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Chapter 1 
Introduction 

 
Agents have been a hot topic in AI research for over 10 years now. What is an agent? 
Let’s start with a definition from Wooldridge: “An agent is a computer system that is 
situated in some environment and is capable of autonomous action in this 
environment in order to meet its design objectives” [Wooldrige95]. This is only one 
definition of many. Unfortunately, the AI research community has not accepted a 
universal definition for an agent. There is still ongoing debate about this subject, but 
the notion of autonomy is often contributed to agents. The main problem is that agents 
can be applied to a lot of different domains. Different domains require different 
abilities for an agent. The ability to reason is desirable for some domains, but for 
some domains reasoning would be undesirable. For instance an agent with a very 
strict task to perform, where deviation from its plan is not desirable. In the case that 
we speak of agents with the ability to reason, we speak of cognitive agents. Most 
researchers agree that a cognitive agent consists of the following characteristics 
[Hindriks99]: 
 

- agents have a complex mental state which is made up of beliefs,  
desires, plans and intentions, and which may change over time. 

- agents act pro-actively. i.e. goal-directed and reactively. i.e. respond to 
changes in their environment in a timely manner. 

- agents have reflexive or meta-level reasoning capabilities. 
 
Imagine a future in which people have “house-assistants”, like household robots. We 
can communicate with them by speech and ask them to do things for us. These robots 
will need some cognitive ability in order to achieve the goals they have been given. 
We ask a robot to get a drink for us. The robot needs to understand that in order to 
achieve this goal it has to go to a place where the drinks are. It has to prepare the 
drinks and return them to us. Also it needs to be aware of the fact that the world we 
live in has a time schedule and bringing the drinks a few hours or days later will not 
be appreciated. The robot should be flexible enough to adapt multiple goals, but needs 
to be aware that some tasks are more important than others. A robot equipped with a 
cognitive agent as a reasoning component could achieve these goals. In this thesis, we 
assume that the cognitive agent is only capable of mental actions. The physical 
actions performed in the environment are done by other programs or systems. The 
agent needs to have a way of “telling” the other program to do something and to 
receive a result of some kind. 
 
1.1 Programming cognitive agents 
 
Designing agents has been an important part of the agent research community. In this 
work, we use the specification of a programming language for cognitive agents. This 
programming language is called 3APL (an abstract agent programming language). 
3APL is an agent programming language and incorporates the basic notions like 
beliefs, goals and plans associated with an agent.[Hindriks98]. We want to use this 
programming language to implement the control of a mobile robot.  The basic actions 
in this language are only capable of mental belief updates. The language needs to be 
extended with external basic actions that will be executed by an external program. 
The external program is thought to be a program that controls the robot’s movements 
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and gathering of information about the environment. The agent programs are executed 
by an interpreter. Communication between this interpreter and the external program 
needs to be designed.  
 
The external program receives external basic actions, like move to a certain location. 
This action will be executed and the result of the action, a new position, will be 
reported back to the interpreter. The mobile robot will be using a self-localization 
algorithm to extract its own position from sensor information gathered. Experiments 
will be done in a simulated and a physical environment. These experiments focus on 
the accuracy of the movements and localization. 
 
1.2 Outline of this thesis 
 
The rest of this thesis is structured as follows: 
 

- Chapter 2 provides an introduction to the agent programming language 
3APL. This introduction is provided with definitions for syntax and 
semantics of the language and concludes with an example program. 

-  Chapter 3 explains the focus of our problem and explains how the 
theoretical model of the language can be extended to allow the use of 
external basic actions. 

-  Chapter 4 explains how the external program is designed and 
implemented on the mobile robot.  

-  Chapter 5 provides an overview of the results from experiments with 
controlling the mobile robot in a simulated and a physical environment. 
Interpretations and explanations are given for these results. 

-  Chapter 6 concludes this thesis with a conclusion and some ideas for 
future work and improvements. 
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Chapter 2 
3APL: an Abstract Agent Programming Language 

 
In this chapter we present the programming language 3APL. The language is designed 
for programming (intelligent) agents and provides programming constructs to describe 
agent’s behaviour in terms of its beliefs, capabilities, goals and practical reasoning. 
The different components of the language will be presented and some programming 
examples will be given. For more information about 3APL and other agent 
programming languages, we refer to [Hindriks2001].  
 
2.1 Agent architecture 
 
A new programming paradigm is called agent-oriented programming. The idea is that 
agents have a complex mental state, which consists of different mental attitudes. 
Agents are supposed to be pro-active and reactive to their environment, i.e. actively 
building plans to achieve their goals and react to changes in their environment 
[Hindriks99]. The agent needs to have a motivational component in order to act in its 
environment. This motivational attribute in 3APL is called goals. An agent needs 
means to manipulate its mental state. These means are practical reasoning rules and 
actions. Practical reasoning rules are used to revise goals. The actual actions an agent 
can perform are called its capabilities or basic actions. By performing an action only 
the mental state of the agent changes. These actions are therefore called mental 
actions.  
 
Definition 2.1.1  (3APL-agent) 
A 3APL-agent is a tuple (B, G, P, A) where B is a set of beliefs (called belief-base), G 
is a set of goals (called goal-base), P is a set of practical reasoning rules (called rule-
base) and A is a set of basic actions (called action-base). 

 
3APL is a programming language for implementing beliefs, goals, actions and 
practical reasoning rules. An agent is implemented by implementing its belief-base, 
goal-base, rule-base and action-base. 
  
Figure 2.1: 3APL architecture 
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2.2 Beliefs 
 
The agent is assumed to have beliefs about his task and its environment. These beliefs 
are represented by a set of prolog-like formulas, i.e. a subset of first-order predicate 
language. For instance a belief that there is an object (object_id) on a certain location 
(X1, Y1), can be represented as at(object_id, X1, Y1).  
 
Definition 2.2.1  (Programming constructs for beliefs) 
Given a set of domain variables and functions, the set of domain terms is defined as 
usual. Let t1,…, tn be terms referring to domain elements and Pred be a set of domain 
predicates, then the set of programming constructs for belief formula, BF, is defined as 
follows: 

• p(t1,…,tn) ∈ BF. 
• if ϕ, ψ ∈ BF, then ¬ϕ, ϕ ∧ ψ ∈ BF. 

 
Beliefs are used by an agent for representation of the environment and its own mental 
state. An agent with the task to pick up a box at a certain location will have beliefs 
like box(1, X, Y) and NOT carrybox(self). Picking up the box will change the agent’s 
mental state and the state of the environment. carrybox(self) denotes that the agent 
knows he is carrying the box. The belief box(1, X, Y) needs to be removed from the 
belief base in order to make the agent’s view of the world consistent. 
 
Definition 2.2.2  (Belief base) 
All variables in the BF formula are universally quantified with maximum scope. The 
belief base module of a cognitive agent is the following programming construct: 
 
 BELIEF BASE = { ϕ | ϕ ∈ BF }. 
 
 
2.3 Actions 
 
The most primitive action that an agent is capable of performing is a basic action. 
Basic actions are also called capabilities. In general, basic actions are used by an 
agent to manipulate its mental state and its environment. Before performing a basic 
action certain beliefs should hold and after the execution of the action the beliefs of 
the agent will be updated. These basic actions are the only entities of 3APL that can 
change the beliefs of an agent. 
 
Definition 2.3.1 (Programming constructs for basic actions) 
Let α be an action with parameters X and let ϕ, ψ ∈ BF. Then, programming 
constructs for basic actions have the form: {ϕ } α(X) { ψ }. 
 
An action can only be performed if certain beliefs hold, these are called the pre-
conditions of an action. Take for example a robot that wants to pick up a box, with the 
basic action Pickup(B0, X0, Y0). Before this action can be executed, there should be a 
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box present at the position (X0, Y0) and the robot should also be at that position and 
is not carrying another box. We define this with the following beliefs: 
 
 { robot(self, X1, Y1), box(Id, X1, Y1), NOT carrybox(self) } 
 
These beliefs should hold before the action can be executed. After execution of the 
action its post-condition must be true. This means the agent’s beliefs are updated. For 
example, after the pickup-action the following beliefs will hold: 
 
 { robot(self, X1, Y1), NOT box(Id, X1, Y1), carrybox(self) } 
 
 
Definition 2.3.2 (basic actions) 
The basic action module of a cognitive agent is the following programming construct: 

BASIC ACTIONS= { C | C is a basic action }. 
 
 
2.4 Goals 
 
A 3APL-agent has basic and composite goals. There are three different types of basic 
goals: basic action, test goal and the achievement goal. A basic goal can be a basic 
action that can be executed by the agent. The test goal allows the agent to evaluate its 
beliefs (a test goal checks whether a belief formula is true or false). Testing if the 
agent is carrying a box will look like carrybox(self)?. This type of goal is also used to 
bind values to variables like the assignment in regular programming languages. When 
the test goal is used with a variable as a parameter, the variable is instantiated with a 
value from a belief formula in the belief base. The third type is an achievement goal, 
which can be used as a label for a procedure call. The procedure itself is defined by a 
practical reasoning rule. From these three types of basic goals we can construct 
composite goals as defined in 2.4.1. We can put a number of basic goals in a sequence 
with the operator ;. In the original specification of 3APL the operators + and || for 
non-deterministic choice and parallel composition were introduced. These operators 
are not included in the operational version of the language. The absence of these 
operators implies that 3APL goals are deterministic and can not take place 
simultaneously. However, two new programming constructs are defined in the 
language, i.e. IF-THEN-ELSE and WHILE-DO. These constructs represent the 
deterministic choice and iteration.  
 
Definition 2.4.1 (Programming constructs for goals) 
Let BA be a set of basic actions, BF be a set of belief sentences, π , π1, … πn ∈ GOAL 
and ϕ ∈ BF. Then, the set of programming constructs for 3APL goals (GOAL) can be 
defined as follows:. 

• BactionGoal: BA ∈ GOAL. 
• PredGoal: BF ∈ GOAL. 
• TestGoal:  if ϕ ∈ BF, then ϕ ? ∈ GOAL. 
• SkipGoal: skip ∈ GOAL. 
• SequenceGoal: if π1, … πn ∈ GOAL, then π1 ; … ; πn ∈ GOAL. 
• IfGoal: IF ϕ THEN π1 ELSE π2 ∈ GOAL. 
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• WhileGoal: WHILE ϕ DO π ∈ GOAL. 
 
The third clause of definition 2.4.1 states that a goal can be a test on a formula. For 
instance box(Id, X1, Y1)? Is a goal, which will not only return true if a box is present 
in the agents beliefs, but will also assign the coordinates of the box’s position to the 
variables X1 and Y1. The last two clauses from definition 2.4.1 state that a goal can be 
composed of other goals by means of the programming construct IF..THEN..ELSE or 
WHILE..DO. The following example shows the use of these composite goals: IF 
box(Id, X1, Y1) THEN moveto(X1, Y1) ELSE SKIP allows the agent to make a choice 
in a certain situation. According to the current mental state of the agent, a choice can 
be made between two goals to be achieved. If a box is present the agent will adapt 
moveto(X1, Y1) as it’s goal. If no box is present the goal will be SKIP (empty goal). 
The goal WHILE box(Id, X1, Y1) DO transport() allows the agent to iteratively 
perform a task until a certain condition no longer holds. 
 
Definition 2.4.2 (Goal base) 
The goal base module of a cognitive agent is then defined as the following 
programming construct: 
 
 GOAL BASE = { πi | πi ∈ GOAL }. 
 
 
2.5 Practical Reasoning Rules 
 
Reasoning rules give the agent capability to construct and revise its goals. Reasoning 
rules give a course of actions to achieve certain goals. From the belief that a plan π is 
sufficient to achieve ϕ, the agent concludes that the plan to be adopted, should be π. 
This is also called means-end-reasoning. Before we define the programming 
constructs for practical reasoning rules, a set of goal variables, GVAR, is introduced. 
These goal variables can be instantiated with goals. 
 
Definition 2.5.1 (goal variables) 
First we extend the set GOAL to include goal variables. The resulting set VGOAL is 
defined by extending the definition 2.4.1 of GOAL with the following clause: 
  If X ∈  GVAR, then X ∈ VGOAL. 
 
Definition 2.5.2 (Programming constructs for practical reasoning rules) 
Let πh, πb ∈ VGOAL and ϕ ∈ BF, then a practical reasoning rule is defined as 
follows: 
  πh ← ϕ | πb 
This practical reasoning rule can be read as follows: if the agent’s goal is πh and the 
agent believes ϕ , then πh can be replaced by πb. 
 
