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Abstract— We study the problem of scheduling independent
jobs on unrelated parallel machines subject to non-resumable
maintenance constraints, with the goal of minimizing the
makespan. The presence of planned maintenance windows re-
stricts machine availability and tightly couples assignment and
sequencing decisions, making solution evaluation particularly
costly. We address this challenge through a hybrid genetic
algorithm built on a decomposition principle: the genetic layer
searches the space of job-to-machine assignments, while each
induced single-machine subproblem is solved exactly via a
dynamic programming decoder formulated as a 0-1 knapsack
problem. Although this decoder provides rigorous fitness guar-
antees, it constitutes the dominant computational bottleneck
within the search.

To overcome this cost, a Random Forest surrogate is
embedded into the genetic algorithm to predict makespan
values and selectively bypass exact evaluations. A central
contribution of this work is the investigation of surrogate
input representations: we compare a direct assignment-based
encoding, in which the job-to-machine assignment vector is
fed directly to the model, against a feature-based encoding
that summarizes each machine’s workload through aggregated
per-machine statistics, comprising processing time statistics, a
greedy makespan estimate, and the load accumulated prior to
the maintenance window. Experiments on a set of generated
instances demonstrate that the surrogate-assisted algorithm
substantially reduces computation time while preserving solu-
tion quality, and that the choice of input representation has a
measurable impact on prediction accuracy and overall search
performance.

I. INTRODUCTION

Scheduling involves the allocation of jobs to limited pro-
cessing resources over time, subject to operational constraints
and one or more performance objectives [1]. Among the most
relevant problem classes in manufacturing and production
planning is parallel machine scheduling, where multiple ma-
chines operate simultaneously, and jobs must be distributed
efficiently across them [2]. Parallel machine environments
are commonly classified as identical, uniform, or unrelated,
with the unrelated case representing the most general setting
since processing times are specific to each job-machine pair
[3]. Across all these variants, makespan minimization stands
as one of the most widely studied objectives in scheduling,
as it directly reflects system throughput and overall resource
utilization [4].

Classical scheduling theory typically assumes that ma-
chines are continuously available [5], yet this assumption
rarely holds in practice since industrial systems require
periodic preventive maintenance to sustain operational re-
liability. When maintenance is non-resumable, preemption is
forbidden, and every job must execute without interruption

within a single window of machine availability [6]. This
constraint breaks the order-independence property commonly
exploited in makespan optimization and embeds a combina-
torial knapsack structure into the assignment process [1].
The unrelated parallel-machine makespan problem
R||Ciyax is known to be NP-hard, and Lenstra et al. [7]
established that no polynomial-time algorithm can guarantee
an approximation ratio below 3/2 unless P = NP.
Surveys by Schmidt [8] and Lee [9] provide systematic

classifications of availability constraints and contrast
resumable with non-resumable interruptions. For the
non-resumable single-machine case, Lee [10] showed

equivalence to the subset sum problem, establishing weak
NP-hardness.

The broader literature on maintenance-constrained
scheduling has concentrated primarily on single-machine
settings [11], relying on heuristics [12], mixed-integer
linear programming [13], and dynamic programming [14].
Extensions to parallel machines have largely targeted
identical or uniform configurations [15], leaving unrelated-
machine settings comparatively understudied. Kurt and
Cetinkaya [16] tackled unrelated parallel machines with a
single non-resumable maintenance period using a mixed-
integer model paired with a constructive heuristic, though
exact methods remain difficult to scale to larger instances
[17].

Maintenance constraints in parallel-machine environments
give rise to two coupled decision layers: a global job-to-
machine assignment and a per-machine sequencing problem
around maintenance windows. For fixed assignments, each
machine subproblem reduces to a capacity-constrained job
selection task solvable by dynamic programming [18], yet
the state space expands exponentially as the number of
machines grows [19], [20]. This scalability limitation mo-
tivates hybrid methods that pair a global metaheuristic with
exact dynamic programming at the machine level. Glass et
al. [21] established early evidence that such hybrid designs
effectively balance solution quality and runtime, a finding
confirmed by more recent work addressing complex oper-
ational constraints [22]. Repeated exact evaluations within
these frameworks, however, impose a heavy computational
burden, and surrogate-assisted optimization alleviates this
cost by substituting machine learning predictions for expen-
sive fitness computations [23], [24]. Despite their promise,
surrogate-assisted evolutionary methods for unrelated paral-
lel machines with non-resumable maintenance have received
little attention in the literature.



