Prototyping, Design and Learning in Outdoors Mobile Robots

Operating In Unstructured Environments

Hani Hagras, Victor Callaghan, Martin Colley

Department of Computer Science, University of Essex, Wivenhoe Park, Colchester, CO4 3SQ,

England, UK

Email:

hani@essex.ac.uk

Outdoor environments are particularly challenging to mobile robots as they offer d ynamic, unstr uctured and highly variable situations where the inco nsistency of the terrain, the irregularityo f the product and the open nature of the working environment result in co mp lex problems o f identificatio n, modelling, sensing and control.

Problems can range fro mthe effects of var ying weather and gro und conditio ns on vehicle sensors and traction performance, through to the need to deal with the presence of unauthorised people and animals. Another major challenge to autono mo us robotics is the uncertaintythat characterises real-wo rld enviro nments. T his is why it is difficult, or effectivelyimpossible, to produce simulations of outdoor robots which are sufficientlytrue to realdynamics to learn good enough controllers.

In this paper we are going to present our methodologyfor using small lab based indoor robots to prototype large outdoor vehicles in agriculture environment. T he indoor prototype robot uses our patented techniques

(British Patent number ^99 10539.7~) which enables rapid online and autono mous learning of controllers.

Introduction

Broadlyspeaking, our work situates itself in the recent line of research that concentrates on the realisatio n of artificial agents stro ngly coupled with the physical world. A first fundamental requirement is that such agents must be grounded in that they must be able to carryon their activities in the real world, in real time [1]. Another important point is that adaptive behaviour cannot be considered as a product of an agent considered in isolation fro mthe world, but can onlyemer ge fro mstrong coupling of the agent and its environment [2]. Despite this, many robotics researchers regularly use simulations to test their models. Ho wever, the validityof such co mp uter simulations to build autono mous robots is frequentlycriticised and is the subject of much debate. Even so comp uter simulations maystill be ver yhelp ful in the training and testing of robotics models. Ho wever as Brooks

[3] pointed out ^it is ver y hard to simulate the actual d ynamics o f the real world~. T his mayimplythat effort will go into solving problems that simplydo not arise in the real world with authentic robots and that programs which work well on simulated robots will co mpletelyfail on actual robots.

T here are several reasons why those using co mp uter models ( simulations) to develop control systems for real robots operating in outdoor environments mayencounter problems [4]:

a) Numerical simulations do not usually consider all the physical la ws of the interaction of a real agent with its o wn environment, such as mass, weight, friction, inertia, etc.

b) Physical sensors deliver uncertain values, and co mmands to actuators have uncertain effects, whereas simulative models often use grid -worlds and sensors that return perfect infor mation.

c) Physical sensors and actuators, even if apparently identical, ma yper for mdifferentlybecause of slight variations in the electronics and mechanics or because o f their different positions on the robot or because of the changing weather or environmental conditio ns.

Even where researchers are using real robots to learn behaviors, these behaviors if learnt successfullyare usually frozen in the robot. T hus if some of the robot dynamics or the environmental circumstances are changed, the robot must repeat a time-consuming learning cycle [4].

Fromthe above discussio n it is clear that using co mp uter simulations for developing prototypes for robot controllers that operate in outdoor environment has significant disadvantages which is best illustrated b ythe fact that when transferring the learnt controllers fro mthe simulated world to real outdoor changing world these controllers will usuallyfail [4]. Ho wever, developing a prototype based on small-scale, but real robots provides much of the reality missing for msimulation (e. g. noise and imprecisio n associated with sensors and actuators) thereb ydeveloping controllers that takes such defects into account, producing a more realistic controller. After learning the preliminar ycontrollers on small-scale robot prototypes (tested under hard conditions simulating the outdoor conditions) the controllers can then transferred to the outdoor target vehicles, requiring less modification than a simulated counterpart, and nor mallywell within the intrinsic adaptation capabilityo f the controller. T hus the outdoor target vehicles then r un the adaptation technique to adjust the lear nt indoor controllers to their specific kinematics and d ynamics rather than repeating the lear ning cycle fro m the beginning. T his prototyping technique allo ws us to learn co ntrollers that do dangerous manoeuvres (like helicopters and under water vehicles) in a controlled situation rather than tr ying the whole learning cycle in outdoor expensive robots which might cause har ms to the outdoor robots during learning . I n addition, the same the adaptation techniques can adapt the robot to anyenvironmental or kinematics changes that can occur over the life of the vehicle thus producing a continuos learning system.

Fuzzylogic Control (FLC) has beco me a popular approach to reactive robot control in recent years [5]. Given the uncertain and inco mplete infor mation an auto no mo us robot has about the environment, fuzzy rules provide an attractive means for mapping sensor data to appropriate control actions in real time. T he success o f fuzzy control is o wed in a lar ge part to the technology’s ability to convert qualitative linguistic descriptions into complex mathematical functions. T he methodologyo f the FLC appears ver yuseful when the processes are too complex for analysis b yco nventio nal quantitative techniq ues or when the available so urces of infor mation are interpreted qualitatively, inexactlyor uncertainly, which is the case of mobile robots. Ho wever fuzzy controllers have the problemthat their parameters are usuallydeter mined b yhuman designer s using a trial and error approach. Also as the number of input variables increases ( which is the case of mobile robots) the number of rules increases exponentially which creates much difficultyin deter mining lar ge numbers of rules.

Evolutionar yalgorithms constitute a class o f search and optimisation methods guided bythe principles of natural evolution and genetics. It is the case that Genetic Algorithms (GA) have been successfullyapplied to solve a variety of difficult theoretical and practical problems b yimitating the underlying processes of evolution such as selection, reco mbination and mutation. T he GA based approach is a well accepted technique for enabling systems to adapt to different control tasks [6] and there is much wor k reported in the literature on designing fuzzy controllers using GA [7, 8, 4, 9, 10, 12, 13, 14, 2]. However virtually all this work was undertaken using simulation as, in conventio nal GA, it takes a large number of iteratio ns to develop a good controller. T hus it is not feasible for a simple GA to learn online and adapt in real-ti me. T he situation is worsened bythe fact that mo st evolutio nar yco mp utation methods developed so far assu me that the solution 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 [15]. Hence prior to our work it was not considered feasible for a simple GA to online learn and adapt a robotic controller [9] in outdoor unstructured environments.

In the next sectio n we will introduce the tar get environment (outdoor far mtasks) and the experimental target prototype vehicles. We will describe our patented Fuzzy-Genetic techniq ues for learning and control, explaining ho wit is used to learn fuzzyrules and membership functions for different behavio urs and co-ordinatio n mechanisms so as to fulfil specified missions. We then present the o nline adaptation technique and the experiments and results.

The Targeted Environment

Providing vehicle operators with a degree of auto mation to relieve themfro mso me of the more repetitive tasks is seen to be of benefit b ymany co mpanies. Indeed, prototype driverless cars have alread ynavigated public roads and several of the major vehicle manufacturers are suggesting that self-guid ing cars will be commercially available for motor wayoperation b y2010 [16]. Road environments are relativelywell str uctured and well defined and have regular geometr y. I n this wor k we mo ve to the less str uctured enviro nment of a far m;

addressing the control of autono mo us or semi-autono mo us agr icultural vehicles. In particular we are interested in the problemho w to adapt the vehicle control algorithms as the environmental conditio ns change.

Our prototyping strategywill lead to the implementatio n of an o utdoor vehicle that is able to `follo w´ a path or maintain a heading through a d ynamic, unstr uctured environment, using navigational data fro mimprecise sensors. A d ynamic unstructured environment can be categorised as unpredictable and constantly changing, requiring the vehicle control system to be adaptive so as to maintain correct operation. Within the agricultural enviro nment the inconsistencyo f the terrain, the irregularity of the crop and the d ynamic, open nature of the working environment give rise to co mplex problems of identification, sensing and control. T he main advantage of the fuzzy logic approach is that it enables the co ntroller to accommodate the approximate, imperfect and noisy infor mation presented in real-wor ld environments, whilst still producing smooth control outp uts. While fuzzy systems are well suited to deal with such control, their parameters tend to be derived in advance fro mprior kno wled ge about the environment. Anylarge change in the environment, outside the range of the pre-deter mined rules, can cause the incorrect operation of a fuzzylo gic controller (e.g. changes lead to the use of the wro ng rule). We have chosen the agricultural environment for our initial work, as this o ffer s a most severe test of our methods, providing a useful benchmar k for our achievements.

In the experimental work we will sho wthe generalityand robustness of o ur techniques by demonstrating that theycan be ported, with minimal changes, between the prototyping robot (operating indoors) and various sizes target robots (mostlyoperating outdoors). As mentioned earlier, the proposed algorithms are adequate for outdoor robots where the d ynamics of the robot as well as the environmental conditio ns are rapidlychanging and require the robot to quicklymodifyitself to these changes. T his wor k is particularlyuseful for producing intelligent machines for inaccessible environments where reprogramming robots wo uld be difficult or expensive.

We will sho w ho w such an approach both saves mo neyand increases reliability b yallowi ng the robot to auto maticallyadapt without further programming to the changing user and environmental needs it will experience throughout its lifetime.

