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11l
Abstract

In this thesis, a set of anticipation strategies based on Artificial Intelligence
techniques is presented. The goal of these strategies is to support the ability of a
group of agents ability to synchronize their movements during a mission when the
communication is inconsistent. The agents are divided into two main groups: the
leader and the followers. In general, the followers receive the leader’s messages which
informs them about its current status. The followers change their behaviors based
on these incoming messages in order to complete the mission successfully. Scenarios
are added where the message frequency is reduced. The followers are able to detect
when messages are missing and use an anticipation module to try to infer the missing
information. The anticipation module does not use the complete history of messages
sent by the leader, instead it uses only a small window of recent messages. In addition,
two environments were developed to test anticipation for this thesis: a simulated
environment and a real environment using mobile robots. For the simulation, five
different anticipation models (4 Neural Networks and one Fuzzy Logic) were tested
using eight different leader behaviors. For the real environment, one anticipation
model (Fuzzy Logic) was tested using three different leader behaviors. The results
show that these anticipation strategies are generally capable of generating anticipated
messages to fill in when leader messages are missing, thereby allowing the followers
to complete missions successfully. In the simulation, three out of five anticipation
models (2 Neural Networks and the fuzzy Logic models) were able to successfully
reduce the meeting point error in all T'S behaviors cases and under the most extreme

message frequency conditions with an average error correction above 93%.
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Chapter 1: Introduction

Robotic agents are widely used in different fields and for many different tasks
because their ability to perform these tasks autonomously. However, their behavior is
generally limited to a set of fixed tasks. Autonomous agents are severely hampered by
their inability to effectively and efficiently adapt to novel or changing environments,
conditions, and missions. Agents are capable of operating autonomously with con-
siderable success, which demonstrates the potential of autonomous agents, but the
successes are within limited and accurately pre-defined environments and missions.
More widespread, effective use of autonomous agents will remain out of reach until
they are capable of autonomously adapting to changing conditions more likely as an
agent capable of thinking ahead during particular scenarios. Technically, an adaptive
autonomous agent can support a dynamic environment which means that it can fit
better in a real open world situation. For this reason, anticipation was selected as
the focus of research for this thesis.

In general, an agent that has a good knowledge of its environment and mission
is capable of behaving “intelligently” i.e., responding flexibly to changing conditions
and choosing behaviors in order to be one step ahead of possible adversities. An agent
that is capable of generating, utilizing, and when necessary adapting or replacing the
model of its behavior with a more accurate one, would represent a significant advance
in autonomous agents. However, enabling this kind of dynamic models introduces a
number of difficulties and risks; first, how to identify when the current model is failing;
second, adapting the current model effectively and efficiently; third, generating and
implementing novel models safely. These three features are also the basic principles
when humans try to anticipate a particular situation by creating assumptions and
using them at the appropriate time.

Robotics is a great example where these difficulties and risks happen often. Here,

the robot has to capture and analyze the available information from the outer world



in order to interact with it and to make decisions according to what the robot un-
derstands about the environment. However, a robot can sometimes find it difficult to
interact with the environment because of its own hardware. A robot with bad sensors
has poor performance because it captures noisy information from the environment or
loses part of the information when the data is digitized. Then, it is necessary to use a
model that can identify when the input information is outside the regular parameters
for the robot and try to generate the correct information to allow the robot to con-
tinue with its normal routine. This can be compared to a behavior in humans where
we analyze a particular situation and infer, based on previous information, future
behavior even when there is missing information. For example, when a human is
watching a car driving on a road but there is an object ahead that will block the car
from the human’s view for a period of time. Based on previous data, like the current
speed of the car and the dimension of the blocking object, the human brain can easily
infer when the car will appear on the other side of the object. Once the car is behind
the object, the human is not able to see it, but he still can make accurate assumptions
about the car’s status. In this case, the human uses the sense of sight to obtain infor-
mation about the car’s behavior. Once the car is out of his sight, it can be considered
that the communication link is interrupted and anticipation must be used when this
interruption is detected to support the continuity of receiver’s behavior (in this case
the human). In [7], Greene et al. show a clear view of the resourcefulness of the brain.
According to the authors, the part of the brain in charge of anticipation/inference
is the hippocampus. There are two important functions that the hippocampus uses
to perform anticipation: it encodes and retrieves episodic memories; and it is able to
relate learned tasks to current events. This way, by using previous knowledge of a
particular task, the brain is able to infer missing information in the context of the
new task, like filling in missing words in a conversation. From a psychological per-

spective, the authors in [6] studied how the humans make inferences from reading.



They emphasize that the test subjects, after comprehending and gathering enough
information from their reading, were able to create a reference model from the text
and make diverse and rich inferences about it. Nevertheless, the authors state that
these inferences can get very close to the text narration, but they will never be an
exact replica of it. Another psychological approach was made in [19], where the au-
thors studied the accuracy of the human inferences while analyzing meaningful and
abstract environments. For example, as a meaningful environment, the subjects were
told to predict a loan applicant’s “credit score” based on “average monthly debt”
and “average number of creditors”. The abstract environment contained very poor
information. Based on these studies, anticipation always requires access to previous
knowledge of an environment or tasks in order to generate a correct or reasonably
accurate answer. The accuracy of the answer might vary but this inferred answer will
be close to the correct answer. Thus, sometimes it is not necessary to communicate
every word that describes a task or environment to understand the main idea.

The behavior of the machines has been a focus of research the past decades. By
taking ideas from the real world, machines are designed to mimic some kinds of
human or animal behaviors in order to generate “intelligent” reactions. Artificial
Intelligence attempts to exploit some of these behaviors. One behavior in particular
is anticipation. This is a behavior that humans and some animals use as a reaction to
their environment in order to interact with it, not only reflexively, but also as an action
made before the information has stopped being received from the environment. This
project will focus on the anticipation behavior in particular. Is the target changing
its behavior while it is not visible? What information is necessary to generate an
accurate answer? These are questions that the human brain analyzes by instinct.
But machines are not as evolved as the human brain, so it is important to fully
understand how anticipation works in order to recreate it in machines.

In these experiments, the main goal for the robots is to meet at a marked target



point at the same time. One robot is able to choose its own speed but the other robots
have to control their speeds based on the first robot’s behavior. To accomplish this,
they establish communications between them in order to maintain similar navigation
by matching their speeds. This communication is a one way link, which means that the
listener depends completely on the leader in order to complete the mission successfully.
Like in any real environment, noise can be present and the communication can be
intermittent. The listener must have the capability to detect this situation and infer
what the leader is probably doing when a message is not received. Then, the listener
must take action and change its behavior based on this inferred message.

This thesis is divided as follows: Chapter 2 presents an overview of the state of
art related to this research as part of the work done at the University of Idaho and
related to anticipation as a field of work. Chapter 3 introduces an article that was
presented at the OCEANS’13 MTS/IEEE conference on anticipation strategies for
lineal behaviors. Chapter 4 presents closer look at anticipation strategies on wider
and more complex behaviors. This chapter includes additional and more complex
experiments used with the same model described in chapter 3. Chapter 5 describes in
detail the hardware experiments that were generated to test the anticipation strategies
on Commodity Off the Shelf (COTS) robots. By combining Chapter 3, 4 and Chapter
5, an additional paper will be submitted to a scientific journal. Finally, Chapter 6

discusses general conclusions about the research presented in this thesis.



Chapter 2: Background

This project is part of a larger project funded by Office of Naval Research.
It focuses on Autonomous Underwater Vehicles (AUV) for multiple tasks including
mine-countermeasure (MCM) and magnetic signatures assessment (MSA) missions
(10, 8, 12, 9, 21, 20, 13]. These projects have been developed at University of Idaho
(UI) by an interdisciplinary group of research laboratories that includes the Labora-
tory for Artificial Intelligence and Robotics (LAIR). MCM and MSA missions use a
set of tow to five AUVs that require constant and accurate communication in order
to maintain group coordination. A major concern is the low bandwidth and poten-
tially unreliable nature of underwater communications. Standard underwater acoustic
communications work on a low frequency bandwidth with an operational range be-
tween 10Hz and 1kHz [24, 18]. Outside this range, underwater communication is not
frequently used because it is much less reliable.

To address the problems of low bandwidth and unreliable communication, a sub-
system that creates anticipated messages was inserted into the main system. As
a strategy, anticipation has been used before for other types of problems such as
imitating the natural language of humans to correct acoustic messages between Un-
manned Underwater Vehicles (UUV) [11] and helping a simulated robot used inside a
video game anticipate player movement [17]. Both approaches use previous, but not
necessarily full, knowledge about the desired behavior of the robot to increase the an-
ticipation performance during the tests. Although these two examples are describing
anticipation strategies, the anticipation system that was implemented in this project
does not use the same approach. The anticipation used in [11] is based on a linguistic
logic that analyses the structure of a binary string using syntactic, semantic, prag-
matical and behavioral logic. The anticipation used in [17] is a strategy based on a
set of general rules that allows the robot to generate a plan to effectively ambush the

other player in specific situations. Both strategies are based on static rules and use



several variables to get the information from the environment to make a decision.

In other approaches to anticipation ([2], [25]), different strategies were used as a
predictor for stock price behavior. Each article describes a different method to solve
the stock prediction problem. In [2], the authors solve this problem by using a neural
network and in [25], the authors use fuzzy logic model. Both articles used real stock
prices values as input data in order to predict future behaviors. The results showed
that these models are capable of solving the stock prediction problem. Other authors
used similar approaches to solve this problem, including a neuro-fuzzy model in [1]
and a model based on support vector machines (SVM) in [15]. The research supports
the idea that anticipation based on Al techniques can be an effective and promising
method, although it has not been fully exploited using robotic agents.

Robotics has recently become the focus of research where different anticipation
strategies are used as an approach to solve the problem of making a robot accurately
anticipate an event. For example, an anticipation method based on image processing
was implemented by Koppula and Saxena [16] in order to detect the next possible
move that a human was likely to do. Based on a couple of images, the robot was
able to detect a particular action of the subject by recognizing his body and other
objects in the environment and then, by analyzing the sequence, it was able to predict
the next action of the subject. Another approach, where anticipation is used, was
implemented by Satake et al. ([23]) to aid pedestrians. The robot tries to anticipate
the future position of the pedestrian and his behavior and then, it tries to meet him
at a estimated point on their path. This anticipation strategy uses a camera and a set
of motion sensor to detect a person in the environment. Although the author tries to
focus more on the human-robot social interaction, he describes the anticipation model
properly. Just like in [16], the author in [23] uses image processing as a part of the
anticipation strategy and both require a predefined model to generate an anticipated

behavior. It is clear that any living creature that manifests an anticipation behavior,



follows the same principle where it would need to know about the behavior of its
target in order to decide what to do. These two articles start from the same principle
and it is the same principle that is used in this project.

