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Abstract

Manufacturing plays a crucial role in robust economies, and effective optimization of manufacturing processes ensures competitive
viability. Multi-hole drilling is a fundamental process in manufacturing, especially in the mass production of boilerplates, food
processing separators, drum and trammel screens, and printed circuit boards, where optimizing drill tool paths is crucial for cost
competitiveness. Multi-hole drill tool path sequencing is often framed as Traveling Salesman Problems, known for their NP-hard
complexity. Researchers employed evolutionary algorithms to tackle the challenges associated with these NP-hard complexities.
The recently proposed Discrete Teaching Learning Based Optimization (DTLBO) can address the intricacies of multi-hole drill
tool path sequencing. This study proposes the use of DTLBO for multi-hole drill tool path sequencing optimization and highlights
the critical distinctions between Canonical and Non-Canonical approaches of the DTLBO. Further, it assesses their performances
through a comparative analysis using test problems, investigating the merits and demerits of these approaches. The findings of this
investigation provide a foundation for refining the algorithms and improving their practical effectiveness, which will be pursued as
future research. Notably, no prior research in the literature has undertaken such a comprehensive comparison.

Keywords- Drill tool path optimization, Drill tool path sequencing, Tool path optimization, Discrete teaching-learning-based
optimization, Canonical and non-canonical approaches.

1. Introduction

Manufacturing is vital for continued economic growth; optimizing manufacturing processes is key to
remaining competitive for long-term growth and profitability. Multi-hole drilling is one of the significant
operations utilized in various industries, including aerospace and automobile. It is commonly used to drill
holes or create patterns of holes in products such as drum and trammel screens, boilerplates, connecting
flanges in steel structures, food processing separators, and printed circuit boards (PCBs) (Abbas et al., 2011,
Zhang and Joseph, 2009). In the process of multi-hole drilling, the time spent on the travel and switching
of the drill tool accounts for 70% of the total drilling time (Merchant, 1985). Optimizing the time taken for
tool travel and switching is crucial for competitiveness since these tasks do not contribute value.
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Similar to the traveling salesman problem (TSP), the multi-hole drill tool path sequencing problem is also
a classic problem in combinatorial optimization. It entails figuring out the shortest path for the drill tool to
visit each hole location and returning it back to the beginning location (Wolsey and Nemhauser, 2014). The
objective is to reduce the non-productive drill tool travel by visiting each hole location exactly once.

Multi-hole drill tool path sequencing is expressed mathematically as an NP-hard combinatorial optimization
problem. This means that, for large instances, any known algorithm cannot solve it in polynomial time.
Hence, metaheuristic optimization algorithms are needed (Abbas et al., 2011). The complexity of NP-hard
problems can be seen through a simple example. For instance, when there are n holes to be drilled, the total
number of potential routes covering all holes amounts to (r—1)!/2, signifying the set of feasible routes. For
example, in the case of 16 holes, this results in a stunning 653,837,184,000 distinct routes. Rather than
computing all possible routes, metaheuristics optimization algorithms employ a high-level guiding strategy
to direct the search for near-optimal solutions.

The literature reveals ongoing research on the multi-hole drill tool path sequencing problem. Every day,
new methods are proposed to enhance the functionality and scalability of current algorithms. It is observed
that the Ant Colony Optimization (ACO) is one of the most preferred standalone algorithms. This is because
ants’ foraging behavior involves finding the shortest path in a network, which is similar to the problem of
determining the shortest path between several holes to be drilled. However, other algorithms, like Simulated
Annealing (SA), Cuckoo Search (CS), Particle Swarm Optimization (PSO), and Tabu-search (TS), are
adapted for optimizing specific patterns of the multi-hole drill tool path sequencing problems (Abidin et
al., 2017; Dewil et al., 2019). Further, improved versions and expansions are being developed to solve the
multi-hole drill tool path sequencing problems more precisely. In this context, researchers have examined
the Bee Algorithm (BA) (Wong et al., 2008), the Artificial Bee Colony (ABC) (Karaboga and Gorkemli,
2011), and the firefly Algorithm (FA) (Jati and Suyanto, 2011), which have shown good performance in
various cases. Overall, the researchers have used different algorithms to address the problems with specific
characteristics.

