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ABSTRACT: In this study, we compare 10 (ten) optimization methods both exact algorithm 

(B&B) and approximate algorithm: GA, SA, TS, ACO, PSO, ABC, A
3
, NN, 2-Opt for symmetric 

traveling salesman problem. By using software Lingo18 and Matlab R18a, these algorithms are 

tested in five cases: 30 cities of Sumatera, 70 cities of Java, 9 cities of Kalimantan, 11 cities of 

Sulawesi, and 29 cities in Papua. Exact method (B&B) yields the shortest distance and time for 

less than 30 cities, on the other hand, metaheuristics (ABC) yields better than other 

metaheuristics algorithms both time and distance for more than 30 cities. To test the effectivity 

of ABC algorithm, this algorithm is also tested in tsplib and has error rate in Danzig42 

(0.00%), Brazil58 (0.02%), Gr120 (10.13%) 

KEYWORDS: Approximate, Exact, Error rate, Optimization methods  

 

1 INTRODUCTION 

There are numerous methods for solving 

optimization problem, starting from linear 

programming to modern heuristics. One of the 

popular and classical optimization problems and 

widely known is traveling salesman problem, TSP. 

TSP is categorized as a NP-hard [1] and 

combinatorial optimization problems. TSP is called 

hard problems because it is large and complex 

problems which consist (n-1)!/2 possible tours for n 

cities for symmetric TSP and (n-1)! possible tours 

for asymmetric TSP. The goal of TSP is to find the 

shortest distance by visiting all cities and returning 

to the starting point.  According to [2], there are two 

methods for optimization, one is an exact method 

and the other one is an approximate method. Each 

method has advantage and limitation. Exact method 

explores each and every possible solution to find the 

exact optimal solution, needs a mathematical 

convergence proof, but computationally less 

efficient – time consuming for more than 30 

problems [3,4] and on the other hand,  approximate 

method seeks to find near optimal solution, usually 

has natural, physical and biological principles, 

balancing between exploration (diversification) and 

exploitation (intensification), and computationally 

faster than exhaustive search [4]. In approximate 

method, there are two categories, one is heuristics 

and the other one is metaheuristics. Good heuristics 

algorithm can find optimal solution. Approximate 

methods do not find the optimal solution or at least 

do not guarantee the optimality of the found 

solutions [6]. Heuristics method can be classified 

into two categories: specific heuristics and 

metaheuristics. Specific heuristics are designed to 

specific problems and metaheuristics are more 

general purposed algorithms which can be used for 

almost optimization problems.There are some 

algorithms that produce optimal solution and 

categorized as a exact methods such as Brute Force 

(BF) algorithm, Branch and Bound (B&B) 

algorithm and there are numerous algorithm that 

produce near optimal solution such as Nearest 

Neighbour (NN) and r-Opt algorithm are 

categorized as a heuristics algortihm which NN is 

regarded as a the simplest and most straight forward 

algorithm and r-Opt as a improved algorithm [7]; 

then for Artificial Bee Colony (ABC), Ant Colony 

Optimization (ACO), Artificial Atom Algorithm 

(A
3
), Genetic Algorithm (GA), Particle Swarm 

Optimization (PSO), Simulated Annealing (SA), 

Tabu Search (TS), are categorized as a 

metaheuristics.   

There is a number of papers writen about exact 

and approximate methods. Brute force, Branch and 

Bound, Dynamic Programming are examples of 

exact methods or limited search methods [8]. Three 

kinds of metaheuristics methods: Ant Colony 

Optimization (ACO), Improved Particle Swarm 

Optimization (IPSO), Shuffled Frog Leaping 
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Algorithm (SFLA) and the result shows IPSO has 

the best average values among the others and ACO 

appears more frequently as the best value among the 

others [9]. 

Another study [10]  does a comparative study 

among ACO, PSO based GA, and ABC, and the 

result shows ABC and PSO based GA have better 

results than ACO. In the study by [11] has reported 

that GA is better than Standard PSO. A comparative 

study between TS and SA is also reported by [12] 

that shows SA is better than TS for more than 100 

cities. Author [13] has reported in their comparative 

study among GA, PSO, ABC, and A
3
 (Artificial 

Atom Algorithm) and shows that A
3
 has the best 

solution for 81 cities in Turkey followed by ABC – 

GA – PSO. Naro and  Chandra [14,15] studied GA 

and TS in solving 57 points of outlets and concludes 

that GA is better than TS. 

