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x A B S T R A C T

Coal gasification technology plays a pivotal role in chemical production as a key process for efficiently
converting coal into liquid fuels and chemical feedstocks. During gasification, high-temperature re-
actions generate syngas, and optimizing its operational parameters is essential for improving syngas
quality, carbon efficiency and liquid fuel yield. However, the intricate chemical reactions and heat
transfer mechanisms in gasification necessitate costly simulations or experimental testing, making it an
expensive multi-objective optimization problem. To address this challenge, this paper proposes a Knee
Point-guided Heterogeneous Surrogate-assisted Evolutionary Algorithm (KG-HSEA) that integrates
Kriging and Feedforward Neural Networks (FNN) to construct a heterogeneous surrogate model,
leveraging their complementary strengths to reduce computational costs while maintaining predictive
accuracy. By incorporating a knee point-guided search mechanism, the method prioritizes solutions that
embody critical trade-offs among conflicting objectives. Moreover, an adaptive sampling strategy
combined with dual-archive management is employed to dynamically update the surrogate model,
ensuring it adapts to unstable operating conditions while maintaining robust convergence-diversity
balance in coal gasification processes. Experimental results show that KG-HSEA achieved a 71.9% su-
periority rate with 23 optimal solutions out of 32 benchmark problems, highlighting its potential for
efficient and feasible coal gasification optimization.
© 2026 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

The coal gasification process is a core component of coal-to-
liquids (CTL) technology, where solid coal is converted into syngas,
a crucial feedstock for producing methanol, ethylene glycol, and
liquid fuels [1]. In real-world coal gasification operations, numerous
practical challenges emerge. For instance, while enhancing the en-
ergy quality of syngas products is critical for efficient downstream
processing, such improvements often come at the cost of increased
energy consumption [2]. Similarly, maintaining the operation sta-
bility of the system under varying feedstock conditions and reaction
environments is essential yet difficult to achieve [3]. These con-
flicting requirements range from syngas quality, gasification effi-
ciency, and system energy consumption to highlight the intrinsic

complexity of coal gasification optimization [4,5]. As a result, coal
gasification optimization is typically formulated as amulti-objective
optimization problem (MOP) [6]. In the complex mechanism anal-
ysis of the coal gasification system, Xie et al. [7] established a
computational fluid dynamics (CFD) model to simulate the coal
chemical looping gasification process in the fuel reactor (FR), while
Huang et al. [8] carriedout theCFDoptimizationdesignof theheader
of the supercritical water gasification heat exchanger. However, due
to the high computational cost of evaluating objective functions,
particularly when involving CFD simulations to model complex
gasification reactions and multiphase flow behaviors [9], this opti-
mization problem is more accurately classified as an expensive
multi-objective optimization problem (EMOP). In EMOPs, the
expensive evaluations of objective functions significantly increase
computational expenses and extend solution timeframes, necessi-
tating surrogate-assisted optimization methods to approximate
these functions and reduce the computational burden [10].
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In response to the challenges posed by EMOPs in coal gasifi-
cation systems, previous studies have applied traditional heuristic
algorithms including swarm intelligence algorithms(SIAs) and
evolutionary algorithms to coal gasification optimization.
Although these approaches have achieved some success, they
typically struggle with high computational costs and the difficulty
of balancingmultiple conflicting objectives under complex process
conditions [11]. Consequently, surrogate-assisted optimization has
emerged as a promising alternative, which can alleviate the
burden of expensive function evaluations by approximating the
objective functions [12]. These algorithms mitigate the computa-
tional burden of costly function evaluations by approximating the
true objective functions, thereby enhancing the efficiency of the
optimization process. Among them, Pan et al. [13] proposed a
classification-based surrogate-assisted evolutionary algorithm
(CSEA) using FNN models to pre-select promising solutions for re-
evaluation. Tian et al. [14] introduced a probabilistic neural
network-based surrogate model using pairwise comparisons. An
adaptive Bayesian surrogate-assisted evolutionary algorithm
(ABSAEA) was proposed by Wang et al. [15] which dynamically
adjusts hyperparameters in the acquisition function to select
candidate solutions evaluated by the original expensive function.
The success of such algorithms relies on two essential compo-
nents: the construction of the surrogate model and the updating of
the optimization process.