As mentioned earlier, the multi-hole drill tool path sequencing optimization problems are NP-hard by
nature. Hence, the discrete variants of the above-mentioned algorithms are the most suitable to optimize
these multi-hole drill tool path sequencing problems. The discrete nature of these algorithms can aid in
handling a finite set of decision variables. It is this specific characteristic of these algorithms that makes
them apt to solve the multi-hole drill tool path sequencing problem, as it involves a finite number of holes
to be drilled.

The literature reveals that researchers have recently proposed discrete variants of the Teaching Learning
Based Optimization (TLBO) algorithm for solving NP-hard combinatorial problems. These variants of the
TLBO algorithm have two phases, i.e., teaching and learning. In the teaching phase, every learner in the
class tries to improve their current position (rank) by exploiting the teacher's knowledge and the mean
position of the current population. On the other hand, in the learning phase, every learner interacts with
another learner in the class and acquires knowledge. Using both phases, learners eventually evolve and
arrive at a near-optimal solution. Overall, the TLBO algorithm can solve complex optimization problems
by emulating the teaching-learning process.

The discrete variants of the TLBO reported in the literature are called Discrete Teaching Learning Based
Optimization (DTLBO) algorithms. These DTLBO algorithms can be broadly categorized into two groups:
Canonical and Non-Canonical approaches of the algorithms. The Canonical approach of the DTLBO is in
line with the TLBO algorithm of the continuous domain. Further, they use the same mathematical equations
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for evolution as Rao et al. (2011) suggested. On the other hand, the Non-Canonical approach of the DTLBO
depends on combinatorial operators such as crossover and mutation for evolutions. Let us first consider the
Canonical approaches to the algorithm reported in the literature. Li et al. (2015) proposed a Canonical
approach with two teaching phases, TP-1 and TP-II, and two learning phases, LP-I and LP-II, respectively.
They asserted that these two phases helped to improve the algorithms’ exploration and exploitation abilities,
enhancing performance for solving complex flow shop rescheduling problems. Saharan et al. (2017) also
proposed a Canonical approach to address the TSP, wherein they incorporated an auxiliary operator to
regulate the sequence of array elements in the mutation process. Further, they used partial-mapped
crossover on specific learners in the population. They claimed this approach leads to refined convergence
compared to the pure Canonical approach.

Now consider the Non-Canonical approaches to the DTLBO algorithms. Initially, Wu et al. (2017) proposed
a Non-Canonical approach to address the TSP, wherein a learner representation scheme is tailored to suit
the TSP. Later, the learners are divided into small groups to increase diversity and minimize the chances of
getting stuck in sub-optimal conditions. In this approach, the evolution of learners takes place using
crossover, mutation, and legality detection during the teaching and learning phases. Finally, a greedy
selection process is used for offspring selection. Further, Rico-Garcia et al. (2021) also used a Non-
Canonical approach for the TSP in smart cityscapes, wherein they used a parallel GPU architecture to
achieve better convergence. Furthermore, Masdari and Barshandeh (2020) proposed a Non-Canonical
approach to manage discrete solutions in wireless sensor networks, employing swap and mutation operators.
Similarly, Maji et al. (2022) introduced a modified version called mTLBO to solve the TSP. In which they
used Boltzmann selection as an upgrade strategy in the teaching phase and group-based interactive
crossover in the learning phase. Further, they randomly grouped learners in the learning phase to maintain
diversity and prevent premature convergence. For more details, readers are advised to refer to a recent
article by Zhou et al. (2023), which explores recent developments in the TLBO across various domains and
emphasizes challenges and probable future research directions.

This study uses the Canonical and Non-Canonical approaches of the DTLBO algorithm to optimize the NP-
hard combinatorial challenge of the multi-hole drill tool path sequencing. In addition, this study highlights
the key differences between the Canonical and Non-Canonical approaches and assesses their performances
using four test problems. Furthermore, the study explores the merits and demerits of these approaches to
evaluate their practical effectiveness.

