A new longer versio n for AI Magazine, Spring 1998.

02/08/98 1

Tow ards Integrated Soccer Robots

Wei-Min Shen, Jafar Adibi, Rogelio Adobbati, Bonghan Cho,

Ali Erdem, Hadi Moradi, Behnam Salemi, Sheila T ejada

Infor mation Sciences I nstitute and Co mp uter Science Department

University of So uther n California

4676 Admiralty Way, Marina del Rey, CA 90292 email: shen@isi.ed u

Abstract

Robot soccer competition provides an excellent opportunityfor integrated robotics research. In particular, robot

players in a soccer game must recognize and track objects in real-time, navigate in a dynamic field, collaborate with

teammates, and strike the ball in the correct direction. All these tasks demand robots that are autonomous (sensing,

thinking, and acting as independent creatures), efficient (functioning under time and resource constraints),

cooperative (collaborating with each other to accomplish tasks that are beyond individual´s capabilities), and

intelligent (reasoning and planing actions and perhaps learning fromexperience). Furthermore, all these capabilities

must be integrated into a single and complete system, and this raises a set of challenges that are new to individual

research disciplines. This paper describes our experience (problems and solutions) in these aspects. Our robots

share the same general architecture and basic hardware, but theyhave integrated abilities to playdifferent roles

(goalkeeper, defender or forward) and utilize different strategies in their behavior. Our philosophyin building these

robots is to use the least sophistication to make themas robust and integrated as possible. In RoboCup97, these

integrated robots performed well and our Dreamteam won the world championship in the middle-sized robot

league.

1. Introduction

T he RoboCup task is for a team of fast-mo ving robots to cooperativelyplaysoccer in a d ynamic environment [5,7].

Since individ ual skills and teamwor k are fundamental factors in the perfor mance of a soccer team, Robocup is an

excellent test-bed for integrated robots. Each soccer robot must have the basic soccer skills˙ dribbling, shooting,

passing, and recovering the ball fro man opponent, and must use these skills to make co mplex plays according to the

teamstrategyand the current situation on the field. For example, depending on the role it is playing, an agent must

evaluate its positio n with respect to its teammates and opponents, and then decide whether to wait for a pass, run for the

ball, cover an opponent´s attack, or go to help a teammate.

Figure 1 : Integrated Soccer Robots

T o build agents with soccer-playing capabilities, we must design an architecture to integrate hard ware and so ftware and balance between the system´s perfor mance, flexibilityand resource consump tion. Within this architecture, we must have (1) a fast and reliable visio n co mponent to detect various static and d ynamic objects and to adapt to different lighting conditions and color schema ., (2) an effective and accurate motor systemto deal with uncertainties in mo tor control, and (3) a set of software strategy for robots to playdifferent roles to increase the flexibilityof the team. Since solutio ns to these tasks require integration of several distinct research fields, such as robotics, AI, visio n, etc., we have

A new longer versio n for AI Magazine, Spring 1998.

to address some o f the integration problems that have not been attacked before. For example, since our robots perceive

and process all visual images on-board, the noise ratio in the perception is higher than those that use static global visio n

systems. T his demands so me extra cautions in the wayho w the pictures are taken. Further more, since the environment

is highlyd ynamic, uncertainties associated with the motor system will var ywith different actions and with the changes

of po wer supply. T his posts additional challenges on real-time reasoning about action in compariso n with systems that

are not integrated as co mplete and independent physical entities.

In the follo wing sections o f this paper, we will address the above tasks and problems in detail. T he discussion will be

organized as descriptions o f co mponent in o ur systems, with highlights on keyissues and challenges. T he related work

will be discussed at the end.

2. The System Architecture

Our design philosophyfor the system architecture is that we view each robot as a complete and active physical system

that can intelligently maneuver and perfor mchallenging tasks in a realistic environment. In order to survive the rapidly

changing environment in a soccer game , each robot must be physically strong, co mp utationallyfast, and behaviorally

accurate. Considerable importance is given to individual robot´s abilityto perfor mon its own witho ut any off-board

resources such as global, birds-eye view cameras or remote co mputing processors. Each robot´s behavior must base on

its o wn sensor data, decision-making software, and eventually co mmunicatio n with teammates.

