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Abstract. An introduction is provided to artificial agent methodologies applicable to control engineering
of autonomous vehicles and robots. The fundamentals that make a machine autonomous are considered:
decision making that involves cognitive modelling the environment and forming data abstractions for
symbolic processing and logic based reasoning. Capabilities such as navigation, path planning, tracking
control and communications are treated as basic skills of cognitive agents. The ANSI standard of
intelligent systems is used followed by the fundamental types of possible agent architectures for
autonomous vehicles are presented, starting from reactive, through layered, to advanced architectures in
terms of beliefs, goals and intentions. Cognitive capabilities of agents can fill in missing links between
computer science results on discrete agents and engineering results of continuous world sensing,
actuation and path planning. Design tools for “abstractions programming” are identified as needed to
fill in the gap between logic based reasoning and sensing.
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1 INTRODUCTION
Autonomous vehicles and robots need thorough testing or formal verification in case of safety critical
systems. Decision making mechanism for switching among feedback control mechanisms, to control an
autonomous system is invariably some kind of, perhaps naïve, “ intelligent agent” implementation. The
only methodology that has a promise to achieve these goals, and is currently to some degree available to
engineers, is the area of “intelligent agent” theory and programming. An crucial part of reliability is the
quality of cognitive capabilities of agents in terms of computer vision, audio processing, tactile, inertial,
thermal, magnetic, radiation and other types of sensing. In many ways cognitive capabilities and
abstractions of the world for modelling are the most important ingredients of an agent and rational decision
making is an icing on the cake intelligence.
Despite the importance of cognitive capabilities for intelligence, the goal of this paper is to provide and
introduction of decision making methodologies for cognitive systems and thereby encourage their use in
practice. Our aim is to complement the cognitive science research under EuCog II with the top level
decision making methods provided by agents that handle discrete events by logic such as temporal logic.
Until recently it was the privilege of biological beings: insects, mammals, birds, reptiles, and also plants, to
command a system that is able to cope with an infinitely complex environment: to learn, develop their
abilities and to ultimately fight with circumstances or with other beings. It has been unimaginable that
artificial beings, i.e. man made machines, could have any comparable abilities to the well developed animals
with regards to their autonomy in their environment. As the digital computer‟s computational speed and
capacity surpasses that of natural beings in some ways, similarly, the control capability of our machines can
potentially surpass that of human beings in specific areas of knowledge. An existing example of this is the
control avionics of a passenger aircraft that maintains the flight path of the plane autonomously.
This paper aims to guide the reader in the area cognitive software agent based intelligence and decision
making with regards to how they achieve goals and how they act in face of sudden developments in thee
environment. We start with ingredients of autonomy, programming techniques, definition of agents,
followed by h the all important cognitive abstraction processes of agents and complete the paper with
methods of formal verification that are relevant for industrial certification. The paper follows the following
line of thoughts:
i.
ii.
iii.
iv.
v.
vi.

Artificial intelligence of machines in general.
Standard architectures of intelligence.
Ingredients of autonomy.
Programming of agents: object oriented versus agent oriented.
Definitions of the main types of agents for decision making.
Cognitive processes for agent decision making, formal verifiability and certification.

Agent-based approaches aim to enable autonomous vehicle or robots to determine and manage their health
and adapt their behaviour accordingly. Ideally, the autonomous robot needs to acquire the fault detection and
decision-making traits of the human supervisor or become even more capable in terms of precise planning
and timely execution. Real-time system diagnostic and prognostics are capabilities that agents can integrate
beside their ability to achieve mission goals. An agent framework provides intelligence in contingency
management in military and civilian applications alike.
The next section provides an introduction into some of the basic concepts of intelligence, the ANSI
reference architecture, autonomous vehicles and robots. Section 3 is a theoretical overview of agent
architectures. The essence of reactive, behavioural, logic based, belief-desire-intention (BDI) and layered
agent architectures are described. Section 3 concludes with some recent results on Markov decision
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processes and agent oriented programming that can play a crucial role in cognitive processes. The whole of
Section 4 is devoted to the cognitive processes of abstractions. Discrete abstractions of continuous systems
are important for the creation of formally verifiable agent architectures that is the basis of trustworthy
autonomous vehicles. A lot of acronyms are in use as listed here:
Acronyms used
AAV
ADA

autonomous aerial vehicle
a statically typed, imperative, object-oriented
and wide-spectrum programming language
AGV
autonomous ground vehicle
AI
Artificial intelligence
AMR
autonomous mobile robot
ANSI
1. American National Standards Institute
ASC
autonomous spacecraft
AV
autonomous vehicle
AVDS
autonomous vehicle driver system
AVM
autonomous vehicle manager
AOP
agent oriented programming
BDI
belief desire intention
BG
behaviour generation
CAT
cognitive agent toolbox
CONGOLOG a robot programming language
CTL
computational tree logic
DAMN
distributed architecture for mobile navigation
FDI
fault detection and isolation/identification
CTL
computational tree logic
DAMN
distributed architecture for mobile navigation
FDI
fault detection and isolation/identification
FPGA
field programmable gate array
FSM
finite state machine
GPS
global positioning system
HYTECH
linear hybdrid system verifier
HS
hybrid system
INTERRUP
a vertical agent architecture
ITOCA
intelligent task oriented architecture
JACK
a Java based BDI agent programming
environment
JADE
a Java based agent programming language

KRONOS
LTL

realtime system model checker in RLTL
linear temporal logic

LIDAR
LTS
MA
MATLAB
MCMAS
MDP
METATEM
NLP
NuSMV
OOP
POMDP
RLTL
PRS
RA
RBF
RNDF
SBSP
SMV
SOM
SP
SPA
SPIN
TAXYS
T-REX
UAV
UPPAAL
UGV

light detection and ranging
labelled transition systems
manoeuvre automaton
a high level computer language
model checker for multi-agent systems
Markov decision process
an agent programming language
natural language programming
model checker for timed automata
object oriented programming
partially observable Markov decision process
realtime temporal logic
procedural reasoning system
remote agent
radial basis function (neural network)
route network definition file
situation based strategic positioning
model checker in CTL
self-organising map (neural network)
sensory processing
sense process act (cycle)
an LTL model checker for LTS
extension of KRONOS with compiler
teleo-reactive eXecutive
unmanned aerial vehicle
model checker for timed automata
unmanned ground vehicle

VIS

JASON

VJ
WM

model checker for interacting FSM of hardware
systems
value judgement
world model

a Java based agent programming language

2 ARTIFICIAL INTELLIGENCE OF AUTONOMOUS ROBOTS
Why one would raise the issue of „intelligence‟ in connection with autonomous vehicles? This is because
one would like to have reliable vehicles operating in constantly changing and complex environments, for
instance an urban environment, within a residential property, on the surface of a non terrestrial planet, or in
deep space. In these applications unexpected events may happen and the vehicle must deal with these
appropriately. Some of the decisions that a vehicle must make (especially in urban environments), can only
be based on higher levels of knowledge of an educated adult familiar with the social habits, the legal
consequences, dangers to health and life of an action taken – these are the AI complex problems. In brief:
AI complex problems are those that need human levels of intelligence. At the initial stages of autonomous
robotic research and development, as we are today, it is clearly important to avoid AI complex problems.
This can be achieved by some infrastructure provided to autonomous robots that reduces their need for
higher levels of intelligence. “Intelligence” is one of the hardest concepts to grasp and formalise. For the
purpose of this tutorial we accept the following “definition” of intelligence [1]:
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“Intelligence is the ability of a system to act appropriately in an uncertain environment, where an
appropriate action is that which increases the probability of success, and success is the achievement of
behavioural sub-goals that support the system’s ultimate goal.”
A general ANSI reference architecture [1] for intelligent systems contains the main processing units of
Sensory Processing (SP), World Model (WM), Behaviour Generation (BG) and Value Judgement (VJ) with
information flow as shown in Fig. 2.

Value
Judgement
Sensory
Processing
Judgement

World
Model
Sensors

Behaviour
Generation

Actuators

Environment
Figure 2. Reference architecture (ANSI) of intelligent systems [1] in the most generic form [2].