The paper is organized into sections, wherein the multi-hole drill tool path sequencing problem's
mathematical modeling and optimization approaches are covered in Section 2. Section 3 discusses the test
problems and optimization outcomes. Section 4 is about the results and findings, followed by the
conclusion.

2. Modeling of Drill Tool Path and Optimization Approach

2.1 Modeling of Multi-Hole Drill Toll Path Sequence Problem

The drill tool path sequence for drilling multi-hole can be represented as a TSP, aiming to minimize the
non-productive drill tool travel distance (Rathod, 2023; Smith, 1996), as given below:

Minimize f(x) = XF X5 x;;d;; (1)
s.tYfx;=1, j=12,..k @)
Yhxy =1, i=12..k 3)
Yies NiesXij =1 (4)
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x; € {0,1},Vi,j €K (6)
where, d;; = \/(xi_xj)z + i-y))? )

Here, k is the total count of holes, d;;is the length of the drill tool travel path from hole i to hole j. x;;€{0,1}
are the decision variables employed to characterize the drill tool path, where x;; = 1 indicates that the drill
tool visits hole i to hole j as part of the tool path in the matrix and x;; = 0 indicates that the tool does not

visit hole i to hole j as a part of the tool path. The objective function is represented by Equation (1), which
is a straightforward summation of the Euclidian distances between the holes in the tool-travelled path.
Equations (2) to (6) guarantee that each hole is visited only once.

2.2 Discrete Teaching Learning Based Optimization Approaches

DTLBO algorithm works on the notion that a teacher with a high degree of knowledge can improve the
abilities of learners in the class. As was previously mentioned, there are two categories of DTLBO
algorithms for optimizing multi-hole drill tool path sequencing problems: Canonical and Non-Canonical.

A. A Canonical Approach

A Canonical approach, wherein the algorithm begins with creating the learner population in the class. The
i"learner X; = (x;1, Xi2, Xi3, . Xin,) in the class is created using the following equation.

X; = X" + rand (X" — XM (8)

where, X™™and X%~ are the lower and upper bounds of the variables, respectively. At the same time,
rand is a random vector from -1 to 1.

In the teaching phase, the learner with the top position is selected as a Teacher, and the class average is
calculated and termed CMean. After this, all the learners modify their position according to the difference
between the Teacher and the CMean using the following equation.

XineW = Xi + rand(O,l) X (XTeacher —TF X XCMean)) (9)

where, X7 is a new position of the i learner X;, X7eqcher 1S the top learner in the class and X¢pean =
%Z?’ﬂXi is the average position of the class. The teaching factor TF = round[1 + rand(0,1)] takes its
typical value as either 1 or 2 and decides the value to be changed.

In the learning phase, the learners enhance their abilities by interacting with each other. Here, the learner
improves his/her position by learning something new from another learner. The updating equation for the
i" learner X; in the class is as given below.

mew _ { X; + rand(0,1) x (X; — X)) if f(X) < f(X;)

10
X; + rand(0,1) X (X; — X;)) otherwise (10)

where, X[*®" is a new position of the i" learner X, X; is a randomly selected learner from class. f(X;) and
f(Xj) are the objective functions of the learners X; and X;, respectively.

Newly generated candidate learner in the teaching and learning phases is selected based on greedy selection.

1397 | Vol. 9, No. 6, 2024



Ram Arti

Rathod et al.: Canonical and Non-Canonical Approaches of the Discrete Teaching Learning ... Publishers

If the value of f(X[**") is better than the f(X;) then replace X; with X**", otherwise, keep the previous
value.

