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Abstract

This paper introduces the Knowledge-Guided Genetic Algorithm (KGGA), a hybrid meta-
heuristic that reimagines crossover as a form of genetic engineering rather than random
recombination. By embedding knowledge-guided exploitation principles directly into
the crossover operator, KGGA selectively amplifies high-quality genetic material, in-
tensifying the search around promising regions of the solution space. Experimental
results on a large scale DRC-FJSSP benchmark show that KGGA outperforms state-of-
the-art alternatives—including the Classic Genetic Algorithm (GA), Knowledge-Guided
Fruit Fly Optimization Algorithm (KGFOA), and Hybrid Artificial Bee Colony Algorithm
(HABCA)—consistently achieving superior solution quality.

Keywords: scheduling; job shop; dual resource; genetic algorithm; genetic engineering;
knowledge-guided crossover

MSC: 90B30; 90B90; 90C90

1. Introduction
Advanced manufacturing refers to the integration of cutting-edge technologies, such

as robotics [1], artificial intelligence [2,3], and the Internet of Things (IoT) [4,5], into the
manufacturing process. This approach is part of industry 4.0 transformation and not only
enhances the efficiency of production but also leads to better quality control [6], increased
flexibility, and the ability to produce customized products [7] at a lower cost. The concept
of advanced manufacturing is becoming increasingly relevant in today’s global market,
where companies must remain competitive by staying ahead of the curve in terms of
technological innovation.

One of the key areas that advanced manufacturing has transformed is production
scheduling [8–10]. With the use of advanced analytics and algorithms, manufacturers can
optimize their production schedules to achieve maximum efficiency and reduce down-
time [11–13]. This technology enables manufacturers to determine the most efficient
production schedule based on factors such as machine capacity, material availability, and
customer demand. This, in turn, leads to improved productivity, reduced waste, and
cost savings.

To address the challenges of production scheduling in advanced manufacturing, re-
searchers have turned to metaheuristics [14–16], a class of algorithms that are designed
to find high-quality solutions to complex optimization problems. Metaheuristics are par-
ticularly well-suited to manufacturing environments because they can quickly generate
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near-optimal solutions to complex scheduling problems, such as the Job Shop Schedul-
ing Problems (JSSP) [17], without requiring detailed knowledge of the underlying pro-
cesses [18]. Examples of metaheuristic techniques used in manufacturing include genetic
algorithms [19], simulated annealing [20], and ant colony optimization [21]. These algo-
rithms work by generating a set of candidate solutions and iteratively refining them until
an optimal solution is found or a given number of iterations is achieved.

The JSSP is a widely recognized production scheduling problem [22]. As proven in [23],
it is a NP-hard optimization problem that aims to find the best sequence for processing a
set of jobs using a fixed set of machines. Jobs consist of operations that must be processed
in a specific order. As stated in [24], the Flexible Job Shop Scheduling Problem (FJSSP) is
an extension of the original JSSP where machines are no longer fixed, but rather a set of
machines are available to be chosen for each operation, leading to increased flexibility and
complexity in scheduling.

As mentioned by [25], a production system can be dual resource constrained (DRC), as
when restricted by both worker and machine capacity. This is an effort to more effectively
integrate the actual dynamics and constraints of the manufacturing process [26]. In the
pharmaceutical industry, for example, tasks are typically carried out by both machines and
human analysts.

2. Related Work
This section reviews existing methods that have been developed to solve Dual Re-

source Constrained Flexible Job Shop Scheduling Problems (DRC-FJSSP), focusing on
metaheuristics and knowledge-based strategies. First, classical metaheuristic algorithms,
as e.g., Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Tabu Search
(TS) are examined, particularly regarding their ability to address dual resource constraints.
Then, hybrid methods are discussed, followed by an overview of the only known applica-
tion of the Knowledge-Guided Fruit Fly Optimization Algorithm (KGFOA) to this domain.
The analysis concludes by highlighting the remaining challenges and research gaps that
motivate the novel approach proposed in this work.

