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ATR Theory and PerformanceATR Theory and Performance

•• ATR Systems of InterestATR Systems of Interest
•• Training and Testing ParadigmTraining and Testing Paradigm

–– Approximation ErrorApproximation Error
–– Estimation ErrorEstimation Error

•• Model ComplexityModel Complexity
•• Computational ComplexityComputational Complexity
•• ConclusionsConclusions
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ATR Systems of InterestATR Systems of Interest

•• Imaging SensorImaging Sensor
•• Problem DefinitionProblem Definition
•• Algorithm for Algorithm for 

–– ClassificationClassification
–– Parameter estimationParameter estimation

•• System Resource ConstraintsSystem Resource Constraints
–– Database sizeDatabase size
–– Processor speedProcessor speed
–– Communication speedsCommunication speeds
–– ArchitectureArchitecture
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ATR System Design:  Sensor Models ATR System Design:  Sensor Models 
•• Scene and Imaging Sensor PhysicsScene and Imaging Sensor Physics

–– Reflectivity, scattering, emission phenomenaReflectivity, scattering, emission phenomena
–– Electromagnetic wave propagationElectromagnetic wave propagation
–– AntennaAntenna--amplifier or opticsamplifier or optics--focal plane arrayfocal plane array

•• Sensor Signal ProcessingSensor Signal Processing
–– Point spread function, intrinsic parametersPoint spread function, intrinsic parameters
–– Noise model, reflectivity modelNoise model, reflectivity model
–– Fixed processingFixed processing

ScoreScore
FunctionFunction InferenceInferenceProcessingProcessing
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ATR System Design:  Inference ATR System Design:  Inference 
•• LikelihoodLikelihood--Based ApproachBased Approach

–– Derive likelihood function Derive likelihood function 
from scene and sensor physicsfrom scene and sensor physics

–– Search likelihood function Search likelihood function 
over target type and poseover target type and pose

–– Potential difficulties for Potential difficulties for 
clutter, new scenariosclutter, new scenarios

ScoreScore
FunctionFunction InferenceInferenceProcessingProcessing
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•• Fixed ProcessingFixed Processing
–– Constrain System Constrain System ImpementationImpementation
–– Tune parametersTune parameters
–– SuboptimalSuboptimal for known parametersfor known parameters

•• FeatureFeature--Based ApproachesBased Approaches
–– Extract features (e.g. scattering centersExtract features (e.g. scattering centers
–– Score features (often Score features (often likelihoodslikelihoods))
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ATR System Design:  Training Paradigm ATR System Design:  Training Paradigm 

ParameterParameter
ExtractionExtraction
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ATR System Design:  Training Paradigm ATR System Design:  Training Paradigm 
•• Likelihood functions Likelihood functions 

parameterized by functionsparameterized by functions
•• Training Training 

–– Function estimationFunction estimation
•• InferenceInference

–– Hypothesis testingHypothesis testing
–– Parameter estimationParameter estimation
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Advantages of LikelihoodAdvantages of Likelihood--Based ApproachBased Approach

•• Likelihood Formulation ProvidesLikelihood Formulation Provides
–– Framework for optimal system designFramework for optimal system design
–– Formalism for Formalism for 

»» Predicting performancePredicting performance
»» Deriving performance boundsDeriving performance bounds

–– Benchmarks for practical system designBenchmarks for practical system design
–– Fundamental approach to model verificationFundamental approach to model verification
–– Approach for design for robustnessApproach for design for robustness
–– Information, Estimation, Detection, andInformation, Estimation, Detection, and

Statistical Pattern Recognition TheoriesStatistical Pattern Recognition Theories
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Issues in Function EstimationIssues in Function Estimation

•• Statistical Tradeoffs:Statistical Tradeoffs:
–– Approximation errorApproximation error——

Estimation errorEstimation error
–– BiasBias——VarianceVariance
–– OvertrainingOvertraining

•• Learning Theory BasisLearning Theory Basis
•• Current InformationCurrent Information--

Theoretic View:Theoretic View:
–– Complexity regularizationComplexity regularization
–– MDL BasisMDL Basis

Moulin, Yu, Barron, Moulin, Yu, Barron, RissanenRissanen

-- LLR(f) + LLR(f) + ηη Complexity(f)Complexity(f)
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Complexity:  Log Dimension

Approximation and Estimation Error

Log integrated squared errorLog integrated squared error
ISE=App. Error + Est. ErrorISE=App. Error + Est. Error
Individual errors exponential Individual errors exponential 

in dimension in dimension 
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Regularization for Function EstimationRegularization for Function Estimation
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Regularization for Function EstimationRegularization for Function Estimation
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Sources of Approximation ErrorSources of Approximation Error