To begin with, constructing an appropriate surrogate model is
crucial for accurately capturing the complex and nonlinear
behavior inherent in coal gasification systems. In general, surro-
gatemodels fall into two categories: neural network-basedmodels
and statistical models [16]. For instance, Hua et al. [17] proposed a
convolutional neural network (CNN) process monitoring method
based on dual channel pooling and homologous bilinear model to
improve the operation effect of industrial coking furnace. Lughofer
et al. [18] established a prediction and interpretation model for the
three key process variables of hot metal temperature, silicon
concentration and cooling capacity in the process of ironmaking
blast furnace.

However, single surrogate models face limitations in handling
diverse datasets or maintaining optimization performance,
particularly in high-dimensional or highly nonlinear problems.
While Kriging excels with small to medium-scale nonlinear data
by minimizing structural risk and enhancing generalization
[19,20], its performance degrades with larger datasets. In such
cases, FNN with its strong function approximation capabilities can
capture complex nonlinear relationships [21]. Compared to more
complex networks that require large amounts of data and
computing power, it demands less data, making it especially
suitable for situations with limited samples.These two models
exhibit complementary strengths when dealing with different
types of data and problems.

Furthermore, it is critical to continuously update the surrogate
model throughout the optimization process to ensure that the
algorithm adapts to the evolving information [22]. This iterative
refinement of the surrogate model allows the optimization to
focus on the most promising regions of the solution space. Among
dominance-based evolutionary algorithms, the Non-dominated
Sorting Genetic Algorithm II (NSGA-II) has been widely success-
ful in both theoretical and practical applications, it faces chal-
lenges when dealing with complex multi-objective optimization
problems (MOPs), particularly in balancing population diversity
and exploring the solution space. To address these limitations,
several improved mechanisms have been proposed, such as the
reference vector-guided evolutionary algorithm by Song et al. [23],
which achieved promising results by enhancing population di-
versity. Another approach is to embed knee points in the selection

mechanism, which can increase selection pressure, improve so-
lution diversity, and guide the search towards key trade-off solu-
tions [24]. Prioritizing knee points ensures that critical turning
points on the PF are utilized, enhancing both the convergence and
diversity of the solution set [25].

At present, it is essential to recognize that in the coal gasifica-
tion system, datasets vary in scale and can be classified into small,
medium, large, and very large types. Simultaneously, in the pro-
cess of algorithm evolution, relying solely on traditional crowding
distance to maintain diversity may result in suboptimal perfor-
mance during the later stages of the search. Moreover, when there
are highly nonlinear or complex trade-offs among multiple ob-
jectives, using reference vectors might fail to accurately capture
these intricate points of compromise. In contrast, employing knee
points to construct a guidance mechanism can more effectively
handle such complex relationships. Additionally, this mechanism
enhances the population's exploration ability, providing struc-
tured guidance to the solution space and overcoming the short-
comings of traditional methods in balancing diversity and local
search.

To address expensive multi-objective optimization challenges
in coal gasification systems. These systems involve high-
temperature reactions, complex chemical kinetics, and intense
heat transfer dynamics that create strongly coupled nonlinear
interactions. This paper proposed a knee point-guided heteroge-
neous surrogate-assisted evolutionary algorithm (KG-HSEA).
These complexities make it particularly difficult to simultaneously
optimize system stability, energy efficiency, and syngas quality,
which are essential for balanced operations. The main contribu-
tions are as follows:

(1) A heterogeneous surrogate-assisted framework is intro-
duced by integrating Kriging and feedforward neural net-
works (FNN). This framework addresses the challenge of
accurately modeling the complex and nonlinear behavior of
coal gasification systems. By leveraging Kriging's local ac-
curacy in low-dimensional settings and FNN's nonlinear
fitting capabilities in high-dimensional environments, the
framework enhances the precision and generalization of
surrogate modeling, enabling more reliable predictions of
syngas quality and system performance.

(2) A knee point-guided search mechanism is developed to
prioritize solutions that represent balanced trade-offs
among conflicting objectives. This approach improves the
optimization of key coal gasification parameters by pre-
venting convergence toward extreme values of any single
objective.

(3) An adaptive sampling strategy based on dual-archive man-
agement is designed to dynamically adjust sample selection
using both convergence and diversity indicators. This
strategy effectively balances global exploration and local
exploitation, reducing the number of expensive evaluations
and enhancing computational efficiency.

