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THE ADAPTIVE TWO-STAGE ANT COLONY SIMULATED ANNEALING
ALGORITHM FOR SOLVING THE TRAVELING SALESMAN PROBLEM

Yingnian Wu*, Hao Wang, Manhua Li, Hao Tan, Ding Wang and Meiqi Sheng

Abstract. In the process of solving the Traveling Salesman Problem (TSP), both the Ant Colony Op-
timization and Simulated Annealing Algorithm exhibit different limitations depending on the dataset.
This paper aims to address these limitations by Using the Ant Colony Optimization as a search strategy
for the Simulated Annealing algorithm and designs two adaptive search stages based on the search char-
acteristics of the Simulated Annealing algorithm. Thus solving the problem of slow convergence speed
and easy getting stuck in local optimal solutions in the Simulated Annealing algorithm. By conduct-
ing tests on various TSPLIB datasets, the algorithm proposed in this article demonstrates improved
convergence speed and solution quality compared to traditional algorithms. Furthermore, it exhibits
certain advantages over other existing improved algorithms.
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1. Introduction

The TSP [1] is a classic combinatorial optimization problem that describes a scenario where a salesman needs
to visit a series of cities and return to the starting city, determining the most efficient route. The objective of
the problem is to find the shortest path that allows the salesman to visit each city exactly once and return
to the starting point. Due to its practical significance, the TSP finds wide applications in real-life scenarios
such as logistics route planning [2], circuit board manufacturing [3], and genetic sequencing [4], among others,
attracting extensive research efforts from scholars worldwide.

Many researchers have historically employed exact algorithms such as Branch and Bound [5], Dynamic Pro-
gramming [6], and Integer Linear Programming [7] to solve the TSP. However, as the situation becomes more
complex, exact algorithms lose their advantage, and various approximation algorithms become more suitable
for addressing the increasingly tricky and data-intensive TSP instances. Among the approximation algorithms
used to solve the TSP are the Nearest Neighbor algorithm [8], Minimum Spanning Tree algorithm [9], and
bio-inspired algorithms. Bio-inspired algorithms mimic natural phenomena or processes and have been widely
used by researchers to solve the TSP. Dong et al. proposed a hybrid frog-leaping algorithm to tackle the TSP
[10], while Jati et al. introduced a discrete firefly algorithm for TSP [11]. Karuna and Kusum proposed a 2-
opt-based grey wolf optimization algorithm for solving discrete TSP [12]. Ouaarab proposed a discrete cuckoo
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search algorithm, which incorporates a step-size adjustment strategy based on traditional algorithms and uses
2-opt and double-bridge operators as local optimization operators [13]. Saji introduced a discrete bat algorithm,
embedding mechanisms of continuous function optimization algorithms. Experimental results using data from
TSPLIB demonstrate its effectiveness [14]. Akram proposed a novel hybrid optimization approach that leverages
the strengths of simulated annealing and genetic algorithms while incorporating Pythagorean fuzzy uncertain
variables to address the traveling problem under uncertain conditions [15].

The Ant Colony Optimization (ACO) and Simulated Annealing (SA) algorithms are also suitable bio-inspired
algorithms for solving the TSP. Although the ACO exhibits local solid search capabilities, it often suffers from
slow convergence. It can easily get trapped in local optima, resulting in suboptimal performance on discrete
optimization problems, especially when dealing with large-scale instances.

In response, many scholars have attempted various improvements. Stutzle and Hoos proposed the Max–Min
Ant System, which imposes upper and lower bounds on the pheromone levels along the paths, to some extent
mitigating stagnation issues. However, this approach can slow down convergence when solutions are dispersed
[16]. Tao Lihua et al. integrated genetic algorithms into the ACO framework, proposing a Dynamic Ant Colony
Genetic Algorithm to enhance optimization capability and speed. However, this algorithm must be revised when
tackling large-scale TSP [17]. Mostafa Mahi combined Particle Swarm Optimization and the ACO, using the
3-opt optimization operator as a local optimization operator to solve the TSP. However, the slow iteration of
the ACO and the high computational complexity of the 3-opt optimization operator increase the algorithm’s
runtime [18].

Although the SA is a global search algorithm, it suffers from slow convergence and poor local search capability.
In response, many scholars have attempted improvements. He et al. used genetic algorithms to enhance the
convergence speed of the SA, achieving promising results for small-scale TSP but proving unsuitable for solving
large-scale instances [19]. Chen introduced genetic algorithms into the SA, proposing a novel algorithm called
the Simulated Annealing Genetic Algorithm, which combines the strengths of both algorithms [20]. Peng et al.
proposed a Fuzzy Adaptive Simulated Annealing Genetic Algorithm, which exhibits faster convergence speed and
superior optimization performance compared to traditional algorithms [21]. Wang et al. proposed a method that
combines Multi-Agent Simulated Annealing with Instance-Based Sampling, leveraging the learning capabilities
of instance-based search algorithms to solve the TSP instances. This approach balances solution accuracy and
CPU time [22].

