T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

A Hierarchical Fuzzy-Genetic Multi-Ag ent Architecture for

Intelligent Buildings Online Learning, Adaptation and Control

Hani Hagras, Victor Callaghan, Martin Colley, Graham Clarke

T he Comp uter ScienceDepartment, Essex University, Colchester, CO43SQ, UK.

E mail: hani@essex.ac.uk

Abstract:

In this paper, we describe a new application domain for intelligent autonomous systems ˘ Intelligent Buildings (IB). In doing so we present a novel approach to the implementation of IB agents based on a hierarchical fuzzy genetic multi embedded-agent architecture comprising a low-level behaviour based reactive layer whose outputs are co-ordinated in a fuzzy way according to deliberative plans. The fuzzy rules related to the room resident comfort are learnt and adapted online using our patented Fuzzy-Genetic techniques (British Patent 99-10539.7). The learnt rule base is updated and adapted via an iterative machine-user dialogue. This learning starts from the best stored rule set in the agent memory (Experience Bank) thereby decreasing the learning time and creating an intelligent agent with memory.

We discuss the role of learning in building control systems, and we explain the importance of acquiring information from sensors, rather than relying on pre-programmed models, to determine user needs. We describe how our architecture, consisting of distributed embedded agents, utilises sensory information to learn to perform tasks related to user comfort, energy conservation, and safety. We show how these agents, employing a behaviour-based approach derived from robotics research, are able to continuously learn and adapt to individuals within a building, whilst always providing a fast, safe response to any situation. In addion we show that our system learns similar rules to other offline supervised methods but that our system has the addional capability to rapidly learn and optimise the learnt rule base.

Applications of this system include personal support (e.g. increasingr independence and quality of life for older people), energy efficincy in commercial buildings or living-area control systems for space vehicles and planetary habitation modules

Key Words:

Fuzzy Systems, Genetic Systems, Intelligent Buildings, Agents, Online lear ning

1. Introduction

T he building industr yuses the ter m intelligent , to describe the way the design, constructio n and management o f a building can ensure that the building is flexible and adaptable, and therefore profitable, over its full life span. A definition which finds favo ur with manyb uilding managers and architects is that ^An Intelligent-Building is one that

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001 provides a productive cost-effective environment through the optimisation of four basic elements; systems, structures, services, management and the inter-relationship between them ~ [20].

Comp uter scientists, ho wever, hold a different view of intelligence. T heyare more concerned with giving machines management, analytic and control capabilities that are comparable to intelligent human activity . We prefer the definition - ^ An Intelligent-Building is one that utilises computer technology to autonomously govern and adapt the building environment so as to optimise user comfort, energy-consumption, safety and work efficiency~ . In the context of a building, a system works b ytaking inp uts fro mbuilding sensors (light, temperature, passive infra-red, etc), and using this and other infor mation to control effectors ( heaters, lights, electronically-operated windo ws, etc). If this systemis to be intelligent, an essential feature must be its ability to learn and adapt appropriately. For this a system which can adapt and generate its o wn r ules (rather than being restricted to simple auto mation) is required. According to Kasabov [16] an intelligent systemsho uld be able to learn quicklyfro mlar ge amo unts of data therefore using fast training. An intelligent system should also adapt in real-time and in an on-line mode where new data are accommodated as it arrives. Also the system sho uld be able to accommodate in an incremental way any rules that will beco me kno wn about the problem. It should be memor y-based, plus possess data and exemplar storage and retrieval capacities. It also should be able to learn and improve through active interaction with the user and the environment. It should have parameter s to represent short and long ter m memor y, age, forgetting, etc. It sho uld also analyse itself in ter ms o f behaviour, error and success. T o the authors kno wledge no system in the field of intelligent building has satisfied these conditions.

We viewintelligent buildings as co mp uter-based systems, akin to robots, gathering information fro ma varietyo f sensors, and using embedded intelligent agent techniques to deter mine appropriate control actions. In controlling such systems one is faced with the imp recisio n of sensors, lack of adequate models o f many of the processes and the nondeterministic aspects of human behavio ur. Such problems are well kno wn and there have been various attempts to address them. T he most significant of these approaches has been the pioneering work on behavio ur-based systems fro m researchers such as Brooks [4] & Steels [23] who have had considerable success in the field of mobile robots. It might not seemobvious that a building can be looked upon as a machine; indeed ^ a robot that we live within ~, but, in other work [6] we have justified the view that intelligent b uildings, are analogous to robots, gathering infor mation fro ma varietyo f sensors, and able to use behaviour -based techniques to determine appropriate control actions.

Fuzzylogic o ffer s a framework for representing imprecise, uncertain kno wled ge. Similar to the way, in which people make their decisio ns, fuzzy systems use a mode of approximate reasoning, which allo ws it to deal with vague and inco mplete infor matio n. In addition fuzzyco ntrollers exhibit robustness with regard to noise and variations o f system parameter s. Ho wever, fuzzysystems have a well-kno wn problemconcerning the deter mination of their parameters. In mo st fuzzy systems, the fuzzyrules are deter mined and tuned through ^trial and error~ bydevelopers, taking much

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001 iteration to deter mine and tune them. As the number of inp ut variables increases ( which is the case o f Intelligent buildings) the numbers o f rules increase further magnifying the difficulty.

Evolutionar yalgorithms constitute a class o f search and optimisation methods guided bythe principles of natural evolutio n. Genetic Algorithms (GA) are optimisation methods inspired b yprinciples of natural evolution and genetics.

GA has been successfullyapplied to solve a varietyof difficult theoretical and practical problems b yimitating the underlying processes o f evolution such as selection, reco mbination and mutation. T heir capabilityof lear ning enables a

GA to adapt a systemto deal with any task [12]. T here are numerous reports in the scientific literature on designing fuzzy controllers using GA [10, 17, 2, 15]. However, mo st work uses simulation to overcome the time overhead problemcaused bythe lar ge nu mber of iteratio ns needed for a conventional GA to develop a good solution. T hus it is not feasible for a simple GA to learn online and adapt in real-ti me. T he situatio n is worsened bythe fact that most evolutio nar yco mp utatio n methods developed so far assume that the solutio n space is fixed (i.e. the evolutio n takes place within a pre-defined problemspace and not in a d ynamicallychanging and open one), thus preventing them fro m being used in real-time applications [16].