Another field that has started to become more common in robotics is live interac-
tion between humans and robots. Humans have always tried to find better and easier
ways to communicate with robots which includes the ability of the robot to make itself
understood by humans. This means that both sides have to share a common language
that they can comprehend and use properly. A promising approach is described in [4]
where the authors show that a robot can learn and establish correct communications
with a human. The robot learns to follow some syntax rules and identify what the
human is trying to say. It uses this information to make a decision and take an action.
We follow a more basic linguistic method to wrap the communication between agents
followed by the control strategy that depends on this communication.

Two anticipation strategies were used in this project in the simulation phase. One
uses an Artificial Neural Network module and the other uses a Fuzzy Logic module.
Both approaches include flexible rules, limited information from the environment,
and one of the models has learning capabilities. These two models are explained in
detail in chapters 3 and 4. Using a similar configuration for the anticipation module,
an additional model was implemented in a real-world environment using a set of
robotic vehicles driving on the ground. Chapter 5 describes the implementation of
this model in detail. In this second phase of the project, it was possible to test how the
anticipation strategy was able to overcome a nosier environment (in the real world) to
make the two robots complete the designated task. In this case, the physical sensors
introduce new and unexpected errors in the system. Normally, the robot controller
is able to regulate this type of problem but the communication between the robots
must be functional at all times. When one of the system inputs fails, the anticipation

module must pair with it to keep the robots synchronized by filling the gap that the



failed system input left. Introducing more noise in the testing environment, like the
noise created by the physical sensors, would create a more complex problem where

the robustness of the anticipation module can be further tested.



Chapter 3: Learned Anticipation Strategy for Speed

Control in an AUV Fleet

This paper was presented at the OCEANS’13 MTS/IEEE Conference in San Diego,
CA on September 23rd 2013. This is an international conference which is sponsored
by the IEEE Oceanic Engineering Society (OES) and the Marine Technology Society
(MTS). The content of this chapter was slightly modified for this thesis to fit its

format and to match with the rest of its content.

3.1 Abstract

Researchers at the Laboratory of Artificial Intelligence and Robotics (LAIR)
and the Center for Intelligent Systems Research (CISR) from the University of Idaho
(UI) have developed a message anticipation module for use by members of a fleet of
autonomous underwater vehicles (AUV). The test scenario is a magnetic signature as-
sessment (MSA) task, in which a fleet of five AUVs must simultaneously pass under a
moving Target Ship (TS) at a predetermined location. During the task the TS informs
the AUVs regarding its progress, allowing the AUVs to meet the TS at that measure-
ment point despite variations in the TS’s velocity. However, the underwater acoustic
modems used by the actual AUVs are both low bandwidth and noisy. Thus, messages
from the TS may be infrequent or erroneous. The goal of the anticipation module is
to anticipate the TS’s messages and, when necessary, use the anticipated message to
fill in gaps left by dropped or erroneous messages. Successful anticipation depends
on an agent having a good knowledge of its environment and mission. Research has
shown that anticipation of words and sentences is central to human communication
and language understanding. An agent that utilizes similar anticipation methods and
is capable of using artificial intelligence techniques to generate, utilize, and adapt its

message anticipation module with a more accurate one, would represent a significant
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advance in autonomous agents. Five different anticipation models were created, four
of them are based on a neural network model and one of them is based on a fuzzy
logic controller model. In order to test effectiveness, robustness, and adaptability of
the models used in the anticipation module, multiple tests were conducted in which
the behavior of the target ship and the gap between messages were varied. All of the
tested anticipation models were able to significantly reduce the error in the meeting
point when there was a gap between messages. However, anticipation models with-
out feedback produced better results than models with feedback; which suggests that

using feedback may magnify the errors while trying to predict future messages.

3.2 Introduction

Currently, autonomous agents are severely hampered by their inability to effec-
tively and efficiently address novel, changing, or noisy environments, conditions, and
missions. Agents are capable of operating autonomously with considerable success,
which demonstrates the potential of autonomous agents, but the successes are within
limited and accurately pre-defined, and relatively noise-free, environments and mis-
sions. More widespread, effective use of autonomous agents will remain out of reach
until they are capable of autonomously adapting to noisy and changing conditions.

A common difficulty for autonomous vehicles acting in concert is lost or erroneous
messages, either due to communication errors or to human error. Such communication
difficulties lead to unexpected changes in the environment (e.g. if the agent receives
incorrect information about the environment or fails to receive important informa-
tion) and create a noisy operating environment. Thus, the goal of this research is to
develop a method by which agents can learn to address the particular problem of
noisy and/or low bandwidth communications. Our approach is to include an antici-
pation module that allows autonomous agents to anticipate future messages based on

previous messages and current mission conditions. When messages are lost or erro-
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neous, the anticipated messages can be used to either fill in for the missing message
or help correct erroneous messages.

This chapter is divided as follows: Section 3.3 presents a brief overview of previous
work and research which the ideas in this paper are based on. Section 3.4 presents
a description of the simulated environment used to recreate a magnetic signature
mission using 5 AUVs. Section 3.5 presents two different artificial intelligence methods
(artificial neural networks and fuzzy logic) that solve the communication problem
recreated between the group of submarines and the ship. Section 3.6 presents the 3
behaviors and 3 communication situations used to test the accuracy and robustness
of the system. Finally, section 3.7 presents some relevant conclusions of the project

and the results.

3.3 Background

This project is part of an on-going project on using Autonomous Underwater
Vehicles for multiple tasks including mine-countermeasure (MCM) and magnetic sig-
natures assessment (MSA) missions which are being developed at University of Idaho
(UI) ([10, 8, 12, 9, 21, 20, 13]). Because these tasks require coordination between
multiple (2-5) AUVs, accurate communications are critical. Thus, a major concern is
the low bandwidth and potentially unreliable nature of underwater communications.
In this paper, we test the use of anticipated messages as a mean to overcome the lim-
itations of the communication system. Anticipation is a strategy that has been tried
before for other types of problems including trying to imitate the natural language
of humans in order to correct acoustic messages between Unmanned Underwater Ve-
hicles (UUV) [11] and helping a simulated robot used inside a video game anticipate
player movement [17]. Both approaches use previous, but not necessarily full, knowl-
edge about the desired behavior of the model to increase prediction accuracy during

the tests. However, the anticipation strategies are not the same as are used in this
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paper. The anticipation used in [11] is based on a linguistic logic which analyses the
structure of a binary string using syntactic, semantic, pragmatical and behavioral
logic. In [17], the anticipation strategy is based on a set of general rules which allows
the robot to generate a plan in order to ambush the other player in specific situations
effectively. Both strategies are based on static rules and use several variables to get
the information from the environment to make a decision. In this research, we present
two additional strategies for anticipation, which use flexible rules, limited information
from the environment, and one of the models is capable of learning.

In [2] and [25], anticipation is used to predict a stock price behavior. Each article
describes a different strategy to solve this problem: [2] solves this problem by using
a neural network and [25] uses fuzzy logic model. Both articles used real stock prices
values as input data in order to predict future behaviors. The results showed that
these models are capable of solving this type of anticipation problem. Other similar
approaches to solve this problem also use a neuro-fuzzy model [1] and a model based
on support vector machines (SVM) [15]. This work supports the idea that anticipation
is a promising approach although in that research it was not applied to robotic agents.

Following these ideas the Center for Intelligent Systems Research (CISR) at UT has
developed a computational architecture called Language-Centered Intelligence (LCI)
which allows autonomous agents to reason hypothetically about their environment
and mission via ”anticipated” observations [10]. These anticipated observations guide
the agent in its mission and serve, when compared to actual, future observations, to
measure the accuracy of the current model, thus, mitigating the risk of identifying a
failure in current model.

The test problem in this research is a Magnetic Signature Assessment (MSA)
mission which uses a fleet of AUVs to record the magnetic signature of a target ship
(TS). The AUVs must pass under the TS in a pre-defined measurement zone, allowing

them to measure the TS’s magnetic signature. In a full mission the T'S makes two to
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four passes through a measurement zone; if two passes, then one East/West pass and
one North/South, and if four, then one pass in each of the cardinal directions. During
each pass through the measurement zone, the fleet of AUVs passes underneath the
ship. The system assumes that there is a sufficient number of AUVs to capture all
of the necessary data for each direction with a single pass and that the AUV fleet
approaches the ship from the opposite heading (i.e., bow to bow). The simulation used

in this research to test the anticipation models is based on one pass in the MSM.

3.4 Environment

The simulation environment was developed using C#! and the AForge? library
for the Al resources. The environment simulates one pass of the MSA mission with
a focus on the control of the group of AUVs using the communication link with the
TS. In the simulation, the TS regularly broadcasts its current progress toward the
measurement, box to the AUVs. Using this information, the AUVs are able to adjust
their current speed in order to maintain formation and reach the meeting point at the
same time as the TS. The metric of success is how close the AUVs are to the center of
the measurement box when they pass under the TS. A fuzzy logic controller on each
AUV is in charge of this function, it uses the current progress of the AUV and the
message that it receives from the TA to determine speed. The heading of the AUVs
is determined by 3 sets of waypoints, which are used to calculate the current progress
of the AUVs (the sets of ovals in Figure 3.1). To increase the complexity and realism
of the problem, the AUVs are assigned random starting positions and headings in
each run. Figure 3.1 shows a group of AUVs and the ship at the start of a mission
run. Figure 3.1 also shows the waypoints along the path of the AUVs (ovals).

The TS can be configured with any of 3 different behaviors that, in general, make

'Microsoft Visual C# 2010 Express
2AForge .Net Framework 2.2.4
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Figure 3.1: Simulation environment for the anticipation tests showing a typical start-
ing configuration. The five AUVs are on the left, their initial positions are semi-
randomized and their headings are random. The target ship (TS) is on the right, it
always begins with the same position and heading. Ovals are the AUVs’ waypoints.

the TS change its speed and/or its acceleration in different sections of a mission.
This behavior forces the AUVs to vary their speed accordingly, in order to reach
the measurement point at the same time as the T'S. The TS behaviors are described
in detail later in Section 3.6. The AUVs initially have no information about which
behavior was chosen for TS, thus they must rely on the messages from the TS to

reach the measurement point at the same time as the TS.