Motivated by this gap, we study the unrelated parallel-
machine scheduling problem with one non-resumable main-
tenance window per machine under the makespan criterion.
Given the NP-hardness of job-to-machine assignment [25],
we propose a hybrid genetic algorithm that drives evolu-
tionary search over the assignment space while resolving
each induced machine-level subproblem exactly through dy-
namic programming. To reduce the computational overhead
of repeated exact evaluations, a Random Forest surrogate
model is embedded into the algorithm, learning online from
previously evaluated solutions and predicting makespan for
candidate assignments, with selective exact retraining to
sustain predictive accuracy [23]. A central contribution of
this work is the systematic comparison of two surrogate input
representations: a direct assignment-based encoding and a
feature-based encoding that condenses each machine’s work-
load into aggregated statistics. Together, these components
address the methodological gap in maintenance-constrained
unrelated parallel machine scheduling.

The remainder of this paper is organized as follows.
Section II formulates the problem. Section III presents the
proposed hybrid genetic algorithm. Section IV details the
single-machine evaluation via dynamic programming. Sec-
tion V describes the surrogate-assisted evaluation framework
and the two input representations. Section VII reports the
computational experiments and discusses the results. Sec-
tion VIII concludes the paper.

II. PROBLEM DEFINITION

We consider a scheduling problem involving a set of
n independent jobs J = {Ji,...,J,} and a set of m
unrelated parallel machines M = {M;,...,M,,}. Each
job J; requires a machine-dependent processing time p;;
when executed on machine M;, for ¢ € {1,...,m} and
j € {1,...,n}. All jobs become available simultaneously
at time zero, each must be assigned to exactly one machine,
and no preemption is permitted.

Each machine M, is subject to a planned maintenance
window [71;, T2;], during which it remains unavailable for
processing, where 7y; and 79; denote the start and end of the
maintenance period, respectively. Jobs are non-resumable: if
a job starts on machine M; but cannot complete before 7y;,
it cannot be interrupted and must be entirely rescheduled to
begin no earlier than 7;.

The objective is to construct a feasible schedule that
minimizes the makespan Ci,.x. In the standard three-field
scheduling notation [26], this problem is denoted Rm |
nr-maint | Chax.

III. PROPOSED APPROACH

We employ a genetic algorithm (GA) as the core search
strategy [27]. The evolutionary procedure exclusively con-
trols the job-to-machine assignment o, while all aspects
related to the non-resumable maintenance constraint are re-
solved within the fitness evaluation. For any fixed assignment
o, the evaluation determines the minimum completion time

for each machine given its maintenance window, computing
the global makespan as the maximum across all machines.

A. Solution encoding

Each solution (chromosome) is encoded as a vector ¢ =
(01,09,...,0,), where each gene o; € {1,...,m} specifies
the machine assigned to job .J;. This direct integer encoding,
tailored to the R|nr-maint|Cpax problem, guarantees fea-
sibility. Every job is assigned to exactly one machine, and
each machine processes its assigned jobs whenever it is not
under maintenance.

For each machine M; and chromosome o, the assigned job
setis J;(0) = {J; € J | o; = i}, processed in a fixed order.
Jobs overlapping the maintenance start are delayed until 75;,
ensuring adherence to the non-resumable constraint without
requiring repair mechanisms during evolutionary search. This
isolates assignment from machine-level scheduling, enabling
independent fitness evaluation per machine.

B. Genetic Algorithm Framework

The GA employs a generational scheme with elitism. Fol-
lowing extensive preliminary parameter tuning, it initializes
a diverse population of 70 candidates by uniformly sampling
genes 0; € {1,...,m}.