πh is called the head of a rule and πb the body of a rule, ϕ is called the guard. When 
the head of the rule matches a goal in the goal base, and the guard of the rule is 
satisfied then the goal in the goal base is replaced by the body. The guard is a belief 
formula. This guard needs to be true before the rule can be applied to the goal base. 
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An agent that can adopt the goal to move to a certain position and transport a box, will 
have the following rule: 
 
move_and_transport() <- robot(Self, X1, Y1) AND box(Id, X2, Y2) | 
    BEGIN 
    moveto(X2,Y2); pickup(); moveto(X1, Y1) 
    END 
 
The guard of the rule is a conjunction of the position of the agent and the position of 
the box. The guard is used to test whether the formula is derivable from the belief 
base or not. When the formula is derivable, the substitution of the derivation is used to 
specify the body-goal. This means the variables from the belief formula are used to 
assign the variables in the body of the rule. The body of the rule consists of the 
programming constructs BEGIN and END, these are only used when the body 
consists of more than one goal.  
 
Definition 2.5.3 (practical reasoning rules) 
The practical reasoning module of a cognitive agent is then defined as the following 
programming construct: 
 
 PRACTICAL REASONING RULES = { P | P is a practical reasoning rule } 
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2.6 Semantics of 3APL 
 
In (Hindriks et al, 1999) an operational semantics for the 3APL language is proposed 
which is defined by means of a transition system. This semantics specifies transitions 
between the agent’s states by means of transition rules. The state of an agent is 
defined as follows: 
 
Definition 2.6.1 (State of an agent) 
The state of a 3APL agent is defined as a 4-tuple < Π, σ, Γ, θ >, where Π is the set of 
the agent’s goals, σ is the agent’s beliefs, Γ is the set of practical reasoning rules, and 
θ is a substitution consisting of binding of variables that occur in the agent’s beliefs 
and goals. (In the sequel we leave out Γ from the agent’s states since this part does not 
change by transitions.) 
 
The binding of variables θ is generated and updated by transitions that are responsible 
for the execution of test goals and the application of practical reasoning rules. The 
variable binding θ is passed through successive  transitions. Before applying the 
practical reasoning rules the guard and the head of the rule, which may contain 
domain variables, needs to be unified with a belief formula. The head of the rule may 
also contain goal variables, which need to be unified with the goal base. Both these 
unifications result in substitutions, which are passed on to the next states. 
 
We do not reintroduce all the transition rules, but only two of them to illustrate how 
they work. See (Hindriks et al., 1999) for other transition rules. 
 
Definition 2.6.2 (agent transition) 
Let Π = { π0,…, πi,…, πn } ∈ GOAL, and θ and θ’ be ground substitutions. Then, 
 

  < πi , σ, θ > → < πi’ , σ’, θ’ > 
 < { π0, …, πi  , … πn }, σ, θ > → < { π0, …, πi’  , … πn } , σ’, θ’ > 

 
The above definition states that a transition on a set of goals can be accomplished by 
transitions on individual goals separately. Additional transition rules exist for 
application of practical reasoning rules, test goals and basic actions. For more 
information on 3APL semantics we refer to (Hindriks et al, 1999). The transition rule 
for basic actions is formulated as follows. 
 
Definition 2.6.3 (transition rule for basic action) 
Let { ϕ } A(X) { ψ } be a basic action with a list of parameters X and ϕ, ψ ∈ BF and τ 
be an update function that specifies the effect of the basic action on beliefs. The 
semantics of basic actions is captured by the following transition rule: 
 

  τ ( A(X), σ, θ ) = σ’ & σ ￄ ϕ 
          < A(X), σ, θ > → < E , σ’, θ > 
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2.7 Deliberation cycle 
 
Until now we have only talked about the design and formal representation of the 
language 3APL. The next step after designing a language is to build a computer 
program that executes a 3APL program. Such a program is called an interpreter.  
 
Beliefs, actions, goals and rules are coded in data structures. The interpreter uses a 
fixed procedure for selecting and executing reasoning rules, goals and capabilities. 
We call this the deliberation cycle, which decides which changes are made to the 
belief- and goal base. These are the only structures that can change during the 
execution of a 3APL-program, the rule base and the actions are static. 
 
Figure 2.2: Deliberation cycle 

 
 
The deliberation cycles illustrated in figure 2.2 contains the following steps: 
 
1. Find Practical Reasoning Rules that Match Goals  
2.  Find Practical Reasoning Rules that Match Beliefs  
3.  Select Practical Reasoning Rules to Apply to Goals  
4.  Apply Practical Reasoning Rules to Goals  
5.  Find Goals To Execute  
6.  Select Goals To Execute  
7.  Execute Goal  
 
This is the mechanism to select the rules for the current situation and to find the goal 
to be executed. After selecting the rules, we apply them to the goal base and revise the 
goal base. Then the goal to be executed is selected. The goal selected could change 
the belief base, since a goal can consist of a basic action. The executed actions will be 
removed from the goal base. The parts of the goal, which were not executed, like for 
instance an achievement goal, remain in the goal base. At this moment the cycle starts 
again, until the goal base is empty. 
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2.8 Example program 
 
In this section an example of a program is given. The program tells a robot to clean a 
world from bombs, which means searching them and picking them up (dangerous 
job). 
 
PROGRAM “agent1” 
 
CAPABILITIES: 
 
 { robot(r0, X0, Y0) }  
  MoveTo(X1, Y1) 
 { NOT robot(r0, X0, Y0), robot(r0, X1, Y1) }, 
 
 { robot(b0, X, Y), bomb(b0, X, Y) } 
  Pickup() 
 { carriesBomb(r0), NOT bomb(r0, X, Y) }, 
 
BELIEFBASE: 
 
 bomb(b0 , 2, 2), 
 robot(r0, 1, 0) 
 
GOALBASE: 
 
 cleanupBombs() 
  
RULEBASE: 
 
 findbomb() <- robot(r0, X0, Y0) AND bomb(b0, X1, Y1) | 
    MoveTo(X1, Y1), 
 
 cleanupBombs() <- bomb(b0, X, Y) | 
       BEGIN 
  findbomb(); 
  Pickup(); 
  cleanupBombs() 
       END. 
 
The program is build up from the four bases. First the basic actions, also called 
capabilities. There are two capabilities, the MoveTo() and the Pickup(). The 
precondition of the first one specifies the position of the robot and its postcondition is 
that it is not at the initial position, but at the new position. The belief base consists of 
two belief formulas, the position of the robot and the position of the bomb. This will 
change during the execution of the program. The goal base has one initial goal. To 
clean up the bombs. When the execution starts, the rules that match this goal and also 
match the robot’s current beliefs will be selected. The rule (cleanupBombs) is 
selected, because it requires that there is a bomb present. The rule is applied and the 
goal in the goal base is replaced by the three goals of the body of this rule. Now the 
cycle begins again. The goal findbomb() matches the rule findbomb, the guards are 
true and the goal is replaced by the capability/action MoveTo. The capability is 
executed and the beliefs are updated, the next goal is Pickup, which is also a 
capability. The last goal is cleanupBombs again. Note that this is the recursion 
mechanism. 
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Chapter 3 
Extending 3APL for high level robot control 

 
An interpreter for the 3APL-language has been implemented. During the execution of 
the deliberation cycle a goal is selected and executed. This goal can consist of basic 
actions. When such a basic action has been executed, the agent’s beliefs are updated. 
The basic action itself did not do anything, except updating beliefs. 3APL can be used 
as a language for controlling a robot, but the language needs to be extended. The 
agent needs the capability to interact with its environment, and therefore, a new type 
of basic action needs to be introduced. This basic action will be an external basic 
action that is capable of manipulating the environment and updating the agent’s 
beliefs. The actual execution of a basic action should be done by an external program. 
 
3.1 Problems with real physical worlds 
 
In a real world environment an agent, in this case a robot, will encounter a lot of 
uncertainties. An action in a real world environment may have a certain effect. The 
problem with a real world environment is that this effect is uncertain. For instance 
consider a robot that wants to move itself to a certain location. The effect of this 
action can have two outcomes: the robot has moved to the location or the robot did 
not reach the location, for some reason. The first is an idealistic situation and the 
second is the realistic situation. A lot of different factors influence the execution of an 
action: the motor control is not perfect, skidding wheels, an obstacle on the robot’s 
path, errors in navigation, etc. The effects of these factors are very hard to predict. 
One option is to design a model for predicting the outcome of the action. A stochastic 
model would be an option. We have chosen for another option, which does not 
assume that predicting the outcome is possible. The uncertain effects of actions can be 
checked after the execution. When the execution has ended or has been interrupted, 
the robot needs to sense the uncertain effects of its actions.  
 
3.2 Focus of our problem 
 
The focus of our problem is extending the language 3APL with physical actions in 
such a way that their uncertain effects can be modelled. In the current specification of 
3APL a basic action is specified in terms of a precondition and a postcondition, which 
are belief formula. The postcondition denotes the effect of the action. As a 
consequence of uncertain effects one cannot specify some of the postconditions of 
physical actions, i.e. some of the belief formula in the postcondition of a physical 
action cannot be predicted and specified. These beliefs need to be derived from sensor 
information. In this research we consider only the motion actions. Moreover, we 
consider the robot’s position as the uncertain effect of the motion actions. After 
movements the robot will calculate its new position from the sensor information it has 
received. The external world in which the robot acts is a very simple rectangular 
room. An external program is needed to execute the physical basic actions (motion) 
on a real robot, derive the reached position from its sensor information, and to send 
the derived position back. Every execution of a physical basic action (motion) will 
return the results in the form of belief formulas. Another approach would be to use an 
“observe” action that would sense the world and return a set of belief formulas. This 
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would mean that after every basic action an “observe” action should be executed. 
Incorporating the sensing in the execution of the basic action should be more efficient 
as the programmer need not explicitly program this. Therefore, for the extension of 
3APL, a set of basic motor actions for the mobile robot needs to be specified and a 
discrimination must be made between mental and physical actions. 
 
3.3 Set of Basic Actions 
 
The robot can perform basic mental actions, which affect its beliefs. Physical basic 
actions manipulate the real environment and consequently the robot’s beliefs. The 
robot needs to know when an action only updates its beliefs or also manipulates the 
environment. The postcondition of mental actions can be specified beforehand while 
the postcondition of physical actions cannot. We propose to discriminate mental from 
physical basic actions. Note that in this research we used a mobile robot to perform 
the physical basic actions. Any external program can be used to perform actions in an 
environment. An action can also be executed in a software environment. Therefore the 
physical basic action will be called an external basic action. 
 
Definition 3.3.1 (Programming construct for external basic actions) 
Let external_α(X) be an external action with parameters X and ϕ,ϕ’, ψ ∈ BF. Then, 
the programming construct for external basic actions has the form: 

 { {ϕ },{ϕ’ } } external_α(X) {ψ } 
where ϕ specifies the certain part of the precondition and ϕ’ specifies the uncertain 
part of the precondition of the action and ψ specifies the certain postcondition. 

 
In definition 2.3.1 the basic action has been defined with a pre- and postcondition. In 
the same way, we can define an external basic action with a pre- and postcondition.  
In definition 3.3.1, ϕ’ specifies those preconditions that may not hold after the 
execution of the action and which should be updated by sensory information in order 
to specify the uncertain effect of the action. The certain part of the pre- and 
postconditions are specified by ϕ and ψ, in the same way as with basic (mental) 
actions. 
 
Definition 3.3.2 (external basic actions) 
First we extend the set BASIC ACTIONS to include external actions. The resulting 
set BASIC ACTIONS’ is defined by extending the definition of BASIC ACTIONS 
with the following clause: 
 BASIC ACTIONS’ = BASIC ACTIONS ∪ { D | D is an external basic action }. 
 
For instance the robot uses an external action external_moveto(x, y) to move to a 
certain location (x,y). The specification of this action is { Φ, { position(x,y,d) }} 
external_moveto(x,y) { } , where the robot's position is a precondition 
that may not hold after the execution. After the movement, the only thing known is 
that the robot is most likely not at the begin position anymore. The actual new 
position will be given by the external program that performs the action. 
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Definition 3.3.3 (transition rule for basic action) 
Let { { ϕ },{ ϕ’ } } external_α(X) {ψ } be an external basic action with a list of 
parameters X and ϕ, ϕ’, ψ ∈ BF and τ<ϕ, ϕ’,ψ> be an update function that specifies the 
certain effect of the basic action on beliefs based on ϕ, ϕ’,ψ and τ<s, ϕ’> be an update 
function that specifies the uncertain effect based on sensory information and ϕ’. The 
semantics of basic actions is captured by the following transition rule: 
 
σ ￄ ϕ’ & σ ￄ ϕ &  τ<ϕ, ϕ’,ψ>(external_α(X), σ, θ ) = σ’’ & τ<s, ϕ’>(external_α(X), σ’’, θ ) = σ’ 

< external_α(X), σ, θ > → < E , σ’, θ > 
 
The transition rule stated in definition 3.3.3 uses two update functions, the first (τ<ϕ, 

ϕ’,ψ>) updates the beliefs in the beliefbase specified by ϕ, ϕ’, ψ. The second (τ<s, ϕ’>) 
updates the beliefs in the beliefbase based on sensory information and ϕ’. 
 
