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Abstract: In multi-objective dynamic job shop scheduling (MODJSS), achieving production 
efficiency while reducing energy consumption remains a major challenge in green manufacturing. 
Genetic programming (GP) has been widely adopted as an effective hyper-heuristic approach for 
automatically evolving dispatching rules (DRs). Surrogate models have also been widely used in GP 
frameworks to reduce computational cost. However, existing surrogate-assisted approaches mainly 
focus on a single DR and cannot capture the collective behavior of ensemble individuals, that is, the 
interactions and possible conflicts among multiple rules. To address this issue, this paper proposes an 
improved surrogate-assisted evaluation framework based on ensemble genetic programming (EGP) to 
capture the collective behavior of ensemble individuals and thereby reduce the computational cost of 
simulation-based fitness evaluation. Phenotype-based feature representations were developed for both 
individual and ensemble rules, where ensemble features incorporate behavioral information, diversity, 
and decision conflict. Surrogate models were trained to predict multiple objectives, and a hierarchical 
evaluation strategy was employed in which candidate solutions are first evaluated by surrogate 
predictions and ranked by non-dominated sorting, while only a subset of high-quality solutions is 
selected for actual simulation. The experimental results showed that (i) the proposed framework 
significantly reduces the number of expensive simulation evaluations and the evaluation cost of 
ensemble individuals, while remaining competitive in solution quality; (ii) surrogate-assisted 
evaluation improves the computational efficiency of EGP and indicates that the method has application 
potential in larger and more complex dynamic scheduling scenarios. 
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1. Introduction 

Against the backdrop of continuously growing global energy demand and increasingly severe 
climate change, energy consumption and carbon emissions have become key factors constraining 
sustainable economic development [1]. According to relevant statistics, the industrial sector, as one of 
the major sources of energy consumption, accounts for a significant proportion of global energy use, 
with manufacturing being a particularly energy-intensive component [2]. Therefore, under these 
circumstances, the manufacturing industry must seek effective strategies to reduce energy consumption 
and carbon emissions. Currently, enterprises primarily focus on optimization at two levels: the machine 
level and the production level [3]. However, upgrading machinery often entails long research and 
development cycles and substantial investment costs, creating a formidable barrier for many 
companies [4]. Hence, this paper focuses on the production level and seeks to reduce energy 
consumption through job shop scheduling, without upgrading machines. 

 

Figure 1. The layout of the DJSS. 

As one of the core decision-making problems in manufacturing, job shop scheduling (JSS) 
directly affects equipment operating status, processing sequences, and energy utilization efficiency 
through its scheduling strategies [5]. In real manufacturing environments, however, factors such as 
dynamic job arrivals, changes in equipment status, and uncertainties in processing [6,7] render 
scheduling problems highly dynamic and complex [8]. These dynamic disturbances must be 
considered in order to represent real workshop processing scenarios. In addition, manufacturing 
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companies often need to strive to achieve one goal while also balancing several other potentially 
conflicting goals, such as delivery time and production costs [9,10]. Therefore, multi-objective 
dynamic job shop scheduling (MODJSS), which is closely related to real-world processing scenarios, 
is the focus of this paper. Figure 1 shows the layout of the DJSS. 

As a heuristic approach, dispatching rules (DRs) exhibit low time complexity and can respond 
quickly to uncertain events in actual production, making them very popular in practical scheduling 
applications [11]. However, designing high-performance dispatching rules for specific production 
objectives is a highly challenging task. Genetic programming hyper-heuristics (GPHH), as a machine 
learning technique, have been widely applied in job shop scheduling due to their ability to 
automatically construct scheduling rule expressions [12–14]. However, the scheduling performance of 
GPHH is highly dependent on the quality of the feature set design. On the one hand, if the features fail 
to adequately reflect the dynamic state of the workshop, the generated rules will struggle to learn 
effective scheduling behaviors [15]; on the other hand, as the number of feature dimensions increases, 
the rule expression space expands rapidly, leading to increased search complexity and reduced 
evolutionary stability [16]. 

In an effort to further improve scheduling performance and enhance solution robustness, researchers 
have introduced ensemble learning into genetic programming, resulting in ensemble genetic 
programming (EGP) [17]. This method combines multiple dispatching rules, allowing different rules to 
leverage their respective advantages under various decision scenarios, thereby improving overall 
scheduling effectiveness [18]. However, while the ensemble mechanism brings performance gains, it 
also significantly increases computational complexity. At each scheduling decision point, an ensemble 
individual must invoke multiple member rules for evaluation and voting [19], making the cost of a single 
simulation evaluation much higher than that of a single individual. Moreover, as the ensemble size grows, 
the interactions among rules become more complex, further amplifying the time consumption of the 
evaluation process. This issue is particularly pronounced in dynamic scheduling scenarios, where 
traditional simulation-based evaluation struggles to meet real-time and efficiency requirements. 

One promising approach to reducing the cost of simulation evaluation is the use of surrogate 
models, which have been widely adopted in evolutionary optimization to approximate the fitness of 
candidate solutions via machine learning methods, thereby reducing the number of expensive real 
evaluations [20]. In job shop scheduling, existing studies typically construct feature representations of 
dispatching rules and use regression models to predict their performance under different objectives [21]. 
However, most current surrogate-assisted methods are designed for individual dispatching rules, with 
feature representations often based on the behavioral responses of a rule in several typical scenarios, 
making them difficult to extend directly to ensemble individuals [12]. Compared with a single rule, 
the scheduling behavior of an ensemble individual is jointly determined by multiple rules, and its 
decision outcomes depend not only on the individual performance of each member rule but also on the 
synergies and conflicts among them. Therefore, simply applying a linear combination of individual 
features cannot accurately characterize the overall behavior of an ensemble individual. Furthermore, 
existing approaches typically embed the surrogate model as an auxiliary evaluation tool within the 
evolutionary process but lack a unified evaluation mechanism for hybrid populations containing both 
individuals and ensemble individuals, thereby limiting the effectiveness of surrogate models in 
complex evolutionary frameworks. 

In response to the aforementioned challenges, a surrogate-assisted evaluation framework for EGP 
is developed in this work. First, based on the behavioral responses of dispatching rules in typical 
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decision scenarios, a unified phenotypic feature representation method is constructed to map both 
single individuals and ensemble individuals into a common feature space. For ensemble individuals, 
diversity measures and decision conflict information are further introduced to characterize their 
internal structural properties and behavioral differences. Second, multi-objective surrogate models are 
built on this feature space, enabling efficient performance prediction of candidate solutions. 
Furthermore, a dynamic hierarchical evaluation mechanism is designed: candidate solutions are first 
predicted by the surrogate model and then ranked through non-dominated sorting based on the 
predicted results. Only a subset of solutions with superior rankings undergo real simulation evaluation, 
while the remaining solutions retain their predicted values for participation in the evolutionary 
process. The real-evaluation budget is also adjusted during evolution. Through these mechanisms, 
this paper aims to balance solution quality and real simulation cost. The main contributions of this 
paper are as follows: 

(1) A unified phenotypic feature representation method is proposed, which maps single 
dispatching rules and ensemble rules into the same behavioral feature space. Structural information is 
further introduced for ensemble individuals, which provides a basis for unified surrogate modeling of 
the hybrid individual–ensemble population. 

(2) Surrogate models are used to predict candidate individuals quickly, and a subset of candidates 
is selected for real simulation according to the predicted performance, which improves the use of a 
limited real-evaluation budget. 

(3) To address the difficulty in characterizing ensemble individuals, a structure-aware ensemble 
feature representation mechanism is constructed. On the basis of behavioral response features, it 
further fuses the diversity and decision conflict information among rules, so as to improve the ability 
of the surrogate model to distinguish performance differences among ensemble policies. 

The remainder of this paper is structured as follows: Section 2 reviews relevant research on GP, 
EGP, and surrogate models in MODJSS. Section 3 introduces the notations and mathematical model 
of DJSS. Section 4 provides a detailed description of the proposed algorithm’s framework and the 
specifics of each module. Section 5 details the experimental environment and parameter settings. 
Section 6 presents the experimental analysis, including performance comparisons and the accuracy of 
the surrogate model. Section 7 concludes the paper. 

2. Literature review 

2.1. Energy-saving optimization job shop scheduling 

In recent years, as the demand for energy saving and emission reduction has increased, 
incorporating energy consumption into the optimization objectives has become an important direction 
in manufacturing systems research. Traditional job shop scheduling mainly focuses on production-
efficiency indicators such as makespan and maximum tardiness, whereas green job shop scheduling 
further considers the energy consumed during processing, so that dispatching decisions can balance 
production efficiency and energy use. Existing solution methods for job shop scheduling can be 
broadly divided into exact methods and approximate methods [22]. Because the problem is NP-hard, 
exact methods are difficult to apply to medium- and large-scale instances. Research has therefore 
focused on approximate methods, including heuristics [23], metaheuristics [24], and learning-based 
intelligent optimization methods [25]. 
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In energy-efficient job shop scheduling, energy consumption is closely related to the processing, 
idle, and start-up/shut-down states of machines. Existing studies therefore reduce energy consumption 
at mainly two levels: equipment operation control and production scheduling decisions. One line of 
work reduces non-processing energy by controlling machine operating states. For example, Tian et 
al. [26] optimized energy saving by controlling tool replacement and machine start/stop, using a 
hybrid tool-machine energy-saving strategy to save a substantial portion of non-processing energy. 
Although researchers have demonstrated that controlling machine start/stop can effectively save 
energy, frequent switching on and off may cause irreversible damage to machines [27], and in large-
scale factories such as those in the automotive and steel industries, shutting down machines during 
production is generally not permitted except under special circumstances [28]. 

Another line of work reduces energy consumption by adjusting the temporal distribution of 
processing tasks, among which time-of-use electricity pricing and machine speed adjustment are 
typical strategies. Time-of-use pricing shifts production tasks toward off-peak periods and thereby 
reduces energy cost. For instance, Xu et al. [29] established a mathematical model considering both 
time-of-use pricing and tiered electricity pricing to reduce electrical energy consumption during 
production and assembly. However, time-of-use pricing only reflects the patterns of power load and 
supply across different periods. Due to cost constraints, grid operators cannot update prices in real time, 
which inevitably increases the operational risks for enterprises [30]. 

