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ABSTRACT
Multimobile Robot Flow Network Problem (MM-RNP) is to find optimum navigation paths in a network without robot collisions.
Very few works have been done for the multirobots path allocation problem. Most of the work concentrated on the single robot path
allocation problem. This MMRNP is one of the hardest combinatorial optimization problems. MMRNP solutions can be derived
using exhaustive enumeration and branch-and-bound linear programming methods. However, the computation required by these
procedures is enormous even for a small size problem. In this paper, we present a heuristic approach using Genetic Algorithm
(GA) to achieve the near-optimal solution. We propose a new population initialization for our GA with different operators. The
proposed GA optimizes path allocation for mobile robots navigating in a static network environment. We follow the edge-level
perspective to solve the MMRNP. Our experimental results show that the proposed method gives a better navigation strategy than
the traditional methods.

1 | Introduction

In recent years, the navigation of autonomous mobile robots got
attention by academicians and industrialists due to the deploy-
ment of mobile robots in various places, such as airports, hotels
and agricultural fields. Multimobile robots refer to a system
where multiple robots work together and coordinate to achieve
shared goals. These robots communicate with each other to
divide tasks efficiently and improve overall performance. Multi-
mobile robots are used in different areas such as military, traffic
control, supply chain industries, and so on. In future, many ser-
vice sectors will deploy mobile robots to replace the human ser-
vice due to cost efficiency and other aspects. At the same time,
there are several challenges in the deployment of multimobile
robots. Figure 1 shows multirobots path navigation. This con-
sists of path planning, obstacle avoidance and coordinated move-
ments. For example, the design of floor planning, job allocations
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and routing are the major challenges in the real-time imple-
mentation. One of the major issues in the multimobile robot’s
deployment is the path allocations to different robots. These
types of multimobile robot navigation systems are embedded in
distributed control systems. Sensor-based fusion techniques are
used in these multimobile robots. High-sensitivity cameras and
monitoring systems are employed in these robots. These robots
will share the information such as position, task allocation, and
available paths with each other. Also, they use interrobot com-
munication protocols for coordination and data sharing. Global-
ized mapping for path planning is also required. Efficient algo-
rithms are essential to ensure collision-free mobile robot navi-
gation. Recently, different learning-based methods such as rein-
forcement learning were studied for these navigation tasks. Var-
ious control mechanisms are required to control mobile robots.
For example, dynamic path planning and path allocation are
the most important aspects in the multirobot navigation system.
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FIGURE 1 | Multirobots navigation.

Poor planning in the path allocation leads to collision of the
robots. In the case of service robots in a big restaurant, it is essen-
tial to find an optimum path from source places to the destination
places (customer places).

Path allocation problem is to determine an optimal path with-
out collision. For single source and single destination prob-
lems, they are well studied and are in polynomial time. But
the multisource and multidestination problems are much more
difficult than single source-destination problems. Determining
optimal navigation in an multipath constrained environment is
much harder than the simple case. In general, it is an NP-hard
problem [1].

In this paper, we address the path allocation problem for
autonomous mobile robot navigation. We use the graph model
for our problem. Our proposed algorithm will work for any type of
mobile robot navigation system like agricultural field, industrial
service, and restaurant service. Network flow path problem serves
as the basis for several network load balancing algorithms and
therefore has been extensively investigated by many researchers.
The aim of the maximum network flow algorithm, presented
below, is to maximize the path allocation in a network with capac-
ity and balancing constraints. A mobile robot path planning using
genetic algorithm in a static environment was shown by Choueiry
et al. [2]. Ismail et al. [3] proposed a genetic algorithm for path
planning for a single mobile robot in a static environment. In this
paper, we propose a genetic algorithm for multimobile robots’
navigation in a static environment.

