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Abstract

A mathematical model for a robot navigation system searching for RFID tags in a retail
store is constructed. It is based on the Traveling Salesman Problem optimization algorithm. A
software simulation is performed in MATLAB. The solutions of the Traveling Salesman
Problem and the Traveling Salesman Problem with Neighborhoods are simulated. A linear-solver
provides the function to solve simultaneous linear equations. Based on the optimization

algorithm using the linear-solver, the optimal route for the robot is found.
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1. INTRODUCTION

Robots can adequately replace human workers in some applications. It has been proposed to
replace or assist humans taking inventory in retail stores with robots [1]. To achieve this idea, the
first step is to accomplish robot navigation in a retail store environment, which consists of
various types of shelves, floor racks, and similar merchandising structures. In order to navigate
the environment, the robot needs to know its present location, the goal it will move to next, and

the acceptable path(s) from its current location to the goal [2].

In recent years, robot technology has made substantial progress. Navigation technologies are
developing at a rapid pace. They are divided into four classes. Those four categories are dead-

reckoning-based, landmark-based, vision-based, and behavior-based techniques [3].

The most basic technology is dead-reckoning-based navigation. Instructions such as moving
straight, turning left, and turning right, are set in the robot operating system. The robots follow
instructions to control wheels to move to the location of the goal with a time counter [4]. The
idea of dead-reckoning navigation is simple. It also has a low source cost on robot hardware.
However, during testing in real world, noise from the environment and measurement errors on

mechanical structure of robots are hardly to be ignored [5].



To decrease noise impact in robot navigation, the hardware provides various functions as support.
Cameras represent eyes to robots. They are used in landmark navigation. Using image detection
algorithms, robots can distinguish certain figures through the camera. With camera catching
symbols, robots can get instruction after analyzing figures by the algorithms. Then robots can
move in the exact direction following the symbols [6]. However, when a robot moves into the
range where its camera detects a symbol, the position of the robot in relation to the symbol may
cause the figure to appear twisted and unrecognizable or rotated beyond an acceptable degree. To
improve the performance of vision systems, adaptive learning algorithms such as artificial neural
networks can be used to improve performance. With a sufficiently large amount of image data

training, the robot vision system can be taught to distinguish symbols more reliably.

Cameras are also needed for vision-based navigation. Visual features in figures are used for
algorithms to judge the current location of a robot during navigation. Sometimes a depth image
generated by stereo cameras or LIDAR is used to create 2D maps [7]. Factors affecting
performance include lighting variations, color, texture, and frame rate. Vision-based navigation

can consume a lot of hardware resources and power.

For behavior-based navigation, various sensors are needed for robots. Robots rely on sensors to

react to an unknown environment and move in the right direction [8]. Sonars send UHF (ultra-



high frequency) sound waves and receive echoes, as they continue to calculate the distance from
objects. IR sensors sense potential objects using infrared reflection. Keeping a constant distance
from the wall, robots are capable of going straight as they avoid colliding with obstacles in an
indoor environment. Lasers provide the robot with a wide degree of range to sense obstacles ,

which allows the robot to create a 2D map when arriving at a new environment.

The hardware cost of behavior-based navigation is acceptable when the environment is simple,
such as indoor environments with no moving obstacles. When a robot navigates outdoors,
environments can be complex, and noise is unavoidable. Robots also need to avoid moving

objects, such as people or cars. Hardware quality decides the response time for a robot to act.

Sometimes, RFID tags and readers are used for robot navigation. RFID tags contain needed
information read by robots for navigation. RFID readers are installed as I/O devices in the robot
operating system. RFID readers can sense tags within a certain range, then robots can get data
and write it to database [9]. When a robot senses one tag, it accomplishes the process of reading

data and writing to database at one location, then it moves to the next place where a tag exists.

The work described in this thesis addresses the use of mobile robots to take inventory in a retail
environment. It is presumed that all items in the store have had passive RFID tags applied. The
robot, or team of robots, must navigate the store and read all of the tags. The navigation strategy
might be any combination of the aforementioned — dead reckoning, beacon, landmark, and RFID
marker. The use of robots in this application can presumably reduce labor cost and improve

inventory accuracy.



In order to avoid missing tags and failing to get data from labels successfully, the robot
navigation algorithm is designed to move close to the location of the stock. More precisely, the
robot should move parallel to shelving, and circle around tables and free-standing racks.

The floor in retail environments and warehouses is usually fairly uncluttered. Robots can move
to any place except locations where shelves and boxes are stacked. There are various available
routes to finish visiting all RFID tags. However, different routes of robot navigation vary in
distance. In order to accomplish tasks with efficiency, the shortest path is necessary for robots.
Robots can decide the tag visiting order in robot navigation with the algorithms running on the
robot operating system. The algorithms are required to work out the optimum route in order to

improve the distance that each time visiting costs.

Various algorithms are developed for different conditions, considering a study with optimized
results. There are already several algorithms for certain conditions related to the shortest distance

path searching.

In graph theory, vertices and the edges that connect the vertices form a graph. In our robot
navigation scenario, the vertices represent locations near expected high populations of RFID tags,
such as walls and merchandise display equipment. In our scenario, the robot needs to visit all
vertices in a graph (store map) and then return to the beginning point in the most efficient

manner possible.

