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Abstract— This paper describeshow envir onmental com-
plexity measurescanbeemployed in the processof validating
experimental robotics work. We advocate the useof metrics
that attempt to quantify the `dif�culty' of motion for a given
envir onment. Space syntax methods (fr om the urban and
building design literatur e) and �uid-�o w models (used in
crowd modeling) are described and proposed as relevant
measuresfor mobile robotics domains.We show experimen-
tally that these two metrics give very differ ent expressions
of complexity. We then discusshow, given their properties,
thesediffer ent metrics may be applied to robotics controller
design and evaluation.

I . INTRODUCTION

Within the mobile robotics community, it is common
to seenew algorithmsproposedandempiricallyevaluated
with respectto a number of critical system variables.
Sincerobotsareexpectedto operatein complex real-world
environments,a separationof all in�uential variablesis
usually not feasible or even possible.The selectionof
the subsetof variables,thus, is typically speci�c to the
particulardomain,task,andalgorithm.This makesit very
dif�cult to comparealgorithms and draw any general
conclusionsencompassingmorethanasingletaskdomain.

In this work we proposea meansof evaluatinga com-
mon propertyof multiple robot systemsand algorithms:
the environment.Mobile robotsare embodiedagentssit-
uatedin rich environmentswhich imposeconstraintsthat
con�ne the robots' feasibleactionset,therebyin�uencing
the possible tasks and the associatedperformance.We
suggestthatsomesuf�ciently generalmeasureof environ-
mentalcomplexity would be useful toward the evaluation
of a variety of robotic platforms,software architectures,
control algorithmsand implementations.

In developing such a complexity measure,we focus
on motionwithin the environmentandadapttwo existing
measuresrelatedto humanmotion in openand con�ned
space,asdescribedin SectionII. While the two measures
are not original, to the bestof our knowledgethis is the
�rst time they have beenconsideredfrom a roboticsper-
spective, therebylendingnovel insight to our �eld. Next,
in SectionIII we describeexperimentswe constructedin

orderto comparethe two measuresin theroboticscontext
and discussthe results.Finally, in SectionV we present
the conclusionsand implicationsof the results.

I I . MEASURES OF ENVIRONMENTAL COMPLEXITY

As is well known, the structure and complexity of
the environment can have a major in�uence on task
performance.The ability to characterizeenvironmental
complexity would enablethe assessmentof the generality
andscalabilityof controlalgorithms,aswell astheir more
objective comparison.

Consider, for example,the taskof target tracking.Jung
andSukhatme[12] notethat“how obstructed[theenviron-
ment] is, seemsto be signi�cant.” They thenusea metric
basedon visibility betweenpoints in the environmentto
provide a measureof occlusion.This measure,adopted
from the computergraphicscommunity, was originally
proposedto analyzethe complexity of threedimensional
scenes[2].

Work by LaValle et al. [13] has produceda number
of interestingpursuit algorithms. More relevant to this
paper, for a particularcharacterizationof the sensingca-
pability, the authorsshow how a computationalgeometry
framework (polygons, and other similar expressionsof
the environment) can be applied to calculateboundson
thenumberof robotsrequiredto successfullyperformthe
pursuit task.

From the sensingperspective, the notion of complexity
is in the eye of the beholder; what is complex to a
robot equippedwith a range-�ndingdevice (e.g.,a planar
laser),may not be so to anotherequippedwith a vision
sensor(e.g., a 2-D camera).Furthermore,environmental
complexity is a function of task: a highly symmetrical
environmentis moreproblematicfor a robot doing some
form of localization than it is for a robot doing wall
following. This makesa sensing-basedmetricproblematic
for comparisonbeyonda particularsensingsuiteor across
taskdomains.

Thework of Donald[3] providesoneway of addressing
this problem.By showing two sensors(or moregenerally



computational-sensorysystems)equivalent, one may as-
sumethat the environmentalcomplexity perceived by one
sensoris identicalto thatperceivedby theother. However,
when one sensoris strictly more powerful than another,
similar conclusionsabout environmental complexity are
tenuous.

