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Abstract— In this research work, the problem of task allocation 

in a multi-agent system is considered, where each agent is a robot, 

and each task is represented by a position, which should be visited 

by one agent. This problem is very similar to the multi-agent 

traveling salesman problem (mTSP), which, unlike the famous 

traveling salesman problem, involves several traveling salesmen 

who visit a given number of cities exactly once and return to the 

starting position with minimal travel costs. Therefore, the multi-

agent traveling salesman problem is analyzed as a representative of 

the task allocation problem. The mTSP is important for the field of 

route optimization and task allocation between several agents. It 

includes two different, but interrelated subproblems: distribute 

cities among agents and determine the order in which each agent 

visits cities. In the literature, there are 3 concepts for solving mTSP 

with respect to solving its two constituent subproblems: the 

optimization concept, where both subproblems are solved 

simultaneously. The Cluster-First, Route-Second concept, where 

the question of which tasks to assign to which salesman is first 

decided, and then the question of the order in which each salesman 

solves his tasks is decided. The Route-First, Cluster-Second 

concept, where the question of the order in which tasks should be 

visited is first decided, and then this cycle is divided between agents 

without changing the order of visits. This paper proposes a hybrid 

approach to solving the mTSP, which combines the ideas of two 

well-known concepts: "Cluster-First, Route-Second" and "Route-

First, Cluster-Second" in order to obtain their positive aspects and 

get rid of their weaknesses. To evaluate the effectiveness of the 

developed method, a comparative study was conducted. The results 

were evaluated based on three key criteria: the computational time, 

the total length of the routes travelled by the salesmen and the 

maximum route length among them. The analysis of the 

experimental data showed that when using the proposed method, 

the maximum path length among the routes travelled by the agents 

(load imbalance) is reduced by an average of 26%. 

I. INTRODUCTION 

The basic idea of task allocation is to find, for a given set of 
tasks Nt and a set of agents Nu, a conflict-free distribution of tasks 
among agents that maximizes some global cost function. Each 
agent can perform no more than Lt tasks, and the allocation 
process is considered complete when Nmin ≜ min{Nt , Nu*Lt} 
tasks are assigned. If each task is assigned to only one agent, then 
such an allocation is considered conflict-free. It is assumed that 
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the global cost function is the sum of local functions, each of 
which depends on the set of tasks assigned to a particular agent. 
This allocation problem can be formalized as an integer (possibly 
nonlinear) model with binary variables xij, where xij indicates 
whether task j is assigned to agent i: 

max ∑ (∑ 𝑐𝑖𝑗(𝑋𝑖 , 𝑃𝑖)𝑥𝑖𝑗
𝑁𝑡
𝑗=1 )

𝑁𝑢
𝑖=1  ,     (1) 

given that:   ∑ 𝑥𝑖𝑗
𝑁𝑡
𝑗=1  ≤  𝐿𝑡 , ∀𝑖 ∈ 𝐼, 

∑ 𝑥𝑖𝑗
𝑁𝑢
𝑖=1  ≤  1, ∀𝑗 ∈ 𝐽, 

∑ ∑ 𝑥𝑖𝑗 = 𝑁𝑚𝑖𝑛 ≜ min {
𝑁𝑡
𝑗=1

𝑁𝑢
𝑖=1 𝑁𝑡 , 𝑁𝑢 ∗ 𝐿𝑡}, 

𝑥𝑖𝑗  ∈ {0, 1}, ∀(𝑖, 𝑗) ∈ 𝐼 × 𝐽, 

 
where: xij = 1 if agent i is assigned task j; Xi∈{0,1}Nt is a vector 

in which the j-th element is xij, I is a set of indices of agents 
I≜{1,…,Nu }; J is a set of indices of tasks J≜{1,…,Nt }; Pi ∈ 
(J∪{∅})Lt is a vector representing an ordered sequence of tasks 
for agent i; its k-th element is j if agent i performs the j-th task at 
the k-th point of the task chain. 

When each agent must choose from a set of multiple tasks to 
perform, there is not only a problem of optimally distributing 
tasks among agents, but also of finding the optimal sequence of 
tasks for each agent. Thus, the problem of multiple task 
assignment is reduced to the multiple traveling salesman 
problem. 