3.5 Methods

The simulation determines how the TS behaves and how often the AUVs receive
messages from the TS regarding its progress. The TS uses a fuzzy logic controller to
control its speed. The controller calculates fuzzy membership in five variables that
measure progress. These five fuzzy values are sent as the message from the TS to
the AUVs. The five fuzzy variables are: way behind, behind, on schedule, ahead, or
way ahead, and are calculated based on the initial, scheduled meeting time (Figure
3.2). Each variable can have a value between 0 and 1, but, because the message is
informing about a specific state of the T'S, there can be only at most 2 variables whose

value is greater than 0.
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Way behind] Behind |On Schedule] Ahead Way Ahead
[0...1] [0...1] [0...1] [0..1] [0...1]

Figure 3.2: Messages from the target ship (TS) consist of five fuzzy values.

The ship sends messages at specific, adjustable intervals. Longer intervals represent
limited bandwidth or a noisy environment where messages often do not arrive. In a
situation like this, the AUVs do not receive updated values for the TS’s position at
each time step. Their default solution is to assume that the ship is returning to the
initial schedule, and the AUVs’ fuzzy controllers attempt to return to the schedule
as well.

Our alternative approach is based on anticipation. An anticipation module in each
AUV attempts to generate an anticipated message when a message from the TS is
missing. The anticipation module is configured to create a new anticipated message
from the TS based on a set of the previous messages received from the ship. When
a message is missing, the anticipated message is used by the AUV as the regular
message allowing the AUV to update its current velocity by anticipating the T'S next

message.

3.5.1 Anticipation

Anticipation is performed by using a list of prior messages as inputs to predict a
missing message. This list includes a fixed number of recent messages, thus the antic-
ipation module works with recent information and not the overall record (Figure 3.3).
Every time the list is updated with a new message from the ship, the oldest message is
removed from it, thus the list of previous messages used to anticipate future messages
is a FIFO list.

Several models for the anticipation module based on artificial neural networks and

fuzzy logic were tested to determine which is able to anticipate future messages most
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Figure 3.3: Message-list structure: the anticipation module uses a history of previous
to generate the possible next message. The Neural Network models were trained
using both structures; the fuzzy logic model use only the structure with 2-messages
input

accurately. Either 2 or 5 previous messages are used, to test whether a model can

produce better results if it uses a longer message history to anticipate future messages.

3.5.2 Neural Networks

To test the robustness of the neural network approach and learning algorithms 4
models were compared. The number of messages used as inputs and the numbers of
neurons in the single hidden layer were modified to measure the resulting behavioral

changes (Figure 3.4). The following combinations were tested:

e 2 messages (10 inputs) and 5 neurons in the hidden layer.
e 2 messages (10 inputs) and 10 neurons in the hidden layer.
e 5 messages (25 inputs) and 5 neurons in the hidden layer.

e 5 messages (25 inputs) and 10 neurons in the hidden layer.

The neural networks were trained using back-propagation ([14] and [22]). 10000
epochs were used in the training phase of each neural network. Training data consisted

of messages from the 3 TS scenarios described below. Note that a single neural
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Figure 3.4: General Neural Network structure. The network has 10 or 25 inputs,
depending on the size of the message history, a single hidden layer, and 5 outputs,
one for each value in the anticipated message. A sigmoid function is used for the
activation function.
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(a) Variable Input (b) Fuzzy Difference Input

Figure 3.5: Fuzzy Sets that describes the current current value of one variable inside
the message and the difference that it has with it previous value

network was trained on and tested on all 3 cases, so it had to learn to generalized

across the 3 test behaviors of the TS.

3.5.3 Fuzzy Logic

One fuzzy logic model was tested. 2 previous messages are used as the inputs for this
model [14]. The two previous values of each of the 5 fuzzy values is used to calculate
the next, anticipated, value. E.g. the two previous values of the first fuzzy variable
are used to anticipate the future value, by evaluating the last received value and the
difference between its the last received value and the value before that. Using the
two previous values allows the anticipation module to determine how fast each fuzzy
value is increasing or decreasing as part of the anticipation process.

The value of each variable in a message is assigned a membership in 7 fuzzy sets:

Zero (MZ), Too Low (TL), Low (L), Medium (M), High (H), Too High (TH) and
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Table 3.1: General fuzzy rules

Error Message | o\ op | o | m | B | 70 | MO
VN MZ |MZ|TL|TL| L | M | MO
N MZ|TL | L | L | M| H|[MO
EZ MZ|TL | L | M| H|TH|MO
P MZ| L M| H | H|MO|MO
VP MZ | M | H | TH| TH | MO | MO

One (MO) (Figure 3.5a). The change in value of each variable (the difference between
the previous two values in a message) is assigned a membership in 5 fuzzy sets: Very
Negative (VN), Negative (N), Zero (EZ), Positive (P), Very Positive (VP) (Figure
3.5b). Based on these sets, a group of basic rules were created, defined in as a fuzzy
associative matrix: Table 3.1.

Basically, the fuzzy logic module takes each of the 5 values inside the most recent
message (Figure 3.2) and compare it with the value from message before that by
applying the rules in Table 3.1. These rules are used to anticipate the next value for
each of the five variables in a TS message.

An additional small set of rules was added to the fuzzy logic module to allow
it to create a crossed relationship between the values in a message. The additional
fuzzy rules associate the anticipated value of a message value m; with its neighboring
message values. These fuzzy rules are used to check if a value in a message has a
current value of 0 and if one of its neighbors (message values m;_; or m; ;) are close
to their medium value and decreasing. If so, it can be anticipated that the message

value m; will be about to change. The actual fuzzy rules are:

TLmZ - MZmZ&&MmZ“&&(NEHﬂ‘VNEZH)
TL,,, = MZ,,,&&M,,,, &&(Ngi-1||VNgi_1)
These rules anticipated that if a message value’s is currently zero (MZ), it’s an-

ticipated membership in the TL (two low) set depends on the neighboring messages
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values.

Note that the TS message describes the condition of the T'S at most using 1 or 2
of the 5 variables in the message; the other 4 or 3 variables remains at 0. For example,
if the TS is getting behind schedule, the values for the sets behind schedule and way
behind schedule get progressively larger (Figure 3.2) while the other values remain at

Zero.

3.6 Results

To evaluate the anticipation module and its robustness, 3 different behaviors for

the TS were created:

e On schedule (OnS): the TS maintains a constant velocity using its correct speed

and reaches the measurement point on schedule.

e (.8 speed (0.85): the TS maintains a constant velocity of 0.8 of its correct speed.
Thus, the TS reaches the measurement points significantly behind schedule and
the actual measurement, which take place when the AUVs and the TS pass each
other, may occur significantly before (to the right of the measurement box in

Figure 3.1) the measurement point.

e 1.2 speed (1.25): the TS maintains a constant velocity of 1.2 of its correct
speed, and reaches the measurement point significantly ahead of schedule and
the actual measurement, which take place when the AUVs and the TS pass
each other, may occur significantly after (to the left of the measurement box in

Figure 3.1) the measurement point.

The anticipation module was tested using 6 different strategies. No anticipation,

4 different neural networks, and a fuzzy logic model:

e NA: No Anticipation



20

Queue \——r Queue -
New Anticipation Anticipated Anticipation Anticipated
— of — I of N
Message Messages Module Message New Messages Module Message

—

Message

U

Old Old
Message Message

(a) Without Feedback (b) With Feedback

Figure 3.6: Anticipation Strategies: the anticipation module can generate a brand
new message every time a real message is inserted in the queue of messages or it can
use a feedback to insert a new anticipated message in the queue every time a real
message is missing which allows the module to generate a brand new message more
often.

e NNI1: 10 inputs (2 messages) and 5 neurons in the hidden layer.

NNZ2: 10 inputs (2 messages) and 10 neurons in the hidden layer.

NN3: 25 inputs (5 messages) and 5 neurons in the hidden layer.

NNJ: 25 inputs (5 messages) and 10 neurons in the hidden layer.

FL: Fuzzy Logic, using 2 input messages.
The anticipation modules were tested using 2 different strategies:

e Without feedback: the module uses only the actual messages received from the
TS (Figure 3.6a). When a message from the TS does not arrive, the anticipation
module uses the last N (2 or 5) received messages to anticipate the next message.
A list is used to store these messages and it is updated only when a new message

from the TS is received.

e With feedback: the anticipation module treats anticipated messages as received
messages (Figure 3.6b). The message list is updated every time a new message
is received from the TS. But when a message does not arrive, the anticipated
message is included in the message list that will be used the next time a message

is anticipated.
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Table 3.2: Absolute value of group meeting point error and standard deviation. Each
anticipation model shows the results of running the simulation without feedback (top
value), and with feedback (bottom value), respectively. For example, for the 0.8 be-
havior with 6 time steps per message (6S/M) and without anticipation, the TS and
AUVs met 41.77 m away from the target point; with anticipation using no feedback
and NN1, they met only 13.65 m away from the target point; and with anticipation
using feedback and NN1, they met 14.95 m away from the target point.

o Model | vy NN1 NN2 NN3 NNy FL
LS/ | 106027) | 1000 | a0 | L0602n) | Lootos) | 1060
ons | 25/M | 070051) | G203 | 1 0oam | 1omi06) | 0070050 | L0000
6 5/M | 070062) | GEIOE | 00t029) | 08000 | 070(063) | 051020
U8/ 1098018) | 10000 | 10am(015) | 10.08(0.15) | 1098018 | 10.15(0 2%
085 | 25/M | 28300020 | 1350100 | 155%(0.16) | 1198(0 44) | 15.4300.40) | 1130009
o5/ | arr020) | 13000 o5 | 15740006y | 15 6000.43) | 1408095
LS/ | 109026) | 0i0o0 | Tonoas) | L0o0ae) | Loo(oa6) | 109(027)
1s| 25/ | 16250008) | SET000 | TR0 | Son0ar) | 4000 | 263080
6 S/M | BL6T0.07) | 00i0sn) | s00(0.15) | 1557008 | 760019) | 1057(0.14)

For training, AUVs received messages every time step, the optimal condition for
all the TS behaviors. For testing the number of time-steps that the TS waits to send a
message was varied. The three test cases were, 1 message per time step, one message
every 2 time steps, and 1 message every 6 time steps.

Performance is judged by measuring the distance between the target measurement
point and the actual meeting point between the T'S and the AUVs. Each test consists
of evaluating one anticipation model for each value of each experimental variable
(steps/message, TS behavior). 10 trials were performed for each test, which gives a
total of 3600 trials for the entire experiment, 720 trials for each anticipation model.
Table 3.2 shows the average values for the meeting points between the group of AUVs

and the ship. Lower values are better. The highlighted values represent the best results
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between the 5 anticipation models for each test.

The results with no anticipation (the column labeled NA in Table 3.2) show that
when the TS is on schedule (rows 1, 2, and 3) the TS and AUVs meet close to the
designated meeting point - just over 1 simulated meter away - despite the random-
ized starting positions and angles of the AUVs. This result confirms that the fuzzy
controllers responsible for keeping the TS and AUVs on schedule perform correctly.