Fitness is evaluated by decomposing the problem into
m independent subproblems, computing completion times
C! (o) under intervals [ry;,72;] to find the global

makespan:
Crmax(0) = max Crinax(a) ey

Search is driven by tournament selection, uniform
crossover (p. = 0.75), and swap mutation (p,, = 0.10).
Elitism preserves the best solution, which also serves as a
reference for surrogate-assisted evaluation. The search termi-
nates after 1000 generations or 25 consecutive generations
without improvement.

IV. MACHINE-LEVEL PROBLEM FORMULATION

This section evaluates a fixed assignment o by formulating
the single-machine subproblem, establishing its reduction
to a knapsack problem resulting in weak NP-hardness, and
detailing the exact dynamic programming computation.

A. Subproblem Structure for Fixed Assignments

For machine M;, let J%(c) be the assigned jobs to machine
i, k; = ‘JZ(O') ,and P; = {ijm : Jj S JZ(CT)} be the
processing load on machine ¢. Since all jobs are available
at time zero without setup times, scheduling reduces to
selecting which jobs complete before the maintenance starts
T14-

If total load P; < 7y, all jobs finish before maintenance,
yielding C% (o) = P;. If the load does not fit, a subset

B, CJ i(a) completes before maintenance, and the remain-
ing jobs start after 7o;, resulting in:
Z Pij 2

Ji€JH(0)\B:

Choax(0) = T2i +



B. Optimal Subset Selection through Knapsack Reduction

Proposition 1. Given fixed o and machine M;, minimizing
C? . (0) is equivalent to maximizing the processing time ex-
ecuted before maintenance, subject to a capacity constraint:

z Dij < T 3)

max E Pij  S.L
B;CJi(o)
J J;€B;

i E€DB;
Proof: 1If the load exceeds 71, let B; be jobs completed
before 71;. Because jobs are non-preemptive, available at
time zero, and lack setup times, jobs in B; can be se-
quentially processed from time zero, and remaining jobs
back-to-back from 7o;, in any order. The completion time
is To; + ZJjEJi(U)\Bi Pi;. Minimizing this is equivalent
to maximizing pre-maintenance processing time under the
constraint » ;¢ p. Pij < Tii-

Corollary 2. The single-machine subproblem induced by
a fixed assignment with one non-resumable maintenance
interval is weakly NP-hard [28].

Proof: Proposition 1 implies the subproblem equates
to a 0—1 knapsack problem [29].

C. Optimal Evaluation via Dynamic Programming

The exact optimum is computed using a classical
pseudo-polynomial dynamic programming (DP) method with
O(k;11;) time and memory complexity [30]. The DP returns
the best packed value and, via backtracking, the correspond-
ing subset.

For large 71;, exact evaluation becomes computationally
expensive, motivating surrogate-assisted strategies.

Exact Subproblem Evaluation: Let L;(0) = >~ ; ¢ ;. (o) Pij
be the total load on machine M;, and V;(o) denote the
optimal knapsack value. Consequently:

if Ll(O') S T1i,

1 L7, ag),
Chunle) = 111 )T
To; + Li(0) — Vi(o), otherwise,
and the overall makespan is given by:
Cmax(U) = max Cfnax(o') (5)
K3

V. SURROGATE-BASED FITNESS APPROXIMATION

Repeated dynamic programming evaluations represent the
dominant computational cost within the genetic algorithm.
To address this, a surrogate-assisted fitness evaluation mech-
anism is integrated to selectively replace exact computa-
tions with fast predictions, while maintaining reliable search
performance through controlled safeguards. The following
subsections detail the training strategy, the evaluation policy,
and the surrogate input representations investigated in this
work.

A. Surrogate Model and Training Strategy

A Random Forest surrogate [31], is employed to ap-
proximate the mapping f : 0 — Chax(0), where o =
(01,...,0n) € {1,...,m}"™ denotes a job-to-machine as-
signment vector and Cax(0) € Ry is the exact makespan

obtained through the evaluation procedure described in Sec-
tion IV. The surrogate is trained online during the genetic
algorithm using pairs (¢(c),y), where ¢(o) denotes the
chosen input encoding of the assignment — either @ygsign
Or (pey as defined in Section V-B — and y = Ciax(0)
is the corresponding exact makespan. To control training
cost and mitigate concept drift as the search progresses, the
training dataset is maintained as a sliding window containing
at most Ny, = 2000 of the most recent exact evaluations,
with older samples discarded. This online data management
strategy preserves model adaptability to the current search
region while maintaining bounded computational overhead.

