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Motivation
Comblne sensor output predlctlon with training data

4

ATR from CAD Models Template Based ATR Model Extraction

Outline

. Conditionally Gaussian Model for SAR imagery
. Likelihood Based Approach to Recognition

. Rejecting Confuser Targets

. Target Model Estimation & Segmentation

. Successively-Refinable Sensor Models

. Example
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MSTAR Dataset

Training Set Tebtmg Set
Class Vehicle Serlal No. | Images |

BMP-2 #1 9563 17° 233 15° 195
#2 9566 231 196
#3 c21 233 196

BTR 70 c71 17C 233 15C 196

T—72 132 17C 232 15C 196
812 231 195
s7 228 191

Model Training and Recognition Assessment

ST | g1 | W1 | 1 | om |

Confuser Rejection Assessment
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Conditionally Gaussian Model

Model each pixel I as independent, zero mean,
complex conditionally Gaussian

I5|?

(r‘é?, b ANk, 14 o C2of(0.2)

Prio,A,C? i 7zC20'i2(6’, a)

Where: o:?(6,a) = variance function over pose and class
c2 = constant over all pixels to account for power fluctuation

To classify an image of an unknown target, we seek the
maximum over a, 6, and c?
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Likelihood Based Recognition

Presume a null-hypothesis H,: r;~ CN(0,&?) which models the
scenario where no target is present in the image”

Accommodate image segmentation I(a,é) by computing
likelihood relative to a null-hypothesis

1

4 0|=argmax I J— exp| ——
[ ] ?aﬂ] <l(@) | 7¢°0f (6,2) L

“Schmid & O’Sullivan “Thresholding Method for Reduction of Dimensionality” 5
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Confuser Rejection

Relative entropy to reject target classes not in the database

PX) |,
D(pla) = [ p(x)log Y

» One-sample estimate of variance from observation: | r; |2
e Relative entropy quantifies difference from training estimate

* Reject observation if the empirical relative entropy Is too large

s (el )| pEic2s2 @A) 7

\'(H Jeitoa)

Confuser rejection rate iIs a function of y
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Target Model Estimation

Given N registered training images g; of a target with pose ¢, ,
estimate variances over N, windows of width d

mmm Training Window
— Estimated Function
O  Samples
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Target Model Segmentation

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

For each target retain pixels 1 that are informative
relative to the null-hypothesis:

Segmentation of target models, not of Images
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Target Model Segmentation

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

AN AN AN

Top 5 Top 50 Top 100 Top 300

For null-hypothesis £=0.0028 - approximate background variance -
pixels on illuminated side of target are deemed most informative.
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Successively-Refinable Sensor Models

Variance estimate for an unregistered image r with pose @ formed by
appropriately transforming the estimate from the closest w,

Registered Variance Images

Transformed Estimates

Image segmentation from target model, 1(6a) =T,S,
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Successively-Refinable Sensor Models

» Represent model parameter functions, i.e. ;?(6,a), as a collection
of hierarchical approximations

e Divide azimuth into N4 non-overlapping intervals of width d

27Kk , d
Nd+

Gd |(‘9k a) jGi ((9, a)d@
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Successively-Refinable Sensor Models

Consider decreasing interval widths d,=2r, d,=r, ..., d_=27z2M1

Approximate variance

Images for bulldozer . 4
(D7) from d, through dx 6 ®

* & & @

g o N J e s

-

g2 &F w8 NN B I Frvaaw s s

Search over g, in level | ordered by the most likely pose at level i-1
12
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Four-Class Example

Classification error rate as a function of the number of bits
transmitted between the database and processor

—— Unordered Search
—— Sub-Tree Search
—— Breadth First Search

Classification depends on
extent of search

Eventually, search covers
all possibilities
Breadth-first search
guickly finds good
combinations of (6,a)

Small overhead present
with ordered searches

4 6 g 10
Average Bits per Model
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Confuser Rejection Example

Confuser rejection rate a function of threshold y
and approximation d

Rejection characteristics at
approximation dg

Error if target misclassified
or falsely rejected

For y=1.09, P, =91%
with 10% confuser
acceptance

| 1 | | 1 | | 1 |
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Percent Confuser Acceptance
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Conclusions

 Method for modeling target reflectivity statistics from
sample images

o Target models used to estimate conditional sensor
output statistics

* Image distribution estimation, not image prediction

 Successively-refinable sensor models yield successively-
refinable decisions

» Breadth-first search of resolution tree quickly finds
good parameter combinations




