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Abstract

Soil and groundwater contamination across multiple plots in industrial parks is an im-
portant environmental management challenge. Because plots often differ in contamina-
tion characteristics and remediation requirements, remediation decision-making needs to
generate sustainability-oriented alternatives that account for explicit management prefer-
ences and trade-offs among carbon emissions, remediation duration, and cost. Although
technology screening for individual contaminated plots has been widely investigated,
how to use plot-level screening results to support the selection of multi-plot remediation
alternatives under multiple objectives remains insufficiently addressed. This study devel-
oped a preference-guided multi-objective decision framework for selecting remediation
alternatives in contaminated industrial parks. The framework first generates cross-plot
remediation alternatives by assigning one feasible technology to each plot and removes
alternatives that violate technological compatibility or project-level engineering constraints.
It then identifies Pareto non-dominated alternatives using NSGA-II, retains preference-
consistent alternatives through LO-based filtering, and selects the final recommendation
using ideal-point distance comparison. The framework was applied to a five-plot contami-
nated industrial park in northern China. Compared with the LO and NSGA-II benchmarks,
the hybrid NSGA-II-LO model selected less imbalanced alternatives that retained the
preferred-objective advantage while improving the balance among the remaining objec-
tives. The results show that management priorities can substantially affect remediation
technology allocation across plots and that preference screening can support the adjustment
of remediation alternatives when low-carbon targets, remediation schedules, or budget
constraints change. This study provides an operational decision framework for translat-
ing plot-level technology screening into sustainability-oriented multi-plot remediation
decision-making.

Keywords: contaminated industrial parks; soil and groundwater remediation; sustainable
remediation; multi-objective optimization; management preferences; NSGA-II

1. Introduction

Industrial parks are designated areas in which multiple enterprises are spatially con-
centrated under unified planning [1]. Around 20,000 industrial parks have been established
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worldwide, and many have subsequently been shut down or relocated during urban
renewal and industrial restructuring [2]. This process has left large areas of legacy in-
dustrial land with complex soil and groundwater contamination problems [3,4]. Such
soil and groundwater contamination poses risks to ecosystems and public health and can
delay subsequent land redevelopment [5-7]. Unlike isolated contaminated sites, contami-
nated industrial parks often contain multiple adjacent contaminated plots with different
contaminant types, contamination levels, hydrogeological conditions, and remediation
requirements [3,8—-10]. At the same time, green and sustainable remediation has increas-
ingly emphasized cleaner remediation practices that reduce environmental burdens while
remaining technically and economically feasible [11,12]. Therefore, remediation decision-
making for contaminated industrial parks should go beyond contaminant removal by
coordinating technology selection across multiple plots and jointly accounting for carbon
emissions, remediation duration, and cost [9,13].

For individual contaminated sites, sustainability-oriented technology screening has
been extensively investigated using decision-support methods and tools, including multi-
criteria decision analysis (MCDA) [14], life cycle assessment (LCA) [15], cost-benefit analy-
sis [16], risk-based decision-support tools [17], and technology-screening matrices such as
the Technology Screening Matrix [18]. These approaches have provided an important basis
for selecting technically feasible and environmentally sound remediation options under
individual site conditions [19]. However, plot-level technology screening alone cannot
determine a park-level remediation alternative for a contaminated industrial park after
zoning. In plot-level decision-making, the main task is usually to identify the most suitable
technology for an individual plot [20], whereas in an industrial park the decision target
is to coordinate technology choices across multiple plots and form an overall park-level
alternative [21]. Because applying the same or coupled technologies to adjacent plots
may generate environmental, economic, and schedule-related synergies through shared
infrastructure, equipment mobilization, centralized treatment, and scale effects [22-24].
Therefore, extending plot-level screening results to park-level remediation decision-making
requires a framework that can coordinate both single and combined technologies across
multiple contaminated plots.

Existing studies commonly divide contaminated areas into spatially distinct plots for
remediation based on contaminant types and contamination levels [25]. Recent studies have
further extended zoning-based remediation decision-making. For example, Zhao et al. [26]
developed a framework that combines contamination grading and zoning with intelligent
remediation technology selection for heavy-metal-contaminated sites, and applied it to
85 remediation zones in a large lead—zinc smelting site. Although their study demonstrates
the need for differentiated technology selection after zoning, it still needs to cover broader
site types, contaminants, and remediation technologies [26], while being further extended
from zone-level technology selection to park-level remediation decision making. In related
multi-plot remediation studies, applicable technologies are generally identified for each plot,
and a limited number of cross-plot remediation alternatives are then predefined as scenarios
for comparison using LCA [9], GIS-based spatial evaluation [21], or integrated decision-
support and assessment models [8,17]. Although useful in practice, this paradigm can
become inefficient when many plot-specific technology options need to be considered. More
broadly, optimization-based methods can complement scenario comparison by generating
and evaluating alternatives beyond the predefined set [27]. Therefore, an efficient decision
framework is needed to extend single-plot technology screening to multi-plot optimization
of remediation technology combinations in contaminated industrial parks.

Multi-objective optimization (MOO) can support this extension by exploring large
sets of cross-plot technology combinations while considering conflicting objectives [22,28].

https:/ /doi.org/10.3390/sul8157647


https://doi.org/10.3390/su18157647

Sustainability 2026, 18, 7647

30f22

Recent MOO studies have shown clear benefits for remediation decision-making across
different spatial scales. Jin et al. [28] optimized land-use planning and remediation strate-
gies for a large contaminated site, reducing remediation volume by 62.5% and cost by
28.3% while increasing land-use benefits by 24.3%. At a broader city scale, Song et al. [22]
integrated MOO with life-cycle sustainability assessment to compare centralized and
decentralized remediation strategies for 286 contaminated sites, reporting reductions in
environmental impacts and life-cycle costs. These studies demonstrate the potential of
MOO for remediation decision-making, but the selection of plot-specific remediation tech-
nology combinations from large solution sets under management preferences remains
insufficiently addressed.