An external basic action construct will be sent to an external program, which will 
execute the action and will return the result about uncertain effects. In order to make 
communication between the agent and the external program possible, a vocabulary is 
needed which both can understand. The agent will translate the external basic action 
to a command and sends it to the external program. The result of an action will be a 
set of belief formulas. A set of commands should be designed to allow this 
communication. These commands will consist of basic and composite commands. A 
composite command will be a sequence of basic commands. Only basic commands 
will actually be executed by the external program. This structure of commands allows 
the agent to use both lower and higher level control over the external program. 
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3.4 Set of Commands 
 
A set of commands was needed for the communication between the 3apl-interpreter 
and the external program ROS (Robot Operating System). When an external basic 
action is executed by the interpreter, the basic action is translated into a command. 
This command is sent to the ROS. Commands can be basic commands (for lower 
level control of the robot) or composite commands (for higher level control). These 
composite commands consist of basic commands. 
 
Definition 3.4.1 (basic commands) 
Let BC(X) be a basic command with parameters X. Then, the set of basic commands 
BASIC COMMANDS is defined as follows: 

Move(m) ∈ BASIC COMMANDS where m is a distance in mm, 
Turn(d) ∈ BASIC COMMANDS where d is an angle in degrees. 

 
The two basic commands from definition 3.4.1 can be executed by the ROS. These 
commands are executed into direct movements of the robot. 
 
Definition 3.4.2 (composite commands) 
Let ; be the sequential execution of two commands. From the set of BASIC 
COMMANDS the set of COMPOSITE COMMANDS can be defined as follows: 
if C1 ∈ BASIC COMMANDS, then C1 ∈ COMPOSITE COMMANDS. 
if C1, C2 ∈ BASIC COMMANDS, then C1; C2 ∈ COMPOSITE COMMANDS. 
 
The set of composite commands, defined in 3.4.2 and 3.4.3, consist of one or more 
basic commands. Some commands have a constant value or a value derived from a 
formula. For example, the composite command TurnTo(x0, y0, d0, x1, y1) is the basic 
command Turn(d) with the formula  
d = arcsin(  x1 – x0  /  √ (|x1 – x0|2 +  |y1 – y0|2). Definition 3.4.3 describes all these 
composite commands derived from basic commands. 
 
Definition 3.4.3 (translation of commands) 
Let ; be the sequential execution of two commands, x0,y0,d0 the start position and 
orientation and x1, y1 the ending position. From the set of BASIC COMMANDS the 
set of COMPOSITE COMMANDS can be derived in the following way: 

TurnTo(x0, y0, d0, x1, y1) = Turn(d) where  
d = arcsin(  x1 – x0  /  √ (|x1 – x0|2 +  |y1 – y0|2)), 

MoveTo(x0, y0, d0, x1, y1) = TurnTo(x0, y0, d0, x1, y1) ;Move(m) where
   m = √ (|x1 – x0|2 +  |y1 – y0|2), 

TurnRight() = Turn(d) where d = 90, 
TurnLeft()  = Turn(d) where d = -90, 
TurnAround()= Turn(d) where d = 180, 
MoveNorth() = MoveTo(x0, y0, d0, x1, y1) where x1 = x0, y1 = y0 – 1, 
MoveSouth() = MoveTo(x0, y0, d0, x1, y1) where x1 = x0, y1 = y0 + 1, 
MoveEast() = MoveTo(x0, y0, d0, x1, y1) where x1 = x0 + 1, y1 = y0, 
MoveWest() = MoveTo(x0, y0, d0, x1, y1) where x1 = x0 - 1, y1 = y0, 
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The formula for calculating d and m need some explanation. d represents the amount 
of degrees a turn should be in order to face a certain direction. The arcsin returns the 
angle from (x0, y0) to (x1, y1). The value of m is calculated with Pythagoras’ 
theorem. 
 
 

d 
m 

(x0, y0) 

(x1, y1) 
 
 
 
 
 
 
 
The translation of composite commands into basic commands is done by the 
scheduler of the ROS. Figure 3.1 shows the relations between the basic and composite 
commands. 
 
Figure 3.1: relation between basic and composite commands 
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Chapter 4 
Robot Operating System 

 
An external program that receives the basic actions from the agent was needed. This 
program will execute the action in a certain environment. The external program is 
called “Robot Operating System” (ROS). The environment that was used for this 
research, is a static fixed environment. It consists of four walls at known positions 
within a coordinate system in a rectangular space. The agent controls a mobile robot 
in this environment. The ROS runs on the robot’s build-in computer and translates the 
basic commands to direct movement control.  
 
Figure 4.1: Model ROS 
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Figure 4.1 shows the structure of the robot operating system. The interpreter reads a 
3apl-file and parses the contents into beliefs, actions, rules and goals. A subset of 
beliefs (about the environment) is sent to the ROS. From this subset the world model 
is created. These beliefs represent the objects (walls) in the environment with their 
known positions. We have chosen for a world model instead of using the belief base 
as representation of the world. The world model consists of a part of the beliefs from 
the belief base, but has a different representation. The information from the 
worldmodel is not returned to the interpreter directly, but through the scheduler.  
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The ROS consists of a scheduler, world model, self-localizer and a robot interface. 
The scheduler receives a command from the 3APL-interpreter. This command is 
translated in a number of basic commands. These basic commands are then scheduled 
in a queue, waiting for execution. The self-localizer runs an algorithm that calculates 
the position of the robot. It uses sensor readings and objects from the world model. 
The robot interface translates actions into direct movements of the robot and returns 
sensor readings. The 3apl-interpreter starts its deliberation cycle and when an external 
basic action needs to be executed a command is sent to the ROS. This command is 
derived from the external basic action by the interpreter. Actual execution of the 
command will be done by the robotinterface that has a connection with the 
robot/simulator. After execution the new position is calculated and sent back to the 
3apl-interpreter. The interpreter and the ROS (and parts of the ROS) run as different 
threads and communicate through network sockets. 
 
Figure 4.2: flow of control ROS 
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4.1 Scheduler 
 
A scheduler was needed for translation of the composite commands into basic 
commands. The scheduler receives a command from the agent. The commands are 
translated in a number of basic commands. These commands need to be executed one 
by one. The basic commands are put in a queue-structure. This is done with a first-in-
first-out (FIFO) policy. 
 
Figure 4.3: scheduler 
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After scheduling a command the scheduler will start the execution
first command from the queue and sends this command to the robo
executed. When the execution of the command is finished the sche
self-localizer to calculate the new position. The cycle starts again 
command. When all commands in the queue are executed the sche
newly calculated position to the agent. The scheduler is designed i
not to accumulate the errors made by successive movements. The 
scheduled in a queue before the movements start. In case the first 
a navigational error the starting position of the second movements
wrong. The position of the robot is calculated between the executi
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command will be corrected. The new position is always updated fo
if the last movement did not produce an error. 
 
4.1.1 implementation 
 
A scheduler was implemented in Java 1.4.1. It consists of the follo
scheduler class, a FIFO-queue class, a queue element class and an
The scheduler was designed for translating commands into basic c
schedule them in a queue. The basic commands in the queue are im
Actions. Actions have the following properties: a unique id, name,
basic), starting position and an ending position. The positions of th
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implemented as classes. The idea is that commands, received from the interpreter, 
have movements or desired positions as parameters. These are calculated into a 
starting position and an ending position. These positions are translated into 
movements during execution in the robot interface.  
 
The queue class is implemented as a standard data structure (Cormen1989) and uses a 
first-in-first-out policy. It consists of a queue class and a queue item class. The queue 
has a head and tail pointer, which points to the first and last item in the queue. All 
items in the queue have a pointer to the next item and a pointer to an action. This 
action is the contents of the item. The queue item class is only a container for storing 
actions. 
 
Figure 4.4: queue structure 
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The constructor of the scheduler builds an empty queue. Scheduling an action
by calling the method Schedule() with a command (string) as a parameter. Th
method Schedule(command) takes the parameters from the command-string a
constructs the actions. The actions are put in the queue. After scheduling, the 
method takes the actions from the queue and executes them (like described in
4.2). 
 
The Schedule() method is implemented in a way that it makes recursive sched
possible. This means that when a composite command is scheduled, the metho
Schedule() calls itself with a basic command as parameter. For instance, a com
command TurnRight() will be scheduled as a Turn(90) command, where angl
 
Execution of an action (or basic command)  is done by calling the method Exe
with the action as a parameter. This method calls the Execute() method of the
interface. After the execution of an action, the selflocalizer is called to calcula
current position. The next action (if there is one) is taken from the queue and 
starting position of the action is updated with the current position. 
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4.2 World model 
 
This component is used to store representations of objects in the real world. These 
representations are called artefacts. These are used to describe the environment of the 
robot. Every artefact is a representation of a real object in the environment. All 
artefacts have certain properties, like unique identification, position, type, etc. These 
artefacts are gathered in a linked-list-datastructure. This was a only a choice, any 
datastructure can be used for this. 
 
Figure 4.5: world model  

current position 

head  World model

 
 
 
 
 
 
 
 
 
 
 
 

 
= artefact 

Aside the objects from the environment, the world model also contains the current 
position of the robot. The world model is only used for storing the artefacts in the 
collection and retrieving information about the artefacts from the collection. Retrieved 
information about the artefacts is used for the self-localization-algorithm, which is 
executed in the self-localizer. 

4.2.1 implementation 
 
The world model is implemented as a class. Within this class several instances exist of 
the artefact class. Every object is represented by an artefact. The artefact consists of a 
unique id, a name, a type and a set of positions (artefact can have multiple positions, 
for instance a straight line has two positions: a starting point and an ending point). 
The artefacts also have a constant value for the variance of value x and y, called jitter. 
This value states the variance of the positions of the artefacts. These are used by the 
selflocalizer to fit the artefacts with detected objects. The artefact has a method 
atPosition(x,y), which checks if the object is at the x,y position. The known positions 
and the variance are used for this. The values for x and y jitter should be raised, when 
the selflocalization fails. The artefacts also have set and get methods, which change or 
retrieve the information stored (like positions, type, etc..) in the class. 
 
The artefacts are collected in a standard data structure, the linked list (Cormen1989). 
A linked list is a list of elements that link to each other. The Vector class in Java is an 
implementation of a linked-list. An element can be added to the structure by changing 
links between the element and the two elements it is added in between. Removing an 
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element is done in the same way. One artefact is not stored in the data structure, the 
representation of the robot’s position. This is done, because of the frequency this 
position is used. Searching in a list for the same element every time is inefficient. 
 
The constructor of the world model class is called with a set of beliefs (collected in a 
Vector class). These beliefs are translated into objects with their properties. The world 
model also has set and get methods, which change or retrieve the artefacts stored  in 
the class. 
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4.3 Self-localization 
 
The robot needs to know its position at each moment in order to successfully navigate 
in its environment. The robot is equipped with sensors, like sonar and laser. These 
sensors receive values, which indicate the distance between the sensors and a certain 
object. The robot is continuously gathering this information. The self-localizer 
component receives this sensor information and uses it for recognition of known 
objects in the environment. With these recognized objects and the world model the 
self-localizer calculates the new position. The robot needs a roughly estimated 
position in order to apply the recognition-algorithm. This estimated position is derived 
from dead-reckoning, a technique which records the movements done by the robot. 
Wheel size and number of rotations and an internal compass are used to record the 
movements. 
 
The recognition-algorithm is based on a Hough transform (Hough59), which searches 
for a mathematical model of the object. The Hough transform allows recognition of 
global patterns in an image space by recognition of local patterns (points) in a 
transformed parameter space.The world model of the robot consists of four straight 
walls. We need to search for a mathematical model of a straight line. Definition 4.3.1 
describes a mathematical model for a straight line. 
 
