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Abstract: With the accelerating global transition toward green manufacturing and ecological sustainability, establishing
an efficient environmental risk assessment framework has become a critical requirement for sustainable industrial
transformation. The study develops an environmental risk assessment system for the manufacturing industry based on
ecological efficiency. By combining the Analytic Hierarchy Process (AHP)and the Fuzzy Comprehensive Evaluation (FCE)
method. Additionally, the Particle Swarm Optimization (PSO) algorithm with the Genetic Algorithm (GA) were integrated
into a unified multi-objective optimization framework, enabling the coordinated enhancement of both economic and
environmental performance. Experimental results demonstrate that the proposed system achieves the shortest running time
under small-scale enterprise conditions, approximately 9 seconds initially and under 20 seconds at 30 enterprises, with
stable growth across larger scales. For a scale of 90-enterprises, the runtime remains about 42 seconds. It also exhibited the
fewest convergence iterations across industries at around 30 for electronics and new energy sectors, with as few as 28 for
new energy manufacturing, and the highest risk classification accuracy, exceeding 0.95. These findings emphasize the
novelty of integrating multiple decision-making and optimization techniques into a cohesive eco-efficiency optimization
framework, demonstrating significant potential for green decision-making, environmental risk control, and sustainable
industrial development.

Keywords: Ecological efficiency, environmental risk assessment, manufacturing industry, multi-objective optimization,
AHP, FCA.
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1. Introduction

The accelerating process of global industrialization has made the manufacturing industry both a driver of economic growth
and a major source of resource consumption and pollution emissions. According to statistics, the manufacturing industry
accounts for over 30% of global energy consumption, and its carbon emissions continue to rise, especially in high energy
consuming industries such as steel, chemicals, and electronics, where environmental load issues are particularly prominent
(Peng et al., 2024; Venugopal et al., 2024). Driven by the “dual carbon” strategies and green transformation policies,
enterprises face an urgent need to take action. They must establish a scientific and efficient environmental management
mechanism to realize the harmonious advancement of economic benefits and ecological protection. (Huang et al., 2023).

The ecological environment issues within the manufacturing industry have been extensively and deeply discussed.
These discussions primarily focus on the application of resource consumption assessment, pollutant emission monitoring,
and multi-criteria decision-making methods in environmental management. Nie et al. (2025) proposed a research and
analysis method for the emission characteristics and impacts of volatile organic compounds (VOCs) from typical plastic
enterprises. The research results indicated that the VOC emission concentration of hot melt extrusion was higher than that
from injection molding, and the main contributing substances to non-carcinogenic risks varied among different processes.
Lynch et al. (2023) introduced a research framework that combines methodological review and comparison of alternative
models to evaluate the scientific validity of the occupational skin exposure assessment method used by the US
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Environmental Protection Agency under the Toxic Substances Control Act. The research results indicated that the skin
absorption doses of chlorinated organic compounds estimated by the existing model were 2 to 20 times higher than those
calculated by the method proposed in their study. Tian et al. (2023) used a super-efficiency slack-based measure model to
measure transformation efficiency to promote the green transformation of the manufacturing industry and achieve carbon
peak and carbon neutrality under the dual-carbon target. The results indicated that the efficiency of green transformation
in the manufacturing industry showed a fluctuating upward trend, with an imbalance between watersheds.