Many scholars have recognized the potential synergies between the ACO and SA. Yuan et al. introduced
a Simulated Annealing mechanism into the Max–Min Ant System to enhance the quality of solutions and
convergence speed. However, this algorithm proves unsuitable for solving the large-scale TSP instances [23].

Addressing the abovementioned issues, this paper proposes improvements to the ACO and SA. Additionally,
the enhanced Ant Colony Optimization algorithm is incorporated as one of the search methods in the improved
the SA. By conducting experiments on 20 TSP instances, the results demonstrate that the Adaptive Two-
Phase Ant Colony Simulated Annealing algorithm effectively solves TSP instances of various scales and yields
high-quality solutions.

2. Description of the traveling salesman problem

The TSP can be represented as an undirected graph 𝐺 = (𝑆, 𝐸), where 𝑆 = {1, 2, · · · , 𝑁} denotes the set of
vertices and 𝐸 represents the set of edges. The edge 𝑒𝑖𝑗 ∈ 𝐸, where 𝑖 and 𝑗 belong to 𝑆 and 𝑖 ̸= 𝑗, let 𝑒𝑖𝑗 be
the cost associated with traveling from vertex 𝑖 to vertex 𝑗. The decision variable is defined as follows:

𝑥𝑖𝑗 =

{︃
1, if the edge 𝑒𝑖𝑗 between cities 𝑖 and 𝑗 is included in the tour
0, otherwise.

(1)



ADAPTIVE TWO-STAGE ANT COLONY SA ALGORITHM FOR SOLVING THE TSP 1201

The TSP can be formulated as follows:

min
𝑁∑︁

𝑖=1

𝑁∑︁
𝑗=1

𝑥𝑖𝑗𝑐𝑖𝑗

s.t.
∑︁
𝑗 ̸=𝑖

𝑥𝑖𝑗 =
∑︁
𝑖̸=𝑗

𝑥𝑖𝑗 = 1, 𝑖 ∈ 𝑆

∑︁
𝑖 ̸=𝑗

𝑥𝑖𝑗 ≤ |𝑉 | − 1, 𝑉 ∈ 𝑆, 𝑥𝑖𝑗 ∈ {0, 1}, 𝑖, 𝑗 ∈ 𝑆 (2)

where |𝑉 | is the number of vertices in the set 𝑆. The first constraint indicates that each vertex is connected to
exactly two edges, while the second constraint ensures the absence of any sub-cycles.

3. Improvements in ant colony optimization

3.1. Ant colony optimization

The observation and emulation of the foraging behavior of ants in nature inspires the ACO [24]. Italian
researcher M. Dorigo and his colleagues discovered that ants can find the optimal path connecting their nest to
a food source during foraging. They observed that ants release a substance called pheromone while searching for
food, which influences the behavior of other ants. During foraging, ants perceive the concentration of pheromones
in their environment and use this information to guide their movement. Typically, they tend to move towards
areas with higher pheromone concentrations. This collective behavior enables ant colonies to find the optimal
path efficiently, even in complex environments. The principles of the ACO are derived from these observations
and represented solutions to optimization problems, construct paths based on pheromone trails and heuristic
information. Through iterations and interactions, the ACO emulate the process of ants searching for the best
solution in a problem space, ultimately converging towards optimal or near-optimal solutions.

Transition probability

The Ants utilize a probabilistic selection method to determine the transition from the current node 𝑖 to the
next node 𝑗 while releasing some pheromones during the transition. In the initial phase, the concentration of
pheromones on all paths is equal. Therefore, the transition probability for an ant to move from the current node
to the next node is as follows:

𝑃 𝑡
𝑖𝑗 =

⎧⎨⎩
[𝜃𝑖𝑗 ]

𝛼[𝜂𝑖𝑗 ]
𝛽

∑︀
𝑠∈𝐽ℎ(𝑖) [𝜃𝑖𝑗 ]

𝛼[𝜂𝑖𝑗 ]
𝛽 , 𝑗 ∈ 𝐽ℎ(𝑖)

0, else
(3)

where 𝜃𝑖𝑗 is the pheromone concentration left by ant at the current node 𝑖 transitioning to the next node 𝑗,
𝜂𝑖𝑗 is the heuristic factor between the current node 𝑖 and the next node 𝑗, 𝐽ℎ(𝑖) is the set of potential next
nodes 𝑗 available for ant ℎ from the current node 𝑖, excluding the nodes already traversed, 𝛼 is the importance
of pheromones, 𝛽 is the importance of the heuristic information, which regulates the interplay between 𝜃𝑖𝑗 and
𝜂𝑖𝑗 .

During the selection process of the next node, a combination of determinism and randomness is employed, with
the transition probability dynamically adjusted. This is achieved by combining pheromones with the roulette
wheel selection method for node selection.

Updating pheromones

Once all ants have established their paths, the next step involves calculating the length of each ant’s path
and updating the pheromone levels along each route. The update of pheromones consists of two main processes
which are pheromone evaporation and pheromone deposition by the ants along their respective paths.

