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Abstract. The Tabu Search Algorithm (TSA) is a powerful optimization technique that
has gained significant attention in industrial applications. This review paper aims to pro-
vide a comprehensive overview of the TSA, its key components, and its effectiveness in
solving complex optimization problems in industrial settings. We discuss its application
in areas such as production planning, scheduling, logistics, and resource allocation. Addi-
tionally, we analyze recent advancements, challenges, and future directions in the use of
TSA for industrial applications. This review serves as a valuable resource for researchers
and practitioners interested in utilizing the TSA to enhance industrial optimization pro-
cesses
Keywords: Tabu Search; Industrial Applications; Optimization Algorithms; Approxi-
mation Methods; Artificial Intelligence.

1. Introduction.
In today’s competitive industrial landscape, companies face numerous complex opti-

mization problems that require efficient and effective solutions [1][2]. These problems
range from production planning and scheduling to logistics and resource allocation [3].
Traditional optimization techniques often struggle to handle the complexity and dynamic
nature of these problems [4][5]. As a result, researchers have turned to metaheuristic
algorithms, such as the Tabu Search Algorithm (TSA) [6], to address these challenges.
The primary objective of this review paper is to provide a comprehensive understanding
of the TSA and its application in industrial settings [7]. Specifically, the review aims to:

- Explore the key components of the TSA, including the tabu list, aspiration criteria,
diversification and intensification strategies, and neighborhood structures.
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- Discuss the effectiveness of the TSA in solving optimization problems in industrial
applications, such as production planning, scheduling, logistics, and resource alloca-
tion.

- Analyze the performance of the TSA using evaluation metrics and compare it with
other optimization techniques commonly employed in industrial settings.

- Highlight the advantages and limitations of the TSA in industrial applications.
- Discuss recent advancements in the field, such as hybridization with other meta-
heuristics, parallel and distributed implementations, memetic tabu search, and multi-
objective optimization.

- Identify the challenges faced in implementing the TSA for industrial problems and
propose future research directions to overcome these challenges.

- Provide a comprehensive conclusion summarizing the key findings and recommen-
dations for future research.

By achieving these objectives, this review paper aims to serve as a valuable resource
for researchers, practitioners, and decision-makers interested in utilizing the TSA to en-
hance industrial optimization processes [7]. The TSA is a metaheuristic optimization
technique that has gained significant attention due to its ability to solve complex opti-
mization problems in various industrial applications [8]. This review paper provides an
overview of the TSA, its key components, and explores its effectiveness in solving in-
dustrial optimization problems [9]. We discuss the application of TSA in diverse areas
such as production planning, scheduling, logistics, and resource allocation. Additionally,
we analyze recent advancements, challenges, and future directions in the use of TSA for
industrial applications [10].

Figure 1. Applications of Tabu Search Algorithm in Industry.

Figure 1 illustrates the diverse applications of the Tabu search algorithm across five key
industry sectors: Logistics and Transportation, Manufacturing and Operations, Telecom-
munications and Networking, Finance and Economics, and Healthcare and Public Ser-
vices. This overview highlights the algorithm’s versatility and effectiveness in solving
complex optimization problems, showcasing its role in enhancing operational efficiency
and informed decision-making within various industrial contexts.
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Scope of the review as it is essential to note the content of this review paper[7]. While
the TSA has been applied in various industrial domains, this review will primarily focus on
its application in production planning [11], scheduling, logistics, and resource allocation
[12]. These areas are of significant importance in industrial settings and have been exten-
sively studied in the context of the TSA. We will also discuss the performance evaluation
metrics used to assess the efficiency of the TSA and compare its performance with other
optimization techniques commonly used in industrial applications [13]. The methodology
is used to accomplish the objectives of this review; a systematic literature review method-
ology will be employed. Relevant research articles, conference papers, and books will be
identified through comprehensive searches in electronic databases [14]. The selected lit-
erature will be critically analyzed and synthesized to comprehensively overview the TSA
and its application in industrial settings [10]. The analysis will include discussions on the
critical components of the TSA, its effectiveness in solving optimization problems, per-
formance evaluation metrics, comparative analysis with other optimization techniques,
advantages and limitations, recent advancements, challenges, and future directions.

