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1 Intr oduction

Humanperformancen visual perceptionby far exceedsthe performanceof contem-
porarycomputenvision systemsWhile humansareableto perceve their environment
almostinstantlyandreliably underawide rangeof conditionscomputewision systems
work well only undercontrolledconditionsin limited domains.

Thethesisaddressethedifferencesn datastructuresandalgorithmsunderlyingthe
differencesn performanceTheinterfaceproblembetweensymbolicdatamanipulated
in high-level vision andsignalsprocessedby low-level operationds identi ed asone
of themayorissuesf today's computeision systems.

The thesisaims at reproducingthe robustnessand speedof humanperceptionby
proposinga hierarchicalrchitecturdor iterative imageinterpretationlt is dividedinto
two partsthatcover theoreticalspectandapplicationof the proposedarchitecture.

2 Theory

First,| give somebackgroundnformationonthe humarvisualsystemThevisualpath-
ways, the organizationof featuremaps,computationin layers,neuronsas processing
units, and synapsessadaptableelementsare covered.Someopenquestionsare dis-
cussedincludingthebinding problemandtherole of recurrentconnections.

The coverageof relatedwork focusse®n two aspect®f the proposedarchitecture:
hierarchyand recurrence Genericsignal decompositionsheural networks, and gen-
erative statisticalmodelsare reviewed as examplesof hierarchicalsystemdor image
analysis.The discussiorof recurrencepaysspecialattentionto modelswith speci c
typesof recurrentinteractionsiateral,vertical,andthe combinationof both.

Neural Abstraction Pyramid Ar chitecture: In thethesisl proposeo usehierarchical
neuralnetworksfor representingmagesat multiple abstractiorlevels, asillustratedin
Fig. 1. The lowestlevel representshe imagesignal.In eachnew level upwards,the
spatialresolutionof two-dimensionaknalogrepresentationgecreasesvhile feature
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Fig. 1. Integrationof bottom-up Jateral,andtop-davn processinglmagesarerepresentedt dif-

ferentlevels of abstractionAs spatialresolutiondecreasesgaturediversity and invarianceto
transformationéncreaseSimpleprocessinglementsnteractvia local recurreniconnections.
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Fig. 2. Iterative imageinterpretation(a) interpretatiorstartswherelittle ambiguityexists; (b) lat-
eralinteractiongeduceambiguity;(c) top-davn in uencesbiasthelow-level decision.

diversity andinvarianceincrease The representationare obtainedusing simple pro-
cessingelementghatinteractlocally. Recurrenhorizontalandverticalinteractionsare
mediatedoy weightedlinks. Weight sharingkeepsthe numberof free parametersow.
Recurrencellows for theintegrationof bottom-up Jateral,andtop-dovn in uences.
Inferencein the proposedarchitecturds performediteratively. An imageis inter-
pretedrst atpositionswherelittle ambiguityexists. Partial resultsthenbiasthe inter-
pretationof moreambiguoustimuli. Thisis a e xible wayto incorporatecontet. Such
a re nementis mostusefulwhenthe imagecontrastis low, noiseand distractorsare
presentpbjectsarepartially occludedor theinterpretationis otherwisecomplicated.
Toillustrateits use,smallexamplenetworksapplythearchitectureo local contrast
normalization pinarizationof handwriting,andshift-invariantfeatureextraction.

Unsupervisedand SupervisedLearning: An unsupervisetearningalgorithmis pro-
posedor thesuggestedrchitecturghatyieldsahierarchyof sparsdeaturesillustrated
in Fig. 3. It is appliedto a datasebf handwrittendigits. The producedabstracfeatures
are usedas input to a supervisedclassi er. This classi er outperformstwo existing
classi ers.Performancéncreasedurtherwhenit is usedin combinationwith them.
After a generaldiscussiorof supervisedearningproblems gradientdescentech-
niquesfor feed-forward and recurrentneural networks are reviewed separatelylm-
provementgo thebackpropagatiotechniqueandregularizatiormethodsarediscussed,
aswell asthe dif culty of learninglong-termdependencies recurrentnetworks. It
is suggestedo combinethe RPROP algorithmwith backpropagatiothroughtime to
achieve stableandfastlearningin the proposedecurrenthierarchicakrchitecture.



Y b4l
558¢%
S3883
T HAT
Step Edges Lines Strokes Curves Digits

Fig. 3. Unsupervisedearninga hierarchyof sparsedigit features.The network architectures
sketchedin the upperhalf. It consistof severallayersof speci ¢ excitatory featurearrayswith
decreasingesolution.Unspeci c inhibition is mediatedby subsample@dmoothedsumsof local
excitation. The lower part shavs the four beststimuli for four of the featuredetectorsof each
layer Onecanobsere anincreasinglegreeof abstractiorwith distancgrom theinput signal.

3 Applications

Recognition of Meter Values: The proposedarchitecturds appliedto recognizethe
valueof postagametermarks.After describinghe problem the datasetandsomepre-
processingtepstwo classi ersaredetailed.The rst oneis a hierarchicablock clas-
si er thatrecognizesnetervalueswithout prior digit segmentationThe secondoneis
aneuralclassi er for isolateddigits thatis employed whenthe block classi er cannot
produceacon dentdecisionlt usesheoutputof theblock classi er for aneighboring
digit ascontextualinput. This systemcanreadmetervaluesreliably.