2.1. Classical Metaheuristics

Metaheuristic algorithms are widely employed for solving DRC-FJSSP due to their abil-
ity to handle combinatorial complexity. Among them, PSO has proven effective, especially
when adapted for discrete and multi-objective variants of the problem. A study by [27]
proposed an enhanced PSO (EPSO) incorporating a particle life cycle and discrete position
updates, improving solution diversity and avoiding premature convergence in flexible
job-shop scheduling. Similarly, Ref. [28] incorporated workers’ boredom as a dynamic
human factor in the scheduling process, presenting a two-stage multi-objective PSO that
adapts neighborhood size and uses boundary exploration to improve solution diversity
and realism. These studies highlight PSO’s strength in exploration and its adaptability to
problem-specific contexts. However, PSO still suffers from premature convergence and
often requires external mechanisms to maintain feasibility.

TS has also been successfully applied to DRC-FJSSP, particularly in multi-agent config-
urations. Both [29,30] proposed Multi-Start Tabu Search agent-based models (MuSTAM),
where multiple Tabu agents explore the solution space in parallel and cooperate to improve
search efficiency. These models achieved competitive results in makespan minimization
and demonstrated good scalability. Despite its intensification capabilities and strong local
search, TS generally requires careful tuning and may struggle with maintaining population
diversity, which can lead to stagnation.
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Genetic Algorithms (GAs) are among the most frequently used methods for DRC-FJSSP.
Recent GA variants have introduced improvements in representation, initialization, and lo-
cal search integration. For instance, Ref. [31] developed an improved GA with a three-vector
chromosome structure and heuristic rules for both resource selection and neighborhood
search, achieving significant gains over standard benchmarks. A quantum-inspired GA
presented in [32] introduced quantum mutation strategies and adaptive mechanisms to
handle differences in workers’ operating times and avoid premature convergence. Addi-
tional contributions, such as [33], integrated worker proficiency and preparation times,
while [34] proposed a dynamic multi-objective GA addressing both completion time and
energy consumption. These approaches underscore the flexibility and extensibility of
GAs for complex scheduling problems. Nonetheless, they also reveal ongoing limitations,
such as parameter sensitivity and the need for knowledge-based guidance to improve the
efficacy of crossover and mutation operations.

Overall, while classical metaheuristics offer a powerful foundation, their performance
in DRC-FJSSP often depends heavily on customization, parameter tuning, and supplemen-
tary repair mechanisms. These weaknesses have motivated the development of hybrid and
knowledge-driven strategies.

2.2. Hybrid Methods

Hybrid metaheuristics combine the strengths of different algorithms to improve search
efficiency and robustness, especially in problems like DRC-FJSSP where resource constraints
and scheduling flexibility interact in complex ways. For example, Ref. [35] introduced a
hybrid memetic algorithm for mixed production scheduling, incorporating a four-layer
chromosome structure and variable neighborhood search (VNS) to balance global and local
exploration. Similarly, Ref. [36] proposed a cooperative evolutionary algorithm integrated
with constraint programming (CEAM-CP) to handle sub-problems of resource assignment
and sequencing through multi-population co-evolution.

Worker flexibility and learning effects have also been incorporated into recent models.
Ref. [37] developed a two-level optimization framework combining rule-based worker
allocation with hybrid genetic simulated annealing for scheduling. Ref. [38] proposed a
hybrid genetic algorithm with variable neighborhood search to account for learning effects
over time. These studies show that hybridization can enhance local exploitation while
maintaining global diversity, often outperforming single-method approaches.

Other hybrid strategies include PSO enhanced with simulated annealing [39,40], artifi-
cial bee colony algorithms for worker-flexible environments [41], and branch population
GAs with elite selection and compressed time windows [42]. Despite their diverse formu-
lations, these methods share a common goal: to overcome the shortcomings of classical
metaheuristics by embedding structural problem knowledge, adaptive operators, or coop-
erative mechanisms.

2.3. KGFOA in DRC-FJSSP

The only known work to apply the Knowledge-Guided Fruit Fly Optimization Algo-
rithm (KGFOA) to DRC-FJSSP is [43]. Unlike traditional Fruit Fly Optimization Algorithm,
which relies on random smell-based exploration, KGFOA introduces a knowledge-guided
search phase to improve convergence and solution quality.