By contrast, machine speed adjustment reduces energy consumption by controlling machine 
processing speeds. Reducing machine speed generally lowers processing energy consumption; that is, 
slowing down certain non-critical operations can save energy without affecting overall production 
efficiency [31]. For example, Shao et al. [32] proposed a multi-neighborhood-based multi-objective 
metaheuristic algorithm (MMMA) to optimize total weighted tardiness and energy consumption. The 
MMMA adopts a two-layer encoding scheme consisting of job permutation and speed matrix to solve 
the distributed flexible flow shop scheduling problem, demonstrating that the machine speed 
adjustment strategy significantly contributes to energy saving. 

In addition to the strategies above, researchers have gradually turned to energy-efficient 
scheduling in dynamic production environments as manufacturing systems become more complex. 
Unlike a static job shop, a dynamic job shop is subject to disturbances such as random job arrivals and 
machine breakdowns, which may invalidate an existing schedule in a short time. Energy saving, 
therefore, cannot be obtained by static optimization alone; dispatching decisions must be adjusted as 
the shop state changes. For dynamic energy-efficient scheduling, some studies improve the algorithm 
so as to reduce energy loss under dynamic shop conditions. For example, Duan et al. [33] considered 
the requirements of dynamic energy-efficient scheduling in workshops. They designed two terminal 
sets related to dynamic events and energy saving and assigned weight coefficients to each terminal 
according to workshop states when generating dispatching rules, so as to enhance rule performance. 
Hou et al. [34] addressed the dynamic energy-efficient flexible job shop scheduling problem by 
proposing an improved multi-objective genetic programming (IMOGP) method based on Pareto 
dominance. This method uses terminal symbols specifically designed for machine breakdowns and 
designs an adaptive mutation strategy. In this strategy, the frequency of occurrence of terminals in the 
high-quality Pareto population is abstracted as their importance, and the mutation probability of terminals 
is adjusted according to disturbance factors. Sitahong et al. [35] proposed a genetic programming method 
with online feature selection to automatically learn dispatching rules. Promising individuals evolved by 
GP are used to select key feature sets, and then, more competitive rules are retrained. 
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To sum up, job shop scheduling under green manufacturing has evolved from single time-
efficiency optimization to multi-objective collaborative optimization and has further considered 
practical factors such as machine start/stop, time-of-use pricing, processing-speed adjustment, and 
stochastic dynamic events. However, existing energy-saving strategies usually rely on specific 
equipment-control schemes, energy-price mechanisms, or manually designed mathematical models. 
For a dynamic shop that simultaneously involves random job arrivals, machine breakdowns, and 
multiple objectives, the decision space is more complex, and fixed dispatching policies can hardly 
adapt to the changing shop state. Therefore, how to construct dispatching rules with stronger 
adaptability and generalization from the shop state automatically has become an important direction 
for further research on dynamic energy-efficient job shop scheduling. 

2.2. Ensemble genetic programming 

Compared with manually designed dispatching rules, the main advantage of GPHH is that it can 
automatically learn dispatching logic in the rule space, rather than searching for a schedule for one 
specific instance. When the shop state changes, the trained rules can therefore produce dispatching 
decisions from the current state. This pattern of offline rule learning and online rapid decision-making 
makes GPHH particularly suitable for DJSS. A single dispatching rule, however, still has limitations. 
Different rules usually have advantages in different shop states: a rule may perform well in some 
decision situations and poorly in others. When random job arrivals and machine breakdowns occur 
together, this situation dependence may become stronger. Relying on one evolved rule alone may 
therefore fail to exploit complementary information among different rules. 

To improve the robustness of dispatching rules, ensemble learning has been introduced into 
genetic programming, yielding ensemble genetic programming (EGP). As one of the leading methods 
in machine learning [36], ensemble learning combines multiple baseline models [37]. Its core purpose 
is to construct a more powerful composite model than its individual components and thereby reduce 
the risk of overfitting. In recent years, research on the combination of ensemble learning and genetic 
programming has been discussed by many researchers [38]. Hart and Sim [39] first proposed a novel 
hyper-heuristic method, NELLI-GP, to solve JSS. This method extends the existing ensemble method 
NELLI to evolve a set of heuristics. The set adopts a divide-and-conquer strategy, where each heuristic 
corresponds to a unique subset of the instance set. Genetic programming under the ensemble approach 
improves performance by combining multiple rules, but most of these approaches adopt majority 
voting. To address this, Park et al. [40] investigated four combination schemes for ensemble rules—
majority voting, linear combination, weighted majority voting, and weighted linear combination—and 
improved the coevolutionary framework to evolve both rules and weights simultaneously. Park et al. [41] 
applied cooperative coevolutionary GP (CCGP) to static job shop scheduling. This method comprises as 
many subpopulations as there are members in the ensemble, and each subpopulation evolves a single 
scheduling heuristic for the ensemble. 

Although many researchers have confirmed the advantages of combining ensemble learning with 
genetic programming, the shops addressed in these studies are predominantly static. Xu et al. [18] 
proposed a novel EGP method for dynamic shops, in which single individuals and ensemble 
individuals jointly participate in evolution. The experimental results demonstrate that the designed 
method can effectively enhance the performance of EGP. 
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In summary, ensemble mechanisms mitigate the sharp performance degradation of a single 
dispatching rule under dynamic disturbances through complementarity among multiple models. This 
gain, however, comes at the cost of computational efficiency: for a single DR, one simulation invokes 
only one rule at each decision point, whereas an ensemble individual must invoke multiple member 
rules and then combine or vote. As the ensemble size increases, the simulation cost of one ensemble 
individual is substantially higher than that of an ordinary individual. Particularly in complex dynamic 
instances involving multi-objective optimization, intensive fitness evaluation has become a major 
bottleneck restricting the application of EGP. Therefore, how to reduce the expensive simulation cost 
while retaining the performance advantage of EGP remains a key issue for further research. 

2.3. Surrogate-assisted GPHH 

Prior to this, most researchers focused on improving GPHH so that the automatically generated 
dispatching rules would perform better. For example, Huang et al. [42] proposed a multi-task linear 
genetic programming (LGP) method that transfers knowledge through multi-output individuals, that 
is, individuals shared across tasks, to improve population performance. 

In GPHH, the fitness of a candidate dispatching rule is usually obtained by discrete-event 
simulation. This evaluation can reflect the actual scheduling performance of a rule in the target shop, 
but the evolutionary process contains a large number of candidate rules and, therefore, requires many 
repeated simulations, which leads to a high computational cost. This cost is especially high in MODJSS, 
where random job arrivals and machine breakdowns mean that a single rule usually has to be evaluated 
in multiple dynamic scenarios; for EGP, each ensemble individual further contains multiple member 
rules, which increases the cost of one simulation. Introducing a surrogate model to reduce expensive 
real simulations has therefore become an important direction for improving the computational 
efficiency of GPHH. 

At present, surrogate-assisted evaluation methods fall into two types. The first type improves 
evaluation efficiency by appropriately simplifying the simulation scenarios. For example, Mei et al. [43] 
developed a GPHH framework based on niche search to extract DRs and employed a surrogate model 
to evaluate the fitness of DRs to reduce the complexity of fitness evaluation. Experimental verification 
demonstrated that this method reduced the evaluation time by 10%. Zhou et al. [44] proposed a 
surrogate-assisted coevolutionary genetic programming method (CCGP-SM). This method introduces 
the HalfShop simplified simulation model proposed by Nguyen et al. [45] as a surrogate, and 
accelerates evaluation by reducing the number of machines and jobs. In evolution, the surrogate model 
is used to screen the intermediate population quickly, and only the best individuals of each generation 
receive high-accuracy real evaluation. Zhang et al. [15] proposed a genetic programming method 
(M³GP²) based on collaborative multi-fidelity surrogate models. In this method, several simplified 
simulation models with different fidelities are designed as surrogates, the population is divided into a 
corresponding number of subpopulations for parallel evolution, and knowledge is transferred among 
subpopulations through a subtree-based crossover mechanism. 

The second type of surrogate-assisted method does not rely on a simplified model but estimates 
fitness through similarity among individuals. For example, Hildebrandt and Branke [46] introduced 
individual phenotypic characterization to encode the behavior of dispatching rules in typical decision 
situations as decision vectors and then used k-nearest neighbor (KNN) regression to predict fitness. 
The core idea of this method is that rules with similar behavior often have similar performance, so the 
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fitness of new individuals can be estimated from historical samples, and a full simulation can be 
avoided. However, the prediction accuracy of KNN is highly dependent on the construction of the 
feature space and on sample coverage. How to design more discriminative phenotypic features is still 
a problem worthy of further study. On this basis, Nguyen et al. [47] proposed a people-centric 
evolutionary system (PES), which combines phenotypic features with topology learning and uses 
improved growing neural gas (mGNG) to model historical search data incrementally and capture the 
distribution of heuristic rules in the search space. Unlike static KNN prediction, the adaptive surrogate 
constructed by PES introduces three dynamic factors—diversity control, expansion control, and user 
preference—and adjusts the estimated fitness according to the neighborhood density of the new 
individual in the topology network, the program size, and the proximity to a user-selected region, 
thereby guiding the search while making predictions. 

However, PES and the KNN surrogate on which it depends mainly use the current generation as 
the sample library. In dynamic scheduling, training instances rotate with generations, so the fitness 
values of individuals from different generations are not comparable, and historical data cannot be used 
effectively. In view of this limitation, Zhang et al. [48] proposed a surrogate model based on instance 
rotation. Its core innovation is a fitness-mapping strategy: the common individuals retained by elite 
selection and reproduction between two adjacent generations are used to learn a linear mapping from 
the previous generation to the current generation, and historical fitness values are converted into the 
current comparable space. The surrogate can therefore fuse samples from multiple generations and 
substantially enlarge the KNN reference library. Experiments show that this strategy improves the 
accuracy of fitness estimation and enables genetic programming to screen promising individuals more 
accurately from large offspring sets and to learn better dispatching rules. 

Although existing surrogate-assisted methods have made substantial progress in improving the 
evolutionary efficiency of conventional GPHH, most of them focus on a single DR. In the context of 
EGP, dispatching decisions are made jointly by single individuals and ensemble individuals. Existing 
surrogate frameworks therefore face a sharp increase in the dimensionality and complexity of 
phenotypic features, and the tension between evaluation cost and prediction accuracy becomes more 
severe. Furthermore, surrogate predictions inevitably contain errors. In multi-objective evolution, such 
errors may not only affect the fitness estimate of a single individual but also change the non-dominated 
relations and Pareto ranking among candidates. If a large number of candidates rely entirely on 
surrogate predictions, the errors may accumulate across generations and affect the search direction. 
For EGP, it is therefore not sufficient to build a surrogate that can predict ensemble performance; a 
coordinated mechanism of surrogate prediction, real-simulation screening, and error control is also 
needed, so that low-cost prediction and high-accuracy real evaluation can work together. 

