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RapidBiologically-InspiredSceneClassi�cation
Using FeaturesSharedwith Visual Attention
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Abstract— We describe and validate a simple context-
based scene recognition algorithm for mobile robotics
applications. The systemcan differ entiate outdoor scenes
fr om various sites on a collegecampususing a multiscale
set of early-visual features, which capture the “gist” of
the sceneinto a low-dimensional signature vector. Distinct
fr om previous approaches, the algorithm presents the
advantageof being biologically plausible and of having low
computational complexity, sharing its low-level features
with a model for visual attention that may operate con-
curr ently on a robot. We compare classi�cation accuracy
using scenes �lmed at thr ee outdoor sites on campus
(13,965 to 34,711 frames per site). Dividing each site
into nine segments,we obtain segmentclassi�cation rates
between 84.21% and 88.62%. Combining scenesfr om
all sites (75,073 frames in total) yields 86.45% correct
classi�cation, demonstrating generalization and scalability
of the approach.

Index Terms— Gist of a scene,saliency, scene recog-
nition, computational neuroscience,image classi�cation,
image statistics, robot vision, robot localization.

I . INTRODUCTION

BUILDING thenext generationof mobilerobots
hingeson solving taskssuch as localization,

mapping,andnavigation. Thesetaskscritically de-
pendon developingcapabilitiesto robustly answer
the central question:Where are we? A signi�cant
numberof mobile roboticsapproachesaddressthis
fundamentalproblem by utilizing sonar, laser, or
other rangesensors[1]–[3]. They are particularly
effective indoors due to many spatial and struc-
tural regularities, including �at walls and narrow
corridors. In the outdoors,however, thesesensors
becomelessrobustbecausethestructureof theenvi-
romentcanvary tremendously. It thenbecomeshard
to predict the sensorinput given all the protrusions
andsurfaceirregularities[4]. For example,a slight

C. Siagianand L. Itti are with the University of SouthernCali-
fornia, Departmentsof ComputerScience,Psychology, and Neuro-
scienceProgram,HedcoNeuroscienceBuilding - Room 30A, 3641
Watt Way, Los Angeles, California, 90089-2520.Correspondence
shouldbe addressedto itti@usc.edu.

changein posecan result in large jumps in range
reading becauseof tree trunks, moving branches,
and leaves.

Thesedif�culties with traditional robot sensors
have prompted researchtowards other ways to
obtain navigational input, especiallyby using the
primarysensorymodalityof humans:vision.Within
Computer Vision (there are several different ap-
proaches,listed below), lighting (especiallyin the
outdoors),dynamicbackgrounds,andview-invariant
matchingbecomemajor hurdlesto overcome.

A. Object-BasedSceneRecognition

A large portion of the vision-basedapproach
towards scenerecognition is object-based[5]–[7].
That is, a physical location is recognizedby iden-
tifying a set of landmark objects (and possibly
their con�guration) known to be presentat that
location.This typically involves intermediatesteps
suchas segmentation,featuregrouping,and object
recognition.Suchlayeredapproachis proneto car-
rying over and amplifying low-level errors along
the streamof processing.For example, upstream
identi�cation of very small objects(pixel-wise) is
hinderedby downstreamnoise inherentto camera
sensors,and by variable lighting conditions.This
is particularlyproblematicin spaciousenvironments
like theopenoutdoors,wherethelandmarkstendto
bemorespreadout andpossiblyat fartherdistances
from the agent.It should also be pointedout that
this approachneedsto be environment-speci�cfor
the simplicity of selectinga small set of anchor
objects,andthat decidingon reliableandpersistent
candidateobjectsaslandmarksis an openproblem.

In recentyearsScaleInvariantFeatureTransform
(SIFT) [8] has beenusedin robotics quite exten-
sively. We put SIFT in the object-basedcategory
becauseit is still a local featureandits usagearetied
to theexistanceof reliabledistinctivesub-structures,
an object.This is especiallytrue if the background
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is closeto textureless(wide openspaces,the sky).
On the other extreme,distractingbackgroundwith
toomuchtexturethataremostlyephemeral(moving
vegitation inside a forest) may also be too much
to deal with, increasingthe numberof keypoints.
On visually distinctive backgrounds,however, this
methodcan be much more powerful than strictly
object-based.Some systems[9], [10] bypassthe
segmentationstageandusethe whole sceneis one
landmark. BecauseSIFT also allows for partial
recognition,foreground objects,which tend to be
lessreliable(peoplewalking,etc.),canbetreatedas
distractionsandthebackgroundbecometheprevail-
ing strength(so long asthe foregroundobjectdoes
not dominatethescene).And becauseSIFT's ability
to absorbvariability from out-of-planerotationcan
only go so far, systemsare also burdenedwith the
need to store a large number of key-points from
multiple views, which do not scalewell.

B. Region-BasedSceneRecognition

A differentsetof approaches[11]–[13] eliminates
landmark objects, insteadusing segmentedimage
regions and their con�gurational relationshipsto
form a signatureof a location.At this level of repre-
sentation,themajorproblemis reliableregion-based
segmentationin which individual regions have to
be robustly characterizedand associated.Nä�ve
templatematching involving rigid relationshipsis
often not �e xible enoughin the faceof over/under-
segmentation.This is especiallytrue with uncon-
strainedenvironmentssuchasa park wherevegeta-
tion dominates(refer to Experiment2 in thepresent
study).As a remedy, onecancombineobject-based
andregion-basedapproaches[13] by using regions
as an intermediatestepto locatelandmarkobjects.
Nevertheless,such techniqueis still prone to the
samecaveatsas the object-basedapproach.

C. Context-BasedSceneRecognition

The last set of approaches,which is context-
based,bypassesthe above traditional processing
steps.Context-basedapproachesconsiderthe input
image as a whole and extract a low-dimensional
signaturethat compactly summarizesthe image's
statisticsand/orsemantics.Onemotivation for such
approachis that it shouldproducemorerobustsolu-
tionsbecauserandomnoise,which maycatastrophi-
cally in�uence localprocessing,tendsto averageout

globally. By identifying wholescenes,andnot small
setsof objectsor preciseregion boundarieswithin
the scenes,context-basedapproachesdo not have
to deal with noise and low-level image variations
in small isolatedregions,which plagueboth region
segmentationand landmarkrecognition.The chal-
lengeto discover a compactandholistic representa-
tion for unconstrainedimageshashenceprompted
signi�cant recentresearch.For example,Renniger
andMalik [14] usea setof texture descriptors,and
histogramto createan overall pro�le of an image.
Ulrich andNourbakhsh[15] build color histograms
and perform matching using a voting procedure.
In contrast,Oliva and Torralba [16] also encode
somespatialinformationby performing2D Fourier
Transformanalysesin individual imagesub-regions
on a regularly-spacedgrid. The resultingspatially-
arrangedset of signatures,one per grid region,
is then further reducedusing principal component
analysis(PCA) to yield a unique low-dimensional
imageclassi�cation key. Interestingly, Torralbare-
ports that the entriesin the key vector sometimes
tend to correlatewith semantically-relevant dimen-
sions, such as city vs. nature, or beach vs. for-
est. In more recentimplementations,Torralba[17]
alsousedsteerablewavelet pyramidsinsteadof the
Fourier transform.