T he hard ware configuration of o ur robot is as follo ws (see examples in Figure 1). T he basis of each robot is a 30x50cm,

4-wheel, 2x4 drive, DC model car. T he wheels on each side can be controlled independently to make the car spin fast

and maneuver easily. T he two mo tors are controlled bythe on-board comp uter through two serial ports. T he hard ware

interface between the serial ports and the motor control circuits on the vehicle are designed and built b y ourselves. T he

robot can be controlled to move for ward and backward, and tur n left and right. T he ^eye~ of the robot is a commercial

digital color camera called QuickCam made b y Connectix Corp .. T he images fro mthis camera are sent into the on-

board computer through a parallel port. T he on-board comp uter is an all-in-one 133MHz 586 CPU board extensible to

connect various I/O devices. T here are two batteries on board, one for the motor and the other for the co mp uter and

camera.

Vi sion

Modul e

Drive

Contr oll er

Dec isionEngine

Int er nal

Model

Mana ger

Strat egy

Planner

Figure 2 : The SystemArchitecture

T he software architecture of our robot is illustrated in Figure 2. T he three main software compo nents of a robot agent

are the vision mod ule, the decisio n engine, and the drive controller. T he task of the vision mod ule is to drive the camera

to take pictures, and to extract infor matio n fro mthe current picture. Such infor matio n contains an object´s type,

direction, and distance. T his infor mation is then processed bythe decisio n engine, which is co mposed of two

processing units - the inter nal model manager and the strategy planner. T he model manager takes the vision module´s

output and maintains an inter nal representatio n of the key objects in the soccer field. T he strategyplanner co mbines the

internal model with its o wn strategykno wled ge, and decides the robot´s next action. Once the action has been decided,

a command is sent to the drive co ntroller that is in charge of properlyexecuting. Notice that in this architecture, the

functio nality is designed in a mod ular way so that we can easilyadd new software or hard ware to extend the system’s

working capabilities.

We use Linux as the o n-board operating system and built a special ker nel with 4MB file system, all co mpressed on a

single 1.4MB floppydisk for easydo wn-loading. T he entire software system( for vision, decision, and motor drive)

consists of about 6,500 lines of C and C++ code.

A new longer versio n for AI Magazine, Spring 1998.

One challenge we faced during the design of architecture was to drawa proper line between hard ware and so ftware.

For example, to control the two motors, we had a choice between using one serial port (a commercial laptop) or two

serial ports (a complete all-in-o ne CPU board), we chose the later because we decide to solve the interface issue

completelyin hard ware. (T he for mer requires a co mplex so ftware protocol and hard ware inter face). In retrospect, it

seems that o ur decision on this issue and other issues in architecture was mainlydriven b ytwo factors: feasibilityand

robustness.

3. The Vision M odule

Just as eyesight is essential to a human player, a soccer robot depends almost entirelyo n its visual input to perfor mits

tasks, such as deter mining the direction and distance of objects in the visual field. T hese objects include the ball, the

goals, other players, and the lines in the field (sidelines, end of field, and penaltyarea). All this infor mation is

extracted fro man image of 658x496 RGB pixels, received fro mthe o n-board camera via a set o f basic routines fro ma

free package called CQCAM, provided byPatrick Reynolds fro mthe Universityo f Virginia.

Since the on-board computing resources for an integrated robot are verylimited, it is a challenge to design and

implement a vision system that is fast and reliable. In order to make the recognition procedure fast, we have developed

a sample-based, active method that can quickly focus attentio n on certain objects . Depending on the object that needs to

be identified, this method will auto maticallyselect certain number of ro ws or columns in an area of the frame where the

object is most likelyto be located. For example, to search for a ball in a frame, this method will selectively search o nly

a few horizontal ro ws in the lower part of the frame. If so me of these ro ws contain segments that are red, then the

programwill report the existence of the ball (recall that the ball is painted red). Notice that domain kno wledge about

soccer is useful here to deter mine where and ho wthe sample pixels should be searched. For example, since the ball is

often on the floor, onlythe lower part of the image needs to be searched when we are looking for the ball. Similarly,

when the robot is looking for a goal, it will selectivelysearch columns across the image and the search sho uld fro mthe

floor up. Using this method, the speed to reliablydetect and identify objects, including take the pictures, is greatly

improved; we have reached frame rates of up to 6 images per second.

T o further increase the speed of perception, the above vision routine is used to facilitate the focus of attention on

important objects. T hus, instead of searching for all objects all the time, the system will first look for the ball.

Depending on the results, the vision will selectivelylook for other objects. For example, if the ball is not found, then no

other objects need to be searched. If the ball is fo und, then next important object should be goals. T his way, vision is

highly active and selective.