A sensing-basedapproachis only one way of char-
acterizingenvironment complexity. Considerinsteadthe
environment as somethingthat affects not only sensing,
but also action, i.e., motion. Since motion is something
that mobile robotsmustdo, regardlessof task,the effects
of the environmentthat in�uence freedomof motion are
particularly relevant. Thus, we aimedour researchfocus
at measuresof the environmentcomplexity that arelikely
to be correlatedwith movementratherthansensing.

The need to assessenvironmental complexity is not
speci�c to robotics;researchersin other �elds have been
interestedin descriptionsof spacefor some time. The
urban morphology researchcommunity has done work
in this area that seemsparticularly pertinent,as it also
focuseson the effectsof spatialconstraintson motion, in
this casehumanmovement.We have studiedthe notion
of spacesyntax[9], a methodof describingspaceorigi-
nally developedfor architecturaldesignof buildings and
now usedfor large-scaleplanningand analysisof urban
environments[8].

A. SpaceSyntaxMeasures

The spacesyntaxtheoryconsidersconnectivity of fea-
tures,ratherthandistance,ascritical in analyzingspatial
structure[16]. This scale-invariant view accountsfor its
generality of use; it has been particularly popular for
planningat the level of the entirecity [7, 16].

The methodis basedon a geometricspatialrepresenta-
tion of the environment,which is partitionedinto convex
polygons, marked as free or occupied.Next, an axial
map is computed,consistingof a set of axial lines, the
minimum numberof lines that crossthe sharedpolygon
edges[17]. Fig. 2 and3 show environmentsandtheir axial
mapssuperimposedasdottedaxial lines.

We are interestedin connectivityproperties,thus once
thefreespacewithin theenvironmenthasbeenpartitioned
into convex polygons,an adjacency graphis constructed,
with convex polygonsasverticesandpolygonadjacencies
as edges.An alternative adjacency graph can be con-
structedbasedon the axial map, with a vertex for each
axial line andan edgebetweenintersectinglines.

Either of theseadjacency graphscan be used,but the
choicetypically dependson the scaleof the spacebeing
considered.For now, we assumethat one of the graphs
has been decided upon. Next we calculate the Hillier
integrationvaluesfor the graph,de�ned below.

We de�ne the complexity distance for each node in
the graph,representedeither by a polygon or axial line,

dependingon which adjacency graphis beingconsidered.
The mean distance,based on the presentationof the
calculation of space-complexity measuresfrom [11], is
given as:

MD i =
1

n � 1

nX

j =1

dij

where dij is the distancefrom node i to j , measured
in terms of edgesof the adjacency graph. The relative
asymmetryis given as:

RA i =
2(MD i � 1)

n � 2

When the mean distanceused in the calculation of
a node's relative asymmetrycomputedis with respect
to every other node in the adjacency graph, then the
resultingrelative asymmetryis called global integration.
When insteadonly thosein a limited neighborhoodare
considered,the measureis called local integration. A
typical neighborhoodincludesall thoseof a distanceof
threeor less.

The axial mapis usedat scalesaslarge asentirecities.
Usually it is computationallyinfeasibleto �t axial lines
to crossall the adjacenciesin city mapsandinsteadaxial
lines are taken to run along the straight segments of
eachstreet.Jiangand Claramunt[11] suggestthat since
structuresthe size of buildings have free-spacethat is
lesslinearandmoretwo dimensional,anadjacency graph
de�ned in terms of convex polygonsis a better choice.
This implies that, at least for the moment,environments
for most mobile robot experimentsshould have integra-
tion valuescalculatedon the graphof convex polygonal
adjacencies.

Hillier [7] describedtraf�c pattersin aportionof central
London,showing that rush-hourandmid-day traf�c �o w
along roadsrepresentedby axial lines that signi�cantly
correlateto global and local integration values, respec-
tively. This analysishassubsequentlybeenperformedin
dozensof cities, e.g., in [16], with similar results.The
techniquehasalsobeensuccessfullyappliedto pedestrian
traf�c.

The spacesyntax measuresare also useful at smaller
scales:the integration values have been calculatedfor
building structures.Onestudycalculatedlocal integration
values for convex portions of a museum,and found a
clear correlation with people's observed routes through
the museumin the �rst ten minutes[11]. (SeeFig. 1.)

