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Abstract— In this paper, we propose a novel path planning
algorithm for the nonholonomic multiple mobile robot system
with applications to a robotic autonomous luggage trolley
collection system at airports. We consider this path planning
algorithm as a Multiple Traveling Salesman Problem (MTSP).
Our path planning algorithm consists of three parts. First, we
use the Minimum Spanning Tree (MSP) algorithm to divide the
MTSP into a number of independent TSPs, which achieves the
task assignment for each mobile robot. Secondly, we implement
a closed-loop forward control policy based on the kinematic
model of the mobile robot to get a feasible and smooth path.
The control cost of the path is used as the new metric in solving
the TSPs. Finally, in order to adapt to our case, we modify
the TSP as an Open Dynamic Traveling Salesman Problem
with Fixed Start (ODTSP-FS) and implement an ant colony
algorithm to achieve the path planning for each mobile robot.
We evaluate our algorithm with simulation experiments and
the experimental results demonstrate that our algorithm can
quickly generate feasible and smooth paths for each robot while
satisfying the nonholonomic constraints.

Index Terms— Service Robots, Path planning, and Task
assignment.

I. INTRODUCTION

The motivation of this paper stems from the need to
develop a robotic autonomous luggage trolley collection
system at airports. At airports, passengers often use luggage
trolleys to carry their luggage to departure gates when they
leave and also to a transportation hub when they arrive. For
example, the Hong Kong International Airport serves more
than 72.9 million passengers every year and around 13, 000
luggage trolleys are distributed to deal with the massive
passenger flow. A critical concern created by such free access
to the luggage trolleys is that passengers usually leave the
luggage trolleys where they no longer need them. This makes
the luggage trolleys scattered throughout the airport. The
airport has to maintain a lot of manpower to collect and
return the luggage trolleys to the designated locations so
that they can be easily and timely used again and again
by other passengers. Because this work is tedious and dull,
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(a) Illustration of the robotic autonomous luggage trolley collection.

(b) Nonholonomic mobile robot.

Fig. 1. Robotic autonomous luggage trolley collection. (a) is the illustration
of the system operation. (b) shows the nonholonomic mobile robot which
we design and use in our system.

and the human labor cost is getting higher and higher, there
exists a strong demand to use robots to autonomously collect
the luggage trolleys and return them to designated pick-up
locations without human interventions.

Fig. 1 illustrates the robotic autonomous luggage trolley
collection at the airport. Fig. 1(a) shows that the robot goes
along a generated feasible path (orange line) to collect the
scattered luggage trolleys and deliver them to the designated
locations. Fig. 1(b) shows the nonholonomic mobile robot
we design and use in our system. We assume that the
position of the luggage trolley is prior known with which
we can definitely find a feasible path between the robot
and the luggage trolley by calculating the control sequence.
This assumption is reasonable since the airport can provide
high-quality devices including the Closed-circuit Television
(CCTV) and many existing efficient image recognition meth-
ods can be easily implemented.

In order to achieve the autonomous luggage trolley collec-
tion, a path planning algorithm [1] [2] is required to generate
a feasible path for each robot to collect the designated
luggage trolleys. A popular abstraction for the study of such
problems is the Traveling Salesman Problem (TSP) [3] or
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Fig. 2. Framework of our proposed path planning algorithm. First, we
use the MST method to divide the MTSP into a number of small TSPs.
Secondly, we modify the TSP as an ODTSP-FS. Finally, the robot begins
to collect the luggage trolley with the collection sequence from solving
the ODTSP-FS. The collection sequence is updated in real-time due to the
dynamic changes in the number and location of the luggage trolley.

Multiple TSP (MTSP). The solutions such as Genetic Algo-
rithm [4], Ant Colony Optimization [5] and 2-Opt Algorithm
[6] to the TSP are a tour of minimum Euclidean distance
that passes through each position of the designated luggage
trolleys. Because this solution does not take any kinematic
properties of the agent into consideration, it does not satisfy
the nonholonomic constraints in the practical environment
like in our case.