D. Biologically-PlausibleSceneRecognition
Despiteall therecentadvancesin computervision

androbotics,humansstill performordersof magni-
tudebetterthanthe bestavailablevision systemsin
outdoorslocalizationandnavigation. As such,it is
inspiring to examine the low-level mechanismsas
well as the system-level computationalarchitecture
accordingto whichhumanvision is organized.Early
on, the human visual processingsystem already
makes decisionsto focus attentionand processing
resourcesontothosesmallregionswithin the�eld of
view which look more interesting.The mechanism
by which very rapid holistic image analysisgives
rise to a small setof candidatesalientlocationsin a
scenehasrecentlybeenthe subjectof comprehen-
sive researchefforts and is fairly well understood
[18]–[21].

Parallel with attention guidance and mecha-
nisms for saliency computation,humansdemon-
strate exquisite ability at instantly capturing the
“gist” of a scene;for example, following presen-
tation of a photographfor just a fraction of a
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second,an observer may report that it is an indoor
kitchenscenewith numerouscolorful objectson the
countertop[22]–[25]. Such report at a �rst glance
onto an image is remarkableconsideringthat it
summarizesthe quintessentialcharacteristicsof an
image, a processpreviously expected to require
muchanalysis.With very brief exposures(100msor
below), reportsaretypically limited to a few general
semanticattributes (e.g., indoors,outdoors,of�ce,
kitchen) and a coarseevaluation of distributions
of visual features(e.g., highly colorful, grayscale,
several large masses,many small objects) [26],
[27]. However, answeringspeci�c questionssuchas
whetheran animal was presentor not in the scene
can be performedreliably down to exposuretimes
of 28ms[28], [29], evenwhenthesubject'sattention
is simultaneouslyengagedby anotherconcurrentvi-
sualdiscriminationtask[30]. Gist maybecomputed
in brain areaswhich have been shown to prefer-
entially respondto “places,” that is, visual scene
typeswith a restrictedspatial layout [31]. Spectral
contentsandcolor diagnosticityhave beenshown to
in�uence gist perception[25], [32], leading to the
developmentof the existing computationalmodels
that emphasizespectralanalysis[33], [34].

In what follows, we usethe term gist in a more
speci�c sensethanits broadpsychologicalde�nition
(what observers can gather from a sceneover a
singleglance):we formalizegist asa relatively low-
dimensional(comparedto a raw imagepixel array)
scenerepresentationwhich is acquiredover very
short time frames,and we thus representgist as a
vector in somefeaturespace.Sceneclassi�cation
basedon gist then becomespossibleif and when
the gist vectorcorrespondingto a given imagecan
be reliably classi�ed asbelongingto a given scene
category.

From the point of view of desiredresults,gist
and saliency appearto be complementaryoppo-
sites:�nding salientlocationsrequires�nding those
image regions which stand out by signi�cantly
differing from their neighbors,while computing
gist involvesaccumulatingimagestatisticsover the
entirescene.Yet, despitethesedifferences,thereis
only one visual cortex in the primatebrain, which
must serve both saliency and gist computations.
Part of our contribution is to make the connection
betweenthesetwo crucialcomponentsof biological
vision. To this end, to be biologically-plausible,
we hereexplicitly explore whetherit is possibleto

devisea workingsystemwherethelow-level feature
extractionmechanisms— coarselycorrespondingto
cortical visual areasV1 throughV4 andMT — are
sharedandserve bothattentionandgist, asopposed
to computedseparatelyby two different machine
vision modules.

The divergencecomesat a later stage,in how
the low-level vision featuresare further processed
before being utilized. In our neural simulation of
posteriorparietalcortex alongthedorsalor “where”
streamof visual processing[35], a saliency mapis
built through spatial competitionof low-level fea-
tureresponsesthroughoutthevisual�eld. Thiscom-
petition quietsdown locationswhich may initially
yield strong local feature responsesbut resemble
their neighbors,while amplifying locationswhich
have distinctive appearances.In contrast, in our
neuralsimulationof inferior temporalor the“what”
streamof visualprocessing,responsesfrom thelow-
level featuredetectorsarecombinedto producethe
gist vector as a holistic low-dimensionalsignature
of the entire input image.The two models,when
run in parallel, can help eachother and provide a
morecompletedescriptionof the scenein question.
Figure1 shows a diagramof our implementation.

In the present paper, our focus is on image
classi�cation using the gist signaturecomputedby
this model, while exploitation of the saliency map
has been extensively describedpreviously for a
numberof vision tasks [20], [21], [36], [37]. We
describe,in the following sections,our algorithmto
computegist in a very inexpensivemannerby using
the samelow-level visual front-endas the saliency
model.We thenextensively test the model in three
challengingoutdoor environmentsacrossmultiple
days and times of days, where the dominating
shadows, vegetation, and other ephemerousphe-
nomenaareexpectedto defeatlandmark-basedand
region-basedapproaches.Our successin achieving
reliableperformancein eachenvironmentis further
generalizedby showing that performancedoesnot
degrade when combining all three environments.
Theseresultssupportour hypothesisthat gist can
reliably beextractedat very low computationalcost,
using very simple visual featuressharedwith an
attentionsystemin an overall biologically-plausible
framework.
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Fig. 1. Model of HumanVision with Gist andSaliency

I I . DESIGN AND IMPLEMENTATION

The core of our present researchfocuses on
the processof extracting the gist of an image
usingfeaturesfrom several domains,calculatingits
holistic characteristicsbut still taking into account
coarsespatialinformation.Thestartingpoint for the
proposednew model is the existing saliency model
of Itti et al. [20], [38], which is freely availableon
the World-Wide-Web.