Depending on the objective function, the following types of 
mTSP are distinguished: 

MinSum mTSP: in this variant, the objective function is to 
minimize the sum of travel costs for all agents. Formally, the 
MinSum variant is modeled as: 

min
𝑇𝑜𝑢𝑟𝑖∈𝑇𝑂𝑈𝑅𝑆

(∑ 𝐶(𝑇𝑜𝑢𝑟𝑖)𝑚
𝑖=1 ),      (2) 

given that: 𝑇𝑜𝑢𝑟𝑖  ∩  𝑇𝑜𝑢𝑟𝑗 = ∅, ∀ 𝑖 ≠ 𝑗, 𝑖 ≤ 1, 𝑗 ≤ 𝑚 , 

where i, j is the number of the salesman, Touri is the route of 
the i-th salesman, m is the number of salesmen in the problem, 
TOURS is the set of all possible tours. C(.) – cost functional 
(route length). 
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MinMax mTSP: In this variant, the objective function is the 
cost of the longest route (e.g. in terms of distance or time) among 
all the routes of traveling salesmen. This case is widely used in 
studies devoted to, for example, mission time reduction and load 
balancing among agents. Formally speaking, this variant is 
modeled as follows: 

min
𝑇𝑜𝑢𝑟𝑖∈𝑇𝑂𝑈𝑅𝑆

( max
𝑗∈1…𝑚

𝐶(𝑇𝑜𝑢𝑟𝑗)),      (3) 

given that: 𝑇𝑜𝑢𝑟𝑖  ∩  𝑇𝑜𝑢𝑟𝑗 = ∅, ∀ 𝑖 ≠ 𝑗, 𝑖 ≤ 1, 𝑗 ≤ 𝑚 , 
MinSum & MinMax (Multi-Objective) mTSP: In this variant, 

the objective function consists of the two previous quality 
functionals. 

In this paper, both MinSum and MinMax criteria are used, 
since using only MinSum may lead to a situation where several 
salesmen visit only one city, and the remaining cities are visited 
by one salesman. On the other hand, using only MinMax may 
lead to an excessively long overall route. 

mTSP includes two interrelated subproblems: 

 Distribution of tasks (cities) among salesmen.  

 Determining the order of visiting tasks within the route 
of each salesman. 

In the scientific literature, there are three main concepts for 
solving the mTSP, which differ in their approach to solving these 
subproblems: 

1. The concept of simultaneous optimization: both 
subproblems are solved simultaneously.  

2. The concept of Cluster-First, Route Second (CFRS): first, 
the tasks are distributed among the traveling salesmen, and then 
an optimal route is built for each of them (the mTSP is reduced 
to several traveling salesman problems).  

3. The concept of Route-First, Cluster Second (RFCS): first, 
a common route is built for all tasks, which is then divided among 
the traveling salesmen (the mTSP is reduced to a single traveling 
salesman problem). 

In the first concept of solving the mTSP problem, both of its 
subproblems are solved simultaneously. The algorithms or 
metaheuristic methods used in this concept simultaneously 
determine which salesman to assign a specific task to and in what 
order this task will be performed within the selected salesman’s 
route. 

The concept of simultaneous optimization includes many 
methods that can be divided into several approaches: 
deterministic, metaheuristic, market-based, and others. For 
example, in [1], the mTSP with heterogeneous vehicles was 
solved using an exact algorithm. The authors first proposed a 
formulation of the problem in the form of integer linear 
programming (ILP), and then developed an adaptive branching 
and bound algorithm that made it possible to find a suboptimal 
solution in 300 seconds for an example with 100 targets and 5 
vehicles. In another study [2], constraint programming (CP) was 
used to optimally solve the mTSP, including global constraints, 
interval variables, and domain filtering algorithms. However, this 

approach turned out to be computationally expensive, as the 
solution time exceeded two hours for an example with 51 cities 
and 3 salesmen. It is worth noting that the optimization-based 
concept, although capable of finding optimal solutions, requires 
significant time costs, which limits its application to large-scale 
problems. 

The second concept assumes a two-stage approach to solve 
the mTSP. In the first stage, cities are distributed among salesmen 
(clustering stage). In the second stage, the optimal order of 
visiting cities is determined for each salesman in order to 
optimize the specified quality function. 

Thus, this concept decomposes the mTSP into several 
separate traveling salesman problems (TSPs) using clustering 
methods to reduce the search space of solutions [3-5]. Many 
works propose a two-stage approach to improve the efficiency of 
heuristic algorithms in solving large-scale mTSP. One of the first 
studies to propose the use of clustering methods for solving 
mTSP was the work of the authors [6]. They applied the 
neighborhood attractor scheme in combination with various 
heuristic algorithms, including the compression algorithm and 
evolutionary computation methods. The resulting combinations 
were tested on three different problems, and the results marked 
the beginning of a new direction in mTSP research. Since then, a 
number of works have developed approaches combining 
clustering algorithms with one or more heuristic optimization 
methods. It was found that the CFRS concept significantly 
reduces the computation time of the solution by dividing the 
problem into several simpler problems, however, this concept 
does not have a specific mechanism for optimizing the solution 
according to the MinMax criterion. 