The Experimental vehicles

Both the prototype and tar get robots are based around a distributed field bus control system. T his offers many advantages, for example, distrib ution enables the processing to be sized cost-effectively across a range of vehicle applications (e.g. processing po wer is added in proportion to sensor quantity and type). In particular, we use the

CANbus (Controller Area Networ k) developed for auto motive industr y, Motorola processors and the

T ornado/VxWorks Real T ime Operating System (RT OS). T he current design is influenced largely b ythe realtime nature of the problem(e.g. use of both parallel and distributed processing).

T he robot controller is first learnt and tested in an indoor prototype robot and then mo ved to an outdoor target robot (each of which has different physical shapes and different sensor/effector characteristics). T he designed systemparameters are robot-independent and the architecture is portable between the different sizes of robot.

The Indoor Prototype Robots

T he indoor robot has a ring of 7 ultraso nic proximitydetectors, an 8 -axis vectored bump switch, an IR beacon locator (to aid navigation) plus two independent stepper motors for traction and differential steering. T he hard ware is based on embedded Motorola 68040 processors running the VxWorks RT OS. In the initial experiments, infrared beacons were used to simulate the goals. Control programs were developed using the

T ornado VxWorks cross-develop ment environment which provides seamless workstation-robot development via ethernet interconnectio n. T he networ k can be disconnected for auto no mous operation. T he robot and its sensor configuration are sho wn in Figure (1-a).

The Outdoor Target Robots

T he outdoor target robots are of two types; an electric and a diesel po wered vehicle. Both robots have a mechanismfor deter mining distance to nearb yobjects. Ultrasound has proved convenient, being well able to cope with far mneeds such as detection of plants and crops. Ho wever, the system is essentially independent of sensor type and has given good results with a mechanical wand (ar ms connected to digitised potentiometer s to sense the edge o f a crop). T he approach we use allo ws proximitysensors to be exchanged with little or no change to the control system. In the future, we plan to equip the robots with GPS, co mpass and vision for goal determination. All our robots use a similar co mp utatio nal architecture, to simplify development work. T he hard ware is based on embedded Motorola processors (68040) running VxWorks RT OS. T he diesel powered robot has one actuator for controlling the speed of the front wheels and another for controlling the steering angle of the front wheel. As with other far mvehicles, the diesel robot uses its engine to provide both traction and electrical po wer (including batter ycharging). T he electrical and diesel robot and their sensor configurations are sho wn in Figure (1-b) and (1-c) respectively.

Hierarchical Fuzzy Logic Controllers (HFLC)

Most co mmercial Fuzzy Logic Control (FLC) imp lementations feature a single layer of inferencing between two or three inputs and one or two outp uts. For auto no mous vehicles, ho wever the number of inp uts and outputs are usually large and the desired control behavio urs are more comp lex. Our indoor prototyping vehicle experiments use eight inp uts (7 sonar inp uts and an infrared bearing sensor) and two outp uts (left and right wheel speed). If we assume that each inp ut will be represented b ythree fuzzy sets and each output b yfo ur fuzzysets, using a single layer of inferencing will lead to deter mining 3 8 = 6561 rules which wo uld be difficult, if not impossible, to determine.

(a) (b) (c)

Figure (1): Prototype robot (indoor) . b) T arget robot(outdoor-electrical) . c) T arget robot (outdoor-diesel)

Ho wever, byusing a hierarchical assemblyo f fuzzy controllers, the number of rules required can be significantlyred uced. For example, the experimental systemcan be divided into fo ur co-operating behavio urs, obstacle avoidance, left and right wall follo wing and goal seeking. If, as before, these behaviours represent each input b ythree fuzzy sets then obstacle avoidance with three inp uts produces 3 3 = 27 rules. T he left wall follo wing has two inputs producing 3 2 = 9 rules, right wall follo wing is the same and goal seeking has one input

( more accuratelyrepresented b yseven fuzzy sets) producing 7 rules. T hus the total number of rules no w required is 27 + 9 + 9 + 7 = 52 rules which is much easier to deter mine. T o use such a hierarchical mechanism, a coordination scheme is required to combine these behaviours into a single action. Saffiotti [5] has suggested a fuzzy context rule co mbination method to performthe high level co-ordination between such behaviour s. T he context dependent rules are characterised b yeach behaviour generating preferences fro mthe perspective of its goal. Each behaviour has a context of activation, representing the situations where it sho uld be used. T he

Crop Se nsing

Wands

Electric-

Hydraulic

Steering

Contr ol

Sonar

Se ns ors

Infrared

scanner

The Left &

Front Bac k

Side sonars

The

Front

Sonars preferences of all behavio urs, weighted b ya true value of their contexts, are fused to for ma collective

preference. One co mmand is then chosen fro mthe collective preference.

We use a variant of the method suggested b ySaffiotti [5] and T unstel [17]. In this we applyfuzzy logic to

both implement the individ ual behaviour elements and the related arbitration (allo wing both fixed and d ynamic

arbitration policies to be implemented) [18]. T o achieve this we implement each behavio ur as an independent

FLC aimed at a simple task, (e.g. edge follo wing or obstacle avoidance) with a resultant small set of inputs and

outputs to manage. We chose fuzzy logic to imp lement the basic behaviours, as it excels in dealing with the kind

of imprecise and uncertain kno wled ge associated with a robot’s sensors and actuators.

T he outputs of each fuzzy behaviour are fused according to directions supplied b ya high-level planner, which

maybe a person. T his fusio n itself is a fuzzyprocess in which different behaviours are co-ordinated to give a

coherent outp ut. T he high-level planner can also define situatio ns and sequences in which individual behaviour s

are active, co mmo nlyreferred to as ^willed~ operation. T he combination o f these methods produce a systemthat

is capable of completing co mplicated tasks fro ma set of simple tasks which can be more easilydesigned than

more monolithic alter natives. Fuzzyco -ordination facilitates expression of partial and concurrent activatio n of

behaviour s, thereb yallo wing behaviours to be active concurrently to differing degrees which gives a smoother

control characteristics than switched counterparts [5]. As mentioned earlier, using a hierarchical strategy results

in much fe wer rules (i.e. much simp lified design problem) [5]. In addition, it allows flexible mod ularised design

where new behavio urs can be added easilyand different tasks achieved bychanging the co -ordination

parameter s (either in willed or auto matic mode). Our use o f a fuzzyarbitration mechanism, and the flexibility

arising, is significant addition to earlier work such as the subsumption architecture [3].

(a) (b)

Figure (2): a) Behaviour co-ordination system. b) Membership function for co-ordination parameters.

Root Fuzzy

System

Obstacle

Avoidance

Left edge

Follow ing

Right edge

Follow ing

Goal

Seeking

Fuzzy Behaviour Combination

DEFUZZIF ICATION

Output

Inputs Inputs I nput s Inputs

Inputs

Lo w

Low High

Minimum

distance

MF

0 A B

1

0 cm

In our design each behaviour uses a FLC using singleton fuzzifier, triangular membership functions, product

inference, max-product co mposition and height defuzzification. T he selected techniques were chosen due to their

comp utatio nal simplicity and real-time consideratio ns, more infor mation about fuzzy logic can be found in [11].

Õ å

Õ å

= =

= =

G

i

Aip

M

p

G

i

Aip

M

p p y

1 1

1 1

a

a

(1)

Where M is the total number of rules, y p

is the crisp output for each rule, P a

Aip

is the product of the member ship functio ns for each rule´s inputs and G is the number of inp uts.

Ruspini [19] defines fuzzy co mmand fusion as the interpretation of each behaviour -producing unit, acting as an agent, expressing preferences as to which co mmand to apply. Degrees of preferences are represented b ya probabilitydistribution (fuzzy in our case) over the co mmand space. In our HFLC architecture a fuzzy operator is used to combine the preferences of different behaviour s into a collective preference. Accordingly, co mmand fusion is deco mposed into two steps: preference co mbination and decision-making. I n Figure (2-a) each behaviour is treated as an independent fuzzy controller. Using fuzzy behavio ur co mbination, we obtain a collective fuzzy output which we then defuzzify to obtain a final crisp outp ut. Fuzzy meta-rules or context rules enable more flexible arbitration policies to be achieved. T hese rules have the for mI F context T HEN behaviour

[5] which means that a behaviour is activated with a strength deter mined b ythe context (i.e. a fuzzy-logic for mula). When more than one behaviour is activated, their outputs are fused and each behaviour outp ut scaled bythe strength o f its context.

In case of using fuzzynumbers for preferences, product-sum co mbinatio n and height defuzzifcation are used.

T he final outp ut equatio n, provided bySaffiotti [5], is given belo w:

å

å i

y

i

t y mm

y mm ) * (

(2)

Where i represents the behavio urs activated b ycontext rules which can be; right/left edge-follo wing behaviour, obstacle-avoidance or goal seeking. Y t

is the behaviour co mmand outp ut (left and right velocityin case of prototyping indoor robots, steering and wheel speeds in case of the target o utdoor robots). T hese vectors are fused in order to produce a single vector Y ht

to be applied to the mobile robot. mm y

is the behaviour weight.