Particle Swarm Optimization (PSO) is a swarm intelligence optimization method that simulates the foraging behavior
of a flock of birds and is commonly used for solving multi-objective functions and modeling complex systems (Sun et al.,
2024). Genetic Algorithm (GA) draws inspiration from biological evolution mechanisms and possesses strong global
optimization capabilities and robustness (Feng et al., 2025; Lin et al., 2025). In environmental risk assessment for the
manufacturing industry, enterprises often face comprehensive optimization problems with multiple objectives and
constraints, such as pollution control, energy efficiency improvement, and resource allocation. PSO and GA process
remarkable global search capabilities and adaptability, making them highly effective in various tasks. They can proficiently
handle tasks such as weight optimization, indicator selection, and risk level ranking in environmental performance
evaluation, thereby offering robust technical support for green manufacturing and environmental decision-making. (Ren
and Ma, 2024; Zhang et al., 2024). Previous studies have widely applied PSO and GA to improve resource allocation
efficiency and optimize environmental performance. Fang et al. (2024) proposed a fuzzy C-means algorithm based on
adaptive switching random perturbation PSO to improve the precision of industrial data anomaly detection. The results
indicated that this algorithm outperformed five existing PSO algorithms in optimizing the initial clustering center and
demonstrated significantly better performance in actual industrial data anomaly detection. Zhang et al. (2024) proposed a
tree-like support structure generation algorithm that combines hierarchical clustering and an improved GA to solve the
problem of collapse in high-angle suspended areas in additive manufacturing. The research results showed that this
algorithm could save 20% -30% of materials and significantly improve computational efficiency compared to conventional
approaches. Wang et al. (2024) proposed an energy-saving optimization approach based on an improved GA to reduce the
risk of dust monitoring blind spots in thermal power plants, optimize node coverage, and extend the lifespan of wireless
sensor networks. The research results showed that this method significantly improved the convergence speed of the
algorithm, reduced the number of iterations to 20, optimized the fitness value by 52.18%, optimized the number of nodes
by 42, and achieved a coverage rate of 97.28%. The energy-saving effect was significant.

In summary, although previous studies have investigated environmental risks in manufacturing, most environmental
performance evaluation methods focus on single pollutant indicators and lack a systematic balance between resource input
and environmental impact, making it difficult to fully reflect the actual sustainable development level enterprises.
Ecological efficiency, as a comprehensive indicator to measure the relationship between economic output and
environmental costs, is an important basis for environmental performance management (Wang et al., 2024). Therefore, this
study constructs an environmental risk assessment system for the manufacturing industry based on eco- efficiency and
introduces a joint optimization strategy using PSO and GA to iteratively optimize the dual objectives of environmental and
economic performance. This approach aims to achieve accurate identification of environmental risks and intelligent
decision-making for low-carbon pathways in the manufacturing industry. The novelty of this study lies in the introduction
of eco-efficiency indicators to enhance the environmental performance evaluation. It integrates the Analytic Hierarchy
Process (AHP) and the Fuzzy Comprehensive Assessment (FCA) for weight allocation and evaluation. A closed-loop
process, spanning from data collection to optimization feedback, is established to provide a systematic tool for the green
transformation of the industry. The anticipated outcomes are expected to demonstrate exemplary value in industrial green
decision-making support and environmental risk classification response.

To guide the investigation more precisely, the study addresses the following research questions: (1) How can ecological
efficiency be quantitatively evaluated to reflect the environmental performance of manufacturing enterprises more
comprehensively? (2) How can multi-objective optimization algorithms be designed to achieve a balance between
economic efficiency and environmental sustainability? (3) To what extent can the integration of decision-making models
and optimization algorithms reduce environmental risk response time and improve scalability across different enterprise
scales? Addressing these questions lays a solid theoretical and methodological groundwork for constructing an integrated
eco-efficiency-based environmental risk assessment framework and validating its practical applicability within
manufacturing systems.

2. Methodology
2.1. Construction of Environmental Performance Evaluation System based on Ecological Efficiency

The environmental performance evaluation system is not only a key tool for enterprise environmental management but
also a crucial support for enhancing sustainable development capabilities. In recent years, environmental performance
evaluation methods based on eco-efficiency have gained increasing attention from both academia and industry. Eco-
efficiency is an indicator that balances economic growth and environmental protection, aiming to provide economic
benefits while minimizing environmental impact (Li et al., 2024). Therefore, this research constructs an environmental
performance evaluation system based on eco-efficiency to analyze the automation equipment manufacturing industry using
various data analysis methods. The evaluation of environmental performance relies on high-quality data, therefore, the
primary research step is data collection. Using IoT sensors and monitoring systems, a substantial volume of environmental
data was gathered from typical enterprises in the automation equipment manufacturing industry. The specific data
collection and monitoring system is shown in Fig. 1.
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Fig. 1. Flow chart of data collection and monitoring system (Image source: https://iconpark.oceanengine.com/official,

https://iconpark.oceanengine.com/official; https://iconpark.oceanengine.com/official)