To test RFID hardware performance in a lab, the basic algorithm is designed assuming that a

robot begins its navigation at a predetermined starting point, and the next tag which the robot



will visit is defined as the nearest tag that has not been reached. This simple algorithm can ensure
that the robot finishes visiting all tags without missing any. Analyzing the path left behind by a
robot, its end point and start point are at the same place, which makes it a circular route. The

problem seems similar to the Traveling Salesman Problem.

In robot navigation, the basic algorithm selects the nearest tag location as the local optimal result.
However, the total length sum of all local optimal results is not equal to the global optimum

value of the Traveling Salesman Problem. The distance of the path visited depends on the
location of the tags. In the worst case, it can be long. Therefore, a more efficient searching

algorithm is needed.



2. LITERATURE REVIEW

An RFID systems which includes RFID tags and RFID readers is used in robot navigation. RFID
tags store information that the robot needs. RFID readers transmit and receive RF signals. The

robot uses RFID readers to read data from RFID tags [10].

In robot navigation, when axis length, wheel radius, wheel angular velocity, head posing
direction and previous position of robot are provided, the operating system makes an estimate of
the robot current position. When the robot speed is fast in relation to the sampling rate, excessive

odometric error can occur, leading to instability.

In robot navigation, besides the support from hardware, algorithms are also needed. As a well
known optimization problem, there are various algorithms developed for the Traveling Salesman
Problem. To design algorithm structure, programmers get inspiration from creature behavior and

physical particle movement with probability searching.

One of the algorithms that is used for solving the Traveling Salesman Problem is the Simulated
Annealing algorithm. It is a kind of greedy algorithm. However, on the basis of greedy algorithm,

Scott Kirkpatrick, C. Daniel Gelatt and Mario P. Vecchi in 1983 [11], and Vlado Cerny in 1985



gained ideas from solid physical annealing process and designed the Simulated Annealing

Algorithm respectively [12].

Metal is melted and annealed to improve its quality. Before metal annealing , atoms stay at the
place that has local minimal internal energy. When the temperature is high, atoms inside metal
gain enough energy to have a chance to leave their original position. Atoms move in the whole
space of metal randomly. During the progress, it is possible for atoms to move to a new place
that is at lower internal energy than before. When metal temperature drops with a certain speed,
atoms are locked at their own place and can hardly move to another place. Through the whole
process, the entirety of the atoms move to the place that is at lower internal energy in metal space

than before. The new atom distribution of metal leads to metal quality improvement.

To apply to the Traveling Salesman Problem, SA (Simulated Annealing) sets a high temperature
as the beginning value. Nodes on TSP graph represents atoms in metal. To begin the Simulated
Annealing algorithm, nodes connect with each other randomly. The initiatal route is usable but
not optimal. Then nodes at a high temperature have a high probability to break original
connections and link to new nodes. After atom motion, the distance of the new route will be
calculated. Nodes move randomly, so that motion results can be both better or worse to the
whole route. When the temperature is high, worse results have a chance to be accepted.
Simulated Annealing Algorithm creates the probability to break the local minimum and jump to
the global optimum answer. When the temperature goes down gradually, the whole route

becomes stable, and new changes have a tiny chance to occur. During the loop of temperature



dropping, SA through probability search converges to optimal result of the Traveling Salesman

Problem.

At the same time, the Genetic algorithm (GA) is often mentioned with the Simulated Annealing
algorithm. GA is also used to solve the Traveling Salesman Problem. GA, originally published

by J.H.Holland [13], gets its inspiration from the Darwinian theory of evolution.

On the TSP map, the route which includes all nodes is seen as a chromosome by the Genetic
Algorithm. The visiting order of nodes is turned into the DNA information which each
chromosome contains. Routes that visit all nodes are needed. They might be far from the optimal
route, but they are used as the initial chromosomes to begin evolution. The GA pairs route
vectors and exchanges random parts of node order on the vectors [14]. This progress comes from
the behavior that chromosome pairs exchange their DNA. In order to avoid dead loops to miss
the optimal result, the GA adds low probability chance to generate a new random node order on

route vector. This step is the same as mutation that rarely occurs in nature.

After each loop of evolution, the distance of the routes will be calculated. The fitness of each
vector will be judged by the distance. When the next evolution loop begins, the GA chooses
vector pairs through fitness. The selection process is a probability search. When vectors have

higher fitness, they are more likely to be chosen.

With only one or two generation loops, the improvement of the Traveling Salesman Problem

route vectors is not clear enough by the GA. However, when the loop time value is set to



hundreds or thousands, the optimal route of the TSP is filtered out by the GA. The whole process
of the GA is to achieve biological evolution through natural selection. The GA selects the fittest

route as the optimization result, and eliminates others.

Another TSP algorithm that follows biologic behavior is the Ant Colony Optimization algorithm
(ACO). In 1992, Marco Dorigo published the ACO according to the behavior of ants [15]. The
basic idea of the ACO is that a group of ants find the shortest path to get food. In ACO, all ants
are considered as an entirety. The ant group is defined as swarm intelligence. Each ant in the
swarm behaves simply. However, when the whole ant group works cooperatively, the entirety

can accomplish complex tasks.