B. Surrogate Input Representation

A key design decision in the surrogate framework concerns
the choice of input representation. Two encoding strategies
are evaluated and compared experimentally in Section VI.

Assignment-based encoding: uses the raw integer assign-
ment vector o = (01,...,0,) € {1,...,m}™ directly as the
surrogate input, where each entry o; indicates the machine
assigned to job J;. This representation has dimension n and
maintains full consistency with the genetic encoding.

Feature-based encoding: aggregates per-machine statistics
derived from the assignment, yielding a compact representa-
tion that abstracts away job-level details. For each machine
M;, six features are extracted from the set of jobs assigned
to it: the minimum, maximum, variance, and mean of the
corresponding processing times {p;; : o; = ¢}, the machine
makespan estimated by a greedy heuristic C2**? obtained
by sequencing the assigned jobs in non-increasing order of
processing time, and the total processing load scheduled
before the maintenance start 7y;. The resulting feature vector
has dimension m X 6.

Formally, the two input mappings are:

(bassign(o') :O-E {13"'7m}na (6)
Prear(0) = [pi, min, max, var;, C’freedy, LZ]ZI e R™*6,
(7)

where f;, min;, max;, and var; denote the mean, minimum,
maximum, and variance of processing times on machine M;,
respectively, and

L] = Z pij - 1[pij < 714 (8)

Jioi=1

is the total processing load feasibly schedulable before the
maintenance window on machine M;. The two represen-
tations are assessed using the Random Forest surrogate to
determine which encoding best supports accurate makespan
prediction within the genetic algorithm.

C. Evaluation Policy and Safeguards

The surrogate model becomes operational after a three-
generation initialization period, during which every candidate
solution is evaluated using exact evaluation to build the
foundational training dataset, which we denote by Ej. After
activation, the model generates predicted makespan values



Cinax(c) for the majority of candidate assignments and is
periodically retrained at ten-generation intervals to reflect the
evolving search trajectory.

Exact evaluation is triggered through a dual-criterion
mechanism: first, any solution whose surrogate estimate
falls below the current best-known makespan C% receives
mandatory exact evaluation to guarantee reliable identifica-
tion of superior solutions; second, a probability p = 0.1 inde-
pendently enforces exact evaluation to preserve exploratory
behavior and mitigate potential systematic prediction errors.

Each exact evaluation immediately contributes the pair
(0, Cmax(0)) to the training repository, with concurrent up-
dates to the best-known solution when improvements occur.
For all other candidates, the surrogate prediction serves
directly as the fitness metric. This framework (Algorithm 1)
maintains efficiency while ensuring that promising solutions
are rigorously verified.

Algorithm 1 Surrogate-assisted fitness evaluation

Require: Candidate assignment o, current generation g, best-so-far
makespan CPest Random Forest surrogate J
Ensure: Fitness value f(o) and updated training set
1: if g < Ep or F not initialized then
2 f < EXACTEVAL(0)
3 Add (o, f) to training set
4 CRt e min{Che, 1}
5 return f
6: end if
7: if (9 — Eo) mod R = 0 and first evaluation in generation g
then
8: Retrain F on current training set
9: end if
10: f < F.PREDICT (o)
11: u ~ Uniform(0, 1)
12: if f < CPt or u < p then

13: f < EXACTEVAL(0)

14: Add (o, f) to training set
150 Chet «+ min{CRsx, f}
16: return f

17: else _

18: return f

19: end if

VI. COMPUTATIONAL EXPERIMENTS

This section presents the computational experiments con-
ducted to evaluate the proposed approach. We assess the
genetic algorithm under both exact and surrogate-assisted
fitness evaluation, and compare the two input representations
of the Random Forest surrogate across a set of synthet-
ically generated instances. The experiments are organized
as follows: Section VI-A describes the instance generation
procedure and maintenance setup, Section VI-B details the
experimental configuration, and the results are analyzed and
discussed in Section VIIL.