The algorithm keeps running until a suitable solution is found or a stopping condition is satisfied.
The working of the Canonical approach can be further understood from an example of a workpiece with

nine holes, as shown in Figure 1. The coordinates of the nine holes to be drilled are also given in Table 1,
which will help to calculate the drill tool path length using Equation (1).
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Figure 1. Workpiece with nine holes.
Table 1. Coordinates of 09 holes.
Hole No X Y Hole No X, Y Hole No X, Y
co-ordinate co-ordinate co-ordinate
01 30.75, 69.75 04 79.75, 20.25 07 117.00, 82.00
02 17.70, 45.00 05 107.5, 29.00 08 107.5, 61.00
03 30.75, 20.25 06 117.00, 8.00 09 79.75, 69.75

The algorithm begins by randomly generating a population (class) based on the number of holes to be
drilled. Figure 2 shows a 4x9 matrix of a randomly generated population using Equation (8) in the range
of -1 to 1. Where, assuming the rows are arranged in ascending order, the vector indices correspond to the
drill tool path sequencing. Consider the first-row example, where the least value is 0.0975, its vector index
is 6, the next value is 0.1269, its vector index is 3, and so on. Hence, the drill tool path sequence for the
first row is [6,3,7,8,5,1,2,4,9], and the drill tool path length is calculated using Equation (7), and it is 552.93
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mm. In randomly generated solutions, the second row has the least path length; hence, that row will be
treated as a Teacher. However, the means of the individual columns are calculated, and their vector indices
are called class mean path sequence [7,8,3,6,5,1,2,4,9], and the drill tool path length is 493.93 mm.

Hence, for the current iteration,
Xreacher = {04777, 0.3408, 0.4155; 0.9516, 0.16005 0.44555 0.0586, 0.11575 0.8879,}.

Drill tool path sequence = [7,8,5,2,3,6,1,9,4] and f (Xreacher) = 539.51 mm.
Whereas, Xcyeqn = {0.5265; 0.6154, 0.2981; 0.6428, 0.35665 0.340240.1735, 0.1997g 0.6672,}.
Drill tool path sequence =[7,8,3,6,5,1,2,4,9] and f (X¢yean) = 493.92 mm.

This information generates candidate learners in the teaching and learning phases using Equations (9) and
(10). Afterward, a greedy selection is used, and the algorithm continues until an appropriate solution is
found.

0.8147, 09057, 0.1269; 09133, 0.6323; 0.0975, 0.2784, 0.5468; 09575\ [6,3,7,8,5.1,2.49] (552,93
04777, 0.3408, 0.4155; 09516, 0.16005 0.4455, 0.0586, 0.1157, 0.8879,| |7.8,5,2,3,6,1,94| |539.51
04212, 05593, 04786, 0.0001, 0.6023; 0.5406, 03106, 0.0319; 0.0011, [ |4,9,8,7,1,3,6,25| ]553.03
0.3922, 0.6554, 0.1711, 07060, 0.0318; 02769, 0.0461, 00971, 08234, ) [57836,1,249| \551.95

Randomly generated population Drill-path FOO
sequence

{0.5265; 0.6154, 0.29813 0.6428, 0.35665 0.34024 0.1735; 0.1979g 0.6672¢} [7,8,3,6,5,1,2,4,9] {493.92]

Class Mean (Xcpean) Class Mean Path  f(Xcpmean)
Sequence

Figure 2. 4x9 matrix of randomly generated population.

B. A Non-Canonical Approach

In the Non-Canonical approach of the DTLBO, the algorithm begins by randomly generating a population
of learners. Then, a Teacher with the top solution and a class average CMean are calculated for the current
population. Subsequently, all the learners are split up at random into groups of four. This grouping strategy
maintains diversity in the population and lowers the probability of local optimum trapping (Rico-Garcia et
al., 2021). Further, the best individual, i.e., BestofFour, is identified from every group. After that, in the
teaching phase, the crossover operation and the legitimacy checks are performed to generate candidate
learners using Teacher, CMean, and BestofFour. Whereas, in the learning phase, these learners evolve by
using crossover and mutation operations followed by legitimacy checks. Finally, the learners update
themselves by comparing the current and candidate learners’ positions. The algorithm continues until the
stopping criterion is satisfied, as detailed in the algorithm given below. The key benefit of this algorithm is
its ability to search discrete space for a better solution. Hence, it has been used to solve various complex
problems.
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ALGORITHM