This empiricalevidencegave riseto thecentraltheories
of spacesyntax[7]. Most relevant to our work is the idea
thatthestructureof thefreespaceis largely responsiblefor
traf�c �o w. Sincespacesyntaxmeasuresgive predictions
of the movementen mass, we are thus justi�ed in using
thesemeasuresaspredictorsof environmentalcomplexity.



Fig. 1. Spacesyntaxmethodsappliedto a museum.Left: pathstraveled
by people;Right: shadedrooms show Local Integration values.From
JiangandClaramunt[11].

B. Crowd BehaviorModels

While thespacesyntaxmeasuresdescribedabove refers
to normal humanmovementwithin structuredspace,an-
other relevant context in which human movement has
beenmodeledinvolvescrowd evacuationscenarios.When
large numbersof peoplecongregate and form a crowd,
an action inciting panic can result in dire consequences
– the resultantgroup behavior is substantiallydifferent
from whatmight beexpectedfrom a collectionof rational
individuals [15]. Researchershave worked on modeling
crowd behavior, in order to inform architecturaldesign.
We consider these models here becausemodeling the
dispersionof peoplein a givenenvironmentalsoprovides
a measureof the complexity of the environmentfrom the
perspective of freedomof motion.

Historically, traditional �uid �o w or gas dispersion
modelshave beenusedas reasonableapproximationsof
crowd egress.This assumptionwas then shown to be in-
accurateby Still [18], becauseof the impactof interactive
individual decisions,someof which areirrationalandlead
to suboptimalevacuation.

Helbing et al. [6] presenta modelof crowd dynamics,
basedon data from social psychology. This so-called
“generalizedforce model” is not a typical �uid-�o w ap-
proach,asit includessuchfeaturesasgranularinteractions
betweensuf�ciently proximal individuals.Themodelalso
includes the exit crowding phenomenon,aptly termed
“f asteris slower,” in whichattemptsto rushthroughadoor
result in the �eeing peopleproducinga smaller average
velocity and increasingthe possibility of fatalities. The
model was usedto analyzea numberof arrangementsin
anenvironment,andprovidedsomeinterestingresults.For
example,in somecasesplacinganobstaclein anexit path
can actually speedup evacuation.Furthermore,panicked
crowdsof peoplemove slower thanis predictedby a �uid-
�o w model [6].

While both Still [18] and Helbing et al. [6] attemptto
model peoples' responsesas accuratelyas possible,we
insteadfocuson a model inspiredby the ideathat disper-
sion of repulsedentities is in�uenced by the complexity

Fig. 2. The threetestenvironments,with axial mapssuperimposed.

Fig. 3. An automaticallygeneratedenvironment,with its axial map.

of theenvironment.Essentiallywe considera simplecase
wherethesocialforcesusedby Helbingetal. [6] dominate
themotionof theentities.While perhapssimplistic from a
evacuationdynamicspointof view, theresultsareintended
for a slightly differentpurpose.

Sinceoperationin structuredenvironmentsis a major
domain of mobile robotics, existing metrics of environ-
ment complexity and models of human movement are
highly relevant to robotics as well. Therefore,we took
the two generalmethodsdescribedabove and compared
themin orderto assesstheir relevancefor mobilerobotics.

I I I . A COMPARISON

To comparethemeasuresproducedby thespacesyntax
framework to those that of a simpli�ed gas/�uid �o w
model,we performedtwo experimentsintendedasa basic
representationof an in�nite spectrumof possibleworlds.

A. ExperimentalEnvironments

In the �rst experiment,we used three hand-designed
environmentsand calculatedboth local and global inte-
gration valuesfor the convex partitioning and axial map
adjacency graphsfrom the spacesyntax literature. The
environments,shown in Fig. 2 with anoverlaidaxial map,
werecarefully chosen.The �rst wasintendedto represent
a simple of�ce suite, the secondapproximateda regular
of�ce/cubicle environment, and the last a challenging
maze-like world.

In the secondexperiment,we automaticallygenerated
45 randomenvironments,rangingin complexity, but sim-
ilar to thatshown in Fig. 3. A numberof constraintswere
introducedto ensurethat theenvironmentswereplausible,



including the degree of connectivity, total area,and the
ratio of width to heightof eachroom.