Our work is co ncerned with utilising an intelligent embedded-agent approach based on a double hierarchical Fuzzy-

Genetic system, similar to the approach alreadytaken in our previo us work in mobile robotics [13, 14], to create an integrated and semi-auto no mous building co ntrol system. T here are other research projects concerned with applying AI to buildings mo st notably[5, 7, 8, 19]. Examples of such work include r esearch in Sweden [8] that utilises multi-agent principles to control an Intelligent Building. T heir primar ygoal is energy-efficiency, and altho ugh their system does adjust the heating and light level to suit individual preferences, these settings must be pre-defined. T heir agents are built fro mtraditional AI (i.e. not behavio ur based) and their wor k does not address issues, such as occupant based learning. T he system, so far implemented in simulation only, managed to achieve energy savings of 40% over the same building being controlled manuallyb yoccupants. A group in Colorado [19] are using a so ft co mp uting approach - neural networks - focusing solely on the intelligent control of lighting within a building, b yanticipating when particular zones (regions in a room) will be occupied or unoccupied. T heir system, implemented in a building with a real occupant, also achieved a significant energy reduction, although this was so metimes at the expense o f the occupant´s comfort. T heyuse a centralised control architecture which differs fro mour multi-agent approach and which includes no adaptation, as is the case for us. A third group based at the MIT Artificial Intelligence Lab in Massachusetts is working on an Intelligent Roo mproject. T heyemplo y a mix of cameras, microphones and multiplexer to enable people to interface with roo m-based systems in a natural way using speech, gesture, mo vements, and context infor matio n [5].

T his primar y focus on facilityof the user interface differs to our work where ideallythe agent remains more or less invisible to the user of the building. T here have been also other research projects by[1] and [11] concerned with producing optimal models for buildings which will used later in control, ho wever these techniq ues lacks flexibilityas if

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001 the system characteristics changes the system has to repeat a time consuming offline lear ning cycle. Also these techniques ignores the fact that the b uilding control is subject to human desires which can var y fro ma person to another, so there is a need for online adaptive and interacting learning. We believe our approach is unique in seeking to applya hierarchical fuzzy control architecture with genetic lear ning. T his approach allo ws the lear ning or adaptation to be performed through interaction with the environment ( with the occupant of the roombeing seen as part of the enviro nment). In this approach there is no need for simulation or direct human intervention into the rule setting system thus satisfying the definitions of Intelligent Auto no mous Agents in robotics [23] and intelligent systems as explained above.

Broadlyspeaking, the agent wor k described here is situated in the recent line of research that co ncentrates on the realisation of embedded real-time agents grounded in the physical world. T raditional approaches such as real-time control and expert systems rely o n predictive models and thus have difficultyin environments that are of intractable complexity (in ter ms o f the d ynamics and number of variables) being essentially(if not actually) non-deter ministic.

Ho wever, a number of robotic based researchers have had notable success in dealing with this type o f problembased on techniques that can broadlybe categorised b ythe ter mbehavio ur based systems. We take this approach as our starting point and have developed a method of implementing this as a hierarchical fuzzy system with numerous conseq uent advantages. T hus, our macro-control architecture belongs the ^behaviour based control architecture~ school pioneered byRodneyBrooks of MIT in the late 80´s [4]. In this approach a number of concurrent behaviours ( mechanisms to attain goal or maintain state) are active (sensing environment, effecting machine) to a degree deter mined the relationship of the machine and environment. We have extended this approach bydeveloping a number of mechanisms that address both behaviour -integratio n, in the for mo f a hierarchical fuzzyco ntroller, and genetic learning, co mbined into a single architecture which we label an ^ Associative Experience Engine~ [13,14]. In addition to dealing with control problems that are difficult to model, the self-programming nature of the system has benefits in reducing software develop ment costs throughout the lifetime of the product. In this paper we give an over view of both the hierarchical fuzzycontrol and the geneticallybased Associative Experience E ngine applied to develop an embeddedagent within a distrib uted intelligent buildings architecture.

2. Distributed Architecture

T he granularity of our co mp utatio nal distribution is roo m-based. T hus, each roo mcontains an embedded-agent , which is then responsible, via sensors and effectors for the local control of that roo mas sho wn in Figure (1). T he logic behind this is that it mirrors the architects´ vision of the functio nality o f the building and thereb yprovides a natural segmentation o f agent types and functions. All embedded-agents are connected via a high level network (IP-ethernet in

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001 our case), thereb yenabling collaboration or sharing o f information to take place where appropriate. Within a room, devices such as sensors and effectors are connected together using a building services net work (Lontalk in our case) and IP at the higher level. T his Distributed Artificial I ntelligence (DAI) architecture is illustrated in Figure (1).

C o m m u n a l A r e a

R o o m 1

R o o m 2

C o r r id o r

O f f i c e

E m b e d d e d - A g e n t

S e n s o r

E f f e c t o r

M I S I n t e r f a c e

L o n W o r k s N e t w o r k

I P N e t w o r k

K e y

Figure (1): T he DAI Building-Wide Architecture

3. The Embedded-Agents

Figure (2) sho ws the inter nal of the behaviour -based agent. Controlling a large integrated building system requires a complicated control functio n resulting fro mthe large input and o utput space and the need to deal with manyimprecise and unpredictable factors, including people. In our system we simplify this problemb ybreaking do wn the control space into multiple behavio urs, each of which responds to specific types o f situations, and then integrating their recommendations.

3.1 The Hierarchical fuzzy control architecture

T he behaviour based approach, pioneered byBrooks, consists of manysimple co -operating units and has produced ver y promising results when applied to the control of robotics, which we argue includes IB.

T he problemof ho w to co-ordinate the simultaneous activity of several independent behavio ur-producing units to obtain an overall coherent behaviour have been discussed b ymanyauthors [4,21]. T he work described in this paper suggests a solutio n based on using fuzzy logic to both imp lement individ ual behaviour elements and the necessar y arbitration (allo wing both fixed and d ynamic arbitration policies to be implemented). We achieve this b yimplementing each behaviour as a fuzzy process and then using fuzzyagents to co-ordinate them. I n the resultant architecture, a hierarchical fuzzylogic controller (HFLC) takes a hierarchical tree structure for mand is sho wn in Figure (2). T his hierarchical approach has the follo wing advantages:

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

· It facilitates the design of the agent controller and reduces the number of rules to be deter mined. It uses the benefits of fuzzy logic to deal with imprecision and uncertainty.

· Using fuzzy logic for the co-ordination between the different behaviours which allo ws more than one behaviour to be active to differing degrees thereb yavoiding the drawbacks of on-off switching schema (i.e. dealing with situations where several criteria need to be taken into account). In addition, using fuzzy co -ordination provides a smooth transitio n between behavio urs with a consequent smooth o utput response.

