, no-
tably C1430 and C1530, where it attains much smaller objective
values than all competitors, and it also improves over SParEA
on C0730 and C0830 and over eToSA-DE on many high-
magnitude cases (e.g., C0730 to C1030 and C1430). However,
SADE-MFZ is not uniformly best in AFV under tied SR:
DSI-C2oDE/MPMLS/SA-TSDE report smaller AFV on C0130
and also on C0730 and C0830, suggesting that these methods
can be competitive in objective minimization once feasibility
is guaranteed. In summary, the empirical results demonstrate
that SADE-MFZ provides the best overall trade-off, near-
perfect reliability (SR) with strong AFV performance on hard
instances, which explains its favorable win-loss outcomes
against the five baselines.

Based on these comparative analyses, it can be concluded
that SADE-MFZ is highly competitive with state-of-the-art
SAEAs specifically designed for ECOPs, and notably more ap-
plicable for effectively solving ECOPs encompassing equality
constraints.

C. Effectiveness of FIS

The FIS has been widely demonstrated to be effective in
handling uncertainty. However, very few studies have lever-
aged the advantages of FIS to address the uncertainty of
surrogate model in expensive constrained optimization. To
investigate the influence of our proposed FIS, we discard
FIS, resulting in a variant called SADE-WO-MFZ. For a
straightforward comparison, we use the CEC2010 test set
due to its more difficult and complex problem characteristics.
Table III summarizes the significant differences in SR and
AFV values obtained from SADE-MFZ and SADE-WO-MFZ
on 14 test instances.

TABLE III
EMPIRICAL RESULTS OF SADE-WO-MFZ AND SADE-MFZ

Inst.
SADE-WO-MFZ SADE-MFZ

SR AFV SR AFV
C0130 1.00 -1.3083E-01 − 1.00 -1.5095E-01
C0230 1.00 4.1918E+00 + 1.00 4.5745E+00
C0530 1.00 3.6671E+02 − 1.00 9.5922E+01
C0630 1.00 4.6200E+02 − 1.00 2.4417E+02
C0730 1.00 7.0983E+06 + 1.00 2.4775E+07
C0830 1.00 8.9143E+06 + 1.00 7.8854E+08
C0930 1.00 6.1935E+12 − 1.00 5.2057E+10
C1030 1.00 6.7285E+12 − 1.00 3.9268E+10
C1330 1.00 -3.5459E+01 − 1.00 -5.2779E+01
C1430 1.00 4.9412E+10 + 1.00 5.2854E+10
C1530 1.00 3.1215E+14 − 1.00 3.6896E+12
C1630 1.00 9.1545E-01 − 1.00 8.1296E-01
C1730 0.80 3.8921E+02 − 1.00 5.8528E+02
C1830 1.00 2.6798E+01 − 1.00 2.5001E+01
Cmp. Wins: 4; Lose: 10 NaN

According to Table III, both variants are highly reliable in
terms of feasibility, as they achieve SR = 1.00 on 13 out of
14 instances. The only exception is C1730, where removing
the type-1 Mamdani fuzzy inference system causes a clear
robustness drop (SADE-WO-MFZ: SR = 0.80 vs. SADE-
MFZ: SR = 1.00). This indicates that the Mamdani-based
mechanism contributes primarily to stabilizing the search
and maintaining consistent feasibility, especially on instances
where the optimization process is more prone to premature
failure.

In terms of solution quality (AFV, smaller is better), SADE-
MFZ outperforms SADE-WO-MFZ on 9 out of 14 instances,
notably showing substantial improvements on several difficult
cases such as C0530, C0630, C0930, C1030, and C1530, where
the AFV reductions are large (often by orders of magnitude).
Meanwhile, SADE-WO-MFZ is better on 5 instances (C0230,
C0730, C0830, C1430, and C1730), suggesting that discarding
the fuzzy inference can sometimes yield more competitive
objective values on a few problems, but at the cost of weaker
overall consistency. Overall, the comparison (“Wins: 4; Lose:



10” for SADE-WO-MFZ) supports that incorporating the type-
1 Mamdani fuzzy inference system generally delivers a more
robust and better-quality optimizer across the benchmark set.

V. CONCLUSION

This study proposes SADE-MFZ, a surrogate-assisted evo-
lutionary algorithm tailored for ECOPs. By integrating an
MLP surrogate model and a type-1 Mamdani FIS into the
DE framework, SADE-MFZ jointly enhances constraint han-
dling and objective optimization. A set of representative 30-
dimensional ECOP test instances was employed to assess
its effectiveness. The empirical results indicate that SADE-
MFZ consistently attains feasible solutions with competitive
objective values, demonstrating strong robustness and solution
quality. In comparison with several state-of-the-art SAEAs,
SADE-MFZ achieves overall superior performance, with par-
ticularly notable gains in constraint satisfaction. Moreover,
ablation studies using SADE-MFZ variants (e.g., removing the
type-1 Mamdani FIS) further confirm the contribution of the
proposed fuzzy mechanism to the algorithm’s effectiveness.

Future work will investigate type-2 fuzzy inference systems
within surrogate-assisted evolutionary optimization to better
accommodate higher uncertainty and more complex constraint
landscapes, thereby extending the applicability and capability
of SADE-MFZ on more challenging ECOPs.
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