The results with no anticipation, when the TS is off schedule (rows marked 0.8S
and 1.2S) show that when messages are received frequently (rows labeled 1M/S) the
AUVs do fairly well even without anticipation, although when the TS is slow (row
0.8S) the are off by roughly 10 meters. However, as messages become increasingly
infrequent (2S/M and 6S/M) AUVs with no anticipation fail to meet the TS near the
designated meeting point, with larger message gaps leading to worse results.

Table 3.2 shows that all anticipation models showed a significant improvement
over no anticipation, when the TS was off schedule and there were gaps between the
messages. I.e. anticipation does, partially, and in many cases completely, makes up for
the large gap between messages. In the worst case, a slow TS (0.8S) and infrequent
messages (65/M), AUVs without anticipation met the TS, on average, almost 42
meters from the designated measurement point. In contrast, AUVs with any of the
anticipation models, on average, met the T'S within 15 meters of the designated point.

Overall NN1 and the fuzzy logic models had better results on 5 of the test cases
each. These two models showed the smallest error between the correct meeting point
and the one obtained in the experiment. Model NN4 also had good results on most
of the tests, but did not have the best results in any of the 18 configurations used for
the experiment.

In general anticipation models using feedback performed slightly worse than mod-

els not using feedback.
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Figure 3.7: Average and quartile results with all anticipation models when the TS is
on schedule. Overall results are similar, with small errors in the meeting point for
all cases, but using anticipation reduces the variability in the meeting point, except
for anticipation using the neural network with 5 input messages and 5 neurons in the
hidden layer, with feedback, when there one message is received every 6 time steps.

Figures 3.7 and 3.8 show quartile plots for the results obtained from all the
anticipation models for 2 TS behaviors: OnS and 0.8S. Each figure shows 3 main
groups which represent the three types of simulations that were tested: No Antici-
pation, Anticipation with Feedback and Anticipation without Feedback. Within each
group, there are three additional groups that represent the possible message gaps:
1 step/message, 2 steps/message, and 6 steps/message. Each of those groups has 5
elements which represent the anticipation models that were used for this experiment:
NN1, NN2, NN3, NN4, and FL. Figure 3.7 shows that as the message gap increases
there is generally wider variability in the meeting points. This is also true in Figure

3.8, but the change in scale obscures the dispersion. Figure 3.8 also shows how in-
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Figure 3.8: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is traveling at 0.8 of its correct speed.

creasing the message gap significantly impacts the meeting point when there is no
anticipation of the missing messages, but not with anticipation. Figure 3.7 suggests
that the dispersion in the meeting points is generally reduced by using anticipation.

Figures 3.9, 3.10, 3.11 and 3.12 show the average position of the the individual
AUVs (1-5) with NN1 and FL (which produced the best behaviors during the ex-
periments). Figures 3.9 and 3.11 show the results when the TS behavior is OnS, and
Figures 3.10 and 3.12 show the results for behavior 0.8S. These figures show that
both anticipation models reduce the error for every AUV. Equally important these
figures show that the errors for the individual AUVs are similar. Thus, in general the
anticipation modules not only reduce the meeting point error, but also maintain the

formation that the group has in optimal conditions.
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Figure 3.9: Average and quartile results for the meeting point by AUV, when using
a neural network with 10 inputs and 5 neurons in the hidden layer when the TS is on
schedule. AUV 5 tends to be slightly further from the measurement point. Variability
in the AUV position, particularly for AUV 5, is highest with no anticipation.

Figure 3.9 shows that anticipation reduces the variation in the meeting point,
keeping the AUVs in formation. For example, once the value of the steps/message
increases, the variation in AUV position with no anticipation increases considerably,
especially in AUV 5. The other 2 models, which use anticipation, sproduce much
smaller variation in the AUVS’ positions. For example, the variation for AUV 5 de-
creases considerably with both models compared to no anticipation. Additionally,
anticipation helps the AUVs get to the meeting point in formation. Most notably
the error with both anticipation models and 2 or 6 steps per message were similar
to the results with no anticipation and one message per time step. This show that

anticipation is successfully “filling in” the missing messages.
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Figure 3.10: Average and quartile results for the meeting point by AUV, when using
a neural network with 10 inputs and 5 neurons in the hidden layer when the TS is
using 0.8 of its correct speed. All AUVs have similar errors, showing that they remain
together. Errors are much larger when there is no anticipation and a messages are
infrequent.

Figures 3.11 and 3.12 show the results for the same cases as in Figures 3.9 and

3.10 but using the fuzzy logic model. Figure 3.11 shows that the fuzzy logic model

also reduces the variation in the AUVSs’ position when the anticipation is enabled, but

slightly less than the neural network model. On the other hand, Figure 3.10 shows

that the fuzzy logic model does a better job of maintaining the group formation,

getting them closer, on average, to the correct meeting point.

3.7

Conclusions

The results shows that all of the anticipation models were able to significantly

reduce the error in the meeting point when the TS was off schedule and messages were
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Figure 3.11: Individual average of the meeting point results obtained using fuzzy
Logic when the TS is on schedule.

infrequent. This is a very promising result, as it strongly suggests that anticipation
can be an effective method to address communication problems cause by noisy or low
bandwidth communication channels. In our results NN1 model had, in general, the
best performance followed by the fuzzy logic model. The other neural network NN2
and NN3 models had good results with values that were better than the NN1 and
fuzzy logic models, but only under a few of the test cases. Both NN1 and the fuzzy
logic model only used the two previous messages, suggesting that, at least for this
problem, a short message history is sufficient to anticipate future messages.

The results (Figures 3.9, 3.10, 3.11 and 3.12) also show that anticipation mod-
els without feedback produced better results than models with feedback, although
both models were successful at significantly reducing the error in the meeting point.

This suggests that using feedback, i.e. using anticipated messages to predict future
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Figure 3.12: Individual average of the meeting point results obtained using fuzzy logic
when the TS is using 0.8 of its correct speed.

messages, may magnify the errors in the anticipated messages.

All of the anticipation models also reduced the variation in the meeting position
with the TS, but models with feedback had slightly larger variations than models
without feedback. Overall, it is clear that the anticipation models presented here are
effective at anticipating messages and that the anticipated messages can be success-
fully used in the place of lost messages (or messages that are forced to be discarded
due to errors). Finally, it is worth noting that the test problem used in these ex-
periments required a fleet of five autonomous underwater vehicles (AUVs) to reach a
specific location, as a group, at a time determined by the behavior of another vehicle.
This type of coordinated, group behavior with a dynamic goal represents a very gen-
eral and useful behavior, thus the results of this research has potential benefits for a

wide range of applications.
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Chapter 4: Artificial Intelligence System as an Anticipation
Strategy for the Speed Control of a Group of Submarines

Based on Fuzzy Logic Communication

This Chapter contains the additional results from the anticipation problem for
the AUV project. These results plus the ones from Chapter 5 will be submitted to
a journal. The structure of this paper was modified to fit with the structure of the

thesis and to avoid having duplicate sections with the previous chapter.

4.1 Introduction

This Chapter presents data from additional experiments performed with the
simulated mission that were not included in the Oceans paper presented in Chapter
3. These experiments are basically the same as those in the previous chapter, but have
more complex target ship behaviors. The goals of these experiments is to determine
how robust the anticipation system can be by increasing the difficulty of the TS
behavior. Also, it is important to determine which model works better over a whole
set of problems. This means that the models are evaluated to see which one works
better with various TS behaviors and TS message frequencies. This chapter does not
present a section for the experimental environment and the methods as they have
been described in Chapter 3.

This chapter is divided as follows: Section 4.2 presents a set of five additional TS
behaviors with three different communication patterns which were used to test the
accuracy and robustness of the entire system; it also describes the obtained results.

Finally, section 4.3 presents some conclusions based on the results the results.
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4.2 Results

The simulation, including the AUV behaviors, neural networks, fuzzy logic,
the message format, the message frequencies are the same as in Chapter 3. Five new
target ship behaviors are part of the simulation options. Three of these new behaviors
were also used to train the Neural Networks and the remaining two behaviors were
used for testing only. These additional behaviors were also created based on Figure
3.1.

The five TS behaviors are:

o Slowdown with recovery of its schedule (SwR): the TS starts moving at its
regular speed until it get to position 800 and decreases its speed to 0.5 of its
regular speed. Then, at position 700, the TS accelerates until it reaches a
velocity of 1.5 of its regular speed. Finally, at position 600, the TS returns to
its default velocity. During the stage between positions 700 and 600, the TS
recovers the exact time and distance lost on the previous stage by using the

opposite value for its speed.

e Slowdown without recovery of its schedule (SwoR ): this behavior is similar to the
previous one. The only difference is that the TS does not recover its schedule
between position 700 and 600. First, the TS starts moving at its regular speed
until it get to position 800 and decreases its speed to 0.5 of its regular speed.
Then, at position 700, the TS accelerates until it reaches a velocity of 1.1 of its

regular speed. Finally, at position 600, the TS returns to its default velocity.

e [Fxperimental (Exp) the TS starts with its default speed until it reaches position
800. Here, it slows down to 0.8 of its regular speed and it maintains this speed
until position 650. Then, it accelerates until it doubles its default speed. For
this test, the acceleration is considered almost double the normal acceleration

to get to the maximum speed faster than usual.
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e Test 1 (T1): for this behavior, the TS has 5 stages where the velocity changes.
First, the TS starts with its default speed until it reaches position 900. Here,
the TS slows down until it reaches 0.5 of its regular speed. Once the TS passes
position 800, it start to accelerate to reach 1.9 of its regular speed. After position
700, the TS slows down until it reaches 0.7 of its regular speed and finally, it
increases its velocity to 1.4 of its regular speed after it passes position 600. It

maintains a velocity of 1.4 its regular speed until it reaches the end.

o Test 2 (T2): this test also contains 5 stages as in the previous test. The dif-
ference is that, not only the values are changed but also the acceleration is
suppressed from this test. Here, the speed has sudden changes. As in Test 1,
the TS starts with is default speed until it reaches position 900, then its velocity
is changed to 1.8 of its regular speed. At positions 800 and 700, the velocity of
the TS is set to 0.9 and 1.3 of its regular speed respectively. In the last stage,

the TS changes its velocity to 0.6 of its regular speed.