Among available methods, non-dominated sorting genetic algorithm II (NSGA-II) is a
representative evolutionary algorithm for MOO [29]. It can explore trade-offs among carbon
emissions, remediation duration, and cost and generate a Pareto set representing alternative
compromise solutions [30]. However, NSGA-II does not itself incorporate management
preferences [31]. When managers place different priorities on low-carbon performance,
schedule compression, or cost control, the resulting Pareto set may still contain redundant
alternatives and be difficult to translate into a final engineering decision [32]. Lexicographic
optimization (LO) provides a complementary preference logic because solutions can be
screened according to a predefined priority order and screening ratio, thereby preserving
the advantage of the preferred objective while leaving room for secondary-objective im-
provement [33]. Used alone, however, LO is sensitive to the predefined priority order and
screening ratio, which may make the search dependent on a specific preference path rather
than comprehensively exploring the full multi-plot combination space [34,35]. Therefore,
combining NSGA-II with an LO-based screening rule can link Pareto set generation with
preference screening.

This study proposes a preference-guided multi-objective decision framework that
supports sustainable remediation decision making across multiple plots in contaminated
industrial parks by connecting plot-level technology screening with the generation, evalua-
tion, and selection of multi-plot remediation alternatives. The framework screens feasible
technologies for each plot, generates cross-plot alternatives, incorporates technological
compatibility constraints, project-level engineering constraints, and cross-plot synergy ad-
justments, and then uses NSGA-II, LO-based preference filtering, and ideal-point distance
comparison to recommend alternatives under carbon-first, duration-first, and cost-first
scenarios. The framework was applied to a contaminated industrial park in northern
China. The aims were to: (1) link plot-level technology screening to the generation and
multi-objective evaluation of multi-plot remediation alternatives; (2) identify recommended
alternatives from a large set of candidate alternatives under different management pref-
erences; and (3) examine how preference-screening results can support the adjustment of
remediation alternatives when carbon, schedule, or budget requirements change.

2. Materials and Methods
2.1. Decision-Support Framework

The preference-guided decision framework for multi-plot soil and groundwater re-
mediation in contaminated industrial parks consists of five steps. First, the contaminated
area is divided into plots according to contamination characteristics and remediation re-
quirements. Second, feasible remediation technologies are screened for each plot, and
a parameter database is compiled for carbon emissions, remediation duration, and cost.
Third, plot-specific technologies are combined to generate candidate multi-plot remediation
alternatives, and the objective values of each alternative are calculated after cross-plot syn-
ergy adjustments. Fourth, only alternatives satisfying both technological and engineering
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constraints are retained. Finally, within this framework, the final alternative selection is im-
plemented using an NSGA-II-LO preference-guided selection procedure, which combines
NSGA-II for Pareto search, LO for preference filtering, and ideal-point distance comparison
for final recommendation. LO and NSGA-II are also applied separately as benchmark
procedures. In this framework, the sustainability-oriented assessment is operationalized
through the three planning objectives: carbon emissions, remediation duration, and cost.

2.2. Study Area and Plot Delineation

The study area is a contaminated industrial park in Tianjin, China (Figure la—c). It
was historically occupied by food-processing, machinery-manufacturing, and electronics
enterprises. Due to early unregulated production practices and subsequent enterprise
relocation, both soil and groundwater were affected by organic contamination. The main
contaminants of concern were chlorinated volatile organic compounds, including per-
chloroethylene, trichloroethylene, vinyl chloride, and cis-1,2-dichloroethylene, as well as
ethylbenzene and total petroleum hydrocarbons. The planned land use includes green
space and commercial service facilities above ground and metro construction underground.
Therefore, remediation target values were set to meet Category I land-use standards under

the Soil Environmental Quality Risk Control Standard for Soil Contamination of Development
Land [36].
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Figure 1. Location (a—c) and contamination distribution (d) of the study area.

The contaminated area in the industrial park was divided into five plots according to
contaminant type, contamination level, and affected medium, including three soil plots (51,
52, and S3) and two groundwater plots (W1 and W2) (Figure 1d and Table 1). S1 and W1
had relatively large contaminated volumes and were mainly affected by low-to-medium
concentrations of chlorinated volatile organic compounds (CVOCs). S3 represented a
heavily contaminated plot at the former core production workshop. Although S3 accounted
for only 2.4% of the total remediation volume considered in this study, the maximum
contaminant concentration in this plot was approximately 98.2 times the corresponding
remediation target value.
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Table 1. Overview of contaminated plots in the study area.
A Remediation Depth Remediation Contaminants
Plot Characteristics (m bgs) ! Volume (m?) of Concern 2
Lightly contaminated soil with
51 low-chlorinated hydrocarbons 10-105 26,567.45 Ve
Lightly contaminated soil with
52 high-chlorinated hydrocarbons 2535 434035 VG TCE EB
. . . VC, cis-1,2-DCE,
S3 Heavily contaminated soil 0.4-7.6 8328.80 TCE, PCE
w1 Lightly contaminated 1.3-13.0 286,554.84 VC, TCE
groundwater
Heavily contaminated VC, cis-1,2-DCE,
w2 eroundwater 1.3-13.0 14,887.73 TPH, TCE

I'm bgs = meters below ground surface. 2yC = vinyl chloride; TCE = trichloroethylene; EB = ethylbenzene;
cis-1,2-DCE = cis-1,2-dichloroethylene; PCE = perchloroethylene; TPH = total petroleum hydrocarbons.