Definition 4.3.1 (Mathematical model of straight line) 
A straight line can be modelled by the following formula: 
 r = x cos θ + y sin θ 
where 
 r is the perpendicular distance from the origin. 
 θ is the angle between r and the normal. 
 
A straight line can be modelled by the formula from definition 4.3.1. This can be 
proven by assuming another model of a straight line, y = ax + b. Where a is the slope 
and b is the y-intercept. 
 
Proof 
       

assume  model for straight line  y = a x + b  
 

- cos θ         r 
            assume   slope and y-intercept      a =                            b =   

     sin θ       sin θ 
 

     - cos θ         r 
(substitute  y =        x  +  

 a and b)   sin θ      sin θ 
 

              - cos θ            r 
 (multiply with  (sin θ) y  =  (sin θ)  x  + (sin θ)       
   sin θ)              sin θ          sin θ 
 
    (sin θ) y  =  - (cos θ)  x  +  r       
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 r  =  x cos θ + y sin θ 

 
The recognition algorithm builds a two-dimensional histogram with the parameters r 
and θ. The (x,y)-points are mapped into the two-dimensional (r, θ) space. The 
combination of discrete r and discrete θ with the highest number of hits is the line 
with the most (x,y)-points on it. By using a certain value as a threshold, multiple lines 
can be detected. 
 
Figure 4.5: Hough transform 
 

 

 
 
The recognition algorithm searches for the r and θ of the line that has the most points 
(x,y) on it. First, the r is calculated for all points and all angles. This produces a 2D 
array with r times θ cells. Every cell holds a value (number of hits), which indicate the 
number of points modelled by the line with r and θ. From this array the solutions are 
extracted. Multiple lines can be detected by taking a certain value as a threshold for 
the number of hits. All cells are checked and the cells with a value higher then the 
threshold are selected as solutions (detected lines). Definition 4.3.2 shows the 
algorithm.  
 
Definition 4.3.2 (Hough transform algorithm) 

// build 2D histogram 
For all datapoints from laser do 

  Get x, y from datapoint 
  For all angles θ from 0 to 180 do 
   r = x cos θ + y sin θ 
   data_array[r][θ]++ 

// extract solutions 
For all r from 0 to MAX_DISTANCE do  
 For all angles θ from 0 to 180 do 
  If data_array[r][θ] > HIT_THRESHOLD then 
   Add solution(r, θ) to solutions 

 
The detected line can be mapped on the world model. The world model consists of the 
four lines: north (0 or 360˚), east (90˚), south (180˚) and west (270˚). Mapping the 
detected lines on the world model is done by matching the θ-value with the angles of 

4. Robot Operating System  25 



 
3APL as Programming Language for Cognitive Robots  

the lines from the world model. A detected line with θ = 274˚ is probably the western 
wall in the world model. The robot estimates its expected position on the basis of its 
old position and the movements that have been performed, this is called dead-
reckoning. Sensors register the number of times the wheels rotated and a compass is 
used for estimating the orientation. Note that a robot’s position is the x,y position in 
the world and has a rotational orientation (0 to 360˚).  
 
Figure 4.6: fitting to the world model 

 
 
The detected lines are rotated around the origin, until they fit the world model. This is 
done in order to translate the laserdata from relative to absolute orientation in the 
environment. The laserdevice of the robot sends out an array of laserbeams over 180 
degrees, 0 to 180 degrees (see figure 4.7). The front of the robot is always facing 
towards the laser points at 90 degrees. From dead-reckoning the expected rotational 
orientation (d) of the robot is known. Figure 4.6 shows the rotation around the origin. 
The detected lines have a corrected angle θn = (d – 90) + α, where α is the original 
angle extracted from the recognition algorithm. Example: if d = 275˚ and α = 20˚ then 
θ1 = (275 – 90) + 20 = 205˚ 
 
Figure 4.7: sensor information from laser 
 

 

robot 

 

 

(a) laserdata of the environment   (b
 
The position of the robot is calculated from the know
world model) and the distance (r) from the origin. Th
used for calculating the y-position and the eastern an
calculate the x-position. The rotational orientation of
the detected lines. After rotating around the origin, th
some error. This error is the error in the estimated ori
error is now known and can be used to adjust the rob

4. Robot Operating System  
0˚
) range of th

n position of
e northern an
d western wa
 the robot is a
e lines fit the
entation by d
ot’s rotationa
90˚
e laser 

 the walls
d souther
lls are use
lso calcu
 world m
ead-recko
l orientati
180˚
 (in the 
n walls are 
d to 

lated from 
odel with 
ning. The 
on. 

26 



 
3APL as Programming Language for Cognitive Robots  

 
4.3.1 implementation 
 
The implementation of the selflocalizer consists of the following classes: a Hough 
class, a sensor data class, a solution class and a localizer class. The localizer class 
contains all the other classes. The localizer calls the method Get_Location(), which 
retrieves sensor information from the robot interface and calculates the current 
position (like shown in figure 4.9). 
 
Figure 4.8: class structure self-localizer 
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The method Get_Location() is used to retrieve the current position from the world 
model and from the sensor information. This choice is made by calling the method 
with a Boolean parameter (true = move done, false = not done). The position is only 
extracted from the sensor information, when a movement has been performed. When 
no movement has been performed, the world model contains the current position 
(calculated after the last movement).  When a movement has been performed, the 
sensor data is retrieved from the robot interface. The Hough class is initialised with 
the data. The Hough class consists of properties and methods for applying the Hough 
algorithm. The current expected position is calculated from the last known position 
and the recorded movements. This expected position is sent to the Hough class and 
the Transform() method is called. This method runs the algorithm (see definition 
4.3.2) and stores the solutions in a solution list (Vector). A Solution class has three 
properties, the angle θ, distance r and the number of hits. The algorithm produces 
multiple solutions, which is needed for detecting multiple lines at ones. The number 
of detected lines are not always the same as the number of walls. Some walls are 
matched with more than one detected line. The lines with angles close to each other 
are probably the same detected wall. So, the solutions need to be averaged. The angles 
of the lines are compared. When the difference is lower then a certain value (constant 
ANGLE_DEVIATION) the lines are averaged. This is done by calculating the mean 
of the angle, distance and the number of hits. The next step is to rotate the detected 
lines around the origin (Figure 4.7). This is done by applying the formula θn = (d – 90) 
+ α to the angles (α) of the detected lines with d as the front orientation of the robot.   
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Figure 4.9: flow of control self localizer 
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4.4 Robot interface 
 
Programming a robot involves being aware that a robot is a machine in a very 
dynamic environment. In its environment the robot moves and tries to achieve its 
goals. The environment changes through robot’s own actions or through those of 
others. A constant and direct control of the robot is necessary. Sensory information 
should always be available. Movements need to be controlled and can be stopped at 
any moment. This requires the robot to be a multi-threaded system, with threads for 
sensor reading, wheel control and collision avoidance. Reactive protection behaviour 
like collision avoidance is always needed to protect the robot from collisions, in case 
the localization fails and the robot does not know where it is moving. 
 
In this research we used a pioneer robot from ActivMedia Robotics. This is a 
company that builds mobile robot platforms and provides the robots with an extensive 
collection of programming tools called ARIA. These programming tools are c++ 
objects, which control the robots movements, sensor gathering and some reactive 
behaviour. The ARIA collection also consist of classes for communication, gripper 
control, a camera, etc., which we did not use in this research. The classes we are 
concerned with are given below: 
 
Figure 4.7: ARIA classes 
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Figure 4.8: object structure ARIA 
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The main ArRobot class links to the ArDeviceConnection. This class provides the 
communication between the robot and the ArRobot class. The ArRangeDevice class 
provides communication with the laser- or sonardevice. What the robot can do is 
programmed in instances of the ArAction class. The ArRobot class has an internal 
class called ArResolver. This class has an execution loop, which resolves the action to 
be done by the robot. The action to be done is called ArActionDesired. These actions 
are direct wheel movements. The ArAction is also called a behaviour. All ArAction 
classes have a priority that denotes the importance of an action. In the execution loop 
the ArResolver calls the fire method of all the actions. This method returns a certain 
ArActionDesired or returns nothing (no action desired). The ArResolver selects the 
ArActionDesired with the highest priority and the required internal state. 
 
The different classes of ARIA is now briefly highlighted. For more information on the 
ARIA class, see [Aria2002] 
 
ArAction  This class is a representation of an action. Inheriting from this  

class allows the programmer to create its own actions. The  
method fire should be overloaded. The ArActions are linked to 
the ArRobot class into an action pool. The ArRobot class has a  
resolver class, which checks what action should be selected in a  
certain situation. When an action is selected to be the best one  
for the current situation, the method fire is called and the  
instructions in it are executed. Note this method can be called  
every 100 ms, as often as the execution loop of ArRobot. 

 
ArActionAvoidFront This class is inherited from ArAction. It protects the robot from 

collisions while moving. When the readings from the range 
device are indicating that an object is in front of the robot, this 
action will stop the robot. 

 
ArActionDesired This class is an internal state, which represent what movements 

should be performed. This state is returned by the resolver and 
defined by the action that has been selected. It indicates what 
ArAction should be selected and executed. 

 
ArDeviceConnection This class is the communication component that provides the 

communication between the robot and the ArRobot-class. 
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ArSerialConnection This class is inherited from ArDeviceConnection. It provides 
communication through a serial device. 

 
ArTCPConnection This class is inherited from ArDeviceConnection. It provides 

communication through a network socket. 
 
ArRangeDevice This class is the interface to a range device that provides sensor-

readings. This class is linked to the ArRobot. It consists of two 
buffers with sensor readings. One buffer for the last readings 
taken and one for a history of the readings. 

 
ArSonarDevice This class is inherited from ArRangeDevice and is used for 

robots equipped with sonar. 
 
ArSick This class is inherited from ArRangeDevice and is used for 

robots equipped with a Sick laserdevice. 
 
ArRobot  This class is always needed, it is the heart of ARIA. Other  

classes for movement and sensor input are linked to this one. A 
great number of methods are available for controlling the robot 
and retrieving sensor information. The method run starts a 
execution loop, which cycles every 100 ms. Within the loop the 
internal state (speed, heading, etc) of the robot is updated, 
sensor input is processed and the desired action is selected. 

 
ArPose   This class represents a position in the real world. It is used for  

holding the coordinates of sensor readings and the robot itself. 
 
The robot interface in ROS uses these ARIA-classes to execute the commands given 
by the scheduler. Section 4.4.1 describes how these commands are executed with 
ARIA. The ROS is designed flexibly to be portable to other robots. This means that 
the software can be used by another robot by changing a small independent software 
component. This component is part of the robotinterface. Building the interface in a 
dynamic library (dll) makes this possible. The procedures that directly control the 
robot need to be in a library that is dynamically linked to the program during 
execution. 
 
4.4.1 implementation 
 
The robot interface has been implemented in two languages, java and C++. This is 
done because the ARIA-classes are written in C++ and the interpreter has been 
implemented in Java. The robot interface consists of two java classes, the aria- 
interface class and the ariacontrol class. The C++-side of the robot interface consists 
of a dynamic library (dll). Java has the capability to link libraries, implemented in 
other languages, to a java class (JNI). The methods of the java class are required to 
have exactly the same syntax (name and parameters). The methods are labelled with 
the keyword ‘native’. The actual implementation of these methods is done in the C++ 
library. The java class only consists of the native method headers and the library name 
to link too. 
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The java classes AriaInterface and AriaControl consist of the same properties and 
methods. Every method called from the AriaInterface is translated to methods from 
the AriaControl. This design choice was made to make portability of the software to 
another robot easier. 
 
Figure 4.9: JNI structure 
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Figure 4.9: flow of control execution of an action 
 
 
 
 
 
 
 
 
 
 
 
 
4.5 Interpreter 
 
The 3APL interpreter has been implemented in Java [Dastani2002b]. The 
an external basic action is done by sending a command from the interprete
external program. The interpreter waits for a result to return. Communicat
needed between the interpreter and the ROS. This communication has bee
implemented using Network Sockets. Standard API’s in java exist for this 
communication, the Socket class and the ServerSocket class. 
 
Two classes have been implemented, the Communicator and the 
CommunicatorClient. The client listens to a communication port and waits
command to be received. The Communicator connects to a port and sends 
command. When connection has been made between the communicator an
the communication is two-way. The Agent sends a command to the ROS a
returns a string (with the new position) after receiving the command and e
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The interpreter and the ROS run as separate threads and communicate through 
network sockets. In this way the programs can run on the same machine or on two 
separate machines connected by a network or the Internet. 
 