Some practical autonomous systems in operation today fall short of such fundamental requirements due to
speed and computing capacity limitations. However, many of the current applications of agent based
techniques to control systems have intelligence, in a similar sense. For instance a search and rescue AAV
may have the goal to discover and report about trapped personnel in a hostile terrain. To achieve this the
AAV may perform an initial rough survey of an area (SP,WM) and then select a set the “sub-goal” areas
(based on VJ) for closer examination of some likely targets to take appropriate actions (BG) of signalling,
relaying images and sending messages etc. This task can also be carried out by a group of AAVs. In this
case intelligence emerges as the ability of the group of agents to collaboratively serve the ultimate goal of
the system that is expressed in quality of performance, quality of output, energy efficiency and reliability.
Table 1 points out parallel concepts in cognitive systems with those of the .
Table 1. Concepts of the ANSI reference architecture for intelligent systems as compared to their location in the human brain.
ANSI Intelligent
Systems
Sensory Processing

Cognitive science

Brief description of associated digital signal processing

Perception: frontal lobe
(attention), parietal lobe
(tactile,
heat,
pain),
occipital lobe (vision),
temporal lobe(hearing)

Data and image filtering, abstraction processes by cognitive signal processing
using clustering, self-organising artificial neural networks, reinforcement
learning, etc., to recognize signal patterns, objects and events in the
environment.

Behaviour
Generation

Abstract planning:
frontal lobe

Behaviour generation can be more complex than running a simple
feedback/feedforward control algorithm. It can also include complex
composition of switching and realtime adaptation of controllers supervised by
symbolic computation.

Motor responses:
cerebellum
World Model

Coordination of
sensations: middle cortex
sections, Maps: parietal
lobe (precuneus)

World model can include static geometric models, visual models, memory
organisation, abstract models of the present and past, dynamical modelling and
parameter estimation, etc.
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Knowledge: frontal lobe
Value Judgement

Decision making: frontal
lobe
Sensual assessment:
middle cortex regions

Value judgement can be much more than evaluating a fixed performance
function. Goal oriented behaviour of agents means that the agent selects its
own performance functions which can be constrained by behaviour rules and
can require to make a compromise between partially conflicting goals.

2.1 Classification mobile robots
Autonomous mobile robots (AMRs) include autonomous unmanned aeronautical vehicles, autonomous
underwater vehicles, autonomous unmanned ground vehicles and autonomous spacecraft. These latter four
will be collectively called autonomous vehicles (AVs). AMRs are however a wider class than the vehicle
classes mentioned. Autonomous vehicles are autonomous robots whose task repertoire is dominated but not
exhausted by the goal of travelling along a route. AVs still can perform other tasks such as photographing or
sampling the environment with robot arms, but they share the main capability to plan and follow tracks in
their environment without collisions and serve some purpose by their travel that they need to “understand”.
AMRs also include walking and climbing robots, manufacturing and humanoid robots that may be
dominated by other tasks such as manipulation tasks, movements of objects, executing gardening,
manufacturing or problem solving tasks. The boundaries are not rigid between these classes. Nevertheless,
this paper will mainly focus on autonomous vehicles with the four subclasses of AGVs, AUVs, ASCs and
AAVs. The development of these can however greatly benefit from computational and architectural
achievements in the broader area of AMRs.
2.2 Autonomous vehicle/robot components
Table 2 clarifies the essential features that make a system autonomous. All five areas are important for
autonomy but four of them are also needed for remotely operated vehicles (ROVs) and not specifically for
autonomous vehicles only. Autonomous software is an indispensable component of an autonomous vehicle.
There are however hardware components that support autonomy in their respective areas:
(1)
(2)
(3)
(4)

energy harvesting (http://www.energyharvestingjournal.com) [3, 4];
self repairing or self reproducing structures [5];
self reconfiguring computing hardware [6];
self diagnostic sensors and actuators [7].

3 SOFTWARE FOR AUTONOMY AND AGENTS
This section first present programming approaches to controlling autonomous vehicles followed by
discussion on what agents are and some formal definitions of major agent classes. Markov decision
processes are outlined due to their general use today. Finally agent oriented programming, multi-agent
systems and levels of autonomy are discussed.
Software agents have been defined in various ways and it is difficult to pick a perfect definition, as they
grasp different aspects of agents. Here is a list of the most common descriptions of agent features, i.e. what
makes a software an “agent”:
(1) System theory definition: agents are independent, situated, self contained systems with reflective and
reflexive capacities (i.e. self-awareness).
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(2) Software system definition: software agents are extensions of objects (as in OOP) that can select
their methods to be executed in response to inputs in order to achieve some goals.
(3) Robotics definitions: agents are software that controls an autonomous robot to sense and make
decisions on what action to take.
(4) Behaviour centric definition: an agent is a software module that is capable of exhibiting reactive,
proactive and social behaviour while using communication inputs and outputs.
The concept of a physical agent that has sensors and actuators is well summarised in [8]: “Intelligent agents
are autonomous computational entities that can be viewed as perceiving their environment through sensors
and acting upon their environment through effectors… „intelligent‟ indicates that the agents pursue their
goals and execute their tasks in such a way that they optimise some given performance measures. To say
that agents are intelligent does not mean that they are omniscient or omnipotent, nor does it mean that they
never fail. Rather, it means that they operate flexibly and rationally in a variety of environmental
circumstances, given the informa-tion they have and their perceptual and effectual abilities.”
3.1 Definitions of agents
A formal description of agents [2], [9-12] is as follows.
Let the set of states of the agent’s environment be defined by S = {s1, s2, … } . The effector capability of an
agent is represented by a set A={a1, a2, … } of actions . For any set X let X* denote the set of all finite
sequences of elements in X.
An agent can then be viewed as a function
action : S*

A

which maps finite sequences of environment states to actions. Intuitively speaking, an agent decides what
action to perform on the basis of its history i.e. its experience to date. This basic model is called a standard
agent. For any set X let (X) denote the set of subsets of X.
The non-deterministic behaviour of the environment can be modelled as a function
env : S

A

(S)

which maps the current state of the environment and the agent‟s action to a set of environment states that
could result from performing the action. If all the sets in the range of env are singletons then the
environment is called deterministic.
A history of the agent/environment interaction is a sequence:
h : s0

a

1

s1

a
2

s2

a
3

s3

a

4

s4 …

hist(agent,env) denotes the set of all histories of agent and the environment env. If some property
for all these histories, this property is called an invariant property of the agent and the environment.

holds

Two agents are behaviourally equivalent with respect to an environment, if their sets of histories are equal
with respect to that environment. They are also called simply behaviourally equivalent if they are equivalent
with respect to any environment.
An agent is purely reactive if its action only depends on the current state of the environment, so its action
can be described by a function action: S
A . This state-space based definition of reactive agents is a bit
simplistic to be useful and the first architectural issue is to split the action mapping into perception and
action:
see : S

P , act : P*

A
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where P is a non-empty set of percepts and act maps sequences of percepts to actions. So far the agent‟s
decision was modelled as a mapping from sequences of environment states to actions. Let‟s now introduce a
set of agent states K. Then the next state is defined by a function next : K P K and the action is decided
by a new function action : K
A that maps the set of agent states into actions. State-based agent
description assumes that an initial state exists.
Six types of agent architectures will be considered briefly:
(1)

reactive agents

(2)

behavioural agents

(3)

logic based agents

(4)

situation calculus

(5)

layered architectures

(6)

belief-desire-intention agents

There is no linear ordering of these approaches in terms of capabilities or speed of response or practical
usefulness. The graph illustrates the connections and overlaps of these architectures.
Most approaches to autonomous vehicle engineering usually either fit one of these architectures or can be a
combination of these. For instance there are approaches to BDI agents that rely, to various degrees, on logic
inference. Situation calculus is a logic based approach but does not fit well the general framework of other
logic based approaches to decision making by agents; behavioural agents can be reactive or not reactive
depending on whether decisions are based on memory of the past. Adaptive fuzzy logic and neuro-fuzzy
approaches however do not necessarily create a new class relative to the above approximate classification of
agents (1)-(6). Also layered architectures can borrow methods of logical inference as well, can use
behaviour definitions and can also exhibit reactive behaviours at various layers of abstractions of the
environment.