The third concept for solving the mTSP involves the 
following approach: first, the order in which all cities are visited 
is determined, which forms a single route covering all cities in 
the problem (the so-called "giant-tour"). This giant-tour is then 
divided between the salesmen without changing the order in 
which the cities are visited. In this way, the mTSP problem is 
reduced to the single TSP. This concept is known in the literature 
as Route First-Cluster Second (RFCS) [7, 8] and was originally 
used to solve vehicle routing problems, which, unlike the mTSP, 
take into account the capacity and carrying capacity of agents 
(salesmen). The author of [9] used the Bellman algorithm for 
directed acyclic graphs to divide the giant-tour. In simplified 
form, the algorithm works as follows: two nested loops, indexed 
as i and j, check each subsequence of cities (Ti, Ti+1, ..., Tj) and 
calculate its total load and trip cost. If a subsequence exceeds the 
vehicle capacity, it is excluded from consideration.  

It was revealed that the RFCS concept has a more flexible 
mechanism for optimizing the solution according to the MinMax 
criterion, but at the expense of large time costs since the mTSP 
problem is reduced to the CF problem, therefore, the size of the 
solution space is (n-1)! 

As a result of the review, it was revealed that the Route-First, 
Cluster-Second concept with the proposed modification in 
solving the multi-agent traveling salesman problem gives the best 
result along the longest route among traveling salesmen, which 



  

contributes to a more balanced load between agents. However, it 
is too time-consuming compared to the Cluster-First, Route-
Second concept, this is due to the fact that in the first stage of the 
Route-First, Cluster-Second concept the size of solution’s space 
is equal to (n-1)! solutions, where n is the number of cities in the 
mTSP, which is much larger than the size of the solution space 
when using the Cluster-First, Route-Second concept, which is 
(n/m)! (With uniform distribution of n tasks among m traveling 
salesmen). 

 

II. THE CLUSTER, ROUTE, CONNECT, SPLIT CONCEPT 

The larger the size of the solution space, the less likely a 

metaheuristic method will find an optimal solution, and the less 

likely it is to hit a local minimum, as a result, the Route-First, 

Cluster-Second concept method takes longer to work. In this 

regard, a hybrid method is proposed that combines both the 

Route-First, Cluster-Second and Cluster-First, Route-Second 

concepts into one to get their positive aspects and get rid of their 

weaknesses.  

The proposed method consists of four main steps: 

• Cluster: tasks (cities) are divided into clusters. The goal 

is to distribute the points in such a way as to minimize 

the size of the solution space.  

• Route: For each cluster, an optimal route is built using 

methods such as the Ant Colony Optimization (ACO). 

This ensures preliminary optimization of the routes 

within each cluster. A detailed description of solving the 

TSP using ACO is described in [10]. 

• Connect: All clusters are connected into a single large 

route (giant-tour) including all cities.  

• Split: The resulting giant-tour is split into subroutes, 

each of which is connected to a depot city and assigned 

to a specific salesman. The process takes into account 

constraints such as maximum route length, load 

balancing, and execution time. A detailed description of 

splitting algorithm is described in [10]. 

The essence of the proposed method is to combine the 

advantage of the Cluster-First, Route-Second concept in 

dividing the problem into several subproblems, ultimately 

reducing the size of the solution space and, consequently, the 

calculation time, and the advantage of the Route-First, Cluster-

Second concept in minimizing the maximum route length among 

salespeople. 

III. SIMULATION 

To study the proposed method and conduct a comparative 
analysis of its performance with the CFRS and RFCS methods, 3 
problems from the corresponding library of benchmark traveling 
salesman problems [16] (eil51, kroA100, and kroA150) with 51, 
100, and 150 cities, respectively, were taken as a basis. For each 
of these problems, 3 scenarios were set with 3, 5, and 10 traveling 
salesmen. Each scenario was run 100 times to obtain an 
appropriate representative sample. 

The performance criteria for these algorithms were as 
follows:  

• The time to calculate the solution to the multi-travelling 
salesman problem.  

• The sum of the paths traveled by the traveling salesmen.  

• The longest path among the paths traveled by the 
traveling salesmen, to compare the balance and 
uniformity of the distribution of cities between the 
traveling salesmen. 

The evaporation coefficient of the pheromone of ACO in all 
scenarios was 0.5. For the ACO-BMTSP method, the number of 
ants k was n * 2, the number of iterations was n / 2. For the KM-
CACO method and the proposed method, the number of ants was 
n, and the number of iterations was not specified, the stopping 
criteria of the ant algorithm was to repeat 20 iterations without 
confirming the found solution. The ACO-BMTSP, KM-CACO 
and proposed algorithms were programmed in Python 3.8. The 
Intel Core i7-9700KF CPU @ 3.60GHz RAM = 32GB, Windows 
10 Pro 64-bit OS were used for simulation. 

