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MotivationMotivation

OutlineOutline
1.1. Conditionally Gaussian Model for SAR imageryConditionally Gaussian Model for SAR imagery
2.2. Likelihood Based Approach to RecognitionLikelihood Based Approach to Recognition
3.3. Rejecting Rejecting Confuser Confuser TargetsTargets
4.4. Target Model Estimation & SegmentationTarget Model Estimation & Segmentation
5.5. SuccessivelySuccessively--Refinable Refinable Sensor ModelsSensor Models
6.6. ExampleExample

ATR from CAD ModelsATR from CAD Models Template Based ATRTemplate Based ATR Model ExtractionModel Extraction

Combine sensor output prediction with training dataCombine sensor output prediction with training data
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MSTARMSTAR DatasetDataset

Model Training and Recognition AssessmentModel Training and Recognition Assessment

ConfuserConfuser Rejection AssessmentRejection Assessment
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Conditionally Gaussian ModelConditionally Gaussian Model

Model each pixel Model each pixel ii as independent, zero mean, as independent, zero mean, 
complex conditionally Gaussiancomplex conditionally Gaussian
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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 

To classify an image of an unknown target, we seek the To classify an image of an unknown target, we seek the 
maximum over maximum over aa, , θθ, and , and cc22
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Likelihood Based RecognitionLikelihood Based Recognition

Accommodate image segmentation Accommodate image segmentation II((aa,,θθ) by computing ) by computing 
likelihood relative to a nulllikelihood relative to a null--hypothesishypothesis

**SchmidSchmid & O& O’’Sullivan Sullivan ““ThresholdingThresholding Method for Reduction of DimensionalityMethod for Reduction of Dimensionality””
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where where ξξ22 is a small constant variance, andis a small constant variance, and
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Presume a nullPresume a null--hypothesis hypothesis HH00:: rrii ~ CN(0,~ CN(0,ξξ22) which models the ) which models the 
scenario where no target is present in the imagescenario where no target is present in the image**
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ConfuserConfuser RejectionRejection

Relative entropy to reject target classes not in the databaseRelative entropy to reject target classes not in the database

•• OneOne--sample estimate of variance from observation: | sample estimate of variance from observation: | rrii ||22

•• Relative entropy quantifies difference from training estimateRelative entropy quantifies difference from training estimate

•• Reject observation if the empirical relative entropy is too largReject observation if the empirical relative entropy is too largee
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Target Model EstimationTarget Model Estimation

Given N registered training images qj of a target with pose φj , 
estimate variances over Nw windows of width d
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Target Model SegmentationTarget Model Segmentation

Quantify pixel information relative to the same nullQuantify pixel information relative to the same null--
hypothesis used for target recognitionhypothesis used for target recognition

For each target retain pixels For each target retain pixels ii that are informative that are informative 
relative to the nullrelative to the null--hypothesis:hypothesis:

Segmentation of target models, not of imagesSegmentation of target models, not of images
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Target Model SegmentationTarget Model Segmentation

Top 5Top 5 Top 50Top 50 Top 100Top 100 Top 300Top 300

Yields an ordering of pixels by their empirical Yields an ordering of pixels by their empirical 
information relative to nullinformation relative to null--hypothesis.hypothesis.

For nullFor null--hypothesis hypothesis ξξ22=0.0028 =0.0028 -- approximate background variance approximate background variance --
pixels on illuminated side of target are deemed most informativepixels on illuminated side of target are deemed most informative..
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SuccessivelySuccessively--RefinableRefinable Sensor ModelsSensor Models

Variance estimate for an Variance estimate for an unregisteredunregistered image image rr with pose with pose θθ formed by formed by 
appropriately transforming the estimate from the closest appropriately transforming the estimate from the closest wwkk

Registered Variance ImagesRegistered Variance Images

Transformed EstimatesTransformed Estimates

TT00°° TT9090°° TT180180°° TT270270°°

Image segmentation from target model, Image segmentation from target model, II((θθ,,aa) = ) = TTθθ SSaa
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SuccessivelySuccessively--RefinableRefinable Sensor ModelsSensor Models

•• Represent model parameter functions, i.e. Represent model parameter functions, i.e. σσii
22((θθ,,aa), as a collection ), as a collection 

of hierarchical approximationsof hierarchical approximations
•• Divide azimuth into Divide azimuth into NNdd nonnon--overlapping intervals of width overlapping intervals of width dd
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SuccessivelySuccessively--RefinableRefinable Sensor ModelsSensor Models
Consider decreasing interval widths Consider decreasing interval widths dd11=2=2ππ, , dd22==ππ, , ……, , ddmm=2=2ππ/2/2mm--11

••••••

Approximate variance Approximate variance 
images for bulldozer images for bulldozer 

(D7) from (D7) from dd11 through through dd55

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 rate as a function of the number of bits Classification error rate as a function of the number of bits 

transmitted between the database and processortransmitted between the database and processor

•• Classification depends on Classification depends on 
extent of searchextent of search

•• Eventually, search covers Eventually, search covers 
all possibilitiesall possibilities

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

•• Small overhead present Small overhead present 
with ordered searcheswith ordered searches
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ConfuserConfuser Rejection ExampleRejection Example
Confuser Confuser rejection rate a function of threshold rejection rate a function of threshold γγ

and approximation and approximation dd

•• Rejection characteristics at Rejection characteristics at 
approximation approximation dd99

•• Error if target Error if target misclassifiedmisclassified
or falsely rejectedor falsely rejected

•• For For γγ = 1.09, = 1.09, PPcccc = 91% = 91% 
with 10% with 10% confuser confuser 
acceptanceacceptance
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ConclusionsConclusions

•• Method for modeling target reflectivity statistics from Method for modeling target reflectivity statistics from 
sample imagessample images

•• Target models used to estimate conditional sensor Target models used to estimate conditional sensor 
output statisticsoutput statistics

•• Image distribution estimation, not image predictionImage distribution estimation, not image prediction

•• SuccessivelySuccessively--refinable refinable sensor models yield successivelysensor models yield successively--
refinable refinable decisionsdecisions

•• BreadthBreadth--first search of resolution tree quickly finds first search of resolution tree quickly finds 
good parameter combinations good parameter combinations 