Fig. 1 covers the complete process, from the production workshop to data storage and processing. First, various sensors
in the workshop monitor environmental data in real-time. These data are transmitted to the central monitoring system via
wireless networks to ensure real-time data upload and updates. The monitoring system stores the collected data in a database
and performs preliminary analysis using preset algorithms to filter out noise and anomalies. Finally, after data cleaning and
integration, the results are stored in the cloud or local servers for subsequent analysis and decision support. The construction
of an eco-efficiency index system is the core component of environmental risk assessment (Sun et al., 2024).

To comprehensively evaluate the environmental performance of manufacturing enterprises, multiple environmental
indicators including resource consumption, energy efficiency, and carbon dioxide emissions were constructed based on
relevant theories of eco-efficiency theories. These indicators are assigned different weights within the system to reflect
their varying impact on a company's environmental performance. The specific calculation of eco-efficiency
EcoEfficiency is shown in Eq. (1).

EcoEfficiency = _ Doutput (1)
Einput+Eimpact

In Eq. (1), Egyepue Tepresents the economic output of production. Ej,p,,, indicates the investment of resources and
energy. Eimpqce indicates environmental impact. By quantifying the costs of resources and pollutant emissions, the
environmental performance of enterprises can be reflected. On this basis, the study uses AHP and FCA for weight allocation
and evaluation to guarantee that the indicator system can faithfully represent the environmental benefits of different
dimensions. AHP can decompose complex problems into multiple levels of sub problems and construct a hierarchical
structure model. FCA is suitable for handling evaluation problems with ambiguity and uncertainty (Abba et al., 2022). The
constructed ecological efficiency evaluation index system is shown in Fig. 2.
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Fig. 2. Structure of AHP-FCA eco-efficiency evaluation index system

Fig. 2 shows the hierarchical structure of the eco-efficiency evaluation index system. The top layer is the overall goal,
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eco-efficiency, which is broken down into three dimensions: production efficiency, resource consumption, and
environmental impact. Specific sub-indicators are listed under each dimension, such as energy consumption, carbon dioxide
emissions, wastewater discharge rate, resource consumption per unit of output value. These sub-indicators are assigned
weights and quantitatively analyzed in the next step of AHP. To address the fuzziness and uncertainty inherent in
environmental data, the Fuzzy Comprehensive Assessment (FCA) is adopted to evaluate various indicators
comprehensively, thereby improving the precision and reliability of the results. After completing the construction of the
eco-efficiency index, the next step is environmental risk analysis. The automation equipment manufacturing industry
contains multiple potential environmental risk points. To assess these risks comprehensively, the study employs an
environmental risk matrix method combined with data analysis tools. The specific calculation of environmental risk
assessment is shown in Eq. (2).

RiSki = Pl X Cl. (2)

In Eq. (2), P;represents the probability of the occurrence of the ithe risk event. i indicates the consequence value at the
time of the event. Environmental risk assessment calculates potential impacts of various environmental risks, visualizes
the levels and priorities of different environmental risks, and provides a basis for subsequent risk management. The specific
environmental risk matrix is shown in Fig. 3.