Actually, the robotic autonomous luggage trolley collec-
tion at airports can be abstracted as a path planning problem
for nonholonomic multiple mobile robot system. In this
paper, we formulate the path planning problem as the MTSP
and propose a novel algorithm to solve it. The framework of
our algorithm is shown in Fig. 2. First, in the target allocation
process, incorporating the position information from CCTV,
we use the MST method [7] to divide the MTSP into a
series of independent TSPs. This allows us to achieve better
planning performance. Here we assume there are three robots
in the current area, so we obtain three TSPs. Secondly, we
modify the TSP as an ODTSP-FS to adapt to our case. In
the conventional TSP [3], the salesman needs to find the
shortest possible route to visit each city and return to the
origin city. In our problem, the robot does not need to return
to the origin location. So the route is open. In addition, the
number and locations of the luggage trolleys are changing
dynamically and the first element in the collection sequence
is always the robot. Then we adjust the closed-loop forward
control policy [8] by taking into account the nonholonomic
constraints of our designed robot to obtain a feasible and
smooth path. The control cost of the generated path is
used as the new metric when we implement the ant colony
algorithm [9] to solve the ODTSP-FS. It is noted that since
there are some sparse static obstacles and many dynamic
objects like pedestrians at the airport, we do not consider
the obstacles when calculating the control cost. Instead, we
take into account all the static and dynamic obstacles in the
robot execution process, where a POSQ [10] based Rapidly-
exploring Random Tree (RRT) [11] method with a set of
bounded parameters is implemented. Because solving the
MTSP again requires a lot of computation resource and time
cost, we only consider adjusting and solving the ODTSP-FS
in real time in the robot execution process in order to achieve
the real-time response.

The contributions are summarized as follows:
• A novel path planning algorithm used in robotic au-

tonomous luggage trolley collection system;
• A light-weight method to generate a smooth path for

the ODTSP-FS while satisfying the nonholonomic con-
straints;

• An efficient method to solve the nonholonomic MTSP.
The rest of the paper is organized as follows. We introduce

the related work in Sec. II. Then in Sec. III, we present
how to use the MST method to divide the whole path
planning problem into some small TSPs. In the following, we
implement the closed-loop forward control policy to generate
a smooth path while satisfying nonholonomic constraints in
Sec. IV and modify the TSP as an ODTSP-FS in Sec. V.
The simulation experiment results are provided in Sec. VI.
Finally, we draw conclusions and discuss our future work in
Sec. VII.

II. RELATED WORK
In addition to the TSP and MTSP, another popular ab-

straction about the path planning for nonholonomic multiple
mobile robot system is Dubins Traveling Salesman Problem
(DTSP) [12], where the robot is considered as a dubins
vehicle [13]. Generally, the mobile robot we present in this
paper can be considered as a Dubins vehicle. In the case
of the DTSP, the path is a planar C1 regular curve with a
bounded above curvature by a given constant.

However, the classic formulation of the DTSP and the
related solutions are not suitable for our case. First, solving
the DTSP is a time-consuming work, which cannot satisfy
the practical need for the real-time response requirement at
the airport. At the airport, the number and locations of the
luggage trolleys are changing dynamically. Therefore, a path
planner with the ability of the real-time response is required.
Secondly, the optimal solution to the DTSP has to be either
of the form CCC or of the form CSC, where C denotes
a circular arc and S denotes a straight-line segment. And
the velocity of the Dubins vehicle is set to be a constant.
These two properties make the generated path seem stiff and
not intuitive (appear natural) enough to be acceptable to the
airport passengers.

Therefore, we propose a novel algorithm to solve this path
planning problem.

First, there are many ways to find a smooth and natural
path while satisfying the non-holonomic constraints. Park
et al. propose a smooth control law based on the model
predictive equilibrium in [14], where a complex optimization
problem is required to solve. Other popular classic methods
include the Vector Field Histogram [15] and Dynamic Win-
dow Approach [16], which are completely reactive and the
resulting acceleration and jerk can be very large [17]. We
hope to find a light-weight implementation controller that
can generate a smooth path. Astolfi [8] proposes a closed-
loop feedback control law, which solves the problem of
the exponential stabilization of the kinematic and dynamic
model of a simple wheeled mobile robot. Palmieri et al. [10]
modify the approach [8] by providing the provable local and
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global stability, a light-weight implementation and smooth
path generation. We adapt this controller to our case by
taking the nonholonomic constraints into consideration to get
a set of bounded control parameters, with which a feasible
and smooth path is generated.