To solve the Traveling Salesman Problem, ants need to visit all nodes on the TSP map. A road
represents a line that connects a node pair. When an ant traverses a road, it leaves its pheromone
(chemical signal) on the road. The pheromone evaporates over time. When a path that contains
all nodes has a short distance, an ant can finish moving on the path and return to the colony with
less time. There is more pheromone left on short roads than long roads during the same time
length. Ants choose a path according to the pheromone amount left on road. With biological
instinct, ants prefer to choose roads with more pheromone left. The more ants choose the same
road, the more pheromone is left on road. The choice of path and the pheromone left on the path

builds a loop.



After each searching loop, the pheromone left on each road will be updated. After a certain
number of loops, all ants will choose the same path. The stable route result is the optimal path of

the Traveling Salesman Problem.

Parameters in the ACO control the speed of pheromone volatilizing and the probability that an
ant will choose one road. The performance of the ACO depends on the setup values of
parameters. In order to improve the ACO, the suitable values of the parameters are needed. To

find the usable values for the parameters, neural networks are used to train the results [16].

Considering that the Traveling Salesman Problem is a worthy optimization topic, there are more
algorithms developed. Kennedy, Eberhart and Shi developed another algorithm to solve the TSP
problem as the Particle Swarm Optimization algorithm (PSO) [17]. The underlying idea of PSO

is also a kind of swarm intelligence. modeled on a school of fish or flock of birds.

In PSO, every particle is the same as a bird in a bird flock. Imitating a bird flying in the sky, each
particle has its own position and velocity. When birds fly to search for food, no birds knows the
exact location of food at the beginning. When one bird finds food in its visual field, it flies to the
food. As a swarm in the algorithm, each particle shares information with each other. Seeing one
bird find food, other birds will leave their previous location and change their velocity direction to
fly to the area where the first bird found food. After certain times of swarm communication, all
birds fly near to the food location. In the Particle Swarm Optimization Algorithm, all particle

locations converge to the optimal answer.



However, when applying to the Traveling Salesman Problem, the Particle Swarm Optimization
Algorithm is easy to lock to the local optimal answer rather than the global best result. The
Simulated Annealing algorithm is used to improve the performance of the Particle Swarm
Optimization algorithm [18]. Another method is to set the Particle Swarm Optimization
Algorithm as an overall framework, and take crossover and mutation steps from the Genetic
Algorithm. Two algorithms are mixed as a new hybrid algorithm to solve the Traveling

Salesman Problem [19].

10



3. ALGORITHM BASIS

The simulated environment used in this thesis is a model of our real laboratory, in which a robot
is equipped with an RFID reader to detect RFID tags placed on retail store merchandise. Since
RFID readers sense tags within a non-zero range, the robot can read all tags by coming within
sufficiently close proximity to merchandise locations.. The robot moves from one merchandise
location to another, until ideally all tags are read. With the constraint of minimizing the total path
length, the robot navigation process is the same as the definition of the Traveling Salesman

Problem (TSP).

3.1 Traveling Salesman Problem

According to the name of Traveling Salesman Problem, the basic idea of the problem is about a
salesman who travels through all cities on his plan. The distance between cities are different. The
salesman needs to visit all cities without repeating his path. After finishing visiting all cities, he
returns to the city where he began his travel. In order to make the salesman travel efficiently, the

route needs to have the shortest distance while including all cities at the same time.

11



The Traveling Salesman Problem is a problem about routes and distance, which can be switched
into a graph problem model. Vertices of the graph represent cities that the salesman needs to visit.
Edges connect vertices. They are the possible paths that the salesman can choose to leave from
one city and go to the next. Each edge of the graph has a weight, and the weights stand for the

distance between each pair of cities.

The TSP model used for robot navigation in the RFID lab is an undirected weight graph. An
undirected weight graph means that if there is an edge existing between vertex A and B, it can be
used from both direction A to B and direction B to A. At two opposite directions, the weight of
the edge does not change. Robots read RFID tags in the lab, when the robot leaves from one tag

to another and returns from another to the first one, the distance of both trails are equal.

In a graph theory definition, the undirected Traveling Salesman Problem can be described as a
graph G = (V, E). V stands for vertices of the TSP graph, with V = {1, 2, 3,..., n}. The number n
in the V set is the total vertex number. E contains all edges that connect vertices of the TSP
graph. An edge connects two vertices. So (i, j) with (i, j = 1, 2, 3,..., n) are used to describe edge
position. Distance between vertices is defined as djj. The weight of each edge is equal to d;;.
Searching the optimization of the Traveling Salesman Problem is equal to working out the

minimum weight sum of edges that connect all vertices as a ring [20].

To start analysis of the robot navigation map, each tag on the walls are turned into a vertex.
Assume that the object volume is small so that objects with RFID tags around are simplified as

vertices with no volume. The location of these vertices are at the center of the objects.

12
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Figure 3.1 Simple Objects.RFID Tags Represented as TSP Vertices

3.2 Traveling Salesman Problem with Neighborhoods

The optimized path is discussed about the Traveling Salesman Problem. However, in practical
application, separated vertices on a map may be divided into different zones, which leads to a
derived problem called the Traveling Salesman Problem with Neighborhoods. Each zone has a
center node connected to the main map, so that vertices in the zone map are like neighborhoods
to the center node. When arriving at a center node on the main map, the zone map will be shown.

In order to visit a vertex in a particular zone, the salesman must visit the center node first.