Environmental A
impact level
Low risk
Serious
Higher Low to medium
risk
Moderate . Low to medium
risk
Smaller
. High risk
Negligible

Very low low Moderate Higher High Probability of risk
occurrence

Fig. 3. Schematic diagram of environmental risk matrix

As illustrated in Fig. 3, the horizontal axis embodies the likelihood of risk manifestation, while the vertical axis
represents the degree of environmental impact after the risk occurs. According to different risk events such as exhaust
emissions, noise pollution, wastewater discharge. The graph divides multiple risk level areas, such as low, medium , and
high-risk areas. Each event is marked in the corresponding area for analysis and decision-making. Through this matrix
approach, managers can intuitively see which risk events have a significant impact on the environment and which events
require priority response measures. This method helps to provide a clear decision-making basis and improve the efficiency
of risk control in complex environmental management.

2.2. Environmental Risk Assessment and Optimization Decision-Making based on PSO-GA

This research builds an environmental performance evaluation system grounded in eco-efficiency. It also puts forward a
comprehensive approach to evaluate the environmental impact of the automation equipment manufacturing industry,
encompassing data collection, the establishment of an eco-efficiency indicator system, and environmental risk analysis.
Eco-efficiency offers enterprises a quantitative framework for evaluating environmental performance. However, solely
relying on environmental performance evaluation is insufficient at tackling the intricate environmental management
challenges that arise. This is particularly true in the face of constantly evolving production environments and increasingly
stringent policy requirements. In the actual production process, the environmental optimization problems faced by
enterprises often involve multiple objectives and constraints, which often need to be thoroughly considered through multi-
objective optimization methods (Liu et al., 2023; Wang et al., 2024). Therefore, to achieve the optimal balance between
economic and environmental benefits, the study introduces two classic optimization methods, PSO and GA. PSO searches
for the optimal solution by simulating the foraging behavior of bird flocks, while GA searches for the optimal solution by
simulating the processes of natural selection, crossover, and mutation. The optimization process is shown in Fig. 4.
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Fig. 4. PSO-GA optimization flowchart

As shown in Fig. 4, the optimization objective is first defined, which is to maximize energy utilization efficiency and
minimize pollution emissions during the optimization process. Next, the steps of PSO and GA optimization algorithms are
divided into initialization, fitness evaluation, crossover, and mutation. PSO adjusts the position of each particle through
swarm intelligence to achieve the optimal solution. GA optimizes solutions by simulating natural selection processes
through selection, crossover, and mutation operations. During the optimization process, each step is alternated until a
convergence state is reached, that is, the optimal environmental performance plan is found. The PSO optimization objective
function is shown in Eq. (3).

(a)=2(c,- X,)
f@=2(c, X, 5

In Eq. (3), arepresents the decision variable vector. X, indicates the value of the kthe target. c;, indicates the weight of
the kthe objective. In this formula, the objective function will be optimized based on the actual needs of each objective,
ensuring a comprehensive balance of factors such as resource consumption, energy utilization, and pollution emissions (He
et al., 2024). The fitness function of GA is shown in Eq. (4).

k=1

Fop = E:Wk'( ) )

In Eq. (4), F;4 represents the fitness function in the GA. w;, indicates the weight of the kthe objective. cost; indicates
the cost of the target. Calculating the fitness value of each objective helps the optimization process find the comprehensive
optimal solution. In the optimization process, the study combines PSO and GA multi-objective optimization algorithms to
simulate the production process and explore how to improve energy efficiency while reducing pollution emissions. The
weighted sum of multi-objective optimization is calculated as shown in Eq. (5).

1+ costj

j=1
frotar = X wj * f;(%) ®)

In Eq. (5), ftora: Tepresents the weighted sum of multiple objective functions. w; indicates the weight of the jthe
objective function. fj(x) represents the value of the jthe objective function. This formula can help integrate the
optimization effects of different objectives by adjusting weights, to achieve the overall optimal solution. During
optimization, cross-validation and test-set evaluation are applied to simulate production scenarios and constraints. These
tests confirm the model’s adaptability and validity in practical environments. The specific evaluation process is shown in
Fig. 5.