B. TheDiffusionAlgorithm

We implementedthe gas/�uid crowd model with a
particlediffusionsimulation.Eachparticlehada massthat
wassubjectto accelerationde�ned by Newtonianlaws in
termsof repulsive forcesexperiencedfrom otherparticles
and walls in the environment.Additionally, eachparticle
was subject to a viscousfrictional force. Particles were
introducedsequentiallyfrom a singlepoint source,which
was varied acrossexperiment sets.The constantvalues
for the repulsive forcesbetweenthe particlesandthe ob-
stacles,viscosityvalues,andmasseswerekept consistent
for all experiments.For the �rst experimentset,the three
environmentshadapproximately27, 36 and28 randomly
choseninitial sourcesfor the gas/�uid �o w, respectively.
At eachof theselocations,the processwasrepeatedthree
times, to accountfor noise.The secondset usedonly 5
initial locations for eachof the 45 environments;again
eachlocationwasrepeatedthreetimes.

Detailsof the derivation of physical equationsde�ning
the motion of eachof the particles,including arguments
for reachingeventualequilibrium, are found in [10]. The
control law for eachparticledictatesthat it experiencesa
force(andhenceacceleration)proportionalto thedistance
to eachof the obstacles(including otherparticles)within
its sensingrange(largecomparedto theindividual particle
size). Along with a numberof parametersfor repulsion,
particle mass,and viscousfriction, this results in a mi-
croscopicsimulationof what is effectively a diffusinggas
or �uid. The simulationwas run within the Player/Stage
device server andsimulator[4] with particlesrepresented
asomni-directionalpositiondevices.SinceStagedoesnot
simulatedynamics,the resultingvelocities of the robots
were identical to thosecommandedby the controller.

The progressmade by each particle was logged and
analyzedoff line. A measurerelatedto thepotentialenergy
still in the systemafter the simulation time period had
elapsedwasusedto give an ideaof how well theparticles
had succeededin spreadingout and moving to positions
of low potential.Themorerestrictive theenvironment,the
higher the expectedenergy. We found that althoughthe
particlesspreadout rapidly, they took a prohibitively long
time to settleinto anequilibriumstate.Closerobservation
showed that thesystemarrivedcloseto its �nal statelong
before the equilibrium stateoccurred.Thus, we chosea
conservativeexperimenttimeof six minutes;thetimerwas
startedafter all the particleswerereleased.

For the threeenvironmentsin the �rst experiment,36
particleswere used,allowing suf�cient dispersionwith a
low meandistance.(SeeFig. 2.) For the secondexperi-
ment,100 particleswereused.Sincewe wereattempting
to use a single measurefor the entire environment,and
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Fig. 4. Plot of ®nal spreadof particles versesthe polygonal local
integrationof the startingpositionfor the maze-like environment.Seven
vertical stripsexist becausethe environmentproducesonly seven differ-
ent valuesfor local integrationdue to the symmetryinvolved.
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Fig. 5. The effect of environmentalcomplexity on particle dispersion
time.

theseenvironmentswerecomplex, suf�cient particleswere
requiredfor completecoverage.

C. Resultsof the First ExperimentalSet

For eachof the threeenvironmentsin Fig. 2, random
locationswere chosenas initial sourcesof particles.Af-
ter a suf�cient time the �nal positionswere recordered.
We computed,for eachof the maps,the environmental
complexity with respectto eachindividual �nal location.
In consideringthecomplexity usingpolygonalgraphs,the
integration value of the polygon that surroundsthe point
wasused,andin theaxial mapcases,theequivalentvalue
was taken for the closestaxial line.

The plot in Fig. 4 shows one instanceof the results.
The horizontal axis is the value of local integration in
the polygon adjacenciesgraph; the vertical axis is a
measureof the �nal spreadof the particles,with higher
valuesequatingto higherspread.Thetwo variablesappear
uncorrelated.The sameis true for the valueswith respect
to the local integration over the axial line adjacencies
and the global integration over both the polygonal and
axial line adjacencies.Examinationshowedthatthereis no
signi�cant trendin any of the data.This is surprisingand
hasinterestingconsequences,asdiscussedin SectionIV.