13



The Traveling Salesman Problem with Neighborhoods (TSPN) is an extension of the Traveling
Salesman Problem. To define the Traveling Salesman Problem with Neighborhoods in graph
theory language, parameters that graph G=(V, E), vertex set V, edge set E and weight set d;j are
the same as the definition of the Traveling Salesman Problem. Set Q is used to describe
neighborhoods of each vertex. Neighborhoods of the TSPN are numbered with (i, k). Number i =
1, 2,..., n represent the vertex number on the Traveling Salesman Problem main map. Number k

=1, 2,..., m means the vertex number on the neighbor graph [21].

The tactic of robot navigation turns whole objects into center nodes the same as RFID tags on the
wall. However, as mentioned before, RFID tags are also on objects as well. Separated small
maps are built for each object in the room. Every map contains locations of the RFID tags for
one, and those tags also generate a TSP circle. A sub map connects to the main map with its

object center. Tags on different objects do not interfere with each other.

When a robot begins its navigation from the starting point near the wall, it follows the algorithm
instruction to visit each tag. When the algorithm works out the time to leave the wall, the robot
turns its direction and moves to the center of the chosen object. When the distance between the
robot and the center of the object is smaller than a certain value, the main map is switched to the
object map in the robot operating system. The robot begins the TSP route on the sub map. The
same algorithm that keeps running on the main map continues calculating the optimal route of
the TSP on the sub map. After finishing moving around the object, the robot operating system
switches the object map to the main map again. The robot continues moving on the main map as

the algorithm suggested.

14



0.9

0.8

0.6 *

0.5

0.4

#*
0.3 #

0.2

0.1

0 e
0 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 3.2 Random vertices generated within object zone

3.3 Matlab Simulation

Before the hardware test on the robot, algorithm performance is needed to simulate on software.

Matlab provides a suitable software platform to run simulation.

Matlab version 2014 and above provides tools and functions to solve Traveling Salesman
Problem [23]. Sharing the same disadvantage of all other algorithms for Traveling Salesman
Problem, the complexity of all algorithms remains high. While input data amount grows large,

time cost increases quickly.

15



First, Matlab functions are used to create and plot a test map of a room. Assume that the shape of
the room is a rectangle. In most common conditions, room shape is approximately similar to a
rectangle. The edge of the map is the location of four walls and obstacles are in the middle of the
room. Several objects are placed in the room randomly. Objects represents shelves, boxes or
furniture in a retail environment. To simply map building and simulation, object shape is set to

rectangle. In the middle of each object rectangle, star dots are the center location of objects.

Test Map

09f

0.6f #*
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Figure 3.3 A test map with two obstacles in the room
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In the initial step, the number of vertices of each map is calculated. Each vertex is marked with a
corresponding number for later steps. Vertices are set on the map with its x, y-coordinate values.

A new matrix is created to store X, y-coordinates of all vertices.

To work out optimization of the Traveling Salesman Problem, weights of all edges are needed.
With collection of all vertex coordinate data on the map, the distance between each pair of

vertices can be calculated.

Each two vertices on the map are chosen as a pair. All pairs are stored in a new matrix without
repeating. N is the number of total vertices on the Traveling Salesman Problem map. The
number of all vertex pairs is M = C(N, 2) = N!/2!(N - 2)! = N(N - 1)/2. In order to store all vertex

pairs, the values of N and M are the row and column counts of the matrix.

With sorted vertex pair order matrix, the distance of each pair of vertices can be calculated with
the following formula. All vertices of the Traveling Salesman Problem graph are generated in a
Cartesian coordinate system. To calculate the distance between two vertices P1 and P2, with x,

y-coordinates P1(x1, yl), P2(x2, y2), the following formula is used.

D= \/(xl—x2)2 +(yl-y2)°

17



3.3.1 Solution with equality constraints
Matlab 2014 (or higher version) provides the function intlinprog as a linear solver. Depending on
the linear solver function, optimization of Traveling Salesman Problem is turned into an optimal

answer of a set of linear equations and inequalities.

The definition of

[x, fval, exitflag, output] = intlinprog(f, intcon, A,b, Aeq, beq, Ib, ub, options)

is equal to

x (intcon) are integers
A-x<b
Aeq - x = beq
Ib<x<ub

min f”x subject to

Variable fval = f'*x, which is the va ue of optimization. Vector f stands for coefficient vector of

optimal result. Vector x is the optimization value that the linear solver needs to work out.
Variable exitfalg is used to report function execution condition after function ends. Optimization
process is stored in structure output. Elements in vector x with the constraint intcon must be
integer. Described by Matlab matrix language, matrix A is a linear inequality constraint matrix,
and vector b is a linear inequality constraint vector. Matrix Aeq is a linear equality constraint
matrix, and vector beq is a linear equality constraint vector. Vector Ib and up stand for lower and
upper bound respectively. If the optimization requirements do not contain the lower and upper

bounds constraints to the results, vector b and up are set to empty [22].
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In order to work out optimization of the Traveling Salesman Problem with a linear solver

function, it is necessary to establish constraints.

Observing optimization of the Traveling Salesman Problem, the shape of optimal x is a ring
which includes all vertices. To complete a ring, edges must connect all vertices end to end. A
ring has no beginning and end node. In a ring, every vertex includes the endpoint of two edges.
According to the requirement of the Traveling Salesman Problem, no repeated trails exists in a

ring. Therefore each node can only be endpoints of two edges, no more and no less.
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Figure 3.4 A vertex as endpoints of two edges
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Create a new matrix Aeq. Set rows of Aeq equal to the number of vertices, and column of Aeq
equal to vertex pair number. The algorithm traverses all vertices. When the algorithm is visiting
vertex i, if node pair j contains vertex i, element (i, j) in matrix Aeq value is set to 1. Otherwise,

the elements value is set to 0.