Step 01 Start and initialize Population size and iterations
Step 02 Generate the initial learner (X;) randomly and compute the Minimum path
function f(X;)
Step 03  Check for the end loop:
If satisfied, go to Step 5. Otherwise,
Teaching Phase:
NewLearner (X;) = Learner (X,) (X¥) Teacher
NewLearner (X,) = Learner (X, )(X) CMean
NewLearner (X5) = Learner (X3) (X¥) BestofFour(i)
NewLearner X,) = BestofFour(i) (X) Teacher
Legality Check
NewLearner (X;) = NewLearner (X;)
Learning Phase:
NewLearner (X;) = Learner (X;) (X) Learner (X;)
Legality Check and Mutation
NewLearner (X;) = @ NewLearner X;)
Step 04 Finally, update the current learners and the candidate learners by greedy
selection.
Step 05 If the stopping condition n is met, return learner (X;) and f(X;), if not, go back
to step 03.

C. Representation and Operators for the Non-Canonical Approach

a. Representation of Drill Tool Path as a Learner

A multi-hole drill tool path sequence is a set of integers depending on the number of holes to be drilled.
Hence, it will be easy and natural to code them as a set of integers. It can be easily understood from an
example of a workpiece with nine holes (Figure 1), wherein nine holes are to be drilled. This can be
represented as depicted in Figure 3. The total drill tool path length can be calculated for this sequence using
the coordinates of these holes and Equation (7).

[1]2]s]7[9]3]a]6]8]

Figure 3. Representation of drill tool path or learner for nine holes.

b. Crossover Operator

The crossover operator (X) is a genetic operator that generates new offspring by fusing the genetics of two
parents. Recombination is another name for crossover and is described in Figure 4. Wherein the idea is to
combine the characteristics of the most desirable parents in the offspring. It typically includes selecting
random points in the Teacher's genetics and swapping them between those points with the Learner's
corresponding genetics. The resulting offspring will have a combination of characteristics from both
Teacher and learner, which potentially leads to better solutions and helps to keep diversity in the
population.
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Learner
[1]2]s[7]9]3]4a]6][8]
Crossover(i)~|l|2|5|3|6|1|4|6|8|
|5|7|8‘3|6I1|2|4|9| New Learner

Teacher 1

[1]2]5[3f6[7]a]9]|s]
New learner after legality Check

Figure 4. Crossover operation.

c. Mutation Operator

The mutation operator @ is used to create new learners, as described in Figure 5. It is another genetic
operator that modifies a population's genetic makeup by introducing tiny, random changes called a
mutation. Mutation typically involves randomly selecting genes between points and reversing them. This
will preserve the population's diversity, and excessive homogeneity is avoided.

Learner

[1]2]5]7]9]3[a]6]8|

——

Mutation © places

~
112151719 (4|3

Learner after mutation

6 |8

Figure 5. Mutation operation.

3. Test Problems and Optimization Outcomes

3.1 Test Problems

Four test problems were examined, employing both Canonical and Non-Canonical approaches, to
investigate the performance of the DTLBO algorithms. These problems comprised square and circular drill
hole patterns containing 91, 109, 121, and 145 holes. Test problem 1, depicted in Figure 6, features a
circular arrangement of 91 holes. Test Problem 2 in Figure 7 exhibits a staggered circular pattern with 109
holes. Similarly, Figure 8 illustrates Test Problem 3, which encompasses a square matrix pattern with 121
holes, and Figure 9 depicts Test Problem 4, characterized by a staggered square matrix pattern with 145
holes. The staggered patterns are selected as these patterns pose a significant challenge to the algorithms
due to the complexity of selecting the next hole, resulting in increased difficulty.
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Figure 8. Test problem 3. Figure 9. Test problem 4.

3.2 Optimization Outcome

The MATLAB platform was utilized to implement and optimize the optimization algorithms. Each test
problem was executed ten times to ensure the robustness and reliability of the outcome. The computer
system that was used for the optimization had an i7 processor, 8 GB of RAM, and a Windows 10 operating
system. The optimization parameters for all test problems were set to maximum iterations 3000 and class
size (Population) to 80. The optimization results are presented in Tables 2-5, highlighting five key criteria:
the best and worst drill tool path lengths achieved, the mean and standard deviation of the drill tool path
length to assess consistency and spread in the solutions, and the optimization time. Figures 10-13 illustrates
the optimized drill tool paths. Further, to compare the consistency of the approaches over the other regarding
variability in the obtained solutions, the corresponding boxplots are created and plotted in Figures 14-15.