Secondly, the popular algorithms on the MTSP usually
do not converge to an optimal solution during the time
constraints or the limitations of the algorithm itself. Then we
use the MST method [7] to solve the MTSP. We regard the
whole airport as a graph, and all robots and luggage trolleys
are denoted as vertices. We use the MST method to cut the
whole graph into several small graphs, each of which consists
of one robot and some luggage trolleys. Then the MTSP is
divided into a series of independently small TSPs. For the
robotic autonomous luggage trolley collection at airports, in
this paper, we modify the conventional TSP as an ODTSP-FS
and implement the ant colony algorithm to solve it.

III. MINIMUM SPANNING TREE

In this section, we introduce how to use the MST method
to divide the MTSP into a number of small TSPs. In [7],
Rathinam proposes a resource allocation scheme based on the
Minimum Spanning Tree (MST). In this scheme, a complete
undirected graph is firstly constructed with vertices being
all of the vehicles and targets. The MST algorithm assigns a
series of targets for each vehicle by using Euclidean distance
as the cost of each edge. Then a Eulerian graph is constructed
for each vehicle and its corresponding targets. At last, a tour
is calculated for the vehicle to collect the assigned targets by
solving a TSP and the nonholonomic constraints are taken
into consideration to generate the final feasible path.

However, different from Rathinam’s method, in our robotic
autonomous luggage trolley collection system, when the
targets are assigned for each robot, we directly search for
the final feasible tour for each TSP, since the nonholonomic
constraints have been taken into account when calculating
the control sequence to generate the feasible path in Sec. IV.
Because we do not need to construct a graph twice and refine
the path by adding nonholonomic constraints, our method is
more intuitive and efficient. The details of our algorithm are
as follows:

1) Assign the weighted distance to each edge, the cost
of the edge that connects two robots is set to 0 and
construct a complete undirected graph.

2) Implement Prim’s algorithm [18] to find the minimum
spanning tree of the graph, shown in Fig. 3(b).

3) Remove the zero cost edges and get a tree for each
robot, shown in Fig. 3(c).

4) Generate the final feasible and smooth path by calculat-
ing the control sequence between two vertices, shown
in Fig. 3(d).

The weighted distance between two vertices u and v is
defined as:

d(u, v) = φ1||u− v||+ φ2 arccos
−→u · −→uv
|−→u ||−→uv|

(1)

where || · || denotes the Euclidean norm, −→u denotes the unit
vector with angle of u, and −→uv denotes the vector from u to
v. This weighted distance evaluates the Euclidean distance
and direction differences between two vertices. φ1 and φ2
are the parameters balancing the effect of the distance and
angle differences.

A. Analysis

First, we discuss why we do not use the control cost
to construct a directed graph to store the vertex and edge
information.

In this paper, we aim at using the MST method to find the
shortest path for each robot to collect the assigned luggage
trolleys. The MST is a subset of the edges of a directed (or
undirected) graph that connects all the vertices, without any
cycles and with the minimum possible total edge weight. It
can be defined as follows:

min d(G) =
∑

(u,v)∈G

d(u, v) (2)

where G = (V,E) is a directed (or undirected) graph, V is
the set of vertices, E is the set of edges, and d(u, v) is the
weight (weighted distance) of edge that connects u and v.

In order to find the MST in a directed graph, a popular
method that can be used is ChuLiu/Edmonds’ algorithm [19]
[20]. In this algorithm, the MST is also called the spanning
arborescence of minimum weight or optimum branching.
In the process of searching the MST, the parallel edges
(edges going away from the same vertex) are replaced by
a single edge with weight equal to the minimum of the
weights of these parallel edges, so it is hard to distinguish
the robot vertex and target vertex. In other words, even when
add special weights (greater or lower than any other edges’
weights) to the edges that connect two robot vertices, only
one of the edge is selected to construct the MST. After the
MST is achieved, it is intractable to cut the MST into several
parts. Therefore, we can not assign targets to each robot.