As in Chapter 3, the goal is to test the anticipation models by recording the
meeting point between the TS and AUVs. Each test consists of evaluating one antic-
ipation model by modifying the experimental variables (steps/message, TS behavior)
with all the possible configurations. 10 trials were made for each test which gives a
total of 3600 trials for the entire experiment. This means that, because five anticipa-
tion models are being tested, 720 trials are made for each anticipation model. Table
4.1 shows the average values for the meeting points between the group of AUVs and
the ship. For each TS behavior, the data under optimal conditions was also included.
It is consider as an optimal condition when no anticipation is being used and the
message frequency is 1 S/M. To determine that the anticipation model has done a
good job while the message frequency is modified, the average value must be close to
the average value under optimal conditions. The table shows a compilation of all the

tests done for every model. The highlighted values represent the best results between
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Table 4.1: Absolute value of group meeting point error and standard deviation. Each
anticipation model shows the results by running the simulation without feedback
(top value), and with feedback (bottom value), respectively. For example, for the 0.8
behavior with 6 steps/ message (S/M) and without anticipation, the TS and AUVs
met 41.77 m away from the target point; with anticipation using no feedback and
NN1, they met only 13.65 m away from the target point; and with anticipation using
feedback and NN1, they met 14.95 m away from the target point.
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the five anticipation models for each test.

Table 4.1 shows that two models, NN1 and Fuzzy Logic, had better performance
over the 32 different configurations used for the anticipation experiment. All five
models showed a significant improvement over the experiments without anticipation
when there were gaps of 2 and 6 steps between the messages. But the NN1 and Fuzzy
logic models had better results on 12 and 9 of theses experiments, respectively. These
two models showed the smallest error between the correct meeting point and the one
obtained in the experiment. Although it also showed good results and the meeting
point values were close to the best model (NN1), the NN4 model did not have the
best results in any of the 32 different configurations used for the experiment.

The data in Table 4.1 suggest that the TS behavior can be categorized in two
groups: simple and complex. The first 3 ship behaviors are relatively simple because
the speed stays constant from the starting point until the meeting point. The other
5 TS behaviors are part of the complex behavior group because the TS changes its
speed during its way to the meeting point. For the first group, the NN1 and Fuzzy
Logic models each have the best results on 5 out of the 12 configurations. For the
second group, the NN1 model is better than the other models on 7 of the 20 possible
configurations, but the Fuzzy Logic model is best on only 4 of the 20. However, by
looking only the complex behaviors, the NN3 model has a much better performance,
moreover its performance is better than the Fuzzy Logic model by having better
results in 5 out of 20 possible configurations.

On the other hand, the performance of the anticipation module, in general, cannot
be classified as a better tool for simple problems or for complex problems. From Table
4.1, 2 pairs can be made according to their similar average errors: 0.8S Vs. SwoR
and 1.2S Vs. SwR. Their averages, when there is no anticipation, is relatively close.
By analyzing the values of 0.8S while the message frequency is decreasing (1 S/M

— 6 S/M), the anticipation module is able to reduce the magnitude of the meeting
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Figure 4.1: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the 1.2S behavior.

point error better than in the SwoR behavior indicating that the anticipation does a
better job with simple behaviors than with complex behaviors. However, by looking
at the values from 1.2S and SwR behaviors, the analysis shows the opposite. Here,
the SwWR (complex) behavior was better on reducing the error magnitude than the
1.2S (simple) behavior.

Additionally, the anticipation model while using the Neural Network models also
had good results with the T'S behaviors, that were not included in the training data.
The magnitude of the meeting point error was reduced just like when testing the TS
behaviors inside the training data. The speed changes in the T1 and T2 behaviors
include acceleration values that are not included in the other TS behaviors. This
means that the Neural Network models are able to generalize these behaviors and
recognize when the TS is speeding up or slowing down. These results also suggest
that the Neural Network models are able to infer an anticipated message with similar

values as the missing TS message.
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Figure 4.2: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the SwR behavior.

Because this chapter is considered an extended part of Chapter 3, the data graphs
described in this section follow the same format of the graphs presented in that
chapter. Figures from 4.1 to 4.6 show the average meeting position of the group of
AUVs with the TS when different TS behaviors and AUV anticipation models were
tested. Figures from 4.7 to 4.10 show the average meeting point of each AUV with
the TS by using the NN1 model and the Fuzzy Logic model which according to Table
4.1, were the models with better results. This last group of figures offers a better
view of the AUVs while they try to maintain their alignment and meet the TS at the
same time, even when anticipation is activated. Also, this last group of figures are
focused on the SwR and the T1 behaviors of the TS. These 2 behavior will allow us
to analyze not only the behavior of each AUV during complex TS behaviors but also
when the behavior is not part of the training data of the Neural Network.

Figure 4.1 is presented and explained in this chapter, although the description

for the 1.2S behavior is presented in Chapter 3. Due to size limitations set by the
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Figure 4.3: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the SwoR behavior.

MTS/IEEE Oceans’13 Conference rules, the graph for the 1.2 speed behavior was not
included in the official version of the paper, but its data was well documented. Figure
4.1 shows that all of the anticipation models were able to reduce the distance to the
meeting point when the messages were infrequent. NN3 was the only model that had
a poor performance, but only when the experiment was run with anticipation with
feedback and 6 cycles/message. Figure 4.1 shows that this result is separated from
the other results which show a common behavior.

On the other hand, the anticipation models showed clustered results while the T'S
was running under the SwR and SwoR behaviors (Figures 4.2 and 4.3, respectively).
Here, all the results are meeting very close to reference meeting point. For both
behaviors, the error increases very fast when there is no anticipation and the frequency
of messages is reduced. The anticipation modules reduce the error and their results
are clustered inside a defined area, less than 5 meters away from the optimal meeting

point, unlike the results shown previously in Figure 4.1. Figure 4.4 shows some results
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Figure 4.4: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the experimental behavior.

when the TS is running under the experimental behavior and these results are close
to the reference meeting point as well, but some of them have a small dispersion.
This dispersion is small but, by comparing this figure with Figures 4.2 and 4.3, it is
evident. It is important to remember that the TS increments its speed a lot at the
end of the run during this behavior, which can have a large influence on the results,
especially when the message frequency starts to drop.

The results shown in Figures 4.5 and 4.6 are for the Test1 and Test2 behaviors. For
the Neural Network anticipation models, these behaviors are not part of the training
data. These behaviors were used to test the adaptability of the Neural Networks
and to confirm the effectiveness of all anticipation models, including the Fuzzy Logic
model. These Figures show that the Neural Networks are able to generate a similar
message to the missing TS message to control the AUVs, even when the TS behavior
was not included in the training data. While using anticipation, the AUVs were able

to infer the speed changes for different acceleration rates. During the simulation, all
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Figure 4.5: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the T1 behavior.
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Figure 4.6: Global average of the meeting point results for the AUVs obtained with
all anticipation models when the TS is using the T2 behavior.
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Figure 4.7: Average and quartile results for the meeting point by AUV, when using
a neural network with 10 inputs and 5 neurons in the hidden layer when the TS is
using the SwR behavior.

the anticipation models, including the Fuzzy Logic model, were able to detect when
the TS was supposed to slow down or speed up. Not all of the Neural Networks were
completely successful in all cases, but they still were able to reduce the error of the
meeting point considerably.

Figure 4.7 and 4.8 show the average position for each AUV when the TS be-
havior is set to SwR and T1, respectively. Each AUV is using the NN1 model as
the anticipation model. In Figure 4.7, the results show that the AUVs are able to
maintain formation even when the message frequency decreases which means that
the anticipation module is creating a useful message for the AUV speed controller.
The anticipation module helps to reduce the meeting point error considerably for the
entire group of AUVs; in this case the error reduction is around 28 meters. Also,
Figure 4.8 also shows an error reduction for the T1 behavior when anticipation is

activated. When the message frequency is low, this error seems to be higher than the
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Figure 4.8: Average and quartile results for the meeting point by AUV, when using
a neural network with 10 inputs and 5 neurons in the hidden layer when the TS is
using the T'1 behavior.

error shown in Figure 4.7. This suggests that the Neural Network is able to solve the
problem for T1 even when this TS behavior is not part of the training data. For the
T1 behavior, the results show that the AUVs are not able to keep formation when
no anticipation was used. But they are able go back in track and maintain a close
formation when the anticipation module is activated.

Figures 4.9 and 4.10 show the average position for each AUV when the TS behavior
is set to the SwR and T1 behaviors, respectively. Compared to the configuration that
was set for Figures 4.7 and 4.8, the only difference is that the AUVs in 4.9 and 4.10
are using the Fuzzy Logic model as the anticipation model. In Figure 4.9, it can be
seen that the anticipation module had some difficulty inferring the correct messages
when the module was using feedback and the message frequency was low, otherwise
it was able to reduce the error in each AUV considerably. However, the anticipation

module was able to help the group of AUVs maintain formation even when the error
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Figure 4.9: Individual average of the meeting point results obtained using Fuzzy Logic
when the TS is using the SwR behavior.
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Table 4.2: Percentage error correction of the meeting point for each anticipation
model with a message frequency of 6S/M. For example, NN2 was able to reduce the
meeting point error during the Exp behavior by 95.17 percent of the result with No
Anticipation.

Model | vy | NN2 | NN3 | NNy | FL
Test

0.8S | 91.33 | 99.97 | 95.16 | 92.82 | 98.02
1.2S | 88.93 | 86.98 | 87.15 | 87.44 | 95.49
SwR | 96.98 | 98.44 | 97.01 | 99.06 | 96.21
SwoR | 88.36 | 88.39 | 91.78 | 89.74 | 96.15
Complex | Exp | 95.49 | 95.17 | 95.23 | 99.68 | 97.97
T1 | 98.03 | 99.20 | 87.70 | 84.21 | 90.03
T2 | 93.72 | 89.85 | 42.51 | 47.83 | 77.78

Average 93.27 | 94.00 | 85.22 | 85.83 | 93.09

Simple

reduction was not fully successful; see Figure 4.10. In the best case, the anticipation
module was able to reduce the meeting point error by about 28 meters. On the other
hand, the results for the T1 behavior in Figure 4.10 are more clustered than in Figure
4.9. Here, the anticipation module was able to reduce the meeting point error by
about 12 meters. And as in the previous figure, the AUVs were able to maintain
formation with the help of the anticipation module.

To have a general view of the performance of all five anticipation models, the
average error reduction was calculated. This value is the percentage of the error
reduction based on the obtained error when no anticipation model was used. For this
case, we use the most extreme conditions in the simulation which is 6S/M. First two
errors are calculated: the error using no anticipation and the error using anticipation.
Exa = Ena—esypn — Ena-1s/m
Eav = Ena—esypn — Eav—1s/m

Using this values, the error delta and the percentage error is calculated:

AFEav = Ena — Ean
P (AM) = &fau

Exa

Based on the results of Table 4.2, NN1, NN2 and FL models hava an average



43

percentage of error correction greater than 93%. The NNI1 model shows a more
stable performance with all TS behaviors. On the other hand, the Fuzzy Logic model
has better except for the T2 behavior which, in general, was a difficult task for all

anticipation models, excluding NN1.