Behavioural
agents

Belief desire
intention
agents

Reactive
agents
Layered architectures
Reactive
Logic
agentsbased agents

Reactive agents

Situation
calculus
based
agents

Fig. 3 A map of decision methods for autonomous agents. Most approaches to decision making in current autonomous vehicles
Reactive agents
can be placed on this map [2].

With regards to real-time performance the picture is not linearly ordered either as there are overlaps within
these approaches. For instance it is not true that either of BDI agents or logic inference based approaches are
the slowest, it all depends on the type of implementation and concurrency available.
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An early analysis of autonomous planning and activity can be found in [13, 14]. The tutorial paper [15]
calls the architecture “the backbone of a robotic system”. [16] is a systematic analysis of what is needed for
cognitive agent architectures. Levels of autonomy in vehicles, that is a function of these agent architectures,
is reviewed in [17]. In the rest of this section we introduce the fundamentals of each of these agent decision
making mechanisms. By convention, decision making mechanisms will be called “agent architectures” as
they are the essence of how agents operate.
3.1.1 Logic based architectures
Let L be a set of sentences of first-order temporal logic, and let D= (L) be the set of L databases, i.e. the
set of sets of all L-formulae. The internal state of an agent is then an element of D. Notations , 1, 2 will
be used for members of D. The logic-based agent‟s perception function, see, remains unchanged as see : S
P. The next function is an updating of D by the new experience via perception: next : D P D which
maps a database and a percept to a new database.
An agent‟s decision making process is modelled through a set of deduction rules denoted by . These are
rules for logic inference by the agent. We write
├
if the formula can be proven from an internal
state
D of the agent, using only the deduction rules .
We use the notation (D)
(L) for a set of deduced formulas after perception updating by next. Let G D
be the set of current goals. The agent‟s action selection function
action : (D)×G

A

is defined in terms of its deduction rules and goals. There is a variety of techniques in the literature
regarding how action can be done. An essential simplification is that instead of action directly mapping into
A, it can first map into a set of plans and to a pointer in the execution process of the plan. Let the set of
possible „pointed‟ plans be П L*×I (where I={1,2,3,…} is the set of natural number pointers). The
planner: D×G П
is a decision about the plan to be applied. Then exec: П
A is an executor of a single step in the plan.
Finally, goals require the goal update
g-update: (D)×G G function to be performed during each
reasoning cycle to develop sub-goals and cancel unachievable goals.
Numerous pure logical approaches have been developed and applied to agents since the early 80s and
throughout the 90s, for instance well known systems are CONGOLOG [18], [19] or METATEM [20]. A
more practical approach in [21] use various performance measures, including utilities, costs and fitness, and
probability theory for decision making of rational agents. [21] generalizes decision theory as performance
measure theory and uncertainty theory. Rational agents with bounded resources look for approximate
optimal decisions under bounded resources and uncertainty.
3.1.2 Behaviour-based and reactive architectures
Problems with the computational complexity of logic based architectures inspired the development of
behaviour based reactive architectures. These approaches are also called behavioural or situated because
their action is directly determined by the environmental situation via action : S
A. Such agents are often
perceived as simply reacting to the environment. Itself the method of choice for the action to be taken can
vary. This section will describe a simple form of one of the best known behaviour-based reactive agent
architectures, the subsumption architecture [10].
The function see, that defines the agent‟s perceptual ability, is the same as before:
see : S
P. A
behaviour is a pair (c,a) where c P is a set of percepts, also called the set of conditions, and a A is an
action. One says that a behaviour (c,a) fires in state s S iff see(s) c . Let Rb = { (c,a) | c P , a
A}
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be the set of all behaviours. The agent‟s behaviour rules will be defined as some subset B Rb. A binary
inhibition relation 
B
B is defined as a transitive, irreflexive and anti-symmetric relation. The
inhibition relation  is that is commonly referred to as the subsumption hierarchy, which is defined over the
set of behaviours B.
The decision function action is defined through a set of behaviours and the inhibition relation that is defined
over the set of behaviours, as follows. Let a percept p P be given. The problem is to define action(p) A.
Define the set of reaction behaviours as fired(p) = { (c,a) | (c,a) B & p c }. For each (c,a) fired(p) it
is found out whether there is a (c’,a‟) fired such that (c’,a‟)  (c,a) that inhibits (c,a). When a behaviour
(c,a) is found that is not inhibited in any way then that action can be selected for a = action(p) . This a may
not be unique in which case some ordering is introduced to prioritise.
Computational simplicity is a great strength of the subsumption architecture: the overall time complexity is
not greater than O(n2) where n is the number of behaviours or percepts, whichever is greater. This allows
strictly bounded and small decision time in realtime applications.
There are obvious advantages of reactive approaches: simplicity of behavioural rules, computational
tractability and elegance. But there are some fundamental problems with these reactive architectures. As
agents do not employ models of their environment, they must have sufficient information available to them
in their local environment to determine their actions. As decisions only depend on current states of the
environment, it is difficult to see how they could take into account non-local information in time and space.
It is also difficult to see how purely reactive agents can be made to learn from their experience and to
improve their performance over time when they do not have memory.
An interesting feature of reactive agent groups is that overall group behaviour emerges from the interactions
of member behaviours. The relation-ship between individual behaviours, environment and overall behaviour
is difficult to understand for a complex subsumption hierarchy. It is difficult to obtain an agent by a design
procedure up to a given specification. Hence the subsumption architecture is often obtained by trial and error
experimentation [10]. A similar approach is the agent network architecture [22, 23]. The related work on
situated automata [24] is interesting in that it provides a method to compile agents, specified in a logical
framework, into computationally efficient and very simple machines.
[25] presents a system for behaviour-based control of an autonomous underwater vehicle for the purpose of
inspection of coral reefs. The behavioural scheme modifies the above subsumption by using fuzzy logic and
utility function for behaviour selection. Behaviours are defined for guiding the robot along its intended
course using sonar and vision-based approaches, for maintaining a constant height above the sea floor, and
for avoiding obstacles.
For decision making during missions, [26] uses voting mechanisms. With regards to higher levels of
autonomous behaviours, Bryson [27] presents different architectures and shows that the hierarchical
organization of behaviours is one of the most advantageous ways of organizing them, since the
combinatorial complexity of control is reduced. In these types of architectures, each behaviour has been
modelled as a module that can communicate with others. [27] presents behaviour oriented design of agents
for engineering agents with complex mission capabilities. [28] provides a systematic descriptions and an
overview of decision making methods in behaviour-based robotics. [29] provides experimental comparison
of hierarchical and subsumption software architectures for control of an autonomous underwater vehicle.
[30] describes experiments to enhance the subsumption approach to behaviour-based control, as applied to a
wheeled autonomous mobile robot. It uses a modified subsumption control approach, which reverses the
behaviour priority ordering between layers. Modification of behaviours employing fuzzy logic for command
fusion has also been used in [30]. [31] describes the development of an autonomous mobile robot that is a
test bed for low level control experimentation, primarily for testing the robustness of behavioural and
subsumption based control.
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3.1.3 Situation calculus
The situation calculus is a second order logic with equality that allows for reasoning about actions and their
effects. The world evolves from an initial situation due to primitive actions; possible world histories are
represented by sequences of actions. Situation calculus distinguishes three sorts: actions, situations, and
domain dependent objects. A special binary function symbol do(a,s), with argument a for an action and s for
a situation, is used to construct histories of actions that are called situations. For instance do(move(2,3),S0))
or
do(pickup(Ball),do(move(2,3),S0))
are situations starting from the initial situation S0.
Let the set of actions denoted by A and the set of situations by S. The do function is a mapping
do : A × S → S .
A binary predicate symbol
S × S defines an order on the set of situations. s1 s2 means that s1 is a
proper sub-history of s2. A binary predicate symbol Poss
A × S . Poss(a,s) means that it is possible to
perform action a in situation s.
The domain independent foundation axioms of the situation calculus are:
do(a1,s1)= do(a2,s2)

a1=a2

P: P(S0) =( a s)[P(s)

s1=s2

P(do(a,s))]

sP(s)

s S0
s1 do(a,s2)

s1 s2

where the second axiom is in second order logic calculus because of the quantisation of predicate P.
A formula of the situation calculus is called uniform in a situation s iff it is first order, does not mention the
predicates Poss and , does not quantify over variables of situations, does not mention equality on situations
and, finally, whenever it mentions a term in the situation arguments position of a fluent, then that term is s.
An action precondition axiom is a logic statement of the form
Poss(A(x1,…,xn),s)