T he behaviours implemented in this systemco nstitute the minimum set o f behaviours needed to demonstrate the architecture working in an outdoor environment. Fro mother work [3], we kno w that four behaviours are

Y ht

=

Y t

= sufficient to co mplete the tasks we have in mind; namely, goal-seeking, obstacle-avo idance, right edge-follo wing and left edge-follo wing.

In behaviour co-ordinatio n there are a few parameter s that must be calculated in the root fuzzy system. T hese are the minimum distance of the front sensors (represented by d1), the minimum distance o f the left side sensors

(represented byd2), the minimum distance o f the right side sensors (represented b yd3). T he minimu mo f the fuzzy MF o f d1, d2, d3 represented byd4, which reflects how obstacle free the robot path is. After calculating these values, each is matched to its membership function as sho wn in Figure (2-b). T hese fuzzyvalues are used as inputs to the context r ules which are:

IF d1 IS LOW THEN OBSTACLE AVOIDANCE,

IF d2 IS LOW THEN LEFT WALL FOLLOWING,

IF d3 IS LOW THEN RIGHT WALL FOLLOWING,

IF d4 IS HIGH THEN GOAL SEEKING.

T he context rules deter mine which behaviour is fired, and to what degree. T he final outp ut is calculated using

Equation (2). T he behaviour weights are calculated d ynamicallytaking into account the situation o f the mobile robot. For example, the obstacle avoidance behavio ur weight needs to increase as the obstacle co mes closer. T his can be done bycalculating the minimum distance of the front sensors d1 and then calculating the weight o f the obstacle avoidance behaviour using the membership functions in Figure (2-b). T hen, byusing the context r ules we can deter mine which behavio urs are active and applyEquation (2) to obtain the final outp ut.

Hierarchical Fuzzy Genetic Systems for Online Learning and Adaptation

According to Kasabov [15] an Intelligent System(IS) should be able to learn quicklyfro mlarge amounts of data.

He also sates that an intelligent systemsho uld also adapt in a real time and in an o n-line mode as new data is encountered. Also the systemsho uld be able to accommodate in an incremental way any new problemsolving rules as theybeco me kno wn. It should be memor y-based, plus possess data and exemplar storage and retrieval capacities. In addition, he says that an IS sho uld be able to learn and improve through active interactio n wit h the user and the environment. It sho uld have parameters to represent short and long ter mmemor y, age, forgetting, etc. Finally he states it should be able to analyse itself in terms o f behaviour, error and success. T o our kno wled ge, no system in the field of outdoor robots had satisfied these criteria.

T o achieve a high-level behaviour via manipulating rule-bases with a GA, it is necessar yfirst to develop lo w level co mpetence, which can then be modified and enhanced to produce an emergent high-level behaviour. T his can be done at a lo wlevel b ymanipulating the individ ual behaviours, and at a higher level b y manipulating combinatio ns of the lo wer-level behavio urs (the latter occurring o nce a reasonable degree of proficiency has been attained, to for ma controller capable of perfor ming a higher-level task). For this, a simp le objective functio n is sufficient, as the controllers wo uld alread yhave a degree of co mpetence for the behavio ur desired.

Such a solution can be achieved b yimplementing a hierarchical learning procedure [7].

In our hierarchical learning procedure we start using the indoor prototype based on the use of working (but not necessarilyoptimum) set of fixed membership functions We then co mmence lear ning general rules in each individ ual behaviour b yrelating the input sensors to the actuator outputs. In this phase the membership values are not important as the robot learns general rules such as, if the obstacle is close then turn left. However in order to achieve a sub-optimal solution for the individ ual behaviour (a subset of the large search space) we need to find next the mo st suitable membership functions for the learnt rules. After finding a sub-optimal solution for each behaviour we co mbine these behaviour s and learn the best co-ordinatio n parameters that will give a ^good enough~ solutio n for the lar ge search space to satisfya given mission or plan. After learning the system parameter s, the controller is then transferred to the outdoor vehicles where the online adaptation techniq ue is triggered to adjust the learnt controller on the prototype robots to the outdoor robots needs. Also if the controller fails to maintain the desired states, the adaptation technique modifies the poor rules in the relevant behaviour s to adjust to the outdoor target vehicle´s differing environmental and kinematics conditions witho ut the need to restart the learning cycle.

T his hierarchical procedure results in a fast learning time for finding a solution for learning and adaptation in outdoor environments as will be demo nstrated in the experiments section. In particular, it learns controllers for the outdoor robots which might involve dangerous manoeuvres (like helicopters and underwater vehicles) in a controlled indoor robots, thus avoiding the risks associated with online learning using heavy and expensive outdoor robots. Also our learning techniques learn general controllers that can be applied to different outdoor robots performing the same mission and applying a short adaptation cycle thus saving the need to learn a new controller for each different outdoor robot.

Figure (3) provides an architectural overview o f our solution, which we ter m an Associative Experience

Engine. T his for ms the learning engine within the control architecture and is the subject of British patent application 99-10539.7. T he behaviours are represented as parallel Fuzzy Lo gic Co ntrollers (FLC) and for mthe hierarchical fuzzycontrol architecture presented in the previous section. Each FLC has two modifiable parameter s, the Rule Base (RB) for each behavio ur and the Membership Functions (MF). T he behaviours receive their inp uts fro msensors. T he output of each FLC is then fed to the actuators via the Co-ordinator, which weights their effect. When a behaviour, or collection of behaviours, fail to respond correctlyto a situatio n, a learning cycle is initiated.

For the indoor prototype robot the learning cycle perfor med is dependent upon the Learning Focus, which is supplied b ythe coordinator according to a higher -level plan. For example, if the Learning Focus is to learn the

MF for individual behaviors, then the input membership functions of each behavior are learnt alone.

When learning or modifying the rule bases, the lear ning cycle is sub -divided into local situations. T his reduces the size of the model to be learnt. T he accent on local models implies the possibilityto learn b yfocusing at each step on small parts of the search space only. T he interactio n amo ng local models, due to the intersectio n of neighboring fuzzysets causes the local lear ning to reflect o n global perfor mance [20]. T o further reduce the search space, the systemdetermines if it had encountered similar situations before b ychecking the stored experiences in the Experience Bank . T he robot tests different solutions fro m the experience bank b ytransferring the ^remembered~ experiences, which are stored in a queue to the corresponding behaviors. If any of these experiences sho w success, then theyare stored in the FLC and we avoid generating a ne wsolution for our system. An Experience Assessor assigns each experience solution a fitness value to indicate the importance of this solutio n. When the E xperience bank beco mes full it is the role of the Experience Survival valuer to determine which parameters are retained and which are discarded, according to the parameter importance. I f the use of the past experiences did not solve the situation, we use the highest fitness experience as a starting point for the new lear ning cycle. We then fire an Adaptive Genetic Algorithm (AGA ) mechanism using adaptive crossover and mutation parameters which help to speed the search for new solutions. T he AGA is constrained to produce new solutions in a certain range defined b ythe Contextual Constraints supplied b ysensors and defined b ythe coordinator according to the learning focus. T his avoids the AGA searching places where solutions are not likely to be found. B ydoing this we narro wthe AGA search space to where we are likelyto find solutions. T he AGA search converges faster as it started fro ma good point in the search space supplied bythe experience recall mechanismand it used adaptive learning parameters and avoided searching regio ns where solutio ns are not likely to be found. After generating new solutions wither rules or MF or coordination parameter s the systemtests the new solution and gives it fitness through the Solution Evaluator to be discussed next sectio n. T he AGA generates new solutio n until reaching a satisfactor ysolution.

T he online learning mechanism, in addition to the fuzzy behaviour s, is also organised as a hierarchythus leading to one description o f this architecture as being a ^double-hierarchy~. T he online lear ning mechanisms can be regarded as a hierarchybecause there is a tiered set of actions. At the highest level a populatio n of solutio ns are stored in the Experience Bank and tested in a queue. If one of these stored experiences leads to a solutio n then the search ends, if none of these stored experiences leads to a solution then each of these experiences acquires fitness by the Experience Assessor depending ho wwell each solutio n perfor med in the situation. T he highest fitness experience is used as a starting position to the lo wer level GA that is used to generate new solutions to the current situatio n. T his hierarchy preserves the systemexperience, and speeds up the genetic search b ystarting the genetic algorithm fro m the best found point in the space.

Figure (3): Architectural Overvie wo f Associative Experience Learning Engine (UK patent No 99-10539.7)

Learning General Behaviours Rules

T he rule-base of the behaviour to be learnt is initialised rando mly. T he designer supplies a preliminar yinp ut MF for each behaviour. As was explained earlier the values o f the membership functio ns are not important as we are seeking general rules. I n the follo wing sections we will introduce the various steps of the algorithmto learn the

Associative Experience Engine (Genetic)

Associative Experience Engine (Genetic)

MF Rules

OA FLC

MF Rules

LF FLC

MF Rules

RF FLC

MF Rules

GS FLC

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 rule base of behaviours that receive immediate reinforcement such as edge follo wing and goal seeking. For learning the rules of behaviours that receive delayed reinforcement please refer to [21].