4.3 Conclusions

Table 4.1 shows that the anticipation models used on each AUV were able to
correct the position error on the meeting point with the T'S when the messages were
infrequent. Some models were more successful than others for specific cases. NN1
had, in general, performed best both the simple and the complex behaviors followed
by the Fuzzy Logic model when measured by the number of results with the lower
meeting point error. By looking at Table 4.2, NN2 shows a better performance based
on the percentage of error reduction, although NN1 and the Fuzzy Logic models have
a percentage greater than 93% as well. On the other hand, the NN2 and NN3 models
had better results when they were trying to solve the complex models.

The data shows that all 5 anticipation strategies are able to considerably reduce
the error generated when the message frequency is low. The messages that the antic-
ipation module generates with each model need to be similar to the TS messages that
were supposed to be received by the AUVs in order to generate a similar behavior
as when the AUVs do receive a message every cycle, otherwise the speed controller
in the AUVs would show different performances for the test with no anticipation
and messages every cycle and the test with anticipation and gaps between messages.
These results show that the AUVs try to mimic the behavior of anticipation by using
learned behavior and a limited information to generate an hypothetical yet helpful
answer. However, it cannot be directly determined if the anticipation models per-
form, in general, better on simple or complex behaviors. for this type of models, this

assumption can be vague because, at the end, the performance will depend on the
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selected training data for the neural networks or the distribution of the fuzzy sets
and fuzzy rules. In this case, there was pair of TS behavior (0.85 and SwoR) that
would suggest that the anticipation module would work better on simple behaviors.
But there was also an additional pair (1.2S and SwR) that would suggest that the
anticipation model would work better on complex behaviors.

By analyzing all anticipation models, especially the ones using Neural Networks,
it can be concluded that these models, after a successful training phase, are able to
generalize and identify when the TS is slowing down or speeding up and they are
able to calculate a rough approximation for the magnitude. It is important to point
out that the AUVs do this only by using a small sample from the previous message

history (2 or 5 previous messages depending on the model).
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Chapter 5: Anticipation Strategy for Speed Control in a
Commodity Off the Shelf (COTS) Robot Fleet

5.1 Introduction

In the previous chapters, it has been demonstrated in simulation that the an-
ticipation models proposed for a fleet of AUVs have good performance and are able
to overcome disrupted and noncontinuous communications to match the speed of the
AUVs with the TS speed. This chapter shows that these anticipation models can also
be used with physical robots recreating the same mission of a TS meeting an AUV
fleet. During the simulation experiments, there were factors, like hardware limita-
tions or noise generated by sensors, that were not part of the environment and the
evaluation of the data. In this set of experiments, the anticipation module is tested in
a more complex environment. Here, using real robots introduces additional variables
that can add noise to the system. The goal is to determine whether the anticipation
module is able to generate appropriate messages to overcome these problems.

Other research projects have shown that the communication between a group of
robots can be essential for the stability and success of a mission. In [5], the authors
emphasize that communication between the robotic agents is a key factor in complet-
ing a cooperative task. In that case, the group of robots established a short-ranged
wireless link in order to interact between each other and establish a convoy-like for-
mation. The authors in [3] point out that the communication between mobile robots
is very important for cooperation, although it is not necessary to use a conventional
wired or wireless communication; robots can also communicate by using the environ-
ment (stigmergy-like strategies) or by using build-in sensors (cameras, bump sensors,
sonars, etc.). If communication is a main factor in coordinating cooperative au-
tonomous robots, the robots must be prepared in case communications are broken

or disrupted. This chapter shows a similar approach to the one described in Chap-
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ters 3 and 4 for a simulated environment, only this time it is applied in a real-world
environment where additional factors might be involved in the performance of the
robots.

This chapter is organized as follows: Section 5.2 presents a detailed description
of the robot hardware, image processing and communication module which the robot
uses as additional tools for its functionality. Section 5.3 presents the different Fuzzy
Logic controllers that were used to control the robot and to generate the messages.
Section 5.4, presents 3 behaviors and 3 communication situations used as the experi-

mental conditions to test the system. Finally, section 5.5 presents the conclusions.

5.2 Experimental Platform

For this experiment, 2 robots with similar hardware features were used. One of
the robots can be selected by the user as the Target Robot (TR), the equivalent to
the TS in Chapter 3. The second robot can be selected as the Autonomous Robot
(AR), the equivalent to an AUV in the simulation. For these experiments, there is
only a single AUV robot, not five. The next subsections describes the hardware and

the main processes that the robots use for their functionality.

5.2.1 Hardware

The robot hardware consists of 3 main parts: the body, the “spinal chord” and the
“brain”. The three parts of the mobile robot can be appreciated as a whole structure

in Figure 5.1.

e Body: it consists of an aluminum chassis with two servo motors that control the
speed and steering of the robot. This robot has some mechanical limitations
for steering, the maximum it can turn is 33 degrees. For these experiments the

steering motors is only used to get the robot back on track to the goal by using
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Figure 5.1: Mobile Robot structure that includes the body, the spinal chord and the
brain.
a control signal to turn left or right that tries to maintain the detected object
centered in the screen of the smartphone camera. The second motor is in charge
of the speed and it uses speed values between stop and full forward; there is no

backward command for these experiments.

e Spinal Chord: it represents the connection between the brains and the body of
the robot. Here, the spinal cord of the robot is an Arduino Romeo board. This
board receives signals sent from the “brain” and converts them to the values

that the body will use to control the motors.

e Brain: it consists of a smartphone HTC Desire running Android 2.3.4. It is
in charge of the heavy processing by the robot. The brain runs high-demand
processes like image processing and message generation. It also runs the GUI
that allows the user to select different options that the robots can implement

during the experiments.

Figure 5.1 shows that the smartphone can display on the screen what the camera is

capturing and what the program is understanding from the image. At the moment a
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Figure 5.2: Screen capture of the object detection method used in the smarthphone.

desired object is detected, it is marked on the screen with a white square surrounding
it (Figure 5.2). This gives the user a better perspective of what the robot is seeing
and detecting and allows him to have a better understanding of the robot’s behavior.

The application installed in the smartphone integrates the options to configure
both the TS and AR behaviors. In the main screen of the app (Figure 5.3a), the user

can select the following options for the TS:

e TS behavior: this option allows the user to set the behavior of the TS between

3 different choices (Behind Schedule, On Schedule and Ahead of Schedule).

e Message Frequency: this option sets the number of steps that the TS would wait
to send the next message to the AR. The unit used for this option is represented
in Steps/Message (S/M). A step represents an iteration of the program in the
robot in which frame captured by the camera is analyzed followed by the derived

decision. Three choices are available (1 S/M, 2 S/M, 4 S/M).

e AR Information: this option lets the user enter information about the server
that will be running on the AR side. This information allows the TS to establish
a TCP communication with the AR. Here, the TS works as a TCP client. The

required information is the server IP address and port number.

The other options in the main screen for the AR are (Figure 5.3b):
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(a) TR menu interface (b) AR menu interface

Figure 5.3: GUI for anticipation app

e AR Anticipation Mode: this option allows the user to choose between turning
off the anticipation module or turning on the anticipation module with the

Fuzzy Logic model.

e AR Information: this options lets the user introduce the information for the
server running on the AR side. The AR will always run as the server and it

only needs the user to set the port number.

5.2.2 Image Processing

The camera in the smartphone captures an image, which is passed to a method
running in the smartphone for processing. This process is done using the OpenCV
image libraries. First, a color detection method identifies whether there is a green
object in the image which will be marked in the camera screen with a square to tell
the user that it has been identified (Figure 5.2). If a green object is detected, the
method calculates the number of pixels in the green object and then it calculates the
x-axis of the object to obtain the diameter of the object. The method returns this
value which is passed to the next method to calculate the distance from the robot to
the detected object. In this case, we are using a ball with a diameter of approximately

2.5”7. With this ball size, the equation to calculate the distance to the ball, according
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. . . . . . 45
to the number of pixels detected in the image, is distance = —=—. where the
diameter is measured in pixels and the distance is measured in meters. This formula

was generated via empirical testing.

5.2.3 Communication

The robot uses two types of wireless connections to transfer information. The smart-
phone and the Arduino board use a Bluetooth connection to send the driving com-
mands from the phone to the Arduino. For the communication between robots, the
smartphones use a WiFi connection to send messages regarding progress from the TR
to the AR. Both modules are created as a thread in order to be called while the image
processing is working. The connection of both modules is created by using sockets,
which requires setting up a server and a client on each end. The message type for
both modules is byte array and each module has its own method to encapsulate the
values to be sent.

Each communication module (Bluetooth and WiF1i) has an independent activation
in order to send a message to its destination. The Bluetooth module is activated at
the end of every cycle when the image processing module has finished analyzing
the picture and the resulting value is used to calculate the values sent to the motors.
Based on empirical data, the mean time for the robot to send a message by Bluetooth
is 100.59 ms with a standard deviation of 31.88 ms. For the WiFi communication,
we chose the messages to be sent from the TS to the AR at fixed intervals in order
to have a controlled environment during the experiments. In this case, a value of 150
ms (greater than 100.59 + 31.88 ms) was chosen in order to guarantee that a new
message was sent from the TS only after obtaining the final result from the image

processing and message generator.

e Bluetooth: the messages sent via Bluetooth have a special format in order
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Table 5.1: Bluetooth message structure

4| T | [56-120] | P | [45 - 129] | ;

to check for corrupted messages on the receiving side (Arduino board). Each
message consists of a 6 byte array and its format is shown in Table 5.1. This
format allows the receiving side to check easily for transmission errors. The
message starts with a header represented by the # symbol. The header is
followed by the character P which indicates that the next byte contains the
value for the steering motor. Normally, the range for the steering value goes
from 0 to 180. But, in this case, it is limited to a range between 56 and
120 because of the steering limitations of the robot. the fourth byte uses the
character P which indicates that the next byte contains the value for the speed
motor. Here, the range for the speed motor is also limited between 45 and 129
because those are the maximum values in which the robot reaches its speed
while driving backwards and forward, respectively. For these experiments, only
half of this range is used because we are only interested in using the stop and
forward actions. The fifth and last byte is the ; character which represents the

end of the message.

e WiFi: this module captures the message created by the TR and sends it to the
AR. This message contains a double value which is wrapped in a byte array using
the ByteBuffer library from Java. The AR uses the same library to unwrap the

message from the byte array and transform it into a double again.