A. Visual Cortex Feature Extraction

In the saliency model,an input imageis �ltered
in a numberof low-level visual “feature channels”
at multiple spatial scales, for features of color,
intensity, orientation,�ick er and motion (found in
Visual Cortex). Somechannels(color, orientation,
andmotion) have several sub-channels(color type,
orientation,directionof motion). Eachsub-channel

has a nine-scalepyramidal representationof �lter
outputs, a ratio of 1:1 (level 0) to 1:256 (level
8) in both horizontalandvertical dimensions,with
a 5-by-5 Gaussiansmoothingapplied in between
scales.Within eachsub-channeli , the model per-
formscenter-surroundoperations(commonlyfound
in biological-vision which comparesimage val-
ues in center-location to its neighboringsurround-
locations) between �lter output maps, Oi (s), at
differentscaless in thepyramid.This yieldsfeature
maps M i (c;s), given “center” (�ner) scale c and
“surround” (coarser)scale s. Our implementation
usesc = 2; 3; 4 ands = c+ d, with d = 3; 4. Across-
scaledifference(operator	 ) betweentwo mapsis
obtainedby interpolationto the center(�ner) scale
andpointwiseabsolutedifference(eqn.1).

For color and intensitychannels:

M i (c;s) = jOi (c) 	 Oi (s)j = jOi (c)� Interps� c(Oi (s)) j
(1)

Hence, we computesix feature maps for each
type of featureat scales2-5, 2-6, 3-6, 3-7, 4-7, and
4-8, so that the systemcan gather information in
regionsat severalscales,with addedlighting invari-
ance provided by the center-surroundcomparison
(further discussedbelow).

In the saliency model,featuremapswereusedto
detectconspicuousregionsin eachchannel,through
additional winner-take-all mechanismswhich em-
phasizelocations which substantiallydiffer from
their neighbors[20]. The feature maps are then
linearly combinedto yield a saliency map.

To re-usethe samelow-level mapsfor gist asfor
attention,our gist modelusesthe alreadyavailable
orientation, color and intensity channels.Flicker
and motion channels,which also contribute to the
saliency map, are assumedto be more dominantly
determinedby the robot's egomotion and hence
unreliable in forming a gist signatureof a given
location.Our basicapproachis to exploit statistical
data of color and texture measurementsin prede-
termined region subdivisions. These featuresare
independentof shapeas they are simply denoting
lines and blobs. We incorporateinformation from
the orientationchannel,employing Gabor�lters to
the greyscaleinput image(eqn.2) at four different
angles (� i = 0; 45; 90; 135� ) and at four spatial
scales(c = 0; 1; 2; 3) for a subtotalof sixteensub-
channels.
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For orientationchannels:

M i (c) = Gabor(� i ; c) (2)

We do not performcenter-surroundon theGabor
�lter outputsbecausethese�lters alreadyarediffer-
ential by nature.The color and intensity channels
combineto composethreepairsof color opponents
derivedfrom Ewald Hering's Color Opponency the-
ories [39], which identify four primary colors red,
green,blue, yellow (denotedas R,G,B , and Y in
eqns.3, 4, 5, and 6, respectively) and two hueless
dark and bright colors 7, computedfrom the raw
camerar , g, b outputs[20].

R = r � (g + b)=2 (3)

G = g � (r + b)=2 (4)

B = b� (r + g)=2 (5)

Y = r + g � 2(jr � gj + b) (6)

I = (r + g + b)=3 (7)

The color opponency pairs are the two color
channels' red-greenand blue-yellow (eqn. 8 and
9), along with the intensity channel's dark-bright
opponency (eqn. 10). Each of the opponentpairs
areusedto constructsix center-surroundscalecom-
binations.Theseeighteensub-channelsalong with
the sixteenGabor combinationsadd up to a total
of thirty-four sub-channelsaltogether. Becausethe
presentgist model is not speci�c to any domain,
otherchannelssuchasstereocouldbeusedaswell.

RG(c;s) = j(R(c) � G(c)) 	 (R(s) � G(s)) j(8)

BY(c;s) = j(B(c) � Y (c)) 	 (B (s) � Y(s)) j(9)

I (c;s) = jI (c) 	 I (s)j (10)

Figure2 illustratesthe gist modelarchitecture.

B. Gist Feature Extraction

After the low-level center-surroundfeaturesare
computed,eachsub-channelextracts a gist vector
from its correspondingfeaturemap. We apply av-
eragingoperations(the simplestneurally-plausible
computation)in a �x ed four-by-four grid of sub-
regions over the map.Observe �gure 3 for visual-
ization of the process.

Cross Scale Center-Surround Differences

PCA/ICA Dimension Reduction

Place Classifier

Most Likely Location

Input image

Linear Filtering at 8 Spatial Scales

Orientation Channel Color Channel Intensity Channel

Gist Feature Extraction

Gist Feature Vector

Fig. 2. Visual FeatureChannelsUsedin the Gist Model

Fig. 3. Gist Decompositionof VerticalOrientationSub-channel.The
original image (top left) is put through a vertically-orientedGabor
®lter to producea featuremap(top right). That mapis thendivided
into 4-by-4 grid sub-regions.We then take the meanof eachgrid to
produce16 valuesfor thengist featurevector (bottom).

Thus, as proposedin introduction, gist cumu-
latesinformation over spacein imagesub-regions,
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while saliency relied on competitionacrossspace.
Equation11 formalizesthecomputationfor eachof
the sixteenraw gist features(Gk;l

i (c;s)) per map,
taking the sum, over a given sub-region (speci�ed
by indices k and l in the horizontal and vertical
direction, respectively), of the values in M i (c;s),
then dividing by the numberof pixels in the sub-
region.

For color, intensitychannels:

Gk;l
i (c;s) =

1
16WH

( k +1) W
4 � 1X

u= k W
4

( l +1) H
4 � 1X

v= lH
4

[M i (c;s)](u; v)

(11)
Where W and H are the width and height of the
entire image.We similarly processthe orientation
mapsM i (c) to computeGk;l

i (c).
Although additional statistics such as variance

would certainly provide useful additional descrip-
tors, their computationalcost is much higher than
thatof �rst-order statisticsandtheir biologicalplau-
sibility remainsdebated[40]. Thus,herewe explore
whether�rst-order statisticswould be suf�cient to
yield reliableclassi�cation,if onereliesonusingthe
availablevarietyof visualfeaturesto compensatefor
morecomplex statisticswithin eachfeature.