Formula for pheromone evaporation:
𝜏𝑖𝑗 = (1− 𝜌)𝜏𝑖𝑗(𝑡) (4)
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where 𝜌 is the evaporation rate.
The formula for pheromone deposition by the ant k and along the traversed path:

∆𝑡𝑘𝑖𝑗(𝑡) =

{︃
𝑄
𝑑𝑖𝑗 (𝑖, 𝑗) ∈ 𝑇 𝑘

0 else
(5)

where 𝑄 is a constant, 𝑇 𝑘 is the path of ant 𝑘, 𝑑𝑖𝑗 is the length of the current path, where a smaller value of
𝑑𝑖𝑗 implies a higher accumulation of pheromones on the current path.

Pheromone update formula:

𝜏𝑖𝑗(𝑡 + 1) = (1− 𝜌)𝜏𝑖𝑗(𝑡) +
𝑚∑︁

𝑘=1

∆𝑡𝑘𝑖𝑗(𝑡). (6)

3.2. The improved ant colony algorithm (IACO)

In the ACO, the ant colony primarily relies on the concentration of pheromones on each path to select the
corresponding movement route. Therefore, an optimal distribution matrix of pheromone concentrations is crucial
for guiding the ant colonies toward finding the optimal solution during the evolution process. In the initial stage
of ant colony optimization, many researchers typically assign a fixed value to the matrix of pheromones of the
initial ant colony. This approach can cause the initial ant colony to lose direction while exploring the solution
space, potentially leading the algorithm to become trapped in local optima. Therefore, this paper will improve
the initial pheromone matrix to address this issue.

Assuming that the initial ant colony’s starting city and ending city are known, when ants choose the next
city to visit, they can evaluate the distance between the starting city and the ending city. This enables the ants
to determine the appropriate direction and conduct efficient exploration effectively. Specifically, all edges will
be initialized and assigned values based on the distance between the starting and ending nodes. The definition
of the initial pheromone concentration after the improvement is as follows:

𝜏𝑖𝑗(0) =
𝑑𝐴𝑗 + 𝑑𝑗𝐶

𝑑𝐴𝐶
(7)

where 𝜏𝑖𝑗(0) is the initial concentration of pheromones between any nodes 𝑖 and 𝑗, 𝑑𝐴𝐶 is the straight-line
distance between the starting point and the ending point, 𝑑𝐴𝑗 is the distance from the starting point to the
current node 𝑗, and 𝑑𝑗𝐶 is the distance from the current node to the ending point.

This strategy changes the initial pheromone concentration of the ACO and the initial ant colony gains clear
directional guidance by focusing on the distance between the current node and the endpoint, avoiding blind
searching and significantly enhancing the algorithm’s solving speed.

As shown in Figure 1, the algorithm’s flowchart is depicted. As presented in Table 1, the results of comparing
our algorithm with the traditional ACO are shown. In the Table 1, SD is the error rate and calculated by
equation (8), which is the difference between the optimal solution (denoted as Opt) obtained by the algorithm
and the known optimal solution (denoted as KopS) of TSPLIB, SDavg is the average error of the solved result at
the end of every process after 30 runs and calculated by equation (9), 𝑁𝑢𝑚𝑏𝑒𝑟 is the number of ants, 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
is the number of iterations per algorithm, 𝐵𝑒𝑠𝑡 is the best optimal solution after 30 runs, SD𝐵𝑒𝑠𝑡 is the error
value of the best solution in the test and calculated by equation (10), 𝑇𝑖𝑚𝑒 is the solution time for the algorithm
to solve the TSP instance 30 times. The results show that the IACO significantly reduces the solution time and
achieves higher accuracy. This improvement is mainly attributed to the focus on the distances between the end
city, the starting city, and the current town, providing directional guidance for the initial ant colony. However,
as the scale of the TSP problem instances increases, the solution’s effectiveness noticeably decreases. This is
primarily due to the search mechanism of the ACO being prone to local optima and stagnation.

SD =
(︂

Opt−KopS
KopS

)︂
× 100 (8)
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Figure 1. Flowchart of the adaptive ant colony algorithm.

SDavg =
(︂

Opt−KopS
𝑦 *KopS

)︂
× 100 (9)

SD𝐵𝑒𝑠𝑡 =
(︂

Opt−KopS
𝐵𝑒𝑠𝑡

)︂
× 100 (10)

where 𝑦 is the number of times optimization.
Parameter setting of ACO [23]: 𝛼 = 1, 𝛽 = 1, 𝑄 = 10, 𝜌 = 0.7, the number of ants 𝑚 is the number of cities.
Parameter setting of IACO: 𝛼 = 3, 𝛽 = 10, 𝑄 = 1, 𝜌 = 0.1, the number of ants 𝑚 is the number of cities, the

number of iterations of the algorithm is 0.5 times the number of the iterations of the ACO.
As shown in the Table 1, the IACO achieved better results with fewer iterations and a smaller population

size. Therefore, in the subsequent experiments, we adopted these parameter settings for the IACO.

4. The improved two-stage ant colony simulated annealing algorithm
(IACO2ASA)

4.1. Simulated annealing algorithm

The SA originates from the physical process of annealing in physics. Metropolis et al. discovered that in
physics, the annealing process involves heating a solid to a specific high temperature and then slowly cooling it
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Table 1. Comparing results: Traditional vs. improved ant colony algorithm.