In summary, existing surrogate-assisted studies have made good progress in reducing the simulation 
cost of GPHH, but three main gaps remain. First, existing methods mainly target a single DR and pay 
insufficient attention to ensemble individuals composed of multiple cooperating DRs. Second, existing 
phenotypic features mainly describe the behavior of a single rule and can hardly characterize, at the same 
time, the behavioral differences, diversity, and decision conflict among ensemble members. Third, 
existing surrogate-assisted evaluation mechanisms have not fully solved unified evaluation in an 
individual–ensemble hybrid population or the control of surrogate prediction error. 

Therefore, how to provide sufficient prediction accuracy while minimizing the loss of ensemble 
gain is the problem that this paper aims to solve. At present, there is no mature surrogate mechanism 
that can provide accurate and low-cost performance estimation for ensemble individuals, which have 
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a more complex structure and a higher computational cost. In response to this research gap, this paper 
proposes a surrogate-assisted evaluation framework designed specifically for EGP, in order to improve 
its computational efficiency and performance. 

3. Problem description 

3.1. Assumptions and symbolic descriptions 

In the JSS, a batch of jobs 𝐽 = {𝐽ଵ, 𝐽ଶ, . . . , 𝐽௡} is to be processed on a set of m machines 𝑀 ={𝑀ଵ,𝑀ଶ, . . . ,𝑀௠} . Unlike the classical JSS, this study considers two dynamic factors: machine 
breakdowns and random job arrivals. The scheduling objective is to minimize the makespan and the 
total energy consumption by arranging the processing sequence of jobs. 

The makespan (𝐶௠௔௫), as the most frequently adopted scheduling objective in current job shop 
scheduling, can most intuitively reflect the efficiency of the current schedule by calculating the 
completion time of the last operation of the last job. It is also the most intuitive indicator of an 
enterprise’s processing capacity. 

Table 1. Notations and variables. 

Symbol Meaning 𝐽 Set of jobs, 𝐽 = {1,2,⋯ ,𝑛} 𝑀 Set of machines, 𝑀 = {1,  2,⋯ ,𝑚} 𝑖, 𝑙 Index of machines 𝑗, 𝑘 Index of jobs ℎ Index of operations ℎ௝ Total number of operations of job 𝑗 𝑂௝௛௜ The h-th process of job 𝑗 processed on machine 𝑖 𝐶௝ The total completion time of job 𝑗 𝑃௜௝௛ The processing time of the h-th operation of job 𝑗 on machine 𝑖 𝑆௝௛ The start time of the h-th process for job 𝑗 𝐶௝௛ The completion time of the h-th process for job 𝑗 𝐿 A positive number 𝑑௝ Due date of job 𝑗 𝑟௝ The arrival time of job 𝑗 𝑅௜ The maintenance/recovery time after a breakdown of machine 𝑖 𝑥௝௛௜௧ 1 if operation h of job j is processed on machine i at time t; otherwise, 0 𝑧௜௧ 1 if machine i breaks down at time t; otherwise, 0 

This paper takes total energy consumption as the second objective. The focus is the energy-use 
efficiency of the manufacturing system at the operational level, rather than a direct thermodynamic 
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model of irreversibility in processing. In the dynamic job shop studied here, the dispatching decision 
determines not only the job sequence but also the processing duration, operating speed, idle time, and 
the recovery process after a breakdown. The same set of jobs may therefore produce substantially 
different energy consumption under different dispatching rules. 

To solve this multi-objective problem, a Pareto optimality-based approach is adopted to find a set 
of non-dominated solutions that satisfy the two optimization objectives. The symbol descriptions are 
presented in Table 1. The assumptions of this problem are as follows: 

(1) A job can only be processed on one machine at a time, and one machine can only process one 
job at a time. 

(2) Each machine is available at time zero, and there is an unlimited buffer between machines. 
(3) This study does not consider operation setup time or transportation time. 
(4) The machine breakdown rate follows an exponential distribution, the job arrival time follows 

a Poisson distribution, and the machine maintenance time follows a uniform distribution. 
(5) During the simulation process, machine breakdowns are generated randomly and transmitted 

to the mathematical model in the form of real-time data, which is denoted by z௜௧. For a given machine 𝑖, if it fails at time 𝑡, then z௜௧ = 1; otherwise, z௜௧ = 0. 
(6) When the same operation of the same job is being processed, the machine can encounter at 

most one breakdown. 
(7) During breakdown maintenance, the machine is charged at idle power. 
(8) Each machine has equal startup and shutdown power, as well as equal startup and shutdown time. 

3.2. Mathematical model 

The mathematical model for energy-saving scheduling in a dynamic job shop, considering 
machine breakdowns and random arrival of jobs, is established as follows: 

 𝑀𝑖𝑛ሺ𝐶௠௔௫ ,𝐸௧௢௧௔௟ሻ  (1) 

 𝐶௠௔௫ = 𝑀𝑎𝑥ଵஸ௝ஸ௡൫𝐶௝൯ (2) 

 𝐸௧௢௧௔௟ = 𝑅𝐸𝑐 + 𝑃𝐸𝑐 + 𝐼𝐸𝑐 (3) 

where REc, PEc, and IEc represent ready energy consumption, processing energy consumption, and 
idle energy consumption, respectively. 

(1) Ready energy consumption (REc): Refers to the energy used to start up the equipment before 
processing and to shut it down after processing, which can be expressed as: 

𝑅𝐸𝑐 = ෍𝑃୧௦௘௧௨௣𝑡௜௦௘௧௨௣ × 𝛼୧௠
୧ୀଵ  (4) 

where 𝑃୧௦௘௧௨௣  denotes the start-up/shut-down power of the machine, 𝑡௜௦௘௧௨௣  denotes the start-up / 
shut-down time, and 𝛼୧ denotes the number of start-up / shut-down operations. 

(2) Processing energy consumption (PEc): Refers to the energy consumption during the 
processing of jobs, which can be expressed as: 
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𝑃𝐸𝑐  =   ෍ ෍ ෍ 𝑃௜௤௣௥௢  ×  𝑡௜௝௛௣௥௢௪
௛ ୀ ଵ

௡
௝ ୀ ଵ

௠
௜ ୀ ଵ  (5) 

where 𝑃௜௤௣௥௢   and  𝑡௜௝௛௣௥௢  represent the power of machine 𝑖  during processing and the time for 
machine 𝑖 to process the kth operation of job 𝑗, respectively. 

(3) Idle energy consumption (IEc): Refers to the energy consumption of processing equipment 
when it is waiting for processing, which can be expressed as: 

𝐼𝐸𝑐 = ෍𝑃௜௜ௗ௟௘ × 𝑡௜௜ௗ௟௘௠
௜ୀଵ  (6) 

where 𝑃௜௜ௗ௟௘ and 𝑡௜௜ௗ௟௘ represent the power and time when the machine is idle, respectively. 𝑆௝௛ +  𝑡௜௝௛௣௥௢ + 𝑅௜ × 𝑧௜ைೕ೓ − L൫1 − 𝑥௜௝௛൯ ≤ 𝐶௝௛ (7) 

𝐶௝௛ ≤ 𝑆௝ሺ௛ାଵሻ (8) 

𝐶௝௛ೕ ≤ 𝐶ெ௔௫ (9) 

𝑆௝௛ ≥ 𝑟௝ (10) 

෍෍𝑥௝௛௜௧௛ೕ
௛ୀଵ

௡
௝ୀଵ ≤ 1 (11) 

𝑠௝௛ ≥ 0, 𝑐௝௛ ≥ 0 (12) 

෍𝑧௜௧௠
௜ୀଵ ≤ 1 (13) 

Formula (1) represents the objective function; formula (2) is the completion time; formula (3) 
calculates the total energy consumption of the machine; formula (4) calculates the setup energy 
consumption; formula (5) calculates the processing energy consumption; formula (6) calculates the 
idle energy consumption; formulas (7) and (8) are the operation-sequence constraints of each job, that 
is, the start time of an operation plus its processing time is less than the completion time of that 
operation, and the completion time of an operation is less than the start time of the next operation of 
the same job; formula (9) states that the completion time of each job cannot exceed the makespan; 
formula (10) states that the first operation of a job can start only after the job has arrived; formula (11) 
states that a machine can process only one operation at a time; formula (12) requires all decision 
variables to be non-negative; and formula (13) states that an operation can encounter at most one 
breakdown during processing. 
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4. Methodology 

4.1. Framework 

This study aims to solve the multi-objective dynamic job shop scheduling problem considering 
random job arrivals and machine breakdowns. The optimization objectives are to minimize the 
makespan and total energy consumption. Due to the high computational cost associated with evaluating 
candidate dispatching rules via discrete-event simulation—particularly in dynamic environments—an 
efficient and reliable evolutionary search framework is required. Figure 2 shows the overall framework 
of the algorithm. The specific process is as follows: 

 

Figure 2. SA-EGP framework. 
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5. Once an ensemble individual is constructed, it no longer undergoes fitness evaluation using the 
traditional simulation method. Instead, it is incorporated into the evolutionary process together with 
single individuals and processed by the surrogate-assisted evaluation module. Specifically, for each 
ensemble individual, first, a structure-aware feature vector is built based on the behavioral responses 
of its member rules, and a complete representation is formed by combining diversity and decision 
conflict information; then, the trained surrogate model is used to predict its multi-objective 
performance. All candidate solutions are subjected to non-dominated sorting based on the predicted 
results. According to the sorting results, a subset of promising individuals is selected for real simulation 
evaluation, while the remaining individuals retain their predicted values to participate in the 
subsequent selection process. This approach effectively reduces computational costs while preserving 
evaluation accuracy. 

6. Offspring for the ensemble population are generated using a new genetic operator. Unlike the 
traditional approach that only produces offspring through crossover and mutation between individuals, 
this operator supports three possible combination modes: individual–individual, individual–ensemble, 
and ensemble–ensemble, aiming to achieve a more diverse population. 

7. The newly generated individuals and ensemble individuals are sorted and selected. 
Subsequently, the fitness of the new individuals is evaluated using a hybrid strategy that partially uses 
surrogates and partially uses real simulation. All results obtained from real simulation evaluations are 
used to periodically retrain the surrogate model. 