A. Instance Generation and Maintenance Setup

Each instance is characterized by a pair (m,n) denoting
the number of machines and jobs, respectively. Four job
sizes and four machine counts are considered, yielding

sixteen configurations: n € {20,50,100,200} and m €
{2,3,4,5}. For each configuration, processing times p;;
are drawn independently for each machine-job pair from
a prescribed interval corresponding to three scale levels:
small p;; ~ U(1,100), medium p;; ~ ¢(20,200), and large
pi; ~ U(100,1000).

Maintenance windows are designed to induce heteroge-
neous and non-trivial knapsack subproblems at the machine
level. For each machine M;, the total hypothetical load
L; = Z?=1 ps; is first computed. The maintenance start
time is set to 7; = |aL;|, where a ~ 1(0.3,0.7),
placing the maintenance window within the central portion
of the processing horizon and avoiding degenerate boundary
placements. The maintenance duration is drawn uniformly
from [dumin, dmax)> With dpin = max{pmin, [0.15 L;]} and
dmax = max{dmin+1, |0.40 L; |}, and the maintenance end
time is accordingly 7o; = 71; + duration. Tying all mainte-
nance parameters to L; ensures that the relative disruption
remains consistent across instance sizes, while the machine-
dependent variation of L; naturally produces heterogeneous
maintenance windows in the unrelated-machine setting.

B. Experimental Setup

All experiments were carried out on a workstation
equipped with an Intel(R) Xeon(R) @ 2.71 GHz, 128 GB
RAM, running Windows 11 Pro for Workstations and Python
3.14. The proposed genetic algorithm is evaluated under two
fitness evaluation modes: an exact mode relying entirely
on dynamic programming, and a surrogate-assisted mode
in which a Random Forest model selectively replaces exact
evaluations as described in Section V. Within the surrogate-
assisted mode, the two input representations are compared
across all generated instances to assess their respective
impact on solution quality and computational efficiency.

VII. RESULTS AND DISCUSSION

This section reports and discusses the results obtained
from the computational experiments described in Section VI-
B. We examine the surrogate-assisted genetic algorithm by
contrasting the feature-based and assignment-based input
representations across all generated instances in terms of
solution quality and prediction accuracy.

a) Comparison of Input Representations: Tables 1
and Il compare the surrogate-assisted genetic algorithm
under the feature-based encoding with the assignment-based
GA+DP baseline. The cost of dynamic programming grows
rapidly with instance size, reaching 10,269.7 seconds at
(n=200, m=2) for large instances, which limits its ap-
plicability to larger problems. The feature-based encoding
reduces this cost substantially: at (n = 100, m = 2), runtime
decreases from 3,247.8 to 766.8 seconds. This efficiency is
attributable to the nine-dimensional feature representation,
which encodes the job-machine interactions governing the
makespan and thereby permits accurate surrogate prediction
without exhaustive evaluation.



TABLE I: Baseline GA+DP exact evaluation: mean
makespan and execution time per instance configuration
across processing time scales .

Small Medium Large
n m

Cmax Time (s)  Cmax Time (s)  Cmax Time (s)

20 2 4818 174.1 1115.1 171.0  5532.0 184.3
20 3 2233 428.1 651.8 3619 32840 377.5
20 4 160.2 380.5 468.6 366.5 2247.6 374.1
20 5 1427 395.7 389.8 401.0 1976.7 4134
50 2 1015.6 770.0  2803.1 601.5 13758.8 1099.3
50 3 6299 695.8 17132 593.8  8579.6 810.5
50 4 4614 569.5 13282 5274 64764 661.2
50 5 3756 5363 1064.8 4432  5527.6 550.4
100 2 23583 11147  5565.8 1087.6 28970.3  3247.8
100 3 13775 960.6  3597.1 807.2 18761.5  1843.2
100 4 1028.0 840.5 27725 6479 14366.8 14337
100 5 856.0 6924  2330.2 610.6 113757  1165.4
200 2 54442 25953 121482  2803.5 60911.1 10269.7
200 3 29592  2279.7 77102  1763.5 395823  6555.1
200 4 2207.6 19083 59289  1363.4 29221.1 4744.1
200 5 18245 1781.1  4830.1 1002.0 24038.3  3656.6