Instance Opt Number Iteration Algorithm Best SD𝐵𝑒𝑠𝑡 SDavg (%) Time (s)

bays29 2020 29
40 ACO 2053.00 1.63 5.21 2.87
20 IACO 2020.00 0.00 0.32 2.03

berlin52 7542 52
70 ACO 8423.05 11.68 12.91 27.81
35 IACO 7612.39 0.93 1.73 10.34

pr76 108 159 76
150 ACO 124 004.77 14.65 19.36 170.91
75 IACO 120 222.55 11.15 12.29 92.35

down [25]. During the heating process, the particles inside the solid become disordered, increasing the internal
energy. The particle ensemble gradually becomes ordered as the temperature decreases during the cooling pro-
cess. At each temperature equilibrium, the internal energy reaches its minimum value. Inspired by this physical
phenomenon, Kirkpatrick et al. introduced the idea of annealing into the field of combinatorial optimization
[26]. The SA can avoid getting trapped in local optima by accepting worse solutions, which helps the overall
algorithm escape from local minima. However, the method used by the SA to generate solutions is limited and
inefficient, and it requires adjusting the temperature parameter based on the specific TSP instance. As a result,
the SA is not ideal for practical use.

The SA mimics the principles mentioned above, consisting of three main phases: the heating process, the
isothermal process, and the cooling process, as follows:

(1) Heating Process: The purpose is to enhance the thermal motion of particles, causing them to deviate
from their equilibrium positions. When the temperature is high enough, the solid will melt into a liquid,
eliminating the previously present non-uniform state in the system.

(2) Isothermal Process: For a closed system exchanging heat with the surrounding environment and maintaining
a constant temperature, the spontaneous change in the system’s state always occurs in the direction of
reducing the free energy. When the free energy reaches its minimum, the system reaches equilibrium.

(3) Cooling Process: This process weakens the thermal motion of particles, allowing the system’s energy to
decrease and form a crystalline structure.

The heating process corresponds to setting the initial temperature in the algorithm, the isothermal process
corresponds to the Metropolis sampling process, and the cooling process corresponds to the decrease in control
parameters. Here, the change in energy corresponds to the objective function, and the optimal solution to be
obtained is the lowest energy state. The Metropolis criterion is the key to the SA converging to the global
optimum solution. The Metropolis criterion accepts deteriorating solutions with a certain probability, allowing
the algorithm to escape the trap of local optima.

The Metropolis criterion:

𝑝 =

{︃
1 if 𝐸old − 𝐸new < 0

𝑒−
𝐸old−𝐸new

𝑇 otherwise
(11)

where 𝐸old and 𝐸new are the objective function values of the current solution and the candidate solution,
respectively, 𝑇 is the current temperature of the system.

The algorithm accepts worse solutions with a certain probability, which gives it a solid hill-climbing ability,
enabling it to escape local optima during the search process and progress towards the global optimum solution.
However, the algorithm tends to converge relatively slowly, and its ability for local optimization is limited.

4.2. Improvements in initial temperature setting

The traditional SA typically set the initial temperature to a relatively high value to allow for extensive solution
space exploration, thereby increasing the likelihood of finding the global optimum solution. However, there is no
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universally applicable method for determining the initial temperature, which can result in inappropriate initial
temperature settings. Setting the initial temperature too high may cause the algorithm to accept too many
inferior solutions during the initial stages, leading to confusion in the search process and difficulty in effectively
converging to the vicinity of the global optimum solution. Conversely, setting the initial temperature too low
may cause the algorithm to prematurely converge to a local optimum solution, making it difficult to escape from
local optima and possibly missing the global optimum solution. Lin and others used equation (12) to set the
initial temperature to a very high value to facilitate the algorithm’s convergence [27]. However, the convergence
of the SA depends on the disorderliness of the TSP instance and the number of cities. Therefore, this paper
adopts equation (14) to set a new initial temperature.

𝑇 = −𝐸(𝑋max)− 𝐸(𝑋min)
ln 𝑝

(12)

𝑇 = −𝐸(𝑋avg)− 𝐸(𝑋min)
𝑎 * ln 𝑝

(13)

where 𝐸(𝑋max), 𝐸(𝑋avg), and 𝐸(𝑋min) are the maximum, average, and minimum objective function values,
respectively, corresponding to 𝑁 feasible solutions randomly selected from the solution space. For the 𝑁 feasible
solutions, a greedy algorithm is employed in this paper to determine appropriate solution values. The variable
𝑎 is the number of cities in the TSP instance, and the variable 𝑝 ranges between 0 and 1.