8. The parent population is then updated by adding the most promising ensemble individuals and 
single individuals from the offspring. Meanwhile, the mechanism described in step 1 is used to remove 
similar individuals. If a large number of duplicates occur, the offspring batch with a lower proportion 
of duplicates is retained to maintain population diversity. 

4.2. Individual and ensemble hybrid population 

To enhance the population’s performance in this dynamic multi-objective job shop context, we 
draw on the ensemble population method of Xu et al. [18], which has been proven to achieve stronger 
robustness and superior performance under dynamic and multi-scenario conditions. 

The initial population is constructed using the ramped half-and-half method, yielding 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 = {𝑖𝑛𝑑ଵ, 𝑖𝑛𝑑ଶ. . . , 𝑖𝑛𝑑௡} , where 𝑁  represents the population size. Subsequently, 
ensemble individuals 𝐸 = {𝑒௡ାଵ, … , 𝑒ே}  are constructed by selecting diverse and complementary 
individuals from the evaluated population. Specifically, the selection of ensemble members considers 
both Pareto dominance and differences in objective preferences. Individuals with higher non-
dominated ranks are selected first to ensure good overall scheduling performance. Under the same 
non-dominated rank, crowding distance is used to preferentially retain individuals located in different 
regions of the Pareto front, thereby avoiding excessive concentration of ensemble members in similar 
objective-trade-off regions. 

To further increase the diversity of the initial population, this paper introduces a semantic 
deduplication strategy. Specifically, a single scenario is configured to quickly evaluate and record the 
dispatch event sequence (including machine, job, operation, queue length, etc.), and the increment of 
the sequence is computed as the semantic fingerprint. The deduplication process consists of two levels: 
an expression string is used to rapidly eliminate individuals with identical structures, and semantic 
fingerprints are further employed to remove duplicate individuals. The eliminated individuals are 
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replaced by newly generated random individuals to maintain a stable population size produced by the 
genetic operators. 

At the same time, we incorporate the new genetic operator proposed by Xu et al. [18] to enhance 
population diversity. The crossover and mutation operators are designed to handle both single 
individuals and ensemble individuals and support individual–individual, individual–ensemble, and 
ensemble–ensemble crossover modes, as well as two mutation modes, as illustrated in Figures 3–7. It 
is worth noting that the mutation operator always generates a single individual, which is then used to 
reform a diverse ensemble according to our construction strategy, thereby maintaining a stable 
proportion between single individuals and ensemble individuals. 

 

Figure 3. Individual–individual crossover. 

 

Figure 4. Individual–ensemble crossover. 
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Figure 5. Ensemble–ensemble crossover. 

 

Figure 6. Individual–individual mutation. 

 

Figure 7. Ensemble–ensemble mutation. 
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4.3. Surrogate-assisted evaluation module 

In the framework of genetic programming hyper-heuristics (GPHH), the fitness of dispatching 
rules is typically evaluated using discrete event simulation. This computational cost becomes 
particularly high when dealing with more complex ensemble individuals, because each decision point 
requires invoking multiple member rules. 

Consequently, this cost has become the main bottleneck restricting algorithmic efficiency. Note 
that the surrogate is not intended to completely replace simulation-based evaluation; rather, it serves 
as an auxiliary estimator to accelerate evolutionary search while maintaining solution reliability. 

To address this issue, this paper proposes a surrogate-assisted fitness evaluation module with 
uncertainty awareness, which significantly reduces computational cost while preserving evaluation 
accuracy. It is worth noting that the surrogate-assisted estimator is not intended to completely replace 
simulation-based evaluation. Instead, it serves as an auxiliary estimator to accelerate the evolutionary 
search while maintaining the reliability of the solutions. 

4.3.1. Real fitness evaluation based on simulation 

The true performance of candidate dispatching rules (whether a single individual or an ensemble) 
is still assessed via discrete event simulation. The simulation process begins by initializing the system 
clock and generating an event list, which includes job release, process arrival, and machining events. 
Events are then executed sequentially in time order. When a “machine selection” decision point is 
triggered, the current scheduling rule is invoked to prioritize the candidate operation set, thereby 
determining the next operation to process. 

For a single individual, it directly outputs the priority value of each candidate operation. For an 
ensemble individual, however, the outputs from multiple dispatching rules must be combined. This 
paper employs a dynamic weighted voting mechanism to fuse the scores of candidate operations, as 
detailed in Section 4.3.2. 

Although simulation-based evaluation yields accurate fitness measures for individuals, its high 
computational cost restricts its use to the precise assessment of only key individuals. 

4.3.2. Surrogate model construction 

Since dispatching rules themselves are encoded as syntax trees, the syntactic differences in tree 
structures cannot be directly used as numerical inputs to a surrogate model. Therefore, this paper 
adopts the idea of DR phenotypic representation proposed in [46], where a rule is characterized by its 
behavioral responses in a set of typical decision scenarios. 

Specifically, the construction of the phenotypic representation takes the dispatching decision of 
“an idle machine selecting an operation from the queue” as the basic unit. For each decision scenario, 
there are several candidate operations in the queue; the rule assigns a priority value to each candidate 
and induces an ordering. To make the ordering results comparable across different scenarios, the 
phenotypic representation introduces the shortest processing time (SPT) as the baseline priority rule to 
generate a reference ordering, thereby producing a fixed-dimensional feature vector 𝜙(𝑥). Finally, the 
surrogate objective vector is obtained as 𝑓መଵ(𝑥) = [𝐶(𝜙(𝑥)),𝐸(𝜙(𝑥))]. 

It is worth noting that the surrogate model is designed to estimate the expected performance of a 
rule across multiple random instances, rather than the outcome of a single simulation run. Therefore, 



5482 

Journal of Industrial and Management Optimization                           Volume 22, Issue 10, 5466–5506. 

the surrogate model primarily supports the relative comparison of candidate solutions during the 
evolutionary selection process, while the final evaluation of solutions remains based on simulation. 

For ensemble individuals, an ensemble individual consists of multiple dispatching rules, and its 
scheduling decisions depend on the synergy among its member rules. Consequently, simply aggregating 
the individual features of the members makes it difficult to accurately characterize the overall behavior 
of the ensemble. To address this issue, this paper constructs a structure-aware feature representation 
method for ensemble individuals. For an ensemble 𝐸 = {𝑥ଵ, 𝑥ଶ, . . . , 𝑥௡}, on the basis of extracting the 
individual features 𝜙(𝑥௜) of each member, an ensemble feature vector Φ௕௔௦௘(𝐸) is constructed. 

The phenotypic features are constructed by aggregating the decision vectors of the constituent 
individuals. Specifically, the decision vectors are combined using the dynamic weighted voting 
mechanism adopted during the simulation process [49]. During simulation scheduling, each member 
rule first recommends a candidate operation according to its own priority function. Its voting weight 
is jointly adjusted by a base weight, the current decision confidence, and a scheduling-progress factor. 
If the recommendation of a member rule is consistent with the final ensemble choice, its base weight 
is appropriately increased; otherwise, the base weight is decayed. Subsequently, the phenotypic vectors 
of the member rules are weighted and aggregated according to the normalized member weights, 
thereby obtaining a unified feature vector that represents the collective decision-making behavior of 
the ensemble individual.  

Furthermore, in addition to the behavioral features of the ensemble, this study introduces 
structural supplementary features, including the diversity among individuals 𝐷(𝐸) and the degree of 
decision conflict 𝐻(𝐸) . This representation also establishes an important distinction between 
surrogate modeling for single individuals and for ensembles. For a single dispatching rule, the 
surrogate prediction mainly depends on its behavioral responses in predefined decision scenarios. In 
contrast, the ensemble representation additionally incorporates member diversity and decision conflict, 
providing information about the interactions among the constituent rules. Therefore, the surrogate 
model must not only learn the mapping from behavioral features to scheduling performance but also 
distinguish the effects of rule interactions within an ensemble. The formulas for 𝐷(𝐸), 𝐻(𝐸), and 
Φ(𝐸) are given as follows: 𝐷(𝐸) = 2𝑘(𝑘 − 1)෍ฮ𝜙(𝑥௜) − 𝜙(𝑥௝)ฮଶ௜ழ௝  (14) 

𝐻(𝐸) = 1𝑇෍𝜎௧்
௧ୀଵ  (15) 

𝜎௧ = ඩ1𝑘෍(𝑟௜,௧ − 𝑟̅௧)ଶ௞
௜ୀଵ  (16) 

where 𝑇 is the total number of decisions, 𝑘 is the number of ensemble members, and 𝜎௧ denotes 
the standard deviation of the member performance ranks in decision scenario 𝑡 . 𝑟௜,௧  denotes the 
performance rank of members 𝑖 in decision scenario 𝑡, and 𝑟̅௧ denotes the mean performance rank 
of the members in decision scenario 𝑡. Finally, the feature vector of the ensemble is constructed as 
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Φ(𝐸) = [Φ௕௔௦௘(𝐸),𝐷(𝐸),𝐻(𝐸)]. The specific surrogate framework for prediction based on feature 
vectors is shown in Figure 8. 

 

Figure 8. Unified feature representation for individual and ensemble dispatching rules. 
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subsequent evolutionary process. The evaluation ratio p is dynamically adjusted with the generation 
number: it remains high in the early stages of evolution to enhance search capability and gradually 
decreases in later stages to improve computational efficiency. The specific formulas for calculating the 
evaluation ratio are as follows: 

Algorithm 1: Surrogate-assisted Fitness Evaluation 
Input: Population 𝑈; Archive 𝐻 = {Φ(𝑥), 𝑓(𝑥)}; Surrogate models M; 

         Evaluation ratio 𝑝(𝑡). 
Output: Estimated fitness 𝐹௘௦௧. 