As shown in Fig. 5, the model run yields several optimized solution sets, including key indicators such as pollutant
emission reduction rate and the improvement value for resource utilization efficiency. Subsequently, these results will enter
the result evaluation module, where the relative improvement rate will be calculated by comparing them with the indicators
in the initial unoptimized state. Next, a multidimensional performance analysis is conducted using methods such as cross
validation, sensitivity analysis, and robustness testing to evaluate the adaptability and stability of the optimization scheme
under different scenarios and parameter disturbances. On this basis, an evaluation feedback mechanism is introduced to
screen, eliminate, or retrain optimization solutions that do not meet actual production constraints or perform poorly.
Ultimately, the system will output a set of feasible and high-performance optimization suggestions to provide decision
support for green production in enterprises. In summary, based on eco-efficiency and PSO-GA, a comprehensive research
framework integrating “eco-efficiency environmental risk intelligent optimization” is constructed, as shown in Fig. 6
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Fig. 6. Overall structure of environmental risk assessment based on ecological efficiency and PSO-GA

Fig. 6 covers the complete process from environmental data collection to ecological efficiency evaluation,
environmental risk assessment, and multi-objective optimization. The first stage is data collection and cleaning, including
real-time collection of energy consumption and emission data through IoT sensors. The second stage is the construction of
an eco-efficiency evaluation system, relying on AHP and FCA to evaluate the weight of resource and pollution indicators.
The third stage is environmental risk identification and matrix analysis, identifying high priority risk events. Finally, by
introducing a joint optimization algorithm of PSO and GA, environmental performance can be optimized while ensuring
production efficiency. The modular design of the proposed framework enables future integration with real-time enterprise
monitoring systems. By connecting loT-based data acquisition and cloud-based computing, the system can be adapted for
continuous data streams and dynamic environmental assessment.

3. Results
3.1. Environmental Performance Evaluation System Performance Verification

The research conducted modeling and simulation within a local workstation environment. The experimental platform
operated on Windows 10 Professional, utilizing an Intel Core 17-12700K processor, 32 GB of memory, and an NVIDIA
GeForce RTX 3060 graphics card. In terms of the software environment, the eco-efficiency evaluation model was primarily
implemented on the MATLAB R2022b platform. Specific details are shown in Table 1. The experimental data were sourced
from the publicly available China Industrial Energy Consumption and Emissions Dataset (CIECED), which was compiled
and released by the National Bureau of Statistics in collaboration with research institutions. This dataset encompassed core
indicators such as energy consumption, output value, and pollutant emissions from manufacturing enterprises across
different industries, featuring a complete data cycle and extensive coverage.

To confirm the adaptability and dependability of the constructed AHP-FCA method in various environmental risk
dimensions, the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) and Entropy Weight Method
(EWM) was selected to compare their score volatility analysis and ranking consistency coefficients on different risk types.
The experiment selected four typical environmental risk types, namely energy consumption, carbon emissions, wastewater
emissions, and exhaust emissions, as common and representative risk dimensions in the manufacturing industry for
evaluation and verification. The obtained results are shown in Fig. 7.

Fig. 7 (a), (b), and (c) compare the Coefficient of Variation (CV), Spearman rank correlation coefficient (Spearman),
and Root Mean Square Error (RMSE) of the scoring results for the three evaluation methods across different risk types.
From Fig. 7(a), AHP-FCA had the smallest rating volatility across all four types of risks, with CV values ranging from
approximately 0.04 to 0.06, demonstrating high stability. In contrast, the CV for TOPSIS fluctuated around 0.09, while
the CV of EWM exceeded 0.13 in all risk types, indicating high data sensitivity and insufficient stability. Among the energy
consumption risks, the EWM method exhibited the largest fluctuation, with a CV of about 0.17. This is likely due to annual
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fluctuations and varying collection intervals of energy data, which could easily amplify extreme effects without subjective
correction. From Fig. 7(b), AHP-FCA performed significantly better than other methods in ranking consistency, with
Spearman coefficients of around 0.85 for all risk dimensions, especially reaching the highest value of 0.89 in wastewater
discharge. The Spearman coefficient of EWM was below 0.6 for all risk types, and as low as about 0.5 in exhaust emissions.
As shown in Fig. 7(c), the AHP-FCA method had lower RMSE than the other two methods in all risk types, demonstrating
better prediction accuracy. Under the Riskl type, the RMSE of AHP-FCA method was about 0.3, while the RMSE of
TOPSIS and EWM methods were about 0.65 and 0.85, respectively.