After the rule-base initialization, the indoor prototype robot starts mo ving. If the rule-base contains poor rules then it will begin deviating from its objective. In this case o ur algorithm is fired to generate new set of rules to correct this deviatio n. T he GA population consists of all the rules contributing to an actio n (which is usually a small number as the rules base of each behavior consists only o f 9 rules). As the case with classifier systems, in order to preserve the systemper for mance, the GA is allo wed to replace a subset of the classifiers (the rules in our case). T he worst m classifiers are replaced bythe mnew classifiers created b ythe application o f the GA o n the population [14]. T he newrules are tested b ythe co mbined action o f the perfor mance and apportionment o f credit mechanisms. In our case, only two rule actio ns will be replaced (those alreadyidentified with being predominantly responsible for the error).

T he system fitness is deter mined b ythe Solution Evaluator and is evaluated b yho w much it reduces the nor malised absolute deviatio n (d) fro mthe nor mal value as well as maintaining both a high speed and a straight heading. 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 maximum nor mal member ship functio n.

For example, 40 cmin case o f edge follo wing or zero degrees in case of goal seeking (as was specified b ythe human designer of the membership functions). T he deviated value is any value deviating fro mthe no minal value. T he maximu mdeviation corresponds to the maximum deviation that can occur as was specified b ythe human designer membership functions using indoor robots.

T he fitness o f the solutio n 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 solutio n. T he deviation is measured using the robot´s sensors, which gives the robot the abilityto adapt to the imprecision and noise found in the real sensors rather than relying on estimates fro mprevious simulations.

T he fitness o f each rule at a given situation is calculated as follo ws. We can write the crisp output Y t

as in (1).

If the robot has two output 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 t

G i

Aip

M p

G i

Aip p

1

1 1

1

1

Õ å

Õ

= =

= a

a

, S r2

=

Y

Y t

G i

Aip

M p

G i

Aip p

2

1 1

1

2

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 he most two effective rules are those that have the two greatest values of S c

, we use o nlymutation to generate new solutions because o f the small population for med b ythe fired rules.

Note that the two output variables can be left and right wheel speeds, in the case of robots with differential wheel velocitysteering.

M emory Application

After deter mining the rule actions to be replaced, the robot then matches the current r ules to sets of rules stored in an Experience Bank containing each rule and its best fitness value up to date. T he fitness of the rule in a given solutio n is supplied bythe Solution Evaluator and is given by :

S rt

= Constant + (d

1

- d

2

) .S c

. (1-F). V (5) d

1

- d

2

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

If there is improvement in the deviatio n, then the rules that have co ntributed mo st 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, repeating the process for the next most effective rule. F is the nor malised steering. V is the average speed. T his makes S rt

maximised by maximising the deviatio n improvement co mpared to the previous actio n and higher speed with minimum adjustments to steering. T he variable V was introduced to favo ur rules with faster speeds and F was introduced to penalise instant differences (tur ns) between the speeds applied to the wheels. T he Experience Survival Valuer keeps the best fitness solution for each rule in the

Experience Bank .

After deter mining the r ule actions to be replaced, the robot then matches the current rules to sets of r ules stored in a memor y containing each rule and its best fitness value up to date. For each rule action to be replaced, we will replace the current actio n in the behavio ur rule-base b ythe best fitness action stored in the experience bank. If the deviatio n decreases, then the robot will keep the best rules in the behaviour rule-base. If the deviation remains the same or increases, the robot uses the GA to produce a new set o f solutions. T hese are obtained bymutating the best rules fo und until the deviation begins decreasing or the rule is proved ineffective.

T his action is supposed to speed up the GA search as it starts the GA fro mthe ^best-fo und~ point in the solutio n space instead of starting fro ma rando mpoint. T his is then considered a solution for the current situation and the rule fitness is calculated and is co mpared with the best fitness rule stored in the memor y. If its fitness is greater than the best kept one in the Experience Bank then it replaces the best one, other wise the best one still is kept in the Experience Bank .

Using GA to Produce New Solutions

T he GA begins its search for a new rule actio n to replace those identified with poor performance b ymutating the two mo st effective rules to generate new solutio ns. T he chromoso me consists of the two r ule conseq uents (right and left wheel velocities in case of indoor robots and steering and speed in case o f outdoor robots), representing each conseq uent b y2 bits leads to a 4 bit chro moso me. We adjust two rule actions and hence the population consists of two chro moso mes.

A mutatio n rate of 0.5 was chosen after gathering empirical evidence gathered fro mexperimenting with different mutation rates fro m0 to 1.0. T his was achieved b ymo nitoring the time the indoor prototype robot needed to achieve its goal (e.g. reaching its goal or follo wing a wall within the desired behavior), as sho wn in

Figure (4-a). It was noticed that at mutation values less than 0.3 there was almost no convergence ( which means not finding a good solutio n) because the population size and the chro moso me size are small, and the lo w mutation rates does not introduce sufficient new genetic material to produce different solutio ns. T he same occur s for high mutation rates ( higher than 0.7) as the mutation rate reaches 1.0 the only genetic material available are the primar ychro moso mes (e.g. 0101) and its inver sion (1010) which is not enough for producing anynew solutio ns. T hus 0.5 gave the optimum value for finding a solution after an average of 96 seconds of the indoor prototype robot time. T he robot also uses the Contextual Constraints supplied bythe sensory infor mation to narro wthe search space of the GA and thus reduce the learning time. For example, if the robot is implementing left wall follo wing and it is moving to wards the wall, then any action that suggests going to the left will not lead to a solution. Hence, if we use a left side sensor and it senses that we are going to wards the wall, then the GA solutio ns will be constrained not to go left, the same applies for anybehavior. T his is similar to using a constrained -GA, where the sensor infor mation constrains the GA search space and forces it to look at areas where solutions are likelyto be found and avoids doing blind searches in the whole search space, also avoiding abnor mal outputs which results fro m mutation. We have also conducted learning experiments without the

16

Contextual Constraints. It was noticed that this increased the learning time co mpared to those using Contextual

Constraints b yup to four times (average). T his is because the GA no whas to search in the entire search space, instead of just searching the limited regions where solution are likelyto be found .

0

100

200

300

400

500

0.3 0.4 0.5 0.6 0.7 mutationprobability(%)

Time(sec)

�

�

�

�

�

�

�

�;� ;� ;� ;�

5RERW�OHQJWK

$YJ

6WG�’HY

Figure (4): a) Mutation rate versus time for an edge follo wing process. b) T he relative robot length plotted

against the error after learning

Stopping Criteria

T he robot assumes it has learnt the rule-base for the behavior if it succeeds in maintaining the no minal value for

the behavior for an optimumlearning distance. T he optimal learning distance has been related to units of length

of the robot, so that the algorithm can be applied in an invariant manner to different size robots. In order to

determine the optimal lear ning distance we have cond ucted nu merous experiments using different lear ning

distances corresponding to the robot´s length (e. g. 1x robot´s length, 2x robot´s length, etc.). We then follo w the

same track that was used during the learning p hase to deter mine the absolute deviation at each co ntrol cycle fro m

the optimumvalue which is maintaining a constant distance fro ma wall in case of edge follo wing and going

to wards a goal in case of goal seeking. T he average and standard deviation o f this error are calculated over 10

experiments over different tracks. Fro mFigure (4-b) it is obvious that the average and standard error for the wall

follo wing stabilizes at three times the robot´s length at average value of 2 cmand standard deviation o f 1 and

become almost the same for a larger number of experiments. T hus we use three times the robot length as our

learning length criteria.

Learning the Fuzzy Membership Functions of the Individual Behaviours

T he fuzzyMembership Functio ns (MF) quantifythe raw vehicle sensor input data into value ranges, such as

nor mal, near or ver ynear. T he value ranges are then used b ythe fuzzyinference engine, in conjunction with the

control rules, to deter mine an appropriate output response. In most fuzzysystems, the shape of MF of the

antecedent, the conseq uent and fuzzyr ules are deter mined and tuned thro ugh trial and error byhuman operators.

In this sectio n, we will use our Fuzzy-Genetic techniques for deter mination of the MF online and through

interaction with the environment, we will use the same sensors used in the prototype robot in the outdoor robots.

We will use the best learnt r ule-bases fro mthe previous section as these rules are general rules relating input to

output using general linguistic ter ms not specific for certain sensors values. T hus we want to find the best MF

that when co mbined with a previouslylear nt rule-base will give the optimumactio n taking into account the

variation of the sensor characteristics. We will tr yto adapt the MF to an existing lear nt rule-base. T hus the robot

onlyrequires a short learning cycle to adapt the MF to the appropriate rule-base.

T he robot is equipped with a short time memor ythat enables it to store the previo us 2000 actions. T he short

time memor y is important when the proposed algorithmproduces an interim solution, as it allo ws the robot to

return to same starting position in order to evaluate the new solution. Retur ning to the same position involves

replaying the values in the short time memor yand using the wheel encoders to bring the robot to the

approximate starting positio n. T his position can then be fine-tuned so that it matches the starting position. T he

fine-tuning is achieved using a pilot fuzzylo gic controller that tries to bring the ultrasound and infrared reading

to the values of the starting position.