2. Tabu Search Algorithm. The TSA is a metaheuristic optimization technique that
Fred Glover introduced that is inspired by the concept of ”tabu” from the field of op-
erations research, which refers to actions or solutions that are temporarily prohibited to
avoid getting trapped in local optima [6]. The TSA aims to explore the solution space
efficiently by maintaining a memory structure that guides the search process [15]. Figure
2 illustrates a graph curve example of the TSA optimization principle process.

Figure 2. A graph curve example of the TSA optimization principle pro-
cess

The components of TSA include items as follows.
Tabu List: is a component that is the tabu list is a memory structure that keeps track

of recently visited solutions or actions. It prevents the algorithm from revisiting these
solutions shortly, allowing for diversification and exploration of the search space. The tabu
list is typically implemented as a queue or a dynamic memory structure with a limited
capacity. The length of the tabu tenure, i.e., the number of iterations a solution remains
in the tabu list, is an important parameter affecting search behavior. Aspiration Criteria:
as aspiration criteria relax the tabu restrictions under certain conditions. They allow the
algorithm to consider solutions that are in the tabu list if they provide an improvement
over the current best solution. Aspiration criteria prevent the algorithm from being overly
conservative and potentially missing better solutions.
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Diversification and Intensification Strategies: is diversification and intensification strate-
gies balance exploration and exploitation in the search process. Diversification aims to
explore new regions of the search space by introducing random perturbations or diver-
sifying the search trajectory. Intensification, conversely, focuses on exploiting promising
areas by intensifying the search for suitable solutions. The balance between diversification
and intensification is crucial for the effectiveness of the TSA.

Neighborhood Structures: Neighborhood structures define the neighboring solutions
generated from a given key. The neighborhood search process involves exploring these
neighboring solutions to find better solutions. The choice of neighborhood structures de-
pends on the problem at hand and can significantly impact the efficiency and effectiveness
of the TSA.The proces steps below provides a high-level representation of the TSA: Step
1. Initialize the current solution as the initial solution. Step 2. Initialize the tabu list.
Step 3. Set the current solution as the best solution found so far. Step 4. while (stopping
condition is not met) do

- Generate a set of neighboring solutions.
- Evaluate the neighboring solutions.
- Choose the best non-tabu solution as the next solution.
- Update the tabu list.
- Update the best solution if the next solution is better.
- Apply diversification and intensification strategies.

Step 5. Return the best solution found. Algorithm 1 displays a pseudocode of the Tabu
Search algorithm (TSA).

This pseudocode provides a general framework for implementing the TSA. However,
the specific implementation details may vary depending on the problem domain and the
specific requirements of the optimization problem. The TSA’s key components, such as
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Table 1. A summarizing the industrial applications of the TSA, including
the year, application, and description

the tabu list, aspiration criteria, diversification and intensification strategies, and neigh-
borhood structures, work together to guide the search process and explore the solution
space effectively.

3. TSA’s Industrial Applications and Effectiveness.

3.1. Industrial Applications of Tabu Search Algorithm. Table 1 provides a chrono-
logical overview of the industrial applications of the TSA [6], along with a brief description
of each application and a note highlighting the specific outcomes or benefits achieved in
each case.

Production Planning: Production planning involves determining the optimal allocation
of resources, such as materials, machines, and labor, to meet production targets while min-
imizing costs and maximizing efficiency. The TSA has been successfully applied to various
production planning problems, including production scheduling, batch sizing, lot-sizing,
and inventory management. It helps in optimizing production schedules, minimizing setup
times, reducing inventory levels, and improving overall production efficiency. Scheduling:
Scheduling is a critical task in industries that involve time-dependent activities, such as
manufacturing, transportation, healthcare, and project management. The TSA has been
widely used to solve complex scheduling problems, such as job shop scheduling, flow shop
scheduling, project scheduling, and vehicle routing. It helps in optimizing the sequence of
tasks, minimizing makespan, reducing waiting times, and improving resource utilization
[30].