Table 1. Scalability and computational efficiency comparison among optimization models

Category Configuration Details Category Configuration Details
Operating Windows 10 Professional Storage 1 TB SSD (system) + 2 TB HDD (data
system 64-bit & storage and backup)
Intel(R) Core (TM) i7- .
CPU 12700K @ 3.60GHz Programming languages Python 3.9 and MATLAB R2022b
RAM 32 GB DDR4 Integrateq development Jupyter Notebook MATLAB GUI
environment interface
GPU NVIDIA GeForce RTX Simulati . " Local standalone simulation using
3060, 12 GB tmulation environmen Python and MATLAB environments

O AHP-FCA @ TOPSIS = EWM O AHP-FCA = TOPSIS = EWM

0.20 1.0 -

0.15 | 5§08
> g
o 3
0.10 506
0.05 | 04
0 0.2
Risk1 Risk 2 Risk 3 Risk4 Risk1 Risk 2 Risk 3 Risk4
Risk type Risk type
(a) Volatility analysis of ratings without evaluation (b) Analysis of sorting consistency coefficient for non
methods evaluation methods
1o . & AHP-FCA = TOPSIS m=m EWM
m 0.8
%)
>
0.6
04
0.2
Risk1 Risk 2 Risk 3 Risk4
Risk type

(c) RMSE analysis of different methods

Fig. 7. Environmental risk matrix indicating high-risk and low-efficiency sectors

3.2. Performance Verification of PSO-GA’s Environmental Risk Assessment and Optimization Decision-Making
Method

To verify the optimization performance of the proposed PSO-GA multi-objective optimization algorithm in environmental
risk assessment, multiple rounds of iterative comparative experiments were conducted between the mainstream algorithm
Differential Evolution (DE) and Non dominated Sorting Genetic Algorithm IT (NSGA-II). The obtained results are shown
in Fig. 8.

As shown in Fig. 8(a), PSO-GA exhibited a rapid downward trend in the early iteration stages, with the loss value
rapidly decreasing from the initial 0.9 to below 0.2, and stabilizing at around 0.15 after approximately 40 iterations. In
contrast, NSGA-II had a slightly slower descent speed, with a final loss value of about 0.22, while the DE algorithm had
the slowest convergence speed, effectively ceasing optimization after the 100th iteration with a final loss still above 0.3.
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As shown in Fig. 8(b), PSO-GA quickly found the optimal individual within the first 20 iterations, achieving a fitness value
close to 0.95, and then maintained high stability thereafter. The optimal individual fitness for NSGA-II ultimately remained
at about 0.87, slightly lower than that of PSO-GA. The optimal individual fitness for DE remained between 0.80-0.83,
exhibiting significant fluctuations and poor convergence quality. To evaluate the computational efficiency of multi-
objective optimization algorithms at different enterprise scales, we compared the runtime performance of three algorithms
using both small and large-scale enterprise samples. The obtained results are presented in Fig. 9.
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Fig. 9. Scalability performance reflected by runtime comparison