In the following content, this paper presents the problem
definition, the proposed KG-HSEA algorithm, experimental anal-
ysis and discussion, conclusion and future research directions. This
structure systematically addresses the optimization challenges
inherent in coal gasification systems.

2. Problem Definition

This section will provide a theoretical explanation of the defi-
nition of coal gasification system, construction of surrogate
models, and knee point definitions, with a specific focus on their
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application in optimizing coal gasification systems to illustrate the
practical relevance of these theories.

2.1. Coal gasification system

Taking a plant as an example, it utilizes the multi-component
slurry pressurized coal gasification technology. The process flow
is shown in Fig. 1. Initially, raw coal is crushed, ground, and mixed
with fine slurry, then fed into the coal slurry tank and pumped into
the gasifier, where it reacts with pure oxygen to produce raw
syngas. The syngas is then washed and cooled in a water scrubber,
undergoes a shift process for composition adjustment, and is pu-
rified through desulfurization and decarbonization. Finally, the
purified syngas is converted into methanol in a synthesis tower
under specific conditions, followed by separation and distillation
to yield high-purity methanol.

The optimization of operational variables in the coal gasifica-
tion system becomes an EMOP due to the nonlinear characteristics
of the process [26], the complex thermochemical reactions inside
the gasifier, and the trade-offs among multiple conflicting objec-
tives.The key variables in the operation process of coal gasification
system are reaction temperature(T), gasification agent flow(Fgas),
reaction pressure(P), air/fuel ratio(A/Fratio) and feed rate(Fcoal) of
raw coal.

A typical multi-objective problem of coal gasification system
can be expressed as:

min
s.t.x∈X

f (x) = (f1(x), f2(x),…, fM(x) ) (1)

where, the integerM represents the number of objectives, which is
the dimensionality of the solution space, and the set X is the set of
feasible decision vectors, and x = (x1, x2,…, xn) is the decision
variables of the problem [27].

As one of the objective functions f1, the energy quality of syngas
products is described by heterogeneous integration model, the

other objective function f2 represents the operation stability of the
system, expressed in STand byminimizing the fluctuation range of
operation parameters. The specific formula is as follows:

ST=
∑P

p=1

( (
xp - xR

)/
xR
)2 (2)

where xp represents the real-time value of the pth key operation
parameter, xR is its reference set value, and P is the total number of
key operation parameters. The smaller the fluctuation of operation
stability, the stronger the stability and the more stable the pro-
duction process.

In addition, the system energy consumption is taken as the
third objective function f3, which is expressed in SE, the system
energy consumption includes fuel cost, oxygen cost and power
cost. The specific formula is as follows:

SE=
(
T
/

ηsyngas
)

·
(
Fgas+ P+A

/
Fratio

)
·Fcoal (3)

where, ηsyngas represents syngas energy efficiency.
In solving EMOPs of gasification system, a series of non-

dominated solutions will ultimately be formed, where each solu-
tion in the front is mutually non-dominated. A simple definition of
non-dominated solutions is as follows: for a solution set S, solution
x1 is called dominant solution x2, if and only if x1 is not inferior to
x2 on all objectives and is superior to x2 on at least one objective.
That is to say, for objective j, there are:

fj(x1) ≤ fj(x2) (4)

And there exists an objective k satisfying:

fk(x1)＜ fk(x2) (5)

Among them, the step of sorting the non-dominated solution
set is to initialize an empty frontier set, find all non-dominated
solutions, and these solutions form the first frontier. Remove the

Fig. 1. Process flow diagram of coal gasification system.
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solution in the first frontier from the solution set and repeat the
above process until all solutions are assigned to a certain frontier.

The non-dominated sorting method (NDSort) divides the so-
lution into multiple frontiers to ensure that the solutions in each
frontier are not dominated by other solutions. For each individual
Pi in the population, the number of individuals dominated by other
individuals in the current population is calculated as nPi, as well as
the set of individuals SPi dominated by it.

The first frontier F1 is composed of individuals who are not
dominated by any other individual, that is F1 = {Pi | nPi = 0}.

Remove from the first frontier and subtract nPi from the in-
dividuals it dominates, then recalculate the number and set of
dominants for the remaining individuals in the population. Repeat
this process until all individuals are assigned to a certain frontier.

