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1 Intr oduction

Humanperformancein visual perceptionby far exceedsthe performanceof contem-
porarycomputervision systems.While humansareableto perceive their environment
almostinstantlyandreliablyunderawiderangeof conditions,computervisionsystems
work well only undercontrolledconditionsin limited domains.

Thethesisaddressesthedifferencesin datastructuresandalgorithmsunderlyingthe
differencesin performance.Theinterfaceproblembetweensymbolicdatamanipulated
in high-level vision andsignalsprocessedby low-level operationsis identi�ed asone
of themayorissuesof today'scomputervisionsystems.

The thesisaimsat reproducingthe robustnessandspeedof humanperceptionby
proposingahierarchicalarchitecturefor iterative imageinterpretation.It is dividedinto
two partsthatcover theoreticalaspectsandapplicationsof theproposedarchitecture.

2 Theory

First,I givesomebackgroundinformationonthehumanvisualsystem.Thevisualpath-
ways,the organizationof featuremaps,computationin layers,neuronsasprocessing
units, andsynapsesasadaptableelementsarecovered.Someopenquestionsaredis-
cussed,includingthebindingproblemandtheroleof recurrentconnections.

Thecoverageof relatedwork focusseson two aspectsof theproposedarchitecture:
hierarchyand recurrence.Genericsignal decompositions,neuralnetworks, andgen-
erative statisticalmodelsarereviewed asexamplesof hierarchicalsystemsfor image
analysis.The discussionof recurrencepaysspecialattentionto modelswith speci�c
typesof recurrentinteractions:lateral,vertical,andthecombinationof both.

Neural Abstraction Pyramid Ar chitecture: In thethesisI proposeto usehierarchical
neuralnetworksfor representingimagesat multiple abstractionlevels,asillustratedin
Fig. 1. The lowest level representsthe imagesignal. In eachnew level upwards,the
spatialresolutionof two-dimensionalanalogrepresentationsdecreaseswhile feature
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Fig.1. Integrationof bottom-up,lateral,andtop-down processing.Imagesarerepresentedat dif-
ferent levels of abstraction.As spatialresolutiondecreases,featurediversity and invarianceto
transformationsincrease.Simpleprocessingelementsinteractvia local recurrentconnections.
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Fig.2. Iterative imageinterpretation:(a) interpretationstartswherelittle ambiguityexists;(b) lat-
eralinteractionsreduceambiguity;(c) top-down in�uencesbiasthelow-level decision.

diversity andinvarianceincrease.The representationsareobtainedusingsimplepro-
cessingelementsthatinteractlocally. Recurrenthorizontalandverticalinteractionsare
mediatedby weightedlinks. Weightsharingkeepsthenumberof freeparameterslow.
Recurrenceallows for theintegrationof bottom-up,lateral,andtop-down in�uences.

Inferencein the proposedarchitectureis performediteratively. An imageis inter-
preted�rst at positionswherelittle ambiguityexists.Partial resultsthenbiastheinter-
pretationof moreambiguousstimuli. Thisis a�e xible wayto incorporatecontext. Such
a re�nement is mostusefulwhenthe imagecontrastis low, noiseanddistractorsare
present,objectsarepartially occluded,or theinterpretationis otherwisecomplicated.

To illustrateits use,smallexamplenetworksapplythearchitectureto localcontrast
normalization,binarizationof handwriting,andshift-invariantfeatureextraction.

Unsupervisedand SupervisedLearning: An unsupervisedlearningalgorithmis pro-
posedfor thesuggestedarchitecturethatyieldsahierarchyof sparsefeatures,illustrated
in Fig. 3. It is appliedto adatasetof handwrittendigits.Theproducedabstractfeatures
are usedas input to a supervisedclassi�er. This classi�er outperformstwo existing
classi�ers.Performanceincreasesfurtherwhenit is usedin combinationwith them.

After a generaldiscussionof supervisedlearningproblems,gradientdescenttech-
niquesfor feed-forward and recurrentneuralnetworks are reviewed separately. Im-
provementsto thebackpropagationtechniqueandregularizationmethodsarediscussed,
aswell as the dif�culty of learninglong-termdependenciesin recurrentnetworks. It
is suggestedto combinethe RPROP algorithmwith backpropagationthroughtime to
achievestableandfastlearningin theproposedrecurrenthierarchicalarchitecture.



Fig.3. Unsupervisedlearninga hierarchyof sparsedigit features.The network architectureis
sketchedin theupperhalf. It consistsof several layersof speci�c excitatory featurearrayswith
decreasingresolution.Unspeci�c inhibition is mediatedby subsampledsmoothedsumsof local
excitation.The lower part shows the four beststimuli for four of the featuredetectorsof each
layer. Onecanobserve anincreasingdegreeof abstractionwith distancefrom theinput signal.

3 Applications

Recognitionof Meter Values: Theproposedarchitectureis appliedto recognizethe
valueof postagemetermarks.After describingtheproblem,thedataset,andsomepre-
processingsteps,two classi�ersaredetailed.The�rst oneis a hierarchicalblock clas-
si�er thatrecognizesmetervalueswithout prior digit segmentation.Thesecondoneis
a neuralclassi�er for isolateddigits that is employedwhentheblock classi�er cannot
produceacon�dent decision.It usestheoutputof theblockclassi�er for aneighboring
digit ascontextual input.Thissystemcanreadmetervaluesreliably.