Figure 2 shows a navigation network with single source and
single destination. A graph G= (V, E, W) consists of a set V of
nodes/vertices, a set E of links/edges and a set of weights W .
Throughout this paper, we assume that the graph network is sim-
ple and directed. Any network can be visualized as a directed
graph. The weights are assigned to either nodes or links. In a

FIGURE 2 | A typical transport network with six nodes and a sin-
gle robot. The numbers on the edges represent the corresponding edge’s
capacity.

given transport network G, a flow is an assignment of a nonnega-
tive number f ij to every directed edge (i, j) such that the following
conditions are satisfied:

1. For every directed edge (i, j) in G

𝑓ij ≤ 𝐶ij. (1)

2. There is a specified node s in G, called the source, for which∑
𝑖

𝑓si −
∑
𝑖

𝑓is = 𝑤, (2)

3. There is another specified node t in G, called the destination,
for which ∑

𝑖

𝑓ti −
∑
𝑖

𝑓it = −𝑤. (3)

4. All other nodes are called intermediate nodes. For each
intermediate node j
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∑
𝑓ij −

∑
𝑓ji = 0. (4)

1.1 | Research Question

Is there any optimum way to transport the commodities from
different source nodes to different destination nodes using the
multiple mobile robots?

This is a paper; we address this problem through graph model.

1.2 | Major Contributions

The following are our major contributions in this paper.

• We proposed a graph mathematical model for the multipath
and multirobots navigation problem.

• Our mathematical model is a multiobjective constrained
optimization problem. For solving this constrained opti-
mization problem, we proposed new fitness and energy func-
tions and applied them to a genetic algorithm.

• Our results show the proposed genetic algorithm gives us a
good navigation strategy.

• The proposed graph-based GA model gives better conver-
gence than the other models.

• We compare our results with some of the existing works.

2 | Literature Review

Efficient path allocation algorithms for autonomous mobile
robots reduce the service time, costs, and capital investment.
Finding an optimum path in the navigation of the mobile robots is
challenging and remains open. Several methodologies have been
proposed and reported in the literature for the path planning

of mobile robots. There are two major classifications in these
algorithms such as global and local path allocations. Ge and
Cui [4] proposed a repulsive potential function for mobile robot
path planning. The path planning problem belonging to NP-hard
classes [1]. There are several soft computing methods for this
problem. Ismail et al. [3] proposed a genetic algorithm for a
path planning for mobile robot in a static environment. Lamini
et al. [5] also proposed a genetic algorithm-based approach for
autonomous mobile robot path planning. Tingping Feng et al. [6]
proposed an adaptive genetic algorithm to identify the hazard lev-
els during the navigation on the road. Variations in the genetic
algorithms were proposed for this navigation problems [7–9].
Ant colony algorithms [3, 5, 10] were proposed for the path plan-
ning problems. A particle swarm optimization-based approach.
The Table 1 shows the comparison between different tech-
niques. A decentralized fault-tolerant weights based algorithm
for coordination of swarm robots for a disaster scenario was
discussed in [16]. Several reviews are available in the literature
[13, 15, 17]. Ganesan et al. [18] proposed a hybrid sampling
based path planning algorithm for autonomous mobile robot
navigation.

3 | Multipath Network

3.1 | Problem Formulation

In many practical situations it becomes necessary to deal with
several distinct commodities flowing simultaneously through a
given transport network. Multimobile robot navigation is one of
the ways to transport the commodities in an optimum way. In
multimobile robot navigation, each robot has its own sources and
its own destinations. Our aim is to optimize multimobile robot
navigation such that the robots navigate from their source places
to destinations at an optimal cost and without collision. Such a
problem is called a Multirobot and Mutipath problem. All the
approaches mentioned in the literature review section have used
a single path-level perspective to solve the problem. In this paper,
we propose an edge-level perspective to solve the problem.

TABLE 1 | Important highlights of the literature review.

References Path selection Method Results

Ismail AL-Taharwa et al.
[11]

Single path planning optimization Genetic algorithm The fitness of the path is 0.38

Razif Rashid et al. [10] Mobile robot path planning Ant colony optimization Performance evaluation is
improved

Mohd Nadhir et al. [12] Mobile robot path planning in
static environments

Genetic algorithm The average maximum fitness of
the best solution for the improved

Tingping Feng et al. [13] Hybrid Adaptive Genetic
Algorithm

The optimal path distance is
reduced by 2.74% at the minimum.

Raúl-Alberto and
Ernesto [8]

Optimization of layout of the
workstations

Genetic algorithm A reduction of 0.98 s in transfer
time was achieved.