1 if |𝐻| < 𝐻௠௜௡ then 
2  for each 𝑥 ∈ 𝑈 do 
3   Compute true fitness: 
4     𝑓(𝑥) = ൫𝐶௠௔௫(𝑥),𝐸(𝑥)൯ 
5   Extract feature vector 𝛷(𝑥): 
6     𝐻 ← 𝐻 ∪ {(𝛷(𝑥),𝑓(𝑥))} 
7  end 
8  Train 𝑀ଵ, and 𝑀ଶ on 𝐻 
9  Return 𝐹௘௦௧ = 𝑓(𝑥) 
10 end 
11 //Surrogate prediction 
12 for each 𝑥 ∈ 𝑈 do 
13  Extract feature vector 𝛷(𝑥) 
14  Predict objectives: 
15    Ĉ௠௔௫(𝑥) = 𝑀₁(𝛷(𝑥)) 
16    Ê(𝑥) = 𝑀₂(𝛷(𝑥)) 
17  Set predicted fitness: 
18    𝑓መ(𝑥) = (Ĉ௠௔௫(𝑥), Ê(𝑥)) 
19 end 
20 //Ranking based on predicted fitness 
21 Compute non-dominated sorting: 
22   𝑅𝑎𝑛𝑘(𝑥)  =  𝑅(𝑓መ(𝑥)) 
23 Compute crowding distance: 
24   𝐶𝐷(𝑥) = 𝐶(𝑓መ(𝑥)) 
25 Determine evaluation ratio 𝑝 = 𝑝(𝑡) 
26 𝑁 ← |𝑈| 
27 Select top 𝑝 × 𝑁 solutions based on (𝑅𝑎𝑛𝑘,𝐶𝐷), denoted as 𝑆௘௩௔௟ 
28 for each 𝑥 ∈ 𝑆_𝑒𝑣𝑎𝑙 do 
29  Compute true fitness 𝑓(𝑥) 
30  Replace 𝑓መ(𝑥) ← 𝑓(𝑥) 
31  𝐻 ← 𝐻 ∪ {(𝛷(𝑥),𝑓(𝑥))} 
32 end 
33 Retrain 𝑀₁, 𝑀₂ using 𝐻 periodically 
34 Return 𝐹௘௦௧ = 𝑓(𝑥) ∪ 𝑓መ(𝑥) 
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𝑡 = 𝑔𝐺 (17) 

𝑝௣௥௢௚௥௘௦௦ = 𝑝௠௜௡ + (𝑝௠௔௫ − 𝑝௠௜௡)𝑡ଶ (18) 

𝑝௔௖௖௨௥௔௖௬ = 𝑝௠௜௡ + (𝑝௠௔௫ − 𝑝௠௜௡)𝑚𝑎𝑥൫0, 𝜌̅௚൯ (19) 

𝑝̅௚ = 𝛽𝜌௚ + (1 − 𝛽)𝜌̅௚ିଵ (20) 𝑝௚ = 𝛼𝑝௣௥௢௚௥௘௦௦ + (1 − 𝛼)𝑝௔௖௖௨௥௔௖௬ (21) 

Here, 𝑔  denotes the current generation, G denotes the total number of iterations, 𝑝௣௥௢௚௥௘௦௦ 
represents the surrogate evaluation ratio determined by evolutionary progress, 𝑝௔௖௖௨௥௔௖௬ represents 
the surrogate evaluation ratio determined by the ranking prediction ability of the surrogate model, 𝛼 
denotes the trade-off coefficient between the evolutionary-progress factor and the surrogate-ranking-
consistency factor, 𝛽 denotes the exponential moving average (EMA) smoothing coefficient, and 𝜌௚ 
denotes the Spearman rank correlation coefficient between the surrogate model’s predicted values and 
the true evaluation values in the g-th generation. 𝜌̅௚ denotes the smoothed value of the surrogate 
ranking in the g-th generation. 𝑝௠௜௡ and 𝑝௠௔௫ denote the lower and upper bounds of the surrogate 
evaluation ratio, respectively. 𝑝௚ denotes the surrogate evaluation ratio actually adopted in the g-th 
generation. The preset parameters are given in Table 2. 

Table 2. Dynamic evaluation parameters. 

Symbol Parameter setting 𝑝௠௜௡ 0.2 𝑝௠௔௫ 0.85 𝛼 0.5 𝛽 0.3 𝑔ሶ  5 𝐻௠௜௡ 50 

Table 3. Sensitivity of SA-EGP to the fusion weight 𝛼 and the surrogate retrain interval 𝑔ሶ . 
Parameter HV IGD Real evaluations 𝛼 = 0.25 0.972 ± 0.013 0.017 ± 0.010 8355 𝛼 = 0.5 0.973 ± 0.011 0.013 ± 0.004 8278 𝛼 = 0.75 0.967 ± 0.023 0.016 ± 0.014 7978 𝑔ሶ = 5 0.972 ± 0.011 0.012 ± 0.003 8278 𝑔ሶ = 10 0.968 ± 0.012 0.014 ± 0.005 8475 𝑔ሶ = 20 0.969 ± 0.014 0.022 ± 0.023 8554 
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We also tested two key parameters, 𝛼 and 𝑔ሶ . The results show that when 𝛼 is set to 0.25, 0.5, 
and 0.75, no significant difference is observed. Therefore, we select 0.5, which performs relatively 
better in the average results of 10 repeated experiments, as the default value; similarly, the default 
value of 𝑔 is set to 5. Parameter sensitivity data are given in Table 3. 

5. Experimental design 

In this chapter, we provide a detailed description of the settings for subsequent experiments. First, 
we introduce the parameter configuration of DJSS, followed by the terminal set and function set of the 
GP designed in this paper. Second, we introduce the types of comparative models. Finally, we present 
the evaluation metrics for the bi-level surrogate model algorithm used in this paper, namely the 
hypervolume metric and the inverted generational distance. 

(1) For the workshop parameters, we adopted the commonly used workshop parameter 
configuration of the surrogate model [14]. A total of 2500 jobs are processed on 10 machines, with the 
first 500 jobs serving as warm-up jobs and not included in the calculation. The number of operations 
for each job is uniformly sampled within a given interval (such as 2–10 processes), and the standard 
processing time for each operation follows a uniform distribution [1,49]. 

The machine breakdown rate follows an exponential distribution, while the machine maintenance 
time follows a uniform distribution. These machines are located at fixed positions in the workshop, 
and transportation time is ignored. 

The arrival process of jobs follows a Poisson process, with its arrival rate jointly determined by 
the expected utilization rate of the system, average processing time, average number of processes, and 
number of machines [50]. It satisfies: 𝑏 = 1𝜆 = 𝜇௣𝜇௚𝑈𝑚  (22) 

In the formula, 𝜆 represents the average arrival rate of jobs (i.e., the number of new jobs arriving 
at the workshop per unit time), which depends on the average processing time of jobs 𝜇௣, the average 
number of operations for jobs 𝜇௚, the system utilization rate 𝑈, and the number of machines 𝑚 in 
the workshop. 

In the simulation, utilization rate is an important factor reflecting the busyness of the job shop. 
A higher utilization rate indicates that the machines are busier. In this work, we consider two 
different levels of utilization rates (0.80 and 0.90). The parameters of the job shop model are shown 
in Table 4. 

Table 4. Model parameters. 

Parameter Value 
Machine 10 
Job 2500 
Operation [2, 10] uniform distribution 
Processing time [1, 49] uniform distribution 
Utilization rate (0.80, 0.90) 
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(2) GP parameters 
In this study, the commonly used terminal and function sets in GP algorithms are adopted, and 

terminal sets related to machine breakdowns and energy consumption are designed according to the 
DJSS, as shown in Table 5. 

Table 5. Terminal set and function set. 

Symbol Description 
PT The processing time of the current operation for the job 
RPT The total processing time for all remaining processes of the job 
RO Number of remaining processes for the job 
AT Job arrival time 
WT The waiting time for the current process of this job 
IDLE Current machine idle time 
MTTR Average repair time of all completed breakdowns of the current machine up to 

the current moment 
MQL Current machine queue length 
MWL Current machine workload = remaining setup time + remaining processing time 
PE Cumulative processing energy consumption of the current machine 
IE Cumulative idle energy consumption of the current machine 
CMF Cumulative number of breakdowns of the current machine 
ADD Addition 
SUB Subtraction 
MUL Multiplication 
DIV Division 
MAX Maximum 
MIN Minimum 
IFTE Logical operators 

In the experiments, the ramped half‑and‑half method is used to generate 200 individuals, as the 
initial population. The maximum number of generations is set to 50, and the crossover and mutation 
rates are set to 90% and 10%, respectively. Meanwhile, the size of the offspring population generated 
is set to 200. The remaining parameters can be found in Table 6. 

Table 6. Population parameter. 

Parameter Value 
Iteration count 50 
Population size 200 
Initial population Ramped half-and-half (depth 2–6) 
Selection Non-dominated sorting 
Crossover 0.9 
Maximum depth of crossover 17 
Mutation rate 0.1 
Maximum mutation depth 7 
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(3) Surrogate-assisted model 
To verify the superiority of the surrogate model adopted in this paper, seven common machine 

learning models are selected for comparison: linear regression (LR), decision tree (DT), random forest 
(RF), gradient boosting (GB), support vector machine (SVM), K-nearest neighbors (KNN), and 
multilayer perceptron (MLP). 

The above machine learning models are implemented using the scikit-learn library in Python [51]. 
It is worth noting that the purpose of this paper is to find a surrogate model suitable for EGP, rather 
than to perform additional parameter tuning for each model. The MLP is implemented in PyTorch, and 
its specific parameters are listed in Table 7. 

Table 7. MLP parameters. 

Parameter Setting 
Training epochs 150 (stop if no improvement for 15 consecutive epochs) 
Optimizer Adam 
Learning rate 0.001 
Weight decay 0.01 
Dropout rate 0.4 
Batch size  64 
Input layer size 32 
Output layer size 1 
Hidden layer sizes 64 and 32 (two layers) 

(4) Algorithm evaluation metrics 
To evaluate the performance of the algorithm, this study adopts the most widely used metric in 

multi‑objective optimization, namely the hypervolume (HV) indicator, which measures algorithm 
performance by quantifying the objective space size occupied by the non‑dominated solutions. A larger 
HV indicates better algorithm performance (i.e., higher overall quality of the found solutions). The 
specific calculation formulas are given as follows: 

𝐻𝑉(𝑃,𝑈) = 𝑉𝑜𝑙𝑢𝑚𝑒ቌራෑ[𝑓௜(𝑝),𝑈௜]௠
௜ୀଵ௣∈௉ ቍ (23) 

where 𝑃 is the set of non-dominated solutions to be evaluated, and U is the reference point, set as 𝑈 = (1.1𝑚𝑎𝑥 𝐶௠௔௫ , 1.1𝑚𝑎𝑥 𝐸௧௢௧௔௟). 
Of course, HV alone does not fully reflect the performance of the algorithm. Therefore, to mitigate 

the possibility that some algorithms may have an undue advantage in terms of HV, the inverted 
generational distance (IGD) is also introduced as an evaluation metric. 𝐼𝐺𝐷(𝑃𝐹,𝑃𝐹∗) = 1|𝑃𝐹∗| ෍ min௫∈௉ி 𝑑(𝑥,𝑦)௬∈௉ி∗     (24)

where 𝑃𝐹 is the set of non-dominated solutions to be evaluated, 𝑃𝐹∗ is the reference Pareto front formed 
by the best non-dominated solutions obtained by all algorithms, |𝑃𝐹∗|  is the number of points in the 
reference front, and 𝑑(𝑥,𝑦) denotes the Euclidean distance between solution 𝑥 and reference point 𝑦: 



5489 

Journal of Industrial and Management Optimization                           Volume 22, Issue 10, 5466–5506. 