C. Color Constancy

The advantageof coarsestatistical-basedgist is
stability in averagingout local and randomnoise.
What is more concerningis global bias such as
lighting as it changesthe appearanceof the entire
image. Color constancy algorithms such as gray
world andwhite patchassumethat lighting is con-
stant throughouta scene[41], [42]. Unfortunately,
outdoor ambient light is not quite as straightfor-
ward. Not only doesit changeover time, both in
luminanceand chrominance,but also vary within
a single sceneas it is not a point light-source.
Dif ferent sun positionsand atmosphericconditions
illuminate different parts of a scene in varying
degrees as illustrated by images taken one hour
apart, juxtaposedin the �rst row of �gure 4. We
can see that the foreground of image 1 receives
more light while the backgrounddoes not. Con-
versely, the oppositeoccurs in image 2. It is im-
portant to note that the goal of the step is not
to recognize/normalizecolor with high accuracy,
but to producestablegist featuresover color and

Channel Image1 Image2 Sub- pSNR
channel (db)

Raw

r 9.24
g 9.60
b 10.08

Green

2 & 5 32.57
2 & 6 32.13
3 & 6 34.28

Red- 3 & 7 33.95
Green 4 & 7 36.32

4 & 8 35.82

2 & 5 32.44
2 & 6 30.83
3 & 6 32.42

Blue - 3 & 7 30.95
Yellow 4 & 7 31.95

4 & 8 31.95

2 & 5 15.03
2 & 6 12.72
3 & 6 13.79

Dark- 3 & 7 12.21
Bright 4 & 7 13.29

4 & 8 13.33

Fig. 4. Example of two lighting conditions of the samescene.
pSNR (peak signal-to-noiseratio) valuesmeasurehow similar the
mapsarebetweenimages1 and2. Higher pSNRvaluesfor a given
mapindicatebetterrobustnessof that featureto variationsin lighting
conditions. Our center-surroundchannelsexhibit better invariance
thanthe raw r, g, b channelsalthough,obviously, arenot completely
invariant.

intensity. We also consideranother (iterative and
slower converging) normalizationtechniquecalled
Comprehensive Color Normalization (CCN) [43],
which canbe seenasboth global and local.

One indisputablefact is that whentexture is lost
becauseof lighting saturation(both too bright or
too dark for the camerasensor),no normalization,
however sophisticated,can bring it back. To this
end,becauseof the natureof our gist computation,
the best way is to recognizegists of sceneswith
different lighting separately. We thus opted not to
add any preprocessing,but instead to train our
gist classi�er (describedbelow) on several lighting
conditions. The gist features themselves already
helpedminimize the effect of illumination change
becauseof their differentialnature(Gaboror center-
surround).Peak Signal-to-Ratio(pSNR) tests for
the two imageswith differing lighting conditions
in �gure 4 show better invariancefor our differ-
ential featuresthan for the raw r, g, b features,
especiallyfor thetwo opponentcolor channels.This
showsthatthelow-level featureprocessingproduces
contrast information that is reasonablyrobust to
lighting. Note that usingdifferentialfeaturescomes
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at a price: baselineinformation(e.g.,absolutecolor
distributions)is omittedfrom ourgistencodingeven
though it has beenshown to be useful [15]. The
center-surroundcan be construedas only looking
for edgessurroundingregions (and not the regions
themselves),becausethat is wherethecontrastsare.
On the other hand, calculating color distribution
histogramsamountsto measuringthe sizeof those
regions. This is where the pyramid schemehelps
recover someof the information.With the pyramid
schemethe systemcan pick up regions,at coarser
scales[25] andindirectly infer theabsolutedistribu-
tion informationwith the addedlighting invariance.
As an example, the intensity channel output for
the illustration image of �gure 5 shows different-
sized regions being emphasizedaccordingto their
respective center-surroundparameter.

D. PCA/ICADimensionReduction

The total numberof raw gist featuredimension
is 544, 34 featuremapstimes 16 regions per map
(�gure 5). WereducethedimensionsusingPrincipal
ComponentAnalysis (PCA) and then Independent
ComponentAnalysis (ICA) with FastICA [44] to a
more practicalnumberof 80 while still preserving
up to 97% of the variancefor a set in the upwards
of 30,000campusscenes.

E. SceneClassi�cation

For sceneclassi�cation,we usea three-layerneu-
ral network (with intermediatelayersof 200and100
nodes),trainedwith theback-propagationalgorithm
done on a 1.667GHzAthlon AMD machine.The
main reasonfor usinga neuralnetwork classi�er is
thesuccessrate(seeResults)which provesthat it is
adequate.In addition,it is easyto addmoresamples
and the training processtakes a short amount of
time. The completeprocessis illustrated in �gure
5.

I I I . TESTING AND RESULTS

We test the systemat several sites on campus
(map shown in �gure 6). The �rst one is the
AhmansonCenterfor Biological Research(ACB),
in which the scenesare �lmed aroundthe building
complex. Most of the surroundingsare �at walls
with little texture and solid lines that delineatethe
walls anddifferentpartsof the buildings.A region-
basedrepresentationwould �nd the environment

2 3

1

Fig. 6. Map of the experimentsites

ideal. Figure 7 shows someof the scenesaround
ACB with their correspondingvisual depiction of
gist. The secondsite is a region comprisedof two
adjoiningparks:AssociateandFounderspark(AnF)
which are dominatedby vegetations.Large areas
of the images are practically un-segmentableas
leavesoverrunmostregions.And althoughthereare
objects such as lamp posts and benches,lighting
inside the park may often rendertheir recognition
dif�cult becausethe sunlight is randomly blocked
by the trees.Referto Figure8 for thevarietyof the
visual stimuli collected along the path. The third
site we testedarean openareain the Frederick.D.
Faggpark.A largeportionof thescenes(�gure 9) is
the sky, mostly texturelessspacewith randomlight
clouds.

To collect visual datawe usean 8mm handheld
camcorder. The captured video clips are hardly
stableasthe camerais carriedby a personwalking
while �lming. Moreover, attemptsto smooth out
image jitters are not always successful.At this
point thedatais still view-speci�c, aseachlocation
is only traversedfrom one direction. For a view-
invariant scenerecognition, we need to train the
systemon multiple views [17]. We have tried to
sweepthe cameraleft to right (and vice versa)to
create a wider point of view, although to retain
performancethe sweephas to be done at a much
slower pacethan regular walking speed[45]. The
current testing setup is slightly selective as the
amountof foregroundinterferenceis minimizedby
�lming during off-peak hours where fewer people
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PCA/ICA Dimension Reduction

Place Classifier

Most Likely Location

Gist Feature
Vectors

Orientation Channel Color Channel Intensity Channel
Feature Maps

Gist Features

Input Image

Fig. 5. Exampleof Gist FeatureExtraction

are out walking. It shouldbe pointedout that gist
canincludeforegroundobjectsaspartof a sceneas
long as they do not dominateit.

For classi�cation, we divide the video clips into
segments.A segment is a portion of a hallway,
path,or roadinterruptedby a crossingor a physical
barrieratbothends.Thepathis dividedthiswaybe-
cause,along with naturalgeographicaldelineation,
imageswithin eachsegmentlook similar to ahuman
observer. Moreover, whenseparatingthedataat the
junction, we take specialcare in creatinga clean
breakbetweenthe two involved segments.That is,
we stopshortof a crossingfor the currentsegment
and wait a few momentsbefore starting the next
one. This ansuresthat the systemwill be trained
with datawhereground-truthlabeling (assigninga

segmentnumberto an image) is unambiguous.In
addition, for the framesin the middle of the clips
we includeall of them,thereis no by-handselection
beingdone.