In their formulation, KGFOA employs a two-layer permutation-based encoding
scheme to represent job sequences and dual-resource assignments. The algorithm al-
ternates between smell-based search for exploration and knowledge-guided operators for
local refinement. These operators use heuristic rules to adjust operation sequences and
resource assignments intelligently, thereby improving feasibility and efficiency. The authors
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demonstrated that KGFOA outperforms traditional FOA and other metaheuristics like
VNS in terms of makespan and convergence reliability.

Despite its promising results, this study remains an isolated case in the literature. No
significant extensions or comparative studies involving KGFOA have been conducted since
its introduction, leaving considerable room for further exploration and integration with
more advanced evolutionary mechanisms.

2.4. Research Gaps and Opportunities

From the reviewed literature, several patterns emerge. While PSO, TS, and GA variants
have achieved strong results in solving DRC-FJSSP, they still face challenges related to
scalability, premature convergence, and the need for heavy customization or domain-
specific repairs. Hybrid methods have attempted to address these weaknesses, often
by embedding heuristic knowledge, co-evolutionary processes, or local search modules.
However, many of these methods still rely on traditional crossover and mutation schemes
that do not actively integrate domain knowledge into their core operators.

The KGFOA stands out for its direct use of knowledge-guided search, but it lacks
structural crossover mechanisms and has not been extended beyond its initial formulation.
This creates a valuable opportunity: to merge the population-level diversity of GAs with the
domain-awareness and local precision of KGFOA, particularly through knowledge-guided
crossover operators that act more like genetic engineering than random recombination.

The proposed approach in this work addresses this gap by restructuring the KGFOA
search strategy within a GA framework - applying knowledge-guided principles directly
to crossover and exploitation stages, and offering a novel paradigm for solving DRC-FJSSP
with improved convergence, adaptability, and solution quality.

The structure of the paper is as follows: Section 3 introduces the numerical model
of the DRC-FJSSP, followed by the description of the proposed algorithm in Section 4.
Section 5 reports and analyzes the results, while Section 6 summarizes the conclusions and
outlines directions for future work.

3. Mathematical Formulation
This paper follows the mathematical model proposed in [44]. The DRC-FJSSP prob-

lem has the total of a operations to be executed. These are grouped into jobs Ji in the
range J = {J1, . . . , Jn}, which must be processed on a set of machines Mk in the set
M = {M1, . . . , Mm}. The machines are operated by a workforce of workers wl belonging
to the set W = {w1, . . . , ww}. Each job Ji consists of a defined sequence of oi operations,
Ji = {Oi1, . . . , Oij, . . . , Oioi}. The processing time pij is the one of the operation Oij. Ev-
ery operation c is restricted to a subset of eligible machine–worker pairs. The index c is
computed as follows:

c = j +
i−1

∑
d=1

od (1)

A worker–machine pair is considered eligible if the machine can perform the operation
and the worker is capable of operating that machine. We define a matrix Ebc, where the
element (b, c) equals 1 if pair b can process operation c, and 0 otherwise, and c ∈ {1, . . . , a}.
The term b is computed as follows:

b = (k − 1)w + l (2)

Further, each machine handles one operation at a time; once started, an operation must
finish without interruption (non-preemptive scheduling). It is assumed that the workers,
jobs and machines are all available at time t = 0. The goal is to minimize the makespan C,
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which depends on assigning feasible worker–machine pairs to operations and scheduling
their sequence appropriately.

Let sij denote the time when the operation Oij starts, and rkl the time when the machine
Mk operated by worker wl is ready. The DRC-FJSSP can thus be formulated as follows
(where N is sufficiently large number):

min C (3)

Subject to:
C = max

i,j
(sij + pij), Ji ∈ J, j = 1, 2, . . . , oi − 1 (4)

si(j+1) ≥ sij + ∑
k

∑
l

pijηijkl , Ji ∈ J, j = 1, 2, . . . , oi − 1,
a

∑
c=1

Ebc > 0 (5)

si’ j’ + (1 − ζijm−i’ j’m)N ≥ sij + ∑
l

pijηijkl ,

Ji ∈ J, j = 1, 2, . . . , oi,
a

∑
c=1

Ebc > 0 (6)

rk’l + (1 − ξkl−k’l)N ≥ rkl , wl ∈ W,
a

∑
c=1

Ebc > 0,
a

∑
c=1

Eb’c > 0 (7)

rkl + (1 − ηijkl)N ≤ sij, Ji ∈ J, j = 1, 2, . . . , oi,
a

∑
c=1

Ebc > 0 (8)