· It offers a flexible structure where new behaviours can be added or modified easily. T he system is capable of performing different tasks using identical behavio urs b ychanging o nlythe co-ordinatio n parameters to satisfya different high level objective without the need for re-planning.

Our room-based decompositio n of behaviour s consists o f the follo wing meta-functions. A S afety behaviour , which ensures that the environmental conditions in the roo mare always at a safe level. An Emergency behaviour, which in the case of a fire alar mor another emer gency, might for instance open the emergency doors and switch o ff the main heating and illuminatio n systems. I n the case o f an emergency this will be the o nlyactive behavio ur. An Economy behaviour that ensures that energy is not wasted so that if a roo mis unoccupied the heating and illuminatio n will be switched to a sensible minimum value. All o f the previo us behavio urs are fixed but settable, there is ho wever a set of behaviour s that the systemlear ns fro mthe occupant o f the roo mand these are called Comfort behaviours. T hese behaviour s tr yto ensure that the conditions the occupant prefers (subject to being safe) are set. T he learning process is done interactively using reinforcement where the controller takes actions and mo nitors these actio ns to see if they satisfythe occupant or not, until a degree of satisfaction is achieved. T his process wo uld be acceptable in a hotel or apartment block but wo uld probablyrequire the interventio n of a care assistant in housing for the elderlyor those with learning difficulties. T he behaviour s, resident inside the agent, take their input fro ma variety of sensors in the roo m

(such as occupancy, inside illumination level, outside illumination level, inside temperature, outside temperature etc), and adjust device outputs (such as heating, lighting, blinds, etc) according to pre-deter mined, but settable, levels. T he complexities of training and negotiating satisfactor yvalues for multiple use roo ms wo uld depend upon having a reliable means of identifying different users.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

Figure (2): T he Hierarchical FuzzyControl System.

In our prototype system each agent has six inputs made up of four environmental variables - a Roo mT emperature

(RT EMP), the Outside Natural T emperature (ONT EMP), the RoomIllumination (RI LLUM) and the Outside Natural

Illumination (ONI LLUM) each of which have the fuzzymemb ership functions sho wn in Figure (3). Each input will be represented bythree fuzzysets as these were found to be the smallest number that give satisfactor yresults. T he two remaining inputs to the system are the roo moccupancyflag and another inp ut indicating whether there is an emergency alar m. T he system has two outp uts which are the Roo mHeating (RH) setting and a Roo mIllumination (RI) setting, these outputs have the member ship functio ns sho wn in Figure (4). Seven fuzzy sets were used as it was found to be smallest number to give a satisfactor yresult. If the alar minput is active then the E mer gency behaviour is do minant and the roo milluminatio n and heat are s witched off. T he Economy behaviour is active to a fuzzy degree depending on occupancyand the outside temperature and light. Behaviour co-ordination is done in a fuzzy wayas will be explained later and the fuzzy membership for behaviour co-ordination are sho wn in Figure (5).

Figure (3): T he input membership functio ns for RT EMP and ONT EMP A= 10 ° , B= 20 ° , C= 30 ° , for RILLUM and

ONILLUM A= 300 Lux, B= 400 Lux, C= 500 Lux.

0 A B C

1

0

M embership Function

Low Normal High

Input s

Outputs

Safety Behaviour Econo my Behaviour Co mfort Behaviour

Fuzzy Behaviour Combination

DEFUZZIF ICATION

Root Fuzzy System

Input s

Input s

Input s

Ouput s

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

Figure (4): T he output membership functions for RI A= 0 %, B= 20 %, C= 35 %, D=40%, E=50%, F=70%, G=100%, for RH A=0%, B=30%, C=40%, D=50% , E= 70%, F=85%, G=100%.

Each separate behaviour will use a singleton fuzzifier, triangular membership functions, product inference, maxproduct composition and height defuzzification. T he selected techniq ues were chosen due to their co mputational simplicity. T he equation that maps the system input to output is given b y:

Y t

= Õ å

Õ å

=

=

=

=

G i

Aip

M p

G i

Aip

M p p

y

1

1

1

1

a a

(1)

In this equation M is the total number of rules, y is the crisp output for each rule, a Ai is the product of the

membership functio ns of each rule input and G is the number of inputs. In this hierarchical architecture we will use a

fuzzy operator to combine the preferences o f different behavio ur into a collective preference. According to this view,

command fusio n is deco mposed into two step s: preference co mbination, decision and in the case of using fuzzy

numbers for preferences, product-sum co mbination and height defuzzification. T he final outp ut equatio n is [21]:

C= å å

i i i i i

BW

C BW ) * (

(2)

Here i = economy, co mfort, C

i is the behavio ur co mmand output (roomheat and temperature). BW

i is the behavio ur

weight. T he behaviour weights are calculated d ynamically taking into account the co ntext of the agent. In Figure (2)

each behaviour is treated as an independent fuzzyco ntroller and then using fuzzy behaviour co mbinatio n we obtain a

collective fuzzy output which is then deffuzzified to obtain a final crisp output. T he fuzzy values are used as inputs to

Very very

Low

Very Low Low Normal High Very High Very very

High

A B C D E F G

1

0

Output

Membership

Function

MF

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

the context rules which are suggested b ythe high level planner according to the missio n to be performed b y the agent.

Which is in general :

IF ONTEMP IS HIGH ANDONILLUM IS HIGH ANDTHE ROOM IS OCCUPIED THEN ECONOMY .

IF ONTEMP IS LOW AND ONILLUM IS LOW THEN COMFORT

IF THE ROOM IS VACANT THEN RH IS LOW AND RIIS LOW

T he context rules deter mine which behavio ur is fired, and to what degree, depending on the fuzzy membership

functio ns in Figure (5). T he final outp ut is a mixture of the different behaviour outp uts, each weighted b ythe degree of

its importance, and the final output is calculated using Equatio n (2).

Figure (5) T he co-ordination parameters for ONILLUM A= 350Lux and B= 400 Lux, for ONT EMP A= 15 ° and

B=25 ° .

4. Overview of the Genetic Learning Architecture

For learning and adapting the d ynamic co mfort rule base according to the occupant behaviour s we use an evolutionar y

comp uting approach based on a develop ment of no vel hierarchical genetic algorithm (GA) techniq ue. T his mechanism

operates directlyon the fuzzy controller rule-sets. We refer to anylearning conducted without user interaction, in

isolation fro mthe environment as offline learning. In our case learning will be done online in real-time through

interaction with the actual environment and user.