1402 | Vol. 9, No. 6, 2024



Rathod et al.: Canonical and Non-Canonical Approaches of the Discrete Teaching Learning ...

Ram Arti
Publishers

Table 2. Optimization outcome for test problem 1.

Criteria

Test problem 1

Canonical approach

Non-canonical approach

Best drill tool path length (mm) 655.2656 621.9424
Worst drill tool path length (mm) 705.5131 642.592
Mean drill tool path length (mm) 661.2481 631.6133
Standard deviation (mm) 14.7751 6.0688

Optimization time (sec) 69.089 455.645

Table 3. Optimization outcome for test problem 2.

Criteria

Test problem 2

Canonical approach

Non-canonical approach

Best drill tool path length (mm) 894.3332 832.4818
Worst drill tool path length (mm) 1088.178 850.5706
Mean drill tool path length (mm) 916.8012 842.667
Standard deviation (mm) 57.3365 6.0399

Optimization time (sec) 71.065 473.389

Table 4. Optimization outcome for test problem 3.

Criteria

Test problem 3

Canonical approach

Non-canonical approach

Best drill tool path length (mm) 1023.2920 623.6396
Worst drill tool path length (mm) 1235.1160 640.2082
Mean drill tool path length (mm) 1096.6140 631.7960
Standard deviation (mm) 52.4024 5.3078

Optimization time (sec) 73.659 475.965

Table 5. Optimization outcome for Test problem 4.

Criteria

Test problem 4

Canonical approach

Non-canonical approach

Best drill tool path length (mm) 1473.747 1162.965
Worst drill tool path length (mm) 1687.964 1224.426
Mean drill tool path length (mm) 1547.023 1195.100
Standard deviation (mm) 76.02597 17.7608
Optimization time (sec) 77.541 494.246

20

-30

-40

-40 -30 20 -10 0 10

Canonical approach

40 -40

30 20 -10 0

x

10 20 30 40

Non-Canonical approach

Figure 10. Optimal drill tool path sequences for test problem 1.
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Figure 11. Optimal drill tool path sequences for test problem 2.
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Figure 12. Optimal drill tool path sequences for test problem 3.
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Figure 13. Optimal drill tool path sequences for test problem 4.
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4. Results and Discussion

In the multi-hole drill tool path sequencing problem, the objective is to minimize the travel distance of the
drill tool by minimizing the Euclidean distance between the holes. Researchers have used discrete
evolutionary algorithms to optimize the drill tool path sequences. Moreover, they primarily utilized specific
patterns for hole drilling, except those in the PCB. In this study, square, circular, and staggered patterns are
used. Authors believe that the staggered patterns present a significant challenge for optimization algorithms.
This occurs because the algorithms must select the most suitable hole from several equidistant options,
adding complexity to the problem. The following paragraphs discuss the results of the test problems used
to demonstrate the proposed approaches.

In the context of Test Problem 1, which involves drilling multiple holes in a circular configuration. In this

case, skilled workers typically opt for a spiral method as their strategy for the drilling sequence. This method
results in the drill tool traveling distance of 657.2065 mm. Meanwhile, using the Canonical approach, the

1405 | Vol. 9, No. 6, 2024



Rathod et al.: Canonical and Non-Canonical Approaches of the Discrete Teaching Learning ... ﬁflmsﬁ;:s'

best drill tool path length is about 655.2656 mm, approximately the same as the spiral method. At the same
time, the average and worst drill tool path lengths are 661.2481 mm and 705.5131 mm, respectively. The
standard deviation for the optimized drill tool path is 14.7751 mm. The optimization process using the
Canonical approach took 69.089 seconds. Meanwhile, the Non-Canonical approach took 455.064 seconds
to optimize the test problem and yielded the best drill tool path length of 621.9424 mm. The average and
worst drill tool path lengths were measured at 631.6133 mm and 642.592 mm, respectively. The standard
deviation for the optimized drill tool path obtained is 6.0688 mm.