As presented in Fig. 9(a), under the condition of small-scale enterprises, the runtime of all three algorithms increased
with the number of enterprises, but there were significant differences in the magnitude of the increase. PSO-GA always
maintained the lowest runtime, initially only about 9 seconds, and was still below 20 seconds in 30 enterprises, with steady
growth. The initial time of NSGA-II was about 15 seconds, and it eventually reached about 30 seconds, slightly higher than
PSO-GA. The DE algorithm had the heaviest computational burden, with time increasing from about 18 to over 40 seconds.
The reason for this was that DE had slow iterative convergence and high computational redundancy when the search space
increased, leading to a decrease in efficiency. As shown in Fig. 9(b), under the condition of a large number of enterprises,
the computational pressure of the three algorithms significantly increased. The runtime of PSO-GA in 90 enterprises was
only about 42 seconds, which was still significantly better than other methods. NSGA-II remained stable at around 70
seconds at this scale, while DE showed the most significant growth, rising from around 50 seconds to nearly 95 seconds.
To further evaluate the generalization and risk identification abilities of optimization algorithms in different industry
scenarios, comparative experiments were conducted on the convergence efficiency and classification accuracy of three
algorithms in multiple manufacturing industries. The obtained results are shown in Fig. 10.

Fig. 10(a) and (b) respectively show the comparison results of the iteration count required for convergence and the
accuracy of environmental risk level classification for three optimization algorithms in four typical industries: electronic
manufacturing, steel, chemical, and new energy manufacturing. From Fig. 10(a), PSO-GA exhibited the least number of
convergence iterations in all industries. In the electronic manufacturing and new energy industries, optimization could be
completed in only about 30 iterations, while the minimum number of iterations required for new energy manufacturing was
about 28. In contrast, NSGA-II required approximately 35-40 iterations. DE generally exceeded 40 times, and some
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industries even reached 48 times, with the slowest convergence speed. Especially in the chemical industry, the number of
DE iterations was close to 50. PSO-GA, due to its integration of global particle search and genetic evolution strategy, had
faster global convergence ability and was suitable for industry environment evaluation problems under multidimensional
constraints. According to Fig. 10(b), PSO-GA achieved the highest risk level classification accuracy in all industries,
exceeding 0.95. Among them, it was close to 0.98 in the electronic manufacturing and new energy industries, significantly
better than NSGA-II’s about 0.90 and DE’s about 0.88. To evaluate the contribution of each key module to the overall
performance of the model, ablation experiments were designed to compare the performance differences between the PSO-
GA complete model with ecological efficiency constraints and the model without different modules. The outcomes
obtained are presented in Table 2.

250 . @ DE @ NSGA-II O PSO-GA - 10 ® DE @ NSGA-II O PSO-GA
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(a) Analysis of convergence times of various (b) Analysis of accuracy of risk level classification of various
algorithms algorithms

Fig. 10. Performance comparison of optimization algorithms under different types of manufacturing industries

Table 2. Performance contribution of optimization components in ablation analysis

PSO-GA + ecological No ecological

Model configuration No GA  No PSO

efficiency efficiency
Rating standard deviation 0.021 0.034 0.028 0.041
Sorting consistency coefficient 0.923 0.881 0.894 0.856
Optimal fitness value 0.821 0.768 0.785 0.752
Unit ecological efficiency improvement rate (%) 18.2 11.6 133 7.9
Execution time (s) 4.63 3.98 4.02 3.87
Convergence speed 28 35 32 40
Robustness metric 0.95 0.88 0.9 0.85

According to Table 2, the PSO-GA model that fully integrated ecological efficiency constraints performed the best in
all evaluation indicators, with a rating standard deviation of only 0.021, a ranking consistency coefficient of 0.923, an
optimal individual fitness value of 0.821, a unit eco-efficiency improvement rate of up to 18.2%, and a runtime of 4.63
seconds. Among them, if the GA module was removed, the fitness value significantly decreased to 0.768, and the ranking
consistency coefficient also decreased to 0.881, indicating that GA played a key role in improving the diversity of solutions
and global search ability. If the eco-efficiency index was removed, the unit eco-efficiency improvement rate decreased to
7.9%. In addition, although the runtime was slightly reduced, the overall performance loss was significant. Based on the
recorded hardware configuration, the average system power draw during computation was approximately 160—-180 W.
Given the 4.63-second runtime of the optimization process, the estimated energy consumption per run was about 0.21-0.23
Wh. This indicated that the proposed PSO-GA framework achieved a favorable balance between computational efficiency
and energy use, providing a practical reference for low-carbon algorithmic design in environmental optimization tasks.

