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The goal of the Fourth Industrial Revolution is to de-
velop smart factories that ensure flexibility and adapt-
ability in complex production environments, without
human intervention. Smart factories are based on
three main pillars: integration through digitalization,
employment of flexible structures, and the use of arti-
ficial intelligence (AI) methods. Genetic programming
(GP) is one of the most promising AI approaches used
in the automated design of production-scheduling
rules. However, promoting diversity and controlling
the bloating effect are major challenges to the success
of GP algorithms in developing production-scheduling
rules that deliver high-quality solutions. Therefore,
we introduced a multi-objective technique to increase
the diversity among GP individuals while consider-
ing the program length as an objective to avoid the
bloating effect. The proposed approach employs a
new diversity metric to measure the distance between
GP individuals and the best rule in the current gen-
eration. Subsequently, the non-dominated sorting ge-
netic algorithm II (NSGA-II) was used to select in-
dividuals based on three objectives: solution quality,
similarity value, and program length. To assess the
effectiveness of the proposed approach, we compare
the two versions with three GP methods in the liter-
ature in terms of automatically generating dispatch-
ing rules on 10 benchmark instances of the job-shop
scheduling problem. The experimental results show
that the proposed distance measure enhances the phe-
notypic diversity of individuals, resulting in improved
fitness values without the need for additional fitness
assessments. In addition, the integration of NSGA-II
with the GP algorithm facilitates the evolution of supe-
rior job shop dispatching rules with high diversity and
shorter lengths under the makespan and mean tardi-
ness objectives.

Keywords: genetic programming, diversity, bloat con-
trol, evolutionary multi-objective optimization, job shop
scheduling

1. Introduction

Owing to advances in information and communication
technologies, the German government proposed the term
“Industry 4.0” to reduce waste, increase flexibility and
self-configuration, and facilitate data acquisition and anal-
ysis in manufacturing facilities [1]. A smart factory rep-
resents the ultimate application of technologies emerg-
ing from Industry 4.0. Smart factories integrate physical
and cyber technologies to realize short product life cycles
and extreme mass customization in a cost-efficient man-
ner [2]. To achieve such high automation levels, artifi-
cial intelligence (AI) methods are expected to be widely
adopted to perform analysis and make decisions without
human intervention. This has given rise to growing inter-
est in developing AI methods to solve optimization prob-
lems that occur in manufacturing systems [3]. The job
shop scheduling problem (JSSP) is one of the most pop-
ular combinatorial optimization models and has attracted
the attention of many scholars owing to its wide applica-
bility in practice [4]. In the last few decades, a large num-
ber of approaches have been proposed for solving JSSPs,
including exact and approximate methods. However, be-
cause JSSPs have proven to be NP-hard [5], exact meth-
ods are impractical for solving real-world instances within
reasonable computational time. Consequently, scheduling
heuristics have been introduced to deliver near-optimal
solutions in a reasonable computational time [6]. Dis-
patching rules have been widely used in JSSPs because of
their computational efficiency, ability to make real-time
scheduling decisions, and ease of implementation. Many
rules are manually designed to handle various job shop
configurations and objectives [7].

Because dispatching rules are developed to obtain
problem-specific solutions, the manual design of sophisti-
cated heuristics is not a trivial task in that it requires con-
siderable time, experience, and coding effort. Recently,
owing to advances in computational power and AI algo-
rithms, various methods have been developed to automate
the design of dispatching rules [8]. These methods, re-
ferred to as “hyper-heuristics,” represent high-level itera-
tive techniques to select or generate low-level heuristics
to solve hard computational problems [9]. The motiva-
tion was to reduce the time required to generate superior
heuristics. This leads to an increase in the level of general-
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ity of the search methods by discovering the right method
for each problem instance rather than directly solving the
problem. Regarding the automated design of production
scheduling rules, genetic programming (GP) is one of the
most prevalent techniques [10].

Evolving dispatching rules using the GP variable length
representation offers many advantages over other AI tech-
niques. The GP algorithm explores both the structure
and the corresponding parameters of a heuristic without
assuming any particular distribution or domain knowl-
edge [11]. In addition, the generated rules can be partially
interpreted compared with other methods, such as neu-
ral networks. Finally, several evolutionary multi-objective
methods can be combined with the GP algorithm to opti-
mize conflicting objectives [10]. However, two crucial
properties that influence the ability of the GP approach
to generate high-quality rules are premature convergence
and the unjustified growth of rules [12].

Similar to other evolutionary algorithms, population di-
versity plays an important role in preventing premature
convergence and stagnation towards local optima [13].
Several techniques have been proposed to enhance the
population diversity. These methods utilize non-standard
selection, mutation, or replacement strategies to increase
or control diversity levels [14]. In addition, the geographi-
cal distribution of individuals was commonly adopted and
reported in the literature, including neighborhoods [15]
and islands [16]. The most common diversity preserva-
tion mechanism in GP is the niching approach, which en-
courages the exploration of uncongested regions of the
search space by penalizing individuals in crowded areas.
The distance between GP individuals is determined by the
individuals’ structure (genotype) or performance (pheno-
type) [17]. The distance metrics in the literature have cer-
tain limitations that make them unsuitable for use in gen-
erating diverse rules for job shop scheduling problems.
First, the evolution of GP rules is computationally expen-
sive, limiting the use of phenotypic distance measures.
Second, genotypic distance metrics consider the position
of a node while neglecting the interaction effect between
the node and its parents. Finally, many distance measures
assume that all nodes have the same weight, and this is
not the case in scheduling rules where nodes near the root
have more impact than nodes that are far away. There-
fore, in this study, a new distance metric is introduced to
address these limitations.

A well-established phenomenon in GP and other
variable-length genome methods is the tendency of
evolved programs to grow rapidly over time without a sig-
nificant return in fitness. This phenomenon is referred
to as “bloat” [18]. This slows down the search process
by wasting computing resources in evaluating large indi-
viduals and reduces the likelihood that genetic operators
will alter important parts of the evolved programs [19].
The most common way to control bloating is to impose
size limits on the evolved programs. The size constraint
can be expressed using the maximum allowable tree depth
or maximum number of tree nodes [20]. Other methods
include code editing, modifying genetic operators, par-

simony pressure, and the removal of oversized individ-
uals [18, 21]. In addition, the size of the GP individuals is
indirectly (tie-breaker) optimized in parallel with fitness
and diversity, as proposed in [21–23].