In this study, the goal is to choose appropriate 

algorithm for solving TSP by doing a comparison 

among optimization methods both exact method and 

approximate method (heuristics and metaheuristics) 

and to prove which method has a shortest path: 

Exact Method by B&B, Heuristics method by using 

NN and 2-Opt Algorithm, and Metaheuristics 

method by using GA, SA, TS, PSO, ACO, ABC and  

A
3
. 

To support this study, all of these methods will 

be tested in five cases: case-1:  30 cities in Sumatera 

island, case-2:  70 cities in Java island, case-3: 9 

cities in Kalimantan island based, case-4: 11 cities 

in Sulawesi, and case-5: 29 cities in Papua island on 

algorithm’s performances: optimality and time 

complexity to achieve the shortest distance. The 

softwares used in this study are LINGO18 and 

MATLAB18a 

2 METHODOLOGY AND DATA 

2.1 Branch and Bound (B&B) algorithm 

The traveling salesman problem (tsp) : given a 

list of cities and distance matrix from each city to 

other cities, then find a shortest distance that visits 

each city only once and returns to the starting city. 

The branch and bound algorithm for the traveling 

salesman problem uses branch and bound tree, like 

the branch and bound algorithms for the knapsack 

problem and for solving integer programs. 

B&B algorithm is a fundamental and widely 

used methodology for producing exact or optimal 

solutions to NP-hard optimization problems. B&B 

algorithm creates and prunes the nodes and this 

happens in a recursive way. This algorithms has 

three main components: branching, bounding and 

the selection of the next node. The pseudocode for 

the branch and bound algorithm is listed in figure 1 

below [16]: 

The pseudocode for branch and bound algorithm 

 

Branch and Bound algorithm 

Set L = {X} and initialize x̂  

 while L φ:    

   Select a subproblem S from L to explore 

   If a solution  )ˆ()('ˆ xfxfSxx  can be 

found : Set 'ˆˆ xx   

   If S can not be pruned: 

     Partition S into S1, S2, ...,Sr 

     Insert S1, S2, ..., Sr into L 

     Remove S from L 

 Return x̂   

Fig. 1 Pseudocode for branch and bound algorithm 

2.2 Genetic Algorithm (GA) 

Founded by Holland in 1975 and classified as 

Evolutionary Computation (EC). GA is categorized 

as population based  metaheuristics [17].  The main 

steps are selection, reproduction, evaluation and 

replacement.  The pseudocode for GA algorithm is 

as shown in figure 1 which create next generation 

and mutation process 

 

GENETIC ALGORITHM 

Begin 

   Make initial population randomly 

   Evaluate every individual 

While not stop do 

   Begin 

      Choose parents from population 

      Produce children from the chosen parents 

      Mutate the individuals 

      Extend population and adding children to 

it 

      Reduce extend population 

    End 

Output best individual 

End 

Fig 2: Pseudocode for genetic algorithm 

2.3 Simulated Annealing (SA) 

This algorithm was proposed by Kirkpatrick, 

Gelatt, and Vecchi in 1983 and is categoized as a 

single state method metaheuristics. Simulated 

annealing is an approach that try to avoid 

entrapment in poor local optima by allowing an 

occasional uphill move, and this is overcome by 

random number generator and a control parameter, 

temperature. SA involves two parameter, cooling 

ratio, r, 0< r <1 and integer temperature length, L. 

The algorithms is [18], and in this research, we use 
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cooling rate is 0.99 and L is sizefactor : 9, 11, 30, 

31, 70 

 

SA algorithm 

Get an initial solution, S 

Get an initial temperature, T > 0 

While not yet frozen, do this following: 

a. Pick a random neighbor S’ of S 

b. Let Δ = cost (S’) – cost (S) 

c. If Δ ≤ 0 (downhill move), then S = S’ 

d. If Δ > 0(uphill move0, then S = S’ with 

probability 
Te /

 

e. Set T = rT 

Return S 

Fig 3. Pseudocode for SA algorithm 

 

2.4 Tabu Search (TS) 

Tabu search as a heuristic method was proposed 

by Glover in 1986 and categorized as a single state 

method metaheuristics. The basic form of the Tabu 

search algorithm [19]: 