The main issuein collecting training samplesis
the selectionof �lming timesthat includeall light-
ing conditions.Becauselighting spaceis hard to
gauge,we perform trial-and-errorto comeup with
timesof the day which attemptto cover the space.
We take data on up to six different times of the
day, twice for each,for severaldays.They cover the
brightest(noontime) to the darkest (early evening)
lighting conditions,overcastvs. clear, and encom-
passnotablechangesin apperancedueto increases
in temperature(hazy mid-afternoon).Although we
are boundto excludesomelighting conditions,the
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Fig. 7. Examplesof imagesin eachsegmentof ACB

resultsshow thatthecollectedsamplescover a large
portionof thespace.It shouldbenotedthatmost(10
of 12) of the training andtestingdataare taken on
different days.For the two taken on the sameday,
the testingdatawasrecordedis in theearlyevening
(darklighting) while trainingdatawasrecordednear
noon(bright lighting).

Eachof the �rst threeexperimentsusesthe same
classi�er neuralnetwork structure,with nine output
layer nodes (same as the number of segments).
We use absoluteencoding for the training data.
For example,if the correctanswerfor an imageis
segment1, the correspondingnodeis assigned1.0,
while theothersareall 0.0.Theencodingallows for
probabilisticoutputsfor scenesin the testingdata.
For completeness,the intermediatelayershave 200
and100nodes,respectively, while we have 80 input

nodes(for the 80 featuresof the gist vector).That
is a total of: 80*200 + 200*100+ 100*9 = 36,900
connections.Our cut-off for convergence is 1%
training error. All training is doneon a 1.667GHz
Athlon AMD machine.

A. Experiment1: AhmansonCenterfor Biological
Research (ACB)

This experimentalsite was chosento investigate
what the systemcan achieve in a rigid and less
spaciousman-madeenvironment.Eachsegment is
a straightline andpartof a hallway. Somehallways
aredivided into two segmentsso that eachsegment
is approximatelyof the same length. Figure 10
shows the map of the segments while �gure 7
displays scenesof each segment. Note that the
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Fig. 8. Examplesof imagesin eachsegmentof AssociateandFounderspark

map shows that the segments are not part of a
single continuouspath, but a series of available
walkways within an environment,traversedfrom a
singledirection.

Figure11 representsthe four lighting conditions
usedin testing: late afternoon,early evening (note
thatthelightsarealreadyturnedon),noon,andmid-
afternoon.We chosetwo dark and two bright con-
ditions to assurea wide rangeof testingconditions.

We train thesystemseveraltimesbeforechoosing
a training run that gives the highestclassi�cation
resulton the training data.After only abouttwenty
epochs,thenetwork convergesto lessthan1% error.
A fast rate of training convergencein the �rst few
epochsappearsto bea telling signof how successful
classi�cation will be during testing.Table I shows
results.Theterm“False+”for segmentx meansthe

numberof incorrect segmentx guessesgiven that
the correctansweris anothersegment,divided by
the total numberframesin thesegment;conversely,
“False-” is the numberof incorrect guessesgiven
that the correct answeris segment x, divided the
totalnumberframesin thesegment.Thetableshows
that the system is able to classify the segments
consistentlyduring the testing phasewith a total
error of 12.04%or an overall 87.96%correctness.

We also report the confusionmatrix in table II
and�nd thattheerrorsare,in general,notuniformly
distributed. Spikes of classi�cation errors between
segments1 and 2 would suggesta possibility of
signi�cant overlappingscenes(segment2 is a con-
tinuationof segment1; see�gure 10). On the other
hand, there are also errors that are not as easily
explainable. For example, 163 false positives for
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Fig. 9. Examplesof images,onefrom eachsegmentof FrederickD. Faggpark (segments1 through9 from left to right andtop to bottom).

TABLE I

AHMANSON CENTER FOR BIOLOGY EXPERIMENTAL RESULTS

Trial 1 Trial 2 Trial 3 Trial 4 Total
Segment False+ False- False+ False- False+ False- False+ False- False+ Percent. False- Percent.

1 14/390 11/387 17/380 47/410 32/393 27/388 39/445 5/411 102/1608 6.34% 90/1596 5.64%
2 20/346 114/440 133/468 101/436 85/492 54/461 18/325 131/438 256/1631 15.70% 400/1775 22.54%
3 1/463 3/465 0/456 29/485 82/502 43/463 33/475 31/473 116/1896 6.12% 106/1886 5.62%
4 7/348 18/359 24/338 7/321 5/226 84/305 7/148 108/249 43/1060 4.06% 217/1234 17.59%
5 46/348 5/307 52/389 0/337 64/290 95/321 125/403 41/319 287/1430 20.07% 141/1284 10.98%
6 24/567 13/556 39/478 56/495 23/533 24/534 69/564 7/502 155/2142 7.24% 100/2087 4.79%
7 43/410 71/438 55/371 129/445 136/439 95/398 108/486 22/400 342/1706 20.05% 317/1681 18.86%
8 101/391 0/290 18/265 0/247 67/320 21/274 37/303 22/288 223/1279 17.44% 43/1099 3.91%
9 65/320 86/341 46/404 15/373 17/262 68/313 29/227 98/296 157/1213 12.94% 267/1323 20.18%

Total 321/3583 384/3549 511/3457 465/3376 1681/13965
Percent. 8.96% 10.82% 14.78% 13.77% 12.04%



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 12

1

2

3 4

5

6

7

8
9

ACB
East Wing

SHS

ACB
West
Wing

ACB

OCW
CEM

LJS

Fig. 10. Map of the pathsegmentsof ACB

segment2 whenthe groundtruth is segment7 (and
141 false positives in the other direction). From
�gure 7 we can seethat thereis little resemblance
betweenthe two apperance-wise.However, if we
considerjust thecoarselayout,thestructureof both
segmentsaresimilar, with a white region on the left
sideanda dark red oneon the right side.