4 {1, if vertex iis an endpoint of either side of an edge
eqnxm =

0, otherwise

The value n is the total number of vertices. Seti=1, 2, 3,..., n. Value m is the total number of

vertex pair, which is equal to n(n - 1)/2. Setj =1, 2, 3,..., m.

From the first node to the last node in order, every node is able to connect with all other nodes.
The algorithm is responsible to select out suitable node pair connections in order to construct
optimization of TSP. In optimization of TSP, every vertex appears twice as the endpoint of two

edges.
Create new matrix Beq. Set matrix Beq with the length equal to the number of nodes. Set all
element values of vector Beq equal to 2. This is equal to the number of times that the vertex

appears on the chosen edges that construct the optimal ring.

Aeq - x = beq
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Vector x represents the opiimization of TSP, with vector length equal to the number vertex pairs.

If a vertex pair is chosen, the element in x with the same vertex number is set to 1. Otherwise,
elements are set to 0. X includes all node pairs needed to construct the optimized path, regardless

of the order of nodes.

There are only two kinds of value - 1 or 0 - stored in vector x. It is clear that all elements in
vector x are integers. Vector intcon is set from 1 to m(the number of vertex pair), which includes
all vector x elements. Vector up is set to 1, which means the upper bound of optimization x is 1.

Vector Ib is set to 0, which means the lower bound of optimization x is 0.

21



Start

List all vertex
pairs with
Cin, 2)

'

Calculate
distance of all
wertex pairs

.

Create a new row n = number of vertexes
matriz column m = number of
Aeg(n=m) wertex pairs

'

| forvertexes 1to | g
[ . M

v

if wertex pair j
ontains vertes )

] Aeqip=1 Aeqij=0 [—

Create a new
vector beq. Set all
element value to 2,

Wector length is equal to
number of vertexes.

Aeqx = beq

!

Set upper bound to 1,
and lower bound to 0.
Set e with integer
constraint.

'

Run linear-solver

Y

Get x as optimization

.

End

Figure 3.5 Flow chart of the optimization with equality constraints
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3.3.2 Eliminate Sub Tours
However, vector x through a linear solver may not be a ring which includes all nodes. Otherwise,

it can contain several rings on a graph, which also meets requirements of the equality constraint

Aeq - x = beq
o w / e *
/ "
g ’
* *
,;_ & .t ¥
. \'\

* N » %

Figure 3.6 Sub tours exist on the TSP graph

Sub rings must be broken and roconstructed to a new main ring. To take further steps, it is
necessary to know vertices and edges that build sub tours. The number of sub tours is also need

to be known. To finish this step, Matlab provides detectSubtours function.

To reduce vector length, all vertex pairs in current optimization vector x are selected out and

stored in a new matrix.

In order to avoid repeated detecting and dead loop, two more lists are created. One list is used to

store the vertex pair check status as an unchecked list. If a vertex pair has been checked, the

value on the unchecked list is set to 0. Otherwise, it is set to 1. Another list is used to store
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checked data. The algorithm only needs to detect vertex pairs whose value remains at 1 on the

unchecked list.

Before starting the sub tour search, the value of all elements on the unchecked data list is 1.
When a vertex pair has been checked, the value will be set to 0 on the unchecked data list. If
there is only one sub tour, the optimization of Traveling Salesman Problem may be used.
Otherwise, the number of sub tours is larger than one. It is clear that there is one sub tour at least.

At the beginning, the sub tour counter value is set to 1.

Begin detecting at the first vertex pair of all optimal vertex pairs. The index vertex is the first
element of the starting pair. The next vertex which needs to be visited is the second element of
the starting pair. While the detecting algorithm is running, the visited vertices are stored to the

checked list, and the value of the checked vertex pairs is set to 0 on the unchecked list.

For every vertex i, there are two vertex pairs in the optimization that includes the vertexi(i=1,
2, 3,..., n). One pair is the current pair that the algorithm is visiting. Another pair is the pair that
the algorithm will visit. Following the position of vertex i, the algorithm will move from the
current vertex pair to the pair that has not been arrived at yet. The new visited vertex pair will be
set as a new start pair. In the vertex pair, the new next vertex is the element which is not equal to
vertex i. During the detecting loop, the data of the starting vertex pairs and the next vertices all
keep being updated. Visited vertices are added to the checked list. At the same time, the

unchecked list deletes the visited vertex pairs.
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When the value of the next vertex is the same as the index vertex value, vertices of a sub tour
have been visited completely. One will be added to the value of the sub tour counter. The

sequence number of vertices that construct a sub tour will be stored in a cell in order.

Set the start point at the first non empty element from the unchecked data list. Begin a new loop

of tour detecting, until there are no more elements on the unchecked list.
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Figure 3.7 Flow chart of the detectSubtours function
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The number of sub tours is determined with the help of the function detectSubtours. The function
detectSubtours returns a matrix which stores the vertices that construct sub tours in order. The
vertex number in each sub tour can be countered. In order to break the sub tours and construct a

main ring which includes all vertices of the TSP, more constraints are needed.