•• Constraints on ImplementationsConstraints on Implementations
–– Processor, architecture, bandwidth, memory, timeProcessor, architecture, bandwidth, memory, time
–– AdaptabilityAdaptability

•• Incorrect target or sensor model assumptionsIncorrect target or sensor model assumptions
•• Unmodeled Unmodeled or incorrectly modeled clutteror incorrectly modeled clutter
•• Finite dimensional parameterizationsFinite dimensional parameterizations
•• Incorrect model of sensor or target dynamicsIncorrect model of sensor or target dynamics
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Conditionally Conditionally GaussianGaussian ModelModel
Model each pixel Model each pixel ii as independent, zero mean, complex conditionally as independent, zero mean, complex conditionally GaussianGaussian
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Where:Where: σσii
22((θθ,,aa) = variance function over pose and class) = variance function over pose and class

cc22 = constant over all pixels to account for power fluctuation = constant over all pixels to account for power fluctuation 
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Recognition by maximizing the logRecognition by maximizing the log--likelihood ratiolikelihood ratio**

Where: Where: ξξ22 = average clutter variance= average clutter variance
IIii = mask function= mask function

**SchmidSchmid & O& O’’Sullivan Sullivan ““ThresholdingThresholding Method for Reduction of DimensionalityMethod for Reduction of Dimensionality””
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ATR Performance and ComplexityATR Performance and Complexity
Comparison in terms of:
• Performance achievable at a given complexity
• Complexity required to achieve a given performance
Information Theory Basis:  Rate-Distortion Theory 

Rate-Recognition Theory
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Image Segmentation Image Segmentation Target ExtractionTarget Extraction
InformationInformation--Theoretic ApproachTheoretic Approach

•• Hypothesis Test:  Hypothesis Test:  
–– pixels on target vs. on clutterpixels on target vs. on clutter

•• Pixelwise Pixelwise measure of information for  discriminationmeasure of information for  discrimination
D(pD(pii||p||p00))

Conditionally Conditionally GaussianGaussian
•• Segmentation ComplexitySegmentation Complexity

–– Likelihoods Likelihoods on snakes (contours)on snakes (contours)
–– Complexity of regionComplexity of region
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System Design Issues:System Design Issues:
Dynamically Dynamically Reconfigurable Reconfigurable AlgorithmsAlgorithms

•• Information Theory ContributionsInformation Theory Contributions
–– Successively Successively Refinable Refinable ModelsModels

»» EffrosEffros, Cover and , Cover and EquitzEquitz, , RimoldiRimoldi
»» J. Shapiro, Said and J. Shapiro, Said and PearlmanPearlman
»» R. R. DeVoreDeVore, A. Cohen, , A. Cohen, 
»» I. I. DaubechiesDaubechies, D. , D. DonohoDonoho, , ……

–– Successively Successively Refinable Refinable RecognitionRecognition
»» RateRate--distortion distortion RateRate--recognitionrecognition
»» LogLog--time, logtime, log--space space RateRate
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SuccessivelySuccessively--RefinableRefinable Sensor ModelsSensor Models

Consider decreasing interval Consider decreasing interval 
widthswidths

dd11=2=2ππ, , dd22==ππ, , ……, , ddmm=2=2ππ/2/2mm--11

••••••

Search over Search over θθkk in level in level ii ordered by the most likely pose at level ordered by the most likely pose at level ii--11
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FourFour--Class ExampleClass Example

Classification error as a function of number of Classification error as a function of number of 
bits passed between the database and processorbits passed between the database and processor

•• Eventually, search covers all Eventually, search covers all 
possibilitiespossibilities

•• BreadthBreadth--first search quickly first search quickly 
finds good combinations of (finds good combinations of (θθ,,aa))

•• Method for modeling target Method for modeling target 
reflectivity statistics from sample reflectivity statistics from sample 
imagesimages

•• Target models used to estimate Target models used to estimate 
conditional sensor output conditional sensor output 
statisticsstatistics

SuccessivelySuccessively--refinablerefinable sensor models yield successivelysensor models yield successively--refinablerefinable decisionsdecisions
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ConclusionsConclusions
•• ATR TheoryATR Theory

–– Approximation ErrorApproximation Error
–– Estimation ErrorEstimation Error
–– Model ComplexityModel Complexity
–– Computational ComplexityComputational Complexity

•• ModelModel--Based Approaches:Based Approaches:
Known DistributionsKnown Distributions

•• Successive RefinementSuccessive Refinement
•• Implementation ConsiderationsImplementation Considerations
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