PA(x1,…,xn,s)

Where A is an n-ary action function symbol and PA(x1,…,xn,s) is a formula that is uniform in s and whose
free variables are among x1,…,xn, s . The uniformity in s requirement on PA is needed to ensure that the
preconditions for the executability of the action A are determined only the current situation s and not by any
other situation. For an autonomous vehicle we may for instance have
Poss(stopping(x),s)

moving(x,s)

A successor state axiom for an (n+1)-ary relational fluent F is a sentence of the form
F(x1,…,xn,do(a,s))

F(x1,…,xn,a,s)

where F is a formula uniform in s, all of whose free variables are among x1,…,xn, a, s . A successor state
axiom for an (n+1)-ary functional fluent f is a sentence of the form
f(x1,…,xn,y,do(a,s))

fF(x1,…,xn,y,a,s)

where fF is a formula uniform in s, all of whose free variables are among x1,…,xn, y, a, s .
A basic action theory D is the union of sets of axioms: D=

Dss

Dap

Duna

Dso where

are the foundational axioms, Dss is a set of successor state axioms for each fluent, Dap is a set of action
precondition axioms for each action function, Duna is the set of unique names axioms for action functions
Prepared under the European Network EuCogII, - http://www.eucognition.org/.
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and Dso is a set of sentences that are uniform in S0 . A basic result about the situation calculus is that, under
functional fluent consistency, a basic action theory D is satisfiable if Duna Dso is satisfiable. Further details
of the properties of the situation calculus can be found in [32].
GOLOG [33] is a robot action programming language based on the situational calculus. [34] presents a
mobile robot programming and planning language READYLOG, a GOLOG dialect, which was developed
to support the decision making of robots acting in dynamic real-time domains. There is no or very limited
use of any deduction rules to achieve realtime decision making. The formal framework of READYLOG is
based on the situation calculus, with control structures of feedback loops and procedures that allow for
decision-theoretic planning and account for a continuously changing world.
3.1.4 Beliefs-desire-intention (BDI) agents
These architectures have their roots in efforts trying to understand practical reasoning of how humans decide
which momentary action to take to further their goals [11]. Practical reasoning involves two important
phases: (1) what goals a human want to achieve and (2) how she is going to achieve them. The first is also
called the deliberation process and the latter is called means- end reasoning. The functional architecture of
BDI agents is outlined in the block diagram in Fig. 3. A formal description is provided as follows [9, 35].
Let Bel, Des and Int denote large abstract sets from which beliefs, desires and intentions can be taken. The
state of a BDI agent is at any moment a triple (B,D,I) where B Bel, D Des and I Int .
An agent‟s belief revision function (brf) is a mapping from a belief set and percept into a new belief set:
brf :

(Bel)

P

(Bel)

The options generation function (options) maps a set of beliefs and a set of intentions to a set of desires:
options :

(Bel)

(Iint)

(Des)

The main function of options is means-end reasoning, and this must be consistent with beliefs and current
intentions as well as opportunistic to recognise when environmental circumstances change advantageously.
The deliberation process, i.e. deciding what to do, is represented by the filter function
filter :

(Bel)

(Des)

(Int)

(Int)

which updates the agents intentions on the basis of its previously-held intentions and current beliefs and
desires. It must drop intentions that are no longer achievable, retain intentions that are not yet achieved and
it should adopt new intentions to achieve existing intentions or to exploit new opportunities. A constraint on
filter is that it must satisfy filter(B,D,I) I, i.e. current intentions must be either previously held intentions
or newly adopted ones.
Finally the function execute is used to select an executable intention, one that corresponds to a directly
executable action:
execute:

(Int)

A

Intentions are often represented not only as sets but with some structure such as priorities. A well known
implementations of the BDI architecture is the procedural reasoning system (PRS) in [35]. A large amount
of work has been carried out to formalise the BDI model, a key paper being that by Rao [36],
which describes decision procedures for prepositional linear-time belief-desire-intention logics. [37]
proposes a theoretical framework for teaming human and BDI intelligent agents for vehicles. It is
highlighted that autonomous agent qualities are as much needed in supervised team-effort situations as in
those of full autonomy.
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Sensor input
brf

Beliefs: B

options
Means-end
reasoning

Desires: D

filter
Deliberation

Intentions: I

execute
Select and perform action

Fig. 4 Block diagram of belief-desire-intention (BDI) agent reasoning cycle [2].

3.1.5 Layered architectures
The natural idea of producing a model of the world in order to use that to plan ahead and then execute the
plan, i.e. the sense-plan-act (SPA) cycle, is not without it‟s limitations and problems. World modelling may
be possible to simplify to such a degree that it may be performed suitably fast in realtime, but planning
algorithms are difficult to run in realtime: by the time the plan is ready, the world may have changed, thus
rendering its execution outdated.
From 1986 these difficulties of SPA were recognised: to achieve high speed and “intelligent” behaviour, the
subsumption architecture was advocated [38],[10]. Behaviours based upon subsumption architecture were
fast but did not store world model and memory, the scheme was instead based on the well emphasized
principle of “the world is the model” and the “behaviours communicate through the world” via sensors and
actuators. This architecture needed serious design effort, preplanning and proved to be fragile in face of
sensor errors in practice. In response to this, more complex architectures appeared in a series of papers [39,
40], [35], [41, 42]. It was discovered that internal states are important but should be kept to a minimum. This
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proved to be best achieved if abstractions were formed for sensing and actuation so that decision making did
not make use of all the data in models. This lead to layered architectures, where layers essentially represent
abstraction levels. The term “reactive planning” has become “reactive execution” in the sense that the
bottom layer was composed by automatic feedback-loop-based interaction with the environment. In a three
layer architecture the top layer is the “Deliberator” or “Planning player” [43, 44], the middle layer is the
“Sequencer” or “Coordinator layer” and the bottom layer is the “Controller” or “Skills layer” as illustrated
in Fig. 4. A systematic overview of early layered architectures is presented in [45].
Apart from the layers of “deliberation”, “coordination” and “control”, the agent also needs the reverse
process of “sensing, signal processing”, “abstraction” and “organisation of abstractions” that includes
attention control for a purpose. This is represented in Fig. 4 with the parallel but opposite direction of
information flow that includes sensing through signal processing, data fusion and abstraction organisation
with attention control. The symbolically expressed, abstracted information about the world is processed by
the Deliberator to make decisions on which goal to achieve and by what plan at a symbolic level.

Utility Abstractor
(functional relations, future prediction)

Basic Abstractor
(signal processing, recognition of
objects and basic relationships)

Deliberator
(decision making in abstracted, symbolic form)

Sequencer
(translating symbolic actions into detailed skill sequence )

Controller
(executor of actions in feedback loops of skills)

Sensors
(+attention control)

Environment
Fig. 5 An advanced layered architecture [45] that can have middle layers communicating: the Sequencer passes on to the
Abstractor what it expects and the Abstractor passes an symbolic information to the Sequencer and thereby form a “symbolic
control loop” at a higher level than the control loop of the Controller with sensor signals [2].