4.6 Mobile robot 
 
The mobile robot used in this research is an ActivMedia Robotics Pioneer P2-Dxe. It 
can be equipped with an embedded computer, opening the way for onboard vision 
processing, Ethernet-based communications, laser, DGPS, and other autonomous 
functions.  The P2-DXe stores up to 252 
watt-hours of hot-swappable batteries. It 
arrives with a ring of 8 forward sonar and 
with an optional 8 rear sonar ring. The P2-
DXe's powerful motors and 19cm wheels 
can reach speeds of 1.6 meters per second 
and carry a payload of up to 23 kg. 
 
Moving the robot is done by putting a 

certain speed 
on the wheel 
motors. Turning is done by differentiating the speeds 
between the left and right wheel. Sonar and laser are 
used for detecting obstacles and object in the world. 
Some reactive behaviour must be built in to protect the 
robot from collisions. The laserdevice will also be used 
for localization and navigation. 

 

The mobile robot is equipped with an on-board 
computer, which is connected to the laserdevice and the 
platform base. The ROS (with the aria libraries) is 
executed on this computer. Movement commands are 
sent to the platform base and sensor readings are taken 
from the laserdevice and the sonar ring.  
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4.7 Test environment 
 
The test environment will be a simple static environment. It will consist of four 
straight walls of approximately 4,5 meters. ActiveMedia Robotics provides a 
simulated software environment, which is capable of simulating the same 
environment. A variable can be set in the ARIA software to choose between 
connecting to the robot or to the simulated robot (and environment). Robot 
movements and sensory information are simulated in this software. 
 
Figure 4.9: test environment 
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Chapter 5 
Results 

 
The implementation of the ROS and the communication with the interpreter has been 
done. The next step is to do some experiments with the robot/simulator. The important 
question in these experiments is “How accurate are the movements and the self-
localization algorithm?” The experiments were done in the simulated software 
environment and in a real world environment.  
 
The following 3APL program was used for the experiment: 
 
/** 
 * file: agent1.3apl 
 * 
 * author(s): Marko Verbeek (mverbeek@dds.nl) 
 * 
 * date of last modification: 30-08-2002 
 * 
  */ 
 
PROGRAM "agent1"  
 
CAPABILITIES: 
 
 { position(X0, Y0, D0) } 
 External_Turnto(X0, Y0, D0, X1, Y1) 
 { NOT position(X0, Y0, D0) }, 
 
 { position(X0, Y0, D0) } 
 External_Moveto(X0, Y0, D0, X1, Y1)  
 { NOT position(X0, Y0, D0) }, 
 
 { NOT carrybox(self) } 
 Getbox() 
 { carrybox(self) }, 
  
 { carrybox(self) } 
 Deliverbox() 
 { NOT carrybox(self) } 
 
BELIEFBASE: 
  
 box(1900, 1445),  
 deliver_position(2145, 1700), 
 forbidden(1), 
 park(2025, 1575), 
 position(2025, 1575, 90) 
 
GOALBASE:  
  
 start() 
  
RULEBASE: 
 
 move_to(X, Y) <- position(Xr,Yr,Dr) AND  
    ((10 < Xr - X OR -10 > Xr - X) OR (10 < Yr - Y OR -10 > Yr - Y))| 
   BEGIN External_Moveto(Xr, Yr, Dr, X, Y);move_to(X,Y) END, 
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 move_to(X, Y) <- position(Xr,Yr,Dr) AND  

(NOT(10 < Xr - X OR -10 > Xr - X) AND NOT(10 < Yr - Y OR -10 > Yr -  
Y))| SKIP, 

 
 transport() <- box(Xs, Ys) AND deliver_position(Xd, Yd) | BEGIN  
   Getbox(); move_to(Xd, Ys); move_to(Xd, Yd); Deliverbox(); 
   IF forbidden(1) THEN move_to(Xs, Yd) ELSE move_to(Xd, Ys); 
   move_to(Xs, Ys) END, 
 

start() <- box(Xs, Ys) AND park(Xp, Yp) | BEGIN move_to(Xs, Ys); transport();  
 move_to(Xp, Yp); start() END. 

 
The program tells a robot to collect boxes and deliver them to a certain position. Two 
external basic actions are available, the moveto and turnto. Also two mental basic 
actions are available, the getbox and deliverbox. These actions only update the robot’s 
beliefs about picking up and delivering boxes. There are no real boxes in the 
environment! The rule base consists of four rules, which tell the robot what to do and 
how to do it. The rule start() tells the robot to move to a box (if there is one) and 
transport it to a certain position and start again when finished. The move_to rule has 
two implementation, one where the robot is at the right position and one where he is 
not. When the robot is not at the right position, the move is called again. Until the 
position of the robot is correct.  
 
Experiments in the simulated environment and in the real world environment were 
done. The movements and localization results were recorded during the movements.  
Note that the results were obtained with experiments in a controlled environment. The 
robot was programmed with a certain parameters, like speed, wheel distance, etc. 
These conditions should be taken into account in future experiments. The results are 
shown in the appendices A.1 to A.11. The following sections will cover a short 
highlight of the results and their interpretation. The following questions need to be 
answered: 
 

- How accurate is the laserdevice? 
- How accurate is the turn command? 
- How accurate is the move command? 
- Which factors contribute to the total movement error? 
- What is the difference between simulated and real world environment? 
- How accurate is dead-reckoning? 
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5.1 Localization 
 
The accuracy of the localization was first tested by measuring the distances received 
from the laserdevice. In section 4.3 the principle of localization was explained. The 
distance received from the laserdevice and the known position of the wall is used to 
extract the position of the laserdevice (and the robot). Figure 5.1 shows this principle. 
 
Figure 5.1: localization principle 
  y1 
          
            x-position robot = x1 + d2  or  x2 – d3 
     d1         y-position robot  = y1 – d1  or  y2 + d4 
 
 
  d2      d3 
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  y2         
 
The x- and y-coordinates of the walls are fixed. The error in the extracted position of 
the robot is exactly the same as the error in the distances (d1 .. d4). This error was 
calculated by recording the distance given by the laserdevice and measuring the 
distance by hand. The error is calculated with the following formula: 
 
  error = | real distance – laser distance | 
 
The distances and measurements were taken from one complete run of the 3apl 
program. Appendix A.1 shows the measurements from the laserdevice. The average 
error of the laser device is 1,43 cm. Note that this value is calculated from 
measurements done by hand. (human errors included) 
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Figure 5.2: error (abs and %) against distance 
 
The absolute error (cm) and the relative error (%) of the laserdevice are shown in 
figure 5.2. The error that the laserdevice produces does not influence the self-
localization in a significant way. The position calculated with the self-localizer will be 
off by at most a few centimetres. Note that all the results following are based on 
measurements with the self-localizer. So all errors (movement, dead-reckoning) 
should be corrected with this error. 
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5.2 Movements 
 
The accuracy of the robot’s movements and turns was tested. The movements and 
turns were tested by comparing the positions calculated with the self-localizer and the 
positions that were planned to reach. Dead-reckoning was also tested by comparing 
the positions from the self-localizer and the dead-reckoned positions. Figure 5.3 
shows the different positions of a movement. 
 
Figure 5.3: errors in a movement 
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 dead-reckoned move = s    d 
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 real move (M’) = s  r 
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ulated with the following formula: 

 E   = √ | p[x] – r[x] |2 + | p[y] – r[y] |2 
 Ed  = √ | r[x] – d[x] |2 + | r[y] – d[y] |2 

Em = | M – M’ | 

lute distances (cm). The errors need to be converted 
The error will be given in the percentage of the total 
s is calculated with the following formula: 

E% = (E / M) * 100   
where M is planned distance (cm) 

culated. The following formula are used: 

planned turn   = d0      d1 

dead-reckoned turn  = d0      d3 

real turn  = d0      d2 

Et  =  | d2  -  d1 | 
 Ed  =  | d3  -  d2 | 
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The errors are calculated in absolute degrees (0 to 360) and must be converted to a 
relative value (percentage). The error will be given in the percentage of the total turn 
that was planned. This is calculated with the following formula: 
 
 (error in percentage)  E% = (Et / T) * 100   

where T is planned turn in degrees 
 
The movements in the simulated and the real world environment were recorded. From 
the simulation 3 runs (execution of 3apl-program) were used and from the real world 
5 runs were taken. Note that a run consists of 20 to 30 movements. Figure 5.5 shows a 
simulated run and a real world run. The dots in the figure denote the position of the 
robot. Appendix A.2 and A.3 show the different runs in simulated en real world 
environment.  
 
Figure 5.5: runs in simulation and real world 
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First we look at the turns and moves in the simulated environment. The results are 
shown in appendix A.4 and A.5. The average turn error in the simulated environment 
is calculated at 4,82 %. The average movement error is calculated at 22,62 %.  
 
Table 5.1: error in simulated turns 
run turns average error (degrees) Average error % 

1 13 1,09 6,17 
2 13 1,60 5,03 
3 13 1,44 3,25 
 avg 1,38 4,82 

 
Table 5.2: error in simulated moves 
run moves average error (cm) average error % 

1 13 23,14 23,08 
2 13 23,19 23,03 
3 13 22,13 21,75 
 avg 22,82 22,62 

 
The results from turning and moving in the real world environment are shown in 
appendix A.7 and A.8. The average turn error in the real world environment  is 
calculated to be 10,44 %. The average movement error is calculated to be 27,66 %.  
 
From the results in turning the following problem was discovered. The execution of a 
turn would fail in some cases. Turns with a value below 5 degrees result in a very 
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high error ( > 100%). The time needed for such a small turn is too small for starting 
and stopping the turn in a good way. A turn of 3 degrees can result in an actual turn of 
6 degrees, which is about 100 % wrong. 
 
Table 5.3: error in real world turns 
run turns average error (degrees) average error % 

1 15 4,53 11,22 
2 16 3,13 8,77 
3 20 4,06 15,33 
4 17 2,75 6,33 
5 16 3,56 10,56 
 avg 3,61 10,44 

 
Table 5.4: error in real world moves 
run moves average error (cm) average error % 

1 15 11,26 20,28 
2 16 11,27 19,87 
3 20 11,12 33,44 
4 17 11,36 35,54 
5 16 11,43 29,16 
 avg 11,29 27,66 

 
These results show that the turns and movements in the real world environment are 
less accurate compared to the simulated environment. This result is illustrated in 
figure 5.5. A more important question needs to be answered. Which factors contribute 
to these errors?  
 
The total error in the movement is calculated as the distance between the planned 
position and the real position of the robot. Which factors contribute to the total error 
of the movement? The execution of turn and movement itself produce errors. The 
environment and the hardware of the robot also produce errors. These errors can be 
discriminated by predicting the error the move on the basis of the error in the turn. 
The difference between the total error and the expected error will be the error 
produced by the environment and the robot. The total error can be defined as 
following: 
 
 E = Ee + Eu where Ee is the expected error and Eu is the unknown error 
 
A movement of the robot can be regarded as a turn in a certain direction and a move 
forward. Predicting the error in movement can be done by calculating the combination 
of the error produced by the turn and the error produced by the movement forward. 
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The planned distance M is fixed. The error Ee is directly influenced by error in turning 
Et and the distance moved forward M’. In this way M, M’ and Ee always produce a 
triangle. The following formula holds for every triangle: 
 
  a2 = b2 + c2 – 2 bc cos α (cosinus-rule) 
 
This formula can be used for calculating the expected error Ee.  
 
  Ee = √ (M2 + M’ 2 – 2 MM’ cos Et ) 
 
We take an example from the results shown in appendix A.6. The first move of run 1 
has the following properties: 
 
 M = 183 cm M’ = 148,49 cm Et = 1°  
 
The following expected error Ee can be calculated: 
 
 Ee = √ (1832 + 148,49 2 – 2 183 * 148,49 * cos 1°  ) = 34,63 cm 
 
The total error (E) can be read from the table in appendix A.6. This is 34,83 cm. 
The difference is 0,20 cm, which is the error produced by unknown factors. 
Note that the difference can also be negative, which means that the error produced by 
the movement is less than the expected error. When this happens, the environmental 
factors have corrected the errors produced by the robot’s movement. 
The contributions of these errors to the total error are calculated for all the moves and 
are shown in appendix A.6 and A.9. 
 