Samsuria et al. [9] Scheduling problem involving
mobile robot transportations

Adaptive fuzzy-genetic algorithm
The average time taken for the best

solutions was 4 s per run.
Junfei Li et al. [14] Single path optimization Knowledge-based genetic

algorithm
40 obstacles, take an average f

18.96 s.
Samia Choueiry et a.
[15]

Single path planning optimization Genetic algorithm The fitness of the path is 0.42
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In multirobot path navigation networks, all source nodes share
the edge bandwidth, and therefore, as in the single-robot naviga-
tion case, the sum of all robot flows through an edge must not
exceed the bandwidth of the edge. Figure 3 shows a multirobot
navigation network with two source nodes and two destination
nodes. For each robot, the movement is preserved at every inter-
mediate node. The problem can be easily represented by an adja-
cency matrix. An adjacency matrix A is a two-dimensional array
of integer values where the number of rows and the number of
columns are equal to the number of nodes in the network. Thus
A(m, n) indicates the number of robots navigating from the node
m to the node n. It is assumed that robots do not move within
a node itself and hence the diagonal elements are always zero.
Every node has the following attributes (Figure 4):

In-Flow: No. of robots coming into the node.

Out-Flow: No. of robots going out of the node.

Excess-Flow: The difference between the In-flow and the Out-
flow.

Total-Flow: Average of In-flow and Out-flow.

Balanced: Boolean variable set to TRUE if In-flow=Out- flow else
FALSE.

Extra-Flow: No. of robots coming into the network or going out
of the network.

FIGURE 3 | A multirobot navigation network, where S1 and S2 are
sources and T1 and T2 represent the destinations.

Energy: Fitness of a node.

Each Chromosome again has the attributes of Fitness (fitness
of the chromosome) and Num_Balanced (number of balanced
nodes in the chromosome). Thus, the problem is belonging to a
multicriteria decision-making problem.

4 | Proposed Genetic Algorithm

4.1 | Steps Involved in a Primitive Genetic
Algorithm

The common evolutionary operators can act on selection,
crossover, and mutation. Similarly, the genome must uniquely
describe with nodes, links, and weights. If a network with n
nodes, then the adjacency matrix A is of size n×n. We encode the
adjacency matrix A as a vector of length n2. The values in the ith
row in A are mapped to the ith array in the vector. For example,
Figure 5 shows a simple directed network with four nodes and
four links. The corresponding adjacency matrix A and encoding
array v are given below;

𝐴 =

|||||||||||

0 1 1 0
0 0 0 1
0 0 0 1
0 0 0 0

|||||||||||
and𝑣 = [0110; 0001; 0001; 0000].

The genetic algorithm approach includes the following criteria:

1. Initialization

2. Evaluation of fitness and energy

FIGURE 5 | Network.

FIGURE 4 | Conceptual and actual structure of a chromosome.

4 of 9 Engineering Reports, 2026
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FIGURE 6 | Transition pipeline.

3. Selection/reproduction

4. Cross over and mutation

5. If termination criterion is met stop else repeat steps 2 to 4

Figure 6 the conceptual transition pipeline. In particular, if a net-
work G is of the form G= (V, E, W) then the

Genotype =
{(

𝑣𝑖, 𝑣𝑗 , 𝑤ij, enabled, innovation
) | (𝑣𝑖, 𝑣𝑗) ∈ 𝐸

}
.

The design and implementation of each module is problem
dependent. The exact design that we have followed is explained
in detail in the following section.

4.2 | Proposed Methodology

The primary task in implementing GA is to represent a typical
solution to the problem in the form of a string and to device appro-
priate data structure to evaluate the string called chromosome.

1. Chromosome Representation and Initialization: The design
of chromosomes is completely problem dependent. In our
problem, chromosomes are used to model individual paths
or nodes or edges of the network. In this paper, we use the
adjacency matrix structure to model the chromosome. The
initialization stage can be considered the vital module of any
genetic algorithm-based problem solving approach. Chro-
mosomes are generated randomly. The structure of a typical
chromosome is as shown in Figure 4. Each row indicates
a subchromosome of length equal to the number of nodes.
A chromosome is generated from the adjacency matrix as
shown in Figure 7.

4.3 | Evaluation

The robot movement (also called flow) through each edge is
initialized by randomly generating a number in the range [0,
capcity]. The flow is only initialized for those indices at which
adjacency matrix has a positive value. Since the adjacency matrix

FIGURE 7 | Adjacency matrix representation of the network and the
chromosome.

is symmetric about the diagonal with respect to magnitude and
antisymmetric with respect to direction, we initialize the inflow
of edges by negating the outflow values of the edges. In addi-
tion to in-Flow and out-Flow, sources and destination nodes are
also having an extra-Flow. This is flow comes into or goes out of
the sources or destination, respectively. It should be noted that a
source node and a destination node belonging to the same com-
modity are assigned the same extra flow. The extra flow is now
added to inflow of the source or outflow of the destination. Other
nodes have extra-flow= 0. A node is said to be balance if the net
flow cancels out each other to zero. That is,

Balanced =

{
1 if(inflow = outflow)
0 otherwise.