2.2. Composition of heterogeneous surrogate model

In this section, a brief framework of the heterogeneous model
will be describe the gasification system. The framework will take
five key variables from the coal gasification production process as
inputs and uses the energy-quality characteristics of syngas as the
output.

(1) Kriging model

This paper selects the Kriging model as part of the heteroge-
neous surrogate model to approximate each objective function.
The Kriging model assumes that the objective function f(x) is a
Gaussian process(GP) consisting of a deterministic trend part and a
random error part [28], and the basic formula is shown as:

f (x)=μ(x) + γ(x),γ(x) ～ N
(
0, σ2

)
(6)

Among them, μ is a deterministic trend function; Z(x) is GPwith
zero mean and covariance σ2R(θ), σ2 is the process variance, R(θ) is
the correlation function, and parameter θ controls the shape of the
correlation function.

(2) Feedforward neural network(FNN)

During the training process of a FNN model, a non-linear acti-
vation function is selected as the sigmoid function between the
input layer and the hidden layer [29]. The input is any value, and
the output is (0,1). The formula is shown as:

g(x) =1 / (1+ e- x) (7)

According to the gradient descent method, calculate the neural
weight adjustment amount [30,31]. The weight adjustment
amounts between the output layer and hidden layer are shown in
Eqs. (8) and (9), respectively.

Δwjk= - αδkyj (8)

Δwij= - αδjyi (9)

where δk and δj are error terms propagated backward through the
network, α is the learning rate, yi is the input feature, yj is the
output of the hidden neuron.

The architecture of the heterogeneous model is shown in Fig. 2.
By combining Kriging's local accuracy and FNN's nonlinear
modeling capability through equal fusion of their predictions, the
integrated surrogate model achieves enhanced robustness for coal
gasification optimization.

2.3. Definition of knee points

Knee Points are solutions on the Pareto front (PF) that exhibit
significant inflection points, where any further improvement in
one objective results in a pronounced deterioration in at least one
other objective, thereby representing an optimal compromise
among conflicting targets [29]. As illustrated in Fig. 3, knee point
marked C is typically located in the curved region, obtaining a
small change x2 on the objective f1(x) will cause f2(x) to make a
huge sacrifice x1. When multiple adjacent solutions on the PF ex-
hibits similar trade-off characteristics, they collectively form a

Fig. 2. Heterogeneous surrogate model framework.

Fig. 3. Schematic diagram of knee points.
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Knee Region.This region can be quantitatively described through
its Knee Interval, defined as the bounded objective-space projec-
tion (R1, R2) shown in Fig. 3.

Given the complex trade-offs inherent in coal gasification sys-
tems, where objectives such as the energy quality of syngas
products, system stability, and system energy consumption must
be carefully balanced, the identification of knee points becomes
particularly valuable. These critical compromise solutions effec-
tively guide the optimization process by focusing the search on
regions of the PF that yield the most balanced outcomes for coal
gasification operations.

3. KG-HSEA Algorithm

This section introduces the KG-HSEA algorithm, specifically
developed for optimizing coal gasification systems under expen-
sive multi-objective constraints. By integrating a heterogeneous
surrogate model with a knee point-guided searchmechanism, KG-
HSEA efficiently balances conflicting objectives while reducing
computational costs.

3.1. Heterogeneous model construction

To construct the heterogeneous surrogate model for coal gasi-
fication optimization, we employ distinct training strategies for
the Kriging and FNN components. For the Kriging model, a
Gaussian correlation function is adopted, and model parameters
are optimized through cross-validation, enabling robust local
approximation in low-dimensional settings.

For the FNN component, we design a network architecture
specifically to capture the complex nonlinear patterns in coal
gasification data. We utilize the Sigmoid activation function and
train the network using relevant data from coal gasification pro-
cesses, adjusting hyperparameters based on validation data to
mitigate overfitting. Finally, the trained model is deployed in
practical applications, where it is continuously updated and
monitored to ensure adaptation to new input data, thereby
maintaining long-term efficiency and accuracy.

3.2. Knee point guidance mechanism

This sectionwill introduce the design process of the knee point-
guided mechanism, including the steps of identifying knee points
and adding knee points as guidance factors to the overall popu-
lation evolution process.