Table 5.5: error in simulated E (total error) 
run average error (cm) expected error (cm) Unexplained 

1 25,37 23,20 2,17 
2 25,43 23,45 1,99 
3 23,46 22,32 1,14 

avg 24,75 22,99 1,77 
 
 
Table 5.6: error in real world E (total error) 
run average error (cm) expected error (cm) unexplained 

1 21,13 14,51 6,62 
2 30,50 20,79 9,71 
3 22,92 17,03 5,89 
4 18,83 12,31 6,51 
5 16,97 13,03 3,93 

avg 22,07 15,53 6,53 
 
The results from table 5.5 show that the total error and the expected error in 
movement in the simulated environment are almost the same. Just a small part of the 
error can be contributed to the environment. This can be contributed to the way the 
software simulator was designed. It’s much easier simulating errors on the basis of the 
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movement itself, then simulating an environment that is really interacting with the 
robot. Figure 5.6 shows the errors in movement in simulated world. The unknown 
error denotes the influence of the environment and the robot’s hardware. 
 
 Figure 5.6: errors in movement in simulated world 
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The results from table 5.6 show that the error in movement in the real world 
environment contributes less to the total error. The error produced by the environment 
and the hardware is much greater in the real world environment. Figure 5.7 shows 
these errors. 
 
 Figure 5.7: errors in movement in real world 
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The dead-reckoning mechanism is used for keeping a rough position in the world. The 
self-localization algorithm uses this position. Knowing the error in dead-reckoning 
helps to give some insight in the use of self-localization. Appendix A.10 and A.11 
shows the results of experiments with dead-reckoning. The simulation software was 
not able to simulate errors in the orientation. The orientation calculated in the self-
localizer was always the same as the orientation from dead-reckoning. The error in 
dead-reckoning of movements was simulated with errors. The results show that the 
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robot’s idea of its position is about 16,47 % off. This error is acceptable for the self-
localizer to work. The result is that every attempt of localization between moves is 
successful with at least two walls as reference. 
 
Table 5.7: error in simulated dead-reckoning Ed  
run moves Average error (cm) average error % 

1 13 21,80 16,38 
2 13 22,24 18,00 
3 13 20,33 15,02 

avg  21,46 16,47 
 
Dead-reckoning produces more errors in the real world. The knowledge of the 
orientation and position are 11,88% and 22,44 % off. This is still accurate enough for 
the self-localization to work. Using just dead-reckoning for localization and not a 
device like a laser will result in failure, because with every movement the error in 
localization will accumulate with 16 % and is never corrected. With the current self-
localization algorithm the error will be corrected every movement. 
 
Table 5.8: error in real world dead-reckoning Ed  
run Moves average turn error Average turn error % average move error average move error %

1 15 6,60 10,48 17,95 15,69 
2 16 5,00 14,81 17,62 16,16 
3 20 4,95 10,05 11,35 27,45 
4 17 6,71 10,12 13,97 39,20 
5 16 6,00 13,93 10,04 13,72 
 Avg 5,85 11,88 14,19 22,44 

 
These results provide us with the following short interpretations and conclusions: 
 

- The error in distance measurements from the laserdevice is not 
influencing the outcome of the self-localization substancely. 

- The execution of the turn command fails when the turns are very small 
(a few degrees). This produces a great error, which is corrected by the 
localization algorithm and the next movement.  

- The execution of the move command is done with an acceptable error. 
This error is partly produced by the error in turning.  

- Two factors influence the total error in movement of the robot. The 
execution of the turn and move command is done with an error and the 
environment and robot hardware produce errors during movement. In 
the real world environment about 70 % of the error can be contributed 
to the error in execution of the movements. 

- Clearly the simulation software simulates movements and their errors 
and not an interacting environment. Results from the real world 
environment show that the real world produces more errors, both in 
execution of movements and in the environment. 

- The dead-reckoning produces an error, which is acceptable for the self-
localization to work. The use of only dead-reckoning for localization 
would produce cumulative errors and would fail.
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Chapter 6 
Conclusion and Future Work 

 
Agents have a great interest in the AI community. Our goal in this research was to 
show that an abstract programming language for agents (3apl) could be used for 
controlling a mobile robot. No capabilities for interacting with the agent’s 
environment were incorporated in the specification of the 3apl language. An extension 
of the language was needed. The language was extended with external basic actions. 
These external basic actions needed to be executed by an external program. The result 
of the execution is returned to the agent.  
 
An external program was written, which controlled the mobile robot and returns 
sensor information. Communication between the 3apl interpreter and the external 
software and a set of commands was designed and implemented. 
 
A test program in 3apl was written and tested in a simulated and static real world 
environment. The results show that a 3apl program can be used for successfully 
navigating a mobile robot in an environment. Still much work needs to be done before 
we can use an agent programming language for controlling a mobile robot. 
 
The use of external basic actions has taught us that within the design of a 3apl 
program the unpredictable outcome of an external action should be guarded with 
special reasoning rules. These rules check whether the execution of an external basic 
action was successful and if not revise the agent’s plan. Designing a mechanism that 
would relief the programmer from these checks is still an open problem. 
 
We would like to recommend some improvements to the software. First, the external 
basic actions in the 3apl implementation (interpreter) can be extended in way that 
multiple beliefs can be returned after the execution of the external basic action. In the 
current implementation the external basic action only returns (and expects) one belief. 
An Observe action could be added to the 3apl interpreter and the set of basic 
commands. This action complies with the specifications of the external basic action. It 
can be used for gathering information (in the form of beliefs) about the world. 
 
The localization algorithm can be extended to recognize other objects in the world. 
The current implementation only recognizes straight walls. Recognizing other objects 
would also provide the means for gathering information about the world and return it 
to the interpreter when an “observe” is called. 
 
The set of basic commands can be extended to make more high-level control possible 
for the agent. We suggest that the extension of basic commands is done according to 
the definitions stated in section 3.4. 
 
From the results we have concluded that the self-localization works well in our test 
environment. More experiments with other environments would give some extra 
insight in the working of the localization component. Using other test environments 
would require extending the self-localization component for recognition of other 
objects. Active Media Robotics also provides a new software module for building and 
recognizing maps of the environment with the laserdevice. This can be used in the 
software for more complex environments. 
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The errors in movement are for 70% caused by the execution of the turn and move 
command. Optimising these executions should lower this value. Still some errors will 
be produced from turning a few degrees. One form of optimisation can be to split 
movements in smaller movements. Between these small movements the self-localizer 
will calculate the new position and the moves may be corrected more. The Robot 
Operating System is already capable of doing this. The scheduler needs to be adjusted 
for splitting commands. Another option could be to design a more reactive system, 
which uses online sensing and continues movement corrections. 
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Appendix A.1 
 
Accuracy of laserdevice (localization) 
 
distances from laserdevice 
distance distance 

(measured) 
error error 

% 
distance distance 

(measured) 
error error 

% 
217,00 219,00 2,00 0,91 99,00 100,00 1,00 1,00 
229,00 228,50 0,50 0,22 346,00 342,00 4,00 1,17 
104,00 105,00 1,00 0,95 352,00 355,00 3,00 0,85 
120,00 120,00 0,00 0,00 99,00 100,00 1,00 1,00 
99,00 100,00 1,00 1,00 122,00 123,00 1,00 0,81 
133,00 134,50 1,50 1,12 341,00 338,00 3,00 0,89 
345,00 347,00 2,00 0,58 99,00 100,00 1,00 1,00 
99,00 100,00 1,00 1,00 108,00 109,50 1,50 1,37 
104,00 104,00 0,00 0,00 341,00 343,00 2,00 0,58 
345,00 342,00 3,00 0,88 101,00 100,00 1,00 1,00 
106,00 105,00 1,00 0,95 104,00 105,00 1,00 0,95 
344,00 342,00 2,00 0,58 340,00 342,00 2,00 0,58 
354,00 351,50 2,50 0,71 106,00 105,00 1,00 0,95 
128,00 126,50 1,50 1,19 339,00 336,00 3,00 0,89 
162,00 162,00 0,00 0,00 352,00 350,00 2,00 0,57 
295,00 294,00 1,00 0,34 129,00 129,50 0,50 0,39 
115,00 115,00 0,00 0,00 164,00 165,50 1,50 0,91 
163,00 162,00 1,00 0,62 295,00 295,00 0,00 0,00 
88,00 88,50 0,50 0,56 116,00 115,00 1,00 0,87 
112,00 111,00 1,00 0,90 166,00 166,00 0,00 0,00 
109,00 110,50 1,50 1,36 86,00 85,50 0,50 0,58 
355,00 350,00 5,00 1,43 116,00 115,00 1,00 0,87 
104,00 104,00 0,00 0,00 90,00 90,30 0,30 0,33 
348,00 352,00 4,00 1,14 112,00 110,70 1,30 1,17 
104,00 105,00 1,00 0,95 354,00 357,00 3,00 0,84 
349,00 351,00 2,00 0,57 95,00 97,00 2,00 2,06 

    average  1,43 0,76 
    stand. dev.  0,86 0,34 

  
distance - error

0,00

1,00

2,00

3,00

4,00

5,00

6,00

0,00 100,00 200,00 300,00 400,00

distance

er
ro

r

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure A.1.1: error (cm) against distance (cm) 
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Appendix A.2 
 
simulated runs 
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Appendix A.3 
 
real world runs 
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Appendix A.4 - simulated turns 
 
error in simulated turns (Et) 

run 1   run 2   run 3   
turn error error % turn error error % turn error error % 

134,00 1,00 0,75 134,00 1,00 0,75 134,00 1,00 0,75 
0,00 5,00 100,00 0,00 2,00 100,00 0,00 2,00 100,00 

133,00 0,00 0,00 133,00 1,00 0,75 133,00 1,00 0,75 
8,00 2,00 20,00 0,00 5,00 100,00 0,00 2,00 100,00 
82,00 0,00 0,00 89,00 1,00 1,11 89,00 1,00 1,11 
15,00 3,00 16,67 15,00 2,00 15,38 0,00 2,00 100,00 
75,00 0,00 0,00 78,00 2,00 2,63 93,00 2,00 2,20 
18,00 2,00 12,50 0,00 1,00 100,00 17,00 1,00 6,25 
65,00 2,00 3,17 90,00 2,00 2,27 60,00 2,00 3,45 
11,00 1,00 10,00 19,00 2,00 11,76 167,00 0,00 0,00 
0,00 2,00 100,00 63,00 0,00 0,00 0,00 3,00 100,00 

131,00 0,00 0,00 56,00 3,00 5,66 139,00 3,00 2,21 
22,00 1,00 4,76 22,00 2,00 10,00 18,00 2,00 12,50 

avg (1) avg(1) avg (1) avg (1) avg (1) avg (1) avg (1) avg (1) avg (1) 
53,38 1,46 20,60 53,77 1,85 26,95 65,38 1,69 33,02 

stdv. (1) stdv. (1) stdv. (1) stdv. (1) stdv. (1) stdv. (1) stdv. (1) stdv. (1) stdv. (1) 
46,11 1,11 24,43 41,02 0,80 33,72 55,80 0,69 41,22 

avg (2) avg(2) avg (2) avg (2) avg (2) avg (2) avg (2) avg (2) avg (2) 
63,09 1,09 6,17 69,90 1,60 5,03 94,44 1,44 3,25 

stdv. (2) stdv.(2) stdv. (2) stdv. (2) stdv. (2) stdv. (2) stdv. (2) stdv. (2) stdv. (2) 
43,90 0,84 6,27 34,90 0,68 4,54 43,38 0,72 2,77 

 
(1) with extremes (error >= 100%)  
(2) without extremes 
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 Figure A.4.1: error (%) against turn (degrees) 
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Appendix A.5 - simulated moves 
 
error in movement (E )  m

run 1   run 2   run 3   
error error % move error error % move error error % 
34,51 18,86 148,55 34,45 18,82 148,55 34,45 18,82 
5,27 29,29 12,04 5,96 33,10 14,21 4,79 25,20 

45,64 18,40 198,02 45,98 18,84 203,01 42,99 17,48 
5,78 22,22 19,00 6,00 24,00 15,00 6,00 28,57 

48,48 18,36 206,35 47,65 18,76 208,00 47,00 18,43 
7,79 26,85 19,42 6,58 25,32 20,02 5,98 22,98 

46,81 18,14 208,00 47,00 18,43 198,36 45,64 18,70 
6,20 21,37 19,10 5,90 23,58 23,09 6,91 23,04 
3,72 33,82 211,53 46,47 18,01 7,28 3,72 33,82 

46,00 17,83 24,08 6,92 22,31 211,04 44,96 17,56 
6,97 30,30 10,44 5,56 34,75 17,72 4,28 19,45 