In view of the above issues, this work aims to reduce
the size of the GP-generated rules without negatively af-
fecting the performance. To satisfy these two conflicting
goals, a multi-objective GP approach is proposed to si-
multaneously optimize the quality of the solution, diver-
sity value, and size of the generated rule. The research
objectives were as follows.

1. Develop a computationally efficient distance metric
for promoting diversity in the JSSPs.

2. Propose a new GP framework to control the bloat ef-
fect by simultaneously optimizing the fitness, diver-
sity, and size of the rules.

The remainder of this paper is organized as follows.
Section 2 provides a summary of related research. Sec-
tion 3 describes the proposed approach. The experimental
details are presented in Section 4. The results are analyzed
in Section 5. Finally, Section 6 presents the conclusions
and future work.

2. Related Work

2.1. Evolving Dispatching Rules Using GP

The use of the GP algorithm to evolve dispatching rules
was first proposed in 2000 by Miyashita [24]. Since then,
the field of automated design of dispatching rules (DRs)
using GP has been very active because of the rapid growth
of computational capabilities and the global shift towards
more automation in production facilities [10]. The liter-
ature on the automated design of production scheduling
heuristics was comprehensively reviewed with a focus on
design choices such as learning methods, attributes, rep-
resentation, and fitness evaluation [9]. In the same con-
text, Nguyen et al. [10] proposed a unified framework for
the automated design of DRs with GP. They presented
a detailed discussion of the key components and practi-
cal issues that must be investigated before developing a
GP system to generate production-scheduling rules. Ad-
ditionally, GP has been employed to evolve DRs in a wide
range of production scheduling problems, such as for sin-
gle machine [25], parallel machines [26], job shops [27],
and flexible job shops [4]. The common conclusion of
these studies is that the GP algorithm is a promising ap-
proach for generating high-quality DRs that can outper-
form existing rules without any human intervention. In
addition, the performance of GP based on a tree structure
was compared with that of a neural network and linear
representation [28] for designing DRs. The GP algorithm
obtained the best solution quality, followed by the neu-
ral network, whereas the linear representation yielded the
worst results.
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2.2. Promoting Diversity

The fitness landscape of hard optimization problems,
such as JSSPs, may contain more than one optimum.
Therefore, it is crucial to maintain high levels of diversity
among GP individuals to prevent premature convergence
towards one of these optima. Although a mutation genetic
operator helps achieve this goal to a certain extent, its ef-
fect is limited because the GP population usually settles
towards a few high-ranking individuals [29]. Therefore,
maintaining a sufficient level of diversity among individ-
uals, especially in the early generations, is critical for effi-
ciently exploring the search space and escaping local op-
tima. To enhance diversity among GP individuals, two
major challenges must be considered: measuring diver-
sity and maintaining it across evolving generations [30].

From a topological point of view, if two trees are close
to each other or identical, one can be easily converted to
the other with a few applications of genetic operators [31].
Accordingly, to enhance the population diversity, the sim-
ilarity (distance) between individuals must be evaluated,
and individuals with low similarity values must survive
to the next generation. Different distance metrics have
been proposed in the literature, such as the number of dif-
ferent structural individuals (genotypes) [22], fitness val-
ues (phenotypes) [30], edit distances [23], and composite
measures [32]. Burke et al. [14] examined the relation-
ship between several measures of diversity in genetic pro-
gramming and fitness values. In addition, a survey and
analysis of different semantic methods used to increase
the phenotypic diversity between GP individuals was pre-
sented [33]. The distance metrics in these literature re-
views were analyzed using standard GP methods, such
as artificial ants, even-5-parity, and symbolic regression.
To the best of our knowledge, research that addressed the
applicability of distance measures in promoting diversity
among GP individuals in the job-shop scheduling domain
has not yet been reported.

Multiple diversity mechanisms are used to reduce the
risk of high-performance individuals taking over the en-
tire population before effectively exploring the fitness
landscape [34]. Diversity mechanisms can be classified
into two groups: niching and non-niching. The most
common niching methods are fitness sharing, clearing,
and crowding. Non-niching techniques include meth-
ods such as the removal of genotype or phenotype du-
plicates, incest prevention, and island models [35]. The
main intuition behind fitness-sharing methods is to de-
value each individual’s fitness at a rate that is propor-
tional to the number of identical individuals in the popula-
tion. Rather than penalizing fitness values, some scholars
have suggested using multi-objective methods, where di-
versity is included as an explicit objective to be optimized
along with fitness in the GP algorithm. A multi-objective
method called age-fitness Pareto optimization was pro-
posed [12] to promote population diversity by simultane-
ously optimizing the age and fitness of individuals. Sim-
ilarly, Burks and Punch [22] introduced a genetic diver-
sity technique and employed the Pareto tournament selec-

tion method to obtain a set of non-dominated GP individ-
uals. Similarity among individuals was measured using
tree fragments, and the dominance relationship between
individuals was determined using both the solution qual-
ity and diversity values.

2.3. Controlling the Bloat Effect
Genetic programming is adversely affected by the bloat

problem, which represents the uncontrolled growth of the
size of individuals without tangible improvement in their
fitness values. Many bloat control methods have been re-
ported in the literature to mitigate the redundant growth
of GP individuals, and ten bloat control techniques were
compared [18]. In terms of using GP to develop schedul-
ing rules, the bloating effect not only greatly increases the
computational time, but also evolving rules tend to be too
complex for decision-makers to understand, which limits
their use in real-world applications [9]. Therefore, many
scholars have suggested the use of simplification tech-
niques to reduce the complexity and improve the readabil-
ity of GP rules. These methods are used to remove redun-
dant parts of evolved heuristics using manual [4] or online
learning [36] techniques, thereby making heuristics more
compact and easier to interpret. Similarly, feature selec-
tion methods were introduced [37] and [38] to indirectly
control the growth in GP rules by selecting a subset of the
most important features and eliminating noncritical fea-
tures, resulting in a reduction in the size of the generated
rules. The size of the individuals was also considered as
a tiebreaker in other studies, such as [22] and [23], when
two GP individuals deliver similar performance. The au-
thors reported that the solution quality of their results was
higher than that of the standard GP algorithm, with a sig-
nificant reduction in the average size of the programs.