Secondly, we discuss how to achieve target allocation in
an undirected graph using Prim’s algorithm.

In Prim’s algorithm, an arbitrary vertex is chosen as the
start vertex. The minimum-weight edges that connect the
MST to vertices not yet in the MST are added repeatedly
until the MST is constructed. We have set the weight of
edges that connect two robot vertices to 0. Suppose there
are n robots, n− 1 zero-cost edges are added to the MST to
connect the robot vertices before reaching any other target
vertices because Prim’s algorithm is greedy. Except for the
edges that connect two robot vertices, the weights of any
other edges are greater than 0. So each time we construct
the MST for an undirected graph, all the robot vertices are
connected to each other. After we remove the zero-cost edges
from the MST, the target allocation is naturally achieved.
According to the definition of the MST, the result of the
target allocation has the minimum total edge weight. Even
the zero-cost edges are removed, the result is still optimal
since these zero weights do not affect the total edge weight.
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(a) Initial condition. (b) Implement the MST method. (c) Divide the MTSP into TSPs. (d) Gnerate the final path.

Fig. 3. Path planning for robotic autonomous luggage trolley collection system. The red point denotes the mobile robot while the green point denotes the
luggage trolley, the blue line denotes the generated path and the arrow denotes the collection direction. (a) shows the initial condition where the red point
denotes the robot and the green point denotes the luggage trolley. All the points are connected to each other to construct a complete undirected graph. (b)
shows the MST in the graph, and the cost of red edges is zero. (c) shows that the zero-cost edges are removed and the whole graph is cut into three small
graphs. (d) shows the result of the control sequence calculation and a feasible and smooth trajectory is generated for each robot.

Fig. 4. Robot kinematics and notation.

IV. CLOSED-LOOP FORWARD CONTROL POLICY

In this section, we introduce how to use the closed-loop
forward control policy to generate a smooth path between
two luggage trolleys or the robot and the luggage trolley
while satisfying nonholonomic constraints.

Consider the mobile robot as a discrete-time dynamical
system with following dynamics:

ẋt = f(xt, ut) (3)

where xt ∈ Rn is the state of the robot at time t, ut ∈ Rm
is the control input at time t. The control cost of a feasible
path for the robot is defined as:

J =

∫ τ

0

(1 + uTt Rut)dt (4)

where τ is the arrival time and R ∈ Rm×m is a predefined
positive-definite matrix used to weight the cost of the control
inputs relative to each other.

Finding a feasible path equals to calculating a control
input sequence U = {u0, ..., un}. In this section, the
nonholonomic property of the mobile robot is taken into
consideration while constructing the control input sequence
U = {u0, ..., un}.

A. Closed-loop Forward Control Policy

First, consider the kinematic equations describing the
mobile robot: 

ẋ = v cos θ,

ẏ = v sin θ,

θ̇ = ω.

(5)

As shown in Fig. 4, let v and ω be the translational and
angular velocity of the robot, ρ the Euclidean distance
between the center of the robot and the goal position, α the
angle between the y-axis of the robot reference frame and the
vector connecting the robot and the goal position, θ the angle
between the robot translational velocity v and the x-axis of
the goal position reference frame, φ the angle between the
x-axis of the robot reference frame and the x-axis of the goal
position reference frame. This representation method makes
a Cartesian-to-Polar coordinate transformation and the new
kinematic equations can be described as:

ρ̇ = −v cosα,
α̇ = v sinα

ρ − ω,
φ̇ = −ω.

(6)

The feedback control law proposed by Astolfi [8] is:{
v = Kρρ,

ω = Kαα+Kφφ.
(7)

which guarantees a smooth path without cusps.
In order to satisfy the nonholonomic constraints of our

designed mobile robot, we adjust the aforementioned control
policy in the following.