 

Tabu Search algorithm 

Function tabu_search(s); 

 // input: s – the initial solution; output: s* - 

the best solution found // 

 s* : = s; initialize the tabu list T; 

 repeat // continue the main cycle of TS // 

  given neighbourhood function  , 

tabu list T, and aspiration criterion,  

find the best possible solution s’  where  consists of 

solutions that (or their “attributes”) are not currently 

in the tabu list T or satisfy the aspiration criterion; 

s: = s’;  // replace the current solution by new one // 

insert the solution s (or its “attribute”) into the tabu 

list T; 

if f(s) < f(s*) then s* : = s;  // save the best so far 

solution // 

update the tabu list T; until termination criterion is 

satisfied;  return s* 

 end 

 

Fig 4. Pseudocode for TS algorithm  

 

2.5 Ant Colony Optimization (ACO) 

 

ACO was proposed by Dorigo in his dissertation 

(Ph.D thesis) in 1992 as a natured inspired 

metaheuristics for the solution of hard 

combinatorial optimization problem and ACO takes 

inspiration from foraging behavior of real ants [20]. 

The algorithm of ACO is [21]: 

 

ACO algorithm 

Initialize parameters 

For t =1 to number of iterations DO; where t is 

iteration counter 

For k = 1 to m DO; where m is number of ants 

  Repeat until ant k has completed a tour 

 Select the city j to be visited next 

 With probability pij 

Calculate the length Lk of the tour generated by 

ant k 

Update the trail levels ij on all edges 

Fig 5. Pseudocode for ACO algorithm 

 

In this paper m is equal to number of cities = 9, 

11, 30, 31, and 70 cities and we are using: 
1;05.0;1;1  Q

 
Where: 

α  = parameter to regulate the influence of ij
 

β =  parameter to regulate the influence of ij
 

ij
= visibility of city j from city i 

 1,0
 = parameter to regulate the reduction 

of ij
 

Q = constant 

2.6 Particle Swarm Optimization (PSO) 

PSO is a stochastic optimization method or a 

biological inspired or natured inspired 

computational search and optimization method 

developed by Eberhart and Kennedy in 1995 and 

categorized as a population methods metaheuristics. 

It draws the origin of the ecosystem, specifically the 

social behavior of animals living in swarms, such as 

schools of fish and grouped flights of birds. 

Discrete PSO is not as powerful as some specific 

algorithms, but can easily be modified for any 

discrete / combinatorial problem. The basic 

principle is very simple. A set of moving particles 

(the swarm) is initially thrown inside the search 

space. Each particle has the following criterions 

[22, 23]: 

- It has a position and a velocity 

- It knows its position, and the objective 

function value for this position 

- It knows its neighbours, best previous 

position and objective position function 

value 

- It remembers its best previous position 

Swarm size S equal to N-1 which in this paper N 

is number of cities = 9, 11, 30, 31, 70 cities and S = 

8, 10, 29, 30, and 69. The algorithm as follows: 
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Where  

- vp = velocity at time step t 

- xp = position at time step t 

- pbestp,t = best previous position at time step 

t 

- gbestp,t = best neighbour’s previous best at 

time step t (or best neighbour) 

-  c = confidence coefficient 

time step is also recognized as iteration or 

step [24] 

 

PSO algorithm  

Initialize a population of particles 

DO 

    For each particle p with position xp do 

    If (xp is btter than pbestp) then 

    pbestp  xp 

      endif 

    end for 

    Define gbestp as the best position found by p’s 

neigbours 

     for each particle p do 

       vp  compute velocity (xp, pbestp, gbestp) 

        xp  update position (xp, vp) 

      end for 

WHILE (if a stop criteria is not satisfied) 

 

Fig 5. Pseudocode for PSO algorithm 

 

2.7 Artificial Bee Colony Algorithm (ABC) 

 

This metaheuristics optimization method – 

population based was developed in 2005 by Dervis 

Karaboga [25]. This method was inspired by honey 

bee colonies and based onn observing the 

nourishment behaviour of honey bees. There are 

two types of artificial bees: employed and onlooker 

bees. ABC algorithm is a simple, fast, and easy.  