Accordingly, two shortcomings were noted in the bloat
control methods presented in the literature. First, most
bloat methods are analyzed to generate functions for the
standard GP problems that question their adaptability for
JSSP with a large number of job shop terminals. Sec-
ond, the current bloat methods used in the JSSP domain
indirectly consider the size of individuals (maximum tree
depth or feature selection) to avoid sacrificing the perfor-
mance. Assigning the same weight to the size and fitness
of a GP rule allows low-performance rules with smaller
sizes to persist across generations, which may lead to
early stagnation in GP algorithm performance. Conse-
quently, the objective of this study was to develop a multi-
objective GP approach to simultaneously optimize the so-
lution quality, diversity value, and size of the scheduling
rules. The intuition behind this is that decreasing the rule
length limits the search ability of the GP algorithm; thus,
we seek to compensate for this by enhancing the popula-
tion diversity to cover different parts of the search space.

3. Proposed Approach

This section describes the proposed multi-objective GP
approach for evolving scheduling rules in JSSPs. First,
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we introduce the distance metric developed to measure
similarity values. The overall framework of the algorithm
is presented.

3.1. Distance Metric
Because the purpose of developing this new distance

metric is to promote diversity among dispatching rules,
we carried out a behavior analysis for the rules that were
evolved using GP. The preliminary runs enabled four ob-
servations to be made. First, the fitness evaluation of rules
is computationally expensive, restricting the use of phe-
notypic distance measures. Second, the structure of GP
individuals converges to that of the best rule in a given
generation. Third, not only does the location of the nodes
greatly affect their performance, but the interaction be-
tween the node and its parents also has a significant im-
pact. Fourth, we noticed that not all nodes have the same
weight, because nodes near the root had a greater impact
on the fitness value of a given rule than distant nodes.
These findings were addressed in our distance metric. To
reduce the computational requirements, a structural met-
ric is proposed that does not require any additional fitness
evaluations. Additionally, instead of evaluating the simi-
larity between every pair of rules in a GP population, the
similarity between each rule and the best rule is evaluated,
which reduces the similarity calculations from O(n2) to
O(n). Finally, the distance between the two rules is cal-
culated in three steps as follows.

Step 1: The two trees i and j are brought to the same
structure (depth) by adding null nodes.

Step 2: Weighted edge sets Si and S j for the two rules are
generated using the following equations:

Si = {w(ei)∀ei ∈ Ei}, S j = {w(e j)∀e j ∈ E j},
where e is an edge in the set of all edges E in a specific
tree, and w(e) is a function that estimates the weight of
edge e.

The weight w(e)of an edge e connecting nodes x and y
is estimated using the following equation:

w(e) =
wx + wy

2
, . . . . . . . . . . . . (1)

where wx and wy represent the weights of nodes x and y
respectively, which can be evaluated as follows:

wx = k(dmax−dx+1), and wy = k(dmax−dy+1),

where dmax is the tree depth, dx and dy denote the depth
of nodes x and y. k is a constant ≥ 1 to indicate that the
difference at depth k in the compared trees is k times more
important than the difference at depth k+1.

Step 3: The similarity value Si j between trees i and j are
measured using the following equation:

Si j =
∑e∈Ei∩E j

(w(ei) + w(e j))

∑e∈Ei∪E j
(w(ei) + w(e j))

. . . . . . (2)

Fig. 1. Example of the proposed similarity measure.

An illustrative example of how the proposed distance
metric measures the similarity between two trees is shown
in Fig. 1. The two rules are presented in both the tree
structure and mathematical form. Three terminals are
presented: processing time PT, work in the next queue
WINQ, and next processing time NPT . The depth of the
first rule (d1 = 2) is incremented by one using a null node
to obtain the same depth as the second rule (d2 = 3). The
depth and weight for each node are shown in columns d
and w next to the tree structure of rule 2. The weights of
the nodes were assigned using k = 2. Clearly, the set of
common edges includes +PT, +×, ×NPT , and ×WINQ.
The similarity value between the two rules is estimated by
dividing the sum of the weights of the common edges by
the total weight of all the edges in both rules. There is a
similarity value of 0.7 between the two rules.

From this example, when k = 2, the weight of a node
is half the weight of its parent node, that is, increasing the
depth by one will reduce the edge weight by half. In addi-
tion, the location of an edge (right or left) does not affect
its weight because edges at the same depth have the same
weight regardless of their position. Moreover, the simi-
larity value ranges from 0 to 1 and can be evaluated even
if the two trees have different depths or dissimilar root
nodes. Finally, the proposed metric utilizes the informa-
tion available in the structure of the rules to be compared;
thus, additional fitness evaluations are not required.

3.2. Proposed Multi-Objective GP Approach
The aim of the proposed approach is to extend the

standard GP algorithm [39] by enhancing diversity and
reducing the bloat effect in the evolved rules. Non-
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Algorithm 1: Pseudocode of the algorithm.
Inputs: Job shop scheduling problem instance I
Outputs: The Pareto front of non-dominated rules P∗
Initialize population P←{X1, X2, . . . , Xpopsize}
Set generation g← 0
while g < gmax do

Apply genetic operators to P (generate offspring Q)
Best rule Xb← 0
foreach rule Xi ∈ Q do

Construct a schedule Δ(Xi, I)
Calculate the objective value f (Δ(Xi, I))
if f (Δ(Xi, I))< f (Δ(Xb, I)) do

Xb← Xi
end if

end for
T ← P∪Q
foreach rule Xi ∈ T do

Calculate the similarity value SXi,Xb
end for

P← NSGA-II select(T ); and g← g+1
end while
return the non-dominated individuals P∗ ⊆ P

dominated Sorting Genetic Algorithm-II (NSGA-II) is
one of the most popular Pareto-based multi-objective
algorithms used to obtain a set of well-spread Pareto-
optimal solutions [40]. In addition, Zhang et al. [41] in-
tegrated the strategies of NSGA-II and SPEA2 into GP to
solve the dynamic flexible JSSP. The results showed that
incorporating NSGA-II with GP generated more effective
rules with higher consistency than SPEA2. Therefore, we
integrated NSGA-II with the GP algorithm to simultane-
ously optimize the three objectives at the same time. The
objectives considered were the fitness value, similarity
value, and rule depth. The pseudocode for the proposed
algorithm is presented in Algorithm 1.