To form a guidance mechanism by identifying knee points and
selecting solutions with optimal trade-off characteristics, it is
necessary to first determine the extremum points, which often
represent key positions on the PF. These extremum points are
solutions that achieve extreme values on a certain target and
reflect important features in the target space. Find the optimal
solution set (namely extremum) for each target from the current
solution set, use it to fit a hyperplane, and construct a hyperplane
based on the maximum solution set to accurately characterize the
Pareto frontier morphology. Afterwards, the distance from the
extremum point to the hyperplane is calculated, and the knee
points on the PF are identified through the neighborhood range to
guide the decision-making and optimization process.

(1) Extreme point selection

The KG-HSEA algorithm initiates by employing the NDSort
method to classify solutions based on their objective values. From
the current Pareto solution set, it finds the maximum point on
each target that represents the point at which the objective

function reaches its optimal value in the PF, and obtains a candi-
date set of extreme points for each objective function.

Select for each frontier Fi, and for each objective function fj, find
the solution xij that achieves themaximumvalue on that objective:

xij= arg max
x∈Fi

fj(x) (10)

Collect all these maximum values to form the set of maximum
points for the current frontier.

According to the sorting results, select the extremum points of
each objective function in sequence as the basis for hyperplane
calculation, and ensure that the selected extremum points are not
repeated, covering the extremum points of each objective
function.

(2) Construction of hyperplanes and distance calculation

In a broad sense, a hyperplane is anM-1 dimensional subspace
in an M-dimensional space [32]. The linear equation can be
described as:

a1x1+ a2x2 + ...+ amxm = b (11)

where, a1, a2, …, am are the coefficients of the normal vector of the
hyperplane, corresponding to the coefficients of the normal vector
of the hyperplane in the mth dimension, respectively; x1, x2, …, xm
are independent variables, corresponding to the coordinate values
on the mth dimension respectively; b is the intercept term of the
hyperplane, representing the distance between the hyperplane
and the origin.

The EMOPs have M objective functions, each with a maximum
point of Fi1, Fi2, …, FiM. It is necessary to find the coefficients a1, a2,
… am so that the hyperplane equation is closest to these maximum
points. The hyperplane equation can be expressed as:

∑M

j=1

aj× Fij = 1 (12)

Using the least squares method to fit the hyperplane [33], To
describe the overall trend of the PF, measure the distance of each
solution to the PF, and determine its importance in the target
space. Then:

Fa = 1 (13)

Among them, F is a matrix composed of extreme points, and
each row represents the target value of an extreme point; a is the
coefficient vector of the hyperplane; 1 is a vector of all ones.

Determine the coefficient value by minimizing the sum of
squared errors as follows:

E = min ‖Fa - 1‖2 (14)

Afterwards, calculate the distance from each individual on the
PF to the hyperplane. This distance measures the individual's
proximity to the PF in the target space and is a key criterion for
selecting knee points.

Using geometric methods, calculate the vertical distance from
each solution to the hyperplane as a measure of its deviation from
the hyperplane. The formula for calculating the distance from each
solution to the hyperplane is as follows:

di =

㊣
㊣
㊣
㊣
㊣
㊣

㊣

㊣
∑M

j=1

aj × Fij - 1

㊣

㊣

㊣
㊣
㊣
㊣
㊣
㊣

/ ̅̅̅̅̅̅̅̅̅̅̅̅̅
∑M

j=1

a2j

㊣
㊣
㊣
㊣ (15)
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Among them, di is the distance from the ith solution to the hy-
perplane, Fij represents the value of the ith solution on the jth
objective, and aj is the coefficient of the hyperplane.

(3) Definition and update of neighborhood range

Dynamically adjust the neighborhood search range of each
frontier based on the maximum point of the target value in the
current frontier, ensuring flexibility and adaptability in selecting
knee area points at different positions. Based on themaximum and
minimum values of the target values in the current frontier, dy-
namic adjustment interval [Fmin- δ, Fmax+δ] is set as interval δ [34].
The experiments are conducted using the open-source multi-
objective optimization platform PlatEMO, ensuring consistency
and reproducibility of the results.

3.3. Experimental configuration

To validate the performance of KG-HSEA in handling high-
dimensional, expensive optimization problems, we conduct ex-
periments using standard test functions with varying numbers of
objectives. For each test problem, the algorithm is executed
independently for 10 runs to ensure statistical reliability. The
initial population size is set to 100, and the maximum number of
expensive function evaluations (FEs) is restricted to 500, reflecting
the computational constraints often encountered in coal gasifica-
tion system optimization. Performance is assessed using the
Inverted Generational Distance (IGD) and spacing metrics, which
measure solution quality and distribution uniformity [35]. The
operating environment is CPU Intel Core i7-12700K 3.60 GHz,
Windows 11 operating system, Matlab 2021b.