Binarizaton of Matrix Codes: The secondapplicationdealswith the binarizationof
matrix codesAfter theintroductionto theproblem,anadaptie thresholdingalgorithm
is proposedhatis employedto produceoutputsfor undegradedmagesA hierarchical
recurrentnetwork is trainedto producetheseoutputsevenwhenthe inputimagesare
degradedwith typical noise.This allows to readlow-quality codeimagesfor which
adaptve thresholdindails.

Image Reconstruction: Theproposedrchitecturas alsoappliedto imagereconstruc-
tion problems Supetresolutionthe lling-in of occlusionsandnoiseremoval/contrast
enhancemerdrelearnedby hierarchicalrecurreninetworks. Imagesaredegradedand
networks are trainedto reproducethe originals iteratively. The samemethodis also
appliedto thereconstructiorirom imagesequencegsshavn in Fig. 4.

FaceLocalization: Thelastapplicationdealswith a problemof human-computein-
teractionfacelocalization.A hierarchicatecurrennetwork, shovnin Fig. 5, is trained
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Fig. 4. Imagereconstruction(a) degradednput sequencefb) outputover time; (c) target.
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Fig. 5. Sketchof the network usedfor learningfacelocalization.It consistsof four layerswith
excitatoryandinhibitory featurearrays.Thereis alocal recurrenttonnectity.

onadatabasefimageghatshowv personsn of ce ervironmentsThetaskis to indicate
the eye positionsby producinga blob for eacheye. The network outperformsa hybrid
localizationsystemthatwasproposedy the creatorsof the databaselt is alsoableto
trackamoving face.

4 Summary and Conclusions

The successfuapplicationof the proposedarchitecturego severalnon-trivial computer
vision tasksshows thatthe designpatternsusedareadvantageousor suchproblems.
Thearchitecturabiasof the NeuralAbstractionPyramidfacilitateslearningof ef -
cientimagerepresentationg.he networksutilize thetwo-dimensionahatureof images
aswell astheir hierarchicalstructure Becauséhe samedatastructuresandalgorithms



areusedfrom thelower layersof the pyramidall theway to its top, the interfaceprob-
lem betweerhigh-level andlow-level representationdoesnot occur
Theuseof weightsharingallows to reuseexamplesseenat onelocationfor thein-
terpretatiorof otherlocations.It helpsto limit the numberof free network parameters
andhencefacilitatesgeneralizationRestrictingthe weightsto mediatespeci ¢ excita-
tion andunspeci cinhibition constraingherepresentationgsedby the networks,since
it enforcessparsdeaturesA similar effect canbe achiezedwith alow-actiity prior.
The employmentof recurrencevas motivatedby the ubiquitouspresencef feed-
backin thehumanvisualsystemandby thefactthataniterative solutionto aproblemis
frequentlymuchsimplerthandirectone.Recurrencallowsto integratebottom-up Jat-
eral,andtop-dovn in uences.If localambiguitiesexist, theinterpretatiordecisioncan
be deferred,until contextual evidencearrives,yielding a e xible useof contet. Parts
of therepresentatiothatarecon dentbiastheinterpretatiorof lesscon dent parts.
This iterative approacthasanytime characteristicdnitial interpretatiorresultsare
availablevery early If necessarythey arere ned asthe processingroceedsThe ad-
vantagef sucha stratgly are mostobviousin situationswhich are challengingfor
currentcomputervision systemsWhile for the interpretationof unambiguousstim-
uli nore nementis necessartheiterative interpretatiorhelpsto resohe ambiguities.
Hence,its useshouldbe consideredvhenimage contrastis low, noiseis presentor
objectsare partially occluded.Sincethe recurrentnetworks canintegrateinformation
overtime, they aresuitablefor the processingf input sequencesuchasvideo.
Theapplicationof learningtechniquego the proposedarchitectureshovs away to
overcomethe problematicdesigncompleity of currentcomputervision systemsSu-
pervisedearningoffersthe possibility to specifythetaskthrougha setof input/output
examples Automaticoptimizationof all partsof the systemis possiblein orderto pro-
ducethedesiredresults.In this way, a genericnetwork becomegask-speci c.

Future Work: Severalinterestingaspectdave not beencoveredin the thesis.They
includeimplementatioroptions,the useof morecomple< processinglementsandthe
integrationof the perceptiometwork into a completesystem.

Implementatioroptionsfor the proposedarchitecturanclude SIMD processoex-
tensionsparallel processorsand massive parallelimplementationsincluding analog
VLSI. Theless e xible animplementatioris, the greateris the potentialfor improve-
mentsin costs sizeandpower consumptionDensearraysof viascouldallow for tight
integrationof CMOSimagesensorandmultiple layersof analogprocessingrraysin
a stackof chips.This hasthe potentialfor inexpensve, small, low power devicesthat
have the computationapower of today's supercomputerr computefvision tasks.

Thesimpleprocessinglementsisedresembldeed-forwardneuralnetworkswith a
singleoutput-unit.Onecouldinvestigateheuseof biologically morerealisticunitsthat
generatespikesandhave dynamicsynapsesAnotherinterestindine of researchwould
be to give the representationa probabilisticinterpretationby viewing the abstraction
pyramidasgraphicalbelief network andapplyinggeneralizedelief propagation.

Finally, the investigatedsystemconstitutesa perceptuahetwork. It could be com-
plimentedby aninversehierarchicalnetwork thatexpandsabstractctiondecisionso
low-level actuatorcommandsConnectedo an embodiedagent,sucha completesys-
temwould allow for the useof reinforcementearningtechniques.