IV. RESULTS AND COMPARATIVE ANALYSIS 

Tables 1, 2 and 3 sequentially present the results of solving 
the problems eil51 with 3, 5 and 10 salesmen. Tables 4, 5 and 6 
sequentially present the results of solving the problems kroA100 
with 3, 5 and 10 salesmen. Tables 7, 8 and 9 sequentially present 
the results of solving the problems kroA150 with 3, 5 and 10 
salesmen. The tables express: the average among 100 runs by the 
solution calculation time in seconds (µt), the sum of the path 
lengths in meters (µsum) and the maximum path length among 
salesmen in meters (µmax). The corresponding optimal values are 
highlighted in bold. 

TABLE I.  RESULTS OF THE TASK STUDY EIL51 WITH 3 SALESMEN 

Method CFRS RFCS CRCS 

µt 0.519 4.5 0.18 

µsum 514.18 513.43 544.07 

µmax 190.87 177.43 187.1 

TABLE II.  RESULTS OF THE TASK STUDY EIL51 WITH 5 SALESMEN 

Method CFRS RFCS CRCS 

µt 0.76 4.27 0.24 

µsum 560.6 595.4 590.15 

µmax 133.33 127.08 126.61 

TABLE III.  RESULTS OF THE TASK STUDY EIL51 WITH 10 SALESMEN 

Method CFRS RFCS CRCS 

µt 1.31 8.24 4.37 

µsum 769.5 827.5 826.98 

µmax 99.78 93.16 93.8 

TABLE IV.  RESULTS OF THE TASK STUDY KROA100 WITH 3 SALESMEN 



  

Method CFRS RFCS CRCS 

µt 2.11 37.52 1.43 

µsum 28054 26855 27491.53 

µmax 11775 9233 9436.69 

TABLE V.  RESULTS OF THE TASK STUDY KROA100 WITH 5 SALESMEN 

Method CFRS RFCS CRCS 

µt 3.41 38.47 1.58 

µsum 30658 32360 32433 

µmax 7916 7111 6903 

TABLE VI.  RESULTS OF THE TASK STUDY KROA100 WITH 10 SALESMEN 

Method CFRS RFCS CRCS 

µt 6.1 49.38 12.33 

µsum 40412 44391 45412 

µmax 5550 5417 5374 

TABLE VII.  RESULTS OF THE TASK STUDY KROA150 WITH 3 SALESMEN 

Method CFRS RFCS CRCS 

µt 5.87 152.61 5.15 

µsum 34671 32006 32728 

µmax 15355 11058 11309 

TABLE VIII.  RESULTS OF THE TASK STUDY KROA150 WITH 5 SALESMEN 

Method CFRS RFCS CRCS 

µt 8.41 151.4 5.19 

µsum 36192 37146 37081 

µmax 8998 8002 7920 

TABLE IX.  RESULTS OF THE TASK STUDY KROA150 WITH 10 SALESMEN 

Method CFRS RFCS CRCS 

µt 15.21 162.8 24.45 

µsum 45507 49344 48983 

µmax 6169 5749 5701 

 

Note that the proposed method has an advantage in terms of 
calculation time for 3 and 5 agents, and in terms of the MinMax 
criterion for 5 and 10 agents. 

Analysis of the calculation results presented in these tables 
shows that the proposed method, compared to RFCS, reduces the 
calculation time by 88–2860%, and the maximum path length 
among traveling salesmen decreases by an average of 0.1–10% 
for problems with 5 and 10 agents and increases by an average of 
2–5% for problems with 3 agents. 

Compared to CFRS, the proposed method reduces the calculation 
time by 12–68% for problems with 3 and 5 agents and increases 
by an average of 60–233% for problems with 10 agents, and the 
maximum path length among traveling salesmen decreases by an 
average of 1–26%. 

V. CONCLUSION 

This paper proposes a hybrid approach to solving the multi-

agent traveling salesman problem based on reducing the size of 

the solution space. The proposed method was studied on three 

benchmark traveling salesman problems eil51, kroA100 and 

kroA150 with 3, 5 and 10 agents. The quality of the solution was 

measured by three criteria: the time of solution calculation, the 

sum of the route distances of all traveling salesmen, and the 

maximum path length among the routes traversed by all agents. 

The results were compared with traditional approaches to 

solving the mTSP based on the ant colony optimization. 

Statistical analysis of the results showed that, on average, the 

proposed method offers a good compromise between the 

calculation time and the quality of the solution. In subsequent 

publications, we intend to show how the propose method could 

behave in real life problems where the tasks could have non-

normal distribution. Also, the possibility of solving the dynamic 

mTSP are going to be studied, where the number of agents and 

tasks can change during the mission.  minimum criterion on the 

set of all distances traveled by traveling salesmen. 
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