5.3 Methods

The application and the experiments were set up to work with values that

the user inserts at the initial screen. The TS and AR profiles are selected for each
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robot. Also, the parameters TS behavior, TS message frequency, and AR behavior
are selected. The TS behavior represents the speed of the TS during the test and
the TS message frequency represents the number of cycles that the TS will wait
before sending a message to the AR, just as it was done in Chapter 3. The AR
behavior module allows the user to activate or deactivate the anticipation module for
the tests. Additionally, the robots use 3 modules to run the Fuzzy Logic controller.
These modules are: Message Generator, Speed Increment Calculator and Anticipated
Message Estimator.

The initial process for both robots is to capture the image and calculate the
distance from the robot to the detected ball on screen. If the ball is not detected by
the camera, the main process is halted and waits for the next image to be processed.
With the distance value, each robot calculates a value between -1 and 1 with a fuzzy
logic controller inside a module called the Message Generator. This value represents
the relative status of the robot to the green ball. For example, negative values mean
that the robot is behind schedule, zero means that it is on schedule and positive values
mean that it is ahead of schedule. The TR sends this value to the AR which compares
this value to its own status message generated by another Message Generator module
inside the AR. An additional module, denominated as Speed Increment Calculator
module, uses this difference and its output is used then to adjust the motor speed, so
the robot will arrive at the goal at the scheduled time. It is important to point out
that the robots have similar but not identical parameters for their motors. This means
that the same value to the drive motor will result in different speeds depending on
which robot is used and on battery charge. For this reason, the fuzzy logic controller
that calculates the speed adjustment is used by the TS as well. By using the value
that user selects for the T'S behavior, the T'S can control its own speed based on the
default speed control model that was previously generated by sampling of one robots.

The Message Generator and the Speed Increment Calculator Modules are the basic



53

structure of the system and if the anticipation behavior on the AR is deactivated the
third and final module, the Anticipated Message Estimator module, is not used. This
last module is only used by the AR and it is called only when anticipation is selected
before the test starts. The AR has a double-type array of 2 values that is used as
a queue. This queue stores a TR message at the moment the AR receives it by
erasing the oldest message. When the AR detects that a message did not arrive while
anticipation is on, it calls the Anticipated Message Estimator module. This module
uses another Fuzzy Logic controller that reads the message queue (without deleting
its content) and generates an anticipated message to replace the missing TR message.
This new message is intended to be an estimation of what the missing message was
supposed to be. Then, the AR uses the anticipated message in the Speed Increment

Calculator module to generate a new adjustment value for the speed motor.

5.3.1 Message Generator Module

First, the message generator calculates the input to the Fuzzy Logic controller by
using the current speed of the robot and its current distance to ball. The following
equations were created by sampling one robot’s parameters while its speed was being
changed.

Normally, the robot uses a variable in a range of [0.5 - 1] to control the for-
ward speed motor. By using this equation, this variable can be converted to me-
ters/seconds:
speed = 0.8443 x motorspeed — 0.3531

Then, the distance obtained by image processing module has to be recalculated
in order to include two additional factors. The robot includes a flag to stop before
reaching the ball in order to avoid running over it and an estimation error is included
that changes according to the current speed of the robot. This last variable was added

because it was detected that when the robot goes faster, its reaction time for stopping
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increases. This happens because the smartphone also includes a processing delay in
analyzing the image. To compensate for the delay caused by the robot’s speed, the
following equation was used:

errorg; = 0.0865 x motorspeed — 0.0489

The estimated distance left to reach the ball is calculated by subtracting the error
and the stop threshold from the distance obtained by the image processing module.
The stop threshold (Distruresnorp) was set to a value of 0.35 meters.
distes = disteamera — (DistrHRESHOLD + €1TOTgi5¢)

After calculating the estimated distance, the robot calculates the estimated time
it has left to reach the ball by using its current speed. The estimated time is converted
to milliseconds because those are the units that the smartphone use with its inner
clock.

Time.s = (distes/speed) x 1000

The last step before using the fuzzy logic controller is to calculate the scheduled
time. This variable represents, in milliseconds, how much time the robot has left
to reach the goal. It uses a variable defined as GoalTime, which is a constant that
represents the time the robot takes to reach the goal at its regular or “on schedule”
speed. In these experiments GoalTime is equal to 7074 ms based on a starting distance
of 3 meters to the threshold point. An additional variable is CurrentTime, which is
the current time. This variable is calculated by using the clock of the smartphone.
The final equation is:

Timegepeq = GoalTime — CurrentTime — Time,q;

Timegepeq is used as the input to the Fuzzy Logic controller which uses the fol-
lowing fuzzy sets: WayBehind (WB), Behind (B), OnSchedule (OS), Ahead (A) and
WayAhead (WA). The output of the Fuzzy Logic controller uses the same names for
its fuzzy sets but their limit values are different from the input fuzzy sets. Both input

and output fuzzy set are shown in Figure 5.4.
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(a) Scheduled Time Input (b) Message Output

Figure 5.4: Fuzzy Sets that describes the current value of the input and output of the
Fuzzy Logic controller in the Message Generator module. The fuzzy sets are: Way

Behind (WB), Behind (B), On Schedule (OS), Ahead (A), Way Ahead (WA)

Table 5.2: Fuzzy Rules for Message Generator

Scheduled Time
WB | B|OS | A | WA

WB |[B|ON| A | WA

The Fuzzy Logic Controller evaluates the input and output sets by using the rules
described in 5.2. The function of the Fuzzy Logic Controller and these rules is to
set the TR and AR messages inside a normalized region between -1 and 1. By using
this range, an equivalent distribution of the TR progress can be obtained for negative
behaviors (Way Behind and Behind) and for positive behaviors (Ahead and Way
Ahead).

5.3.2 Speed Increment Calculator Module

This module uses the difference between two messages to generate the input to the
Fuzzy Logic Controller. In general, the first input represents the reference mes-
sage and the second input is the message obtained from the Message Generator
Module. The input to the Fuzzy Logic controller is represented as: diffjessages =
IESSAZCR eference — MESSAZC\[essGen

Each robot profile uses a different reference message. The TR uses the selected TR

behavior in the menu as a reference message: Behind Schedule (-0.5), On Schedule
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0 0
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(a) Message Difference Input (b) Speed Increment Output

Figure 5.5: Fuzzy Sets that describes the current value of the input and output of the
Fuzzy Logic controller in the Speed Increment Calculator module. The input fuzzy
sets are: VeryNegative (VN), Negative (N), Zero (Z), Positive (P) and VeryPositive
(VP). The output fuzzy sets are: FastDecrease (FD), Decrease (D), Zero (Z), Increase
(I) and FastIncrease (FT).

(0), Ahead of Schedule (0.5). This reference message gives a more steady behavior on
the TR under the desired parameters. For example, it is likely that the On Schedule
behavior can have different effects while is being used on two different robots working
as TR. This attempt is to correct hardware differences in the TR that can alter the
selected speed

On the other hand, the AR uses the message received from the TR as the first
message. In this case, the TR message works as the reference message and the goal
of the AR is to try to match the TR speed by interpreting the progress of the TR
described in the message.

The input variable for the Fuzzy Logic Controller of the Speed Increment Calcu-
lator is mapped to the following fuzzy sets: VeryNegative (VN), Negative (N), Zero
(Z), Positive (P) and VeryPositive (VP). The output for the Fuzzy Logic Controller
uses the following fuzzy sets: FastDecrease (FD), Decrease (D), Zero (Z), Increase (I)
and FastIncrease (FI). Both input and output fuzzy sets are shown in Figure 5.5.

The Fuzzy Logic Controller evaluates the input and output sets by using the rules
described in 5.3. The result of this module is used to modified the current speed of
the robots:

motorspeed = motorspeed + 0.05 x SpeedIncrement
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Table 5.3: Fuzzy Rules for Speed Increment Calculator

Message Difference
VN |N|Z | P VP

FD | D |Z| 1| FI

5.3.3 Anticipated Message Estimator Module

This last module is used only by the AR when the anticipation option is activated.
In order to have a controlled and synchronized environment, the TR and the AR
send and receive messages every 150 ms, respectively. Once the AR starts receiving
messages from the TR, it saves the incoming message in a double-type array of size
2 that behaves as a queue. The size of this array represents the memory of the
anticipation module. With this format, the anticipation module will only be able
to remember and use the past 2 TR message. This configuration helps to prove
that it is unnecessary for the anticipation module to save and use the entire history
of TR messages to generate an anticipated message. When a new message arrives,
the values are shifted and the message at the end of the array is deleted. When a
message is received by the AR, it runs the previous modules normally. But when
the AR detects that no new message has arrived, it runs the Anticipated Message
Estimator to generate a message with the same format as the TR message by using
the message history array as temporary memory about the previous behavior of the
TR.

The Fuzzy Logic controller in this module is slightly different from the ones used
in the previous modules. This Fuzzy Logic controller uses 2 input variables instead of
one. Here, the two inputs are the most recent message in the array and the difference
or error between the two messages in the array.
diffrRmessages = NewMessage — OldMessage

The input variable that represents the most recent message uses the the following
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Figure 5.6: Fuzzy Sets that describes the current value of the inputs for the Fuzzy
Logic controller in the Anticipated Message Estimator module. The input fuzzy sets
are: WayBehind (WB), Behind (B), OnSchedule (OS), Ahead (A) and WayAhead
(WA). The output fuzzy sets are: VeryNegative (VN), Negative (N), Zero (Z), Positive
(P) and VeryPositive (VP).

Table 5.4: General fuzzy rules for the Anticipated Message Estimator

Error Message | yp | 5 |0 | 4 | wa
VN WB | WB| B | 0S| 0S
N WB|WB| B |0s| A
7z WB| B |0s| A |wA
J2 B | os| A |wA|wa
VP 0S| 0S| A | wa | wa

fuzzy sets: WayBehind (WB), Behind (B), OnSchedule (OS), Ahead (A) and WayA-
head (WA). The input variable that represents the difference between the messages
uses the following fuzzy sets: VeryNegative (VN), Negative (N), Zero (Z), Positive
(P) and VeryPositive (VP). Both fuzzy input sets are shown in Figure 5.6.

The output of the Fuzzy Logic controller is a message with the same format that
the TR sends. This means it has the same format that the Fuzzy Logic controller
uses as an input. Thus, the fuzzy set for the output must have the same format as
the one used for the input, as in Figure 5.6a. The Fuzzy Logic Controller evaluates
the two inputs by using the rules described in 5.4 to calculate the appropriate output
value.

This method allows the AR to infer what would have been the missing TR message
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Figure 5.7: Testing arena designed to test the anticipation problem using two real
robots.

and use it to update its own speed.