The algorithm begins by generating a population of dis-
patching rules using a predefined set of functions and ter-
minals. Evolutionary generation begins by using each of
these rules to construct a schedule for a given JSSP in-
stance. The objective values of the rules are then esti-
mated from the constructed schedules, and the best rule
in this generation is updated accordingly. Parents and off-
spring are combined to ensure elitism, which guarantees
that the best individuals secure a place in the next gener-
ation. Then, the similarity value between each rule and
the best-evolved rule is assessed using the proposed dis-
tance metric. NSGA-II is used to select rules with high
ranks and smaller crowding distances for new population
formation. If the required number of generations is not
reached, another iterative cycle starts; otherwise, the al-
gorithm terminates and a set of non-dominated scheduling
rules is returned.

4. Experimental Setup

This section presents the experimental setup used to
compare the proposed approach with the other methods.

Fig. 2. Flowchart of the five developed algorithms.

In addition, the parameter settings for both the GP algo-
rithms and JSSP instances are shown.

4.1. Comparison Design
To assess the effectiveness of the proposed distance

metric and multi-objective GP approach, two algorithms
are developed. The first algorithm, referred to as “PGP P,”
evaluates the ability of the proposed similarity metric to
increase the quality of GP rules by promoting population
diversity. The second algorithm, denoted as “PGP N,”
follows the same steps presented in Algorithm 1 and is
used to verify whether the proposed approach can opti-
mize the solution quality, diversity, and size of evolved
rules simultaneously. The two proposed algorithms were
compared with the following three algorithms in the liter-
ature.

1. SGP: Standard GP algorithm [39].

2. EGP: SGP with Edit-distance metric [23].

3. MGP: SGP with genetic Marker metric [22].

The SGP algorithm was developed to evaluate the bene-
fits of increasing the population diversity and controlling
the bloating effect compared to the standard version of the
GP algorithm. In addition, the EGP and MGP algorithms
were considered to enable the proposed algorithm to be
compared with other GP algorithms that use different dis-
tance metrics and bloat control techniques.

A flowchart of the five algorithmic experiments is
shown in Fig. 2. All algorithms begin by initializing the
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same population of scheduling rules using the same ran-
dom seed. Subsequently, their fitness values were eval-
uated on a specific JSSP instance using a predefined ob-
jective function. In the case of SGP, no diversity metric
is used, and the best rules are selected by the standard
tournament method. For the EGP and MGP algorithms,
the similarity values of the rules were evaluated using
the edit distance and genetic marker distance metrics, re-
spectively. The proposed distance metric was used for
both PGP P and PGP N. For the PGP N algorithm, the
Pareto front rule with the lowest fitness value was used
to measure the similarity values. The Pareto tournament
method [12] was employed to select the fittest rules for
the EGP, MGP, and PGP P algorithms. The same selec-
tion mechanism was used to evaluate the performance of
the proposed metric separately. In the case of PGP N,
the best rules were selected using NSGA-II. Genetic op-
erators were then applied to create a new population of
scheduling rules. If the stopping criterion is satisfied, the
algorithm terminates; otherwise, a new evolutionary iter-
ation begins.

4.2. JSSP and Genetic Programming Settings
Ten JSSP instances (ta61–ta70) based on previously

proposed benchmark data [42] were used for comparison
purposes. These instances are chosen from the 80 avail-
able instances because they are the most complex in-
stances with the largest number of jobs and machines, and
the optimal solutions are known for the makespan objec-
tive (for validation). The job shop contains 20 machines,
and 50 jobs are processed. Each job must visit all ma-
chines following a predetermined routing path. The pro-
cessing times follow a uniform distribution U [1,99]. Two
objectives were investigated: makespan and mean tardi-
ness. These objectives are chosen because the makespan
represents the level of productivity that the system can
achieve, whereas the mean tardiness objective assesses its
ability to meet customer due dates (customer satisfaction
level). Job due dates are estimated using the total work
content method [10], where job due date = current time
+ tightness factor × total processing time, as these dates
are not available in the instances reported in the literature.
We employed a tightness factor of 1.9 as proposed in a
previous report [7].

Regarding the GP parameters used for the five al-
gorithms, a population of 250 rules was created using
the ramped-half-and-half method [39], with a maximum
depth of 8. Table 1 lists the set of functions and terminals
used. In addition, the underlined terminals are used when
optimizing the mean tardiness objective, and are excluded
in the case of the makespan objective. The function set
comprises basic arithmetic operations and logical func-
tions. The values of the crossover and mutation rates are
set to 0.9 and 0.1. Finally, the algorithm terminates after
30 generations are completed. Because of the random-
ness inherent in the GP algorithm, 20 replications were
performed. In addition, the Wilcoxon rank-sum test was
used with a significance level of 5%.

Table 1. GP terminal and function sets.

Attribute Explanation
JR Job release date
OR Operation ready time
WR Work remaining of the job
PT Operation processing time
RO Number of remaining operations in a job
WT Operation waiting time
NPT Processing time of the next operation
WINQ Work in the next queue
APR Average processing time of queued job
DD Job due date
CT Machine ready time (current time)
SL Job slack
Function set +, −, ×, /, min, max, and abs

5. Results

This section discusses the evaluation of the two pro-
posed algorithms with respect to the three approaches. In
Section 5.1, parameter k is fine-tuned by analyzing its im-
pact on the performance of the proposed similarity metric.
To gain in-depth insights into the behavior of the five al-
gorithms, the quality of the GP individuals was tracked
across generations. Additionally, the results obtained by
applying the five algorithms to the ten job shop scenarios
are presented in Subsections 5.2 and 5.3 for the makespan
and mean tardiness objectives, respectively.

5.1. Behavior Analysis of the Proposed Methods
The PGP P algorithm is implemented using four values

of the parameter k, k= {1, 2, 3, 4}, where k=1 represents
the case in which a node takes a weight equal to its depth.
In addition, four performance measures were considered:

1. Solution quality: average objective values of rules in
a given generation.

2. Mean rule length: the average number of terminals
included in GP individuals.

3. Genotypic diversity: the number of unique rules.
Two rules are identical if they have the same struc-
ture and content [14].