∑
k

∑
l

ηijkl = 1, Ji ∈ J, j = 1, 2, . . . , oi,
a

∑
c=1

Ebc > 0 (9)

where

ηijkl =

{
1, when Oi,j is processed on Mk operated by wl

0, otherwise
(10)

ζijk−i’ j’k =

{
1, when Oi,j is processed before Oi’ j’ on Mk

0, otherwise
(11)

ξkl−k’l =

{
1, if Mk is operated before Mk’ by wl

0, otherwise
(12)

Equation (4) defines the makespan. Precedence relations are ensured by Equation (5).
Machine capacity in (6) and worker capacity in (7) guarantee that no resource is overloaded.
Equation (8) enforces that resources are available before an operation starts, and (9) ensures
each operation is assigned to exactly one available worker–machine pair.

4. Proposed Knowledge-Guided Genetic Algorithm (KGGA)
The KGGA combines knowledge-guided crossover operations to enhance exploitation

with genetic mutation mechanisms that preserve diversity and support exploration. In the
crossover phase, each elite chromosome generates S novel child chromosomes, forming an
offspring subset. Subsequently, each child chromosome is subjected to one mutation. The
encoding vectors for schedule solutions proposed in [43] are also adopted in the KGGA.

The crossover operation combines elite chromosome sequences with experimental
chromosome sequences drawn from a knowledge base, which encapsulates knowledge
acquired from elite chromosomes on resource allocation and operation sequencing.

The experimental probability P(Oi,j ,r)(g) denotes the chance of assigning the r-th re-
source combination to operation Oi,j during generation g. Experimental operation se-
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quences are extracted from the NF top-performing chromosomes of the current population,
expressed as {π1, π2, . . . , πNF}. For a scenario with m machines and k workers, resource
pairs are indexed such that the combination of machine Ma operated by worker wb corre-
sponds to resource index (a − 1)w + b.

Two distinct procedures are employed for generating the offspring: the Resource
Assignment Search (RAS) and the Operation Sequence Search (OSS). The RAS involves
the knowledge-guided reallocation of resources for each operation, with the probabilities
being adjusted based on the sampling of the experimental possibility of resources. The
experimental possibility is initialized using the following approach:

POi,jr(0) =


1

FR
, if the r-th resource pair

is eligible for Oi,j

0, otherwise

(13)

where FR denotes the number of feasible resource combinations that can be assigned to
operation Oi,j.

The possibility undergoes updates at every generation based on the resource allocation
knowledge derived from the NF top-performing chromosomes. The updating process is
outlined below:

Ptemp
Oi,jr

(g) = (1 − α)POi,jr(g − 1) +
α

NF

NF

∑
s=1

IS
Oi,jr (14)

POi,jr(g) =
Ptemp

Oi,jr
(g)

∑R
r=1 Ptemp

Oi,jr
(g)

(15)

where IS
Oi,jr

denotes the expertise regarding resource allocation obtained from the s-th
selected chromosome.

IS
Oi,jr =

{
1, if Oi,j is allocated to the r-th resource pair
0, otherwise

(16)

The OSS is responsible for adjusting the sequence of operations by emulating an
example taken from a randomly selected experimental operation sequence within the
knowledge base. This emulation process utilizes the block inheritance crossover (BIX)
operator, as described in Algorithm 1.

Following this, the child chromosomes are generated and subject to one mutation oper-
ation. There is an equal probability of either the Insert (i, j) or Reassign (Oi,j) permutation-
based search operators being applied.

Following this, each child chromosome undergoes a single mutation operation, with
equal probability assigned to either the Insert or Reassign permutation-based search operator.

The operator denoted as Insert (i, j) functions by moving operation Op,q from position i
into position j within the OSV, while preserving the resource allocation for all operations. In
situations where Op,q is positioned ahead of Op,k (k = 1, . . . , q − 1), a repair step is triggered
to restore feasibility by adjusting the order of operations within job p. Additionally, the
operator Reassign (Oi,j) is applied to allocate a different admissible worker–machine pair
to operation Oi,j.