In this paper, the fitness is evaluated using a weighted aggregate
objective function given below:

𝑓 =
𝑁∑
𝑖=1

𝑤𝑖𝑓𝑖, (5)

where f is the fitness of the chromosome, f i is the fitness eval-
uated on the basis of ith criterion, and wi is the weight of the
fitness f i.

The fitness of the chromosome is evaluated based on the follow-
ing criteria:

i. The number of balanced nodes in the network.

ii. The total flow in the network.

The first criterion is used to assert absence of congestion in the
network and the second criterion helps to maximize the robot
movements (flow). Let b be the number of balance nodes, n be
the total number of nodes, f be the total flow of the network and
c be the total capacity of the network. Thus, we get the following
expression for evaluating the fitness of each chromosome

Fitness =
𝑤1 ∗

(
𝑏

𝑛

)
+𝑤2 ∗

(
𝑓

𝑐

)
𝑤1 +𝑤2

, (6)
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where w1 and w2 are the weights assigned to each criterion. A
term called energy is associated with each node in a network.
The energy is again a function of flow and balance, similar to fit-
ness. In evaluating energy, the expression is slightly modified as
follows:

Energy = Excessflow
Totalflow

+ Totalflow
Totalcapacity

,

where Excess flow= | Inflow – Outflow |. In addition, total flow
and total capacity are those associated only with that node.

4.4 | Selection

We follow a tournament based selection [4] approach based on
the fitness value of the chromosomes. The tournament is con-
ducted by the conventional method of randomly creating two fix-
tures of length equal to the population size. A fixture here means
an array of integers in the range [1, maxPop], arranged in a ran-
dom order, where maxPop is the number of chromosomes in a
given population. The adjacent integers in the fixture arrays indi-
cate the indices of the two chromosomes which will be compared.
Thus, each fixture will lead to maxPop

2
comparisons and eventually

the same number of selections. The procedure is repeated once
more, using the second fixture, to obtain maxPop number of new
chromosomes. The selection is based on the fitness values of the
chromosomes.

1. Selection of Elite Set of Chromosomes: Since a strategy of
variable mutation rate is followed, there is a possibility of
losing near optimal solutions. Hence to avoid such circum-
stances, an elitist approach is employed. In the elitist strat-
egy, we save the best few chromosomes of each generation
and breed them in the following generation. The breeding
is done by replacing the worst few chromosomes result-
ing after cross-over by these elite chromosomes. Thus, the
average fitness as well as near-optimal solution is preserved
from being lost or extinct.

4.5 | Crossover and Mutation

Essence of GA is inheriting from parents the learning process and
mutation to impart exploration in search.

1. Crossover: Crossover is done by replacing the nodes based
on the energy of nodes. When two chromosomes are com-
pared, the nodes with higher energy are marked dominant,
and others are marked otherwise. The flow is then altered
as follows:

Consider two chromosomes A and B considered for cross-over.
Let the node j to be crossed-over be the ith node.

1. If in A(i, j) both ith and jth nodes are dominant then replace
B(i, j) by A(i, j).

2. If ith vertex is dominant and jth vertex is not dominant
(implies the other way in chromosome B), then replace
A(i, j) and B(i, j) by their average.

3. If neither ith vertex nor jth vertex is dominant then replace
A(i, j) by B(i, j).

2. Mutation: The concept of adaptive mutation is employed in
our work which enables the heuristics to adapt according to
the current optimum solution. If a solution is a near opti-
mum solution, then the mutation rate is very low compared
to the one when the solution is not optimum. This is by
assuming a constant mutation rate and a variable mutation
rate. The final mutation rate is a function of these two—in
our case, the sum of the two terms. The variable mutation
rate is taken as the ratio between the excess flow and the
total flow. When there is no excess flow, the variable rate
has the lowest possible value, that is, zero. Thus, the proba-
bility of losing the chromosome by mutation is reduced. On
the other hand, a high excess flow implies high probabil-
ity of mutation, thus transforming the unfit chromosomes.
Mutation is incremented by either increasing or decreasing
the flow associated with the vertex by factor of one unit.