B. Nonholonomic Constraints

As we have mentioned before, the nonholonomic con-
straints addressed in this paper is the inability of the robot
to turn at any arbitrary yaw rate. In other words, the yaw
rate of ω belongs to [−ωb, ωb]. Herein, in terms of Astolfi’s
work [8], we obtain the following results. Let r denote the
minimum turning radius of the robot, then v needs to satisfy
v ≥ ωr at any moment. Based on Eq. (7), the feedback
control law is required to be adjusted. In our case, as a
parameter of the robot, the maximum yaw rate ωb is prior
known. According to Eq. (7), we can get

v ≥ ωr ⇒ Kρρ ≥ ωr ⇒ Kρ ≥
ωr

ρ
. (8)

which indicates the lower bound of Kρ since ρ and r are
known at each step and ω can be calculated by Eq. (7).

The upper bound of Kρ can be obtained by analyzing the
stability of the closed-loop system in the following.
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1) Local Stability: Substituting the feedback control law
in Eq. (7) into the open-loop system, we obtain the following
closed-loop system:

ρ̇ = −Kρρ cosα,

α̇ = −Kαα−Kφφ+Kρ sinα,

φ̇ = −Kαα−Kφφ.

(9)

which is locally exponentially stable if and only if the eigen-
values of the matrix describing the linear approximation of
Eq. (9) have all negative real parts. Therefore, the following
conditions hold: 

Kρ > 0,

Kφ < 0,

Kα +Kφ −Kρ > 0.

(10)

which gives the upper bound of the translational velocity v:

Kρ < Kα +Kφ ⇒ v < (Kα +Kφ)ρ. (11)

In the practical implementation, v can be controlled by
adjusting Kρ in the domain of [ωrρ , Kα +Kφ].

Consider the closed-loop system in Eq. (9), and assume
that α(0) ∈ (−π2 ,

π
2 ] and φ(t) ∈ (−nπ, nπ] for all t. If

Kα + 2nKφ −
2

π
Kρ > 0 (12)

one has α(t) ∈ [−π2 ,
π
2 ] for all t > 0. This means if Eq.

(12) holds for a given n (in this paper n = 2), the region
(−π2 ,

π
2 ] is a trapping region. Together with Eq. (10), it can

be guaranteed that the robot moves monotonically towards
the goal position. Therefore, the range of Kρ is updated as

Kρ ∈

{
[ωrρ ,Kα +Kφ], if Kα +Kφ <

π(Kα+4Kφ)
2 ,

[ωrρ ,
π(Kα+4Kφ)

2 ), otherwise.
(13)

2) Global Stability: Consider the reduced system{
α̇ = −Kαα−Kφφ+Kρ sinα,

φ̇ = −Kαα−Kφφ.
(14)

and the candidate Lyapunov function

V = (−Kαα+Kφφ)
2 + 2KφKρ(cosα− 1) (15)

which is positive definite in all S2 = {(α, φ) ∈ R2|α ∈
(−π2 ,

π
2 ], φ ∈ (−2π, 2π]} according to Eq. (10)(13). By

calculating the derivative of V , we get

V̇ = 2KφKρ sinα(Kφ +Kα −Kρ
sinα

α
) (16)

which is non-positive in S2 according to Eq. (10)(13). Thus,
the state of the system converges asymptotically to the origin
in terms of the LaSalle invariance principle.

Then we need to show that any path starting in S1 =
{(α, φ) ∈ R2|α ∈ (−π2 ,

π
2 ], φ ∈ (−π, π]} remains in S2

∀t > 0. Consider a positive invariant set

M = {(α, φ) ∈ R2|V ≤ 9

4
K2
φπ

2 − 2KφKρ} (17)

contains S1 and is contained in S2. M contains only the
equilibrium point (α = 0, φ = 0). So according to the
Poincare-Bendixson Theorem, any path of the system starting
in S1 is contained in S2 and converges to the origin.

With the analysis of the system stability, we can obtain
the smooth path (control input sequence) satisfying the
nonholonomic constraints by limiting the value range of
Kρ,Kφ and Kα.