A sub tour is a ring. As a ring, the number of vertices and edges is equal. When a ring is broken,

the number of its edges must be smaller than the number of its vertices.

Figure 3.8 A closed circular route and an open route

A new matrix A is created, with the row value equal to the number of sub tours and the column
value equal to the number of all vertex pairs (n (n - 1)/2). The vertex pairs of each sub tour are

selected out and stored in matrix A.

A new vector B is created, with length equal to the sub tour number. In order to break the circle,
elements of vector B are set with the value equal to (vertex number - 1) corresponding to the

sequence number of the sub tours.
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A-x<b

With the constraint 4°X <b_ and old constraints 4€4"X = b eq 1b=0 and Y= the linear-

solver eyecutes agai,,.

The optimization x needs to be examined. It is possible that the sub tour number are reduced but
still not equal to 1. If the function detectSubTours detects that more than one ring exists on the
TSP map, the whole process will be executed again. To avoid dead loop between various sub
tours, the space of matrix A and vector B will be extended after each loop. Old constraints are
saved. The empty space from the expansion is used to store new constraints. Until there is only
one main tour that includes all vertices on the map, the sub tour detecting loops stop and the

algorithm exits.
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Figure 3.9 Flow chart of the optimization with inequality constraints
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4. PERFORMANCE ANALYSIS

4.1 Performance of the Traveling Salesman Problem

4.1.1 Performance with various objects

Simply set the objects on the map as nodes. Star nodes represent the location of the object center.

The number of objects is determined by the input parameter.

When there is only one object on the map, the vertex distribution is shown as below in the

simulation. The x, y-coordinates value of the object is generated randomly by Matlab.
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Figure 4.1 The vertex distribution map with one object

RFID tags on the wall occupy most of the percentage of the vertices of the TSP simulation graph.
When there is only one object on the map, it is easy to decide the shortest path that connects all
vertices on the map. To construct the TSP optimization, the algorithm chooses two edges with
the shortest distance from the wall tags to the object location. Vertices on the wall connect other

vertices near both of their sides, as most parts of the four wall circumference.
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Solution with Subtours Eliminated
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Figure 4.2 The TSP optimization with one object

While the number of objects keeps increasing, the complexity of the TSP graphs increases
exponentially. When the complexity reflects on the performance of the TSP algorithm, sub tours
appear more frequently in the simulation. To eliminate sub tours in the optimization, the
algorithm needs to add more constraints and execute extra loops. In order to obtain reliable

optimization, the time cost increases for algorithm execution.

Set the object number to 5. The object x, y-coordinate values are generated randomly. According

to the map, there are various positions for the objects. It is possible to find the optimal path for

one object by simply looking at the graph. However, when there are 5 or more objects on the
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map, choosing the one with the shortest edge for one of the vertices can lead to missing the

global minimum of the optimization.
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Figure 4.3 The vertex distribution map with five objects

When the algorithm handled the input data with 5 objects, sub tours appear in the early versions

of the optimization.

To observe the sub tour edges that the algorithm chose, the three vertices at the middle of the
map were isolated. The three vertices constructed a closed ring as a triangle, where one sub tour
occurs. The two other vertices which represented objects connected with vertices on the wall, as

another sub tour existed on the TSP simulation map.
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|
|
|
|
1
|

I
Fre ﬁ@...u-ll-"'"
AL A
r':,' K
F, aEnns
v, ey *‘"""""""".

0.2

0.1

= =
n o
eefirspeeresirsnoopeorratfrssetnprifiesentssreffrapessrreifiee
*iﬂ ‘»‘L‘.
'*1
e e e e i

[ resse e spenssecfensss s e s sfien s sassnssfie s s s
0 01 02 03 04 05 06 07 08 09

B

Figure 4.4 The TSP optimization of five objects at step 1

Two sub tours existed on the TSP graph. Two new constraints were added as inequality
constraints. In order to construct a main ring, the edges of the sub tours would be moved away
and the shape of the sub tours would be incomplete in the further optimization process of the

algorithm.

However, one more loop of inequality constraints does not ensure successful sub tour elimination

at the end of the loop. The old sub tours were eliminated by constraints, while the new sub tours

can be created with the linear solver.
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Figure 4.5 the TSP optimization of five objects at step 2

According to the optimization figure above, the algorithm chose to connect the four vertices in
the middle part of the map as a sub tour. The vertex at the uppermost left part of the map is

connected with the vertices around the wall, where another sub tour was found.

More constraints are added to the matrix and vector to optimize the result of the Traveling

Salesman Problem. With the constraints stored, the algorithm is able to avoid the sub tours that

have been already identified.

The figure below is the TSP optimization with the five objects in the middle part of the map. The

sub tours were constructed twice by the linear-solver. With the two loops of sub tour elimination,
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the algorithm works out an acceptable optimization of the Traveling Salesman Problem.
However, when the amount of input data is large, more loops need to be executed for the

unknown sub tours.

Solution with Subtours Eliminated
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Figure 4.6 The optimization of the TSP with five objects

As mentioned before, when the number of vertices keeps growing, the increased time

consumption can not be ignored. In this instance, the location of the object can also effect the

performance of the algorithm.

When there are 10 objects on the map, the influence of object location can be observed.