This below equation represents an initial 

solution which random route between 1 and 70 

generated by this equation. At the same time, a 

scout bee searches the new foods when a source is 

abandoned. 

))(1,0( minmaxmin

jjjij xxrandxx    (8) 

This following equation represents the employed 

bee phase that performs random modifications on 

adjacent to a solution.     

)( kjijijijij xxxv      (9) 

Then, the last equation, onlooker bee choose a 

food source with probability proportional to the 

quality of food source 
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fiffabs

fif
ffitness  (10) 

In this study, onlooker and employed bees is 15, 

number of cities is 9, 11, 30, 31, 70, and the 

manipulating operators are swap, insertion, and 

reversion. 

A short algorithm is shown below : 

 

ABC algorithm 

Initialize population 

Repeat 

Place the employed bees on their food sources 

and determine their nectar amounts 

Calculate the probability value of the sources 

with which they are preferred by the onlooker bees 

Place the onlooker bees on the food sources 

depending on their nectar amounts 

Stop the exploitation process of the sources 

exhausted by the bees 

Send the scouts to the search area for 

discovering new food sources randomly 

Memorize the best food source found so far 

      

 Until requirements are met 

Fig 6. Pseudocode for ABC algorithm 

 

 

2.8 Artificial Atom Algorithm (AAA – A
3
) 

A
3
 is a new nature inspired metaheuristics 

optimization method and developed by Yildirim 

(2018) in his Ph.D thesis. A
3
 is inspired by chemical 

compounding processes and developed by modeling 

chemical ionic bond and covalent bond processes.  

The most important feature of A
3
 is that A

3
 

examine the effect of parameter values on the result 

separately.  

In this study, number of electron is 9, 11, 30, 31, 

70, number of atom is 100, covalent of region = 0.5, 

ionic region = 0.5, and number of iteration is 

10,000. 

The algorithm step is shown in figure 7 which 

includes applying ionic bond and covalent bond 

processes. 
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A
3
 algorithm 

Create atom set in permutation form 

Calculate and sort objective function and 

electron effect values 

Apply ionic bond operator 

j 1,....m // m: number of atoms 

i  βn + 1,...,n // β: covalent rate 

// n: number of electrons 

Aj [i]  Li + η * (Ui – Li) 

// Aj [i] ϵ atom set 

// Ui = upperbound for i
th
 attribute 

// Li = lowerbound for i
th
 attribute 

Then calculate electron effect values 

Apply covalent bond operator 

i  1,2,.....βn     // i ≤ βn 

if E[Aj [i]] is better than E [ Ar [i]] where Aj and 

Ar are matched atoms 

and E[Aj [i] and E [ Ar [i]] are effect values of 

the i
th 

 electron of atoms 

copy value of Aj [i] to Ar [i] 

Else 

Copy value of Ar [i] to Aj [i] 

Calculate and sort objective function values 

 

Fig 7. Pseudocode for A
3
 algorithm 

2.9 Nearest Neighbour Algorithm 

This is the simplest and the most straight 

forward TSP heuristic that give locally optimal 

solutions and is a type of greedy algorithm which 

means that at every stage of the algorithm we pick 

the best possible edge to use [26]. The key is to 

always visit the nearest city  then back to the 

starting city when all the other cities are visited. The 

algorithm for the Nearest Neighbour algorithms is 

following: 

 

NN algorithm 

Select a random city 

Find the nearest unvisited city 

Any unvisitied cities left? Yes, find the nearest 

city 

Return to the first city 

 

Fig 8. Pseudocode NN algorithm 

 

2.10  2-Opt Algorithm 

This 2-Opt algorithm was proposed by Croes in 

1958. The 2-Opt algorithm basically removes two 

edges from the tour or travel and reconnect the two 

paths created. The process is shown by a simple 

illustration in figure 9. 

 

 

2-Opt algorithm 

Initialise a tour T randomly  

For i = 1: n-2 

For j = i+2:n, 

Evaluate d1 = total length of 2 edges 

Evaluate d2 = total length of edges when targets 

are swapped 

If d1 > d2, swap indices of targets in tour T 

Else 

End 

End ; End 

 

Figure 9. Pseudocode 2-Opt algorithm 

2.11  Framework of Research 

In this research, we assume that traveling 

salesman problem is symmetric and the tour starts 

one city and back to the first visited city. Each city 

is visited once. 