𝑑(𝑥,𝑦) = ඩ෍൫𝑓௜(𝑥) − 𝑓௜(𝑦)൯𝟐௠
௜ୀଵ     (25)

6. Experimental results 

(1) Ensemble size test analysis 
The impact of different ensemble sizes on the overall quality and convergence speed of the 

population is investigated by evaluating the algorithm performance under four different scenarios 
(ensemble sizes of 5, 10, 20, and 30) over 10 repeated independent runs. Of course, the total population 
size remains unchanged; when the ensemble size is increased from 5 to 10, the corresponding number 
of individuals in the population decreases by 5. 

  

  

Figure 9. Comparison of convergence performance for different ensemble numbers of HV 
and IGD under utilization rates of 0.8 and 0.9. 

As shown in Figure 9, for the two different utilization rates, an ensemble size of 10 achieves better 
performance under both utilization rates, followed by ensemble sizes of 20, 30, and 5. It is worth noting 
that when the ensemble size is 20, the IGD value under a utilization rate of 0.9 gradually surpasses that 
of the ensemble size of 10 after the 30th generation. However, compared with an ensemble size of 20, 
an ensemble size of 10 exhibits better convergence speed and performance in all other scenarios. 
Therefore, we set the ensemble size to 10 for further analysis in subsequent experiments. 
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(2) Surrogate model evaluation 
The accuracy of fitness prediction by the surrogate model directly determines the quality of the 

surrogate model. Different surrogate models, due to their distinct algorithmic mechanisms, may yield 
varying prediction accuracies. Therefore, to identify the most suitable surrogate model for fitness prediction, 
multiple machine learning models are compared, including LR, DT, RF, GB, SVM, KNN, and MLP. These 
models are trained using phenotypic feature vectors extracted from evaluated individuals. 

A total of 10 independent experiments were conducted in this study. A population consisting of 
200 individuals, including 10 ensemble individuals, was evolved for 50 generations, after which the 
100 best‑performing individuals were selected as the basis for evaluating model accuracy. Meanwhile, 
we observed that the change in fitness approaches a nearly linear trend in the later stages of evolution; 
therefore, simply using the fitness value as the sole criterion for model accuracy does not reflect true 
predictive performance. Consequently, the accuracy assessment in this experiment considers two 
aspects: the accuracy of fitness prediction and the difference between the ranking of individuals based 
on predicted fitness and that based on actual evaluated fitness. This dual‑aspect evaluation aims to 
reveal a more realistic picture of model prediction performance. The ranking-consistency indicator can 
further reflect the potential impact of surrogate prediction error on the evolutionary selection process, 
so that the model prediction can be evaluated in a more realistic manner. The specific calculation 
formula is as follows: 𝑁𝑅𝐷௜ = 1 − 2𝐷𝑁(𝑁 − 1) (26) 

Here, D represents the logarithm of individuals with inconsistent rankings, that is, the 
comprehensive ranking scores 𝑆௜, 𝑆መ௜ are calculated based on non-dominated solutions for the real 
target and the predicted target, respectively. The number of individuals with different scores for 𝑆௜ 
and 𝑆መ௜ is counted as 𝐷. 𝑁 is the number of individuals in the test set. The closer NRD is to 1, the 
more accurate the predicted ranking is. 𝐴𝐶𝐶௜ = 1 −෍ ∣ ห𝐶መ௜ − 𝐶௜ห𝑅஼ ∣ +∣ ห𝐸෠௜ − 𝐸௜ห𝑅ா ∣ே௜ୀଵ  (27) 

Here, 𝑅஼  and 𝑅ா  predict the range of two individual targets, 𝐶መ௜  and 𝐶௜  represent the 
predicted completion target value and the actual completion target value, respectively, and 𝐸෠௜ and 𝐸௜ 
represent the predicted energy consumption target value and the actual energy consumption target 
value, respectively. The closer ACC is to 1, the more accurate the predicted fitness is. 

  

Figure 10. Selection accuracy from 10 independent runs under two utilization rates (0.8 and 0.9). 
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Table 8. Prediction accuracy of different machine learning models at two different utilization rates. 

Utilization Model Mean Std Min Max 
0.8 SVM 0.618276558 0.012060572 0.601407049 0.635661656 
0.8 KNN 0.626923709 0.008474991 0.614876091 0.639224404 
0.8 RF 0.643562903 0.009352391 0.631821385 0.65849522 
0.8 GB 0.64142218 0.008625017 0.630990851 0.655184027 
0.8 DT 0.619647742 0.007638752 0.609898408 0.631948456 
0.8 LR 0.63509843 0.009986527 0.623906815 0.652827445 
0.8 MLP 0.642296257 0.009969911 0.629701182 0.65868541 
0.9 SVM 0.601787041 0.008348418 0.589221145 0.613254803 
0.9 KNN 0.621533434 0.014280317 0.608437122 0.657591397 
0.9 RF 0.635864312 0.005917602 0.627309334 0.644119203 
0.9 GB 0.636804888 0.008376176 0.625740744 0.65294436 
0.9 DT 0.612786614 0.012400694 0.596887476 0.644136222 
0.9 LR 0.629802787 0.01645718 0.613431197 0.672153877 
0.9 MLP 0.636266353 0.010474222 0.626178419 0.662024453 

As shown in Table 8 and Figure 10, the overall distribution indicates that the prediction accuracy 
of all models in both scenarios falls within the range of 0.5–0.7, suggesting that the constructed 
surrogate models can, to a certain extent, reflect the actual simulation evaluation results. 

Specifically, in terms of accuracy, both RF and GB demonstrate high performance. The inputs 
used in this study are not simple low-dimensional statistical features, but rather high-dimensional 
phenotypic features composed of behavioral responses to rules across 100 typical decision scenarios, 
where priority is given to scenarios such as machine breakdowns. Furthermore, the ensemble models 
incorporate structural information such as diversity and decision conflicts; consequently, the 
relationship between the objective function and the input features exhibits distinct nonlinearity, 
interactivity, and noise characteristics. Against this backdrop, tree-based ensemble models such as 
random forest and gradient boosting can effectively capture complex piecewise nonlinear relationships 
through the combination of multiple decision trees. They maintain strong adaptability to local patterns 
and variable interactions within high-dimensional features, while also exhibiting good robustness against 
simulation noise and sample perturbations; MLPs, leveraging their nonlinear mapping capabilities, can 
further uncover the complex functional relationships between phenotypic traits and scheduling 
performance, thereby maintaining strong competitiveness in terms of accuracy metrics. 

In contrast, models such as linear regression are constrained by the linearity assumption and 
struggle to capture the complex mapping between behavioral traits and true fitness; KNN is prone to 
distance degradation issues in high-dimensional spaces; SVM possesses nonlinear modeling 
capabilities, being more sensitive to parameter settings and changes in sample distribution; and DT, on 
the other hand, can learn nonlinearities but is susceptible to perturbations in the current training 
samples due to excessive variance. 

One of the objectives of this study is to identify a suitable surrogate model for this approach, 
which combines ensemble learning with genetic programming, so as to accelerate the fitness 
evaluation simulation process within an acceptable error margin. This implies that the surrogate model 
should not only predict simulation results but also minimize computational costs as a key consideration. 
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The total simulation evaluation time includes not only the actual time required to predict the 
fitness of the offspring but also the training time of the surrogate model. If a surrogate model has high 
prediction accuracy but incurs excessive training costs, its overall acceleration effect may be offset; 
therefore, a balance must be struck between prediction accuracy and computational cost when selecting 
a surrogate model. 

To verify this advantage, this paper uses seven different machine learning models—LR, DT, RF, 
GB, SVM, KNN, and MLP—with their real evaluated runtime as the baseline. We compare the total 
runtime ratios during the surrogate-assisted evaluation process under two different utilization rates, 
conducting 10 rounds of simulation experiments. 

  

Figure 11. Ratio of model execution times based on full evaluation at utilization rates of 0.8 and 0.9. 

Table 9. Ratio of complete evaluation time based on different models at different utilization rates. 

Utilization Model Mean Std Min Max 
0.8 SVM 0.427950772 0.02422 0.396883 0.475695062 
0.8 KNN 0.415891565 0.015169 0.402194 0.443712122 
0.8 RF 0.411796581 0.016861 0.39148 0.443673931 
0.8 GB 0.413285842 0.012171 0.398631 0.434519448 
0.8 DT 0.38490698 0.007803 0.374243 0.399389909 
0.8 LR 0.444722684 0.017242 0.422943 0.476881089 
0.8 MLP 0.422114123 0.014988 0.403509 0.44730236 
0.9 SVM 0.425259542 0.027586 0.391919 0.480655844 
0.9 KNN 0.420796343 0.02103 0.402132 0.463843855 
0.9 RF 0.426354936 0.042059 0.40131 0.539936438 
0.9 GB 0.420118449 0.026927 0.397065 0.487138578 
0.9 DT 0.382250087 0.01182 0.367675 0.401595266 
0.9 LR 0.425848421 0.03742 0.333069 0.475860809 
0.9 MLP 0.420862085 0.016546 0.399656 0.448045804 

As shown in Figure 11 and Table 9, from the overall results, there is a significant difference in 
computational efficiency between different surrogate models in the two scenarios; especially, as the 
simulation scale increases, the different surrogate models can save computational costs and 
significantly increase them. 
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The DT model showed the lowest running time, indicating that, due to its relatively simple 
structure and low computational complexity in training and prediction processes, it has high 
computational efficiency in the overall evaluation process. However, due to the limited fitting ability 
of linear models and single decision trees to complex nonlinear relationships, their prediction accuracy 
is relatively low; thus, certain limitations remain in proxy modeling tasks. 

In contrast, the running time of learning models such as KNN, RF, and GB is at a moderate level, 
indicating that these four models have achieved a certain balance between computational complexity 
and predictive ability, but their overall efficiency is still inferior to simpler structured models. However, 
LR, SVM, and MLP exhibit poor computational efficiency. 