Population Initialisation and fitness assign ment

T he parameters to be modified in the MF are sho wn in Figure (5). T hose labelled A, B in Figure (5-a) in case of

edge follo wing; those labelled E, F, G, K, L, in Figure (5-b) in case of goal seeking (the goal seeking is

represented by7 MFs as this was found to be the least number to give satisfactor yperfor mance). Each one o f

these parameter s is represented b y5 bits, a value which was fo und emp iricallyto be the minimum number of bits

required to achieve reasonable results and lo wco mp utatio n time. T he values for the MED fuzzyset in case o f

edge follo wing correspond to the desired distance fro mthe edge in case of edge follo wing. T he Z fuzzy set in

case of goal seeking is zero, which means that the deviatio n fro mthe target is desired to be zero. T hese

parameter s are aligned together to for ma chro moso me which represents a possible solution to the problem. In

case of the edge follo wing behavio urs, we have 2 sensors. Each is represented b y3 fuzzy sets (one is the desired

distance and two to be identified) and each fuzzy set is represented b y5 bits which leads a chro mo so me of 2 *2

* 5 = 20 bits. In case of goal seeking we have only 1 sensor represented by7 fuzzy sets (one is the zero and six

to be identified), again each is represented by5 bits, which lead s to a chro moso me o f 1 *5 *6 = 30 bits.

All the chro moso mes are initialised to be within the sensor range. T his is a fair assumption as it is ver yeasyto

kno w the maximu mand minimu m sensors ranges fro mthe manufacturer data sheet. T his technique is kno wn as

GA guided constrained optimisatio n [8]. It incorporates human heuristic kno wledge into the optimisatio n algorithm, thus during optimisatio n the GA is forced to produce ordered parameters (for example B is always

greater than the desired value and the desired value is greater than A, etc) within the sensor range. T he algorithm

is also capable of determining the sensor ranges, but this will take a longer time to converge to a solution as will

be sho wn later.

(a) (b)

Figure (5): a ) Membership function of the side sensors. b) Membership function of infrared scanner used for goal

seeking.

In case of the edge follo wing (left and right) and goal seeking behaviours, the fitness functio n looks at

minimising the deviation fro ma desired value. For example, in edge follo wing, we place the indoor prototype

robot at the desired distance fro mthe ed ge and ask the robot to maintain this value fro mthe edge irrespective of

the irregularities found in this edge. In case of goal seeking the problemis easy, as it is required to keep the

deviation fro mthe goal to zero degrees.

T he deviation is measured bythe robots physical sensors (so nar in the case of edge following and infrared

scanner in the case of goal seeking). T his gives the robot the opportunityto adapt to the real sensor imprecision.

T he chromoso me fitness is evaluated b yho wmuch it reduces the average o f the absolute deviatio n (d) fro mthe

nor mal value, according to Equation (3). T he total chromosome fitness is supplied b ythe Solution Evaluator and

is given b y:

Fitness =constant1+ (1-

N

N

i i d å

= 1 ).(1-F). V (6)

Where N is the total number of control steps perfor med b ytesting the solution. F is the average nor malised ( with

respect to the maximum steering) steering of the robot over the N Control steps. V is the average speed of the

robot over N steps. T his makes the Fitness maximised byminimising the deviation fro mthe desired value and

higher speed with minimum adjustments to the steering. At the end of testing the solutio n the robot checks if the

average absolute deviatio n exceeds 10% of the nor mal value. If so the robot then examines the ^ normal value ˘

deviated value ~. If this value is positive this indicates that the robot ended at values belo wthe nor mal value. In

this case, the Near fuzzy set (Medium Negative in case of goal seeking) is blamed for this deviation. T he same

0 A desired B cm

Near Med Far

1

0

Front

Se nsors

MF

Very

very

Negative

Very

Negative

Med

Negative

Norma l Med

Pos itive

Very

Pos itive

Very

very

Positive

1

0

Bearing

MF

-200 E F G 0 H K L Degre es occurs if the value is negative as this indicates that the robot ended at values greater than the nor mal value. In

this case, the Far fuzzy set (MediumPositive in case of goal seeking) is blamed for this deviation. So in the

chro moso me generation the GA is constrained to generate higher values for the Near fuzzy set if the deviatio n

was positive and smaller values for the Far fuzzy set if the deviatio n was negative. T he values for Near and Far

fuzzy sets are stored in the Experience Bank . Bydoing this step the robot uses its lear ning expertise to narro w

the GA search space, so the GA search time can be minimised.

Generation of New Solutions

We use a population of 4 chromoso mes which was found to be the smallest populatio n to give conver gence

whilst maintaining co mputational simplicityand real time perfor mance.

After all the solutions have deter mined their fitness values, the Adaptive Genetic Algorithm ( AGA) is no w

readyto generate the new solutio ns. We used the Srinivas method [22] to adapt the control parameters ( mutatio n

and crossover probabilities).

T he strategyused for adapting the control parameters depends on the definitio n of the perfor mance o f the GA.

In a non-stationar yenvironment ( which is the case for the outdoor environment), where the optimal solution

changes with time, the GA should possess the capacityto track optimal solutions. T he adaptation strategyneeds

to var ythe co ntrol parameter s appropriatelywhenever the GA is not able to track the located optimum. It is

essential to have two characteristics in the GA for optimisation. 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 capacity to explore new regions of the solution space in search o f the global optimum. In

order to varyP

c

(crossover probability) and P

m

( mutation probability) adaptively, to prevent premature

convergence of the GA, it is essential to be able to identify whether the GA is co nver ging to an optimum. One

possible way of detecting co nver gence is to observe the average fitness value f´ of the population in relation to

the maximu mfitness value f

max of the population. f

max

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

to an optimum solutio n than that for a population scattered in the solution space. P

c and P

m are defined as

follo ws:

P

c

= (f

max

-f")/(f

max

-f´) f~ ³ f´

P

c

=1 f~<f´ (7)

P

m

= (f

max

-f)/(2 *( f

max

-f´)) f ³ f´

Pm=0.5 (8)

Where f~ is the larger of the fitness values of the solutions to be crossed and f is the fitness of the individual

solutio ns. T he method means that we have P

c and P

m for each chro moso me. T his single point crossover was

chosen for co mputational simplicityand real time perfor mance.

In [22] this method was superior to the simple GA giving a faster convergence (e.g. 8:1) and adapting the GA

for non-stationar yenvironments. It also relieves the designer fro mdeter mining these values heuristically.

We use an elite strategy, meaning that the best individual is auto matically pro moted to the next generatio n and

used to generate sub sequent populations. We also use constrained optimisation as explained above so that we can

minimise the search space of the GA and achieve a faster conversion. In addition the GA values are constrained

to lie within the sensor range supplied fro mthe data sheet.

In order to justify the use of these techniq ues we have cond ucted various experiments using the ( AGA)

approach with both an open range and a constrained range and the Simple GA (SGA) approach with a

constrained range. We then calculated the average of the learning iterations over 5 learning sessions, each

learning sessio n corresponds to learning the 3 behaviours MF (right/left edge follo wing, goal seeking,), from

rando mpositions. Five lear ning sessio ns were cho sen as it was found that the average over more experiments

(10, 15 or 20) yields approximatelythe same average values.

T he SGA was tried with different parameter s in the range [0.5 1.0] for P

c and [0.001 0.1] for P

m

. T he best

performing value was fo und to be P

c

= 0.6 and P

m

= 0.1. It was found that the constrained AGA approach

converges to a solutio n on average after only 5 iterations and 8 minutes of the real indoor robot time . Most of

the time is consumed in mo ving for ward to test the solution and then moving backward to the same positio n. T he

AGA approach with an open range also converges, but after a greater number of iteratio ns (12 iterations on

average). T his is because it needs more time to explore the search space and deter mine its limits. T his takes

about 20 minutes of the robot time to conver ge to a solution. T he SGA approach with defined limits and P

c

= 0.6

and P

m

= 0.1 converges to a solutio n after an average 14 iterations and 28 minutes of the robot time. T hese

experiments justify that the proposed algorithmconverges in a ver y short time inter val due to the AGA and the

constrained limits.

Stopping Criteria

T he robot stops learning and assumes it had learnt the required behaviour if the robot succeeds in maintaining

the no minal value for the behaviour over a distance sufficient enough to prove that the learnt M F is adequate.

Fro mempirical evidence we found this value to be equivalent to 3 times the robot length, follo wing the same

procedure explained above in the case o f learning the rule bases.

Behaviour co-ordination learning

In the previous sectio ns we have sho wn ho w sub -optimal solutio ns for the independent behaviours can be learnt.

In this sectio n we will sho w ho w to co-ordinate these sub -optimal behavio urs to obtain a planned goal as it is a

difficult task for a human to predict the interactio n between the different behaviours and their best co mbination.

It is difficult, if not impossible, to find a good solutio n b ytr ying to optimise the systemas a whole because it

wo uld take a long time thus not enabling online learning and adaptation which is the aim of this wor k. We have

solved this problemb yusing a fuzzy based behavio ur co-ordination mechanism. Here the fuzzy Membership

Function (MF) sho wn in Figure (2-b) for behaviour co-ordination will be learnt online in a manner that satisfies

so me high level mission or plan (usually supplied bya high level planner which could be a person). T he values

of A, B are the base values to be learnt bythe GA for d1, d2, d3 and d4.