b)  Evaluation Metrics: Accuracy and MAE: The
prediction-quality metrics in Table II are consistent with this
advantage. The feature-based encoding g, often attains
accuracy above 0.9, particularly at low machine counts,
whereas the assignment-based encoding (,gsign is both lower
and more variable, decreasing to 0.20 on the smallest in-
stances. This gap narrows as instance size increases but
does not close. A corresponding reduction in MAE is ob-
served for @, at low machine counts (m=2,3), where
the aggregated machine-level statistics provide a compact
representation that the Random Forest can fit accurately.
As the number of machines grows (m=4,5) and instances
become larger, the MAE advantage erodes and reverses:
on high-m configurations—most consistently in the large
class— assign attains the lower MAE, suggesting that at this
scale the raw assignment vector already exhibits sufficient
regularity for the surrogate. Overall, the structured feature
representation yields more accurate makespan predictions
and, in turn, more reliable search guidance than the direct
assignment encoding across most of the configuration space.

VIIL

This work investigated a hybrid genetic algorithm for
the unrelated parallel-machine scheduling problem with non-
resumable maintenance constraints, combining evolutionary
search over the job-to-machine assignment space with ex-
act dynamic programming decoding at the machine level.
Although exact evaluation guarantees rigorous fitness cal-
culation, its repeated application across large populations
introduces a significant computational bottleneck. A Ran-
dom Forest surrogate model is therefore embedded into
the genetic algorithm to selectively substitute costly exact
evaluations with fast predictions, reducing this overhead
without compromising the overall search quality.

CONCLUSION

TABLE II: Mean Makespan, Execution Time, Accuracy, and
MAE: Feature-Based and Assignment-Based Encoding.

n Makespan Time (s) Accuracy MAE
Feat. Asgn. Feat. Asgn. Feat. Asgn. Feat. Asgn.
Small instances
20 2 481.8 481.8 1389 174.1 0.934 0.420 22.85 73.07
20 3 226.8 2233 1404 428.1 0.862 0.212 31.13 54.41
20 4 167.3 160.2 141.6 380.5 0.786 0.224 32.71 42.31
20 5 1433 1427 1427 395.7 0.655 0.199 33.01 36.45
50 2 1012.1 1015.6 163.0 770.0 0.960 0.320 47.14 113.44
50 3 622.4 6299 164.1 695.8 0.891 0.437 49.10 61.07
50 4 4323 4614 1652 569.5 0.782 0.422 47.50 49.94
50 5 339.6 3756 1649 536.3 0.710 0.475 43.66 47.89
100 2 2322.2 2358.3 254.0 1114.7 0.970 0.660 70.58 149.44
100 3 1317.1 1377.5 2549 960.6 0.925 0.684 67.62 101.74
100 4 9554 1028.0 252.7 840.5 0.819 0.672 65.53 58.98
100 5 759.1 856.0 2533 692.4 0.758 0.695 59.09 54.57
200 2 5229.9 54442 634.5 2595.3 0.970 0.789 102.32 235.06
200 3  2895.6 2959.2 634.5 2279.7 0.921 0.765 94.38 129.84
200 4 2101.2 2207.6 6239 1908.3 0.824 0.819 83.34 66.11
2005 1722.5 1824.5 636.7 1781.1 0.832 0.767 77.32 60.01
Medium instances
20 2 1115.1 1115.1 1393  171.0 0.898 0.515 35.55 72.69
20 3 652.7 651.8 138.8 361.9 0.804 0.302 47.07 70.01
20 4 460.7 468.6 138.8 366.5 0.706 0.257 52.71 70.50
20 5 387.2 389.8 139.4 401.0 0.656 0.227 50.36 65.19
50 2 2784.8 2803.1 162.5 601.50.916 0.379 65.75 101.30
50 3 1640.8 1713.2 1552 593.8 0.854 0.480 84.93 102.21
50 4 1202.0 1328.2 150.8 527.4 0.790 0.475 87.49 95.80
50 5 956.6 1064.8 147.1 443.2 0.754 0.558 86.31 91.23
100 2 5478.9 5565.8 253.8 1087.6 0.937 0.739 100.27 129.41
100 3 3402.2 3597.1 210.5 807.2 0.890 0.776 123.90 126.64
100 4 2613.7 2772.5 190.6 647.9 0.855 0.737 112.92 116.26
100 5 2163.1 2330.2 1823 610.6 0.820 0.631 113.70 105.96
200 2 11981.4 12148.2 611.2 2803.5 0.945 0.831 156.82 161.68
200 3  7463.6 7710.2 472.5 1763.5 0.907 0.846 165.59 143.40
200 4 5741.8 59289 376.2 1363.4 0.878 0.766 153.79 131.29
200 5 4628.1 4830.1 330.9 1002.0 0.865 0.821 140.69 121.14
Large instances
20 2 5532.0 5532.0 155.1 184.3 0.880 0.505 182.23 347.76
20 3 3321.6 3284.0 149.5 377.50.792 0.322 241.15 353.12
20 4 2174.1 2247.6 1469 374.1 0.726 0.283 259.28 350.86
20 5 1926.0 1976.7 1454 413.4 0.632 0.256 262.63 329.83
50 2 13664.1 13758.8 2759 1099.3 0.913 0.398 330.17 473.27
50 3 8258.8 8579.6 228.1 810.5 0.847 0.483 407.94 507.22
50 4 5984.6 6476.4 203.6 661.2 0.808 0.461 426.71 481.11
50 5 5277.5 5527.6 189.2 550.4 0.749 0.610 407.71 471.92
100 2 28458.9 28970.3 766.8 3247.8 0.930 0.741 527.85 635.47
100 3 17806.2 18761.5 535.4 1843.2 0.892 0.787 602.21 634.77
100 4 13406.2 14366.8 429.3 1433.7 0.856 0.702 575.08 561.96
100 5 10466.0 11375.7 3744 1165.4 0.819 0.738 547.45 531.48