3.4. Comparative performance analysis

Tables 1 and 2 respectively provide the average and standard
deviation of various multi-objective optimization algorithms,
including the algorithm proposed in this paper, under the evalu-
ation of IGD and Spacing metrics. The data highlighted in bold
black represents the best results obtained for each evaluation
metric. For comprehensive analysis, Table A1 and A2 further pro-
vide complete metrics results covering all tested objective
dimensions.

To further illustrate algorithm performance, Fig. 4 and Fig. 5
present the population distribution on the WFG6 problem. These
visualizations demonstrate how KG-HSEA improves solution
spread and convergence, effectively guiding the search toward
well-balanced trade-off solutions in coal gasification optimization.

The results in Table 1 indicate that the proposed KG-HSEA al-
gorithm performs well under the Spacing metric across all di-
mensions of the seven test functions, achieving 11 best results,
particularly in DTLZ1, DTLZ2, DTLZ3, and DTLZ6. This demonstrates
the algorithm's strong capability in balancing solution diversity
and convergence, and this trend is further supported by Appendix
A, which shows consistent performance patterns with Table 1,
reinforcing KG-HSEA's robustness in diversity maintenance across
different benchmark suites. Among the comparison algorithms,
ABSAEA achieved 8 best results, highlighting its competitive per-
formance. However, KG-HSEA exhibited slightly weaker results on
DTLZ4, DTLZ5, and DTLZ7, trailing behind the corresponding
optimal algorithms.

The observed performance limitations on DTLZ4 originate from
fundamental challenges in surrogate modeling of discontinuous
Pareto fronts. Kriging modeling constraints is one aspect, the sta-
tionary Gaussian process assumptions in Kriging lead to substan-
tially increased prediction errors when approximating non-

differentiable regions of the PF. This behavior aligns with estab-
lished theoretical limitations of stationary covariance functions in
handling discontinuous surfaces. Besides, the FNN component
exhibits reduced accuracy in high-gradient regions due to insuf-
ficient sampling density, a direct consequence of the knee-point
selection strategy's preferential focus on compromise solutions.
These computational characteristics mirror documented chal-
lenges in coal gasification system modeling during feedstock
transition states [36], where discontinuous parameter variations
similarly degrade prediction accuracy. The consistent behavior
across synthetic benchmarks and industrial applications suggests
this represents a fundamental trade-off in surrogate-assisted
optimization of systems with discontinuous dynamics.

While DTLZ2 is relatively easy to converge, it has a high di-
versity maintenance cost, which can impact solution distribution.
In the context of coal gasification system optimization, this reflects
the difficulty of maintaining diverse and high-quality solutions
when dealing with abrupt changes in reaction conditions, syngas
composition, and process stability. The results suggest that KG-
HSEA effectively balances these trade-offs, as even in cases
where it does not achieve the best numerical results, the perfor-
mance differences are minor, demonstrating its robustness in
addressing highly constrained multi-objective optimization
problems.

As shown in Table 2 and Table A2, KG-HSEA demonstrates
consistent superiority under the IGD metric across both WFG and
DTLZ test set, which outperforms other algorithms under the IGD
metric across nine test functions, securing 17 best results on WFG
test set. It exhibits particularly strong convergence in WFG3 and
WFG6, where maintaining a well-distributed PF is crucial for high-
dimensional, computationally expensive problems. This is highly
relevant to coal gasification, where optimizingmultiple conflicting
objectives such as maximizing syngas energy quality while mini-
mizing energy consumption and ensuring system stability, which
requires an optimization framework capable of accurately navi-
gating the solution space. The heterogeneousmodel plays a critical
role in this process, as the integration of Kriging and FNN allows
for efficient approximation of costly objective functions, signifi-
cantly reducing computational burden while improving the reli-
ability of predictions.