4. Phenotypic diversity: the number of unique fitness
values in a population.

The experiments in this subsection were performed in
the ta61 instance, as similar results were obtained in the
other nine instances. In addition, the aim of this study was
to investigate the performance of the algorithms across
generations rather than their overall performance, as pre-
sented in the next subsections. Fig. 3 shows the results
obtained by implementing the PGP P algorithm using the
four values of the parameter k, where the mean values are
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Fig. 3. Effect of changing the value of the parameter k on the four performance measures.

shown as a solid line, and the standard deviations are de-
picted as a shaded area around it. As shown in Fig. 3(a),
changing the value of the parameter k does not affect the
solution quality of the evolved rules, as there is no sig-
nificant difference between the four runs. In contrast, the
average rule length is highly sensitive to the k value, as
shown in Fig. 3(b). Similar observations are revealed for
the other two measures, as shown in Figs. 3(c) and (d),
where altering the k value had a great impact on the pop-
ulation diversity. The interesting finding here is that even
though the population diversity changes according to the
value of parameter k, the GP reasoning ability can miti-
gate this effect on the quality of the generated rules (sim-
ilar makespan results). Specifically, when the value of k
is 4, if the node depth is decreased by one, its weight in-
creases fourfold. Thus, the GP search explores the search
space of small rules (higher impact on diversity), result-
ing in a reduction in the length of new rules, as shown
in Figs. 3(a) and (b), where k = 4 has the smallest aver-
age rule length with the same fitness values. The distance
metric with k = 3 was used in the following GP exper-
iments because it yielded acceptable results for the four
performance measures.

In Fig. 4, the behavior of the two proposed algorithms
is analyzed against that of the three algorithms from the
literature on the ta61 instance with respect to the qual-
ity of evolved rules, rule length, computational time, and

population diversity. Regarding the quality of the evolved
rules, the PGP N algorithm obtained the lowest makespan
value with a consistent improvement across generations,
as shown in Fig. 4(a). In addition, the exploration ability
of PGP P was superior to that of the EGP and MGP algo-
rithms. It is noteworthy that although the SGP algorithm
obtained higher quality makespan results compared to the
EGP, MGP, and PGP P algorithms, these results would be
reversed if the computational time was used as a stopping
condition instead of the number of generations, as illus-
trated in Fig. 4(c). The use of the Pareto tournament se-
lection method in the EGP, MGP, and PGP P algorithms
significantly decreased the average rule size by approx-
imately 75% compared with the SGP algorithm, result-
ing in a reduction in computational time of approximately
56.5%, as shown in Figs. 4(b) and (c). Therefore, when
comparing the other JSSP instances in the next subsec-
tion, the average rule length was used as an indicator of
the computational time of the algorithm.

Regarding the diversity of GP individuals, the pro-
posed PGP N algorithm obtained higher genotypic and
phenotypic diversity values across generations compared
to other methods, especially in the first ten generations
as depicted in Figs. 4(d) and (e). In addition, although
the SGP algorithm generated high-quality rules, it had the
lowest genetic and phenotypic diversity, which explains
the exponential growth in the mean rule length as SGP
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Fig. 4. Performance of the five GP algorithms on the ta61 JSSP instance.

strives to escape from local optima by increasing the rule
sizes. Moreover, the use of the proposed distance metric
increases the phenotypic diversity of GP rules compared
with the literature similarity measures without sacrificing
the performance or size of the rules. These results led to
two main findings. First, the PGP N algorithm was able
to generate rules with lower makespan values compared
to the other methods because of the high diversity lev-
els, especially in the early generations. Second, the use
of NSGA-II as a section mechanism enhanced the explo-
ration ability of the GP algorithm compared with the stan-
dard or Pareto tournament selection methods used in the
other algorithms. Finally, the PGP N algorithm obtained

a mean makespan value of 3315 with a 7.2% deviation
from the optimal solution (2868) of this JSSP instance,
which proves that GP is a promising approach for the au-
tomated design of scheduling rules.

5.2. Makespan Objective
The performances of the five GP algorithms for opti-

mizing the makespan objective were estimated. Ten in-
stances from the literature were used and four perfor-
mance measures were evaluated. These measures were
makespan value (MV), average rule length (RL), geno-
typic diversity (GD), and phenotypic diversity (PD). The
mean and standard deviation of the obtained results are
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Table 2. Performance of the five GP algorithms in terms of optimizing the makespan objective on the ten JSSP instances.

Inst. Perf. SGP EGP MGP PGP_P PGP_N 
ta61 MV 3078.15±16.4 3152.5±12.5 3129.55±17.2 3102.6±11.6 (-, +, +) 3077.0±13.0 (=, +, +, +) 

 
RL 14.09±2.6 3.73±1.1 3.38±0.2 3.3±0.8 (+, =, +) 3.19±0.7 (+, +, =, +) 
GD 89.82±6.3 103.33±13.3 155.82±3.4 145.68±5.0 (+, +, -) 180.59±8.3 (+, +, +, +) 
PD 32.08±5.5 62.47±7.7 93.21±5.1 99.1±5.9 (+, +, +) 103.9±6.6 (+, +, +, =) 

ta62 MV 3133.15±13.8 3188.75±28.0 3158.2±14.8 3142.3±7.8 (-, +, +) 3135.2±7.5 (=, +, +, =) 

 
RL 11.61±2.2 3.07±0.6 3.15±0.2 3.08±1.0 (+, =, +) 2.79±1.1 (+, =, =, +) 
GD 96.47±6.7 78.39±13.9 149.74±4.2 137.44±6.0 (+, +, -) 164.35±11.4 (+, +, +, +) 
PD 25.35±4.0 41.48±7.1 74.75±4.8 84.34±6.6 (+, +, +) 79.28±9.7 (+, +, =, -) 

ta63 MV 2960.9±10.3 3003.4±17.7 2984.65±8.8 2967.45±11.6 (=, +, +) 2956.45±10.1 (=, +, +, =) 