Start

Collect data:

- distance between locations

- tsplib

Exact Method  - optimal solution:

B&B  by LINGO18

Approx. Method – near opt.solution:

- GA, SA, TS, ACO, PSO, ABC, 

A3, NN, 2-Opt by MATLABR18a

- Calculate total distance

- Calculate total processing time

Calculate and compare deviation for 

distance and processing time between 

exact and approximate method 

Mapping the advantages and 

disadvantages

Conclusion 
 

Figure 10: Framework of Research 

 

3 RESULTS AND DISCUSSIONS 

To solve the TSP and to get the shortest distance 

for 30 cities in Sumatera island, 70 cities in Java 

island, 9 cities in Kalimantan island based, 11 cities 

in Sulawesi island, and 29 cities in Papua island, we 

use MATLAB R18a for heuristics and 

metaheuristics problems and LINGO18 for exact 

method, Intel Core i5 7200 U CPU 2.5 GHz, 32 bit 

ACPI x64 based PC which inputs are: number of 

cities, city coordinates or distance matrix using 

Euclidean distance method, and the output is total 

distance in kilometre unit. Ten methods will be 

tested for five cases : Sumatera, Java, Kalimantan, 

Sulawesi, Papua and error rate is calculated by this 

formula:  
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%100x
OPV

OPVOBV     (11) 

 

Where OBV is obtained value and OPV is 

optimal value or best known solution.  

Every algorithm is run 20 times for every case. 

The comparison results for every optimization 

method in every case are in table 1 to table 5. 

For the case of Sumatera island, it is found that 

most algorithms give the shortest distance, 4,264, 

except for TS, PSO, NN. The result is in table 1. 

From this table, exact method is optimal but is time 

consuming; not efficient.  

 

 
Table 1. Experimental Results for the case 

Sumatera island (30 cities) 

Optimization 

Methods 

Optimal 

Result 

Optimal  

Value 

Error 

Rate 

(%) 

Time 

(s) 

B&B  4,264 4,264 0.00 > 

86,400 

GA 4,264 4,264 0.00 168.11 

SA  4,264 4,264 0.00 32.39 

TS 4,820 4,264 13.04 52.59 

ACO  4,264 4,264 0.00 160.39 

PSO  4,946 4,264 15.99 53.73 

ABC  4,264 4,264 0.00 116.56 

A
3
  4,264 4,264 0.00 125 

NN  4,290 4,264 0.61 3.65 

2-Opt  4,264 4,264 0.00 1.00 

 

 

For the case of Java island which consists of 70 

cities, ABC algorithm gives shorter distance than 

other heuristics and metaheuristics algorithm and 

deviates 13.66% than exact methods . The result is 

in table 2 which shows ABC algorithm gives the 

shortest distance.  

 

 
Table 2. Experimental Results for the case Java 

island (70 cities) 
Optimization 

Methods 

Optimal 

Result 

Optimal 

Value 

Error 

Rate 

(%) 

Time 

(s) 

B&B  2153 2153 0.00 > 

86,400 

GA 2,727 2,153 26.66 11.32 

SA  2,683 2,153 24.61 24.53 

TS 3,190 2,153 48.17 105.95 

ACO  2,851 2,153 32.41 1,429 

PSO  9,623 2,153 346.96 9,623 

ABC  2,447 2,153 13.66 215.61 

A
3
  2,727 2,153 26.66 2,246.56 

NN  3,011 2,153 39.85 1.53 

2-Opt  2,566 2,153 19.18 1.00 

 

For the case of small cities, Kalimantan which 

consists of 9 cities, the results produced from each 

optimization methods are very competitive for both 

exact and approximate methods and the algorithm 

that produce not-optimal result is only TS.  

 
Table 3. Experimental Results for the case 

Kalimantan island (9 cities) 

 

Optimization 

Methods 

Optimal 

Result 

Optimal 

Value 

Error 

Rate 

(%) 

Time 

(s) 

B&B  2,704 2,704 0.00 0.66 
GA 2,704 2,704 0.00 30.54 
SA  2,704 2,704 0.00 27.82 
TS 2,786 2,704 3.19 8.77 
ACO  2,704 2,704 0.00 46.59 
PSO  2,704 2,704 0.00 37.50 
ABC  2,704 2,704 0.00 24.59 
A

3
  2,704 2,704 0.00 18.50 

NN  2,704 2,704 0.00 6.33 
2-Opt  2,704 2,704 0.00 1.00 

 

Similar to the table 3, the results are very 

competitive in table 4 and only TS and NN 

algorithm are quite far apart from optimal value 

compared to other algorithms . Table 4 summarize 

the result for the case of Sulawesi island which 

consists of 11 cities.The case in Sulawesi island is 

categorized as small group of cities. 