Logistics: Logistics optimization involves managing the flow of goods, information,
and resources across the supply chain to minimize costs and maximize customer satisfac-
tion. The TSA has been applied to various logistics problems, including vehicle routing,
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inventory management, facility location, and distribution network design. It helps in
optimizing delivery routes, minimizing transportation costs, reducing inventory holding
costs, and improving overall supply chain efficiency. Resource Allocation: Resource al-
location problems arise in various industries, including telecommunications, healthcare,
energy, and finance, where limited resources need to be allocated efficiently to achieve
desired objectives. The TSA has been used to solve resource allocation problems, such as
task allocation, workforce scheduling, equipment allocation, and portfolio optimization.
It helps in optimizing resource utilization, minimizing costs, maximizing productivity,
and improving overall performance. Case Studies: Several case studies demonstrate the
effectiveness of the TSA in solving real-world industrial problems. For example, in a
case study on production planning in a manufacturing company, the TSA was used to
optimize the production schedule, resulting in reduced setup times and improved on-time
delivery performance. In another case study on vehicle routing for a logistics company,
the TSA was applied to optimize the delivery routes, leading to significant cost savings
and improved customer satisfaction [30]. These case studies highlight the versatility and
effectiveness of the TSA in solving a wide range of industrial optimization problems. The
algorithm’s ability to handle complex constraints, explore diverse solutions, and balance
exploration and exploitation makes it a valuable tool for industrial applications.

3.2. Effectiveness of TSA in Industrial Applications. Performance Evaluation Met-
rics is used to assess the effectiveness of the TSA in industrial applications, several per-
formance evaluation metrics can be used. These metrics include:

* Solution quality: Measures the optimality of the solutions generated by the algo-
rithm, such as minimizing costs, maximizing efficiency, or meeting specific objec-
tives.

* Convergence speed: Evaluates how quickly the algorithm converges to a near-optimal
solution.

* Computational time: Measures the time required by the algorithm to find a solution.
* Scalability: Assesses the algorithm’s ability to handle larger problem sizes and
datasets.

* Robustness: Measures the algorithm’s ability to handle uncertainties, variations, or
disruptions in the industrial environment.

By analyzing these metrics, it is possible to evaluate the performance of the TSA and
compare it with other optimization techniques. Comparative Analysis with Other Op-
timization Techniques is used to assess the effectiveness of the TSA, it is important to
compare its performance with other optimization techniques commonly used in industrial
applications. Some popular comparative techniques include:

- Genetic algorithms: These algorithms use evolutionary principles to search for opti-
mal solutions.

- Simulated annealing: This technique is inspired by the annealing process in metal-
lurgy and explores the solution space by accepting worse solutions to escape local
optima.

- Particle swarm optimization: This algorithm is based on the behavior of social or-
ganisms and simulates the movement of particles in a search space.

- Ant colony optimization: Inspired by the behavior of ants, this technique uses
pheromone trails to guide the search for optimal solutions.

Comparative analysis helps in understanding the strengths and weaknesses of the TSA
and identifying scenarios where it outperforms or falls short compared to other techniques.
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Table 2. Phases for knowledge acquisition and representation in predictive
socioeconomic indicator analysis [17].

Advantages and Limitations is presented with TSA offers several advantages in indus-
trial applications:

- Flexibility: It can handle various problem types, constraints, and objective functions.
- Exploration and exploitation: It balances exploration of new solutions and exploita-
tion of promising solutions.

- Local search enhancement: It improves local search by avoiding previously visited
solutions.

- Robustness: It can handle uncertainties and disruptions in the industrial environ-
ment. However, the TSA also has limitations:

- Parameter tuning: It requires careful selection of parameters, such as tabu tenure
and aspiration criteria, to achieve optimal performance.

- Computational complexity: It may become computationally expensive for large-scale
problems with complex constraints.

- Sensitivity to problem representation: The algorithm’s performance can vary de-
pending on how the problem is represented and encoded.