Population Initialisation

Each parameter to be identified in the MF is represented b y5 bits. T he use of 5 bits was found empirically to be

the minimu m number of bits to achieve reasonable results and fast co mputation time. Note that if a behaviour is

deleted bythe planner, then its parameters will not be encoded. T hese parameters are aligned together to for ma

chro moso me that represents a possible solution for the problem. T his means that when all the behaviours are

present we have maximu m4 * 2 *5 = 40 bit chromoso me.

Fitness Evaluation

After the chro moso mes initialisatio n the robot starts mo ving to test the proposed solution. T he determination of

the fitness functio n depends on the high level missio n. T he high level missio ns can be regarded as a deviation

minimisation problem. I n the case o f edge-follo wing while avoiding obstacles and goal seeking, the mission can

be viewed as follo ws: minimising the deviatio n fro ma normal desired distance in follo wing the edge, AND

minimising the deviation fro ma normal safe distance in avoiding obstacles, AND mi nimising the deviation fro m

the goal to a normal value of zero with minimum steering deviatio n and a high speed. T he AND functio n is

represented bya mathematical sum. T he deviatio n is measured bythe robot´s physical sensors (sonar in case of

edge follo wing and infrared scanner in case of goal seeking). T his gives the robot the opportunityto adapt to the

sensor imprecision.

T he chro moso me fitness is evaluated b yho w much it reduces the average of the total absolute deviation d

i

( which is calculated as the sum of the individ ual deviatio ns over the existing behavio urs m, in a given mission at each control step), while using minimu msteering deviation and high speed. Where k is a given behavio ur and d

i

is given b y:

d

i

= k deviation value deviated value normal m

k

) (

. max

| . . |

1

-

å

=

(9)

T he normal value will correspond to the value that reflects the mission goals; the deviated value is anyvalue

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

T he solution Fitness is given by:

Fitness = constant + (1-

N

N

i i d å

= 1 ).(1-F).V (10)

Where N is the total number of control steps done until the end o f testing the solution. F is the average

nor malised ( with respect to the maximum steering) steering of the robot over N Control steps. V is the average

speed of the robot over N steps. T his maximises the fitness by minimising the total absolute deviation and the

steering deviatio n and maximising the speed.

Transferring the Learnt Controller fromIndoor Prototype Robots to the

Outdoor Robots

In the previous sectio ns we explained ho wto learn the robotic controller online and through interaction with the

enviro nment using the indoor prototype robots. In this section we discuss the issues arising in transferring the

controller fro mthe prototype to the target.

In our approach, the prototype robots have the same co mp utational po wer as the tar get robots together with the

same physical sensors. We also took great care to ensure that all the algorithm parameters were robot

independent, so that the algorithmcan be moved between different robots with o nlyminimal changes. T here are

clearlybig differences between the indoor and outdoor environments. Unstr uctured and dynamic environments,

such as the agricultural do main, represent a difficult challenge to mobile robot navigation and control techniques.

In this setting the inconsistency o f the terrain, the irregularityo f the product and the open nature of the working

enviro nment generate co mplex problems of sensing and control. To assist smooth transfer of solutions, we did

what we could to make the indoor experiments more realistic. For example, in the prototype we utilised sensors

with more noise and imprecision to gether with materials and geo metr yfound in the target environments (e.g.

objects constructed fro mhay). After transferring the indoor prototype controller to the target (outdoor vehicle),

the target then begins running an online adaptation module that allo ws it to adapt to the differences between the

prototype and target vehicles and enviro nments. T his procedure is useful in learning controllers for the outdoor

robots which might involve dangerous manoeuvres using small and cheap indoor prototype robots in a controlled indoor environment, thus avoiding the risks associated with online learning using heavyand expensive o utdoor

robots. Also our learning techniques learn general controllers that can be applied to different o utdoor robots

performing the same missio n and applying a short adaptation cycle thus saving the need to learn a new controller

for each different o utdoor robot. Perhaps more importantly, this adaptation session is important in the case that

enviro nmental or robot kinematics changes occur and the robot needs to rapidlyadapt to these changed

circumstances.

Although fuzzy logic allo ws a degree of imprecision to exist within the environment, significant

enviro nmental or robot differences will prevent the rule sets fro moperating correctly. One solutio n to this

problemis to provide a new rule set for each of the different environments, although prior kno wled ge of the

different environments wo uld be needed ( which is difficult if not impossible for d ynamic outdoor environments).

An alternative solutio n is to allo w the existing co-ordinated rule set to be adapted to compensate for the

enviro nmental differences. T his latter approach onlyrequires a basic rule set to be present fro mthe prototype

robot controller and does not require prior kno wledge of all possible environments. We start the adaptation fro m

the best learnt HFLC b ythe indoor prototype robots, instead of starting fro ma rando mpoint. If the system was

started with rando mr ule bases, the system could still modify its actio ns but wo uld take approximatelysix times

the time needed when started fro ma good rule base containing so me inappropriate rules for the new

enviro nment. T his figure was found b ypractical experimentatio n.

T he algorithm featured in this wor k discovers the rules (in different behaviours) that, if modified, can lead the

robot to adapt to its enviro nment. Whilst it might seema good idea to change the co-ordinatio n parameters, or

the membership functions of the individual behavio urs, to adjust the robot behaviour when it fails, this is not the

best approach. T his is can readilybe illustrated b yconsidering a case where the rules in the individ ual rule bases

become inappropriate, then clearlychanging the co-ordination parameters will never correct the robot behaviour

(as was proved byexperimentation). Also changing the M F is a difficult task, as it needs to be done to each

individ ual behaviour necessitating the robot to be taken away fro m the field for MF calibration. Ho wever, our

method allo ws the poor rules to be found and corrected for each behavio ur, online and in-situ witho ut the need to

repeat the whole learning cycle, modifying only the actions of a small number of rules that perfor med poorly.

Adaptation of Co-ordinated Behaviours in the Target Robots

I magine a situatio n where a robot is inside a geo metrical structure and it is ver yclose to (or has collided with) an

obstacle. Alter natively, consider when a robot is follo wing a wall and is ver yclose to (or has collided with) an

obstacle. In these cases we will modify all the rule bases whose behavio urs were active. T he robot then uses its short ter mmemor y to return back to its pre-failure positio n, identifying the two most do minant rules ( which can

belong to two different behaviour s). T he robot then replaces the actio ns of these r ules to solve this situatio n. T he

way the robot determines the do minant rules is done b ycalculating the co ntributio n of each r ule to the final

output in a given situation as follo ws: ApplyEquatio n (2) and substitute Y

t fro mEq uation (1). T hen we can write

the crisp output Y

ht as:

å

=

4

1 y y mm

Õ å

Õ å

= =

= =

G

i

Aip

M

p

G

i

Aip

M

p p y

1 1

1 1

a a

(48)

y

y mm

= å

1

4

Where M is the total number of rules, Y

p is the crisp output for each rule , P a

Aip is the product of the

membership functio ns of each rule inputs. G is the number of the input variables, mm

y is firing strength of each

of the four behaviours.

Because we have two outp ut variables, which can be steering and wheel speeds in case o f the outdoor robots,

then we have Y

ht1 and Y

ht2

. T he contributio n of each r ule p in the behaviour yto the total output Y

ht1

, Y

ht2 is

denoted byS

ra11

, S

ra22 where S

ra11,

S

ra22 are given b y:

S

ra11

=

Y

Y

mm mm

ht

G

i

Aip

M

p

G

i

Aip p

y y y

1

1 1

1

1

4

1

.

Õ å

Õ

å

= =

=

= a a

, S

ra22

=

Y

Y

mm mm

ht

G

i

Aip

M

p

G

i

Aip p

y y y

2

1 1

1

2

4

1

.

Õ å

Õ

å

= =

=

= a a

(12)

We then calculate each r ule´s contrib ution to the final action Sa

c 1 b y:

Sa

c1

=

2

22 11 s s

ra ra

+

.

T he most effective rules, are those rules with the greatest values of Sa

c1

. I f there is an improvement in the

distance ( mo ved before collision) produced bythe modified rule base, then the r ules that contrib uted most must

be given increased fitness to boost their actions. If there is no improvement then the r ules that contrib uted most

must be punished b yreducing their fitness w.r.t to other rules and the solutions that had small contrib uting

actions are examined. T he fitness of each r ule is supplied by the Solution Evaluator and is given b y:

Y

ht

=

(11)

S

rat 1

= Constant + (d

new

-d

old

) . S

ac1

. (1-F). V (13)

Where d

new is the distance moved b ythe robot using the modified rule base, d

old is the distance moved b ythe

robot before modifying the r ule base, d

new

-d

old is the distance improvement or degradation caused b ythe adjusted

rule-base produced bythe algorithm. F is the nor malised steering. V is nor malised average speed. T hus S

rat1 is

maximised b yincreasing the speed and distance moved b ythe robot before behaviour failure with minimu m

adjustments to steering. I n the first populatio n of the GA, because there is no distance mo ved yet, we blame the

rules that have contrib uted most to the behaviour failure. T he fitness of each r ule is given by:

S

rat

= Constant - S

ac1

(14)

T he most do minant r ules are deter mined according to Equation (14), the more they contributed to the bad

action, the less will be their fitness. T he actions of these r ules can be modified to solve this situation. After

determination of the rules whose co nsequences need to be replaced, the robot then matches the current rules to

sets of r ules stored in the Experience Bank . If, for example; rules 1,2 fro mthe obstacle-avoidance rule base, rule

3 of the left ed ge-follo wing behavio ur and rule 4 of the right edge follo wing need to be replaced, AND the first

rule cluster in the Bank contains the conseq uences of rules 1 of obstacle avoidance; r ule 3 of left ed ge follo wing

and rule 6,7 of right edge following, then the consequences of r ules 1 for obstacle avoidance and 3 for left edge

follo wing will be changed and rule 2 for obstacle avoidance and 4 for right edge follo wing will remain the same.