4.1 The Associative Experience Engine (AEE)

Figure (6) provides an architectural over view of what we term an Associative Experience Engine which for ms the

learning engine within the control architecture and is the subject of British patent 99-10539.7. Behaviours are

represented byparallel FuzzyLo gic Controllers (FLC). Each FLC has two parameters that can be modified which are

the Rule Base (RB) of each behavio ur and its Membership Functions (MF), ho wever in this paper we will concentrate

Lo w

Low High

Co-ordination

M embership

Functions

0 A B

1

0

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

on learning the Rule Base. T he behavio urs receive their inp uts fro msensors. T he output o f each FLC is then fed to the

actuators via the Co-ordinator that weights its effect. When the system response fails to have a desired a response, the

learning cycle begins.

T he learning depends on the Learning Focus which is supplied b ythe Co-ordinator (the fuzzyengine which weights

contributions to the outp uts). When the Learning Focus is learning an individ ual rule base for a behaviour, then each

rule base for each behaviour is lear nt alone, which is the case when lear ning the Co mfort behaviour rule base in the IB

agent.

After the initial process of interactivelylear ning the occupant´s preferred behaviours, if the occupants behaviour

indicates that there are changes in attitude or that a new situation has arisen, the system can add or delete rules to satisfy

the occupant b yre-entering the interactive mode. In the case of a new occupant in the roo mthe systeminteractively

mo nitors his actions during the first few minutes and after that the systemtakes co ntrol and fires the mo st suitable rule

base fro mthe Experience Bank. If this rule base is not totally appropriate, the interactive system learning is started

fro mthe previouslyfound best point in the search space rather than starting fro mrando m, this results in the speeding

up of learning and adaptation. T he Experience Assessor assigns each stored rule base in the Experience Bank a fitness

value. When the Experience Bank is full, we have to delete so me experiences. T o assist with this the Experience

Survival Evaluator determines which rules are removed according to their importance (as set b ythe E xperience

Assessor).

When the past experiences do not satisfy the occupant´s needs we use the best-fit experiences to reduce the search

space bypointing to a better starting point, which is the experience solution with the largest fitness. We then fire an

Adaptive Genetic Mechanism (AGM ) using adaptive learning parameters to speed the search for new solutio ns. T he

AGM is constrained to produce newsolutions in certain range defined b ythe Contextual Prompter whi ch is supplied

byhuman constrains to avoid the AGM searching options where solutio ns are unlikelyto be found. B yusing these

mechanisms we narro w the AGM search space massivelythus improving its efficiency. After generating ne wsolutions

the system tests the new solution and gives it fitness through the Solution Evaluator . T he AGM provides new options

until a satisfactor ysolution is achieved.

Froma users viewpoint the system functio ns interactivelyas follo ws. A user is asked to select his preference for any

given programmable setting. T he systemthen tries to adapt its rules to achieve this setting. T he user is pro mpted to

confir m or denyhis satisfaction with the result. T he systemthen either tries to re-adjust the rules if the occupant is

dissatisfied or, if the user is satisfied, the current r ule set is accepted. Experiments to date sho w the experience engine

achieves a satisfactor ysolution in a small number of iterations (typically 22) which takes only3 minutes of the agent

time. As we mentioned earlier this process wo uld probablyhave to undertaken b ya care assistant for so me populatio ns.

In the next section we will explain the techniques in more detail

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

Figure (6): Architectural Overvie wo f Associative Experience Learning Engine (UK patent No 99-10539.7)

We have compared our method, which is an online proactive method, with other offline supervised learning system

like the Mendel-Wang approach [18], offline Genetic Algorith ms [15], ANFIS. We found, fro mthe experimental

results, that our systemgives co mparable results to that of the offline approaches while our systemlear ns online

through interaction with the user and has the abilityto adapt to newusers or situations. Offline methods have to repeat

the learning cycle fro mthe beginning and require that the initial training set plus any newly acquired data be used. Our

systemwor ks b y cause-effect actions in the for mo f fuzzy rules, based on the occupant´s actions. T he advantage o f this

is that the systemrespond s and adapts to the users needs in an interactive manner. T o gather all the given results we

used an AEE specially adapted for IB control, sho wn in Figure (7).

5. The Associative Experience Learning Engine applied in IB in detail

5.1 Identifying Poorly Performing Rules

T he rule-base is intialised to have all the outputs switched off. T he GA population consists of all the rules consequents

contributing to an action which is usuallya small number of r ules. As in the case with classifier systems, in order to

preserve the system perfor mance the GA is allo wed to replace a subset of the classifiers (the r ules in this case). T he

Associative Experience Engine (Genetic)

MF Rules

MF Rules

MF Rules

MF Rules

Co-ordinator (FLC)

Learning

Focus Engine

Contextual

Prompter

Solution

Evaluator

AGM for rules or

MF generation

Experience

Survival Evaluator

Experience

Assessor

Experience

Bank

M Actuators

N Sensors

MF Rules

FLC

X FLCs

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

worst m classifiers are replaced bythe m new classifiers created bythe application of the GA on the population [9].

T he newr ules are tested b ythe co mbined action of the performance and apportionment o f credit mechanisms. We will

replace the actions of the worst 4 rules that participated in bad action at a given input.

In the learning phase the agent is I ntroduced to different situations, such as having lo w temperature inside and

outside the roo mand lo willumination level, and the agent, guided b ythe occupants needs attempts to discover the rules

needed in each situation. T he learning systemco nsists of learning different situations or episodes; in each situatio n only

small number of rules will be fired . T he model to be learnt is small and so is the search space. T he accent on local

models implies the possibility of learning b yfocusing at each step on a small part of the search space only, thus

reducing interactio n amo ng partial solutio ns. T he interaction among local mo dels, due to the intersection o f

neighbouring fuzzysets means local learning reflects on global perfor mance [3]. Moreover, the smooth transitio n

among the different models implemented b yfuzzy rules implies robustness with respect to data noise. So we can have

global results co ming fro mthe co mbination o f local models, and smooth transition between clo se models. Also

dividing the lear ning into local situatio ns can reduce the number of learnt rules. For examp le if we started learning with

81 rules, the agent discovered that during its interactive training with the occupant, it needed only49 rules.