Table 2 provides a concise overview of the advantages and limitations of the TSA, along
with a note emphasizing its flexibility, local search enhancement, and robustness. It also
highlights the need for parameter tuning, the potential computational complexity for
large-scale problems, and the importance of careful problem representation and encoding.
Understanding these advantages and limitations helps in effectively applying the TSA in
industrial settings and selecting appropriate alternatives when necessary.

4. Recent Advancements in TSA for Industrial Applications. Hybridization with
Other Metaheuristics: Recent advancements in the TSA involve hybridizing it with other
metaheuristics to improve its performance and effectiveness in solving complex industrial
problems [7]. Hybridization techniques combine the strengths of multiple algorithms to
create a more powerful optimization approach. For example, hybridizing Tabu Search
with Genetic Algorithms or Particle Swarm Optimization can enhance the exploration
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Table 3. Recent advancements in the TSA for industrial applications

and exploitation capabilities, leading to better solutions in industrial applications. Par-
allel and Distributed Tabu Search: Parallel and distributed computing techniques have
been applied to the TSA to accelerate its performance and handle larger-scale industrial
problems. By dividing the search process among multiple processors or machines, par-
allel and distributed TSAs can effectively explore the solution space in parallel, leading
to faster convergence and improved solution quality. Memetic Tabu Search: Memetic
algorithms combine evolutionary algorithms with local search methods to enhance the ex-
ploration and exploitation capabilities. In the context of the TSA, memetic Tabu Search
incorporates local search operators within the Tabu Search framework. This integra-
tion allows for more efficient exploration of the search space and improved convergence
to optimal or near-optimal solutions in industrial applications. Multi-objective Tabu
Search: Multi-objective optimization involves optimizing multiple conflicting objectives
simultaneously. Recent advancements in the TSA have focused on extending it to han-
dle multi-objective industrial problems. Multi-objective TSAs employ techniques such as
Pareto dominance, diversity preservation, and adaptive memory structures to efficiently
explore and maintain a diverse set of Pareto-optimal solutions, providing decision-makers
with a range of trade-off solutions [39]. Table 3 shows recent advancements in the TSA for
industrial applications. The table provides a concise overview of recent advances in the
TSA for industrial applications, including hybridization with other metaheuristics, paral-
lel and distributed computing techniques, memetic Tabu Search, and multi-objective Tabu
Search. These advancements improve solution quality, convergence speed, and scalability
in solving complex industrial optimization problems.

These recent advancements in the TSA highlight the ongoing research efforts to en-
hance its performance and applicability in industrial settings. By combining it with other
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Table 4. Overview of the challenges and future directions for the TSA in
industrial applications

metaheuristics, parallelizing and distributing its computation, incorporating local search
operators, and extending it to handle multi-objective problems, researchers aim to im-
prove solution quality, convergence speed, and scalability in solving complex industrial
optimization problems.

5. Challenges and Future Directions. One of the major challenges in the TSA is its
scalability to handle large-scale problems. As the problem size increases, the computa-
tional complexity of Tabu Search can become a limiting factor. Future research should
focus on developing scalable variants of the algorithm that can efficiently handle larger
problem instances. Handling Large-scale Problems is presented with related to scala-
bility, another challenge is effectively handling large-scale problems in terms of memory
requirements and computational time. Future directions should explore techniques such
as parallel and distributed computing, as well as approximation methods, to address the
computational complexity and memory limitations associated with large-scale problems.
Incorporating Uncertainty is presented with many real-world industrial problems involve
uncertainty, such as uncertain demand, resource availability, or machine breakdowns. Fu-
ture research should focus on extending the TSA to handle uncertainty by incorporating
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robust optimization techniques, stochastic programming, or fuzzy logic. This would en-
able the algorithm to provide more robust and reliable solutions in the face of uncertain
conditions.

Real-time Applications: another future direction is to develop real-time versions of the
TSA that can handle dynamic and time-sensitive industrial applications. This would
involve adapting the algorithm to quickly respond to changes in the problem environment
and generate solutions in real-time or near real-time. Real-time Tabu Search can find
applications in areas such as scheduling, routing, and resource allocation.