4.3. Improvements in the Metropolis criterion

The acceptance probability expression for the Metropolis criterion in the traditional SA is given by 𝑝 =

𝑒−
𝐸(𝑋new)−𝐸(𝑋old)

𝑇 . For the TSP of different scales, there may be a difference of orders of magnitude between the
value of 𝐸(𝑋new)−𝐸(𝑋old) and the current 𝑇 value, resulting in a value that is too large (approaching 1) or too
small (approaching 0). A huge value may cause the Metropolis criterion to tend toward accepting new solutions,
while a minimal value may lead to the criterion tending toward rejecting new solutions, thereby affecting the
runtime and optimization performance of the algorithm. Therefore, when adjusting this parameter, it is essential
to balance its impact on accepting and rejecting new solutions to ensure the algorithm can effectively explore
the solution space at different stages. To ensure the sensitivity of the Metropolis criterion, this paper adopts
the following approach:

𝑝 = 𝑒−
𝐸(𝑋new)−𝐸(𝑋old)

𝑆𝑇 (14)

where 𝑆 = 𝑒
−𝐸𝑛−1(𝑋average)−𝐸𝑛−1(𝑋min)

𝑇𝑛−1 , 𝐸(𝑋average) and 𝐸(𝑋min) respectively are the average and lowest values
of all solutions generated in the previous iteration, 𝑇𝑛−1 is the temperature at the previous iteration. This
dynamic adjustment scheme relies on the results of the previous iteration to adjust the acceptance level of
the current Metropolis criterion. By doing so, it can to some extent eliminate the potential order of magnitude
difference between the values of 𝐸old−𝐸new and the current 𝑇 value, thereby making the value 𝑝 more sensitive.

4.4. Improvement in local search mechanism

The traditional ACO relies on the historical pheromone concentrations left by ants on paths to select the
next city to visit in solving the TSP. While this selection mechanism can concentrate ants on high-quality
paths to some extent, the increasing complexity of the search space with larger problem sizes makes finding
the global optimum more difficult and leads to longer algorithmic solving times. On the other hand, The SA is
a heuristic algorithm for global optimization in the TSP, which uses Metropolis criterion to accept some poor
result values to avoid getting stuck in local optimal solutions, thus being able to find better solutions in the
solution space. However, the traditional SA mainly explores the solution space by exchanging the order of two
cities, significantly resulting in poor local search capability as the TSP instance size increases. Thus, the ACO
and SA can complement each other. the ACO can explore the solution space, while the SA can escape local
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Figure 2. Flowchart of the first stage.

optima. By combining these two algorithms, their respective strengths can be fully utilized to solve the TSP
more effectively, improving both the efficiency and quality of the solution.

In the SA, the method for generating new solutions is crucial for overall performance and convergence
precision. However, the traditional SA often use random swaps of two cities, a mechanism characterized by
random perturbations that are inefficient for exploring the solution space. This paper proposes integrating an
improved ACO as a search strategy with the SA to quickly find a reasonable exploration direction. Nevertheless,
as the pheromone values in the ACO accumulate and the algorithm iterates, it may fall into local optima.
Therefore, introducing city swap methods and random city insertion methods [28] helps the algorithm quickly
escape local optima. Based on this analysis, this paper divides the SA algorithm into two search phases, each
with different search strategies tailored to the needs of each stage.

(1) First Stage

At the beginning of the algorithm, more knowledge about the solution space is needed, making it difficult
for traditional algorithms to identify exploration directions quickly. Therefore, this paper’s algorithm utilizes
the efficient optimization capability and pheromone strategy of ACO on a small scale to find the most effective
convergence direction while also ensuring the effectiveness of exploration using the Metropolis criterion. First,
a subset containing 𝑁 cities is randomly selected from a TSP sequence of 𝑀 cities to form a smaller-scale TSP
instance, where 3 < 𝑁 < 𝑁max < 𝑀 (𝑁max is the predefined maximum number of cities), as shown by the
yellow and green parts in the diagram. The yellow portion selected cities serve as the starting and ending points
for the TSP.

Next, we use the IACO to optimize this smaller-scale TSP instance, which is reordering the cities in the green
portion. Then, we put the high-quality solution sequence back into the original TSP sequence. Finally, we use
the Metropolis criterion to determine whether to accept the new solution. Figure 2 illustrates this procedure.
In this figure, FV represents the computed comfort function value. As shown in the diagram, after applying the
Metropolis criterion, the solution sequence with an FV = 240 was selected as the new solution.

(2) Second Stage

In the context of the SA, the ACO serves as a local optimization method. As the algorithm iterates, the
accumulation of pheromones in the ACO can cause the entire algorithm to get trapped in local optima. Therefore,
to quickly escape local optima, we introduce the city swap method and the random city insertion method. The
city swap method involves randomly swapping two positions in the solution sequence, and the random city
insertion method involves randomly swapping two adjacent positions in the solution sequence. In this stage, the
ACO, city swap method, and random city insertion method are used to explore the solution space according to
a predefined selection probability, as shown in Figure 3.

4.5. Algorithm flow

The parameters that need to be set for the IACO2ASA are:
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Figure 3. Flowchart of the second stage.

Figure 4. Flowchart of the IACO2ASA.