Figure (7): Modified AEE Embedded-Agent Architecture

BR

= FLCs

Dynamic

Behaviour s

Co mfort

Fixed Behaviours

Econo my

Safety

E mergency

MF BR

MF BR

MF BR

Learning

Focus Engine

Contextual

Prompter

AGM for rules or MF

generation

Experience

Assessor

Associative Experience

Learning Engine (UK patent

No 99-10539.7)

Fro mother agents

T o other agents

sensors

MF BR

Co-ordinator

Experience

Bank

Experience

Survival

Evaluator time

Effector

output

Inputs)

Fuzzy hierarchy

MF

= Behaviour Rules

= Membership Function

Solution

Evaluator

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

5.2 Fitness Determination and Credit Assignment

T he system fitness is deter mined b ythe Solution Evaluator and is evaluated b yho w much the system satisfies the roo m

occupant desired input value or nor mal value (such as desired temperature) in a specific situation and ho w it reduces

the nor malised absolute deviation (d) fro mthe nor mal value. T his is given b y:

d =

deviation value deviated value normal

max

| | -

(3)

Where the nor mal value will correspond to the value that gives the value desired b ythe human. T he deviated value is

anyvalue deviating fro mthe nor mal value. T he maximum deviation corresponds to the maximum deviation that can

occur. So the fitness of the solution is given b yd1 - d2 where d2 is the nor malised absolute deviation before

introducing a new solution and d1 is the nor malised absolute deviation follo wing the new solution. T he deviation is

measured using the agent´s physical sensors, which gives the agent the ability to adapt to the imprecisio n and the noise

found in the real sensors rather than relying on estimates from previous simulatio ns.

T he fitness o f each rule at a given situation is calculated as follo ws. T he crisp output Y t can be written as in (1). If

the agent has two outp ut variables, then we have Y t1 and Y t2

. T he nor malised contributio n of each r ule p output (Y p1

,

Y p2

) to the total output Y t1 and Y t2 can be denoted byS r1

, S r2 where S r1 and S r2 is given b y:

S

r1

= Y

Y

1 t

G

1 i

Aip

M

1 p

G

1 i

Aip 1 p

Õ å

Õ

= =

=

a a

, S r2

= Y

Y

2 t

G

1 i

Aip

M

1 p

G

1 i

Aip 2 p

Õ å

Õ

= =

=

a a

(4)

We then calculate each rule´s contributio n to the final actio n S c

= r r s s

1 2

2

+

. T hen the most effective rules are those

that have the greatest values of S c

. T he fitness of the rule in a given solutio n is supplied b ythe Solution Evaluator and

is given b y:

S

rt

= Constant + (d

1

- d

2

) .S

c

(5)

d 1

- d 2 is the deviation improvement or degradation caused b ythe adjusted rule-base produced bythe algorithm. If

there is impro vement in the deviation, then the r ules that have contrib uted most will be given more fitness to boost their

actions. If there is degradation then the rules that contributed more must be punished b yreducing their fitness w.r.t to

other rules so we can give the chance to other useful actions and go away fro mthe current bad actions.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

5.3 Memory Application

Zhou [24] presented the CSM (Classifier Systemwith Memor y) systemthat addresses the problemof long ver sus short-

ter m memor y, i.e. ho w to use past experiences to ease the problemsolving activity in no vel situatio ns. Zhou´s approach

is to build a systemin which a short and long ter m memor yare simultaneouslypresent. T he short ter mmemor y is just

the standard set of rules found in ever ylear ning classifier system (the fuzzyr ule base in o ur case). T he long ter m

memor y is a set o f rule clusters, where ever yr ule cluster represents a generalised version of problemsolving expertise

acquired in previous problemsolving activity. Each time the agent is presented a problemit starts the learning

procedures trying to use long ter mexperience b ymeans o f an appropriate initialisatio n mechanism. T hereafter, the

systemwor ks as a standard classifier system (except for so me minor changes) until an acceptable level o f perfor mance

has been achieved. It is at this point that a generalizer process takes control and co mpresses the acquired kno wledge

into a cluster of rules that are memorised for later use in the lo ng ter m memor y.

In our system, as the agent begins learning, it has no previous experience and the Experience Bank is empty. But as it

begins learning b yGA, it begins filling the memor ywith different rule bases o f different user s. Each stored rule base is

consisting of the rules that were learnt and the actions (consequences) that were learnt b ythe GA.

After monitoring the user´s action for two minutes the agent then matches the fired rules during this time to sets of

rules bases for different users stored in the Experience Bank. T he system tries to identifywhich rule base is appropriate

to the user based on the basis of actio ns taken b yhim during the first t wo minutes, and the rule base that contains the

mo st similar actions to the occupant is chosen as a starting point for learning and adaptation.

Each time the agent is presented with a situation to solve, it begins checking if the consequences of firing the rules

fro ma rule base extracted from the Experience Bank suits the ne wuser or not. If these rules are suitable for the user

then they are used for the Comfort behaviours. I f so me actions are not suitable for the user, the systembegins

identifying the poorlyperfor ming rules as described in Section (5.1), then it fires the Adaptive Genetic Mechanisms

(AGM) to change these rules. T his actio n helps to speed up the genetic search as it starts the search fro mthe best fo und

point in the search space instead of starting fro ma rando mpoint.

Bydoing this, our systemdoes not need the matcher calculations used b y[24]. T his is because our system does not

use the binar ymessage coding, or ^don´t care~, conditions but uses perfect matches, hence we don´t need the

generalizer. T he clusters are arranged in a queue starting from the most recent experiences.

Problems occur as the system begins accumulating experience that exceeds the physical memor ylimits. T his imp lies

that we must get rid of so me of the stored infor matio n as the acquired experience increases. Ho wever we don´t favo ur

this, as this means that so me of the experiences acquired b ythe agent will be lost. So for ever y rule base cluster we

attach a difficulty counter to count the number of iteratio ns taken b ythe agent to find a suitable r ule base for a given

user, we also attach a frequency counter to count ho w much this r ule base have been retrieved. T he degree of

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

importance of each rule base cluster is calculated b ythe Experience Survival Valuer and is given b ythe product of the

frequency counter and the difficulty counter . T his approach tries to keep the rules that have required a lot of effort to

learn (due to the difficulty of the situatio n) and also the rules that are used frequently. When there is no more roo min

the Experience Bank , the rule base cluster that had the least degree of importance is selected for remo val. If two rule

base clusters share the same importance degree, tie-breaking is resolved b ya least-recently-used strategy; derived fro m

a ^life invocation~ flag, that is updated each time a rule is activated.

5.4 Using GA to Produce New Solutions

If the rule base extracted fro m the Experience Bank is not suitable for the user, the GA starts its search for new

consequences for the poorlyperfor ming rules. T he fitness o f each rule in the population is proportional to its

contribution in the final actio n. If the proposed action bythe new solution results in an improvement in perfor mance

then the rules that have contributed most will have their fitness increased more than the r ules that have contrib uted less

in this situation. If the result was a decrease in perfor mance then the rules that have contributed most to this actio n will

have their fitness less than the rules that have contributed less to this actio n. T his allo ws us to go awayfro mthose

points in the search space that cause no improvement or degradation in the perfor mance. T he parents for the new

solutio n are chosen proportional to their fitness using the roulette-wh eel selection process and the genetic operations of

crossover and mutatio n are applied.

