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Classical Classification Process

Learning of each feature &
According to each class O,

Estimation

of each feature a ‘ _ -

by each sensor
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Further Needs in Classification

Independent assessment of a
variety of properties H; about an
unknown object by the sensors,

eventually at different times
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Interpretation & modelling
of disparate data:

* Measurements

* Prior knowledge, learning
» Contextual information

Reliability
management

OMNERA




Foundations

Frame of discernment : E={H;}, iO[41] Exclusive, exhaustive
Mass function : 2E _ [og] | MA)=1 , md)=0
ACE

Belief function : minimum likelihood

Bel(B) = Y m(A)
AUB Focal element :

Plausibility function :  maximum likelihood ALE,
suchthatm(A) 0
PI(B)= > m(A)

An B#[

PI(B) =1- Bel (- B) 6
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Conditioning - Deconditioning

Conditioning

(JonE B %m(B)
m(.) on = DN A=
Acertain AOE } > m(C/A)= > m(B)

Bn Az
pi(B/ A)= (BN A)
PI(A)
Deconditioning
OB O A, PI(B) = PI(B/ A) PI(A) }
—— Minimal

OBOA, PI(B)="7 ? commitment

— Workshop TBF

OBO A m(BO—A) =m(B/ A) '
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Refinement - Coarsening

e ={h HEOF - 2 {2, )

{R(Hll), ey R(H |11)} = Partitionof E?

Refinement:

ml(.) on EL O m2(.) on E?

DOAOEY, m?(RA)=m(A)
Coarsening:

m2(.) on E2 [ ﬁiﬁl - ml(.) on E*
m'(A) = > m?(B)

BOE?
A={HL/R(H})n B2D)
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A Federative Approach

Conditioning
Deconditioning

Refinement
Coarsening

 paricular cases

Related developments:

» Data modelling

* Conflict management

» Matching of ambiguous data
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Management of Disparate Frames of Dlscernmef

and Dependencies

Pls(./BOEg) | Ef UEg:
elementswith links to Eq

ms(.)

on Eg

>
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Determination of m(.) with Minimal Comr ' 

IncompletcPI(.)on E ﬂ Completem(.) minimizing — B
m(A
s(m =y ™A
AE A
m(E) =1
x4 No |
B [ E such the
“PH(E) 2L (A=|  Ym(A) |-PI(B)
-|B| maximal An B0 scanne
AOE
Yes End
m(A) - (A-B) L= A =focalelemeniof m(.) such the
-AnBz0, A-Bz[O
-1 AL
A — -\A-B ~ - minimal
m(A) : (j:‘ B) No T -|A
(A)-A
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Example

Input m(E) =1 E ={H1,H2,H3}
_ m(E) =0.6
Pl (H2 H H3) =06 ——— m(Hl) =04
m(E) =0.5

Pl (Hl H H2) =0.9 > m(Hl) =04

m(Hl O H3) =02
PI(Hy) =03 — " m(H;)=04

m(H3) =01
PI(Hy) = 08

— Workshop TBF

Unique solution

A. Appriou
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Multidate Image Classification

P(sand) = 0,25
P(water) = 0,30
P(field)=0,4

P(forest) = 0,05

Prediction

m(sandClwater) = 0,5
m(water) = 0,05 —)
m(field) = 0,4

m(forest) = 0,05

A. Appriou — Workshop TBF
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Reliability Management

Observation of m(.)on E
contextual data

Characterization 1

of reliability / PI(/FOEg)

contextual data onE
Modellingon 1

Er ={F,-~F}, where— E:Fgfl):)—» Extension _.-
F ="m(.) isreliable' F

— Optimal solution if mg(.) Bayesian
(mg,(.) of minimal commitment)

— Suitable but suboptimal solution
otherwise
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— ="~ Probability — Sensor 1
2IRsensors: 2-23um,0,4-0,6 ym  ————- TE with reliability - Sensor 2

2 hypotheses : Asphalt, Vegetation management
1 contextual variable / sensor j : e

Recognition rate
water vapor transmittance T,

Learning in summer : 0% RGN
a \-..\ S -
Pa(sj/H;i,Tj") \ T S
Va||d|ty Domam / sensor J : osob N \ ..... H‘\., ..................................................
N s

.70

0.80

gRealdgtamwmter | N e
. Transmittance observation :  T™ o0 o0 220 730 049 050
g T,™ decreases from T,2to O
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Disparate Source Combination

m, (.) on E, my(.)onEy Pl,(/BOEyxEy)0OnE,
Myy (Bi % B) = my (B;) my(By) AIIowoedeeIXeEments
onk, xE, X"y
| Plyy (1) v .
Ey*xEy
Definition of :