The Sequencer takes the symbolic plan and translates it into a sequence of skills to be exercised by the
agent. The Controller executes the skills in a reactive manner by sensor-to- actuator feedback loops. An
intermediate level symbolic control-loop is also possible to achieve by connecting the Basic Abstractor with
Fig. 5. displays an advanced layered architecture that can have middle layers communicating. Layered
architectures are the most versatile agent types and often include the layers or blocks of reactive, logic based
and coordinated behaviours. Some of these are less formalised, and semantically clear, than the main agent
types described in the previous three subsections. Important horizontal and vertically layered basic
architectures are the “TouringMachines” as described in [19] and a well known example of vertical
architectures is INTERRUP, as described in [46].
[47] presents an algorithm and its evaluation for collision avoidance and escape of autonomous vehicles
operating in unstructured environments. This methodology mixes both reactive and deliberative components
that provide the designers with an explicit means to design for robot certification. The traditional three layer
architecture is extended to include a fourth 'scenario layer', where scripts describing specific responses are
selected and parameterized in realtime. A local map is maintained using available sensor data, and adjacent
objects are combined as they are observed. Objects have persistence and fade if not re-observed over time.
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In common with behaviour based approaches, a reactive layer is maintained containing pre-defined
immediate responses in extreme situations.
[48] advocates a layered control architecture for executing multi-vehicle team co-ordination algorithms
with specific team behaviour. The control architecture consists of three layers of the team controller, vehicle
supervisors and manoeuvre controllers.
3.1.6 Some general observations
Use of neuro/fuzzy approaches in most applications means that one of the above agent types relies on fuzzy
logic instead of ordinary logic for decision making. Also Markov decision processes can be used in learning,
perception, attention selection and decision making of agents that can include reinforcement learning
algorithms. These can still be accommodated within the frameworks of classifications (1)-(6) as describe
above. For their importance and popularity, the basics of MDPs are introduced in the next subsection.
There are fundamentally two kinds of stability problems in agent based control systems. One is that can
occur while the agent executes a continuous feedback interaction with the environment (i.e. a skill
execution) based on a programmed or learned feedback schema. The agent needs to detect an instability
occurrence in realtime and its decision making must change the parameters of its feedback controller that
can be for instance continuous or sampled in the sensing and control variables. A second type of instability
can develop as a result of cycles of decision making by the agent. This is fundamentally a problem of the
decision making mechanism of the agent and as such it needs to be avoided by careful design or by built-in
“self-monitoring” of the agent actions.
3.2 Markov decision processes for attention and action selection learning
Markov decision processes (MDPs) can be used for focus selection in perception or can help an agent to
learn what action to take under given circumstances in an environment [2]. A brief description of MDPs is
as follows. Let S be a finite set of states of the environment and the agent. Let A be a finite set of actions
that the agent can take. Let Pa(s2|s1), s1,s2 S, denote the probability that state s1 is followed by state s2 if
the agent takes action a . Let Ra(s1,s2), s1,s2, a A denote the immediate or expected reward of the agent if
transition from s1 to s2 will actually happen as a result of taking action a.
The agent‟s objective is to maximise some performance index that is a monotone function of rewards. A
performance index can be evaluated for a policy :S A of the agent. For instance an often used discounted
average performance index of a policy is П( )= 1 t R (s)(st,st+1) where 0< <1 is a discounting factor.
The agent can maximise its performance by some version of an iterative procedure of evaluating
(s)=argamax

q S Pa(q|s)(Ra(s,q)+

П(q))

where
П(q)=

s S P (q)(s|q)(R (q)

(q,s)+ П(s)) .

This is a general approach to decision making that is less detailed than the agent frameworks described but
can be powerfully used for skills and reinforcement learning of the agent. The literature of MDPs is vast.
Here we briefly report on some interesting applications of MDPs that are relevant for autonomous vehicle
controls.
[49] develops a hierarchical formulation of a partially observable Markov decision processes (POMDPs)
for autonomous robot navigation that can be solved in real-time in dynamic environments. This method can
be used for localization, planning and local obstacle avoidance. It decides each time step the actions the
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robot should execute with consideration to motion and sensor uncertainty and enables fast learning. [50]
presents a low level controller under communications and navigation uncertainty that has been applied to an
autonomous robotic system using a WiFi-based POMDP. [51-53] present point-based approximate
techniques for POMDPs to compute a policy based on a finite set of points collected in advance from the
agent‟s belief space. The speed and efficiency of point-based value iteration and randomized point-based
value iteration in POMDPs have been shown on robot games and in continuous navigation of mobile
robots.
[54] describes how a robot can autonomously learn to execute navigation improvement plans, The problem
is formalised as an MDP. The action selection function employs models of the robot‟s navigation
improvement actions, which are autonomously acquired from experience using neural networks or
regression tree learning algorithms. [55] uses dynamic Bayesian networks to represent stochastic actions in
an MDP with a decision-tree representation of rewards. Versions of standard dynamic programming
algorithms are developed that directly manipulate decision-tree representations of policies and value
functions to reduce computational complexity via expected values. [56] proposes an abstraction technique
for MDPs that allows approximately optimal solutions to be computed quickly. Abstractions are generated
automatically using an intensional representation of the planning problem to determine the most relevant
problem features. [57] presents a computational theory of developmental mental-architectures for artificial
and natural systems, motivated by neuroscience, one of which is based on observation driven MDPs.

3.3 Agent oriented programming (AOP)
Table 3a lists some of the most popular agent oriented programming languages and development
environments that engineers can use to develop autonomous systems. The first 6 can be interfaced to
software that can handle sensors, actuators and signal processing. In addition, an engineer also needs hybrid
system simulations and formal verification to thoroughly test her design. The Cognitive Agent Toolbox
(CAT) is a purposeful integrated environment for engineers (rather than computer scientists). It integrates
the capabilities of some other packages (MATLABTM/ Simulink/StateflowTM, MCMAS) and is also
supported by natural language programming (sEnglish) that facilitates definition of abstractions for formal
verification. The table highlights the fact that, to the best knowledge of the authors, CAT is the only
integrated environment that provides facilities to study agent behaviour in the environment as a hybrid
system that includes continuous world responses while also providing agent oriented programming features.
Formal verification is particularly important for trustworthy industrial applications. Currently available
robotics development software in Table 3b contrasts with Table 3a in that they do not use AOP for robot
programming and most of them do not go beyond reactive/behavioural approaches to autonomy. Robotics
programs focus instead on making low level realtime code development for real robots easier. Some of
these, such as MS Robotics Studio, are low level programming environment that have the potential to be
extended with AOP features.
From programming point of view agent oriented programming can also be considered as being at a level
higher than object oriented programming. The similarity and difference between object oriented
programming (OOP) and agent oriented programming (AOP) arises from that objects are generally passive
and their methods are activated by external events. Objects encapsulate methods and functions of behaviour,
but they do not encapsulate choice of action, i.e. “behaviour activation”. Agents encapsulate behaviour and,
as explained above, are capable of complex behaviour. All agent architecture types in subsections 3.3.13.3.5 can embrace the idea of AOP and provide an interactive programming framework for autonomous
vehicle designers.
The key idea of AOP is to directly program agents in terms of mentalistic terms at high level, such as
beliefs, desires and intentions and to enable them to communicate with each other in terms of some ontology
language, see Shoham [58] about the fundamentals. For instance [59] proposes a programming method for
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developing autonomous agents that behave intelligently in unpredictable environments, by extending their
descriptions to realize large behavioural repertoires. An agent is described as a concurrent program which
updates a finite set of data objects in realtime at regular intervals in an OOP language so that its description
can be modular and reusable. The description of an agent specifies its property independent of hardware
platforms.
Table 4a Some popular software packages for agent oriented programming (AOP) [2].
Supports
Provides
Supports
Provides
Provides
Agent
facility for
embedded facility for
simulation of
Software
Oriented
hybrid
code
formal
agent (s) in
Programming system
generation verification environment
definitions
GOAL
+
+
-

Webpage

AgentSpeak
Jason
PRS
procedural
reasoning
system
3APL
3APL-M

+

-

+

-

-

http://mmi.tudelft.nl/~koen/goa
l.php
www.jason.sf.net, [60]

+

-

+

-

-

www.ai.sri.com/~prs, [61]

+

-

+

-

-

http://www.cs.uu.nl/3apl/ ,
http://www.cs.uu.nl/3apl-m/,
[62]

Golog

+

-

+

-

-

Jack

+

-

+

-

-

http://www.cs.toronto.edu/cogr
obo/main/systems/index.html
http://www.agentsoftware.com.au/products/jack/

+
(Jason based)

+
MATLAB/
Stateflow

+

+
(MCMAS
based)

+
(RTW, C/OS)

CAT
(MATLAB)

www.cognitive-agenttoolbox.com, [63]