5.4 Results

In order to test the robots on the anticipation problem, a similar environment to
the one described in Chapter 3 was used. In this case, an area 3.5 x 2.5 meters was
used where two mobile robots have to drive towards two green balls (Figure 5.7).
An independent target (a green ball) was selected for each robot in order to avoid
collisions between the robots when they reach the green ball. One robot acts as the
Target Ship (TS) or Target Robot (TR). It sends progress messages to the second
robot every 150 milliseconds. The second robot acts as the AUV or the Autonomous
Robot (AR). This robot receives the message from the TR and it tries to adapt its
speed to match its progress with the TR’s progress. The robots have a warning flag
at 0.35 meters from the target that warns them to stop and avoid running over the
green balls. A graphic illustration of this testing arena is shown in Figure 5.7.

For these experiments, all the features of the TR and AR were combined and
tested. For every combination, 6 samples were taken, which were used to generate

the statistical data. For the complete experiment, a total of 108 samples were taken.
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Table 5.5: Average meeting point error and standard deviation while using No Antic-
ipation (NA) and the Fuzzy Logic model (FL) as anticipation. The results represents
the final position of the AR when the TS reached the target. The error value is based
on the flag that the robots detect to stop 35 centimeters before reaching the ball. For
example, for the BS behavior with 4 time steps per message (4 S/M), the AR was
120 cm from the stopping point when the TR reached the target.

Model
Test NA FL
1S/M -3.5(1.87) -6.17(0.75)
OnS | 2 S/M 1.17(1.84) -4.67(1.63)
4 S/M 5.67(1.50) -6.17(1.17)
1S/M -3.5(1.05) -2.33(1.50)
BS 2 S/M | 86.67(2.34) 3.83(1.47)
4 S/M | 120.17(1.72) | 13.67(1.97)
1S/M -18.5(1.05) | -16.17(1.17)
AS 2 S/M -6.67(1.37) | -15.67(1.21)
4 S/M 5.67(1.21) -15(1.41)

Table 5.5 shows the average and standard deviation of the meeting point error for
each test case. The meeting point error represents the distance error between the
stopping flag, which is 0.35 meters before the target, and the robot that does not
reach the stopping flag first.

First, Table 5.5 shows how easy the AR can lose track of the TR when antici-
pation is not selected and the message frequency is low. For example, the meeting
point error reaches 120.17 cm when the message frequency is 4 S/M and the TR is
behind schedule. By comparing this value with the meeting point error under normal
conditions, there is a difference of 123.67 cm which is a large distance considering
that the test only lasts about 12 seconds. When the TS is moving ahead of schedule,
the AR also shows a clear behavior of trying to speed up and get inline with the TS.
In general, Table 5.5 shows that the anticipation module considerably reduces the
meeting point error for all cases when the message frequency gets low.

Figures 5.8, 5.9 and 5.10 show sets of quartiles that describe the final position of

the AR when the TR reaches the goal. The flag distance, that alerts the robots when
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Figure 5.8: Average of the meeting point results when the TR is on schedule.

stop, was used as a reference point to know the last location of the AR at the end of
the test. Both robots use the same value for the flag distance, so this approach helps
to compare the data easily without having the robots driving in the same path and
possibly colliding.

Figure 5.8 shows the behavior when the TR is on schedule. This figure gives an
initial idea of the behavior of both robots when the TR is driving at its nominal
speed. It can be seen that, even at nominal speed, the AR is not able to follow the
TR while the message frequency gets lower. This can occur because the hardware of
the robots is not completely identical and one robot can drive slightly faster that the
other robot. But when anticipation is activated, the AR is able to get back on track
and obtained a similar value for the meeting point from the test with 1 S/M.

Figure 5.9 shows the behavior when the TR is behind schedule. Here, the AR
starts driving ahead of the TS but then, slows down and waits for it before reaching

the goal. This figure (especially the third set of data) gives a clearer view of how easily
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Figure 5.9: Average of the meeting point results when the TR is behind schedule.
Here, the AR reaches the goal first, so the data represents the TR distance error.

the AR gets behind the TR when it does not get messages very often. Just by changing
the message frequency from 1 S/M to 2 S/M, the average for the meeting point value
has a variation of greater than 80 cm; and from 1 S/M to 4 S/M, the variation is even
greater (about 120 cm). Figure 5.9 shows also that, with the anticipation module on,
the AR is able to reduce this difference, significantly. Essentially, anticipation allows
the AR to behave as if messages were being received at 1 S/M.

Figure 5.10 shows the behavior when the TR is ahead of schedule. The common
behavior that was observed while using this TR behavior and 1S/M was that the TR
would begin moving ahead of the AR, but the AR was able to speed up and catch the
TR before reaching the goal often over compensating and reaching the goal before
the TR (hence the negative values). This TR behavior does not create an error as
large as the one created with the Behind Schedule behavior. Between 1 S/M to 2

S/M, the error gap is greater than 10 cm. The AR is able to correct its speed more
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Figure 5.10: Average of the meeting point results when the TR is ahead of schedule.
Here, the TR reaches the goal first, so the data represents the AR distance error

accurately while the anticipation module is on and reduce this error.

5.5 Conclusions

The data gathered from the robots when anticipation is deactivated shows that
the AR robot looses track of the TR easily when the message frequency is low. Once
the anticipation option is activated, the AR is able to reduce the error. In general,
the behavior with anticipation is very similar to the behavior with No Anticipation
and 1 S/M, showing that the anticipated messages are successfully filling in for the
missing messages.

The experiments described in this chapter prove that this anticipation strategy
is an effective method to infer messages and is able to recover the AR progress and
synchronize it with the TR progress. Three different TS behaviors were tested with

anticipation and, in all cases, the AR was able to meet the timing of the TR.
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It can be concluded from these results that anticipation applied to robots in a real-
world environment can effectively support the communication between two points
when the communication link becomes erratic. This chapter showed an Al-based
approach to anticipation that does not require a mathematical model of the environ-
ment to run the system effectively. This approach was able to overcome real-world
problems that are commonly found while working machines, like added noise from
sensors, which in this case, it was able to address without using additional filters to

suppress them.
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Chapter 6: General Conclusions

This research shows that anticipation strategies can be a very powerful tool when
multiple agents try to communicate between each other. When an agent depends
on the information generated by his peers to complete his task, missing information
may force him to stop executing the task or cause errors or failures. Anticipation
strategies allow the agents to continue executing their tasks effectively even while an
agent cannot get in contact with his peers. Once the communication is reestablished,
the agent’s task will not be affected drastically and it will be easier to find the correct
solution.

In this research, both a simulated and a real environment were created. Both
environments included an anticipation module as an additional tool to support a set of
mobile agents solving a cooperative navigation problem. The goal of the anticipation
module is not to have full control of the agent or to serve as a controller for the agent’s
speed. Instead, its main function is to support the system with an anticipated message
when a message from the lead agent is not received. This method allows the agent
to behave in a more optimal manner when messages are dropped.

For the simulated environment, different anticipation models based on Neural
Network and Fuzzy Logic models were generated and tested in order to analyze and
compare their performance. Four different Neural Network models and one Fuzzy
Logic model were used as anticipation models. The Neural Network models differ in
the input neurons/number of past messages to analyze and the number of neurons in
the hidden layer. By varying these two variables the following Neural Networks were
created and tested: 10 input neurons/2 messages with 5 hidden neurons, 10 input
neurons,/2 messages with 10 hidden neurons, 25 input neurons/5 messages with 5 hid-
den neurons and 25 input neurons/5 messages with 10 hidden neurons. Additionally,
the anticipation module was tested with two different configurations: anticipation

without feedback and anticipation with feedback. The difference between these two
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configurations is in how the history of messages is updated for the inputs. The no
feedback configuration only uses the real messages received from the TS; the feedback
configuration uses the anticipated messages to updated the history of messages and
uses them as inputs as well. To test all these possible configurations for the antici-
pation module, several different behaviors for the TS were created in which the TS
changed its speed in different ways making it more or less difficult for the AUVs to
follow its progress. A final feature used in the simulation was an adjustable message
frequency. This feature allows control of how often the messages are sent to the set
of AUVs, which directly affects the ability of the AUVs to follow the TS.

For the real environment, two robots were used to implement a similar behavior
as in the simulated environment. Here, the leader (TR) also uses different profiles to
control its speed and different message frequencies to control the communication with
the second robot (AR). The AR uses a fuzzy logic model as the anticipation model.
For this problem, both robots attempt to reach the goal marked by a green ball at
the same time. The AR adjusts its speed according to the messages received from the
TR. The anticipation module is in charge of filling any gaps left by a missing message
from the TR.

Based on the results, the anticipation module is a non-invasive tool that helps
to reduce the error considerably when it detects that there are missing messages in
the communication. It is able to recreate similar messages, which help the speed
controller choose the correct action to get to the meeting point on time. For the
simulation, all five anticipation models work fairly similarly, but, in general, the
Neural Network with 10 inputs and 5 hidden neuron and the Fuzzy Logic model had
slightly a better performance for the different T'S behaviors. These two models were
able to help the fleet of AUVs meet the TS closest to the reference meeting point.
Additionally, the anticipation model without feedback was able to reduce the error

better than the model that uses feedback. Although both configurations were able to
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reduce the meeting point error, anticipation without feedback showed more accuracy
and stability by having, in general, a smaller average error and a smaller standard
deviation.

On the other hand, the results with the Neural Networks show that a Neural
Network is able to learn from the training data how to generalize particular behaviors
and apply them effectively to anticipate events that might affect the performance of
a task. In this case, with proper training, the Neural Network was able to identify
when the TS was slowing down or speeding up and, in addition, it was able to infer
the correct magnitude of speed changes to have the fleet of AUVs synchronized with
the TS. Because the Fuzzy Logic model uses hand-coded rules, there is no training or
learning phase like in the Neural Network model. However, this does not mean that
the Fuzzy Logic model cannot be configured to have a learning phase. A method like
evolving the fuzzy set values can be considered as an option for future work with the
fuzzy logic model. At the end, both models were successful in supporting the AUVs
to complete the mission.

The results described for the simulated and real environment show that antici-
pation can work to improve a communication problems. But like any other system,
it has limitations as well. Once the gap between the messages gets large enough, it
would be very difficult for the anticipation module to infer possibly small behavior
changes that occur during this gap and this is likely to affect the result. Just as with
humans, anticipation will not be as effective if the actual communications are sparse
and unrelated.

The anticipation strategy that was proposed for this research is a promising tool to
support systems with communication problems or that run under extreme conditions
where the information is likely to be lost, such as in very noisy environment or low
bandwidth communications channels. It is worth noting that the communication does

not need to focus on electronic package transfer systems. Communication can also be
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established through visual or audio signals. These methods can also be affected by
noise or get interrupted and anticipation is potentially a helpful tool for these forms

of communications as well.
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