- Particularrelationsbetweerk, , E, ,andE,
-Pl,(./BUEyxEy)
- Allowed element®f E, xE,

, Particular rules
of combination
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Examples of Particular Rules of Combinati )

Ex=E, =E, Pl,(A/B xB, U EyxEy) ilif it "coyers'atleastone alloweclink
Pl (Al B x B, U Ex xEy) = Ootherwise
Combination Rule Allowed Links Allowed elements
Orthogonal Sum BixBn — A=Bi(B (Xi ,Yh), Xi=Yh
Disjunction BixBn — A=BiUB ExxEy
Dubois & Prade BixBn —)A:BiﬂBh, if BiNBr#AD EXXEy
BixBn — A=B;iUB, if BiNBr=9
Yager BixBn —>A=BiﬂBh, if BiNBh#AJD EXXEy

BixBn —E;, if BiNBh,=9

Information management

| |

Conflict management

Conflict = Modelling & interpretation according to axioms
— > Specific combination rule, to exploit available information
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Synthesis of Binary Estimations

Discrimingion on E ={H1,---, H;,---,H N} Combination of one-to-one

comparisons:
N x (N -1)/2 source Sij

R (H;)+PR;(H:)+P;(ign)=1
eachon By ={H;,H;} e ié([ll\l)—l]J,( jJ)D[I-lj-g,?\l])

k .
S .0S

5

§ k:( 12 i ) T
=1 if (H; OA, HI =H, [j H® =" H% ), HO OB
=0 otherwise such that[H; OE,H" =H; , 0j
m; (Hj)=F; H;) Combination
mj Hj = P” Hj —> With respect
n]J E” =P,J(|nd) tOi&j
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Fusion of Binary Classifiers

PI(A/ B0 B, x Eygx Egq) =1if it "covers:

either:(Hy,Hj,Hy) - Hy Allowedelement:
or:(Hp,HaHj) - Hy (H1,Hj,Hq)
or:(H,Hg,Hg) - Hy (H2,H2,H )
PI(A/BDE12><E23><E31) Ootherwise j»Hsz H 3)

E1p ={Hy, H>} \ /

my(Hp) =04 E = {Hl’HZ’ )
mo(Hp) =06 T Combination — m(H2) 027
Ey3={H2,H3} m(H3) = 031
Mp3(H2) =03

Mp3(Hz) =07 ‘
Ez1={H3 Hi}

— Workshop TBF

mz1(H3) = 03 S — Discrimination between H; et H 4 ‘
mg1(Hq) = 0,7 Distance / learning — P;(H;)+P;(H;)=1 H2 I H3
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Combination of Preferences in Multicriteria DecISIe

A. Appriou — Workshop TBF
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Conflict: Back to Zadeh’'s Paradox

E; =E; =E={Hy,H5,H3}

H, = Meningitis

H, = Contusion
_ H; = Brain tumao m(H,) =0
rr!I.(HZ):O \ m(HZ):O

my(H3) =001 m(H3) =1

Combination ~=—— m,(H;)=0
mp(Hp) =099 ___—~ T m,(H,) =0

m, (Hz) = 0,0001

PI(A/B 0O EXxE) =1if it "covers:
either(Hi ) HI) — Hi mZ(H 23) =0,0099
or(H;,H;) - Hjj =H; OH,; m;,(H3;) =0,0099
PI(A/B 0 ExE) = 0otherwise

— Workshop TBF

E, ={Hy,H2,H3,H15,Ho3,Hay)

A. Appriou
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Data Modelling

Principle : separate assessment of each hypothesis or proposition

m; (.) on
B :in’_'Hi}
Measuremet s; Likelihood T
Cij of Hi
I—» » Modelling

B» Potential variety of inputs

B [ncomplete information processing - Modularity - Evolutivity
B» Reasoning on disparate propositions

B» Separate reliability management for each hypothesis

B» Contextual data processing: E; — E¢ = {F,-F}

— Workshop TBF
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OMNERA
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Image Fusion for Aerial Recognition

K (lengt Indecision

Fuzzy
knowledge

O

Aircraft Tank  Truck Car Others

Extraction

Good
recognition

Aircraft Tank Truck Car  Others

Stochastic
learning

— Workshop TBF
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Decision : the Dilemma