B. Experiment2: Associatesand Founders Park
(AnF)

We now comparethe results of Experiment1
with, conceivably, a more dif�cult classi�cation
task: segmenting paths in a vegetation-dominated
site. Figure III mapsout the segmentswhile �gure
8 displaysa sampleimagefrom eachof them.As
we can seethere are fewer extractablestructures.
In addition, the lengths of the segments at this
site are abouttwice the lengthsof the segmentsin
Experiment1. As with Experiment1, we perform
multi-layer neural network classi�cation using the

Fig. 11. Lighting conditionsusedfor testingat AhmansonCenter
for Biology (ACB). Clockwise from top left: late afternoon,early
evening,noon,andmid-afternoon

TABLE II

AHMANSON CENTER FOR BIOLOGY CONFUSION MATRIX

Segmentnumber guessedby algorithm

T
ru

e
se

gm
en

tn
um

be
r

Segment 1 2 3 4 5 6 7 8 9

1 1506 39 0 1 0 12 25 0 13
2 77 1375 0 0 0 54 141 11 117
3 1 6 1780 19 40 11 4 24 1
4 3 1 66 1017 66 49 14 18 0
5 0 10 4 0 1143 4 114 4 5
6 0 9 7 3 61 1987 10 10 0
7 18 163 0 13 1 19 1364 82 21
8 0 14 1 3 15 3 7 1056 0
9 3 14 38 4 104 3 27 74 1056

back-propagationalgorithmwith the samenetwork
architectureandparameters.The numberof epochs
for trainingconvergenceis lessthan40,abouttwice
that found for Experiment1.

Figure 13 shows four lighting conditionstested:
early evening (lights alreadyturned on), overcast,
noon,andmid-afternoon.Also notethat at the �rst
test run, the bench in the front is missing from
the image.We encountersimilar challengesin other
segments,suchasservicevehiclesparkedor a huge
storagebox placedin the park for a day.
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TABLE III

ASSOCIATE AND FOUNDERS PARK EXPERIMENTAL RESULTS

Trial 1 Trial 2 Trial 3 Trial 4 Total
Segment False+ False- False+ False- False+ False- False+ False- False+ Percent. False- Percent.

1 71/559 210/698 177/539 440/802 140/786 245/891 49/733 62/746 437/2617 16.70% 957/3137 30.51%
2 38/544 64/570 107/429 6/328 271/558 187/474 122/584 12/474 538/2115 25.44% 269/1846 14.57%
3 57/851 71/865 54/814 217/977 206/1096 78/968 38/996 5/963 355/3757 9.45% 371/3773 9.83%
4 61/518 31/488 72/611 58/597 221/730 179/688 131/652 111/632 485/2511 19.32% 379/2405 15.76%
5 82/669 30/617 142/867 45/770 121/785 110/774 54/744 87/777 399/3065 13.02% 272/2938 9.26%
6 300/1254 47/1001 265/1210 177/1122 273/1084 192/1003 148/1079 167/1098 986/4627 21.31% 583/4224 13.80%
7 42/297 167/422 177/643 104/570 54/553 62/561 76/416 59/399 349/1909 18.28% 392/1952 20.08%
8 54/577 75/598 73/696 69/692 59/771 85/797 60/770 58/768 246/2814 8.74% 287/2855 10.05%
9 106/737 116/747 53/858 4/809 146/655 353/862 69/732 186/849 374/2982 12.54% 659/3267 20.17%

Total 811/6006 1120/6667 1491/7018 747/6706 4169/26397
Percent. 13.50% 16.80% 21.25% 11.14% 15.79%
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Fig. 12. Map of the pathsegmentsof AssociateandFoundersPark

The result are shown at table III. The confusion
matrix (table IV) is also reported.A quick glance
at table III reveals that the performance,with a
total error of 15.79% (84.21% successrate), is
higher than in Experiment1. However, if we look
at the challengespresentedby the scenes,it is
quite an accomplishmentto lose less than 4% in
performance.In addition,no calibrationis donein
moving from the �rst environment to the second.

Fig. 13. Lighting conditions used for testing at Asociate and
Founderspark (AnF). Clockwisefrom top left: early evening,over-
cast,noon,andmid-afternoon

Increasesin length of segmentsdo not affect the
resultsdrastically. The resultsfrom the third exper-
iment which haseven longersegmentswill con�rm
this assessment.It appearsthat the longer length
doesnot meanmore variability to absorbbecause
the majority of the sceneswithin a segment do
not changeall that much. The confusion matrix
(tableIV) shows that theerrorsaremarginally more
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TABLE IV

ASSOCIATE AND FOUNDERS PARK CONFUSION MATRIX

Segmentnumber guessedby algorithm

T
ru

e
se

gm
en

tn
um

be
r

Segment 1 2 3 4 5 6 7 8 9

1 2180 32 21 28 212 374 96 52 142
2 20 1577 43 7 1 186 7 4 1
3 118 26 3402 73 51 4 27 33 39
4 3 131 89 2026 4 66 45 5 36
5 68 2 9 13 2666 49 8 105 18
6 22 86 59 142 40 3641 161 6 67
7 38 62 1 14 15 201 1560 4 57
8 78 24 73 52 14 29 3 2568 14
9 90 175 60 156 62 77 2 37 2608

uniform than in Experiment1 (few zero entries),
probablyas the environment is lessstructuredand
proneto moreaccidentalclassi�cationerrorsamong
possibly non-adjacentsegments when vegetation
dominates.

C. Experiment3: Frederick D. Fagg park (FDF)

The third and �nal site is an openareain front
of the Leavey and Doheny libraries called the
FrederickD. Fagg park, which the studentsuseto
study outdoorsand to catch somesun. The main
motivation for testing at this site is to assessthe
gist responseon sparserdata.Figure 14 shows the
map of segmentswhile �gure 9 shows the scenes
from eachsegment.The segmentsare about 50%
longerthantheonesin thesecondexperiment(three
timesthat of experiment1). The numberof epochs
in training goesup by about ten and the amount
time of convergence roughly doubles from that
of experiment 2, to about 50 minutes.Figure 15
representsthe four lighting conditionstested:early
evening(thestreetlights not yet turnedon),evening
(the streetlights are alreadyturnedon), noon,and
middle of afternoon.

Table V shows the results for the experiment,
listing total errorof 11.38%(88.62%classi�cation).
The result from trail 2 (7.95% error) is the best
amongall runsfor all experiments.We suspectthat
this successis becausethe lighting very closely
resemblesthe one of the training data. The run
is conductedat noon, in which the lighting does
tend to stay the samefor long periodsof time. As
a performancereference,when we test the system
with a set of data taken right after a training set,
the error ratesareabout9% to 11%.Whentraining

1

5

2 3

4

6

7

89

VKC

SOS

WPH

LVL

CAS

Frederick D. 
Fagg Jr. Park

Fig. 14. Map of the pathsegmentsof FrederickD. Faggpark

imageswith the samelighting condition as on a
subsetof testingdataof interestareexcludedduring
training,theerror for that run usuallyat leasttriples
(to aboutthirty to forty percent),whichsuggeststhat
lighting coveragein the training phaseis a critical
factor.

The confusion matrix for Experiment 3 (table
VI is also reported.Overall, the resultsare better
than Experiment 1 and 2 even though the seg-
ments are longer on average. It can be argued
that the system performancedegradesgracefully
with thesubjectively-assessedvisualdif�culty of the
environment, experiment 2 (AnF) being the most
challengingone.