T he proposed systemcan be viewed as a double hierarchysystemin which the fuzzybehavio urs are organised in a

hierarchical for mand the online learning algorithm is also a hierarchy. I n the higher level we have a population of

solutio ns stored in the Experience Bank . If the stored experiences leads to a solution then the search ends, if no ne of

these stored experiences leads to a solution then each of these experiences acquires a fitness assigned b ythe Experience

Assessor b yfinding ho w many r ule in the stored rule base are similar to the user ´s action in the first two minutes. T he

highest fitness experience is used as a starting position to the lo wer level GA that is used to produce newsolution to the

current situation.

T he Adaptive Genetic Mechanism ( AGM) is the rule discover yco mponent for our system (as in the classifier

system). We used Srinivas method [22 ] to adapt the control parameter s ( mutation and crossover probabilities). T he

strategy used for adapting the control parameters depends on the definitio n of the perfor mance of the GA. In a non-

stationar yenvironment ( which is o ur case), where the optimal solution changes with time, the GA should possess the

capacityto track optimal solutio ns, too. T he adaptation strategyneed s to var ythe control parameters appropriately

whenever the GA is not able to track the located optimum. It is essential to have two characteristics in GA for

optimisatio n. T he first characteristic is the capacityto converge to an optimum(local or global) after locating the region

containing the optimum. T he second characteristic is the capacityto explore new regions of the solutio n space in search

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

of the global optimum. In order to varyP

c

(crossover probability) and P

m

( mutation probability) adaptively, for

preventing premature convergence of the GA, it is essential to be able to identify whether the GA is conver ging to an

optimum. One possible wayof detecting convergence is to observe the average fitness value f´ o f the populatio n in

relation to the maximu mfitness value f

max of the population. f

max

-f´ is likelyto be less for a population that has

converged to an optimum solution than that for a population scattered in the solution space. T he equations that

determines P

c

, P

m are given b y:

P

c

= (f

max

-f´)/(f

max

-f´) f~ ³ f´

P

c

=1 f~<f´ (6)

P

m

= (f

max

-f)/2.(f

max

-f´) f ³ f´

P

m

=0.5 (7)

Where f~ is the lar ger of the fitness values o f the solutio ns to be crossed, f is the fitness of the individ ual solutions.

T he method means that we have p

c and p

m for each chro mosome. T he type of crossover was chosen to be one point

crossover for co mputatio nal simp licity and real time perfor mance.

In [22] this method was superior to the simple GA and gave faster convergence of rate 8:1. We use this adaptive

method for finding the values of crosso ver and mutatio n probabilities. T his way leads to fast co nver gent solutions, and

adapts the GA for no n-statio nar yenvironments and relives the designer fro mdeter mining these values, heuristically.

We use constrained GA search, which is constrained b ythe contextual prompter according to the occupant´s needs

so that if, for examp le, a temperature is too high for the roo moccupier then the AGM wo n´t suggest solutio ns

increasing the temperature. In this way we can minimise the search space of the GA and achieve faster conversio n.

In order to justify these techniques we have conducted vario us experiments with this Adaptive GA ( AGA) with open

range and AGA with constrained range and Simple GA (SGA) with constrained range for the problemof lear ning the

comfort behaviour of different human attitudes as sho wn in Figure (8). T he SGA was tried with different parameters in

the range [0.5 1.0] for p

c and [0.001 0.1] for p

m

. And the best perfor ming one was found to be p

c

=0.7 and p

m

=0.002 and

is plotted in Figure (8). It was fo und that the one with constrained AGA conver ges to a solutio n in average after only 22

iterations and 3 minutes of the real agent time (most o f the time is consumed in interacting with the human). T he AGA

with open rage converges also but after larger number of iterations (33 iterations in average) as it needs more time to

explore the search space and determine its limits this takes about 11 minutes of the agent time to conver ge to a solutio n.

T he SGA with defined limits and p

c

=0.7 and p

m

=0.002 converge to a solution after in average 48 iterations and 24

minutes of the agent time. T hese experiments justify that o ur proposed algorithmconver ges in a ver y short time interval

thanks to the AGA and the constrained GA.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

We use binar ycoding in the GA. For each rule there are two actions which are the roomheating and illumination. As

we have 7 outp ut membership function, we decode each action b ythree bits as follo ws, Very Very Low is 000, Ver y

Low is 001, Low 010, Normal is 011, High is 100 Very High 101 Very Very High 110. Bydoing this we have a

chro moso me length of 6 bits.

Figure (8): T he best fitness plotted against the number of iterations for different learning.

Figure (9): An examp le of GA processes in our proposed classifier system in which r ule 5 and rule 7 ( which were

selected due to their higher fitness values) are generating new consequent for rules 1,2.

1 1 0 0 1 1

1 1 0 1 0 1

Rule 5

Rule 1

Rule 7

Rule 2

0 0 0 0 0 1

0 0 0 1 1 1

RI RH

RH

RI RH

RH

Crossover Point

Crossover Point

RI RI

Mutatio n Point

Mutatio n Point

0

0 . 5

1

1 . 5

2

2 . 5

0 3 6 9 1 2 1 5 1 8 2 2 2 4 2 7 3 0 3 3 3 6 3 9 4 2 4 5 4 8

I T E R A T I O N N U M B E R

FITNESS

S G A W I T H

D E F I N E D R A N G E

A G A W I T H

D E F I N E D R A N G E

A G A W I T H O P E N

R A N G E

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

Figure (9) sho ws a description of the GA operation in which the actions of rule number 5 and rule number 2 of the

comfort behaviour are chosen for reproduction b yroulette wheel selectio n due their high fitness. T heyhave contrib uted

more with their actions to the final action which caused improvement, or contributed less with their actio ns to final

action which caused degradation. T he adaptive crossover and mutatio n probabilites have been applied to both

chro moso mes. T he resultant offspring were used to replace the consequences o f rules 1 and rule 3 which were mostly

blamed for the unstatisfactor yresponses. It is woth sayng that at each situtation the population co nsists only fro mthat

fired and caused the user dissatisfaction.