 
RL 13.9±2.5 3.48±1.3 3.42±0.2 3.52±1.2 (+, =, -) 3.16±0.9 (+, =, +, +) 
GD 95.28±6.5 101.24±10.7 156.87±3.3 143.83±4.6 (+, +, -) 177.07±9.6 (+, +, +, +) 
PD 25.68±4.6 57.09±6.7 85.27±4.7 88.1±6.7 (+, +, +) 86.99±6.8 (+, +, =, =) 

ta64 MV 2857.75±18.2 2912.5±15.0 2885.3±7.2 2861.2±9.5 (=, +, +) 2853.5±7.0 (=, +, +, =) 

 
RL 13.85±3.0 3.16±0.7 3.11±0.2 3.19±1.4 (+, -, -) 2.9±1.0 (+, =, =, +) 
GD 90.36±6.5 98.81±11.7 156.95±3.1 142.15±5.4 (+, +, -) 178.88±9.6 (+, +, +, +) 
PD 25.95±4.7 42.52±6.5 65.93±4.7 76.51±6.9 (+, +, +) 79.68±8.7 (+, +, +, =) 

ta65 MV 2988.9±21.0 3035.6±13.3 3024.85±17.9 2987.65±16.8 (=, +, +) 2994.85±14.1 (=, +, +, =) 

 
RL 12.99±2.8 3.2±0.9 2.86±0.2 2.92±1.2 (+, =, -) 2.56±1.1 (+, +, =, +) 
GD 86.92±7.8 75.58±15.3 147.65±3.9 132.8±13.7 (+, +, -) 140.17±17.0 (+, +, -, =) 
PD 26.51±4.7 36.62±7.2 56.46±4.7 77.37±8.6 (+, +, +) 65.22±9.6 (+, +, +, -) 

ta66 MV 3042.15±11.4 3099.25±10.4 3075.85±9.2 3056.95±7.7 (-, +, +) 3050.0±5.8 (=, +, +, =) 

 
RL 14.08±3.4 3.58±0.9 3.44±0.2 3.31±1.0 (+, =, +) 3.22±1.2 (+, +, +, +) 
GD 88.61±6.7 102.36±12.8 155.44±3.7 143.47±4.9 (+, +, -) 173.65±9.1 (+, +, =, +) 
PD 28.48±4.4 60.68±8.2 94.49±4.8 95.21±5.3 (+, +, +) 95.21±6.9 (+, +, =, =) 

ta67 MV 3024.95±19.8 3108.25±18.5 3084.15±16.2 3040.95±10.1 (=, +, +) 3039.6±11.6 (=, +, +, =) 

 
RL 13.87±2.2 3.35±0.7 3.51±0.2 3.68±1.3 (+, -, -) 3.49±1.2 (+, -, +, +) 
GD 91.13±5.5 109.15±9.6 157.55±3.1 143.85±4.7 (+, +, -) 180.33±7.0 (+, +, +, +) 
PD 32.65±5.7 66.22±6.1 96.73±4.5 96.25±5.7 (+, +, =) 104.62±6.2 (+, +, =, =) 

ta68 MV 2922.95±11.9 2985.15±15.8 2946.65±8.9 2936.35±14.6 (=, +, +) 2922.1±10.9 (=, +, +, =) 

 
RL 11.57±2.0 3.24±0.7 3.4±0.2 3.21±0.8 (+, +, =) 2.76±0.6 (+, +, +, +) 
GD 94.16±7.3 91.48±13.9 153.12±3.5 143.29±5.0 (+, +, -) 166.0±12.3 (+, +, =, +) 
PD 25.19±4.7 48.27±8.1 83.4±4.4 85.65±7.1 (+, +, +) 79.62±7.9 (+, +, =, =) 

ta69 MV 3211.35±6.6 3275.55±14.0 3268.9±11.7 3234.3±12.3 (-, +, +) 3221.15±9.0 (-, +, +, =) 

 
RL 13.92±3.5 4.62±2.0 3.28±0.2 3.23±1.1 (+, +, +) 3.11±0.8 (+, +, +, +) 
GD 91.14±5.6 111.56±10.2 155.88±3.5 140.8±7.4 (+, +, -) 183.13±8.1 (+, +, +, +) 
PD 28.12±4.8 54.83±6.7 74.94±5.3 87.23±6.0 (+, +, +) 94.44±6.8 (+, +, +, +) 

ta70 MV 3278.55±21.8 3334.65±16.9 3301.55±16.5 3289.55±16.7 (=, +, =) 3258.85±12.4 (=, +, +, +) 

 
RL 13.82±2.4 3.51±0.8 3.46±0.2 3.59±1.3 (+, -, -) 3.29±1.1 (+, =, =, +) 
GD 93.14±6.0 106.65±11.6 154.47±3.9 146.4±4.7 (+, +, -) 169.31±10.2 (+, +, =, +) 
PD 28.55±5.0 63.56±7.5 86.05±4.9 92.52±6.5 (+, +, +) 90.38±7.5 (+, +, =, -) 

Summary 

MV (0/4, 0/1) (10/0, 10/0) (9/0, 10/0) 2/0 

None RL (8/1, 8/1) (3/2, 6/1) (4/4, 6/0) 9/0 
GD (10/0, 10/0) (10/0, 10/0) (0/10, 6/1) 9/0 
PD (10/0, 10/0) (10/0, 10/0) (9/0, 4/0) 1/3 

listed in Table 2. The statistical results achieved by com-
paring PGP P with the three algorithms are represented
by the tuple next to the PGP P results (PGP P versus
SGP, PGP P versus EGP, and PGP P versus MGP). The
symbols “+,” “−,” and “=” indicate that the correspond-
ing result is significantly better, worse than, or similar
to its counterpart, respectively. In addition, the perfor-
mance of PGP N is compared with that of the three lit-
erature methods, as well as the PGP P algorithm repre-
sented by the fourth element in the tuples next to its re-
sults. The last row of the table summarizes the results
counting the number of times a certain method loses (sig-
nificantly worse) or wins (significantly better) against the
PGP P and PGP N algorithms (lose/win).