2.3. Plot-Level Technology Screening and Parameter Database

A plot-level screening procedure was used to construct the feasible technology set. For

each contaminated plot, candidate technologies were first screened according to contami-

nant characteristics and subsurface media conditions, including soil texture and aquifer

medium type. The retained technologies were then assessed for engineering applicability.

This assessment considered plot applicability, technical performance, and environmental

impact. The assessment results were used to form the feasible technology set for each plot

(Text S1, Tables S1-57, Figure S1).

For each feasible technology, a parameter database was compiled for carbon emis-

sions, remediation duration, and cost using engineering cases, published literature, indus-

try guidelines, laboratory tests, and pilot-scale data (Text S2, Tables S8 and S9). Cross-

plot synergy parameters were also incorporated into the database for remediation com-

binations in which identical or coupled technologies were applied to multiple plots.

These synergies represented possible reductions in carbon emissions, remediation du-

ration, and cost due to shared infrastructure, equipment mobilization, centralized treat-

ment, and scale effects (Text S3, Table 510). Detailed parameter sources, derivations, and

synergy-adjustment assumptions are provided in Texts S2 and S3 and Tables S8-510 in the

Supplementary Materials.

2.4. Generation and Assessment of Multi-Plot Remediation Alternatives

2.4.1. Generation of Remediation Combinations

Each multi-plot remediation alternative is represented by a remediation combination

consisting of one feasible remediation technology for each contaminated plot. A candidate

remediation combination can therefore be written as Equation (1):

X = (Yip Xk X)X € T

(1)

where x; denotes the kth remediation combination, and xj is the technology selected from

the feasible technology set T; for plot .

The total number of candidate combinations is given by Equation (2):

J
N = [TI7]
=1

(2)

where N is the size of the candidate combination set, | is the number of contaminated plots,

and | T; | is the number of feasible technologies for plot j.

https:/ /doi.org/10.3390/sul8157647


https://doi.org/10.3390/su18157647

Sustainability 2026, 18, 7647

6 of 22

2.4.2. Objective Assessment and Synergy Adjustment

Each remediation combination was assessed against three minimization objectives:
carbon emissions, remediation duration, and cost. After cross-plot synergy adjustment, the
aggregate value of each objective was calculated as Equation (3):

J
Fm,k = va,j,k - Am,k (3)
=1

where Fy;,  is the value of objective m for remediation combination k, v, jx is the plot-level
parameter value for objective m associated with the technology selected for plot j, and A,
is the cross-plot synergy deduction. Lower F,, ; values indicate better performance for
carbon emissions, remediation duration, and cost.

2.4.3. Feasibility Constraints

Candidate remediation combinations were screened against technological compati-
bility and project-level engineering constraints. The technological compatibility screening
excluded configurations with conflicting treatment mechanisms, such as pairing in situ
thermal desorption with in situ bioremediation within the same plot. At the project level,
combinations were excluded when the total remediation cost exceeded CNY 94.5 million
(approximately USD 13.90 million, based on the exchange rate at the time of manuscript
revision: USD 1 = CNY 6.7990) or the total remediation duration exceeded 42 months,
reflecting case-specific management requirements. The remaining combinations formed
the feasible set for subsequent optimization.

2.5. Preference-Guided Selection of Remediation Alternatives
2.5.1. Pareto Search Using NSGA-II

NSGA-II was used to identify Pareto non-dominated remediation combinations under
the simultaneous minimization of carbon emissions, remediation duration, and cost [37].
The optimization was implemented in Python 3.13.9 using DEAP 1.4.3. Each remediation
combination was represented by a five-element integer vector, in which the five elements
indicated the technologies selected for plots S1, 52, S3, W1, and W2, respectively. The algo-
rithm was run with a population of 150 for 80 generations using uniform crossover, uniform
integer mutation [38], and a fixed random seed of 42. Based on fast non-dominated sorting
and crowding-distance preservation, NSGA-II generated the Pareto set that described
the trade-off relationships among the three objectives and was used in the subsequent
preference analysis. Other NSGA-II parameter settings are provided in Table 511, and the
computational workflow is described in Text S4. The input data for NSGA-II are presented
in Table 512.

2.5.2. Preference Filtering Using LO

Using the Pareto set generated by NSGA-II as input, LO was used to retain the best-
ranked combinations for the preferred objective [39]. For a preferred objective r, the retained
preference set was defined as Equation (4):

P, = {k € Plrank,(k) < [o|P|]} @

where P is the Pareto set, P, is the retained set under preferred objective 7, p is the screening
ratio, and rank,(k) is the rank of combination k after sorting the Pareto combinations by
objective r in ascending order. Here, r denotes the preferred objective, whereas m is used as
the general index for the three objectives. Because all objectives were minimized, a lower
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rank indicates better performance for the preferred objective. In the hybrid framework,
p = 0.15 was used as the baseline screening ratio.

2.5.3. Final Recommendation Using Ideal-Point Distance

Within each retained preference set, the ideal-point distance method was used to select
the final recommended remediation combination [40]. Because carbon emissions, reme-
diation duration, and cost are all minimization objectives, each objective was normalized
using a reverse min—max transformation, as shown in Equation (5):

Zmp = ("~ Fug) /(0 — f) ©)

where z,, ;. is the normalized score of objective m for remediation combination k, F,,,  is
defined in Equation (3), and f/* and f/'" are the maximum and minimum values of
objective m in the Pareto set. Under this transformation, lower original objective values
correspond to higher normalized scores, and the best observed value of each objective is
mapped to 1.