5 | Experimental Results and Discussions

The GA parameters were chosen on a trial and error procedure
and assigned the values shown in Table 2.

Two runs were executed, first without elitist strategy and then
using the elitist approach. The nondominated sets obtained by
varying the fitness weights w1 and w2, namely weight for the
first objective, namely flow and weight for the second objec-
tive, namely number of balanced nodes, respectively. Initially

TABLE 2 | Constant parameters initialized.

#define POPSIZE 500

#define GENNUM 100
#define MUTATPROB 0.1
#define XOVERPROB 0.7
#define NUM_COMMODITY 2
#define IS_ELITE_REO 1
#define ELITE_SIZE 10

FIGURE 8 | Nondominated front for the problem in Figure 3
obtained using elitist strategy (Curve 1) and without using elitist strategy
(Curve 2).

6 of 9 Engineering Reports, 2026
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w1 is taken as zero and incremented by 0.05(𝛿) after every run.
The value for w2 is taken as (1−w1) by default. Thus, ((1)+ 1)
sets of nondominated solutions are obtained after all the runs.
Finally, a net nondominated front is obtained from the popula-
tion formed by combining all the nondominated solution sets.
The above computational experiment was carried out twice. It
is shown in Figure 8. First, elite solutions were not preserved,
and later elite strategy was used. Curve1 is the net nondominated
front obtained without preserving elite solutions and the Curve2

TABLE 3 | Comparison of best path and their fitness values.

Steps
Best path

chromosome Generations
Elapsed

time (sec.) Fitness

5 1 1 2 2 2 72 198.8 2.2
6 1 1 2 2 2 3 111 523.1 1.333
7 2 2 8 2 2 3 3 140 553.6 0.429
8 3 3 8 8 2 2 2 33 167 766.4 1.375

TABLE 4 | Bench mark results.

Agents Success (%) Makespan Sum cost Runtime

10 100.0 32.4 480.2 0.12
50 94.0 71.8 3210.5 0.88
100 72.0 121.3 8055.7 2.91

TABLE 5 | Bench mark parameters.

Parameter Values

Agents 10, 20, 50, 100
Map size 32× 32, 64× 64, 256× 256
Obstacles 10%–30%
Runs 10–30 per instance

shows the net nondominated front obtained by preserving the
elite chromosomes. Table 3 shows the fitness values for different
path. It also shows the elapsed time.

In this paper, we use the following standard setup for each map:

Agent counts: 10, 20, 50, 100, 150, 200 For each agent count: run
25–50 scenarios.

Report: Success rate, Avg makespan, Avg sum of costs and Avg
runtime.

We use Multiagent Path-Finding (MAPF) bench marks [19, 20]
for multiagent path-finding. A MAPF benchmark consists of a
grid map (obstacles+ free cells) and a set of agents. Each agent
has Start position and Goal position. Performance metrics are
Makespan, Sum of costs, Number of collisions, and Computa-
tion time. Table 4 shows these values for our benchmark. Table 5
shows the bench mark parameter values. A comparison plot
(Makespan vs. Number of Agents) for GA, CBS, and Prioritized
Planning is shown in Figure 9. The convergence behavior of the
proposed Genetic Algorithm for MAPF is shown in Figure 10.
It is observed that there is an improvement in best makespan
over generations. The convergence graph shows how the solution
quality improves across generations of the Genetic Algorithm.
Our problem is minimization problem and therefore the curve
usually decreases over generations. It also shows that a large
drop in makespan at the beginning. Population diversity is high;
crossover and mutation are exploring effectively. The algorithm
quickly finds better paths. The algorithm exhibits rapid conver-
gence during the initial generations due to effective exploration
of the search space.

6 | Conclusions

In this paper, we proposed a GA based multirobots navigation
network optimization. This study is an attempt to generate a

FIGURE 9 | Comparison plot.
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FIGURE 10 | GA convergence.

nondominated solution set for the problem considering more
than one objective considered simultaneously. Result indicates
that the robots flow through the network is better when elitist
strategy is used. We have considered the static network.

As a feature work, one can develop the same for dynamic net-
works. Bio-inspired based GA algorithm can be developed with
this energy and fitness functions. This may improve the accuracy
of the navigation. Also, recent AI methods can be applied to this
problem.
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