4. Discussion

The results demonstrated that integrating the Analytic Hierarchy Process, the Fuzzy Comprehensive Evaluation method,
and the hybrid Particle Swarm Optimization—Genetic Algorithm significantly enhanced both eco-efficiency and
environmental risk prediction accuracy in manufacturing enterprises. Compared with previous models that relied solely on
statistical or single-objective optimization methods, the proposed framework achieved faster convergence (approximately
30 iterations) and higher classification accuracy (above 0.95), while maintaining computational scalability across different
enterprise sizes.
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In comparison with related studies, which improved specific aspects such as clustering accuracy or coverage
optimization, this research provided a more comprehensive solution by coupling multi-objective optimization with eco-
efficiency evaluation. This integration enabled a balanced improvement of both economic and environmental dimensions.

Despite these advantages, the approach also presented certain limitations. The current framework relies on simulated
or standardized datasets and has not yet been validated under highly dynamic, real-time industrial environments. Moreover,
parameter selection for the optimization algorithms could introduce bias if not tuned for specific industrial scales. Future
research should focus on integrating real-time data from IoT-based monitoring systems and exploring adaptive weight
adjustment mechanisms to further improve robustness and adaptability.

The validation of the proposed framework relied solely on the China Industrial Energy Consumption and Emissions
Dataset (CIECED). Although this dataset provided comprehensive coverage of domestic industries, it lacked international
and heterogeneous validation. Future studies will extend verification using multi-country and cross-industry datasets to
improve the generalizability and robustness of the proposed framework. Although the framework was designed for
potential real-time deployment, scalability to actual enterprise monitoring environments has not yet been validated. Future
work will explore integration with IoT-based sensing and edge-computing platforms to achieve real-time adaptability. In
addition, future work will further measure real-time power consumption to develop energy-saving optimization indicators
and explore trade-offs between computing speed, accuracy, and algorithm energy consumption

5. Conclusion

A comprehensive framework integrating eco-efficiency evaluation, environmental risk classification, and PSO-GA
intelligent optimization was proposed to tackle the obstacles encountered by the manufacturing industry in environmental
risk management, such as data complexity, difficulty in multi-objective optimization, and lagging risk response. First, a
multi-level eco-efficiency evaluation model was established by combining the AHP-FCA method, and an environmental
risk matrix was constructed to clarify the priority of pollution events. Then, in the section of environmental risk assessment
and decision optimization, the PSO-GA was used to synergistically optimize pollution control, resource utilization, and
energy efficiency improvement. The experimental results showed that the method performs well in multiple key indicators,
with the loss value of PSO-GA reduced to 0.15, the optimal fitness reaching 0.95, the eco-efficiency improvement rate
reaching 18.2%, the accuracy of risk level classification approaching 0.98, and the runtime reduced by more than 50%
compared to DE algorithm. The ablation experiment showed that the standard deviation of the PSO-GA model score was
only 0.021, the ranking consistency coefficient reached 0.923, the optimal individual fitness value was 0.821, the unit
ecological efficiency improvement rate was as high as 18.2%, and the runtime was 4.63 seconds. The research showed that
the evaluation method that integrated eco-efficiency indicators with the PSO-GA optimization model was superior to
traditional algorithms in terms of environmental risk identification accuracy, rating stability, and optimization effect, and
had higher practicality and promotion value. However, there is still room for improvement in the current framework in
dealing with extreme value fluctuations and industry heterogeneity issues. In the future, methods such as federated learning
and online adaptive mechanisms can be further combined to enhance the model’s generalization and real-time response
capabilities across enterprises and industries, providing stronger technical support for intelligent management of
environmental risks in the manufacturing industry.
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