Binarizaton of Matrix Codes: Thesecondapplicationdealswith thebinarizationof
matrixcodes.After theintroductionto theproblem,anadaptivethresholdingalgorithm
is proposedthatis employedto produceoutputsfor undegradedimages.A hierarchical
recurrentnetwork is trainedto producetheseoutputsevenwhenthe input imagesare
degradedwith typical noise.This allows to readlow-quality codeimagesfor which
adaptive thresholdingfails.

ImageReconstruction: Theproposedarchitectureis alsoappliedto imagereconstruc-
tion problems.Super-resolution,the�lling-in of occlusions,andnoiseremoval/contrast
enhancementarelearnedby hierarchicalrecurrentnetworks.Imagesaredegradedand
networks are trainedto reproducethe originals iteratively. The samemethodis also
appliedto thereconstructionfrom imagesequences,asshown in Fig. 4.

FaceLocalization: The lastapplicationdealswith a problemof human-computerin-
teraction:facelocalization.A hierarchicalrecurrentnetwork,shown in Fig.5, is trained
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Fig.4. Imagereconstruction:(a) degradedinputsequence;(b) outputover time; (c) target.
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Fig.5. Sketchof the network usedfor learningfacelocalization.It consistsof four layerswith
excitatoryandinhibitory featurearrays.Thereis a local recurrentconnectivity.

onadatabaseof imagesthatshow personsin of�ce environments.Thetaskis to indicate
theeye positionsby producinga blob for eacheye.Thenetwork outperformsa hybrid
localizationsystemthatwasproposedby thecreatorsof thedatabase.It is alsoableto
trackamoving face.

4 Summary and Conclusions

Thesuccessfulapplicationof theproposedarchitectureto severalnon-trivial computer
vision tasksshowsthatthedesignpatternsusedareadvantageousfor suchproblems.

Thearchitecturalbiasof theNeuralAbstractionPyramidfacilitateslearningof ef�-
cientimagerepresentations.Thenetworksutilize thetwo-dimensionalnatureof images
aswell astheir hierarchicalstructure.Becausethesamedatastructuresandalgorithms



areusedfrom thelower layersof thepyramidall theway to its top, theinterfaceprob-
lembetweenhigh-level andlow-level representationsdoesnotoccur.

Theuseof weightsharingallows to reuseexamplesseenat onelocationfor thein-
terpretationof otherlocations.It helpsto limit thenumberof freenetwork parameters
andhencefacilitatesgeneralization.Restrictingtheweightsto mediatespeci�c excita-
tion andunspeci�cinhibition constrainstherepresentationsusedby thenetworks,since
it enforcessparsefeatures.A similareffect canbeachievedwith a low-activity prior.

Theemploymentof recurrencewasmotivatedby theubiquitouspresenceof feed-
backin thehumanvisualsystemandby thefactthataniterativesolutionto aproblemis
frequentlymuchsimplerthandirectone.Recurrenceallowsto integratebottom-up,lat-
eral,andtop-down in�uences.If localambiguitiesexist, theinterpretationdecisioncan
be deferred,until contextual evidencearrives,yielding a �e xible useof context. Parts
of therepresentationthatarecon�dent biastheinterpretationof lesscon�dent parts.

This iterative approachhasanytimecharacteristics.Initial interpretationresultsare
availablevery early. If necessary, they arere�ned astheprocessingproceeds.Thead-
vantagesof sucha strategy aremostobvious in situationswhich arechallengingfor
currentcomputervision systems.While for the interpretationof unambiguousstim-
uli no re�nementis necessary, the iterative interpretationhelpsto resolve ambiguities.
Hence,its useshouldbe consideredwhen imagecontrastis low, noiseis present,or
objectsarepartially occluded.Sincethe recurrentnetworks canintegrateinformation
over time, they aresuitablefor theprocessingof input sequences,suchasvideo.

Theapplicationof learningtechniquesto theproposedarchitectureshowsa way to
overcometheproblematicdesigncomplexity of currentcomputervision systems.Su-
pervisedlearningoffersthepossibilityto specifythetaskthrougha setof input/output
examples.Automaticoptimizationof all partsof thesystemis possiblein orderto pro-
ducethedesiredresults.In this way, agenericnetwork becomestask-speci�c.

Futur e Work: Several interestingaspectshave not beencoveredin the thesis.They
includeimplementationoptions,theuseof morecomplex processingelements,andthe
integrationof theperceptionnetwork into acompletesystem.

Implementationoptionsfor theproposedarchitectureincludeSIMD processorex-
tensions,parallelprocessors,andmassive parallel implementations,including analog
VLSI. The less�e xible an implementationis, thegreateris thepotentialfor improve-
mentsin costs,sizeandpowerconsumption.Densearraysof viascouldallow for tight
integrationof CMOSimagesensorsandmultiple layersof analogprocessingarraysin
a stackof chips.This hasthepotentialfor inexpensive,small, low power devicesthat
have thecomputationalpowerof today'ssupercomputersfor computer-vision tasks.

Thesimpleprocessingelementsusedresemblefeed-forwardneuralnetworkswith a
singleoutput-unit.Onecouldinvestigatetheuseof biologicallymorerealisticunitsthat
generatespikesandhavedynamicsynapses.Anotherinterestingline of researchwould
be to give the representationsa probabilisticinterpretationby viewing theabstraction
pyramidasgraphicalbelief network andapplyinggeneralizedbelief propagation.

Finally, the investigatedsystemconstitutesa perceptualnetwork. It couldbecom-
plimentedby aninversehierarchicalnetwork thatexpandsabstractactiondecisionsto
low-level actuatorcommands.Connectedto anembodiedagent,sucha completesys-
temwould allow for theuseof reinforcementlearningtechniques.