– The parameters of IACO: 𝑎𝑙𝑝ℎ𝑎, 𝑏𝑒𝑡𝑎, 𝑟ℎ𝑜, 𝑄, the number of ants 𝑚.
– The initial temperature setting: 𝑝.
– The first stage parameters of the algorithm: Cooling coefficient 𝑟ℎ𝑜1, the number of iterations per round 𝐿,

termination temperature 𝑇𝑒𝑛𝑑1.
– The second stage parameters of the algorithm: Cooling coefficient 𝑟ℎ𝑜2, The number of iterations per round

𝐿2, termination temperature 𝑇𝑒𝑛𝑑2, the selection probability among the city swap method, the random city
insertion and the IACO.

The process of the algorithm in this article is shown in the following figure (Fig. 4):

5. Experimental setup and result analysis

To test the effectiveness of the IACO2ASA, experiments will be conducted using TSP instance of different
sizes from the TSPLIB database, which are arranged as follows:

(1) Different instances were tested to assess the effectiveness of the combined perturbation methods of the city
swap method, the random city insertion method and the IACO.
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Table 2. Comparison of algorithmic results under different ratios.

Instances (K) 𝑚
1:1:1 2:1:1 1:2:1 1:1:2 2:2:1

Agiter
SDavg Agiter

SDavg Agiter
SDavg Agiter

SDavg Agiter
SDavg

(%) (%) (%) (%) (%)

pr76(500) 76 398.54 7.82 390.54 6.89 378.24 8.05 390.45 6.58 364.27 7.01
Tsp225(600) 225 426.42 6.35 418.35 6.04 409.87 5.95 414.36 5.79 443.29 6.87
lin318(600) 318 483.26 6.04 472.68 5.78 480.16 6.12 462.57 5.93 471.27 5.86
Dsj1000(1000) 1000 924.36 26.54 956.48 28.47 934.24 23.98 933.47 22.63 950.64 27.95

Average 558.15 11.69 559.51 11.80 550.62 11.03 550.21 10.23 557.37 11.92

(2) Various instances were employed to evaluate improving the Metropolis criterion’s acceptance criteria.
(3) Different TSP instances were utilized to test the performance of the proposed algorithm in solving various

instances,at the same time, using 10 TSP instances to verify that the performance of the independent first
stage and independent second stage is weaker than that of IACO2ASA.

(4) A comparison was made between the proposed algorithm and traditional algorithms, as well as other approx-
imate algorithms described in the literature [29, 30], to demonstrate the proposed algorithm’s effectiveness
further.

Experimental Environment: Python 3.8, Windows 11 Operating System, Intel(R) Core(TM) i7-12700H pro-
cessor, 16 GB memory.

5.1. Experiment 1

In the second phase of the algorithm presented in this paper, the city swap method, random city insertion
method, and the IACO are used to perturb the old solution sequence based on a certain selection probability.
To test the impact of different proportional combinations on the algorithm’s performance, experiments were
conducted 30 times using the pr76, Tsp225, lin318, and Dsj1000 instances. The results are shown in Table 2.
In the Table 2, K indicates the number of temperature changes set, 𝑀 indicates the number of cities in the
current TSP instance, 𝐴𝑔𝑖𝑡𝑒𝑟 denotes the average number of temperature changes required to obtain a good
result over 30 runs,SDavg indicates the average optimization result over 30 runs, 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 indicates the average
of the values in each column.

From the 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 results in Table 2, it can be observed that when the ratio of the city swap method, random
city insertion method and the IACO is 1:1:2. the solution performance is better. This suggests that having a
higher proportion of the IACO is beneficial for solving the TSP. Therefore, the proposed algorithm perturbs
the solution sequence according to the ratio of city swap method, random city insertion method and the IACO
is 1:1:2.

5.2. Experiment 2

To test the impact of the improved Metropolis criterion on the SA, comparative experiments were conducted
using the Berlin52, Tsp225, and Dsj1000 instances. The original Metropolis criterion and the improved Metropo-
lis criterion were compared. In these experiments, the parameters for both criteria were set such that the cooling
rate 𝑟ℎ𝑜1 is 0.998, the number of iterations per round 𝐿 were twice the number of cities in each instance, The
city swap method was used to generate new solutions for the original Metropolis criterion and the improved
Metropolis criterion. Each TSP instance was tested 30 times, with the same number of temperature changes K
for both criteria. The test results are shown in Table 3. From the experimental results, it is evident that the
improved Metropolis criterion required fewer steps to attain convergence and achieved higher-quality results.
This allows the SA to explore the solution space more effectively.
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Table 3. Comparing results: Original vs. improved Metropolis criteria.

Instance (K) 𝑚
The original
Metropolis criterion

The improved
Metropolis criterion

Agiter SDavg (%) Agiter SDavg (%)

pr76(500) 76 245.31 10.31 180.68 8.43
lin318(1000) 318 745.21 15.63 424.76 10.62
Dsj1000(1500) 1000 841.43 18.63 689.13 16.81
vm1084(1500) 1084 931.67 24.67 781.27 20.19

Average 690.91 17.31 518.96 14.01

Table 4. Results of the algorithm in this article.