The distance from each remediation combination in the retained preference set to the
ideal point was then calculated as Equation (6):

3 1/2
Dy = l W (1 —zm,k)Z] ,keP, (6)
m=1

where Dy is the ideal-point distance for remediation combination k € P,, and wy, is the
weight assigned to objective m. Equal weights were used for the three objectives, with
wy, = 1/3, because management preference had already been introduced through LO-based
filtering. The remediation combination with the smallest Dy in P, was selected as the final
recommendation. The normalization and ideal-point distance calculations were performed
in Microsoft Excel 2019 using Equations (5) and (6).

2.6. Model Comparison, Sensitivity Analysis, and Stability Analysis

To evaluate the role of the NSGA-II-LO procedure, LO and NSGA-II were applied
separately as benchmark procedures. In the LO benchmark, the feasible set was filtered
sequentially according to the specified priority order, with 5% of the combinations retained
at each step. In the NSGA-II benchmark, the Pareto set was used without LO-based
preference filtering, and three boundary alternatives were selected to represent the lowest
carbon emissions, shortest remediation duration, and lowest cost, respectively.

Three management preference scenarios were considered: carbon-first, duration-
first, and cost-first. These scenarios prioritized carbon emissions, remediation duration,
and cost, respectively. In the LO benchmark, the corresponding priority orders were
carbon emissions — cost — remediation duration, remediation duration — cost — carbon
emissions, and cost — carbon emissions — remediation duration. In the hybrid decision
process, the same primary preference was used to define the retained preference set P,,
and the final recommended remediation combination was selected using the ideal-point
distance method.

Sensitivity analysis of the screening ratio was conducted by changing the screening
ratio p in Equation (4). The baseline value p = 0.15 was compared with a stricter setting
p = 0.05 and a more relaxed setting p = 0.50. These settings helped examine how the
retained preference range affected the objective values and technology configurations of
the recommended remediation combinations.

Stability analysis was conducted by repeating NSGA-II with ten predetermined
random seeds, including the baseline seed of 42, while keeping all other settings un-
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changed [41]. Stability was assessed based on the number of Pareto non-dominated solu-
tions, the overlap between Pareto sets, and the consistency of the recommended technology
combinations and objective values under the three preference scenarios. For each run, the
Jaccard overlap between its Pareto set P; and the seed-42 Pareto set P4, was calculated
using Equation (7):

] =|Ps 0 Pap|/|Ps U Py (7)

where | -1 denotes the number of solutions in a set. A | value closer to 1 indicates that a
larger proportion of identical Pareto non-dominated technology combinations are present
in both sets and therefore indicates greater consistency across random seeds. The recom-
mended technology combinations and their corresponding objective values obtained from
the ten runs were also compared to determine whether the random seed affected the final
recommendations. In addition, Origin 2021 was used to prepare the figures.

3. Results
3.1. Candidate and Feasible Remediation Alternative

A total of 16,807 candidate remediation combinations were generated by systemati-
cally combining the plot-specific feasible technologies across the five contaminated plots
(Table S7). The stepwise screening process from candidate to feasible remediation alterna-
tives is summarized in Table 2. Technological compatibility screening first removed 1372
combinations with conflicting treatment mechanisms. After the objective values of the
remaining combinations were quantified, 13,234 additional combinations were excluded
because they exceeded the project-level engineering constraints on total remediation cost
or duration. Finally, 2201 feasible remediation combinations were retained for subsequent
multi-objective optimization.

Table 2. Screening of candidate remediation alternatives to identify feasible alternatives.

. Number Number . .
Phase Action Excluded Remaining Screening Basis
Combined 7 feasible 75 = 16,807
Initial generation technologies across 5 0 16,807 candidate remediation
plots combinations
. Excluded combinations Conlflict between thermal
Screening of with desorption and
technological .. 1372 15,435 esorption a
compatibility conflicting treatment bioremediation
P mechanisms technologies
Screening of Excluded combinations Total remediation cost >
engineering exceeding the cost or 13,234 2201 CNY 94.5 million or
constraint duration limit duration > 42 months
. . Retained alternatives Retained fqr r'nult'1—ob]ect1ve
Final feasible satisfvine both . 2201 optimization
alternatives [1styms ¢ (13.1% of the initial
screening requirements -
combinations)

Only 13.1% of the initially generated combinations remained feasible after constraint
screening. This reduction shows that multi-plot remediation decision-making involves a
large combinatorial solution space, but only a small proportion of alternatives satisfy both
technological compatibility and project-level engineering constraints. By systematically
generating cross-plot alternatives before applying constraint screening, the framework
reduces the risk of overlooking feasible remediation alternatives that may not be included
in manually predefined scenarios.
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3.2. Technology Configurations Under Different Management Preferences

The recommended technology configurations differed among the three decision mod-
els and management preference scenarios (Figure 2). In the LO benchmark, the selected
technology configurations were sensitive to the preference order. For the heavily contami-
nated S3 plot, the recommended technology shifted from soil vapor extraction (SVE) under
the carbon-first scenario to ex situ cement kiln co-processing (CKC) under the duration-
first scenario and to in situ thermal desorption combined with in situ chemical oxidation
(ISTD + ISCO) under the cost-first scenario (Figure 2A(a—c)).