D. Resultsof the SecondExperimentalSet

In this experimentset, we constructeda performance
metric for the entire environment,by summingover the



valuesof local and global integration. We then applied
the algorithms to the 45 randomly generatedenviron-
ments.With theincreasednumberof environments,dueto
computationallimitations, we scaledback the numberof
particlesourcesfor eachenvironment.As shown in Fig. 5,
thedataareconsistentwith the �rst experimentandagain
demonstrateno relationshipbetweenthe�uid/g as�o w and
spacesyntaxmeasures.

Interestingly, we observed that althougheither convex
polygonsor axial lines could be usedfor calculationsof
integration values,the two had a strongcorrelationwith
oneanotherfor theautomaticallygeneratedenvironments.
Additionally, therewas very little differencebetweenthe
values obtainedfor local and global integration values.
This suggeststhat perhapsthe environmentswere insuf-
�ciently complex. In a simple structure,like an average
house,the valuesfor local andglobal integrationmay be
very similar becausethe depthof connectionsis typically
small (lessthanor equalto 3).

IV. DISCUSSION

Neitherof the two experimentsabove showedany form
of correlationbetweenthespacesyntaxand�uid/g as�o w
metrics.This is surprisingconsideringthat both metrics
have beenshown to bepredictive. It is thuslikely that the
regimeof interactions,from normalmovementto crowded
escape,has a strong in�uence on the resulting use of
space.Fluid/gas models are likely to be applicable to
problemswhere interferencedynamicsare high, suchas
multi-robot scenarios,while spacesyntaxmethodsappear
morerelevant to domainswith structuredmovement,such
asindividual robotsnavigatingin uncrowdedcorridorsand
alongwalls, etc.

Thetransitionbetweenthe two regimesis interestingto
consider. It hasbeenshown that addingrobotsto a multi-
robot problemincreasesperformanceto a point, andthen
impactsit negatively dueto interference[1, 5]. It is likely
that �uid/g as �o w metricswould model those`saturated'
regimes well. Using the two measuresin tandemcould
thusbe employed in order to asseshow `orderly' motion
is in a given environment.

A number of researchershave begun to utilize Vis-
ibility Graph Analysis (VGA) techniquesbecausethey
provide informationat a higher resolutionthat traditional
spacesyntax[14]. Thesehigher resolutionspermit closer
blendingof the resultsof macroscopicmodels(like space
syntaxones)andmicroscopicones,that modelmotion by
simulatingthe behavior of individuals.VGA-basedanal-
ysis splits areasinto smallersections,basedon visibility.
This permits the constructionof a proportionatelylarger
graph than thoseproducedwith the convex polygon or
axial line methods.Jung and Sukhatme[12] also used
visiblity information in their tracking task, where it is
the relevant sensor-basedproperty. Otherswho work in

analyzing complexity of human environmentsuse axial
andvisibility linesbecauseof theassumptionof thehuman
bias toward preferringto walk straight,employing “least
effort” [18].

V. CONCLUSION AND FUTURE WORK

In this paper, we consideredtwo complexity measures,
intendedfor use in human environments:spacesyntax
methods used for analysis of typical �o ws of traf�c
(humanand vehicular)and �uid/g as modelscustomarily
usedfor moredisorderlymotion.Our experimentalresults
indicate that thesetwo approachesproduceuncorrelated
results, thus appearingto measuredifferent aspectsof
environmentcomplexity. We have madesomesuggestions
as to when eachof the approachesor their combination
would be best suited in robotics. By evaluating perfor-
manceacrossa numberof environments,andconsidering
which of the metrics correlatesbest, one may be able
to draw conclusionsas to how well movement is being
coordinated.

Qualitative information about the environment would
be of use in a sensor network deployment task [10]
wherethe structureof the environmentis known a priori .
Furthermore,work in mapping(e.g., Thrun and Bucken
[19]) usesa numberof options for partitioning a metric
representationof the environment so that a consistent
topological map can be produced.Cross pollination of
theseideaswould be an interestingfuture direction for
the on-line methoddescribedabove.
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