After all mutations are applied, the newly generated chromosomes are evaluated. A
greedy selection strategy is then used to update the population: each original chromosome
is replaced by the best-performing offspring in its subset, but only if the offspring achieves
a lower makespan. Figure 1 presents an overview of the KGGA. The following parameter
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values were employed: NS = 10, S = 7, α = 0.1, and NF = 5. The stopping criterion involved
reaching a maximum number of generations set at g = 1000.

Algorithm 1 Knowledge-Guided Sequence Generation Algorithm

1: Input: Knowledge base πNF, consisting of the NF top-performing chromosomes. ▷
Input

2: Output: Child chromosome sequence of operations ▷ Output
3: Generate a random integer L within the range [0.5 · T0, 0.75 · T0], where T0 is the length

of πNF
4: Randomly extract a subsequence of length L from πNF, label it as the “Block”
5: Select one experimental operation sequence πr from the knowledge base at random
6: Identify the first element of πr that appears inside the Block, record its position as q1
7: for k = q1 to T0 do
8: Obtain operation πr

k from πr
9: if πr

k is not in the Block then
10: Position πr

k either before or after the Block while adhering to precedence con-
straints with a probability of 0.5

11: end if
12: end for
13: A subsequence of length T0 − q1 + 1 is obtained
14: Place this subsequence after the operations πr

1 − πr
2 − . . . − πr

q1−1, resulting in a new
sequence of operations

Figure 1. The flowchart of KGGA.

5. Results
The KGGA was tested on a large-scale instance from the widely used MK1-10 bench-

mark dataset [45]. It was compared with the KGFOA, the HABCA and a classical Genetic
Algorithm—each representing a standout approach from the respective subsections of the
Related Work review. All algorithms were coded in Python 3.13 and run on a PC with an
Intel(R) Core(TM) i7-11800H 2.30 GHz and 32 GB of RAM.

5.1. Hyperparameter Optimization

The comparison algorithms were implemented using the hyperparameters recom-
mended in their original publications, including their stopping criteria. Because execution
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times were comparable across most algorithms, this allowed for a fair performance compar-
ison. The exception was HABCA, which exhibited execution times approximately 50 times
longer. To account for this, the number of generations in its stopping criterion was reduced.
This modification was intended to ensure a more equitable computational effort across all
algorithms while preserving fairness in convergence opportunities.

As for the KGGA, the effect four key hyperparameters on its performance was in-
vestigated. These hyperparameters are population size (NS), size of offspring subset (S),
the updating rate of the knowledge base (α), and the number of elite chromosomes (NF).
These were optimized using an adaptation of the Taguchi method of design of experiment
(DOE) [46] for a moderate scaled instance of the benchmark dataset. The mutation rate (MR)
was fixed at one mutation per offspring, following the effective strategy adopted in [43]
to counterbalance the enhanced exploitation effectiveness introduced by the Knowledge-
Guided Search mechanism.

We defined four levels for each parameter, as listed in Table 1, and designed the
experiments using the orthogonal array L16(44) shown in Table 2. Each parameter setting
was evaluated by performing 30 independent runs of the KGGA, where every run evolved
for 1000 generations.

Table 1. Hyperparameter test values.

Factor Level

1 2 3 4

NS 5 10 15 20
S 3 5 7 9
α 0.05 0.1 0.15 0.2

NF 1 3 5 7

Table 2. Hyperparameter factor test combinations (1–16).

Combinations 1–16

ID NS S α NF

1 1 1 1 1
2 1 2 2 2
3 1 3 3 3
4 1 4 4 4
5 2 1 2 3
6 2 2 1 4
7 2 3 4 1
8 2 4 3 2

9 3 1 3 4
10 3 2 4 3
11 3 3 1 2
12 3 4 2 1
13 4 1 4 2
14 4 2 3 1
15 4 3 2 4
16 4 4 1 3

Figure 2 illustrates how different parameter values influence the average makespan.
Based on the DOE results, the optimal configuration was identified as NS = 10, S = 7,
α = 0.1, and NF = 5.
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Figure 2. Parameter optimization test results.