[64] describes AOP based on a logical theory of action. The user provides a specification of the agents'
basic actions (preconditions and effects) as well as relevant aspects of the environment, in an extended
version of the situation calculus. Behaviours of the agents can be specified in terms of these actions in a
programming language where one can refer to conditions in the environment. An interpreter automatically
maintains the world model required to execute programs based on the specification. The theoretical
framework of this programming approach allows agents to have incomplete knowledge of their
environment. This theory also supports formal verification.
Execution monitoring for actions is also part of the AOP paradigm; [63] outlines a methodology borrowed
from the already available fault detection and isolation (FDI) algorithms from the manufacturing industries.
[63, 65] describes the need for a next generation of system software architectures, where components are
agents rather than objects “masquerading as agents”. The key qualities of future software systems need to be
autonomous, self-configuring, self-protecting, self-optimizing together with the more advanced desirable
features of “self-aware, environment-aware, self-monitoring and self-adjusting”. [63] introduces a
comprehensive methodology of agent oriented programming that enables the implementation of an agent
architecture tailored for a particular application in terms of speed and complexity. This programming
environment also supports formal verification [66] and the use of natural language programming [67], [68]
to aid the creation of agent abstractions and to assist a programmer team in the creation of a complex
software sys-tem.
The agents produced in this system can read about new skills in English documents written by maintenance
or research engineers after the commissioning of the vehicle system. Further information can be found in
[69].
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Table 4b. Some popular software robot programming languages without agent oriented programming [2].
Supports
Provides
Supports
Provides
Provides
Webpage
Agent
facility for
embedded facility for
simulation of
Software
Oriented
hybrid
code
formal
agent(s) in
Programmi system
generation verification environment
ng
definitions
KUKA
http://www.kuka+
+
+
robotics.com/en/products/softw
are/
MS Robotics
http://www.microsoft.com/robo
+
+
+
Studio
tics/
http://msdn.microsoft.com/enus/robotics/default
Actin
http://www.energid.com/produ
+
+
+
cts-actin.htm
CLARAty
http://claraty.jpl.nasa.gov/man/
+
+
+
overview/index.php
CybelePro
http://products.i-a+
+
+
i.com/wiki/index.php?title=Dist
ributed_Control_Framework
iRSP
+
+
+
http://irsp.biz/irsp.html
Pyro
+
http://pyrorobotics.org/
RIK
+
http://www.inl.gov/adaptiverob
otics/robotintelligencekernel/in
dex.shtml

3.4 Multi-agent decision processes
A rich source of ideas and techniques originates for multi-agent decisions from teams in annual Robocup
competitions. [70] provides a short introduction to Robocup principles and competition categories, followed
by the clear complexity difference between decision making between chess playing and a football game.
Typical multi-agent decision making problems, such as Robocup, have dynamic environment as opposed to
the static environment of chess. State changes are realtime in football while discrete turn takings are used in
chess, leaving more time to make a decisions. Sensor readings are purely symbolic in chess. Non-symbolic,
continuous variables of positions and velocities are to be considered in football. Finally, decision making is
clearly central in chess while it is distributed to individual agents in football.
In [70] the authors describe a multi-agent-decision process where each agent‟s action set is determined by a
set of decision functions: (1) shooting evaluation (2) defensive evaluation. Then offensive and defensive
decisions are taken by each individual agent. Joint defensive decisions result in formation by observation of
team players and under limited communications. Finally there is a set of basic tactics available to the agents
that give cause to situation dependent decision making: ball handling, pass, shoot, interception, movement of
agents who do not control the ball. A combination of decision functions and the sensed situations defines
each agent‟s realtime actions. More details of this approach can be found in [70].
[71] uses situation based strategic positioning (SBSP). To calculate SBSP an agent estimates the tactics
and formation currently in use and its positioning and player type within that. This is adjusted by the ball
position and velocity, the possible situation such as attack, defence, scoring opportunity, and also by the
player type strategic characteristics. Strategic characteristics include potential for ball handling, admissible
regions in the field, etc. There is a rich selection of behaviour types that the agent can select from, which
depend on the tactics and strategic characteristics, and also on the agent‟s role in a formation, position of the
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ball and the other players. A description can be found in [72]. A detailed analysis of multi-agent decision
making is however beyond the scope of this paper, see references [73], [74].
A very original approach to programming is presented in [75] that advocates a formal grammar based
method to self-assembly and self-organisation of robot teams with an overall system behaviour emerging
from the concurrent system of member robot actions. [76] describes the design and implementation and
programming of a sensor network system that can adapt to node failures and changes in node positions to
support human actions in typical living and working environments such as buildings, offices, and homes.
[77] presents the results of simulations investigating a decentralised control algorithm able to maintain the
coherence of a swarm of radio connected robots. Decision processes are solved while the radius of
communication is considerably less than the global diameter of the swarm.
Programming of a network of agents can be based on theory presented in [22, 23]. [78] presents a game
theoretical approach to multi-agent team coordination. In [48] a layered control architecture is programmed
for executing multi-vehicle team co-ordination algorithms along with the specifications for team behaviour.
3.5 Levels of autonomy
The initial three levels of autonomy for autonomous vehicles can be described as follows[2].
Level 1 The vehicle is stabilised by feedback control and can autonomously track its self generated trajectory
to given waypoints. There is a map and the vehicle is required to be able to locate itself on the map and
follow a user specified track without human control.
Level 2 The navigation system of the vehicle is able to define intermediate waypoints by itself that permits
the human supervisor to specify global targets without giving details. The vehicle is also capable of
autonomous departure, arrival and collision avoidance.
Level 3 The human supervisor of the vehicle is allowed to define mission goals in terms of high abstraction
levels and the vehicle has extensive mission-related knowledge and decision making capability onboard,
while also having all the capabilities of levels 1-2 autonomy.
Level 3 autonomy is very broad and can be based on multi-layered and deliberative decision making
architectures. Few of these are operational today. The first two autonomy levels have been demonstrated in
numerous AAVs, AUVs, AGVs and ASC.
As the levels of autonomy increase, the dependence upon a human in the loop is reduced to that of a
supervisory role; for highly mobile vehicles this clearly raises legal risks. Recently there have been civil
aviation authorities that awarded out-of-sight flight authorisation [79] to AAVs. This included the
development of a generic, safe and verifiable flight control architecture and algorithms for 3D path
generation on the basis of a numerical terrain model and closed-loop strategy optimisation for mission
planning and on-line re-planning. AUV certification is in its infancy and will probably develop fast in the
near future. AGVs moving on tracks are already operating autonomously and reliably at many airports.
Urban AGVs are however a great challenge as their low infrastructure solution can be AI complex.
Constrained path AGVs, such as autonomous buses, are being developed. Due to the possibility of
unexpected events, these are likely to pose some challenges in the foreseeable future.

Prepared under the European Network EuCogII, - http://www.eucognition.org/.

Page 18

4 ABSTRACTIONS FOR ROBOTIC AGENTS
Abstractions of relationships in the sensed environment and abstractions of agent actions are discretisation
of the continuous environment that are important for two major activities [2]:


for the robot‟s decision making in terms of behaviour rules;