From the comprehensive prediction accuracy experiment and running time experiment, it can be 
seen that there is a clear trade-off between the prediction ability and computational cost of different 
proxy models. In practical applications, a comprehensive balance needs to be struck between 
prediction accuracy and computational efficiency. Therefore, based on the experimental results of this 
article, we selected two performance models, GB and RF, which have good predictive performance 
and computational efficiency, for further analysis in subsequent experiments. They are referred to as 
EGPHH_GB and EGPHH_RF, respectively. 

(3) Ablation experiment 
To examine whether the proposed dynamic evaluation ratio allocates real simulations more 

effectively than a fixed ratio, we compare the dynamic evaluation mechanism with a fixed evaluation 
mechanism and observe the prediction accuracy of population individuals and the achieved real 
evaluation ratio in each generation. 

As shown in Figure 12 and Table 10, both fixed-ratio evaluation and dynamic evaluation can 
maintain usable surrogate prediction accuracy during evolution, indicating that, under both 
mechanisms, the GB surrogate can utilize the real evaluation samples continuously written into the 
training archive to learn the mapping between individual phenotypes and scheduling performance. 

Specifically, in the early stage of evolution, training samples are limited. With a fixed p = 0.5, 
only about half of the offspring undergo real evaluation in each generation, so the surrogate model sees 
relatively few new real labels, and its accuracy recovers slowly after a decline. In contrast, dynamic 
evaluation lowers the surrogate ratio in the early stage of population evolution, allowing more 
individuals to enter real simulation and the archive, thereby correcting the early mapping more quickly. 
In the middle and late stages, as the population structure becomes more similar, the surrogate ratio is 
gradually increased, so that the limited simulation budget is reserved for more informative individuals. 
Compared with a fixed evaluation ratio, the dynamic evaluation ratio can arrange the proportion of 
real simulation and surrogate evaluation more reasonably according to the evolutionary stage: a higher 
real-evaluation ratio is used in the early stage to accelerate archive updating, and a higher surrogate 
ratio is used in the later stage to save simulation. This dynamic evaluation strategy effectively changes 
the allocation of real evaluations and brings higher short-term accuracy in the early stage when the 
budget is tight. 

Furthermore, to demonstrate that our proposed multi‑dimensional feature vector 𝛷(𝐸) =[𝜙(𝐸),𝐷(𝐸),𝐻(𝐸)]  facilitates better training of the surrogate model compared with using 𝜙(𝐸) 
alone, we conducted comparative experiments by feeding these two types of feature representations 
separately into the surrogate model and observing the prediction accuracy for ensemble individuals in 
each generation of population evolution. 
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Figure 12. Variation of surrogate model accuracy with the number of generations under 
dynamic and fixed evaluation ratios (GB and RF, from left to right). 

Table 10. Final accuracy of the surrogate model under fixed and dynamic evaluation ratios. 

run GB_fixed GB_Dynamic RF_fixed RF_Dynamic 
1 0.600846395 0.622196719 0.63772543 0.668024 
2 0.610682642 0.631828329 0.663763427 0.641524 
3 0.623116182 0.619159483 0.691725711 0.521559 
4 0.600989974 0.608841282 0.526282211 0.694549 
5 0.59529766 0.606091889 0.580241075 0.537067 
6 0.6024232 0.599620924 0.570304186 0.69288 
7 0.598318023 0.62771435 0.550432483 0.725444 
8 0.590327025 0.611335368 0.565773672 0.610157 
9 0.605780214 0.61628098 0.604475205 0.611894 
10 0.605889339 0.610760195 0.593174343 0.640256 
mean 0.603367066 0.615382952 0.598389774 0.634336 

From Figure 13 and Table 11, it can be observed that both feature representations can gradually 
improve the prediction accuracy of the surrogate model, with the continuous accumulation of real 
evaluation samples. The overall prediction error shows a decreasing trend as evolution progresses, 
indicating that the surrogate model can progressively learn the mapping relationship between ensemble 
individuals and scheduling performance by continuously updating the training archive. However, 
compared with the phenotypic behavioral feature representation using only 𝜙(𝐸) , the 
multi‑dimensional feature representation 𝛷(𝐸)  proposed in this paper exhibits faster convergence 
speed and higher prediction stability throughout the entire evolutionary process. 

From the perspective of error variation trends, the surrogate model employing 𝛷(𝐸) can reach 
a lower prediction error more quickly in the early stage of evolution and maintains a relatively stable 
trend in subsequent iterations. In contrast, when only 𝜙(𝐸) is used, the model often requires more 
training samples to achieve a comparable accuracy and still exhibits noticeable fluctuations in the 
mid‑to‑late stages. This indicates that the structure‑aware representation proposed in this paper not 
only improves the prediction accuracy of the surrogate model for ensemble individuals but also 
enhances the stability and generalization ability of the model training process. 
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Figure 13. Accuracy variation curves of ensemble individuals under two feature 
representations (GB and RF, from left to right). 

Table 11. Prediction accuracy after 50 iterations between GB and RF models. 

run GB_base GB_enhance RF_base RF_enhance 
1 0.577918721 0.598497525 0.604089777 0.692966802 
2 0.613959525 0.708527157 0.605769007 0.608404346 
3 0.639453183 0.647489604 0.519806027 0.556345258 
4 0.612263861 0.583153758 0.561882211 0.661549407 
5 0.613154844 0.584628962 0.614408323 0.553731892 
6 0.623884648 0.531561466 0.557978124 0.56549269 
7 0.549189567 0.555779418 0.599272444 0.681998809 
8 0.499168269 0.59652007 0.619087016 0.578861034 
9 0.577167197 0.591772445 0.578550838 0.580154533 
10 0.635328102 0.609147821 0.659682224 0.569025987 
mean 0.594148792 0.600707823 0.5920526 0.60485308 

Specifically, in the early stage of evolution, due to the limited number of surrogate model training 
samples, the model using only 𝜙(𝐸) relies primarily on the average behavioral response of ensemble 
individuals for prediction. Although this can capture the decision‑making tendencies of the ensemble 
in typical scheduling scenarios to some extent, it fails to reflect the structural differences and 
collaborative relationships among the ensemble members. Consequently, the prediction error decreases 
at a relatively slow rate. After incorporating the diversity feature 𝐷(𝐸)  and the decision conflict 
feature 𝐻(𝐸) , the surrogate model obtains richer structural information, enabling it not only to 
perceive the behavioral output of the ensemble as a whole but also to further identify the degree of 
difference among member rules and the level of decision consistency, thereby improving the 
expressive power of ensemble scheduling behavior. 

In summary, compared with the feature representation based solely on behavioral responses, 𝛷(𝐸) , which integrates behavioral information, diversity information, and decision conflict 
information, can more comprehensively describe the structural and decision‑making characteristics of 
ensemble individuals. It provides a more discriminative input representation for the surrogate model, 
thus effectively enhancing its ability to predict the fitness of ensemble individuals. 
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(4) Algorithm performance testing 
To demonstrate the effectiveness of the proposed SA-EGP, we compared its performance with 

several representative scheduling methods through 10 repeated experiments, including standard GP, 
SA-GP_GB, SA-GP_RF[12], and EGP, as well as SA-EGP_GB and SA-EGP_RF. To ensure fairness 
among different algorithms, we adopted a different metric from the iteration count, namely the 
evaluation frequency metric. Since surrogate‑assisted algorithms incur lower simulation computational 
costs for the same number of iterations, the number of evaluations per algorithm under the same iteration 
may vary. Therefore, it is meaningful to use the evaluation frequency indicator to ensure fairness. 

  

Figure 14. Convergence curves of HV and IGD with respect to the number of evaluations 
under different algorithms. 

In Figure 14, the convergence of the six different algorithms over 20,000 evaluations is presented. 
First, it is clear that SA‑EGP_GB and SA‑EGP_RF, which incorporate surrogate models, exhibit faster 
convergence than EGP. At around 2700 evaluations, both algorithms achieve the convergence 
performance that EGP attains at 6250 evaluations, demonstrating excellent convergence speed. 
However, as the number of evaluations increases, the convergence of all algorithms gradually stagnates. 
Moreover, compared with EGP, both SA‑EGP_GB and SA‑EGP_RF show better overall performance, 
indicating that the description of individual phenotypic features indeed contributes to algorithm 
convergence, a finding that has been confirmed by Zeiträg et al. [12]. 

To further verify the stability of the algorithms over multiple independent runs and whether the 
performance differences are statistically significant, the final HV and IGD of each algorithm over 10 
independent runs were recorded (as shown in Tables 12 and 13), and the Wilcoxon signed-rank test 
was conducted at a significance level of 0.05. The test results in Tables 14 and 15 show that, in terms 
of HV, SA-EGP_GB is significantly better than GP, SA-GP_GB, and SA-GP_RF (P < 0.05), while the 
differences from EGP and SA-EGP_RF are not significant; in terms of IGD, SA-EGP_GB is 
significantly better than SA-GP_GB and SA-GP_RF (P < 0.05), while the differences from GP, EGP, 
and SA-EGP_RF are not significant. This indicates that the introduction of the surrogate model mainly 
improves the early search efficiency and overall convergence quality, while the original EGP remains 
strongly competitive in final population diversity. 
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Table 12. Comparison of HV between 10 independent runs of different algorithms. 

Run GP SA-GP_GB SA-GP_RF EGP SA-EGP_GB SA-EGP_RF 

1 0.982898816 0.962909436 0.951122575 0.989979445 0.990182756 0.98529277 

2 0.98359478 0.980761262 0.983980333 0.986242894 0.989076324 0.986446436 

3 0.982367762 0.913967427 0.972640738 0.984839796 0.992291857 0.993228141 

4 0.989319588 0.97677828 0.97574643 0.991729312 0.991247634 0.986827585 

5 0.981873 0.985692394 0.967729639 0.983969254 0.995786548 0.987057149 

6 0.981000319 0.989828123 0.967397146 0.983653593 0.986548995 0.992338448 

7 0.988163456 0.976444426 0.990763844 0.993185149 0.987988454 0.972558856 

8 0.988819159 0.976258182 0.926167588 0.990586796 0.990638911 0.991482003 

9 0.982742399 0.983602781 0.988074412 0.982251201 0.988793072 0.985837914 

10 0.986565298 0.978779327 0.978786931 0.983368432 0.984965534 0.98699431 

mean 0.984734458 0.972502164 0.970240964 0.986980587 0.989752009 0.986806361 

Table 13. Comparison of IGD with 10 independent runs between different algorithms. 