Carbon-first Duration-first ) Cost-first
A(b) A(c)
SVE+ISCO(26,567.45) S1 ISCO(26,567.45) S1 ISCO(26,567.45)
0s2 n 0s2 M
SVE(12,669.15)H [s3 CKC(12,669.15)I [s3 ISTD+ISCO(12,669.IS)H
ISCO+ISB(286,555.84) w1 w1
P&T+ISCO(301,442.57) P&T+ISCO(301,442.57)
Mpm4,sss.73)ﬂ H w2 i H w2 l
B(b) B(c) f
lSTD+lSCO(12,669.15)H S g R
| CKC(39,236.60) 7
0s2 0s2
(s3 [s3 SVE(12,669.15)H
ISCO+ISB(313,122.29)
W1 P&T+ISCO(286,554.84) Wi
P&T+ISCO(301,442.57)
1sc0(14,sss.73)H H w2 ISCO(l4,887.73)H H w2 |
C(b) C(0) I
SVE+ISCO(26,567.45) S1 St SVE+ISCO(26,567.45)
U CKC(39,236.60) |
0s2 0s2 CKC(4340.35)8
ISTD+lsc0(1z,669.15)B [s3 [s3 SVE®3288)]
ISCO+ISB(286,554.84) w1 ISCO+ISB(286,554.84) w1
P&T+ISCO(301,442.57)
MPE(14,888.73)H H w2 lSC0(14,887473)H H W2 U

Figure 2. Technology configurations of recommended remediation combinations under different
decision models and management preference scenarios: (A) LO, (B) NSGA-II, and (C) NSGA-II-
LO; (a) carbon-first, (b) duration-first, and (c) cost-first scenarios. Numbers following technology
names indicate the contaminated volume treated by the corresponding technology or combined
technology (m3).

The NSGA-II benchmark showed a different pattern because it selected objective-
boundary combinations from the Pareto set without preference filtering. In the lowest-
carbon-emission combination, four plots adopted in situ combined technologies, whereas
the same four plots shifted to ex situ remediation technologies in the shortest-duration
combination (Figure 2B(a—c)). This pattern indicates that NSGA-II effectively identifies
objective extremes, but the resulting technology configurations can change substantially
when different objective boundaries are selected.

Compared with the two benchmark models, NSGA-II-LO produced more selectively
adjusted configurations across preferences (Figure 2C(a—c)). Under the carbon-first scenario,
the recommended combination mainly relied on in situ ISCO-derived technologies. Under
the duration-first scenario, CKC was selected for the soil plots to compress remediation
duration. Under the cost-first scenario, CKC was assigned only to S2, which had the smallest
contaminated soil volume, whereas extraction-derived technologies were used for larger-
volume plots. Overall, the hybrid model showed smaller changes in cross-plot technology
configurations than LO and did not rely on the objective-boundary combinations selected
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(aLO

by NSGA-IL Its recommended configurations reflected both plot-specific remediation
requirements and the specified management preference.

3.3. Multi-Objective Performance of Recommended Remediation Alternatives

NSGA-II generated 89 Pareto non-dominated remediation combinations (Figure S2),
and their technology configurations and objective values are provided in Table S13. The
distribution of these combinations showed trade-offs among carbon emissions, remediation
duration, and cost. Combinations with lower carbon emissions generally required longer
remediation duration, whereas combinations with shorter remediation duration were
usually associated with higher carbon emissions and cost.

To compare the recommended alternatives from different decision models, the three
objective values were normalized using a reverse min—max transformation based on the
extrema of the Pareto set, with lower original values corresponding to higher normalized
scores (Figure 3). The radar profiles showed clear differences among the three decision
models. In the LO benchmark, the recommended alternatives generally had broad and
relatively even profiles across the three objectives, but their scores along the preferred-
objective axes were limited in some scenarios (Figure 3a). In the NSGA-II benchmark,
each boundary alternative reached the maximum normalized score for its corresponding
objective, while the scores for the other objectives decreased markedly, resulting in more
uneven profiles (Figure 3b). In comparison, the recommended alternatives from the hybrid
NSGA-II-LO model showed clearer extension along the preferred-objective axes while
maintaining moderate scores for the non-preferred objectives (Figure 3c).

1.00

Carbon enllig(s)ions (b) NSGA-II Carbon emissions (¢) NSGA-II-LO Carbon enlligls)ions

| | Carbon-first
Duration-first

|:] Cost-first

Duration Cost™ Duration Cost

Lowest carbon emissions Carbon-first
Shortest remediation duration Duration-first
Lowest cost [ I Cost-first

Figure 3. Comprehensive performance of recommended remediation alternatives under different
management preference scenarios for (a) LO, (b) NSGA-II, and (c¢) NSGA-II-LO.

4. Discussion
4.1. Mechanisms Behind the Improved Performance of the Hybrid Model

The model comparison indicates that the timing and form of preference incorporation
affected the final remediation alternatives. LO introduced the primary management priority
before the feasible trade-off space was sufficiently explored, whereas NSGA-II identified
boundary alternatives from the Pareto set without selecting according to a specific pri-
ority. In contrast, the NSGA-II-LO procedure first retained Pareto alternatives and then
narrowed the solution set according to the preferred objective. Under the three preference
scenarios, LO generally retained higher scores for the non-preferred objectives, but its
preferred-objective score was lower than those of the NSGA-II and NSGA-II-LO recom-
mendations (Figure 4, Table S14). For example, under the duration-preference scenario, the
normalized duration score of the LO alternative was 0.56, whereas its cost score reached
0.73 (Figure 4b). NSGA-II showed the opposite pattern. Because its recommendations were
selected from objective-boundary alternatives in the Pareto set, the preferred objective had
the best score, whereas the other two objectives received much lower scores. In the same
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duration-preference scenario, the NSGA-II alternative achieved the shortest remediation
duration, but its normalized carbon-emission and cost scores were both below 0.05. The
NSGA-II-LO procedure gave a less one-sided recommendation. It kept a relatively high
score for the preferred objective and higher scores for the non-preferred objectives than
the NSGA-II boundary alternative. This type of result is more practical for remediation
management, where one objective may be prioritized but the remaining objectives still
need to be considered.
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Figure 4. Multi-objective performance of recommended remediation alternatives obtained using three
decision procedures under different management preference scenarios: (a) carbon-first, (b) duration-
first, and (c) cost-first scenarios. LO represents the Linear Ordering benchmark, NS represents the
NSGA-II benchmark, and NL represents the hybrid NSGA-II-LO procedure.