5. Experimental Results

In our experiments we used an IB agent based on 68000 Motorola processor, the agent is equipped with light and heat

sensors and actuators in the for mo f a heater and a light source; the IB agent is sho wn in Figure (10). T his agent is

tested in a roo mwith various conditions such as multiple occupancy, different levels o f natural light and temperature

and different times o f the dayand different human desires. T here is a built in Econo my behaviour that should s witch

the heat lo w and ventilatio n off after the roo mis vacated. T here is also a Safetybehavio ur that prevents the heat going

belo wa minimum safe level (e.g. zero degrees which wo uld result in pipes freezing). Centrally, there is the Co mfort

behaviour for the occupant themselves which will be learnt using our patented fuzzy-genetic techniques. T he agent

deals in a proactive waywith the occupant interacting with him to see if the action was co mpleted satisfactor yor not,

and whether it is required to decrease or increase levels in question.

T he agent was tried, in different environments, under different conditio ns such as hot sunny days and cold and dark

days. T he agent using our patented techniq ues was able to find a satisfactor yrule base for different users in an average

of 22 trials taking 3 minutes of the agent time. Our method also optimised the number of rules b yusing only the rules

that are important to the roomoccupier. T he system also has the abilityto adapt later and to add or delete rules and

modify the actions o f the existing rules interactively to the roo moccupant´s wishes.

Figure (10): T he IB agent.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

We have tried different o ffline lear ning methods such as the Mendel-Wang method, offline Genetic Algorithms and

ANFIS, it was found that the Mendel-Wang approach had produced the best results. T able (1) sho ws the rules obtained byo ur method and the Mendel-Wang method, which is an offline rule extractio n method. Note that our method had optimised the number of rules fro m an expected 3 4 = 81 rule base to only49 rules. Also a problemwith supervised learning techniques, such as Mendel-Wang, are that theyneed a person to supplya set of desired values. Which would be difficult since the values are not intuitive. If the person wants the heating tur ned to what might be the equivalent o f

37 % and the illuminatio n to 40 % (taken as percentages of their maximum output) then finding or deriving an appropriate value fro mthe device setting for the purposes o f generating a training rule wo uld be difficult. T his is why, although the r ules extracted byo ur method are similar to the Mendel-Wang a rule, the difference is that in our case we interact with the person until he is satisfied. Another advantage our method is that our system can quicklyadapt to any change, starting fro mthe closest previous solution, while the super vised learning techniques are off-line and repeat the learning cycle fro mthe beginning and requiring a full set of training data.

Our Method Mendel-Wang

Method

RTEM P ONTEM P RILLUM ONILLUM RH RL RH RL

Low Low Low Low VeryHigh High VeryVeryHigh VeryHigh

Low Low Low Norm VeryVery

High

VeryVery

High

VeryHigh VeryHigh

Low Low Norm Low VeryHigh Norm VeryHigh Norm

Low Low Norm Norm Norm Norm Norm Norm

Low Low Norm High VeryHigh VeryLow VeryHigh VeryLow

Low Low High Low High VeryLow VeryHigh VeryLow

Low Low High Norm High VeryVery

Low

VeryHigh VeryVery

Low

Low Low High High High VeryVery

Low

VeryHigh Low

Low Norm Low Low Norm VeryVery

High

Norm VeryHigh

Low Norm Low Norm Norm Norm Norm High

Low Norm Norm Low VeryVery

High

VeryLow VeryVeryHigh VeryLow

Low Norm Norm Norm High VeryLow VeryHigh VeryVery

Low

Low Norm Norm High High VeryVery

Low

VeryHigh VeryLow

Low Norm High Low VeryHigh Low VeryVeryHigh VeryLow

Low Norm High Norm Norm VeryVery

Low

High VeryLow

Low Norm High High VeryHigh VeryVery

Low

VeryVeryHigh Low

Low High Low Low Norm VeryHigh VeryVeryHigh VeryHigh

Low High Low Norm VeryVery

High

High VeryVeryHigh High

Low High Norm Low High Norm VeryVeryHigh High

Low High Norm Norm VeryVery

Low

VeryLow VeryVeryLow VeryLow

Low High Norm High VeryVery

Low

VeryLow VeryVeryLow VeryLow

Low High High Norm VeryVery

Low

VeryLow VeryVeryLow VeryLow

Low High High High VeryVery

Low

VeryLow VeryVeryLow VeryLow

Norm Low Low Low Norm High Norm High

Norm Low Low Norm Norm VeryVery

High

High High

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

Norm Low Norm Low Norm Norm Norm Norm

Norm Low Norm Norm Norm Norm High High

Norm Low Norm High VeryVery

Low

VeryLow VeryVeryLow Low

Norm Low High Norm Low Norm VeryVeryLow Low

Norm Low High High VeryVery

Low

VeryLow VeryLow Norm

Norm Norm Low Low VeryLow VeryHigh VeryVeryLow VeryVery

High

Norm Norm Norm Low Low Norm VeryLow High

Norm Norm Norm Norm VeryLow VeryVery

Low

VeryVeryLow Norm

Norm Norm Norm High VeryVery

Low

Low VeryLow VeryVery

Low

Norm Norm High Norm Low VeryLow VeryVeryLow Low

Norm Norm High High VeryLow Low VeryVeryLow Low

Norm High Low Low VeryVery

Low

High VeryVeryLow Norm

Norm High High High VeryVery

Low

VeryLow VeryVeryLow VeryLow

High Low Low Low VeryLow High VeryLow VeryHigh

Norm High High High VeryVery

Low

VeryLow VeryVeryLow VeryLow

High Low Low Low VeryLow High VeryLow VeryHigh

High Low Norm Low VeryLow VeryVery

High

VeryLow VeryHigh

High Low Norm Norm VeryVery

Low

Low VeryLow VeryLow

High Low Norm High Norm VeryVery

Low

Norm VeryLow

High Low High Norm Norm Low VeryVeryLow Low

High Low High High VeryLow Low VeryLow Low

High Norm Low Low Norm High VeryLow High

High Norm Norm Low Low VeryHigh VeryLow VeryHigh

High Norm Norm Norm VeryVery

Low

Low Low VeryLow

High Norm Norm High VeryVery

Low

VeryLow VeryVeryLow Low

High Norm High High VeryVery

Low

VeryLow Low VeryVery

Low

T able 1: T he rule base found byo ur method and b yMendel-Wang method.