A comparative analysis of these results for Test Problem 1 shows that the Non-Canonical approach is much
slower than the Canonical approach, as the Non-Canonical approach took almost 6.5 times longer to reach
an optimal solution. However, the optimal results obtained by the Non-Canonical approach are far superior
to those obtained by the Canonical approach. Even the average drill tool path length obtained using the
Non-Canonical approach is less than that of the best drill tool path length obtained by the Canonical
approach. Further, the smaller standard deviation values suggest that the Non-Canonical approach is more
consistent, as shown in Table 2. This characteristic is also evident in the boxplot depicted in Figure 14.

A similar interpretation can also be derived for Test Problems 2 and 3. It is, therefore, essential to note that
the Non-Canonical approach demonstrated strong performance and consistency compared to the Canonical
approach. On the other hand, the Canonical approach is faster, requiring less time to reach the solution.

Now consider Test Problem 4, which possesses multiple holes arranged in a square pattern but staggered,
bringing more complexity to the problem. However, in this case, the Canonical approach also failed to
perform well, and its consistency was further reduced, with the standard deviation being 76.02597 mm.
Meanwhile, the Non-Canonical approach outperformed and yielded the best drill tool path length of
1162.965 mm and a standard deviation of 17.7608 mm (see Figures 14 and 15). The standard deviation is
slightly higher than the three test problems discussed earlier due to the staggered pattern. Nevertheless, it
continues to be smaller in magnitude than the standard deviation obtained using the Canonical approach.
Moreover, like earlier observations, the Canonical approach once again demonstrated notably quicker
performance (77.541 sec) than the Non-Canonical approach (494.246 sec) for Test Problem 4.

The Canonical approach is quicker, but this quickness makes it prone to premature convergence. Further,
it is observed that it took around 1/3 of the total iterations to evolve the solutions, and after that, it struggled
to improve the solutions during the remaining iterations. This is due to the imbalance between exploring
and exploiting the information during the teaching and learning phases. Exploration and exploitation are
essential for the successful optimization of any metaheuristic algorithm. Exploration involves finding
diverse solutions across the discrete search space, while exploitation intensifies the search in new regions
to find better solutions. Any algorithm's rate of convergence depends on these features. Exploitation
accelerates convergence but raises the chances of getting trapped in local optima. While exploration raises
the chance of finding the global optimum, but it slows down convergence (Morales-Castafieda et al., 2020).
In the case of the Canonical approach, it exploits the information in the teaching and learning phases as
well as by greedy selections. Basically, greedy selection chooses the best option available in every iteration
without considering its long-term repercussions. Consequently, this contributes to further exploitation.
Overall, the effect of these exploitations reduces the diversity in the population as the algorithm progresses.
Which eventually stops further enhancements in the solutions. This also supports the notion reported by
Deb (2006) that the heavy exploitation of the information and the lack of diversity in the population makes
the algorithm susceptible to premature convergence. This tendency of premature convergence decreases the
consistency of the algorithm. This ultimately makes the algorithm prone to getting trapped in sub-optimal
conditions. A similar observation is reported in a study by authors (Rathod et al., 2023a; Rathod et al.,
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2023b), which aimed to prevent the heavy exploitation of information during the learning phase of the
DTLBO. This strategy helped to balance exploration and exploitation to a certain extent, enhancing the
performance and consistency of the algorithm.

It can be inferred from the above that in the Canonical algorithm; an appropriate mechanism is needed to
balance the exploration and exploitation of the information during the evolution phases. If such a
mechanism is implemented, it can help to maintain diversity in the population and prevent the algorithm
from getting trapped in sub-optimal conditions.

On the other hand, the Non-Canonical approach is not as quick as the Canonical approach. This can be
attributed to the legality checks. The legality checks are carried out on each new learner during the evolution
phases to avoid repetition and ensure a single visit of the drill tool to each hole. However, this legality check
of every learner after crossover increases the optimization time of the algorithm.