Regarding the quality of the evolved rules, the PGP N
algorithm delivered similar performance to the SGP with

only one loss, whereas the PGP P produced inferior re-
sults in four instances. In contrast, the proposed algo-
rithms significantly outperformed the SGP algorithm in
terms of the average size of the rules and diversity ob-
jectives. The rules evolved using the proposed methods
were able to achieve smaller makespan values compared
with the EGP and MGP algorithms with wins in almost
all instances. In addition, the population diversity of the
PGP P and PGP N rules was significantly larger than that
of the EGP rules in the ten instances. In contrast, al-
though the phenotypic diversity of the PGP P algorithm
was greater than that of the MGP algorithm in the nine
scenarios, the genotypic diversity was significantly worse
in all instances. These results are consistent with those in
the literature, as good fitness values were reported to be
correlated with high phenotypic diversity. The integration
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Table 3. Performance of the five GP algorithms in terms of optimizing the mean tardiness objective on the ten JSSP instances.

Inst. Perf. SGP EGP MGP PGP_P PGP_N 
ta61 MT 492.14±5.0 514.54±5.4 507.98±5.5 498.37±4.8 (=, +, +) 494.0±3.4 (=, +, +, =) 

 
RL 14.56±3.6 4.62±1.4 4.1±0.2 3.71±0.7 (+, +, +) 3.59±0.8 (+, +, +, +) 
GD 94.25±5.5 113.1±12.5 155.83±3.1 142.63±5.0 (+, +, -) 168.69±9.6 (+, +, =, +) 
PD 25.27±3.6 74.33±9.6 97.28±4.6 103.32±6.4 (+, +, =) 100.04±5.5 (+, +, =, -) 

ta62 MT 463.19±7.6 485.07±4.9 478.94±4.3 470.15±4.3 (=, +, +) 466.72±4.2 (=, +, +, =) 

 
RL 12.21±1.8 4.08±1.0 4.17±0.2 4.11±1.0 (+, -, +) 3.68±0.7 (+, +, +, +) 
GD 89.34±6.4 117.38±10.4 158.15±3.3 145.08±5.0 (+, +, -) 182.13±8.1 (+, +, +, +) 
PD 27.96±4.4 88.5±8.0 112.89±4.9 121.24±6.9 (+, +, +) 128.05±7.3 (+, +, =, =) 

ta63 MT 461.61±4.0 486.55±5.5 475.17±3.1 468.75±4.7 (-, +, +) 466.37±4.1 (-, +, +, =) 

 
RL 13.57±2.3 4.11±1.4 4.18±0.2 3.9±0.9 (+, =, =) 3.99±1.0 (+, =, =, =) 
GD 91.78±7.5 106.42±11.4 157.02±3.5 143.86±5.0 (+, +, -) 179.58±8.8 (+, +, +, +) 
PD 26.65±4.0 79.03±8.7 105.7±4.7 116.22±6.3 (+, +, +) 125.12±7.6 (+, +, =, =) 

ta64 MT 455.9±7.3 479.64±7.0 467.02±6.5 457.33±6.0 (=, +, +) 447.49±7.0 (=, +, +, +) 

 
RL 14.13±3.3 3.48±0.6 4.11±0.2 3.83±1.0 (+, -, =) 3.88±1.1 (+, -, =, =) 
GD 95.07±6.6 99.75±11.5 157.64±3.1 145.97±4.8 (+, +, -) 175.15±8.7 (+, +, +, +) 
PD 24.27±4.2 68.86±7.2 94.83±5.1 115.77±6.6 (+, +, +) 112.81±6.1 (+, +, +, -) 

ta65 MT 443.85±5.9 459.51±5.9 454.9±4.8 449.91±3.7 (-, +, =) 446.21±4.9 (=, +, +, =) 

 
RL 13.34±2.1 3.8±0.7 4.09±0.2 3.67±0.8 (+, +, +) 3.51±0.5 (+, +, +, +) 
GD 92.07±6.1 114.4±9.5 157.6±3.1 144.45±4.7 (+, +, -) 179.33±9.8 (+, +, +, +) 
PD 25.05±3.5 81.4±7.6 102.43±5.3 116.4±6.0 (+, +, +) 123.65±7.7 (+, +, =, =) 

ta66 MT 470.19±7.4 499.12±6.2 490.54±4.9 476.14±6.0 (=, +, +) 475.51±6.0 (=, +, +, =) 

 
RL 13.97±2.8 3.73±1.0 3.91±0.2 3.53±1.0 (+, =, +) 3.16±0.8 (+, +, +, +) 
GD 90.77±7.1 96.24±10.0 153.67±3.6 141.62±5.9 (+, +, -) 143.73±13.2 (+, +, =, =) 
PD 24.28±3.5 62.96±7.0 87.22±4.4 110.23±6.6 (+, +, +) 90.11±7.4 (+, +, =, -) 

ta67 MT 488.62±6.6 515.9±7.1 502.96±3.9 494.27±3.3 (=, +, +) 491.38±4.3 (=, +, +, =) 

 
RL 15.24±4.1 3.73±0.7 4.19±0.2 4.15±1.3 (+, -, +) 3.72±1.0 (+, =, +, +) 
GD 90.96±6.8 107.05±9.8 155.82±3.5 144.88±4.9 (+, +, -) 168.02±9.0 (+, +, =, +) 
PD 27.3±4.0 79.58±7.7 97.8±5.4 119.75±6.3 (+, +, +) 114.54±7.1 (+, +, =, -) 

ta68 MT 476.26±7.6 496.38±6.5 491.58±4.5 481.2±6.6 (=, +, +) 475.53±5.8 (=, +, +, =) 

 
RL 14.24±3.1 3.85±0.8 4.08±0.2 3.82±1.1 (+, +, =) 4.0±1.1 (+, -, =, =) 
GD 91.7±6.9 103.03±12.6 155.09±4.0 144.81±4.5 (+, +, -) 173.99±8.6 (+, +, +, +) 
PD 28.31±3.9 72.94±8.9 99.39±6.0 120.84±6.9 (+, +, +) 123.42±7.3 (+, +, +, =) 

ta69 MT 523.12±8.2 546.72±5.6 538.03±5.6 527.85±7.4 (=, +, +) 517.62±4.3 (=, +, +, +) 

 
RL 11.62±1.7 3.4±0.5 3.98±0.2 3.56±0.8 (+, -, +) 3.46±0.9 (+, -, +, +) 
GD 92.87±5.6 96.1±10.3 155.46±3.1 142.01±5.0 (+, +, -) 163.64±11.9 (+, +, =, +) 
PD 23.76±3.0 65.77±6.5 87.13±6.4 101.75±7.5 (+, +, +) 99.83±5.7 (+, +, =, -) 

ta70 MT 505.36±6.0 526.77±5.5 521.24±3.4 514.11±6.3 (-, +, +) 508.56±5.1 (=, +, +, =) 