for the design engineer of the robot to carry out formal verification in order to prove safe operation
of the autonomous robot.
First abstraction processes will be considered for agent decision making and then verification tools will be
reviewed that assume that abstractions have been formed. We will also comment on a tool available to carry
out systematic a priori abstraction formation for robot activities using natural language programming.
Abstractions are needed by all agent architectures studied in this paper. Abstractions associate discrete
symbols with continuous phenomena. On the other hand, decision making by agents is done in symbolic
terms and decisions cannot be made without discrete abstractions of some sort. Logic based agents need
abstractions to formulate symbolic representations of the changing environment and of the agent‟s situation
in it. Behavioural and reactive architectures need abstractions to check whether some behaviour is to be
committed. Layered architectures have built- in abstractions layers for higher level processing of
information on their own actions and changes in the world. Deliberative agent architectures also need
abstractions to update their beliefs, check whether they achieved some goal and also to symbolise actions to
reason about them. In this section we report of research where sub-symbolic or symbolic abstractions are
developed by agents themselves, or they are developed and a priori programmed by engineers.
4.1 Review of engineering abstractions
[80] addresses the question of how a mobile robot can autonomously determine task-achieving sequences of
actions without using pre-supplied symbolic knowledge. Agent acquired perception–action–perception
triplets are used to create: (i) a sub-symbolic representation of perceptual space, using the self-organising
feature map (SOM) using neural networks, and (ii) a representation of perception–action–perception triplet
associations. Three sub-symbolic action-planning mechanisms are presented to produce plans through
unexplored regions of the perceptual space. One of these, based on the use of radial basis functions (RBFs),
is capable of generalising over the perceptual space of the robot and pursuing plans through unexplored
areas of the perceptual space of the robot. The question remains however, how this approach can be used to
create shared understanding with humans and ensure certifiably safe behaviour of a robot for instance in a
household environment. There is a certain technological gap between this approach and approaches taking
the stance of verifiable agent behaviours using pre-programmed abstractions of the hybrid system of the
robot-environment system.
[81, 82], provide abstractions of sensing and actions for AAV movements in natural environments. The
hybrid model is mapped by abstractions to a Kripke model of discretised worlds that can be described by
temporal logic formulae. This abstraction process can be both used for reasoning and verification of the
AAV system in real environments.
An abstraction procedure of robot task execution dynamics is presented in [83] where a modelling approach
is used to obtain a non-linear polynomial model of the robot‟s task in a real robot–environment–task system.
Earlier, along the same line of research, the importance of multi-resolution map-building, that is clearly an
abstraction process, had been analysed in [84] for autonomous mobile robots.
In [85] a priori defined discrete abstractions by triangulations are used to map out solutions for continuous
motion planning and control problems. Discrete planning algorithms are linked to automatic generation of
feedback control laws for robots with under-actuation constraints and control bounds. Kinematic robots with
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velocity bounds and under-actuated unicycles, with forward and turning speed bounds, are covered. [86]
presents an algorithm that translates the „abstract‟ temporal logic specification of agent movements into a
hybrid automaton where in each discrete mode the controller specifications for the continuous dynamics are
imposed. [87] uses hierarchical abstractions for swarm robots in a 2D environment that is built on two
levels of continuous and discrete abstractions. Discrete abstractions permit the use of linear temporal logic
formulae to express control goals. The temporal logic formulae can express requirements of location
visitations in a 2D area and where obstacles and agents are located, so that collision avoidance can be part of
a goal formula. It is shown that there is an automated procedure that decides whether there are control law
solutions for each agent in the swarm to satisfy a temporal logic goal.
[88] defines a manoeuvre automaton (MA) to abstract vehicle movements in terms of movement primitives.
Motion plans are defined as concatenation of motion primitives such as manoeuvre primitives and trim
primitives providing steady state movements. MA controllability is defined and constructive procedures are
given to define motion plans. It is proven that under controllability, there exists a solution to a cost optimal
control problem and the optimal motion plan has finite length in abstracted form of the MA language.
[89] reviews top-down approaches to symbolic control of vehicles in which logic tools are used on abstract
models of vehicles and bottom up approaches to provide means by which such abstractions are implemented
and are effective. As the authors admit the “two ends do not quite tie as yet”, and much work remains to be
done in both directions to obtain generally applicable methods. The approach of feedback encoding [90] is
used for symbolic control of nonlinear systems. The idea is to efficiently generate an abstracted control
instruction sequence that is a plan for a sequence of continuous time actions of the autonomous vehicles
achieving a desired movement in the continuous state space [90].
The corresponding perceptual abstractions of movements in state space, as obtained from sensor
measurements, can be accomplished by abstracted nonlinear observers [63]. In [91] a symbolic description
of a system is used to both design the layout of a recurrent neural network for control and also to write
down the analytical expression of the rules for its training. This facilitates the definition of a general
procedure for control of a complex dynamic systems using cost functions sampled along trajectories.
[92] shows that every incrementally globally asymptotically stable nonlinear control system is
approximately equivalent (bisimilar) to a symbolic model. The approximation error is a design parameter in
the construction of the symbolic model and can be rendered as small as desired. If the state space of the
control system is bounded, then the symbolic model is finite.
Creating abstractions for agents can also be considered as knowledge engineering for agents. It is only for
the simplest of agents that a single layer of abstractions from sensing to abstractions of perception and
actions are sufficient. Multi-layers of abstractions constitute a knowledge base that represents what an agent
can know and handle symbolically. Layers of abstractions can be built up by collecting similar relationships
in one layer to form the next higher level layer. Highest level abstractions make concise communications
and rational inference of an agent possible. Abstract communications and knowledge representation is only
applicable if the agent is able to produce acceptable interpretations of higher level abstractions in any given
situation. Ad hoc methods to define abstractions in terms of subroutines that check whether a proposition is
true or wrong have been around since the start for robotics. However a systematic approach to creating
levels of abstraction is through natural language programming (NLP) [93] that links human concepts with
that of the robot. NLP is based on two major components:
An ontology where all classes and properties can be derived back to basic types of a high level
numerical language (MATLAB, ADA, Phyton, etc.) for signal processing of sensor and modelling data.
A set of sentences in a natural language with the requirement that the meaning of each sentence is
either defined by a sequence of other sentences or by code written in a high level language.
[94] illustrates the concepts used in sliding mode control of an autonomous spacecraft. [95] presents a
complex system of knowledge representations, reasoning and planning tools that can provide some
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interoperability between embedded agents to achieve high-level mission goals described by the operator.
Ergonomic knowledge engineering solutions for agents can be found in [63, 67, 96-98].
[99] describes streams based realtime abstraction processes for logic based inference of autonomous
systems. [99] develops some of the ideas of [100], [100] further by the use of database query technology
and NLP techniques in sEnglish. [101] presents a complex system of knowledge representations,
reasoning and planning tools with the desire to provide some interoperability between embedded agents to
achieve high-level mission goals described by the operator.
The journal special issue [102] contains several papers where abstractions play a key role in decision
making of vehicle agents. An important, role of abstraction processes is to provide a discretised model of the
agent interacting in a real world environment [99]. The discretised model consists of logic propositions
about the state of the world and the agent‟s actions. [103] proposes a fuzzy qualitative version of robot
kinematics with the goal of bridging the gap between symbolic or qualitative functions and numerical
sensing and control tasks.
[104, 105] presents a decision making strategy for autonomous multi-platform systems, wherein a number of
platforms perform phased missions in order to achieve an overall mission objective.
4.2 Formal verification and certification
Formal verification tools use temporal logic statements (formed from basic propositions) to formalise
transitions between discrete states of the environment that are triggered by actions, internal states and logic
based reasoning of agents.
Autonomous vehicles can cause accidents with material damage and human injury or death, and as such can
be considered as safety-critical. These systems must be certified according to applicable standards as
adequately safe before they can be deployed. [106] reviews dangerous scenarios of autonomous vehicles
and identifies the safety concerns that they raise. Safety-critical systems procured and operated by the UK
Ministry of Defence must now be certified against the requirements given by Def Stan 00-56. [107] reviews
some possible formal verification techniques to support legal certification and also mentions some
abstraction and model checking approaches. [108] is concerned with the derivation of safety requirements
after hazard identification and analysis using formal policy derivation methods. Table 5 presents some of the
verification software available.