This pattern can first be explained by the technology configurations selected by the
hybrid NSGA-II-LO model. The model made use of cross-plot synergies when similar
technologies were suitable for adjacent plots. Under the duration-preference scenario, for
example, the hybrid model selected CKC for S1, which was lightly contaminated, and for
the other two soil-contaminated plots. This centralized configuration allowed fixed initial
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inputs, such as site preparation and equipment mobilization, to be shared across a larger
treatment volume. This is consistent with Liang et al. [42], who reported that fixed carbon
emissions and remediation costs per unit mass can decrease by 25-27% as treatment scale
increases. In comparison, LO selected ISCO only for S1, which limited the opportunity to
use scale-related benefits across adjacent plots.

At the same time, it retained plot-specific matching when local contamination condi-
tions required different treatment intensities. W1 provides another example. Although W1
was only lightly contaminated, its remediation volume reached 286,554.8 m3, accounting
for 84.1% of the total remediation volume. For such a large groundwater treatment volume,
assigning a high-intensity combined technology such as P&T + ISCO, as in the LO and
NSGA-II benchmarks, may introduce unnecessary energy input [39]. The hybrid NSGA-II-
LO recommendation selected ISCO + ISB for W1, reducing operating cost by 16.5% while
still meeting remediation requirements. This is consistent with the source—plume zoning
concept proposed by ITRC [43], in which technology intensity is matched to contaminant
distribution and hydraulic conditions rather than applied uniformly across the whole site.
Overall, the hybrid recommendation reflected both coordination among contaminated
plots and plot-specific treatment needs.

At the model level, these differences were related to how each method selected the
final recommendation. LO is easy to implement because it screens alternatives accord-
ing to a predefined priority order, but its preference-screening mechanism is limited by
local, stepwise truncation [33,35]. During the duration-preference scenario, for example,
the second-level LO comparison retained only alternatives within a cost range of CNY
65.62-67.94 million. As a result, the hybrid NSGA-II-LO recommendation, with a total
cost of CNY 81.24 million, was excluded at this stage even though it showed better overall
trade-off performance (Table S15). This example shows that LO may miss some alternatives
when an intermediate screening condition is applied too early.

NSGA-II follows a different logic from LO. It uses a global multi-objective search to
generate Pareto alternatives, but the resulting Pareto set still contains many candidate
alternatives that require further selection [32]. Without preference guidance, the most
readily identifiable options are often objective-boundary alternatives. These alternatives
are useful for showing the best attainable value of each single objective, but they may be
less suitable as direct engineering recommendations when the other objectives receive low
scores. Adding MCDA after Pareto search can help compare Pareto alternatives, but it
also introduces additional criteria, weighting, and normalization assumptions, which may
increase the complexity of the decision process [44].

The hybrid NSGA-II-LO model addresses this issue by applying preference filtering
after the global Pareto search. It first uses NSGA-II to retain Pareto alternatives from the
global multi-objective search, then applies LO to introduce management preference within
the Pareto set, and finally uses ideal-point distance comparison to select the recommended
alternative. This process preserves the comparison of Pareto alternatives across carbon
emissions, remediation duration, and cost, while introducing management preference
before the final recommendation. It also explains why the hybrid model could retain a
relatively high score for the preferred objective while keeping the non-preferred objectives
at more acceptable levels.

4.2. Preference Screening Ratio as a Management Tolerance Parameter

The preference screening ratio p represents the tolerance range used to retain Pareto
alternatives under a specified management preference. In practical remediation projects,
this tolerance may vary with budget constraints, land-delivery schedules, regulatory re-
quirements, and risk acceptance. To examine the sensitivity of the hybrid NSGA-II-LO
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model to this parameter, p was tested from 5% to 50%, with p = 15% used as the baseline.
The results (Figure 5, Table 3 and Table S516) show that changes in p affected the recom-
mended alternatives, but the main technology configurations remained relatively stable. In
most scenarios, only one or two plot-level technologies changed, suggesting that the model
output was not highly sensitive to moderate changes in the screening ratio (Table 3).

CE5% (---—-00)------—------ b= i )
CE15% -~ vy ””””””””””””” Denormalized Value
CE50% | ; 0-2
ol - -----
‘ ‘ 0.4
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Figure 5. Multi-objective performance of recommended remediation alternatives from the hybrid
NSGA-II-LO model under different preference screening ratios p. CE, D, and C denote carbon-first,
duration-first, and cost-first scenarios, respectively; the following percentage indicates the value of p.
For example, CE5% represents the carbon-first scenario with p = 5%.

Table 3. Technology configurations and ideal-point distances of recommended remediation alterna-
tives from the hybrid NSGA-II-LO model under different preference screening ratios p.