 
RL 12.92±2.1 4.11±0.9 4.15±0.2 3.79±0.9 (+, =, =) 3.39±0.6 (+, +, +, +) 
GD 98.77±7.2 110.45±13.1 158.48±3.0 141.31±5.2 (+, +, -) 181.76±8.7 (+, +, +, +) 
PD 23.54±3.8 71.94±9.5 99.15±5.1 107.57±7.7 (+, +, +) 113.43±7.3 (+, +, =, =) 

Summary 

MT (0/3, 0/1)  (10/0, 10/0)  (9/0, 10/0) 2/0 

None RL  (10/0, 10/0)  (3/4, 5/3)  (6/0, 7/0) 7/0 
GD  (10/0, 10/0)  (10/0, 10/0)  (0/10, 6/0) 9/1 
PD  (10/0, 10/0)  (10/0, 10/0)  (9/0, 2/0) 0/5 

of NSGA-II and the proposed distance metric greatly in-
creased the genotypic diversity and reduced the average
length of rules compared with the PGP P algorithm.

The following conclusions were drawn. The edit dis-
tance method used in the EGP algorithm is clearly un-
suitable for measuring the similarity between GP rules in
JSSPs because it produced the worst results for the GD
and PD measures. In contrast, the genetic marker diver-
sity measure used in the MGP algorithm achieved high
levels of genotypic and phenotypic diversity among the
GP rules. Finally, the rules evolved using the PGP N algo-
rithm have the lowest makespan values, highest diversity,
and smallest average rule length, which demonstrates the
usefulness of integrating NSGA-II with the GP algorithm
while using the proposed distance metric.

5.3. Mean Tardiness Objective

The five algorithms were evaluated in terms of their
ability to optimize the mean tardiness (MT) objective,
which evaluates the ability of the job shop to meet cus-
tomer due dates. The results are presented in Table 3.
The performance of the PGP P and PGP N algorithms
was superior to that of the SGP algorithm with respect
to the RL, GD, and PD objectives. Regarding the MT ob-
jective, both SGP and PGP N had relatively similar per-
formances, except for one instance in which SGP outper-
formed PGP N. Compared with the EGP algorithm, the
proposed algorithms achieved results that are of a signifi-
cantly higher quality for the MT, GD, and PD objectives in
all considered instances. The conclusion regarding the av-
erage length of the evolved rules is not definitive because
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the PGP P algorithm delivered superior performance in
three instances and inferior performance in four instances
compared to the EGP algorithm.

The results in Table 3 indicate that the proposed algo-
rithms were able to create rules with higher solution qual-
ity and smaller sizes than the MGP algorithm. Specifi-
cally, PGP P and PGP N have significantly lower mean
tardiness values than the MGP algorithm in nine and
ten instances, respectively. In terms of the phenotypic
diversity of the evolved rules, both PGP P and PGP N
outperformed MGP in nine and two instances, respec-
tively, without any loss. In contrast, the PGP P algo-
rithm yielded poor GD results compared with the MGP
results for the ten scenarios. In addition, it is important
to note that high genotypic diversity does not necessarily
imply high phenotypic diversity because rules with differ-
ent structures and content may obtain the same fitness val-
ues. The main reason for this phenomenon is the presence
of redundant operations, for example, even though the
WINQ+ PT rule and the WINQ+ ((PT ×NPT)/NPT))
rule have different structures and terminals, they will re-
turn the same results. Finally, the rules generated using
the proposed multi-objective approach had higher solu-
tion quality in two instances, shorter lengths in seven in-
stances, and higher genotypic diversity in nine instances
compared with the PGP P algorithm.

Although the results obtained using the mean tardi-
ness objective were consistent with those obtained using
the makespan objective, two additional observations were
noted. First, in most scenarios, the average rule length
in the case of the mean tardiness objective is greater than
the average length of the rules generated for the makespan
objective. Second, the PD measure in the SGP algorithm
did not change significantly between the two objectives;
in spite of this, the other algorithms had higher PD levels
in most instances in the case of the mean tardiness objec-
tive compared with the makespan objective. Increasing
the number of specified terminals related to job due dates
by three in the case of the mean tardiness objective might
be the reason for the increase in the average rule length
and phenotypic diversity. When the number of terminals
increases, the heuristic search space increases exponen-
tially; thus, the GP algorithm increases the length of the
generated rules to improve the exploration ability. In ad-
dition, as the heuristic search space and average length of
rules increase, distance metrics become more efficient be-
cause the possibility of variability between the structure
and fitness value of evolving rules increases.

6. Conclusions

We propose a distance metric to promote diversity
among the scheduling heuristics evolved using a genetic
programming algorithm. In addition, to mitigate the
bloating effect, the proposed metric was integrated with
NSGA-II to optimize the solution quality, diversity value,
and rule length simultaneously. Two algorithms, PGP P
and PGP N, were developed to assess the effectiveness

of the proposed distance metric and multi-objective GP
approaches. Two objective functions were addressed:
the makespan and mean tardiness. For each objective,
four performance measures were evaluated: the objective
value, genotypic diversity, phenotypic diversity, and aver-
age length of the evolved rules.

The performance of the two proposed algorithms was
compared with that of three algorithms from the literature
for ten benchmark job shop scheduling problem instances.
The experimental results demonstrated the effectiveness
of our proposed methods in generating a phenotypically
diverse population of scheduling rules with smaller sizes
and higher solution quality compared to other methods.
Although one of the existing diversity metrics (MGP) ob-
tained higher quality genotypic diversity results compared
to the PGP P algorithm, the evolved rules using PGP P
significantly outperformed the MGP rules in terms of the
other three objectives. Finally, the rules generated using
the PGP N algorithm produced superior results compared
to the literature approaches for the studied objectives.

In future research, we plan to employ the proposed ap-
proaches to address dynamic events in job shops such as
machine breakdowns and job arrivals. In addition, we aim
to assess the developed algorithms for other job shop set-
tings, such as flexible job shops or unrelated machines
environments.
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