V. ODTSP-FS

In Sec. III, we use the MST method to divide the MTSP
into some small TSPs. And in Sec. IV, we obtain the new
metric used in solving the TSP. As we mentioned before,
the model of TSP is not suitable for our case. Then in this
section, we modify the TSP as an ODTSP-FS.

In the ODTSP-FS, the goal is to find the shortest possible
route for the robot to collect all the luggage trolleys in the
designated area and the route ends after the last luggage
trolley is collected. Different from traditional TSP, there are
two new changes: (1) The robot does not need to return
to the origin position, so the route is open. (2) During the
collection process, some luggage trolleys may be taken away
and other ones may be abandoned by passengers after their
use, so this is a dynamic problem. Moreover, in this case,
both the number and the locations of them are changing
dynamically. With integer programming representation, the
ODTSP-FS can be formulated as follows.

Consider a network with n nodes. 1 Indices i and j refer
to luggage trolleys and take values from 2 to n, while index
i = 1 refers to the robot. The control cost (from the control
sequence in Sec. IV) cij is associated with each pair of
luggage trolleys and also with each luggage trolley and the
robot.

The objective function of the ODTSP-FS is :

min

n∑
i=1

n∑
j 6=i,j=2

cijxij ; (18)

subject to

xij ∈ {0, 1} i, j = 1, ...n, i 6= j; (19)
n∑
i=1

xij = 1 j = 2, ..., n, i 6= j; (20)

n∑
j=2

xij ≤ 1 i = 1, ..., n, j 6= i; (21)

n∑
j=2

x1j = 1; (22)

ui ∈ Z i = 1, ..., n; (23)
ui − uj + nxij ≤ n− 1 2 ≤ i 6= j ≤ n. (24)

In Eq. (19), the binary variable xij = 1 if the node
i precedes node j in a route of the robot and xij = 0
otherwise. Eq. (20) ensures that the robot visits every node

1In this paper, there is no difference between the term node and vertex.
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Control Cost Matrix
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Fig. 5. Control cost matrix of 30 vertices.

and Eq. (21) means that the robot does not need to depart
from every node, because the route ends after visiting the
last of them. Eq. (22) ensures that the robot always starts its
route from node 1. In Eq. (23)(24), based on the well-known
Tucker’s formulation of the TSP, the variables ui are applied
to avoid the presence of sub-tour.

VI. EXPERIMENTS

In this section, we carry on a number of simulation
experiments to demonstrate the effectiveness and efficiency
of our proposed algorithm. We use Ubuntu 16.04 LTS on an
Intel i5-4590 with 8GB RAM as our experiment platform.
First, as we have mentioned before, we use the MST method
to divide the MTSP into a series of small TSPs. Secondly,
we modify the TSP as an ODTSP-FS and implement an
ant colony algorithm to solve the ODTSP-FS. Then with
the solution to each ODTSP-FS, we achieve solving the
MTSP. We also compare our solution to the MTSP with
a conventional solution to the MTSP. Finally, we evaluate
our algorithm with a designed mobile robot in a simulation
environment with Robot Operating System (ROS).

A. MTSP Simulation Experiments

We evaluate our algorithm compared to a conventional
solution (an ant colony algorithm for the MTSP [21]) to
the MTSP problem. Two sets of experiments are made,
respectively. In each set, 30 and 100 vertices with arbitrary
headings are randomly generated, and 3 and 6 vertices are
selected as the robot vertices, respectively. As for each set,
the conventional algorithm and our algorithm are run 30
times, respectively. In our algorithm, we first divide all
vertices into several groups with the MST method, then
an ant colony algorithm is implemented for each group of
vertices to calculate the feasible path using the control cost
in Sec. IV as the new metric. In the conventional algorithm,
we directly use the control cost as the new metric to solve
the MTSP. We use the execution time of the algorithm and
the control cost of the final feasible path to evaluate the
algorithm’s performance.