6. Conclusion and Future Work

In this paper we have presented a no vel online learning, adaptation and control algorithmbased on a double hierarchical fuzzygenetic system. In this prototype IB agent this systemis co mposed of three fixed behavio urs - the

Safety, E mer gency and Economy behavio urs and an adaptable rule set of Co mfort behaviour s that are adapted according to the occupants actual behaviour. T he systeminteractively learnt an optimised rule base for the Co mfort behaviour in a small set of interactions. T he system produced similar rules to the r ule base learnt b yo ff-line supervised techniques b ut our system has many advantages such as the abilityto adapt to changes in environmental conditio ns or the roo moccupant. It adapted in real time, on-line acco mmodating ne wdata and rules, as theybeco me kno wn to the system. T he system is memory based, possesses data, exemplar storage and retrieval capacities; leaning and improving through active interaction with the user and the environment. It includes parameters to represent short and long-ter m memor y, age, for getting, and analyses itself in ter ms of behaviour, error and success. T hus we would argue that our approach substantiallymeets the criteria for intelligent systems set out b yresearchers such as Kasabov & Steels and described earlier in this paper which has not achieved b yother methods in IB.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

For our future work, we plan to mo ve fro man experimental bench based rig to IB equipped rooms with our intelligent, auto no mo us, agents and thereb yextend the investigation to a richer set of environmental inputs which include a wider set of occupant behaviour s. Also, we believe that an ideal IB agent sho uld require little or no involvement fro mthe occupant and thus another goals of o ur future work is further minimise the interactive aspects of the agent.

Acknowledgements

We are pleased to ackno wledge the contribution fro mMalcolm Lear (Essex University) who built the agent hard ware, sensors and test rig. We would also like to thank, Anthony Pounds-Cor nish, Sue Sharples, Gillian Kearney, Robin

Doling and Filiz Cayci with who m we have had many stimulating discussions o n embedded-agent architectures.

References

[1] P. Angelov, R. Buswell, V. Hanb y, Auto matic Generation o f Fuzzy Rule-based Models fro mData b yGenetic

Algorithms, Proceedings of Inter national Conference o n Recent Advances on Soft Co mputing, Leicester, UK 2000.

[2] A. Bonarini, F. Basso, Learning Behaviours implemented as Fuzzy logic and Reinforcement Lear ning, Seco nd

Online Workshop on Evolutionar yCo mputation, 1996.

[3] A. Bonarini, Co mparing Reinforcement Learning Algorithms Applied to Crisp and Fuzzy Lear ning Classifier systems, Proceedings of the Genetic and Evolutio nar yCo mputation Co nference, Orlando, Florida, 1999, pp. 52--60.

[4] R Brooks, Intelligence Witho ut Representation, Artificial Intelligence 47 (1991), 139--159.

[5] R. Brooks, Intelligent Room Project, Proceedings of the 2nd International Cognitive T echnologyConference

(CT ´97), Japan 1997.

[6] Callaghan V, Clar ke, G, Buildings As Intelligent Autonomo us Systems: A Model for Integrating Personal and

Building Agents, T he 6th International Co nference on Intelligent Auto no mous Sy stems (I AS-6), Venice, Italy; 2000.

[7] M.H.Coen, Building Brains for Roo ms: Designing Distributed So ftware Agents, Proceedings of the Ninth

Innovative Applicatio ns of AI Co nf., AAAI Press, 1997.

[8] P. Davidsson , Ener gySaving and Value Added Services; Controlling Intelligent-Buildings Using a M ulti-Agent

SystemApproach in DA/DSM E urope DistribuT ECH, PennWell, 1998.

[9] M. Dorigo, Genetics-based Machine Learning and Behaviour Based Robotics: A new synthesis, IEEE transactions on Systems, Man, Cybernetics (1993) 141--154.

[10] T. Fukuda , N. Kubota, An I ntelligent Robotic system based on Fuzzy approach, Proceedings o f the IEEE, 87

(1999) 1448--1470.

T o Appear in the Inter national Journal of Infor mation Sciences No vember 2001

[11] A. Gegov, D. Azzi, G. Virk, Application of Sot-Co mputing T echniq ues in Modelling of Buildings, Proceedings of

Internatio nal Co nference on Recent Advances o n Soft Co mputing, Leicester, UK, 2000.

[12] D. Goldberg, ^Genetic Algorithms in Search, Optimisatio n and Machine lear ning~, Addison-Wesley, Reading,

MA , 1989.

[13] H.Hagras, Victor Callaghan, M.Colley, A Fuzzy-Genetic Based E mbedded-Agent Approach to Learning and

Control in Agricultural Auto no mous Vehicles, 1999 IEEE International Conference o n Robotics and Auto mation,

Detroit, U.S.A, 1999, pp.1005--1010.

[14] H.Hagras, Victor Callaghan, M.Colley, Online Learning of Fuzzy Behaviours using Genetic Algorithms & Real-

T ime Interactio n with the E nviro nment, 1999 IEEE International Conference o n Fuzzy Systems, Seoul, Korea, 1999, pp. 668--672.

[15] F. Hoffmann, Incremental T uning o f FuzzyControllers b ymeans of E volutio n Strategy, Proceedings o f the GP-98

Conference, Madison, Wisco nsin, 1998, pp. 550--556.

[16] N. Kasabov , Introduction: Hybrid intelligent adaptive systems. I nternatio nal Journal of I ntelligent Systems, l6

(1998), pp. 453--454.

[17] G. Linkens, O. Nyo ngeso, Genetic Algorithms for Fuzzy Control, Part II: Online System Develop ment and

Application, IEE proceedings Co ntrol theor yapplicatio ns, 142 (1995) 177--185.

[18] J. Mendel, L.Wang, Generating FuzzyRules b yLearning T hrough E xamp les, IEEE T ransactions on Systems, Man and Cyber netics, 22 (1992) 1414--1427.

[19] M. Mozer, T he Neural Network Ho use: An Environment T hat Adapts T o Its Inhabitants. In Proceedings o f

American Association for Artificial Intelligence Spring Symposiumo n Intelligent E nvironme nts, AAAI Press, 1998, pp. 110--114.

[20] P. Robathan, Intelligent Buildings Guide, Intelligent Buildings Group and IBC T echnical Ser vices Limited, 1989.

[21] A. Saffiotti, Fuzzy Logic in Autono mo us Robotics: behaviour co-ordinatio n, Proceedings of the 6th IEEE

Internatio nal Co nference on FuzzySystems, Barcelona, Spain, 1997, pp. 573--578.

[22] M. Srinivas, L. Patnaik, Adaptatio n in Genetic Algorithms, Genetic Algorithms for pattern recognition, Eds, S.Pal,

P.Wang, CRC press, 1996, pp. 45--64.

[23] L. Steels, When are robots Intelligent autono mo us agents, Journal of Robotics and Autono mo us Systems, 15

(1995) 3--9.

[24] H. Zhou, A Co mp utational Model of Cumulative Learning, Machine learning Journal (1990) 383--406.