T o increase the reliability of object recognition, the above method is co mbined with two additional processes. One is

the conversion o f RGB to HSV, and the other is ^neighborhood checking~ to determine the color of pixels. T he reason

we convert RGB to HSV is that HSV is much more stable than RGB when light conditions are slightly changed.

Neighborhood checking is an effective way to deal with noisy pixels when deter mining colors. T he basic idea is that

pixels are not examined individuallyfor their colors, but rather grouped together into segment windo ws and using a

majority-vote scheme to determine the color of a windo w. For example, if the windo wsize for red is 5 and the voting

threshold is 3/5, then a line segment o f ^ rr grr~ ( where r is red and g is not red) will still be judged as red.

Object´s direction and distance are calculated based on their relative position and size in the image. T his is possible

because the size of ball, goal, wall, and other s are kno wn to the robot at the outset. For example, if one image contains

a blue rectangle of size 40x10 pixels ( for width and height) centered at x=100 and y=90 in the image, then we can

conclude that the blue goal is currently at 10 degree left and 70 inches away.

T o make this visio n approach more easilyadjustable when environment is changed, we have kept the parameter s for all

objects in a table, in a separate file. T his table contains the values of camera parameters such as brightness and contrast,

as well as windo wsize, voting threshold, average HSV values, and search fashion (direction, steps, and area). When the

enviro nment or the visio n task is changed, onlythis file needs to be changed and the vision programwill functio n

properly.

Given the speed of current processing rate of object recognition, it is no w possible to track the mo ving direction of the

ball and other players. T o do so, a robot will take two co nsecutive pictures, and co mpare the locations o f the ball in

these two pictures. If the direction of the ball moves to left (right), then the robot concludes that the real ball is mo ving

to wards left (right). In fact, this is ho w our goalkeeper predicts the mo vement o f an inco ming ball.

A new longer versio n for AI Magazine, Spring 1998.

Vision modules such as the one described here also face problems that are unique for integrated robots. For example,

images will have much higher noise-ratio if the robot is not careful about when and ho wthe pictures are taken. It took

us quite a long time to realize this problem. At fir st, we were ver ypuzzled bythe fact that altho ugh the vision system is

tested well statically, our robot would so metimes behave very strangelyas if it is blind. After many trials and errors, we

noticed that pictures that are taken while the robot is fast moving have ver ylo w quality. Such pictures are not useful at

all in decisio n-making. Since then, special care has been given to the entire so ftware system and pictures are taken only

when the robot is not mo ving.

4. Drive Controller

As specified in the system architecture, the drive controller takes co mmands fro mthe decision engine, and sends the

control signals to the two motors in parallel via two serial ports and a special-purpose hardware inter face board. T he

interface provides a bridge between the two systems (the comp uter and the robot body) that have different po wer

supplies.

Since the two motors (one for each side of the robot) can be controlled separately, the robot can respond to a large set

of flexible co mmands. T he basic ones include tur ning left and right, moving for ward and backward. Others include

making a big circle in the forward -left, for ward-right, back-left and back-right direction. T his is done b ygiving

different amo unts of drive force to the different sides. In the co mpetitio n, ho wever, we only used the basic actions for

reliabilityreasons.

One challenge for building this simple drive controller is how to make the measured movements, such as mo ving

for ward 10 inches or turning left 35 degree. We solve this problemfirst b yb uilding a so ftware mapping fro mthe

measurements of mo vement to the time duration o f the motor running. For example, a co mmand turning left for 30

degree would be translated b ythis mapping to for warding the right-mo tor and backwarding the left-motor for 300ms.

T his solutio n wor ks well when all co mponents in the system, especially the batteries, are in perfect conditio n and floor

material is good for wheel movement. But the accuracyof this open-loop control ^deteriorates~ when the po wer

decreases or as the environment changes. Once this happens, the whole robot will behave strangely because the motor

mo vements are no longer agreeing with the control signals.

T o solve this problem, we have made all motor controls closed-loop in the entire system. Instead of saying ^tur ning 75

degree,~ we also specifythe ter mination criteria for such a turn co mmand. For example, if the purpose of this turning is

to find a goal, then the program will repeat issue smaller tur nings until the goal is fo und. With the closed-loop control

commands, the reliabilityo f motor control has increased considerablyand beco me more robust with respect to po wer

fluctuation.