However, the Non-Canonical approach employs a strategy wherein the learners are randomly divided into
several sub-swarms. This grouping strategy, as well as operators like crossover and mutation, help the
algorithm to maintain diversity in the population. This ultimately cuts the chances of getting trapped in the
sub-optimal conditions (Rico-Garcia et al., 2021). In other words, the sub-swarms evolve using global
information available to them during the teaching phase and local information available within the group
during the learning phase. This contributes to maintaining diversity in the population and creates an
effective search process, which enhances performance and provides better solutions to complex problems.
Further, the exploration and exploitation of the information during the teaching and learning phases, along
with a greedy selection, improves the robustness and consistency of the algorithm, surpassing that of the
Canonical approach.

Even though the Canonical approach has performed poorly in all test cases and shown susceptibility to
getting trapped in sub-optimal conditions, its practical usefulness should not be ignored, as it is significantly
faster than the Non-Canonical approach. Further, commercial computer-aided manufacturing (CAM)
software often uses predefined tool path strategies that are usually sub-optimal and slower for large
instances (Khodabakhshi et al., 2023). If the consistency and robustness of the Canonical approach are
improved, it can provide a competitive edge by its speed and lesser computational time in practical
applications. Therefore, an appropriate mechanism, as discussed earlier, can help to balance the exploration
and exploitation of the information and to maintain a diverse population. Ultimately, this mechanism will
contribute to improving performance. The development of such a mechanism for the Canonical approach
is an area that we will explore in our future research efforts.

5. Conclusion

This study uses Canonical and Non-Canonical approaches of the DTLBO to optimize multi-hole drill tool
path sequencing problems. These multi-hole drill tool path sequencing problems are categorized as NP-
hard combinatorial problems. Further, the study underscores the significant distinctions between Canonical
and Non-Canonical approaches and conducts a comparative analysis to evaluate their practical
effectiveness.

The comparative analysis shows that the Canonical approach is quicker than the Non-Canonical approach.
However, the results obtained by the Non-Canonical approach are far superior to those of the Canonical
approach. Even the worst drill tool path length obtained using the Non-Canonical approach is less than that
of the best drill tool path length obtained by the Canonical approach. For example, for Test Problem 1, the
worst drill tool path length achieved through the Non-Canonical approach is 642.592 mm, whereas the best
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obtained via the Canonical approach measures 655.2656 mm. This trend persists across the remaining three
test problems. The same can be observed for the standard deviation, where it can be inferred that the Non-
Canonical approach is more consistent than the Canonical approach. However, the quickness of the
Canonical approach makes it prone to premature convergence and susceptible to getting trapped in sub-
optimal solutions. This weakness can be attributed to the imbalance in exploring and exploiting the
information during the teaching and learning phases. In another study by the authors, the hefty exploitation
of the information was avoided to show improvement in the performance and consistency of the algorithm.
Fundamentally, the Canonical approach lacks an appropriate mechanism to balance the exploration and
exploitation of the information in the algorithm.

On the other hand, in the Non-Canonical approach, the learners are split up into multiple equal-sized sub-
swarms at random. This grouping strategy and combinatorial operators, like crossover and mutation, help
the algorithm to preserve population diversity and lower the chance of getting stuck in a local optimum.
Furthermore, a balanced exploration and exploitation of the information during the phases coupled with a
greedy selection process ensure the Non-Canonical approach's robustness and consistency, surpassing that
of the Canonical approach.

Even though the Canonical approach has ill-performed and shown a tendency to get trapped in sub-optimal
conditions, its practical effectiveness should be noticed, as it is significantly faster than the Non-Canonical
approach. In addition, commercial CAM software often uses predefined tool path strategies that are
typically sub-optimal and slow for large instances. Hence, improving the consistency and robustness of the
Canonical approach could provide a competitive edge through faster processing and reduced computational
time in practical applications. Therefore, an appropriate mechanism to balance the exploration and
exploitation of the information to maintain a diverse population is taken as future research.
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Appendix
The graphic abstract of the article is shown in Figure 16.
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Figure 16. Graphic abstract of the article.
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