D. Experiment4: Combinedsites

To gaugethe system's scalability, we combine
scenesfrom all three sites and train it to classify
twenty seven different segments.The only differ-
ence in the neural-network classi�er is that the
output layer now consistsof twenty-seven nodes.
The number of the input and hidden nodes re-
mains the same. The number of connectionsis
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TABLE V

FREDERICK D. FAGG PARK EXPERIMENTAL RESULTS

Trial 1 Trial 2 Trial 3 Trial 4 Total
Segment False+ False- False+ False- False+ False- False+ False- False+ Percent. False- Percent.

1 22/657 246/881 40/699 11/670 44/684 207/847 28/735 246/953 134/2775 4.83% 710/3351 21.19%
2 246/1022 12/788 53/749 44/740 56/727 126/797 105/758 225/878 460/3256 14.13% 407/3203 12.71%
3 11/691 178/858 0/689 7/696 341/1218 45/922 282/1147 5/870 634/3475 16.93% 235/3346 7.02%
4 5/799 43/837 3/663 80/740 53/883 7/837 35/757 99/821 96/3102 3.09% 229/3235 7.08%
5 18/440 409/831 11/390 369/748 2/696 0/694 16/870 0/854 47/2396 1.96% 778/3127 24.88%
6 343/1976 47/1680 12/1550 27/1565 182/1772 122/1712 243/1770 145/1672 780/7068 11.04% 341/6629 5.14%
7 0/806 231/1037 25/944 4/923 0/675 182/857 30/886 38/894 55/3311 1.66% 455/3711 12.26%
8 483/1607 48/1172 436/1568 79/1211 319/1581 93/1355 149/1244 175/1270 1387/6000 23.12% 395/5008 7.89%
9 86/825 0/739 65/866 24/825 42/579 257/794 164/788 119/743 357/3058 11.67% 400/3101 12.90%

Total 1214/8823 645/8118 1039/8815 1052/8955 3950/34711
Percent. 13.76% 7.95% 11.787% 11.75% 11.38%

Fig. 15. Lighting Conditionsusefor Testingat FrederickD. Fagg
park (FDF). Clockwisefrom top left: early evening,evening,noon,
andmiddle of afternoon

increasedby 1,800 (18 new output nodesby 100
secondhidden-layernodes),from 36,900to 38,700
connections(4.88%). We use the sameprocedure
as well as training and testing data (175,406and
75,073 frames,respectively). The training process
takes much longer than for the other experiments.
It is about 260 epochswith the last 200 epochs

TABLE VI

FREDERICK D. FAGG PARK CONFUSION MATRIX

Segmentnumber guessedby algorithm
T

ru
e

se
gm

en
tn

um
be

r
Segment 1 2 3 4 5 6 7 8 9

1 2641 11 165 0 0 364 0 170 0
2 55 2796 106 0 7 97 0 70 72
3 0 71 3111 0 0 153 0 0 11
4 0 136 1 3006 0 0 0 92 0
5 9 23 0 0 2349 63 13 660 10
6 22 30 254 5 6 6288 0 3 21
7 0 154 0 0 24 62 3256 168 47
8 45 30 40 35 6 3 40 4613 196
9 3 5 68 56 4 38 2 224 2701

or so converging very slowly from 3% down to
1%. When training, we print the confusionmatrix
periodically to analyzethe processof convergence,
andwe �nd that the network convergesfrom inter-
siteclassi�cationbeforegoingfurtherandeliminate
the intra-site errors. We organize the results into
segment-level (TableVII) andsite-level (TableVIII)
statistics.

For segment-level classi�cation, the total error
rate is 13.55%. We expected the results to be
somewhatworsethanall previousthreeexperiments
when eachsite is classi�ed individually. However,
suchis not thecasewhencomparingit with theAnF
experiment (15.79%; experiment 2) while being
marginally worse than the other two (12.04% for
ACB in experiment2 and11.38%for FDF in exper-
iment 3). Notice also that the relative error among
the individual sites changesas well. The results
for AnF segmentsin the combinedsetupimprove
by 2.47%to 13.32%error while rate for segments
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TABLE VIII

COMBINED SITES EXPERIMENTAL RESULTS

Site ACB AnF FDF False-/Total Pct. err

ACB 12882 563 520 1083/13965 7.76%
AnF 350 25668 379 729/26397 2.76%
FDF 163 1433 33115 1596/34711 4.60%

False+ 513 1996 899 3408
Total 13395 27664 34014 75073

Pct. err 3.83% 7.22% 2.64% 4.54%

in ACB and FDF degradesby 4.24% and 1.25%,
respectively. From the site-level confusion matrix
(tableVIII), weseethatthesystemcanreliablypin a
giventestimageto thecorrectsitewith only 4.54%
error (95.46% classi�cation). This is encouraging
becausetheclassi�er canthenprovidevariouslevels
of outputs.For instance,whenthe systemis unsure
abouttheactualsegmentlocation,it canat leastrely
on beingat the right site.

Oneof theconcernsin combiningsegmentsfrom
different sites is that the number of samplesfor
eachof thembecomesunbalancedastherearesome
segmentsthat take less time to walk through (as
short as 10 seconds)while otherscan take up to
a minute and a half. That is, the lower numberof
samplesfor ACB may yield a network convergence
that gives heavier weightson correctly classifying
the longersegmentsfrom AnF andFDF. From the
site-level statistics(tableVIII), we canseethat the
trenddoeshold, althoughnot to analarmingextent.

IV. DISCUSSION

We have shown that the gist featuressucceedin
classifying a large set of imageswithout the help
of temporal�ltering (one-shotrecognitionon each
image consideredindividually), which would be
expectedto further improve the resultsby reducing
noisesigni�cantly [17]. In termsof robustness,the
featuresare able to handle translational,angular,
scale and illumination changes.Becausethey are
computedfrom large image sub-regions, it takes
a sizable translationalshift to affect the values.
As for angularstability, the naturalperturbationof
a cameracarried while walking seemsto aid the
demonstratedinvariance.For largerangulardiscrep-
ancy, like for example in in the caseof off-road
environments,an engineeringapproachlike adding
sensorssuch as a gyroscopeto correct the angle
of view may be advisable.The gist featuresare

also invariant to scalebecausethe majority of the
scenes(background)are stationaryand the system
is trained at all viewing distances.The gist fea-
turesachieve a solid illumination invariancewhen
trainedwith differentlighting conditions.Lastly, the
combined-sitesexperimentshows that the number
of differentiablescenescan be quite high. Twenty
seven segmentscan make up a detailedmap of a
large area.