T his closed-loop motor control also results in one of our secret weapons for well-behaved dribbling actions. Different

fro mother team´s dribbling action which ma y quicklylo se the ball, our robot uses closed-loop control and

continuouslyadjusts its moving direction according to the current direction of the ball. T his approach worked ver ywell

in the co mpetition, and contributed a great deal to the success of our team.

5. The Decision Engine

Based on the existing theories of autono mo us agents (for examp le [9]), integrated robots are best to be model-driven.

T his principle has guided our design and implementation of the brain of o ur robots, namelythe Decision E ngine.

Co mpared to other model-less and pure-reactive approaches, our approach could in principle demonstrate more

intelligent behaviors without sacrificing the abilityto quickly react to different situatio ns.

As one can see in Figure 2, the Decisio n Engine receives input fro mthe visio n module and sends mo ve co mmand s to

the drive controller. T he decision engine bases its decisio ns on a co mbinatio n of the received sensor input, the agent´s

internal model of its environment, and kno wledge about the agent´s strategies and goals. T he agent´s internal model

and strategies are influenced by the role the agent plays on the soccer field. T here are three types of agent roles or

playing positions: goalkeeper, defender, and for ward. T he teamstrategyis distrib uted into the role strategies o f each

individ ual agent. Depending on the role type, an agent can be more concerned about a particular area or object on the

soccer field. For example, a goalkeeper is more concerned about its o wn goal, while a for ward is mor e interested in the

opponent´s goal. T hese differences are encoded into the two mod ules that deal with the inter nal model and the agent´s

strategies.

A new longer versio n for AI Magazine, Spring 1998.

T he decision engine consists of two sub-mo dules: the inter nal model manager and the strategy planner. T hese sub-

mod ules co mmunicate with each other to select the best decision for the agent´s next action. T he model manager

converts the visio n module´s output into a ^map~ of the agent´s current environment, as well as generating a set of

object mo vement predictions. It calculates the salient features in the field and then co mmunicates them to the strategy

planner. T o calculate the best action, the strategyplanner uses both the infor mation fro mthe model manager and the

strategy kno wledge that it has about the agent´s role on the field. It then sends this infor mation to the drive controller

and back to the model manager, so that the internal model can be properlyupdated.

5.1. Model Manager

For robots to kno wabout their environment and themselves, the model manager uses the infor mation detected b ythe

visio n module to construct or update an inter nal model. T his model contains a map of the soccer field and location

vectors for nearb yobjects.

A location vector consists o f four basic elements ; distance and direction to the object and the changes in distance and

direction of the object. T he changes in distance and direction are used to predict a dynamic object´s mo vement; these

are irrelevant for objects that are static. Depending on the role a robot is playing, the model manager activelycalls the

visio n module to get the informatio n that is important to the robot and updates the internal model. For example, if the

robot is playing goalkeeper, then it needs to kno w constantly about the ball, the goal, and its current location relative to

the goal.

An internal model is necessary for several reaso ns. Fir st, since a robot can see onlythe objects within its current visual

frame, a model is needed to keep infor mation that is perceived previously. For examp le, a for ward robot may not able

to see the goal all the time. But when it sees the ball, it must decide quicklywh ich direction to kick. T he infor matio n in

the model can facilitate such decision readily. Second, the inter nal model adds robustness for a robot. If the camera

fails for a few cycles (e.g. due to a hit or being blocked, etc.), the robot can still operate using its inter nal model of the

enviro nment. T hird, the model is necessar y for predicting the environment. For example, a robot needs to predict the

mo vement of the ball in order to intercept it. T his prediction can be computed b yco mparing the ball´s current direction

with its previous one. Fourth, the internal model can be used to provide feedback to the strategy planner to enhance and

correct its actions. For example, in order to performa turn-to-find -the-ball using the closed -loop control discussed

above , the inter nal model provides the deter mination criteria to be checked with the current visual infor matio n.

5.2. StrategyPlanner

In order to playa successfully soccer game, each robot must react appropriatelyto different situations in the field. T his

is acco mplished b ythe strategy planner that resides in the decisio n engine on each robot. Internally, a situation is

represented as a vector of visual clues such as the relative direction and distance to the ball, goals, and other players. A

strategy is then a set of mappings fro msituatio ns to actions. For example, if a for ward player is facing the opponent´s

goal and sees the ball, then there is a mapping to tell it to perfor mthe kick action.

