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MotivationMotivation
•• ATR systems explicitly or implicitly based on target models withATR systems explicitly or implicitly based on target models with complexity complexity CC
•• More complex models can yield better accuracy; Pr(error)=More complex models can yield better accuracy; Pr(error)=ff((CC,,ααSARSAR))
•• Complexity and computation power determine throughput; Complexity and computation power determine throughput; TTCHIPCHIP==hh((CC,,ααCOMPCOMP))

Given an architecture, both Given an architecture, both accuracyaccuracy, Pr(error), and , Pr(error), and throughputthroughput, , 
RR=1/=1/TTCHIPCHIP, are parameterized by target model complexity, are parameterized by target model complexity

OutlineOutline

1.1. Conditionally Gaussian model for SARConditionally Gaussian model for SAR
2.2. Cost of Likelihood EvaluationCost of Likelihood Evaluation
3.3. Approximations and model complexityApproximations and model complexity
4.4. Computational modelsComputational models
5.5. ResultsResults
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Conditionally Gaussian ModelConditionally Gaussian Model
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TT--72 Photo72 Photo

SAR ImageSAR Image

Variance ImageVariance Image

Model pixel Model pixel ii as independent, zero mean, complex as independent, zero mean, complex 
conditionally Gaussianconditionally Gaussian

Where: Where: aa = target class= target class σσii
22 = variance function= variance function

θθ = target pose= target pose cc22 = constant (radar power)= constant (radar power)

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
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Likelihood CostLikelihood Cost

ˆ a , ˆ θ [ ]= argmax
a,θ[ ]

−N(a,θ) ln ˆ c 2 − lnσ (i)
2 (a,θ) +1− lnξ2[ ]

i =1

N (a,θ )
∑ + 1

ξ2 r(i)
2

i =1

N (a,θ )
∑

⎧ 
⎨ 
⎩ 

⎫ 
⎬ 
⎭ 

ˆ c 2 =
1

N a,θ( )
r(i)

2

σ (i)
2 a,θ( )i=1

N a,θ( )
∑

Let Let NN((aa,,θθ) = # nonzero mask elements, () = # nonzero mask elements, (ii) = ) = iithth nonnon--zero mask pixelzero mask pixel

Expression evaluation consumes (on average):Expression evaluation consumes (on average):

22NN((aa,,θθ) +2 memory reads totaling (2) +2 memory reads totaling (2NN((aa,,θθ) +2)) +2) secondssecondsTTmemmem
PP

22NN((aa,,θθ) +15 operations totaling (2) +15 operations totaling (2NN((aa,,θθ) +15)) +15) secondssecondsCPICPI••TTcyccyc
PP

where:where: TTmemmem = effective memory read time= effective memory read time TTcyccyc = clock period= clock period
CPI = average cycles per instructionCPI = average cycles per instruction PP = # processors= # processors
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SuccessivelySuccessively--Refinable Refinable EncodingEncoding
Likelihood is a function of Likelihood is a function of σσii

22((aa,,θθ), a function of continuous ), a function of continuous θθ. . 
Discrete approximation withDiscrete approximation with NNdd nonnon--overlapping intervals of width overlapping intervals of width dd::
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Approximations Approximations dd and and dd/2 are hierarchically related: /2 are hierarchically related: 
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Smaller Smaller dd yields more complex, piecewise constant representationsyields more complex, piecewise constant representations

Given parent and 1 child, compute other child costing 4Given parent and 1 child, compute other child costing 4NN((aa,,θθ) ) 
operations saving operations saving bb((aa,,θθ)/BW in communication time)/BW in communication time

where:  where:  bb((aa,,θθ) = bits to represent ) = bits to represent σσ22((aa,,θθ)   and )   and BW = bandwidthBW = bandwidth
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SuccessivelySuccessively--RefinableRefinable EncodingEncoding
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

Resource consumption depends on extent of search (complexity)Resource consumption depends on extent of search (complexity)
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Computational ModelComputational Model
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Time to process through approximation Time to process through approximation ddmm includes time to:includes time to:
•• distribute SAR image to each processordistribute SAR image to each processor
•• process each approximation until local memory is fullprocess each approximation until local memory is full
•• process each remaining approximation process each remaining approximation 

Where:Where:
SScc = bits per SAR image= bits per SAR image BW = network bandwidthBW = network bandwidth
PP = number of processors= number of processors NNTT = number of target classes= number of target classes

ττdd = average time per template at approximation = average time per template at approximation dd exploiting hierarchy.exploiting hierarchy.
Receive variance, compute variance, and compute Receive variance, compute variance, and compute likelihoodslikelihoods..

ττ′′dd = average time per template without exploiting hierarchy.= average time per template without exploiting hierarchy.
Receive variance and compute likelihood.Receive variance and compute likelihood.
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ExampleExample
With:With: Chip Rate = 1/Chip Rate = 1/TTchipchip 11 GHzGHz clockclock 64 bit read per clock cycle64 bit read per clock cycle

4 target classes4 target classes 0.5 CPI0.5 CPI 25 target locations considered25 target locations considered

11 GbpsGbps interconnectioninterconnection 10 10 GbpsGbps interconnectioninterconnection

•• High throughput corresponds to coarse approximationsHigh throughput corresponds to coarse approximations
•• Markers denote start of a new level in model representation treeMarkers denote start of a new level in model representation tree
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ConclusionsConclusions

•• Process of relating recognition accuracy to throughputProcess of relating recognition accuracy to throughput
•• Unites a computational model with modelUnites a computational model with model--based recognitionbased recognition
•• Dynamically adjustable operating pointDynamically adjustable operating point
•• AccuracyAccuracy--throughput curves support exploration of design spacethroughput curves support exploration of design space

Future WorkFuture Work

Variable pixel Variable pixel quantization quantization (bit depth)(bit depth)
Models for multiple, simultaneous recognition objectivesModels for multiple, simultaneous recognition objectives

Generic measure of Generic measure of ““workwork”” in recognition problemsin recognition problems
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AppendixAppendix

Data SetsData Sets
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Throughput DetailsThroughput Details