Hybridization with Artificial Intelligence Techniques: the integration of Tabu Search
with artificial intelligence techniques, such as machine learning and deep learning, holds
promise for further enhancing its performance and applicability. Hybridization can lever-
age the strengths of both approaches, allowing for more intelligent exploration and ex-
ploitation of the solution space. Future research should explore the potential of combining
Tabu Search with techniques like reinforcement learning, neural networks, or expert sys-
tems.

These challenges and future directions highlight the ongoing research efforts to overcome
scalability issues, handle large-scale problems, incorporate uncertainty, develop real-time
applications, and hybridize Tabu Search with artificial intelligence techniques. Address-
ing these challenges and exploring these directions will further enhance the effectiveness
and applicability of the TSA in solving complex industrial optimization problems. Table
4 shows a concise overview of the challenges and future directions for the TSA in indus-
trial applications, including scalability issues, handling large-scale problems, incorporating
uncertainty, developing real-time applications, and hybridizing artificial intelligence tech-
niques. Addressing these challenges and exploring these directions will further enhance
the effectiveness and applicability of the TSA algorithm in solving complex industrial
optimization problems.

Based on the challenges and future directions discussed, we recommend the following
areas for future research on the Tabu Search Algorithm: Develop scalable algorithm vari-
ants that can efficiently handle more significant problem instances by exploring parallel
and distributed computing techniques. Investigate approximation methods and proce-
dures to address the computational complexity and memory limitations associated with
large-scale problems. Extend the Tabu Search Algorithm to handle uncertainty by incor-
porating robust optimization techniques, stochastic programming, or fuzzy logic to pro-
vide more reliable solutions in uncertain conditions. Explore the development of real-time
versions of the Tabu Search Algorithm to handle dynamic and time-sensitive industrial
applications, such as scheduling, routing, and resource allocation.

6. Conclusion.
This review paper provided a comprehensive analysis of the TSA for industrial appli-

cations. It is a valuable resource for researchers, practitioners, and decision-makers inter-
ested in utilizing the TSA for solving complex optimization problems in various industrial
domains. This comprehensive review paper aims to thoroughly understand the TSA and
its application in various industrial settings. The report covers the key components of the
TSA, including the tabu list, aspiration criteria, diversification and intensification strate-
gies, and neighborhood structures. Furthermore, it explores the effectiveness of the TSA
in solving optimization problems related to production planning, scheduling, logistics, and
resource allocation. The review also discusses the performance evaluation metrics used
to assess the efficiency of the TSA and compares its performance with other optimization
techniques commonly employed in industrial applications. It highlights the advantages
and limitations of the TSA, providing valuable insights for practitioners and researchers.
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Moreover, recent advancements in the field, such as hybridization with other metaheuris-
tics, parallel and distributed implementations, memetic tabu search, and multi-objective
optimization, are discussed. These advancements have contributed to enhancing the per-
formance and applicability of the TSA in industrial scenarios. The paper also addresses
the challenges faced in implementing the TSA for large-scale problems, scalability issues,
handling uncertainty, real-time applications, and the potential of hybridization with arti-
ficial intelligence techniques. It provides recommendations for future research directions
to overcome these challenges and further improve the application of the TSA in industrial
settings.
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[23] K. Musia l, J. Kotowska, D. Górnicka, and A. Burduk, “Tabu search and greedy algorithm adaptation
to logistic task,” in Computer Information Systems and Industrial Management: 16th IFIP TC8
International Conference, CISIM 2017, Bialystok, Poland, June 16-18, 2017, Proceedings 16, 2017,
pp. 39–49.

[24] T.-T. Nguyen, H.-J. Wang, T.-K. Dao, J.-S. Pan, J.-H. Liu, and S.-W. Weng, “An Improved Slime
Mold Algorithm and Its Application for Optimal Operation of Cascade Hydropower Stations,” IEEE
Access, vol. 8, p. 1, 2020, doi: 10.1109/ACCESS.2020.3045975.