It is noted that both our algorithm and conventional algo-
rithm are recursive, where the value of the objective function
is always changing until reaching a global minimum or
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Fig. 6. Simulation results for the robotic autonomous luggage trolley
collection system with a different number of vertices. Two kinds of metrics
including execution time and control cost are provided, respectively. (a)
shows the result with 30 vertices and (b) shows the result with 100 vertices.

(a) Conventional Solution. (b) Our solution.

Fig. 7. Illustration of the two different solutions to the MTSP. The red
point denotes the mobile robot while the green point denotes the luggage
trolley, the blue line denotes the generated path and the arrow denotes the
collection direction. (a) shows the solution from the conventional algorithm
while (b) shows our solution.

getting trapped in a local minimum. For a fair comparison, if
the value of objective function does not change in continuous
5 epochs (which means we set the threshold as 5), we think
the algorithm has reached a global or local minimum. For
the genetic algorithm with 100 vertices, we set the threshold
as 100 for a reasonable final solution. The maximum number
of epochs is set to 100 and 3000, respectively.

When calculating the control cost, we have derived a
bounded expression for the parameters:
Kρ > 0,

Kφ < 0,

Kρ ∈

{
[ωrρ ,Kα +Kφ], if Kα +Kφ <

π(Kα+4Kφ)
2 ,

[ωrρ ,
π(Kα+4Kφ)

2 ), otherwise.
(25)

The specific parameter settings are as follows: Kρ =
1,Kφ = −1,Kα = 6, r = 1. For the control cost calcu-
lation, the control input are the angular velocity ω and the
translational velocity v, and the positive-definite matrices are
defined as:

R1 =

[
1 0
0 1

]
, R2 =

[
1 0
0 1

]
. (26)

Fig. 5 illustrates the control cost between any pair of ver-
tices. Obviously, it is not a symmetric matrix. For example,
the control cost from vertex 1 to 2 is 134 while the control
cost from vertex 2 to 1 is 126.

Fig. 6 shows the simulation experiment results in two
sets of vertices. The bar denotes the average value and
the line denotes the standard deviation of corresponding
data, respectively. The red bar denotes the result from the
conventional solution while the green bar denotes the result
from our algorithm.
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(a) (b) (c)

Fig. 8. Illustration of the robotic autonomous luggage trolley collection in the dynamic environment. The black lines represent two columns of check-in
counters. The purple and red circles denote the location of the luggage trolley. The red line, green line and blue line denote the collection sequence from
the solution to the ODTSP-FS, planned path and the path the robot has passed through, respectively. The yellow disks denote the moving obstacles such as
passengers. (a) Initial condition. The solution to the ODTSP-FS provides a collection sequence and the robot starts moving to the first target. (b) When the
robot picks up the first luggage trolley, a new unoccupied one (the red circle) is found and the collection sequence is changed by solving the ODTSP-FS.
(c) During the collection process, a luggage trolley (on the left top) is taken away and another new unoccupied one (the red circle) is found, the collection
sequence is changed again.

(a) t = 1.6s. (b) t = 20.4s. (c) t = 32.3s.

Fig. 9. Illustration of the real-time path planning algorithm. The blue dashed line denotes the planned path and the green dashed line denotes the tree
growth. The blue disk denotes the goal position. The robot needs to avoid the static obstacles and moving pedestrians to arrive at the goal position (the
position of the luggage trolley).

In Fig. 6(a), it shows the simulation experiment results
in 30 vertices. We can see that the average value of our
algorithm is smaller than the conventional algorithm both
in the execution time and the control cost, which means
that our algorithm can efficiently find a better solution. Our
algorithm also obtains a smaller standard deviation, which
depicts the stability of our algorithm. It is noted that the
standard deviation of our algorithm in the control cost almost
equals to 0. The reason is that the MST method divides all
vertices into 3 groups (an example is shown in Fig. 3) and
implementing the ant colony algorithm in such a small data
set can always converge to the same optimal solution. An
illustration of the two different solutions to the MTSP is
shown in Fig. 8.