A profoundeffect of using gist is the utilization
of backgroundinformationmoresothanforeground.
However, one drawback of the currentgist imple-
mentationis that it cannotcarry out partial back-
ground matching for scenesin which large parts
are occludedby dynamic foreground objects. As
mentionedearlier the videosare �lmed during off-
peak hours when few people(or vehicles)are on
theroad.Nevertheless,they canstill createproblems
whenmoving toocloseto thecamera.In oursystem,
theseimagescanbetakenout usingthemotioncues
from themotionchannelof thesaliency algorithmas
apreprocessing�lter , detectingsigni�cant occlusion
by thresholding the sum of the motion channel
featuremaps[37]. Furthermore,a wide-anglelens
(with softwaredistortioncorrection)canhelp to see
moreof the backgroundscenesand,in comparison,
decreasethesizeof the moving foregroundobjects.

The gist features,despitetheir currentsimplistic
implementation,are able to achieve a promising
localizationperformance.The techniquehighlights
the rapid nature of gist while still accurate in
performingits tasks.This, in large part, is because
the basic computationalmechanismsof extracting
thegist featuresaresimpleaveragingof visual cues
from differentdomains.Theoretically, scalability is
a concern becausewhen we average over large
spaces,backgrounddetails that may be critical in
distinguishingcertain locationscan be lost. How-
ever, althoughmore sophisticatedgist computation
could be incorporated,we avoid complicationsthat
occur when trying to �t more complex modelsto
unconstrainedandnoisydata.For example,a graph
would be a more expressive layout representation
thanthe currentgrid-baseddecomposition(refer to
�gure 3). It can representa sceneas segmented
region feature vectors, or even objects, for each
node,andcoarsespatialrelationshipsfor theedges.
The node information can provide explicit shape
recognition,which, in essence,is what is lacking in
our currentimplementation.Howver, as mentioned
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TABLE VII

COMBINED SEGMENT EXPERIMENTAL RESULTS

ACB AnF FDF
Segment False+ % err. False- % err. False+ % err. False- % err. False+ % err. False- % err.

1 292/1657 16.20% 231/1596 14.47% 565/3120 18.11% 582/3137 18.55% 231/2306 10.02% 1276/3351 38.08%
2 277/1710 16.20% 342/1775 19.27% 636/2159 29.46% 323/1846 17.50% 455/3175 14.33% 483/3203 15.08%
3 275/2031 13.54% 130/1886 6.89% 555/4198 13.22% 130/3773 3.45% 893/3881 23.01% 358/3346 10.70%
4 61/1211 5.04% 84/1234 6.81% 233/2401 9.70% 237/2405 24.05% 56/3102 1.81% 189/3235 5.84%
5 129/1208 10.68% 205/1284 15.97% 583/3251 17.93% 270/2938 9.19% 107/3115 3.43% 119/3127 3.81%
6 162/2040 7.94% 209/2087 10.01% 926/4462 20.75% 688/4224 16.29% 784/6426 12.20% 987/6629 14.89%
7 308/1438 21.42% 551/1681 32.78% 298/1680 17.74% 570/1952 29.20% 309/3704 8.34% 316/3711 8.52%
8 83/961 8.64% 221/1099 20.11% 730/3278 22.72% 307/2855 10.75% 300/4833 6.21% 475/5008 9.48%
9 116/1139 10.18% 300/1323 22.68% 257/3115 8.25% 409/3267 12.52% 551/3472 15.87% 180/3101 5.80%

Total 1703/13395 12.714% 2273/13965 16.276% 4783/27664 17.290% 3516/26397 13.320% 3686/34014 10.837% 4383/34711 12.627%

Total 10172/75073= 13.55%

in introductionsuchapproachcanbreakdown when
a segmentationerror occur. In our secondexper-
iment (AnF), for example, overlapping trees or
overlappingbuildings canbe jumbledtogether.

Another way to increasethe theoreticalstrength
of the gist features is to go to a �ner grid to
incorporatemorespatialinformation.For thecurrent
extractionprocess,to go to next level in thepyramid
(an eight-by-eightgrid) is to increasethe number
of features from 16 to 64 in each sub-channel.
However more spatial resolutionalso meansmore
data (quadrupledthe amount) to processand it is
not obvious where the point of diminishing return
is. We have to strike a balancein resolutionand
generalization,pushing the complexity of expres-
sivenessof the featureswhile keeping robustness
andcompactnessin mind. That said,our goal is to
emulatehuman-level gist understandingthat canbe
applied to a larger set of problems.As such our
further direction would be to stay faithful to the
availablescienti�c dataon humanvision.

We have not discussedin length the need for
localization within a segment. The gist features
would have problemsdifferentiatingsceneswhen
most of the backgroundoverlapsas is the casefor
sceneswithin segment. Gist, by de�nition, is not
a mechanismto producea detailedpicture and an
accuratelocalization, just the coarsecontext. This
is where saliency and localized object recognition
may complementgist. The raw gist featuresare
sharedwith thesaliency modelsothatwe canattack
the problem from multiple sides ef�ciently . One
of the issueswe encounterwith this arrangement
will be the needto synchronizethe representation
so that the two can coincide naturally to provide

a complete scenedescription. With gist we can
locateour generalwhereaboutto the segmentlevel.
With saliency we cannow pin-pointour exact loca-
tions by �nding distinctive cuessituatedwithin the
segmentand approximateour distancefrom them.
The gist model can even prime regions within a
scene[46] by providing context to pruneout noisy
possiblesalientlocations.

V. CONCLUSION

We have shown that the gist modelcanbe useful
in outdoorslocalizationfor a walking human,with
obviousapplicationto autonomousmobile robotics.
The model is able to provide high-level context
information (a segmentwithin a site) from various
outdoorenvironmentsdespiteusingcoarsefeatures.
It is ableto contrastscenesin a global mannerand
automaticallytakes obvious idiosyncrasiesinto ac-
count.This capabilityreducesthe needfor detailed
calibrationin whicharobothasto rely on thead-hoc
knowledge of the designerfor reliable landmarks.
Furthermore,we areworking on extendingthe cur-
rent systemto recognizeplaces/segmentswithout
having to train it explicitly. This requirestheability
to clustergist featurevectorsfrom a samelocation,
which also help alert the robot when it is moving
from one location to another.

Becausethe raw featuresare sharedwith the
saliency model, the systemcan ef�ciently increase
localization resolution. It can use salient cues to
createdistinct signaturesof individual scenes,�ner
points of referencewithin a segment that may not
be differentiable by gist alone. The salient cues
can also help guide localization for the transitions
betweensegmentswhich we did not try to classify.
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In the future we would like to presenta physical
implementationof a model that uses bottom-up
salientcuesas well as context to producea useful
topographicalmap for navigation in unconstrained,
outdoorenvironment.
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