Comparing with the case where the object number is smaller than 10, the number of loops for
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sub tour elimination increases, which reflects in an increase of time consumption. However, the
number of loops that the algorithm needs for sub tour elimination is obviously different with

various vertex distribution locations on the map.
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Figure 4.7 The TSP original map with ten objects in good case

The vertex distribution in the figure above can be seen as a sample of good cases. There are 10

objects located on the map. However, no sub tours appeared during the algorithm execution.

By observing the location of the vertices, it is obvious that most vertices are generated near the

edge of the map. Assume that the difference of edge distance between object vertices is clear, so

that the linear solver can work out the optimization with less time cost.
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Figure 4.8. The TSP optimization with ten objects in good case

As good location of the vertices can reduce the time cost of the algorithm, there are also bad
locations of vertex distribution, which lead to more loops to eliminate sub tours. The function
linear solver is provided by Matlab. When bad cases occur from input data, the quality of the

linear solver decides the time cost of the algorithm execution.

One sample of bad cases are shown below. All x, y coordinate values of 10 object vertices are
generated randomly. However, there are vertices whose edge distance between each other is
approximately similar. Assume this fact can lead to the result that more sub tours appear through

the linear solver.
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Figure 4.9 The TSP original map with ten objects in bad case
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Figure 4.10 The TSP optimization in bad case at step 1
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Figure 4.11 The TSP optimization in bad case at step 2
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Figure 4.12 The TSP optimization in bad case at step 3
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Figure 4.13 The TSP optimization in bad case at step 4
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Figure 4.14 The TSP optimization in bad case at step 5
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Figure 4.15 The TSP optimization in bad case at step 6
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Figure 4.16 The TSP optimization eliminated sub tours in bad case
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4.1.2 Time Consumption of Optimization

The location of the vertex distribution decides the time cost of the TSP algorithm execution.
However, the vertex position is randomly generated. Random means that the vertex distribution
can be good or bad according to probability. According to the times of algorithm execution, the

time cost of various number of objects on the map can be observed with data statistics.

Set the number of objects from 1 to 10. Then generate the X, y - coordinates of the objects with
random value. Set the algorithm execution times to 50. The matrices and vectors are created to
store the x, y-coordinate values of vertices, the sequence order of optimization vertices and the

time consumption.

The complexity of the algorithm itself decides the growing trend of time cost according to the
change of input data amount. At the same time, the hardware of the PC which supports Matlab

simulation decides the actual time cost.

The simulation is running on a laptop.

Logo: Dell

CPU: Intel(R) Core(TM) 15-4200U CPU @ 1.60GHz 1.60GHz

RAM: 4.00GB

System: Windows 7 64 bits
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Table 4.1 Time consumption of various vertices distribution
/s 1 2 3 4 5 6 7 8 9 10
min 0.047 0.046 0.062 0.047 0.046 0.062 0.062 0.062 0.047 0.063

max 0.14 0312 2.356 2.528 4.009 17.02 | 21.512 | 30.202 | 93.63 37.15

average | (0.0687 | 0.0742 | 0.1452 | 0.2505 | 0.5424 | 1.9251 | 1.6192 | 4.6962 | 5.4601 | 5.3457
median | 0.063 0.063 0.078 0.078 0.164 0.694 0.733 0.9285 | 1.7705 | 1.7315

As the formula shown above, with the object number from 1 to 10, the minimum value of time
cost keeps low. After 50 times of execution, there is a possibility of a good case occurring.

Random nodes can be located at a good place. Facing good cases, the algorithm performs well,

and the execution time is low.

However, the max value of time cost shows the difference between various numbers of objects
set on a map. When objects are more than six, time cost increases significantly. The time
difference shows a bad case of vertex distribution. Along with the number of object vertices,

they can both increase the complexity of the Traveling Salesman Problem optimization.

To calculate the average time cost, both minimum and maximum value are considered. The
average value of time cost shows a trend with the object number increasing. However, minimum
value and maximum value are both regarded as extreme values. Extreme values can affect
average value of time cost in statistic. Median value is selected according to the amount of data.

When an extreme value exists in a formula, a median value can stand for the trend of time cost.
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Figure 4.17 Time cost of the TSP optimization

When the object number increases from 1 to 10, time cost has increased more than 20 times.

4.1.3 Local minimum and global minimum of the TSP Optimization
The distribution of the RFID tags is decided by the layout of the room. Comparing with the

condition that all vertices are generated randomly in simulation, the distribution is still different.

With the linear solver, the algorithm reaches optimization of the Traveling Salesman Problem.
When people see the vertex distribution on the map, the edges along the wall are chosen with eye
view. When the same vertex distribution is given on the map, the algorithm calculates the

optimal result and people select the route with their own judgment. Comparing with the TSP
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optimization chosen by the algorithm and people on both sides, there are differences in a few

details.

Set the object vertex number to 10 and create a new map on Matlab. According to the vertex

distribution on the figure below, the vertex relation is complex.
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Figure 4.18 The original map of the TSP Vertex distribution

Five participants agreed to draw the shortest route that connect all vertices on the map. The
participants chose the graph edges without calculations. To save time and ensure consistency of
the original map, all figures are sent through the Internet. The original feedback figures are

shown below.
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Figure 4.19 The optimal routes chosen by five participants

With the Matlab process, all feedback figures are redrawn and displayed as the figures below.