Instance (K) Opt
Initialization First stage result Second stage result

Time (s) Best SD𝐵𝑒𝑠𝑡SDavg (%) 𝑡 SDavg (%) 𝑡 SDavg (%)

A280 2579 356.89 95.83 45.15 182.54 5.91 278.37 2637.77 2.23
Att532 27 686 621.45 178.21 40.43 441.87 8.21 620.08 29 493.62 6.13
berlin52 7542 107.45 43.13 33.4 11.95 5.11 55.08 7544.37 0.03
bier127 118 282 205.78 61.36 36.23 27.09 3.85 88.45 118 475 0.16
Burma14 30.8785 60.12 10.11 20.87 12.15 0 22.26 30.88 0.00
ch130 6110 338.14 68.87 38.11 25.28 5.38 94.15 6190.65 1.30
ch150 6528 368.87 88.12 35.31 25.35 5.67 113.47 6667.05 2.09
eil51 426 154.8 11.93 35.96 7.12 3.91 19.05 428.19 0.51
eil76 538 176.04 11.09 53.39 8.64 3.75 19.73 544.37 1.17
eil101 629 254.09 65.54 31 25.28 8.79 90.82 630 0.16
kroA100 21 282 206.24 30.64 28.8 49.38 3.98 80.02 21 590.59 1.43
kroA150 26 524 340.89 81.67 31.54 26.78 4.65 108.45 27 136.7 2.26
kroA200 29 368 336.84 108.47 31.13 121.51 5.89 229.98 29 729.23 1.22
lin318 42 029 501.86 154.83 39.54 312.67 6.87 467.5 43 983.35 4.44
pr76 108 159 289.84 87.16 38.41 19.89 6.21 93.37 108 159.44 0.00
pr107 44 303 75.07 66.89 34.22 61.53 3.75 128.42 44 542.24 0.54
pr136 96 772 288.39 78.43 38.21 24.29 3.89 102.72 97 739.72 0.99
pr299 48 191 421.9 135.87 43.21 143.36 5.65 279.23 49 906.6 3.44
pr439 107 217 634.51 168.83 36.21 541.87 8.76 710.7 113 982.39 5.94
st70 675 222.16 13.7 44.63 9.23 3.97 22.93 677.11 0.31
tsp225 3916 377.68 93.83 42.15 185.36 5.82 279.19 4003.32 2.18

5.3. Experiment 3

To evaluate the effectiveness of the two-stage ant colony optimization with SA (IACO) algorithm, we con-
ducted 30 tests on 20 different-sized TSP instances. The parameters for the IACO method were set as follows:
the number of cities extracted from the TSP sequence was 10. To minimize parameter adjustments, the mini-
mum temperature for the first stage of the IACO was set to 1, and for the second stage, it was set to 0.1. As
shown in Table 4, the relevant results generated during the two-stage process of solving TSP instances using
the algorithm presented in this paper are displayed. The time at which the optimal solution was obtained for
each TSP instance in each stage was recorded, and the average time and average error across 30 tests were
calculated, denoted as 𝑡 and SDavg(%) respectively. This experiment provides corresponding data support for
subsequent comparative experiments. In the Table 4, Initialization SDavg(%) represents the error value at the
initial solution of the algorithm.
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Figure 5. Optimal path diagram.

Table 5. Results of the algorithm in this article.

Instance Opt
SD SDavg(%) Time(s)

First Second
IACO2ASA

First Second
IACO2ASA

First Second
IACO2ASA

Stage Stage Stage Stage Stage Stage

berlin52 7542 3.35 2.13 0.03 8.91 7.51 5.11 94.39 42.07 55.08
ch130 6110 7.21 5.09 1.30 14.45 9.45 5.38 161.76 76.99 94.15
ch150 6528 8.86 6.72 2.09 15.31 12.06 5.67 197.57 102.37 113.47
eil76 538 6.61 4.15 1.17 9.54 7.54 3.75 38.53 16.43 19.73
eil101 629 9.95 7.86 0.16 14.06 11.97 8.79 148.94 83.29 90.82
kroA100 21 282 9.45 8.13 1.43 18.56 12.29 3.98 149.04 68.69 80.02
lin318 42 029 18.89 10.06 4.44 25.34 13.39 6.87 848.13 418.68 467.5
pr76 108 159 4.56 2.94 0.00 16.21 8.74 6.21 164.40 76.33 93.37
pr107 44 303 5.21 3.01 0.54 19.22 13.59 3.75 214.74 114.87 128.42
st70 675 4.78 3.49 0.31 11.36 5.94 3.97 50.13 24.16 22.93

Analysis of Table 4 reveals that our algorithm consistently improves solution accuracy with each stage,
converging to a certain level of precision by the end of each process. This indicates the strong capability of our
algorithm in searching for optimal solutions. However, it is worth noting that as the data size increases, the
computational time also increases. Figure 5 illustrates the optimal paths for some TSP instances solved by our
algorithm.

Since the algorithm presented in this paper is divided into two solving stages, each stage can independently
solve TSP instances. However, the results obtained independently by each stage are not ideal. To evaluate the
independent first-stage method, the independent second-stage method, and the combined algorithm, 10 TSP
instances were tested, with a total of 30 tests conducted. To ensure fairness in the comparative experiments,
the same Cooling coefficient, the number of iterations per round, termination temperature were applied. The
results are shown in Table 5. As illustrated in Table 5, although the combined algorithm, which integrates both
stages, has a slightly shorter solving time compared to the independent second-stage method, it significantly
outperforms both the independent first-stage and second-stage methods in terms of solution accuracy.