37,40 20,44 148,39 36,61 19,79 141,11 36,89 20,72 
6,28 24,14 20,62 6,38 23,65 18,87 4,13 17,97 

average average average average average average average average 
23,14 23,08 95,81 23,19 23,03 94,33 

move 
148,49 
12,73 

202,36 
20,22 

215,52 
21,21 

211,19 
22,80 
7,28 

212,00 
16,03 

145,60 
19,72 

average 
96,55 22,13 21,75 

stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev 
85,52 18,46 4,46 84,00 18,31 4,04 83,71 18,33 3,82 
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Appedix A.6 – simulated errors 
 

run move Et  (turn) Em  (move) Ee  (expected) E (total) Eu(unexplained) 
1 148,49 3,19 34,51 34,63 34,83 0,20 
 12,73 1,57 5,27 5,43 6,32 0,89 
 202,36 0,00 45,64 45,64 46,53 0,89 
 20,22 0,91 5,78 5,83 7,81 1,98 
 215,52 0,00 48,48 48,48 50,45 1,97 
 21,21 1,52 7,79 7,89 11,18 3,29 
 211,19 0,00 46,81 46,81 48,51 1,70 
 22,80 1,01 6,20 6,26 11,18 4,92 
 7,28 0,38 3,72 3,73 7,21 3,48 
 212,00 4,50 46,00 46,18 46,17 0,00 
 16,03 0,80 6,97 7,00 8,60 1,60 
 145,60 0,00 37,40 37,40 41,15 3,75 
 19,72 0,45 6,28 6,29 9,85 3,56 

average 96,55 1,10 23,14 23,20 25,37 2,17 
std. dev. 85,52 0,98 18,46 18,45 17,76 1,25 

2 148,55 3,19 34,45 34,57 34,66 0,09 
 12,04 0,63 5,96 5,98 6,71 0,73 
 198,02 4,26 45,98 46,14 46,27 0,13 
 19,00 2,18 6,00 6,29 7,81 1,52 
 206,35 4,43 47,65 47,82 48,84 1,02 
 19,42 0,91 6,58 6,63 8,49 1,86 
 208,00 8,90 47,00 47,68 47,00 -0,68 
 19,10 0,44 5,90 5,91 6,71 0,80 
 211,53 9,01 46,47 47,18 49,34 2,16 
 24,08 1,08 6,92 6,98 16,12 9,14 
 10,44 0,00 5,56 5,56 7,21 1,65 
 148,39 9,69 36,61 37,62 40,85 3,23 
 20,62 0,94 6,38 6,44 10,63 4,19 

average 95,81 3,51 23,19 23,45 25,43 1,99 
std. dev. 84,00 2,88 18,31 18,51 17,59 1,66 

3 148,55 3,19 34,45 34,57 34,66 0,09 
 14,21 0,66 4,79 4,82 5,39 0,56 
 203,01 4,29 42,99 43,17 43,10 -0,06 
 15,00 0,73 6,00 6,03 7,21 1,18 
 208,00 4,45 47,00 47,17 47,17 0,00 
 20,02 0,91 5,98 6,03 7,21 1,18 
 198,36 8,52 45,64 46,28 47,80 1,52 
 23,09 0,52 6,91 6,93 11,40 4,47 
 7,28 0,38 3,72 3,73 4,47 0,74 
 211,04 0,00 44,96 44,96 45,10 0,14 
 17,72 1,15 4,28 4,40 7,07 2,67 
 141,11 9,32 36,89 37,81 38,28 0,47 
 18,87 0,80 4,13 4,20 6,08 1,89 

average 94,33 2,69 22,13 22,32 23,46 1,14 
std. dev. 83,71 2,51 18,33 18,47 17,75 0,93 
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Appendix A.7 – real world turns 
 
error in real world turns (Et) 

run turn error error % run turn error error % 
1 138,00 5,00 3,76 2 137,00 4,00 3,01 
 40,00 7,00 21,21  33,00 4,00 13,79 
 94,00 3,00 3,30  96,00 1,00 1,05 
 65,00 8,00 10,96  64,00 3,00 4,48 
 74,00 3,00 4,23  66,00 8,00 13,79 
 132,00 4,00 3,13  146,00 5,00 3,55 
 1,00 3,00 75,00  2,00 3,00 60,00 
 95,00 6,00 6,74  93,00 5,00 5,68 
 81,00 6,00 8,00  0,00 97,00 100,00 
 63,00 2,00 3,28  145,00 1,00 0,69 
 134,00 5,00 3,60  51,00 8,00 18,60 
 30,00 3,00 11,11  118,00 0,00 0,00 
 159,00 7,00 4,22  1,00 0,00 0,00 
 54,00 2,00 3,85  130,00 1,00 0,76 
 64,00 4,00 5,88  64,00 2,00 3,23 
     72,00 2,00 2,86 

average (1) 81,60 4,53 11,22 average (1) 76,13 9,00 14,47 
std. dev. (1) 34,99 1,64 9,84 std. dev. (1) 41,52 11,00 16,90 
average (2) 81,60 4,53 11,22 average (2) 81,20 3,13 8,77 
std. dev. (2) 34,99 1,64 9,84 std. dev. (2) 39,55 2,03 9,48 

3 134,00 1,00 0,75 4 134,00 1,00 0,75 
 26,00 9,00 52,94  33,00 8,00 32,00 
 107,00 5,00 4,46  99,00 0,00 0,00 
 65,00 5,00 8,33  66,00 2,00 3,13 
 95,00 2,00 2,06  97,00 3,00 3,19 
 112,00 1,00 0,90  109,00 2,00 1,87 
 3,00 4,00 57,14  24,00 4,00 20,00 
 117,00 1,00 0,85  138,00 5,00 3,50 
 106,00 2,00 1,92  123,00 2,00 1,65 
 147,00 2,00 1,34  154,00 3,00 1,91 
 26,00 4,00 18,18  0,00 23,00 100,00 
 4,00 132,00 103,13  157,00 1,00 0,64 
 155,00 0,00 0,00  116,00 1,00 0,87 
 69,00 7,00 11,29  28,00 1,00 3,70 
 2,00 22,00 91,67  130,00 2,00 1,52 
 93,00 1,00 1,09  46,00 6,00 15,00 
 72,00 1,00 1,41  29,00 3,00 11,54 
 73,00 5,00 7,35     
 8,00 1,00 14,29     
 1,00 3,00 150,00     

average (1) 74,42 10,79 19,95 average (1) 87,24 3,94 11,84 
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std. dev. (1) 41,71 13,94 23,69 std. dev. (1) 45,25 3,09 14,08 
average (2) 78,33 4,06 15,33 average (2) 92,69 2,75 6,33 
std. dev. (2) 40,11 3,19 17,62 std. dev. (2) 41,27 1,59 6,65 

5 138,00 5,00 3,76     
 48,00 5,00 11,63     
 86,00 0,00 0,00     
 64,00 4,00 6,67     
 89,00 2,00 2,20     
 115,00 2,00 1,71     
 37,00 9,00 32,14     
 135,00 2,00 1,46     
 100,00 3,00 3,09     
 3,00 1,00 25,00     
 172,00 4,00 2,27     
 92,00 4,00 4,55     
 50,00 2,00 4,17     
 97,00 3,00 3,00     
 23,00 7,00 43,75     
 21,00 4,00 23,53     

average (1) 79,38 3,56 10,56     
std. dev. (1) 38,70 1,69 10,41     
average (2) 79,38 3,56 10,56     
std. dev. (2) 38,70 1,69 10,41     

 
(1) with extremes (error >= 100%)  
(2) without extremes 
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Appendix A.8 – real world moves 
 
error in movement (Em)  

run 1   run 2   run 3   
move error error % move error error % move error error % 
157,00 17,00 9,77 154,87 18,13 10,48 159,10 17,90 10,11 
9,00 4,00 30,77 6,32 4,68 42,50 0,00 4,00 100,00 

223,14 20,86 8,55 225,57 20,43 8,30 228,48 19,52 7,87 
57,71 6,29 9,83 39,82 8,18 17,03 23,02 5,98 20,61 
8,60 4,40 33,83 9,22 1,78 16,19 13,00 6,00 31,58 

230,00 22,00 8,73 228,00 24,00 9,52 241,00 16,00 6,22 
4,47 3,53 44,10 4,12 3,88 48,46 38,33 24,33 173,77 

217,60 21,40 8,95 217,19 20,81 8,75 19,21 6,79 26,12 
58,31 8,69 12,97 88,60 11,40 11,40 15,81 5,19 24,71 
9,43 5,57 37,11 140,07 16,93 10,78 210,29 23,71 10,13 

229,26 23,74 9,38 14,87 1,13 7,09 12,65 5,35 29,73 
8,06 3,94 32,81 240,02 19,98 7,69 20,62 6,38 23,65 

155,32 17,68 10,22 2,00 3,00 60,00 33,06 6,94 17,35 
22,02 6,98 24,06 159,20 16,80 9,54 4,00 3,00 42,86 
9,22 2,78 23,17 28,44 5,56 16,34 236,02 19,98 7,81 

   7,28 3,72 33,82 87,46 11,54 11,65 
      23,60 6,40 21,33 
      2,83 4,17 59,59 
      159,81 18,19 10,22 
      1,00 4,00 80,00 

average average average average average average average average average 
93,28 11,26 20,28 97,85 11,27 19,87 80,44 11,12 33,44 

stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev 
87,02 7,35 11,18 85,00 7,28 13,16 79,91 6,54 25,52 
run 4   run 5   
move error error % move error error %
156,98 18,02 10,29 159,91 15,09 8,63 
3,16 4,84 60,47 1,41 11,59 89,12 

231,51 21,49 8,49 234,06 20,94 8,21 
28,30 6,70 19,14 23,02 7,98 25,74 
16,16 5,84 26,57 13,89 5,11 26,88 

243,07 13,93 5,42 235,31 21,69 8,44 
51,20 36,20 241,30 10,82 6,18 36,37 
20,59 4,41 17,63 18,25 4,75 20,66 
23,77 2,23 8,58 217,02 20,98 8,81 

219,23 17,77 7,50 5,00 7,00 58,33 
9,06 4,94 35,32 5,00 4,00 44,44 
9,43 3,57 27,43 231,15 22,85 9,00 

228,27 19,73 7,96 20,62 5,38 20,71 
9,22 4,78 34,15 18,38 5,62 23,40 
18,25 4,75 20,66 156,31 19,69 11,19 

157,14 18,86 10,72 2,00 4,00 66,67 
3,00 5,00 62,50    
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average average average average average average 
84,02 11,36 35,54 84,51 11,43 29,16 

stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev
86,13 7,82 30,31 90,84 6,60 18,64 
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Figure A.8.1: error (cm) against move (cm) 
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Figure A.8.2: error (%) against move (cm) 
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Appedix A.9 – real world errors 
 

run move Et  (turn) Em  (move) Ee  (expected) E (total) Eu (unexplained)
1 157,00 15,18 17,00 22,29 20,40 -1,89 
 9,00 1,59 4,00 4,21 4,00 -0,21 
 223,14 12,77 20,86 24,17 68,03 43,86 
 57,71 8,93 6,29 10,56 16,97 6,41 
 8,60 0,68 4,40 4,43 5,00 0,57 
 230,00 17,59 22,00 27,68 22,02 -5,66 
 4,47 0,42 3,53 3,54 4,12 0,58 
 217,60 25,02 21,40 32,06 66,64 34,58 
 58,31 7,01 8,69 10,88 21,26 10,38 
 9,43 0,52 5,57 5,58 5,66 0,08 
 229,26 22,07 23,74 31,70 26,00 -5,70 
 8,06 0,63 3,94 3,97 5,10 1,13 
 155,32 21,12 17,68 26,70 33,14 6,43 
 22,02 1,01 6,98 7,03 15,52 8,49 
 9,22 0,84 2,78 2,88 3,16 0,29 

average 93,28 9,03 11,26 14,51 21,13 6,62 
std. dev. 87,02 7,95 7,35 10,34 14,70 9,44 

2 154,87 12,08 18,13 21,43 20,88 -0,55 
 6,32 0,77 4,68 4,71 5,83 1,12 
 225,57 4,29 20,43 20,83 51,88 31,05 
 39,82 2,51 8,18 8,49 13,89 5,40 
 9,22 1,53 1,78 2,27 3,00 0,73 
 228,00 21,98 24,00 31,83 24,02 -7,81 
 4,12 0,42 3,88 3,89 4,12 0,23 
 217,19 20,76 20,81 28,75 98,09 69,34 
 88,60 149,79 11,40 141,46 155,08 13,63 
 140,07 2,74 16,93 17,13 23,60 6,48 
 14,87 2,23 1,13 2,43 9,22 6,79 
 240,02 0,00 19,98 19,98 20,10 0,12 
 2,00 0,00 3,00 3,00 3,16 0,16 
 159,20 3,07 16,80 17,05 37,85 20,80 
 28,44 1,19 5,56 5,66 13,15 7,49 
 7,28 0,38 3,72 3,73 4,12 0,39 

average 97,85 13,98 11,27 20,79 30,50 9,71 
std. dev. 85,00 18,82 7,28 17,54 27,61 12,00 