5 APPLIED AGENT ARCHITECTURES
The application of agent technology on a vehicle platform is not domain specific. Whilst a vehicle platform
may be developed to perform within any medium, be it underwater, a surface craft, air vehicle or even a
space vehicle, the agent technology is not concerned with this fact. Agent vehicle action, taken as a skill
endowed to an agent system, that is executed by locally situated hardware systems (not part of any high
level reasoning) is of great academic interest. For all vehicle types, innumerate papers exist on formation,
position and attitude control, control reconfiguration, path planning, collision avoidance, as well as guidance
and navigation issues. Taken by themselves such agent skills, as published, are generally shown as reactive
agents: though these specialised and domain dependant skills may be interwoven into agent architectures to
enable the development of a highly capable system. This section will consider the implemented agent
architectures on this cross section of vehicle platforms.
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5.1 Layered architectures
Functionally separate layered architectures exist for all vehicle platforms and are the predominant form of
agent system applied to unmanned ground vehicles. [109] describes the sensing, planning, navigation, and
actuation systems for the „Little Ben‟ autonomous ground vehicle. The layered software architecture is
organised hierarchically into a series of modules connected via interprocess communication messages. [110]
provides a detailed description of a modified US Marine medium tactical vehicle replacement. The control
architecture employs a layered design, where various software modules act as services and provide specific
functions to the overall system. [111] describes Skynet, an autonomous vehicle with a Chevrolet Tahoe at its
base, employing a multilayer perception and planning/control solution. [112] describes the architecture and
implementation the Talos autonomous passenger vehicle, designed to navigate a road network using locally
perceived whilst keeping to traffic rules. The employed solution resembles a layered control architecture,
where the “navigator” is responsible for planning the high-level behaviour of the vehicle, the motion planner
performs path generation and the controller is responsible for executing the motion. Layered control
architectures for an AUV are detailed within [113, 114]. In these papers the control architecture is structured
in three layers: the higher level planner/sequencer that acts as the deliberative layer in the overall
architecture, the control execution layer and the functional reactive layer. This reactive layer takes care of
the real-time issues related to the interactions with the environment. The middle control execution layer
interacts between the upper and lower layers, supervising the accomplishment of the tasks. The three layer
architecture employed for the SAUVIM underwater vehicle, consisting of the application layer, real-time
layer and device layer is described within [115]. Here the application layer performs task management
functions and to enables application specific purposes such as the user interface and supervisory control
algorithms. The real-time layer comprises of a system configurator, a real-time operating system and some
sub-task modules. The device layer connects directly to hardware and sends actuator command data and
performs sensor data acquisition. The described control architecture claims to adopt the advantages of both
traditional hierarchical and subsumption architectures. [116] proposes a three layer architecture for complex
missions. A system consisting of a three-level software architecture (Strategic, Tactical and Execution
levels) is described in [117]. These levels separate the control requirements into modularized functions,
enclosing logically intense discrete state transitioning using asynchronously generated signals for control of
the mission and real time synchronised controllers that stabilize the vehicle motion to callable commands.
5.2 Hierarchical architectures
Hierarchical organisation architectures have been investigated for application to underwater, ground and
aerial agent vehicles. [29] presents experimental comparison of hierarchical and subsumption architectures
for high-level mission control of AUVs. It was observed that both approaches results in behaviourally
equivalent controllers. A hierarchical, hybrid, model-based architecture for mission control of a generic
survey AUV is presented within [118, 119]. The control architecture is organized hierarchically, containing
modules that are each modelled as a hybrid system. The lowest level of the hierarchy is formed by the
underwater vehicle as the plant, and the vehicle controllers. These together serve as the plant for the higher
level mission controller. The mission controller consists of a collection of high-level hybrid automata and is
itself hierarchically decomposed into the behaviour controllers, operation controllers and the mission
coordinators. [48] presents a hierarchical, layered control architecture for executing team-coordination
algorithms within a multi-vehicle scenario. A three level hierarchy of team controller, vehicle supervisor and
manoeuvre controller is implemented. [120] presents a hierarchical flight control system for unmanned
aerial vehicles that executes high-level mission objectives by progressively decomposing them into
machine-level commands. [121] develops a hierarchical cooperative guidance architecture for a multiPrepared under the European Network EuCogII, - http://www.eucognition.org/.
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missile system, that in the case of salvo attacks, ensures that the missiles achieve simultaneous target strike;
distributed and reactive decision making is a characteristic of such coordinated control schemes.
5.3 Behavioural and reactive architectures
Behavioural and reactive approaches are prevalent throughout multi-agent robotic applications and have
found implementation within a variety of cooperative and single robot vehicle platforms. [122] describes a
comparative evaluation of four behaviour based control architectures for AUVs, including schema-based,
subsumption, process description language and action selection dynamics. The general construct of a
behavioural based system is that of composing elemental behaviours such as „go to‟ and „avoid‟. The global
behaviour is determined by the specific coordination method of the behaviour based control architecture
under experimentation. Competitive methods such as the subsumption and action selection dynamics have
only one behaviour active at a time. In terms of robustness, tuning time and modularity, competitive
methods exhibit better performances. The disadvantage of the competitive methods is that command fusion
is not allowed, and in the case of a situation of goal-seeking and obstacle avoidance the generated trajectory
is non-optimal [122]. A space based behavioural application is considered as a solution for large scale
satellite swarms applied to in-oribit assembly of large space structures within [123-125]. Here the
behavioural elements are used to construct a three-dimensional vector with the orientation denoting the
direction to be followed by the space vehicle, while the magnitude is expressing the strength of the response
against other behaviour‟s commands. [126] describes a similar behavioural control architecture for the
control of an AUV used to track a cable.
More complex behavioural and reactive approaches may be observed applied to autonomous ground and air
vehicles, primarily concerning coordination within a multi-vehicle group. [127] investigates leader–follower
formations of non-holonomic mobile ground robots wherein the AGV's control inputs are forced to satisfy
suitable constraints restricting the set of leader possible paths and admissible positions of the follower,
resulting in a purely reactive architecture. [128] presents a cooperative and decentralized 2D path-planning
algorithm for a group of autonomous ground vehicles that guarantees collision free trajectories and may
operate in real-time. Decisions on agent motion primitives are based on a set of behaviour rules defined;
conflicts between agents are resolved by a cost-based negotiation process. [129] considers formation control
for a group of unicycle-type mobile vehicles, which are capable of inter-robot communication, using a
reactive agent architecture: the current situation of a vehicle determines its subsequent motion. [130]
investigates cooperative control for multiple AAVs in the presence of known stationary obstacles and
unknown enemy assets using a navigation function to plan the motion of the AAV team in a centralized
fashion. The limited sensing zone of the AAVs is conditioned for by implementing an „analytical switch‟
wherein the standard navigation function approach is extended to a multiple navigation strategy. In this
system decision making is both reactive and behaviour rule based.
5.4 BDI architectures
The belief-desire-intention implementations, which cling to anthropomorphism applied to a computational
entity, have been investigated for both underwater and space based applications. [131] proposes an AUV
fuzzy neural BDI model, to facilitate the application of typical BDI agent models to the underwater realm.
The authors highlight that a typical BDI agent model is not efficiently computable and the strict logic
expression is not easily applicable to the uncertain AUV domain. The developed fuzzy neural network
model consists of five layers: input (beliefs and desires), fuzzification, commitment, fuzzy intention, and
defuzzification layer. Intentions are formed from beliefs and desires by the fuzzy commitment rules and
neural network. Numerous agent methodologies for autonomous space vehicles have been presented within
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simulated environments. [132, 133] present a BDI agent framework programmed using JACK, which is
extended to permit numerical computation through a link to MATLAB. [134] presents satellite swarm
planning, via communication and negotiation, while tasked with observation in an Earth orbit. Additional
applications of a bespoke BDI agent language linked to a MATLAB environment and used for control, fault
diagnostics and control reconfiguration of a spacecraft is presented within [135].
5.5 Hybrid architectures
Hybrid architectures evolve out of a desire to combine the advantageous traits of various systems
architectures. Such architectures have received a lot of attention and this is evident within [136], wherein a
comprehensive survey of twenty two control architectures for underwater vehicles shows that the hybrid
control architecture is currently the most popular, merging the advantages of the deliberative and
behavioural architectures while minimising their limitations. In some papers hybrid systems are presented
where deliberative elements augment the fast reaction capabilities of behavioural elements that are driven
directly from sensor inputs, with mission planning capabilities; such systems may be functionally similar to
layered architectures. [136] presents a hybrid control architecture that, similar to [113, 114], is structured in
three layers: the highest level is responsible for mission planning and re-planning; the intermediate layer
activates the low-level behaviours and to passes parameters to them; while the lowest level layer is the
reactive layer and contains the physical sensor and actuator interfaces. This similarity between control
architectures is echoed within [137] where it is stated that “many control architectures recently proposed
converge to a similar structure”. Of course, in the instance of hybrid systems, the similarity with another
system is dependent upon where the hybridisation exists: it is argued here that hybrid systems should be
referred to as those wherein a specific layer of the control architecture implements multiple disparate
methods, rather than an architecture that may be broken down into interacting systems that are functionally
different. Such hybrid layers are exemplified within the perception and planning systems of the Odin
autonomous robotic vehicle where a hybrid deliberative/reactive architecture selects the appropriate
behaviour based upon the current situation [138]. Additionally a hybrid coordination methodology between
the disparate nature of competition and cooperation, trying to benefit from the advantages of both, is
presented for an AUV within [139].
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