Choice of the most likely hypothesis

A(H;, A) =1if H; OA
A(H;,A)=0if H,OA

E={Hy,....H} max( Y A(H;, A) m(A))
m(.)on E I ADE

/](Hl,A) =1if A= Hi l

A(Hi, A)=01f A#H, /](Hi,A):ﬁif H,OA

Maximum of Belief A(H;{,A) =0if H; OA

Pignistic criterion

Maximum of Plausibility

23
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Decision : Set of the most Likely Hypotheses®

Ply(/BOExEg)=10or0  (H;,d,)JExEy

E={Hq,...H} tolink dp toH; OA allowedif H; O A
Ey =1d,,....d

d { 1 D} m(.) on E l 1

L - Combination
|; - grx:gi(c):tehci‘sf- og  Mi(JonEy

] - J Bayesian

(. Adjustment of 1Al
in the decision

B» Set of hypotheses that includes most likely the right one
(# set of the best hypotheses considered separately)
B» Adjustable compromise between likelihood and precision
B» Ambiguities :
» Parametric adjustment
» Use of a secondary criterion :

— Workshop TBF
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A Few Didactic Examples

m(H,) 0,2 0,1 0,4

m(Hy) 0,1 0 0

m(Hs) 0,3 0,3 0

m(H.0OHy) 0,2 0,5 0

m(H2DH3) 0,1 0,1 0,6

m(E) 0,1 0 0

Solution(s) with |.|=1 [H1, H2, Hs Hi, Ho Ha, Hs
Solution(s) with |.|=2 |H,0H3 Hi[1H3 Hi[1H>, Hi[1H3
Secondary criterion |Hs Hi H, Hs
Pignistic criterion E Hi, Hs Hy

A. Appriou — Workshop TBF

HER




A. Appriou — Workshop TBF

Ambiguous Observation Matching

Orthogonal spatial resolutions :
* Localization
* Discrimination of multiple targets

t t 1 1w

Sensor 2

A A A A

i

Sensor 1

Difficulties :

* Ghosts

» False Alarms

» Hidden targets

* Non-Detections -

Sensor Sensor

Formulation :

Look for the most likely singleton
in the set E of identity distributions
over cell intersections

Simultaneous detection, localization,
counting, identification of all targets

26
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Matching Process

- Signal s;" in cell n of sensor 1
- Signal s, in cell m of sensor 2
- Joint probability distribution

or fuzzy similarity relation

- Signal s/ in cell h of sensor
- Prior knowledge on identity i

L 4
Likelihood C;" of identity i in cell h Similarity R" of s;" & s,™
L ! L
Modelling Modelling

mrj'(-)on{Hi,"Hi}

27



Application to Detection

Sensor 2
xol

0,9
0,8
0,7

4—
>
N

N

x

=
[EEN

[

w
[N

Sensor 3

0,5

Sensor 1

x
=
N
>
W
N

l

x4l T X42
Sensor 4

- Statistical learning of signals
with and without target

- Fuzzy similarity relation
between signals of sensors
looking at a same target
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0,6 1

T Mean recognition rate of target distribution

3)

(1)

0,4 -
0,3 1
0,2 -
0,1 1

(2)

1 2 3 4 5 6

7 8 9

(1) Classification criterion
(2) Similarity criterion
(3) Global criterion

Maximal number of ambiguities

10 11 12 13 14 15 16

|(}
2

>
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Tracking in Dense Environment

A global approach: Multiple Signal Filter (MSF)

Learning:

Features / Identities H;

Features / Cell xIn / Sensor Sj'

I

Gating
m
Updating < B
- a™
Prediction
Likelihoods
Bayes of positions

| .
Likelihood mjn (.) II(:juslqr.] /

of identities / e > ° entllltles

résolution cell E' = «Cells

{H iIn —H iI n} *Sensors

Fusion
i Likelihoods of
Observation _ 1000S C
+ — Identity distributions /
Prediction intersections of cells xm

Belief Functions

29



Examples

601

504

10+

30+

20+

10+

2D radar in (0,0)

Discrimination

10+

804

704

604+

50+

40+

304+

204
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Signals:
N(0,1)
N(S1)

Pulse radar
+ IR sensor
in (0,0)

PDAF -

Z-- MSF

Matching

+ + g t
30 40 50 60

4 1 !
y t T
10 20 30

1 | !
t T y
40 50 6

*Reliable statistical learning

No target in the cell
Target levebin the cell

eInitialization error only
*Tracking of target=4

0

OMER
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Concluding Remarks

Independent interpretation of
heterogeneous data in a same process
Integration of contextual observations
Reliability management

Management of disparate frames of
reference and dependencies

Conflict and information management
Ambiguous data matching

Open decision principles
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