 
Table 4. Experimental Results for the case Sulawesi 

island (11 cities) 

 

Optimization 

Methods 

Optimal 

Result 

Optimal 

Value 

Error 

Rate 

(%) 

Time 

(s) 

B&B  2,353 2,353 0.00 0.78 

GA 2,353 2,353 0.00 31.00 

SA  2,353 2,353 0.00 36.05 

TS 2,442 2,353 3.78 11.40 

ACO  2,353 2,353 0.00 53.36 

PSO  2,353 2,353 0.00 38.67 

ABC  2,353 2,353 0.00 29.02 

A
3
  2,353 2,353 0.00 24.00 

NN  2,358 2,353 1.77 0.81 

2-Opt  2,353 2,353 0.00 1.00 

 

 

The result for the case of Papua island which 

consists of 29 cities, categorized as a medium group 

of cities is shown in table 5. 

The optimal value achieved by B&B, GA, ACO, 

ABC, A
3
 algorithm and the fastest time is still B&B 

for the optimal methods. 
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Table 5. Experimental Results for the case Papua 

island (29 cities) 

Optimization 

Methods 

Optimal 

Result 

Optimal 

Value 

Error 

Rate 

(%) 

Time 

(s) 

B&B  3,108 3,108 0.00 4.59 
GA 3,108 3,108 0.00 52.42 
SA  3,144 3,108 1.16 28.21 
TS 3,605 3,108 15.99 111.44 
ACO  3,108 3,108 0.00 100.11 
PSO  4,047 3,108 30.21 54.17 
ABC  3,108 3,108 0.00 59.33 
A

3
  3,108 3,108 0.00 240.16 

NN  3,472 3,108 11.71 1.00 
2-Opt  3,142 3,108 1.09 1.00 

 

Then, we summarize the best optimization 

method for every case, considering distance and 

time factors in table 6: 
Table 6. Summary of Methods 

Cases Citie

s 

The 

Shortest 

Path 

Opt. 

Method 

Shortest time 

from 

Opt.Methods 

Sumatera 30 4,264 All, 

except 

for TS 

and PSO 

1.00 (2-Opt) 

Java 70 2153 B&B  >86,400 

Kalimantan 9 2,704 All, 

except 

for TS 

0.66 (B&B) 

Sulawesi 11 2,353 B&B, 

GA, SA, 

ACO, 

PSO, 

ABC, 

A3, 2-

Opt 

0.78 (B&B) 

Papua 29 3,108 B&B, 

GA, 

ACO, 

ABC, A3 

4.59 (B&B) 

From the table 1 to 6, for the number of cities is 

less than 30, it is beneficial to use exact method 

(B&B) to solve the problem because it produces the 

accuracy and less time than other algorithms. From 

the table 2, one may consider to use metaheuristics 

algorithm: ABC for more competitive time and 

distance. 

ABC algorithm is also tested for several tsplib: 

Dantzig42, Brazil58, and Gr120 tsplib, the results 

are: 
Table 7. Comparison Exact and ABC 

Algorithm Dantzig42 Brazil58 Gr120 

Exact 699 25,395 6,942 

ABC 699 25,400 7,645 

Error rate 0.00% 0.02% 10.13% 

 

The error rate for more than 100 cities is around 

10.13%. 

 

4 CONCLUSION 

Ten of optimization methods – exact, heuristics 

and metaheuristics algorithms have been compared 

and tested for finding the shortest path in traveling 

salesman problem in five cases: Sumatera (30 

cities), Java (70 cities), Kalimantan (9 cities), 

Sulawesi (11 cities), and Papua (29 cities). The 

results show that exact method – B&B algorithm is 

the shortest distance and time for less than 30 cities, 

and for more than 30 cities, it is more time efficient 

to use ABC algorithm but its error rate is 10.13% 

for 120 cities. 
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