In Fig. 6(b), it shows the simulation experiment results
in 100 vertices. Compared with the results in Fig. 6(a),
we can find that the improvement of the average value in
both the execution time and the control cost is much bigger.
In addition, the standard deviation of our algorithm is also
much smaller compared to that of the conventional algorithm.
These results are intuitive. In such heuristic algorithms, the
problem scales poorly make much difference. The execution

time of each epoch increases quickly as more vertices are
added in our simulation experiments. At the same time, the
convergence speed and the probability to reach a globally
optimal solution are also influenced by the increasing number
of vertices. In our algorithm, we divide a big MTSP into a
series of small TSPs and calculate the solution separately.
Through this method, the execution time decreases a lot
and we also can find a high-quality solution in a limited
number of epochs. The drawback is that our algorithm
cannot guarantee global optimality. However, in practical
application, it is not necessary to obtain a globally optimal
solution because it costs a lot of planning time and does not
have obvious improvement compared to the solution from
the early epochs. In fact, we run both the algorithms execute
unlimited epochs until reaches a global or local minimum but
the result shows that the final control cost is almost equal to
that shown in Fig. 7. In order to achieve a real-time response,
we limit the number of epochs.

B. ODTSP-FS Simulation Experiments

In this subsection, we implement an ant colony algorithm
to solve the ODTSP-FS on a simulation environment as
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shown in Fig. 8.
As we all know, there are many check-in counters arranged

in columns at the airport. In our experiment, each robot
is assigned to collect the luggage trolleys located between
two columns of check-in counters (as shown in Fig. 8, two
black lines represent the check-in counters). We also use
many moving yellow disks to represent passengers or other
dynamic obstacles.

At the beginning (Fig. 8(a)), according to the current
distribution of luggage trolleys, a collection sequence with
the smallest control cost is calculated by solving the ODTSP-
FS. Then the robot begins to move to the first target (the
position of luggage trolley). And the robot starts moving to
the first target. After the robot arrives at the first position
and picks up the first luggage trolley (Fig. 8(b)), a new
unoccupied luggage trolley is found. The ODTSP-FS is
solved again and a new collection sequence is calculated
to guide the robot move to next target. While the robot
is moving to the second target (Fig. 8(c)), another new
unoccupied luggage trolley is found and an old luggage
trolley is taken away at the same time. Then a new collection
sequence is calculated again by solving the ODTSP-FS.

We can see that our ODTSP-FS model can handle the
dynamic changes at the airport and provide a real-time
solution by implementing the ant colony algorithm.

C. Real-time path planning in a dynamic environment

In this subsection, we implement our algorithm with a
designed mobile robot in a simulated dynamic environment.
As we have mentioned before, we do not take into account
the static and dynamic obstacles while calculating the control
cost and solving the MTSP. Here, we will demonstrate that
our designed mobile robot can avoid the static and dynamic
obstacles in its execution process. We implement a POSQ
based RRT method with a set of bounded parameters from
Sec. IV. Since the POSQ method also depends on a similar
closed-loop forward control policy which we use in this
paper, the nonholonomic constraints of our designed mobile
robot can be directly combined to achieve a bounded POSQ
base RRT method.

As shown in Fig. 9(a)-(c), the robot can continuously fol-
low a smooth path and successfully avoid the static obstacles
and moving pedestrians, which reveals that our algorithm can
deal with the dynamic environment at the airport. So we can
say that with the calculated collection sequence by solving
the ODTSP-FS, our algorithm can successfully collect the
luggage trolley one by one.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we concentrate on the nonholonomic mul-
tiple mobile robot system and propose a novel path plan-
ning algorithm with applications to a robotic autonomous
luggage trolley collection system at airports. We first use
the MST method to divide the MTSP into a number of
small TSPs, then implement a closed-loop forward control
policy to obtain a smooth path while taking into account the
nonholonomic constraints. Finally, we modify the TSP as the

ODTSP-FS to adapt to our application case and implement an
ant colony algorithm to solve it. The simulation experiment
results show that our algorithm achieves better performance
in both the execution time and the control cost compared to
the conventional algorithm. In the near future, we plan to
further improve and verify the performance of our algorithm
and carry out practical experiment studies at an airport such
as the Hong Kong International Airport.
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