Run GP SA-GP_GB SA-GP_RF EGP SA-EGP_GB SA-EGP_RF 

1 0.080066897 0.185637175 0.274780033 0.069178164 0.071351573 0.100090103 

2 0.095366624 0.143833174 0.10050793 0.068182606 0.073059179 0.06631413 

3 0.075259706 0.187487326 0.1768273 0.093541671 0.054790487 0.064392325 

4 0.065078296 0.118674518 0.124280296 0.103787217 0.066310586 0.079570709 

5 0.083119821 0.089294593 0.223899409 0.110615474 0.052612922 0.097067133 

6 0.086833357 0.075951886 0.172814405 0.084724213 0.119575969 0.06192735 

7 0.088375528 0.118489867 0.058986075 0.044909885 0.10240337 0.122189007 

8 0.083910249 0.126785783 0.454094466 0.071622098 0.064286904 0.062452418 

9 0.084187259 0.076648232 0.104505658 0.081799736 0.08538869 0.078580154 

10 0.062658734 0.140728157 0.134874303 0.076974993 0.070151052 0.085994453 

mean 0.080485647 0.126353071 0.182556988 0.080533606 0.075993073 0.081857778 
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Table 14. Wilcoxon signed-rank test results based on HV and IGD (baseline algorithm: 
SA-EGP_GB). 

Comparison Algorithm Metric P-value Significant (α = 0.05) 
GP HV 0.0195 Yes 
 IGD 0.556 No 
SA-GP_GB HV 0.0039 Yes 
 IGD 0.002 Yes 
SA-GP_RF HV 0.0098 Yes 
 IGD 0.002 Yes 
EGP HV 0.0645 No 
 IGD 0.492 No 

Table 15. Wilcoxon signed-rank test results based on HV and IGD (baseline algorithm: 
SA-EGP_RF). 

Comparison Algorithm Metric P-value Significant (α = 0.05) 
GP HV 0.105 No 

IGD 0.556 No 
SA-GP_GB HV 0.0039 Yes 

IGD 0.002 Yes 
SA-GP_RF HV 0.0039 Yes 

IGD 0.002 Yes 
EGP HV 0.845 No 

IGD 0.556 No 

Meanwhile, we notice that SA‑EGP_RF is overtaken by EGP at around 11,000 evaluations. We 
suspect this may still be due to the selection accuracy of the surrogate model. It is worth noting that 
the performance of SA-GP_GB and SA-GP_RF is lower than that of GP and EGP, while the prediction 
accuracy of GB and RF themselves is not poor. Therefore, this performance degradation cannot be 
simply attributed to the regression ability of the surrogate model. A more likely reason lies in the 
coupling between surrogate-assisted selection and the search structure of single-rule GP. In single-rule 
GP, the surrogate prediction results directly affect individual ranking and the selection of real 
evaluation samples. Prediction errors may cause high-quality rules to be underestimated or low-quality 
rules to be retained and further affect subsequent evolutionary search, gradually biasing the search 
toward a limited region of the solution space. The sparse and weakly continuous Pareto fronts of SA-
GP_GB and SA-GP_RF in Figure 14 are also consistent with this phenomenon. 

Overall, the surrogate model mainly serves to improve early‑stage search efficiency, especially when 
combined with EGP, enabling a rapid attainment of a high‑quality solution set with fewer evaluations. 
However, as the number of evaluations increases, the approximation error introduced by the surrogate 
model may gradually affect the accuracy of individual selection. Nevertheless, with more simulation 
evaluations, both SA‑EGP_RF and SA‑EGP_GB, which employ surrogate models, exhibit performance 



5499 

Journal of Industrial and Management Optimization                           Volume 22, Issue 10, 5466–5506. 

no worse than the original algorithm. Therefore, using a surrogate model that aligns with the corresponding 
algorithm not only accelerates the iterative evolution of the population but also helps the algorithm explore 
the Pareto front more comprehensively under scenarios with a limited number of evaluations. 

To further analyze the impact of surrogate-assisted evaluation on computational cost, this paper 
records the total runtime required for each algorithm to complete 50 generations of evolution and 
conducts 10 independent runs to compare the actual time cost of different algorithms after the reduction 
in real simulation evaluations. 

 

Figure 15. Runtime comparison of different algorithms for 50 generations. 

Table 16. Average optimization performance and computational efficiency of different 
algorithms over 10 independent runs. 

Algorithm HV IGD Real 
evaluations 

Surrogate 
evaluations 

Total time 

GP 0.971013112 0.014343432 13305 0 59.370213056 

SA-GP_GB 0.953512257 0.019034076 5289.1 7668 42.372601085 

SA-GP_RF 0.944804215 0.021311760 5245 7618 42.344077732 

EGP 0.978709408 0.015224628 12600 0 69.976057413 

SA-EGP_GB 0.978839883 0.014141102 8282 4984 58.490403104 

SA-EGP_RF 0.972919205 0.019514443 8136 4901 59.085439401 

As shown in Figure 15 and Table 16, compared with the baseline algorithms, the runtime of SA-
GP_GB and SA-GP_RF is significantly shortened after the introduction of the surrogate model, and 
the time distributions of the two surrogate models are relatively close. For EGP, SA-EGP_GB and SA-
EGP_RF also show a certain time advantage, but the overall improvement is relatively limited. Overall, 
the surrogate-assisted method can reduce the computational overhead of the algorithm by reducing the 
number of real simulation evaluations. This further demonstrates that the surrogate model can replace 
part of the real simulation evaluation at a lower computational cost, thereby reducing the calls to the 
high-cost simulation environment during evolution. At the same time, the surrogate-assisted 
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mechanism also introduces additional overhead such as feature computation, model training, 
prediction, and candidate individual screening, so the reduction in real evaluation times does not 
translate proportionally into a decrease in total runtime. For EGP, because an ensemble individual 
contains multiple dispatching rules, its evaluation process itself has higher computational complexity, 
so the time improvement brought by the surrogate model is relatively limited. In summary, surrogate-
assisted evaluation can effectively reduce the computational burden caused by real simulation and 
improve the overall computational efficiency of the algorithm while maintaining search performance. 

 

Figure 16. Scatterplots of Pareto front solutions for GP, SA-GP_GB, SA-GP_RF, EGP, 
SA-EGP_GB, and SA-EGP_RF (from top to bottom) under evaluation counts of 2500, 
10,000, and 20,000 (from left to right). 
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Figure 16 shows the evolution of the Pareto front solutions for the six algorithms under different 
numbers of evaluations. From the scatterplots, it is clear that as the number of evaluations increases, 
all algorithms except SA‑GP_GB and SA‑GP_RF exhibit a clear convergence trend. Meanwhile, at 
2500 evaluations, the algorithms incorporating surrogate models demonstrate better convergence 
performance than the baseline algorithms GP and EGP. However, as the number of evaluations 
increases, the convergence of SA‑EGP_GB and SA‑EGP_RF gradually becomes comparable to that 
of EGP, while still maintaining more excellent population individuals. 

For SA-GP_GB and SA-GP_RF, their Pareto solutions further illustrate the deficiencies observed 
in the convergence curves. Although these two methods can discover local extreme solutions at certain 
stages, such as solutions with low makespan (Cmax) or low energy consumption, the overall continuity 
and distribution uniformity of their Pareto fronts are insufficient, making it difficult to form a stable 
and complete Pareto front. In particular, SA‑GP_RF has relatively few valid solution points at 10,000 
and 20,000 evaluations, suggesting that its search process may fall into a local optimum early on, 
resulting in insufficient population diversity and an inability to fully explore the trade‑off between 
makespan and energy consumption. 

Overall, the introduction of surrogate models primarily enhances the exploration speed and 
coverage of the objective space in the early stage. Algorithms equipped with surrogate models can 
identify the rough shape of the Pareto front earlier. However, as the number of evaluations increases, 
the original EGP and GP, relying on true objective function evaluations, gradually correct their search 
directions and ultimately obtain high‑quality, stable Pareto solution sets in the final stage. Therefore, 
SA-EGP_RF and SA-EGP_GB can obtain non-dominated scheduling solutions with good objective 
space coverage under a limited real simulation evaluation budget. 

7. Conclusion 

To address the problem of prohibitively high simulation evaluation costs in ensemble genetic 
programming, this paper proposes a surrogate‑assisted evaluation framework tailored to ensembles for 
dynamic multi‑objective job shop scheduling. Within this framework, a unified phenotypic feature 
representation method is introduced, which maps both single dispatching rules and ensemble 
individuals into the same behavioral feature space, thereby enabling unified surrogate modeling and 
coevolution of an individual‑ensemble hybrid population. 

For ensemble individuals, a structure-aware feature modeling strategy is further introduced. By 
integrating behavioral features, diversity measures, and decision conflict information, a unified 
ensemble feature representation is formed. Based on this feature space, separate surrogate models are 
constructed for each optimization objective to efficiently predict the performance of candidate 
solutions. On this basis, a hierarchical surrogate‑assisted evaluation mechanism is designed: candidate 
solutions are first evaluated via the surrogate models to obtain multi‑objective predictions, and 
non‑dominated sorting is performed based on the predicted results. Subsequently, only a subset of 
solutions that perform well in the sorting undergoes actual simulation evaluation, while the remaining 
solutions participate in the evolutionary process using their predicted values, thereby significantly 
reducing computational cost while maintaining solution quality. 

This method has both theoretical and practical significance. From a theoretical perspective, it 
demonstrates how to extend surrogate models to ensemble individuals in order to handle their coupled 
behaviors and interactions. In the dynamic job shop scenarios considered in the experiments, the 
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method significantly reduces simulation-based computational cost while maintaining high solution 
quality, indicating its potential for further extension to larger-scale and more complex dynamic 
scheduling scenarios. However, the validation in this paper is still mainly based on a simulation 
environment; therefore, its practical industrial applicability and large-scale scalability still need to be 
further verified through a wider range of scenarios and real industrial cases. 

Although this paper employs the evaluation ratio p to dynamically adjust the evaluation ratio of 
the surrogate model, this remains a linear adjustment method, which cannot respond to changing shop 
state in a timely manner when facing dynamic job shops. Therefore, future research directions should 
include extending this linear adjustment to online adaptive surrogate modeling, incorporating 
uncertainty‑aware prediction, and integrating reinforcement learning agents to further enhance 
decision‑making capabilities in dynamic and uncertain scheduling scenarios. These extensions are 
expected to improve the adaptability and robustness of ensemble evolutionary methods in complex 
industrial environments. 
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