Preferences 1 p? S1* S2* S3* W1 * W2 * ID3
5% ISCO ISTD + ISCO  ISTD + ISCO ISCO + ISB ISCO 0.55

Carbon 15% SVE + ISCO ISTD +ISCO  ISTD + ISCO ISCO + ISB MPE 0.50
50% SVE + ISCO CKC CKC ISCO + ISB MPE 0.37

5% CKC CKC CKC ISCO + ISB ISCO 0.54

Duration 15% CKC CKC CKC ISCO + ISB ISCO 0.44
50% SVE + ISCO CKC CKC ISCO + ISB MPE 0.37

5% SVE + ISCO SVE SVE P&T + ISCO P&T + ISCO 0.49

Cost 15% SVE + ISCO CKC SVE P&T + ISCO P&T + ISCO 0.54
50% SVE + ISCO CKC CKC P&T + ISCO P&T + ISCO 0.39

1 Carbon, duration, and cost denote carbon-first, duration-first, and cost-first management preference scenarios,
respectively. 2 p = preference-screening ratio. 3 ID = ideal-point distance calculated using Euclidean distance.
* SVE = soil vapor extraction; ISCO = in situ chemical oxidation; ISTD = in situ thermal desorption; ISB = in
situ bioremediation; CKC = cement kiln co-processing; MPE = multi-phase extraction; P&T = pump and treat.
“+” indicates combined application of two technologies in the same plot.

Although the main technology configurations changed only slightly, the objective val-
ues responded more clearly to changes in p. A stricter screening ratio retained alternatives
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with stronger performance in the preferred objective, whereas a more relaxed ratio allowed
greater improvement in the non-preferred objectives. Under the carbon-first scenario,
when ¢ was increased to 50%, carbon emissions increased by 176.7%, but remediation
duration decreased by 28.6%, and the ideal-point distance decreased by 32.7% (Figure 5).
The cost-first scenario showed a similar pattern. When p = 50%, the carbon-first and
cost-first scenarios led to the same recommended alternative, indicating that low-carbon
and low-cost preferences may converge when the screening range is sufficiently broad
(Table 3). This is consistent with previous studies showing that energy use, material input,
and transport intensity can jointly affect carbon emissions and remediation costs [45,46].

The duration-first scenario showed a different response. When p was reduced to 5%,
the recommended alternative was the same as that obtained at the 15% baseline, indicating
limited sensitivity to a stricter screening ratio in this scenario. When p was relaxed to 50%,
remediation duration increased by 28.0%, whereas cost and carbon emissions decreased
by 23.2% and 15.2%, respectively. The ideal-point distance also decreased by 27.8%. This
suggests that a wider screening range allowed the model to give up part of the duration
advantage in exchange for lower cost and carbon emissions.

The aforementioned variations in solution performance essentially reflect the model’s
adaptive adjustments to local technology configurations (Table 3). Further observation
of these minor technology substitutions reveals that when ¢ was too strict, such as 5%,
the model placed stronger emphasis on the preferred objective and left less room for
adjustment in the other objectives. Under the carbon-first scenario, for example, low-energy
technologies such as ISCO and SVE were assigned to W2 and S3, respectively, to reduce
calculated carbon emissions. However, for plots with relatively high contamination levels
or stricter remediation requirements, these options would require careful engineering
verification before implementation. This suggests that the lowest-carbon configuration is
not necessarily the most suitable remediation configuration.

Conversely, when p was too relaxed, such as 50%, the preference filtering became less
selective. The recommended alternatives more frequently included high-efficiency but more
energy-intensive technologies, such as CKC and MPE. These technologies helped improve
some non-preferred objectives, but they also reduced the distinction among different
management preference scenarios. Consequently, the final recommendation became less
sensitive to the stated management preference.

For the present case, p = 15% provided a reasonable middle setting. Under the carbon-
first scenario, the model replaced ISCO with the more efficient MPE in W2 and selected
SVE + ISCO for S1. These local adjustments increased part of the short-term energy use
or cost, but improved engineering suitability and the overall trade-off among carbon
emissions, remediation duration, and cost. Therefore, the 15% screening ratio should be
interpreted as a case-specific reference rather than a universal threshold.

The preference-guided recommendations were also stable across the tested NSGA-II
random seeds. Across the ten runs, the number of Pareto non-dominated solutions ranged
from 89 to 90 (89.60 + 0.52), and the Jaccard overlap with the seed-42 Pareto set was
0.98-1.00 (Table S17). Although the number and composition of Pareto solutions varied
slightly among the runs, all runs yielded identical recommended technology combinations
and objective values under each of the three preference scenarios. Thus, the small seed-
related differences in the Pareto sets did not affect the final recommendations.

Taken together, the sensitivity and stability analyses suggest that the hybrid NSGA-
II-LO model produced relatively stable recommendations within the tested settings. The
sensitivity analysis suggests that, within the tested range of p, the hybrid NSGA-II-LO
model produced relatively stable recommendations, with changes mainly reflected in a
small number of technology substitutions and in the degree of trade-off among objectives.
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These findings support the applicability of the hybrid framework in the present case,
while further applications are needed to examine its performance under larger and more
diverse remediation combinations. In the present case, the added preference-screening
and final-selection calculations were manageable because the Pareto set was limited. For
industrial parks with more plots and more candidate technologies, computational burden
and parameter sensitivity may become more important. Future studies should therefore
benchmark the framework across larger portfolio spaces and multiple cases.

4.3. Implications for Low-Carbon and Adaptive Remediation Management

Beyond selecting a single recommended alternative, the model outputs can help
explain how technology roles change under different management preferences. To derive
management implications for multi-plot remediation in contaminated industrial parks,
this study examined the application frequencies of technologies across different preference
ranges and the concentration of energy-intensive technologies in heavily contaminated plots
under schedule-compression requirements among the 89 Pareto alternatives (Figure 6). The
results indicate that different technologies played different roles as the preference setting
changed. Under the carbon-first scenario (Figure 6a), low-energy in situ technologies,
such as in situ chemical oxidation combined with in situ bioremediation (ISCO + ISB),
were more frequently selected to control carbon emissions and environmental disturbance.
Under the duration-first scenario (Figure 6b), high-efficiency ex situ technologies, such
as CKC, were more frequently introduced to shorten the remediation duration. Overall,
ISCO-related technologies accounted for up to 62% of applications across all scenarios,
suggesting that they can serve as baseline options for carbon and cost control. By contrast,
CKC and other high-efficiency technologies can be used as supplementary options when
schedule compression becomes a dominant requirement. This distinction helps clarify how
low-energy in situ technologies and high-efficiency ex situ technologies can be combined
under different management priorities.

