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Non Cooperative Target Recognition (NCTR) À
Formation of range profile

Example of range profile
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Objectives Á
•Visualize high-dimensional range profiles in 2D space
•Estimate graphically and analytically classification performances
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Non Linear Dimension Reduction (NLDR) Â
From high-dimensional space to low-dimensional space

xT ,i → yT ,i

xT ,i ∈ RM → yT ,i ∈ R2

Stochastic Neighbor Embedding (SNE)

pj |i =
exp

(
−||xT ,i − xT ,j||2/(2σ2

i )
)∑

k 6=i exp
(
−||xT ,i − xT ,k ||2/(2σ2

i )
)

qj |i =
exp

(
−||yT ,i − yT ,j||2

)∑
k 6=i exp

(
−||yT ,i − yT ,k ||2

)
t-Distributed Stochastic Neighbor Embedding (t-SNE)

qij =

(
1 + ||yT ,i − yT ,j||2

)−1∑∑
k ,l ,k 6=l

(
1 + ||yT ,k − yT ,l||2

)−1
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Mixture Models for NCTR application Ã

p(zT ,i|Z T ) =
K∑

k=1

πk
T p(zT ,i|θk

T )

In low-dimensional space zT ,i = yT ,i, in high-dimensional space zT ,i = xT ,i

Gaussian Mixture Models (GMM)

p(zT ,i|θk
T ) = N (zT ,i|θk

T ), θk
T = {mk

T ,C
k
T}
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Decision Rule

I if pi ≥ TG, the class i is granted→ Granted Matrix (GrM)
I if TD ≤ pi < TG, the class i is dubious→ Dubious Matrix (DuM)
I if pi < TD, the class i is denied→ Denied Matrix (DeM)
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Probability map in low-dimensional space Ä

t-SNE 2D visualization of data for class 1, 2 and 3 (row), for
SNR = 30dB, SNR = 20dB and SNR = 15dB (column).
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Decision matrix in low-dimensional space Å

GrM DuM DeM
PPPPPPPPPPPP
Test

Class 1 2 3 1 2 3 1 2 3

SNR=30dB

Class 1 99.1 0.9 0 0 0 0 0.9 99.1 100

Class 2 0 100 0 0 0 0 100 0 100

Class 3 0 0 100 0 0 0 100 100 0

SNR=20dB

Class 1 99.1 0.9 0 0 0 0 0.9 99.1 100

Class 2 0 98.5 0 0.9 1.5 0 98.5 0 100

Class 3 0 0 100 0 0 0 100 100 0

SNR=15dB

Class 1 95.6 0.9 0 3.5 1.1 0 0.9 98 100

Class 2 0.6 94.4 0 5 4.7 0 94.4 0.9 100

Class 3 0 0 100 0 0 0 100 100 0
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Decision matrix in high-dimensional space Æ

GrM DuM DeM
PPPPPPPPPPPP
Test

Class 1 2 3 1 2 3 1 2 3

SNR=30dB

Class 1 100 0 0 0 0 0 0 100 100

Class 2 0 100 0 0 0 0 100 0 100

Class 3 0 0 100 0 0 0 100 100 0

SNR=20dB

Class 1 99.4 0.6 0 0 0.3 0 0.6 99.1 100

Class 2 0.3 99.7 0 0 0.3 0 99.7 0 100

Class 3 0 0 100 0 0 0 100 100 0

SNR=15dB

Class 1 97.7 2.3 0 0.3 0 0 2 97.7 100

Class 2 0.3 99.7 0 0 0 0 99.7 0.3 100

Class 3 0 0 100 0 0 0 100 100 0
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Perspectives Ç
•Generalize this method for any kind of algorithm
•Evaluate for each kind of algorithm, the critical dimension from which the performances begin to degrade
•Determine the best appropriate algorithm from data