Despite these advantages, KG-HSEA exhibits relatively weaker
performance on specific test cases like DTLZ3, WFG2 and WFG4,
where PBRVEA demonstrates comparative advantages. This
behavior primarily stems from the knee-region sampling strat-
egy's inherent trade-off between local compromise quality and
global exploration capability, particularly when handling prob-
lems with complex local optima or high-frequency oscillations. In
coal gasification optimization contexts, such scenarios correspond
to rare but critical operational transitions including reactor pres-
sure fluctuations, gasification agent flow rate changes, and feed-
stock composition shifts where specialized handling may be
required. It should be emphasized that these limited cases repre-
sent boundary conditions rather than typical operational sce-
narios, as demonstrated by the experimental results across the
majority of Tables 1—2

In addition, as shown in Fig. 4, the KG-HSEA algorithm dem-
onstrates a more uniform solution distribution compared to other
algorithms, indicating its strong ability to maintain diversity
across the PF. This is particularly important in coal gasification
system optimization, where awell-distributed solution set enables
better adaptability to varying reaction conditions, gasification ef-
ficiency, and syngas composition. Furthermore, Fig. 5 illustrates
the convergence process of various algorithms on the WFG6
problem, showing that KG-HSEA continuously guides a greater
number of solutions toward the PF while preserving uniform
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distribution. This highlights the effectiveness of the knee point-
guided mechanism, which helps the algorithm identify critical
trade-off solutions and achieve a more balanced optimization
across conflicting objectives.

3.5. Discussion of the proposed method

Through multiple metrics, we evaluated the effectiveness of
KG-HSEA on EMOPs related to coal gasification. Notably, the

proposed algorithm achieved the best performance on 23 of 32
benchmark problems, derived from 16 test functions evaluated
under two metrics, with a 71.9% superiority rate, significantly
outperforming the competitors. Although the algorithm exhibi-
ted slightly weaker performance in a few test cases, this
behavior, from a computational learning perspective, reflects the
intrinsic difficulty faced by surrogate-assisted evolutionary al-
gorithms in maintaining consistent approximation quality across
both smooth and non-smooth regions of the objective space, as

Fig. 4. The population distribution of various algorithms on the WFG6 problem. (a) Distribution presented by ABSAEA, (b) Distribution presented by ADSAPSO, (c) Distribution
presented by CPSMOEA, (d) Distribution presented by PCSAEA, (e) Distribution presented by PBRVEA, (f) Distribution presented by KG-HSEA.

Fig. 5. The convergence of various algorithms on the WFG6 problem. (a) Convergence presented by ABSAEA, (b) Convergence presented by ADSAPSO, (c) Convergence presented
by CPSMOEA, (d) Convergence presented by PCSAEA, (e) Convergence presented by PBRVEA, (f) Convergence presented by KG-HSEA.
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highlighted in theoretical analyses of heterogeneous surrogate
frameworks [37].

Overall, KG-HSEA demonstrated strong competitiveness
without evident drawbacks compared to other methods. Its ability
to efficiently approximate expensive functions via a heteroge-
neous surrogate model ensures its computational feasibility for
complex coal gasification optimization tasks. To further improve
robustness in discontinuous or irregular regions, future research
could investigate adaptive kernel selection or hybrid sampling
mechanisms, aiming to enhance generalization without compro-
mising convergence guarantees. Advances in heterogeneous sur-
rogate modeling may also improve the adaptability and
performance of KG-HSEA on high-dimensional, computationally
expensive multi-objective problems.

4. Conclusions

In our research, we proposed a process-oriented design that
addresses the multi-objective optimization challenges in coal
gasification systems. We developed the KG-HSEA, a heteroge-
neous surrogate-assisted evolutionary algorithm that in-
corporates a knee point-guided mechanism to meet the
industrial requirements of balancing syngas energy quality, sys-
tem stability, and energy consumption. The integration of Kriging
and FNN allows for a more accurate approximation of the com-
plex solution space, while the adaptive dual-archive manage-
ment strategy ensures robust convergence and diversity in the
optimization process. Experimental results confirm that the
proposed approach produces a well-balanced set of operational
parameters, thereby enhancing overall system performance and
providing valuable guidance for practical coal gasification
optimization.

Although the methodology demonstrates promise in terms of
accuracy, efficiency, and generalization, challenges remain,
particularly in updating models to adapt to dynamically changing
process conditions. Future work will focus on further refining
heterogeneous model integration and population evolution stra-
tegies to reduce computation time and improve adaptability, ul-
timately contributing to more effective process optimization in
complex industrial environments.
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