T hen the robot begins mo ving with this modified rule-base. If it survives and gets out o f this situatio n with no

behaviour failures, then these rules are kept in the rule-base of the co ntroller. In this waywe have saved the

process of learning a solution to this problemfro mthe beginning b yusing the memorised experience that had

worked in different environmental conditions. If the robot fails again, it measures the distance it had mo ved to

determine the fitness o f the solutio n proposed bythis memory . After all the memor y clusters have been

examined and the robot still fails to produce a desired response. T he best solution proposed by Experience Bank,

according to its fitness, is kept in the rule-base o f the controller in order to serve as a starting position of the

Adaptive Genetic Algorithms ( AGA) search instead of starting fro ma rando mpoint. T his memor yeffect will

serve to speed up the search.

However, a problemoccurs as the systembegins accumulating experience that exceeds the physical memor y

limits. T his implies that we must delete so me of the stored infor mation. T o deal with this, for ever y rule cluster

we attach a difficulty counter to count the number of iteratio ns taken b ythe robot to find a solution to a given

situation, we also attach a frequency counter to count ho wfrequently this rule have been retrieved. T he degree of importance of each rule cluster is calculated b ythe Experience Survival Valuer based on the product of the

frequency counter and the difficulty counter . T his attempts to keep the rules that required a lot of effort to learn

(due to the difficultyo f the situation) and also the rules that are used frequently. When there is no more roomin

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

rule clusters share the same imp ortance degree, tie-breaking is resolved b ya least-recently-used strategy. T he

rule that has not been used for the longest period of time is replaced. T hus an age parameter is also needed for

each rule cluster. T he value of the age parameter increases over time, but is initialised whenever the associated

cluster is accessed. T he limit for the memor yclusters is set to 2000 rule clusters, so if we exceed this limit the

Experience Survival Valuer begins using the degree of importance and the age operator to optimise the memor y.

T he AGA is using Srinivas method [22] explained above . If, for example, r ule number 5 of the obstacle

avoidance and rule 7 of the left wall follo wing are chosen for reproduction b yroulette wheel selectio n due their

high fitness. T his implies they have either contributed more with their actions to the final action that caused

improvement, or contributed less with their actio ns to final actio n that caused degradation. T hen we apply

adaptive crossover and mutatio n operators to both chromosomes. T he resultant offspring will be used to replace

the conseq uent of rules 1 and 2 for obstacle avoidance that were largely blamed for the behaviour failure. T he

AGA is constrained to produce offspring according to the Contextual Constraints supplied b ythe input sensors

in accordance with Section (5.1.2). T he robot ends the adaptation when the robot achieves the desired response.

Experimental Results

T his section describes the experiments and results. Figure (6-a) sho ws the indoor prototype robot learning the

rule base of the goal seeking behaviour, using an imprecise infrared beacon systemto emulate a goal. T he robot

learnt the r ule-base in an average of 96 seconds over 5 trials starting fro mdifferent positions with different

initialised rule bases (the average error over more experiments was found to converge after 5 trials).

Figure (6-b) sho ws the indoor prototype robot learning to follo wan irregular edge offering poor ultrasound

reflections and hence introducing imprecision and noise into the system. As before, the prototype robot

succeeded in learning to follow this irregular edge in an average time of 96 seconds (over 5 trials with different

starting points and rule-bases). T he robot was tested on a variety of different edges (including hay bales) as the

edge sho wn in Figure (6-c), emulating crop harvesting in outdoor environments b yfollo wing an irregular edge of

decreasing radius. T he robot followed these different edges with an average deviatio n of 5.2 cmand a standard

deviation of 2.8.

(a) ( b) (c) (d)

Figure (6): Indoor robot learning goal seeking behaviour. b) Learning left wall follo wing behaviour.

c) Emulating the harvesting. d) Follo wing fences of bales.

After lear ning the rule bases o f different behaviors. T he prototype robot then learnt the MF for the different

behaviors to for man optimum behaviour for a local solution ( which will later coordinated to produce a solution

for the whole missio n). Figure (7-a) sho ws the prototype robot learning the MF for right edge follo wing. T he

robot learnt the MF in 8 minutes over 5 iterations,. After learning the MF the robot was tested on edges different

fro mthose used for training resulting in an average deviation of 1.2 cmwith a standard deviation of 0.8. Figure

(7-b) sho ws the robot after learning the M F for goal seeking which took an average time of 5 minutes with an

average deviation of 1.1 cmand standard deviation of 0.9. Note that the robot response in ter ms o f the average

and standard deviation improves which reflects that the robots had learnt a sub optimal behavio ur after learning

the best MF that suits the previo usly learnt rule base.

Figure (7-c) sho ws the robot after learning to coordinate the left, right ed ge follo wing behaviours, obstacle

avoidance and goal seeking behaviours to follo w a corridor. T he robot learnt this mission in average time of 12

minutes. T he robot was then tested in different geo metrical structures producing an average deviation o f 1 cm

and a standard deviation o f 0.7. Note that the average and standard deviation improve as the robot learns a semi-

optimal behaviour. Our techniq ues gave behavio urs that produce better average and standard deviation than their

manual counterparts b ythe ratio of 4:1.

After developing a robotic controller on the prototype robot (indoors), the same controller is then transferred

to the target (outdoor) vehicles which then adapted the controller to its specific need s (using the same algorithm

as in the prototype). T hus the method is robot independent and can be ported between different robots with

minimum changes.

The robot´s

target

The robot

The robot

path before

learning

The robot´s

path after

learning

The starting

point

The robot´s

path after

learning

Robot path after

reducing the fence

size.

Robot path before

reducing the fence

size.

Bales of

Hay

The starting

point

(a) (b) (c) (d)

Figure (7): Path after learning right ed ge follo wing M F. b) Path after learning the goal seeking M F. c) After

learning behaviour co-ordination follo wing a corridor. d) After learning behaviour co-ordination in a more

complicated environment.

(a) ( b) (c) (d)

Figure (8): a) Electrical outdoor robot path follo wing an irregular edge before and after adaptation in outdoor

enviro nment. b) Electrical outdoor robot path before adaptation in an outdoor corridor. c) Electrical outdoor

robot path after adaptation in an outdoor corridor. d) Electrical outdoor robot after adaptation navigating in a

complex corridor.

Figure (8-a) sho ws the outdoor electrical robot modifying its controller to suit the outdoor environment and

the robot kinematics. T he robot learns the necessar yr ules in 79 seconds follo wing an irregular metallic fence in

outdoor environment with an average deviatio n of 3 cmand a standard deviation of 1. Figure (8-b) sho ws the

robot before adapting to the outdoor environments follo wing the center line of an outdoor metallic corridor

displaying lar ge deviatio ns of 30 cmwith a standard deviation of 9. Figure (8-c) sho ws the robot after adaptation

follo wing a center line with an average deviation o f 2.1 cmand a standard deviation o f 0.8 under different

enviro nmental co nditions such as rain, wind, sunshine and starting fro mdifferent positions. Figure (8-d) sho ws

the outdoor electrical robot coordinating all its behaviours which are the left/right edge-fo llo wing and the

The Robot

Path before

adaptation

The Robot

Path after

adaptation obstacle avoidance behaviour (learnt in [21]) to follo wthe center line of the corridor while avoiding closely

spaced objects.

Figure (9-a) sho ws the electrical outdoor robot after adaptation follo wing an irregular crop edge in outdoor

changing and d ynamic environment with an average deviation of 3 cmand a standard deviation o f 1. Figure (9-

b) sho ws the same robot after adaptation avoiding obstacles while follo wing an irregular crop edge.

Figure (9-c) sho ws the diesel po wered robot with different sensors ( mechanical wands to sense the distance

fro mthe crop) and different physical and geo metrical appearance. T he robot applied the same algorithmand

used the indoor controller, adapting to its o wn needs and follo wing an irregular hay crop (full of gaps) with an

average deviation of 2.4 cmand a standard deviation of 1.

(a) (b) (c)

Figure (9): a) Electrical outdoor robot path after adaptation follo wing an irregular crop edge. b) Electrical

outdoor robot after adaptation follo wing an irregular crop edge whilst avoiding obstacles. c) Diesel outdoor robot

follo wing an irregular crop edge after adaptation.

An extreme circumstanced environment that was tried is a d ynamic environment with other mo ving robots and

in an outdoor unstr uctured environment. T he robot had done well in these environments keeping itself safe and

performing the specified jobs.