200 2 59936.1 60911.1 2610.8 10269.7 0.944 0.905 778.29 757.03
200 3 38345.1 39582.3 1882.8 6555.1 0.914 0.853 802.77 730.54
200 4 28195.2 29221.1 1384.5 4744.1 0.874 0.818 804.73 658.85
200 5 23159.0 24038.3 1137.6 3656.6 0.860 0.802 691.96 587.29




The computational experiments demonstrate that the
surrogate-assisted variant achieves significant reductions in
runtime across all tested instance configurations, while pre-
serving solution quality relative to the exact baseline. This
confirms that surrogate-assisted evaluation constitutes a prac-
tical and effective strategy for mitigating the computational
cost of dynamic programming within evolutionary schedul-
ing frameworks. A central contribution of this work is the
comparison of two surrogate input representations: a direct
assignment-based encoding, which feeds the raw job-to-
machine assignment vector into the model, and a feature-
based encoding, which summarizes each machine’s workload
through aggregated per-machine statistics. The results show
that the feature-based encoding consistently achieves better
predictive accuracy and solution quality. This indicates that
representing the assignment through structured machine-
level features gives the surrogate more informative inputs,
resulting in more accurate predictions and better search
decisions.

Taken together, these results show that combining exact
decomposition with surrogate-assisted evaluation and a care-
fully chosen input representation leads to a practical and ef-
ficient solution for the unrelated parallel machine scheduling
problem with non-resumable maintenance constraints.

Several directions can be pursued to extend the present
work. On the surrogate side, benchmarking a broader set
of machine learning regression models would help identify
which surrogate best fits this problem class. The feature-
based encoding could also be improved by adding more
problem-specific features, such as job criticality with respect
to the maintenance window or machine load imbalance.
From a problem scope perspective, the framework could
be extended to handle multiple maintenance periods per
machine, sequence-dependent setup times, or time-dependent
processing times, all of which appear in industrial settings.
Finally, extending the framework to a multi-objective setting,
where makespan is optimized simultaneously with criteria
such as total weighted tardiness or energy consumption,
would further broaden the applicability of the proposed
approach.
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