3 159,10 3,09 17,90 18,14 19,24 1,10 
 0,00 0,63 4,00 4,00 4,00 0,00 
 228,48 21,64 19,52 28,50 34,21 5,71 
 23,02 2,53 5,98 6,39 22,85 16,46 
 13,00 0,66 6,00 6,03 7,07 1,05 
 241,00 4,49 16,00 16,58 16,12 -0,45 
 38,33 0,98 24,33 24,38 44,94 20,56 
 19,21 0,45 6,79 6,80 22,02 15,22 
 15,81 0,73 5,19 5,23 5,66 0,43 
 210,29 8,17 23,71 24,94 25,30 0,35 
 12,65 1,26 5,35 5,45 24,60 19,14 
 20,62 49,33 6,38 43,58 45,01 1,43 
 33,06 0,00 6,94 6,94 12,53 5,59 
 4,00 0,85 3,00 3,07 3,16 0,09 
 236,02 97,69 19,98 95,91 98,23 2,33 
 87,46 1,73 11,54 11,65 29,21 17,56 
 23,60 0,52 6,40 6,42 13,04 6,62 
 2,83 0,61 4,17 4,19 6,40 2,21 
 159,81 3,11 18,19 18,42 18,38 -0,04 
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 1,00 0,26 4,00 4,00 6,40 2,40 
average 76,46 9,94 10,77 17,03 22,92 5,89 
std. dev. 78,69 13,89 6,50 13,47 14,11 6,02 

4 156,98 3,05 18,02 18,25 20,25 2,00 
 3,16 1,12 4,84 4,89 9,22 4,33 
 231,51 0,00 21,49 21,49 40,00 18,51 
 28,30 1,22 6,70 6,79 24,60 17,81 
 16,16 1,15 5,84 5,93 6,08 0,16 
 243,07 8,97 13,93 16,43 14,56 -1,87 
 51,20 1,05 36,20 36,25 50,61 14,36 
 20,59 2,18 4,41 4,83 28,65 23,82 
 23,77 0,91 2,23 2,39 5,00 2,61 
 219,23 12,41 17,77 21,41 18,97 -2,43 
 9,06 5,58 4,94 6,68 22,83 16,15 
 9,43 0,23 3,57 3,57 4,00 0,43 
 228,27 4,33 19,73 20,17 22,83 2,66 
 9,22 0,24 4,78 4,78 18,25 13,46 
 18,25 0,80 4,75 4,81 5,00 0,19 
 157,14 18,42 18,86 25,67 22,14 -3,53 
 3,00 0,42 5,00 5,01 7,07 2,06 

average 84,02 3,65 11,36 12,31 18,83 6,51 
std. dev. 86,13 3,70 7,82 8,64 9,58 7,65 

5 159,91 15,27 15,09 21,00 21,02 0,03 
 1,41 1,13 11,59 11,59 0,00 -11,59 
 234,06 0,00 20,94 20,94 37,01 16,08 
 23,02 2,16 7,98 8,19 23,32 15,13 
 13,89 0,66 5,11 5,14 6,00 0,86 
 235,31 8,97 21,69 23,33 23,77 0,44 
 10,82 2,67 6,18 6,54 23,35 16,81 
 18,25 0,80 4,75 4,81 5,39 0,58 
 217,02 12,46 20,98 24,12 21,10 -3,02 
 5,00 0,21 7,00 7,00 17,00 10,00 
 5,00 0,63 4,00 4,03 5,00 0,97 
 231,15 17,73 22,85 28,43 33,94 5,51 
 20,62 0,91 5,38 5,44 21,47 16,03 
 18,38 1,26 5,62 5,72 6,08 0,36 
 156,31 21,49 19,69 28,25 21,02 -7,22 
 2,00 0,42 4,00 4,01 6,00 1,99 

average 84,51 5,42 11,43 13,03 16,97 3,93 
std. dev. 90,84 6,10 6,60 8,48 9,17 6,99 
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Appedix A.10 – simulated dead-reckoning 
 
error in simulated dead-reckoning (Ed)  

run 1   run 2   run 3   
move error error % move error error % move error error % 
148,49 32,65 17,84 148,55 32,56 17,79 148,55 32,56 17,79 
12,73 2,83 15,71 12,04 3,61 20,03 14,21 3,61 18,98 

202,36 44,55 17,97 198,02 42,76 17,52 203,01 43,57 17,71 
20,22 2,24 8,60 19,00 3,16 12,65 15,00 2,24 10,65 

215,52 48,27 18,28 206,35 45,18 17,79 208,00 43,74 17,15 
21,21 5,66 19,51 19,42 3,61 13,87 20,02 2,24 8,60 

211,19 47,27 18,32 208,00 44,18 17,33 198,36 43,57 17,85 
22,80 3,61 12,43 19,10 5,00 20,00 23,09 5,00 16,67 
7,28 1,00 9,09 211,53 50,70 19,65 7,28 0,00 0,00 

212,00 47,54 18,43 24,08 7,62 24,57 211,04 47,00 18,36 
16,03 4,47 19,44 10,44 2,24 13,98 17,72 5,83 26,50 

145,60 39,22 21,43 148,39 44,55 24,08 141,11 33,60 18,88 
19,72 4,12 15,86 20,62 4,00 14,81 18,87 1,41 6,15 

average average average average average average average average average 
96,55 21,80 16,38 95,81 22,24 18,00 94,33 20,33 

stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev stan. dev 
85,52 19,80 3,11 84,00 19,46 2,82 83,71 18,77 

15,02 
stan. dev 

5,34 
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Figure A.10.1: error (cm) against move (cm) 
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Figure A.10.2: error (%) against move (cm) 
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Appedix A.11 – real world dead-reckoning 
 
error in real world dead-reckoning (Ed) 

run turn move Ed (turn) Ed % (turn) Ed (move) Ed % (move) 
1 138,00 157,00 4,00 3,01 16,55 9,51 
 40,00 9,00 5,00 15,15 1,41 10,88 
 94,00 223,14 7,00 7,69 51,11 20,95 
 65,00 57,71 18,00 24,66 6,08 9,50 
 74,00 8,60 4,00 5,63 2,24 17,20 
 132,00 230,00 3,00 2,34 22,20 8,81 
 1,00 4,47 1,00 25,00 2,24 27,95 
 95,00 217,60 3,00 3,37 41,23 17,25 
 81,00 58,31 1,00 1,33 12,81 19,11 
 63,00 9,43 6,00 9,84 3,00 20,00 
 134,00 229,26 12,00 8,63 25,00 9,88 
 30,00 8,06 4,00 14,81 2,00 16,67 
 159,00 155,32 14,00 8,43 47,54 27,48 
 54,00 22,02 5,00 9,62 5,83 20,11 
 64,00 9,22 12,00 17,65 0,00 0,00 

average 81,60 93,28 6,60 10,48 17,95 15,69 
stan dev. 34,99 87,02 4,00 5,98 14,97 6,07 

2 137,00 154,87 5,00 3,76 18,03 10,42 
 33,00 6,32 5,00 17,24 2,00 18,18 
 96,00 225,57 8,00 8,42 45,65 18,56 
 64,00 39,82 12,00 17,91 5,66 11,79 
 66,00 9,22 3,00 5,17 2,24 20,33 
 146,00 228,00 4,00 2,84 29,00 11,51 
 2,00 4,12 2,00 40,00 1,41 17,68 
 93,00 217,19 6,00 6,82 75,66 31,79 
 0,00 88,60 1,00 1,03 13,34 13,34 
 145,00 140,07 4,00 2,78 22,85 14,55 
 51,00 14,87 0,00 0,00 5,10 31,87 
 118,00 240,02 10,00 8,47 19,92 7,66 
 1,00 2,00 1,00 100,00 0,00 0,00 
 130,00 159,20 8,00 6,11 35,17 19,98 
 64,00 28,44 4,00 6,45 3,61 10,60 
 72,00 7,28 7,00 10,00 2,24 20,33 

average 76,13 97,85 5,00 14,81 17,62 16,16 
stan dev. 41,52 85,00 2,63 14,49 15,37 6,18 

3 134,00 159,10 8,00 6,02 15,81 8,93 
 26,00 0,00 0,00 0,00 1,41 35,36 
 107,00 228,48 13,00 11,61 51,62 20,82 
 65,00 23,02 3,00 5,00 3,16 10,90 
 95,00 13,00 7,00 7,22 4,24 22,33 
 112,00 241,00 5,00 4,50 16,49 6,42 
 3,00 38,33 2,00 28,57 38,00 271,43 
 117,00 19,21 9,00 7,63 6,08 23,40 
 106,00 15,81 9,00 8,65 2,24 10,65 
 147,00 210,29 8,00 5,37 22,09 9,44 
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 26,00 12,65 2,00 9,09 2,24 12,42 
 4,00 20,62 3,00 2,34 5,00 18,52 
 155,00 33,06 8,00 5,16 4,12 10,31 
 69,00 4,00 2,00 3,23 1,00 14,29 
 2,00 236,02 3,00 12,50 21,54 8,41 
 93,00 87,46 5,00 5,43 9,85 9,95 
 72,00 23,60 6,00 8,45 3,61 12,02 
 73,00 2,83 4,00 5,88 1,00 14,29 
 8,00 159,81 1,00 14,29 16,40 9,21 
 1,00 1,00 1,00 50,00 1,00 20,00 

average 70,75 76,46 4,95 10,05 11,35 27,45 
Stan dev. 43,28 78,69 2,85 6,67 10,25 25,19 

4 134,00 156,98 7,00 5,26 17,80 10,17 
 33,00 3,16 3,00 12,00 2,24 27,95 
 99,00 231,51 8,00 8,08 36,62 14,47 
 66,00 28,30 5,00 7,81 4,24 12,12 
 97,00 16,16 7,00 7,45 3,61 16,39 
 109,00 243,07 5,00 4,67 14,32 5,57 
 24,00 51,20 5,00 25,00 47,00 313,33 
 138,00 20,59 14,00 9,79 2,00 8,00 
 123,00 23,77 8,00 6,61 43,05 165,56 
 154,00 219,23 10,00 6,37 21,10 8,90 
 0,00 9,06 1,00 4,35 2,00 14,29 
 157,00 9,43 8,00 5,13 1,00 7,69 
 116,00 228,27 7,00 6,09 21,95 8,85 
 28,00 9,22 9,00 33,33 3,16 22,59 
 130,00 18,25 11,00 8,33 1,00 4,35 
 46,00 157,14 1,00 2,50 15,00 8,52 
 29,00 3,00 5,00 19,23 1,41 17,68 

average 87,24 84,02 6,71 10,12 13,97 39,20 
stan dev. 45,25 86,13 2,58 5,78 12,36 47,12 

5 138,00 159,91 4,00 3,01 15,26 8,72 
 48,00 1,41 4,00 9,30 1,41 10,88 
 86,00 234,06 7,00 8,14 33,02 12,95 
 64,00 23,02 4,00 6,67 5,00 16,13 
 89,00 13,89 9,00 9,89 2,83 14,89 
 115,00 235,31 8,00 6,84 21,84 8,50 
 37,00 10,82 0,00 0,00 3,16 18,60 
 135,00 18,25 7,00 5,11 3,16 13,75 
 100,00 217,02 5,00 5,15 21,19 8,90 
 3,00 5,00 3,00 75,00 4,12 34,36 
 172,00 5,00 13,00 7,39 1,00 11,11 
 92,00 231,15 5,00 5,68 23,77 9,36 
 50,00 20,62 8,00 16,67 3,00 11,54 
 97,00 18,38 10,00 10,00 3,16 13,18 
 23,00 156,31 3,00 18,75 17,72 10,07 
 21,00 2,00 6,00 35,29 1,00 16,67 

average 79,38 84,51 6,00 13,93 10,04 13,72 
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stan dev. 38,70 90,84 2,50 11,25 9,07 4,01 
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Figure A.11.1: error (degrees) against turn (degrees) 
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Figure A.11.3: error (cm) against move (cm) 
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Figure A.11.4: error (%) against move (cm) 
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