[25] G. Waligora, “Tabu search for discrete–continuous scheduling problems with heuristic continuous
resource allocation,” European Journal of Operational Research, vol. 193, no. 3, pp. 849–856, 2009.

[26] Y. Yu, M. Pan, X. Li, and H. Jiang, “Tabu search heuristics for workflow resource allocation simu-
lation optimization,” Concurrency and Computation: Practice and Experience, vol. 23, no. 16, pp.
2020–2033, 2011.

[27] T. Dao, T. Nguyen, J. Pan, Y. Qiao, and Q. Lai, “Identification Failure Data for Cluster Heads Aggre-
gation in WSN Based on Improving Classification of SVM,” IEEE Access, vol. 8, pp. 61070–61084,
2020, doi: 10.1109/ACCESS.2020.2983219.

[28] T.-T. Nguyen, J.-S. Pan, T.-Y. Wu, T.-K. Dao, and T.-D. Nguyen, “Node Coverage Optimization
Strategy Based on Ions Motion Optimization,” Journal of Network Intelligence, vol. 4, no. 1, pp.
1–9, 2019.

[29] M. da Conceicao Cunha and L. Ribeiro, “Tabu search algorithms for water network optimization,”
European Journal of Operational Research, vol. 157, no. 3, pp. 746–758, 2004.

[30] E. L. Da Silva, J. M. A. Ortiz, G. C. De Oliveira, and S. Binato, “Transmission network expansion
planning under a tabu search approach,” IEEE Transactions on Power Systems, vol. 16, no. 1, pp.
62–68, 2001.

[31] J. Renaud, G. Laporte, and F. F. Boctor, “A tabu search heuristic for the multi-depot vehicle routing
problem,” Computers & Operations Research, vol. 23, no. 3, pp. 229–235, 1996.

[32] O. Exler, L. T. Antelo, J. A. Egea, A. A. Alonso, and J. R. Banga, “A tabu search-based algorithm
for mixed-integer nonlinear problems and its application to integrated process and control system
design,” Computers & Chemical Engineering, vol. 32, no. 8, pp. 1877–1891, 2008.

[33] B. Lin, S. Chavali, K. Camarda, and D. C. Miller, “Computer-aided molecular design using Tabu
search,” Computers & Chemical Engineering, vol. 29, no. 2, pp. 337–347, 2005.

[34] F. Glover, “Artificial intelligence, heuristic frameworks and tabu search,” Managerial and Decision
Economics, vol. 11, no. 5, pp. 365–375, 1990.

[35] O. Lambrechts, E. Demeulemeester, and W. Herroelen, “A tabu search procedure for developing
robust predictive project schedules,” International Journal of Production Economics, vol. 111, no.
2, pp. 493–508, 2008.

[36] M. A. Abido, “A novel approach to conventional power system stabilizer design using tabu search,”
International Journal of Electrical Power & Energy Systems, vol. 21, no. 6, pp. 443–454, 1999.

[37] M. A. Abido, “Optimal power flow using tabu search algorithm,” Electric power components and
systems, vol. 30, no. 5, pp. 469–483, 2002.

[38] A. Lamghari and R. Dimitrakopoulos, “A diversified Tabu search approach for the open-pit mine
production scheduling problem with metal uncertainty,” European Journal of Operational Research,
vol. 222, no. 3, pp. 642–652, 2012.

[39] H. Zhang, K. Zhang, Y. Chen, and L. Ma, “Multi-objective two-level medical facility location problem
and tabu search algorithm,” Information Sciences, vol. 608, pp. 734–756, 2022.

[40] H. Gao, S. Kwong, B. Fan, and R. Wang, “A hybrid particle-swarm tabu search algorithm for solving
job shop scheduling problems,” IEEE Transactions on Industrial Informatics, vol. 10, no. 4, pp.
2044–2054, 2014.

[41] T. G. Crainic, J.-Y. Potvin, and M. Gendreau, Parallel tabu search. Université de Montréal, Centre
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