For our robots, there are five basic actio ns: for ward, backward, stop, turn-left and turn-right. T hese actions can be

composed to for mmacro actions such as kick, line-up, intercept, ho ming, and detour. For example, a detour action is

basicallya seq uence o f actions to turn away fro m the ball, move for ward to pass the ball, turn back to find the ball

again, and then for ward to push the ball. T hese co mpound actio ns represent a for mof simple planning, and that

contributes manyo f the intelligent behaviors demonstrated byo ur robots. Indeed, during the co mpetition, the audience

cheered when they saw one o f our robots made a detour in order to protect our goal.

5.3. Role Specifications

T here are five roles that a robot can playfor its team: left-forward, right-for ward, left-defender, right- defender, and

goalkeeper. Each role is actually implemented as a set of mappings fro msituations to actions, as described above. Each

role has its o wn territor yand ho me position. For example, the left-for ward has the territor yof the left-for ward quarter

of the field, and its ho me positio n is near the center line and roughly1.5 meter fro mthe left board line. Similarly, the

left-defender is in charge o f the left-back quarter of the field and its ho me positio n is at the left front o f the base goal.

T he mappings for these roles are brieflydefined as follo ws.

A new longer versio n for AI Magazine, Spring 1998.

For the goalkeeper, the two most important objects in the field are the ball and its o wn goal. Its ho me positio n is in

front of the goal, and its strategy is to keep itself in line of the ball and the goal. Since most of its actio ns are parallel to

the base line, the goalkeeper´s camera is mounted on the side (for other robots, the camera is mo unted on the front), so

that it can mo ve sideways while keeping an eye on the ball. As we mentioned before, the goalkeeper also predicts the

mo vement of an inco ming ball in order to fulfill its strategy in time. T here are four co mpound actio ns for the

goalkeeper. T wo actions, mo ve to the left or right side, are used to prevent the ball fro mentering the goal. T he third

action is to search for the ball, and the fourth one is to position itself in the best location. T his last actio n is most

difficult to implement because the goalkeeper must simultaneouslytrack three types of infor mation: the ball, and its

o wn horizontal and vertical offsets with respect to the goal.

T he strategyfor the for ward role is relatively simple. Its task is to push the ball to ward the opponent´s goal whenever

possible. A for ward must look for the ball, decide which direction to kick when the ball is fo und, and performthe kick

or detour action appropriately. T his strategyproved to be fast and effective in the co mpetitio n.

T he defender´s strategy is very similar to that of the for ward, except that the distance to the opponent goal is

substantiallylar ger co mpared to the position of the for ward. Similar to the goalkeeper, it also tries to position itself

between the ball and its o wn goal. T he mo st difficult action for a defender is to reliablycome back to its position after

it chases the ball away.

6. Collaboration and Learning

As we can see fro mthe role specifications, there is no explicit collaboration built in the role strategies. Rather, we

believe that if ever yrobot plays its role perfectly, then collaboration will naturally emer ge. Indeed, during the

competition, we saw t wo of our for wards helped each other to score a goal: one robot rescued the ball fro mtwo

opponents, and the other robot sawthe ball right in fro nt of the goal, and pushed it in. In the future, we will improve

our role specification to include passing and assisting ball dribbling, preferablywithout any explicit communicatio ns.

Learning is an important issue yet to be addressed, although our model-based approach provides the basic elements for

its implementatio n. One particular area where learning is especiallyneeded is the calibration of the vision systemin a

new environment. In the long run, it wo uld also be nice to have the robot learn fro mits o wn successes and mistakes

(such as scoring at one´s o wn goal).

7. Related Work

T he approach we used in RoboCup97 is descended fro man earlier, integrated system called LI VE [10] for autono mous

learning fro mthe environment [9]. It also shares ideas with integrated cognitive architectures in [6], layered-controlled

robots [3], behavior-based robots [1,2], as well as recent progress in Agent research [4]. T he unique feature of our

robots, ho wever, is the use of internal model and closed-loop control in action planning and execution. Our earlier wor k

along this line includes a silver medal winner robot called YODA [8] in the 1996 AAAI Robot competition for indoor

navigatio n and problemsolving.

8. Conclusions and Future Work

In building integrated robots that are autono mous, efficient, collaborative, and intelligent, we have demonstrated a

simple but effective approach. At the present, it seems that the mo st effective approach for soccer robots is to build

integrated robots using the least-sophisticatio n to achieve the most robustness. In the future, we will continue our

design strategybut improve our robots in the areas of collaboration (passing), faster and more reliable sensing, and

learning fro mexperience.

References

[1] Arbib , M. 1981. Perceptual Structures and Distributed Motor Control. In