The total distance of each figure is calculated. According to the distance value formula shown,
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the result from the Matlab algorithm is optimal, while other routes are approaching the

optimization of the TSP.

Table 4.2 Distance of the different TSP optimal routes

1)

2)

3)

4)

(5)

algorithm
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Figure 4.20 The redrawn optimal route by participant 1
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Figure 4.21 The redrawn optimal route by participant 2
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Figure 4.22 The redrawn optimal route by participant 3
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Figure 4.24 The redrawn optimal route by participant 5
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Figure 4.25 The TSP optimization by Matlab

The TSP optimization by Matlab is shown above. Comparing the optimal routes drawn by people
and the algorithm, the algorithm chose the edges through calculation, while people chose the

edges by dividing vertices on separated map parts.

Observing feedback figures, when vertices are located near the wall edge, people tend to connect

vertices with the nearest wall. According to the feedback figures, the vertices in the blue circles

are judged as vertices near the wall.

51



1W—H R i
i r N 1‘
098 { __*_‘4" t
0.8%¥ P
T'*L
¥ | 5\ _,.' *
D.T_j; t
"'-'l-
0.6%
#
I / * | * j:
05F | +
* f "
0.4 A 1 s *) ji
0.3 * % A 4
. (% 7
0.2 -

0 0.1 02 03 0.4 0 0.6 0.7 0.8 09 1

01
0 —*—“*—#P—!FF—HH—AO—R—P—?—t
Figure 4.26 Object vertices in different parts

When the vertices are in the middle part of the map, it is hard to make a decision based on eye
view only. The vertices in the green circle are at the lower left part of the map. In people’s way
of thinking, those two vertices are first considered to connect with the edges at the left part of the
map. According to all routes drawn by participants, no choice was made to connect the two

vertices with the wall on the right part of the map.
According to the TSP optimization by Matlab, the algorithm chose the opposite. People make

decisions from one vertex to another vertex, the same as when selecting a local minimum.

However, the sum of the local minimum distance in the TSP may not be equal to the global
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optimization. The algorithm is capable of the necessary calculation to solve the TSP for the

global circumstance.

4.2 Performance of the Traveling Salesman Problem with Neighbors

After accomplishing the simulation with vertices that represent tags on the wall and the object

center, the next stage is to examine the algorithm performance for objects with their sub maps.

Assume that the objects do not take a large area on the map. Each object is small comparing to
the space of the lab. The distance from the tags on the object edge to the center of the object is
minimal, so that the distance from the wall to the center of the object can turn into the distance

from the wall to the object edge approximately.

In the RFID lab, when a robot navigates the environment, the objects may be tables, shelves, and
wardrobes. The shape of the objects can be a rectangle, a circle or an irregular polygon. However,

in order to simplify map building, set the shape of all the objects as rectangular.

Random vertices are generated within the boundary of the rectangle. In software simulation,

assume that there are five RFID tags on each object and every tag is at a different place. Set

object number N = 1
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Figure 4.27 The Optimization of the TSP with Neighborhoods with one object
According to the figure above, the TSP optimization is constructed on the main map. The sub
map for the RIFD tags on the object is in the area of the rectangle. The algorithm reaches the

TSP optimal route on the sub map as the same process on the main map.

Set object number N = 5.
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Figure 4.28 The Optimization of the TSP with Neighborhoods with five objects

Comparing with the optimization with one object on the map, the figure above is more

complicated. In the Traveling Salesman Problem with Neighborhoods, one more object added to

the map means one more sub map that the algorithm needs to handle. In every sub map, when the

tag number increases, so does the complexity of the TSP graph. The object vertex number

decides the sub map number. The number of tags on the objects decides the vertices on every sub

map. In the process of solving the Traveling Salesman Problem with Neighborhoods, both

factors can affect the performance of the algorithm.
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Figure 4.29 The Optimization of the TSP with Neighborhoods with two big objects

While the tags on the wall and the tags on the objects are in two maps, the TSP algorithm can not
calculate the distance between nodes that are not on a same map. When the object size becomes
larger, just as the figure shown above, the shortest distance from the wall to the center of the

objects can not be equal to the real shortest distance from the wall to the tags on the edge of the

objects.

However, the map can be divided into various zones for the corresponding functions. Before
moving to other zones, it is necessary for the robots to complete navigation in the current zone.
TSP with Neighborhoods for robot navigation can be used in retail environments. The sales

frequency for different commodities can vary. The frequency for robots to navigate zones is
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different as well. When the object size becomes large, even though the optimization of TSP with
Neighborhoods through the main map and the sub maps may not be optimal with only one map,

the solution is still acceptable.
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5. CONCLUSION

The RFID readers and tags provide hardware support for robot navigation. During robot
navigation, the route choice of the robots turns into the Traveling Salesman Problem model. In
simulation, the function linear solver is used for the optimal desired result reducing the route
distance successfully. The cost of hardware and time increases parallel to the increase of the
amount of input data. Since the Traveling Salesman Problem belongs to the NP-hard category,

the complexity of the algorithm for optimization for the TSP can not be ignored.

Comparing the optimal routes chosen by the participants and by the algorithm, the route chosen
by the algorithm wins out. As shown in the mathematical model of the application in a retail
environment, robots navigate according to the optimization of the Traveling Salesman Problem,

which improves efficiency and saves labor cost.
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