Conclusions and Future Work

In this paper we have presented a no vel techniq ue for p rototyping robot design. T he prototyping technique is

based on developing and testing the outdoor robots on cheap indoor prototype robots. T he indoor robot

controllers are learnt online and thro ugh interaction with an environment that resembles the outdoor environment

(e.g. including irregular shaped objects and noisyand imprecise sensors). T he principal advantages in doing this

is that it avoids the problems associated with so ftware simulation and it learns controllers for the o utdoor robots which might involve dangerous manoeuvres (like helicopters and under water vehicles) using small and cheap

indoor prototype robots in a controlled indoor environment, thus avoiding the risks associated with online

learning using heavyand expensive outdoor robots. Also our learning techniq ues learn general controllers that

can be applied to different outdoor robots performing the same missio n and applying a short adaptation cycle

thus saving the need to learn a new controller for each different outdoor robot.

T he indoor prototype robots used a novel patented Fuzzy-Genetic system for online lear ning, which uses a

hierarchical lear ning procedure that learns the general fuzzyr ule bases of the individ ual behaviours and then

learns the best MF that suits these general rule bases thus forming sub -optimal behavio urs. T he robot then learns

the best co-ordinatio n between the behaviours to have a good response. Using our hierarchical learning

procedure has the follo wing advantages: t he system proceeds bylearning general behaviours, which can then be

combined in different ways to achieve different goals, also we have a simp lified design procedure as a complex

problemis deco mposed into a set simpler ones. T hese results in a fast o nline auto no mous learning system for

real-world based physical robots which is, as far as we can deter mine, a unique achievement [23, 24]. Also the

fuzzy controller is based on a hierarchical fuzzy controller, which have the follo wing advantages:

· It simplifies the design of the robotic controller and reduces the number of rules to be determined.

· It uses the benefits of fuzzy logic to deal with imprecisio n and uncertainty.

· It uses fuzzylo gic for the co -ordination which provides a smooth transition between behaviours with a

consequent smooth outp ut response.

· It offers a flexible structure where new behaviours can be added or modified easily.

Also the learning systemis based on a double hierarchical fuzzy-genetic system which has the follo wing

advantages:

· T he hierarchypreserves the systemexperience, and speeds up the genetic search as the GA is started

fro mthe best kno wn point in the search space.

· It rapidlyproduces good (but sub-optimal) solutions for the individual behaviour s and the co -ordination

parameter s faster than any other reported method utilising real robots see [18], [25] for comparisons

with other methods.

Our architecture has been designed as a generic solutio n and not specific to any particular type o f robot. After

developing a good controller in the indoor robot, it was then mo ved to the outdoor vehicles that r uns a fast

adaptation procedure to adapt the indoor controller to the outdoor kinematics and environment. B ydoing this we

had saved repeating the lear ning cycle fro mthe beginning b ytesting the co ntroller in the indoor robots and then quickly adapting it to suit the robot requirements. Our techniques have been tested in learning and adapting

controllers for two different outdoor vehicles, one is diesel po wered and the other is electricallypo wered. Our

systemapplies a continuos lear ning systemin which the robot learns and gains experience through its life

through interaction with the real environment. Also we have satisfied the definition of intelligent systemstated

in [15]

Advancing the state of knowledge in the field of online lear ning has potential benefits for a wide set of

embedded control systems such as vehicles, factor ymachiner y, teleco mmunication medical instr umentation and

emerging areas such as intelligent-buildings and flying robots. It is also particularlyappropriate to situations

where modelling or reprogramming are difficult or costly(e.g. inaccessible environments such as under water,

outer space or environments where one robot is required to accomplish a varietyof tasks). In such environments

it is necessar yto perfor mrapid online learning through interactio n with the real physical world. Such approach

both saves mo neyand increases reliabilityb yallo wing the robot to automaticallyadapt without further

programming to the changing user and enviro nment needs it will experience througho ut its lifetime.

References

[1] L. Steels, "When are Robots Intelligent Autono mous Agents", Journal of Robotics and Autono mous Systems,

Vol. 15, pp.3-9, 1995.

[2] M. Dorigo, M. Colombetti, "Robot Shaping: Developing Auto no mo us agents thro ugh learning", Artificial

Intelligence Journal, Vol.71, pp. 321-370, 1995.

[3] R. Brooks, "Artificial Life and Real Robots", MIT press 1992.

[4] O. Miglino, H. Lund, S. Nolfi, "Evolving Mobile Robots in Simulated and Real Environments", T echnical

report NSAL-95007, Reparto di sistemi Neurali e vita Artificale, Instituto di Psicologia, Consiglio Nazionale

delle Ricerche, Ro ma, 1995.

[5] A. Saffiotti, "FuzzyLogic in Autono mous Robotics: Behaviour Co -ordination", Proceedings of the 6 th IEEE

Internatio nal Co nference on FuzzySystems, Vol.1, pp. 573-578, Barcelona, Spain, 1997.

[6] R. Filho, "Genetic Algorithms Programming environments", IEEE transactions on Co mp uters, pp. 28-43,

June 1994.

[7] T . Fukuda, N. Kubota , "An Intelligent Robotic system based on Fuzzyapproach", Proceedings of the IEEE,

Vol. 87, No. 9, pp.1448-1470, September 1999.

[8] G. T an, X. Hu, "More on Designing Fuzzy Controllers Using Genetic Algorithm: Guided Constrained

optimisatio n", Proceedings of the 6 th IEEE International Conference on Fuzzy systems, Barcelona, Spain, pp.

497-502, 1997.

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

Application", IEE proceedings Control theor yapplicatio ns, Vol.142, pp.177-185, 1995.

[10] D. Leitch, "A NewGenetic Algorithmfor the E volutio n of FuzzySystem", Ph.D. thesis, Univer sityo f

Oxford 1995.

[11] C. Lee, ^Fuzzylogic in control systems: Fuzzylogic controller, Part I^, IEEE transactions o n Systems,

Man, Cyber netics, Vol.20, pp. 404-432, March 1990.

[12] A. Bonarini, F. Basso, ^Learning Behavio urs imp lemented as Fuzzylogic and Reinforcement Learning~,

Second Online Workshop on Evolutio nar yCo mputation, 1996.

[13] F. Hoffmann, "Incremental T uning o f FuzzyControllers b ymeans of E volutio n Strategy~, Proceedings o f

the GP-98 Conference, pp. 550-556, Madison, Wisconsin, 1998.

[14] M. Dorigo, "Genetics-based Machine Lear ning and Behavio ur Based Robotics: A new synthesis", IEEE

transactio ns on Systems, Man, Cybernetics, pp. 141-154, 1993.

[15] N. Kasabov, ^Introduction: Hybrid intelligent adaptive systems. I nternatio nal Journal of I ntelligent

Systems~ Vol.6, pp.453-454, 1998.

[16 ] R. Arkin " Behaviour -based Robotics", MIT Press, 1998.

[17] E. T unstel, T . Lippincott, M. Jamshidi, "Behaviour Hierarchyfor Autono mous Mobile Robots: Fuzzy

Behaviour Modulation and Evolutio n", International Journal o f Intelligent Auto mation and so ft co mp uting,

Vol.3, No.1, pp. 37-49, 1997.

[18] H.Hagras, V. Callaghan, M. Colley, M. Carr-West, ^A Behaviour based Hierarchical Fuzzy Co ntrol

Architecture for Agricultural auto no mous Mobile Robots~, Proceedings of the I nternatio nal Co nference on

Co mputational I ntelligence For Modelling, Co ntrol and Automatio n, pp. 166-171, Vienna- Austria, Februar y

1999.

[19] E. Ruspini, "T ruth as Utility a Co nceptual Synthesis", In Proceedings of the 7th Conference on uncertainty

in Artificial Intelligence, pp. 458-464, Los Angeles, CA 1991.

[20] A. Bonarini, "Comparing Reinforcement Learning Algorithms Applied to Crisp and Fuzzy Learning

Classifier systems", Proceedings of the Genetic and Evolutionar yCo mputation Conference, pp. 52-60, Orlando,

Florida, July, 1999.

[21] H.Hagras, ^ An E volutio nar yCo mputing Based T echnique for E mbedded-Agent System Design for Mobile

Robots~, PhD thesis, University of E ssex, March 2000.

[22] M. Srinivas, L. Patnaik, ^Adaptatio n in Genetic Algorith ms~, Genetic Algorithms for pattern recognition,

Eds, S.Pal, P.Wang, CRC press, pp. 45-64, 1996.

[23] H. Hagras, V. Callaghan, M. Colley, ^On Line Calibration o f the sensors Fuzzy Membership Functions in

Autono mous Mobile Robots~ to appear in the Proceedings o f the 2000 IEEE International Conference on

Robotics and Auto mation, San Francisco -USA, April 2000.

[24] H. Hagras, V. Callaghan, M. Colley, ^Lear ning FuzzyBehavio ur Co-ordination for Autono mo us Multi-

Agents Online using Genetic Algorithms & Real-T ime Interaction with the Environment ~ to be appear in the

Proceedings o f the 2000 IEEE International Conference on FuzzySystems, San Anto nio-USA, May2000.

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

Control in Agricultural Auto no mous Vehicles~, Proceedings o f the 1999 IEEE International Conference on

Robotics and Auto mation, pp. 1005-1010, Detroit- U.S.A, May1999.