In practice, remediation projects in industrial parks often face strict schedule con-
straints related to land transfer or redevelopment delivery [11]. Under strong duration
constraints, heavily contaminated plots may become bottlenecks in the overall remediation
process [47]. S3 provides a clear example. Although it accounted for only 2.4% of the total
remediation volume, its maximum exceedance of the remediation target reached 98.2 times.
As a result, its remediation progress had a strong influence on whether the overall project
could meet the required schedule. The analysis suggests that compressing the remediation
duration may increase the carbon burden of the heavily contaminated S3 plot, which is
consistent with the trade-off between time reduction and environmental benefit discussed
by Lemming et al. [15]. As shown in Figure 6d, when the required duration was shortened
to below 31.9 months, more than 60% of the preferred Pareto alternatives selected CKC
or soil thermal desorption for S3. This technology shift was associated with an increase
of approximately 10,962 t CO, eq in carbon emissions, suggesting that tighter schedule
requirements may lead to the concentrated use of energy-intensive technologies in heavily
contaminated plots such as S3.

These preference-related technology configuration patterns and the concentration of
energy-intensive technologies in heavily contaminated plots under schedule-compression
requirements provide practical implications for both planning and implementation. During
the planning stage, managers can adjust preference settings according to budget limits,
schedule requirements, and low-carbon objectives, rather than comparing plot-level tech-
nologies separately. For example, within a medium cost range of CNY 70.35-79.97 million,
introducing combined processes such as ISTD + ISCO may reduce dependence on a single
ex situ thermal treatment route while maintaining an acceptable trade-off among carbon
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emissions, remediation duration, and cost. During the implementation stage, the model
outputs can help determine the critical duration threshold at which heavily contaminated
plots such as S3 are likely to shift toward energy-intensive technologies. Once this threshold
is recognized, managers can prioritize resource allocation, consider cleaner energy supply,
optimize equipment operation, or adjust construction sequencing for these plots. In this
sense, the framework is not only a tool for selecting a final alternative, but also a way to
support adaptive adjustment during remediation planning and implementation.
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Figure 6. Technology application frequencies in recommended Pareto alternatives from the hybrid
NSGA-II-LO model under different management-preference sets: (a) carbon-first, (b) duration-first,
and (c) cost-first scenarios; and (d) application frequencies of energy-intensive ex situ technologies,
including CKC and ESTD, for the heavily contaminated S3 plot under different duration requirements.

4.4. Limitations and Future Refinement

This study has four limitations. First, the sustainability-oriented assessment focused
on carbon emissions, remediation duration, and cost, while environmental impacts were
considered during plot-level technology screening. Social acceptance, long-term ecological
recovery, and benefits from land reuse were not included because consistent data were
unavailable [11,14]. Second, cost was estimated at the planning stage and treated as static. It
therefore does not reflect the time value of money or changes in energy prices and financing
conditions. Nor does it include the timing of land-reuse benefits or the effects of carbon
pricing and subsidies. Future studies could use discounted life-cycle cost or net present
value to account for dynamic economic factors [16,48]. Third, the technology parameters
and cross-plot synergy deductions were derived from published studies, engineering cases,
and case-specific evidence. These parameters should be updated with full-scale project and
monitoring data when they become available. Fourth, the framework was tested in one
contaminated industrial park. Further applications are needed to evaluate its performance
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in multiple countries and under different regulatory contexts and economic scenarios. Tests
at sites with different contamination and hydrogeological conditions are also needed to
determine whether the preference-screening ratio and decision process remain reliable [19].
The sensitivity and stability analyses examined the preference-screening ratio and random-
seed effects, but did not test how uncertainty in technology performance and synergy
estimates would affect the recommendations. Monitoring data could then be used to revise
these inputs during project implementation.

5. Conclusions

This study developed a preference-guided decision framework for translating plot-
level technology screening into multi-plot remediation alternative selection in contaminated
industrial parks. The framework was applied to a contaminated industrial park in northern
China. The case study showed that the recommended alternatives prioritized the specified
sustainability indicator (carbon emissions, remediation duration, or cost) while keeping the
other objectives within a reasonable range. The sensitivity analysis showed that the prefer-
ence screening ratio affected the balance between preference strength and overall trade-off,
with 15% providing a suitable setting for the present case. Beyond selecting final remedia-
tion alternatives, the Pareto alternatives and preference-screening results provide a basis
for feasible technology adjustments when schedule, budget, or low-carbon requirements
change. Overall, the framework provides a practical approach for moving from plot-level
technology screening to preference-informed multi-plot remediation decision-making. Fu-
ture work can refine the framework by incorporating broader sustainability indicators
and dynamic economic and financial analysis, using monitoring data, and applying the
framework to additional contaminated industrial parks.
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FRTR Federal Remediation Technologies Roundtable
GIS geographic information system

ISB in situ bioremediation
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LO lexicographic optimization

MCDA multi-criteria decision analysis

MEE Ministry of Ecology and Environment of the People’s Republic of China
MOO multi-objective optimization

MPE multi-phase extraction

NSGA-II non-dominated sorting genetic algorithm II
P&T pump and treat

PCE perchloroethylene

SVE soil vapor extraction

TCE trichloroethylene

TPH total petroleum hydrocarbons

vC vinyl chloride

VOCs volatile organic compounds
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