5.4. Experiment 4

To demonstrate the superiority of our algorithm, we compared IACO2ASA with the traditional ACO [24], the
traditional SA [26] using 10 TSP instances. The results are shown in Table 5. The relevant parameter settings
for this experiment are:

Parameter setting of the traditional ACO: 𝛼 = 1, 𝛽 = 1, 𝑄 = 10, 𝜌 = 0.7, the number of ants 𝑚 is the
number of cities.

Parameter setting of the traditional SA: 𝑟ℎ𝑜 = 0.998,termination temperature 𝑇𝑒𝑛𝑑1 = 0.1, the number of
iterations per round 𝐿 and initial temperature are determined based on the TSP instance situation.
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Table 6. Comparing results: Proposed vs. traditional algorithms.

Instance (K) Opt
ACO SA IACO2ASA

SD𝐵𝑒𝑠𝑡 SDavg (%) Time (s) SD𝐵𝑒𝑠𝑡 SDavg (%) Time (s) SD𝐵𝑒𝑠𝑡 SDavg (%) Time (s)

berlin52 7542 11.99 16.1 27.81 0.03 5.67 46.51 0.03 5.11 55.08
ch130 6110 23.35 23.67 935.44 2.73 5.71 246.96 0.12 5.38 94.15
ch150 6528 35.76 25.1 1155.65 3.23 7.8 248.59 0.45 5.67 113.47
eil101 629 18.66 31.96 340.35 6.9 10.53 154.45 4.3 8.79 90.82
kroA100 21 282 20.45 86.89 330.34 2.12 4.78 162.68 0.47 3.98 80.02
lin318 42 029 54.18 70.73 2601.34 5.48 10.6 198.48 3.93 6.87 467.5
pr76 108 159 18.63 18.4 180.11 23.57 21.79 70.17 0.00 2.74 93.37
pr107 44 303 9.24 19.9 410.34 3.16 9.55 141.96 0.54 3.75 96.06
pr439 107 217 60.01 73.73 3250.45 6.84 13.67 1621.78 4.24 8.76 860.03
tsp225 3916 36.88 30.14 1972.25 3.96 8.77 467.99 1.4 5.82 191.99

Average 28.92 39.66 1120.41 5.80 9.89 335.96 1.55 5.69 214.25

Table 7. Comparing results: Proposed vs. improved literature algorithms.

Instance Opt
ACO-ABC [29] ACO-PSO [30] IACO2ASA

Best SDbest SDavg (%) Best SDbest SDavg (%) Best SDbest SDavg (%)

berlin52 7542 7544.37 0.03 0.03 7663.59 1.61 2.76 7544.37 0.03 5.11
bier127 118 282 – – – 124 842.66 5.55 6.37 118 475.00 0.16 3.85
ch130 6110 – – – 6473.53 5.95 6.80 6190.65 1.30 5.38
ch150 6528 6641.69 1.74 2.28 6852.08 4.96 5.49 6667.05 2.09 5.67
eil51 426 431.74 1.35 4.08 448.55 5.29 6.31 428.19 0.51 3.91
eil76 538 551.07 2.43 3.71 568.03 5.58 6.01 544.37 1.17 3.75
eil101 629 672.71 6.95 8.65 700.73 11.40 12.35 630.00 0.16 8.79
kroA100 21 282 22 122.75 3.95 5.42 22 387.60 5.20 8.53 21 590.59 1.43 3.98
lin318 42 029 – – – 47 585.55 13.22 14.70 43 983.35 4.44 6.87
pr76 108 159 113 798.56 5.21 6.39 – – – 108 159.44 0.00 6.21
pr107 44 303 – – – 46 249.36 4.39 5.08 44 542.24 0.54 3.75
pr136 96 772 – – – – – – 97 739.72 0.99 3.89
st70 675 687.24 1.81 3.79 – – – 677.11 0.31 3.97
tsp225 3916 4090.54 4.46 6.18 – – – 4003.32 2.18 5.82

Similarly, we compared the results of solving TSP instances using the algorithms in reference [27, 28], as
shown in Table 7.

Analyzing the data in Table 6, it can be observed that our algorithm exhibits significantly reduced optimal
solution error and average error compared to traditional ant colony algorithms and SA. Additionally, our
algorithm demonstrates a noticeable reduction in runtime. Analyzing the data in Table 7, it is evident that our
algorithm achieves higher convergence precision than other algorithms in the literature.

6. Conclusion

Our algorithm has demonstrated promising results in solving the TSP. It converges to high precision even
with medium to large-scale TSP instances and exhibits a certain degree of robustness. However, it should be
noted that the algorithm requires longer computational time for more significant TSP instances. Moreover,
the IACO2ASA not only achieves shorter optimization times but also delivers higher accuracy. Additionally, it
demonstrates a competitive edge when compared to algorithms discussed in other literature.
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