5.2. Algorithm Performance Comparison

Table 3 summarizes the characteristics of the benchmark instances, including the
numbers of jobs, machines, and workers, as well as the operations per job and their
processing times. To account for the stochastic nature of the algorithms, each one was
executed 30 independent times. Their performance distributions are illustrated in the
box plot in Figure 3. A statistical summary of makespan values for each algorithm is
reported in Table 4, and the corresponding p-values are presented in Table 5. The makespan
distributions for all algorithms passed the Shapiro–Wilk normality test, justifying the use
of the t-test to assess the statistical significance of performance differences.

Table 3. The MK10 instance configuration—a widely used large-scale benchmark dataset.

n m w oi pij

MK10 20 15 8 10–15 5–20

Classic GA KGGA KGFOA HABCA
660

680

700

720

740

760

780

Figure 3. MK10 makespan results distribution.
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Table 4. Statistical summary of makespan values for each algorithm.

Algorithm Mean Std Dev Min Q1 Median Q3 Max

Classic GA 708 13.9 683 697 705 718 751
KGGA 693 14.0 662 684 694 701 719

KGFOA 702 19.1 668 684 699 705 748
HABCA 759 16.2 725 747 755 770 790

Table 5. Pairwise algorithm comparisons: p-values from t-test. Significant values (p < 0.05)
are bolded.

Classic GA KGGA KGFOA HABCA

Classic GA —
KGGA 2 × 10−4 —

KGFOA 0.3 0.03 —
HABCA 5 × 10−17 6 × 10−23 7 × 10−16 —

The KGGA achieved the best overall performance, surpassing both the Classic GA
and the KGFOA, from which it was conceptually derived. This result demonstrates the
effectiveness of incorporating Knowledge-Guided Search in enhancing the exploitation
capabilities of the crossover mechanism by directing search pressure toward high-quality
genetic material.

Moreover, the KGGA demonstrated consistent high performance across runs, with
no extreme poor-performing outliers observed. This consistency suggests a well-balanced
interplay between exploration and exploitation, as well as a strong ability to escape lo-
cal optima. Lastly, the HABCA was consistently outperformed by all other algorithms,
indicating limited competitiveness within the tested benchmark scenarios.

6. Conclusions
This study introduced a novel hybrid metaheuristic, the KGGA, to address the DRC-

FJSSP. By embedding knowledge-guided exploitation principles from the KGFOA directly
into the crossover mechanism of a Genetic Algorithm, the KGGA reconceptualizes recom-
bination as a form of genetic engineering—selectively amplifying high-quality genetic
material rather than relying on random mixing. This enhanced crossover mechanism
intensifies the search in promising regions of the solution space, promoting more efficient
and focused convergence.

Experimental results on a large-scale benchmark dataset demonstrated that the KGGA
consistently outperformed established baselines, including the Classic GA, KGFOA, and
HABCA. The method maintained an effective balance between exploration and exploita-
tion, resulting in consistently superior solution quality. The knowledge-guided crossover
significantly improved convergence behavior, while mutation preserved diversity and
reduced the risk of premature stagnation.

These findings underscore that Knowledge-Guided Search enhances the precision
and efficiency of Genetic Algorithms when addressing complex scheduling tasks. Much
like genetic engineering selectively amplifies desirable traits, this approach guides the
evolutionary process toward more promising regions of the solution space by leveraging
insights from high-quality individuals encountered during the search.

Future work could explore several extensions to further improve and generalize the
proposed methodology. One promising direction is applying the KGGA framework to
multi-objective variants of the DRC-FJSSP could assess its effectiveness in more complex
and realistic manufacturing environments. Another avenue involves hybridizing the KGGA
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with local search methods, such as variable neighborhood descent or tabu search, to further
refine solutions during later stages of evolution.

Beyond scheduling, the underlying principle of knowledge-guided genetic recombi-
nation holds potential for generalization to other combinatorial optimization problems.
Finally, a theoretical analysis of the convergence behavior introduced by knowledge-guided
crossover could offer valuable insight into the algorithm’s long-term dynamics and solution
stability. These extensions would not only strengthen the practical impact of the KGGA
but also deepen the understanding of how knowledge-guided crossover can be effectively
embedded within genetic algorithms.
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