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Classical Classification Process

Learning of each feature a,
According to each class O,
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Estimation

of each feature a ‘ - ‘
by each sensor
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Further Needs in Classification

A. Appriou — Workshop TBF

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

eventually at different times
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Frames of Reference in Fusion Processess 3

Interpretation & modelling
of disparate data:

* Measurements

* Prior knowledge, learning
» Contextual information

— Workshop TBF

A. Appriou
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Foundations

Frame of discernment : E={H;}, ie[,1] Exclusive, exhaustive
Mass function : 2F 5 Jo1] Ym(A)=1 , m()=0
AcE

Belief function : minimum likelihood

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

Plausibility function : maximum likelihood AcCE,
such that m(A) =0
PI(B)= 2 m(A)

ANB=Y

PI(B) =1— Bel(—B) 0

— Workshop TBF

A. Appriou
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Conditioning - Deconditioning

Conditioning

onE 2.m(B)
m(.) on A — BNA=C
A certain, Ac E } B m(C/A > m(B)

BNAzD
PI(B/ A) = LB A)
PI(A)
Deconditioning
VB c A, PI(B)=PI(B/ A) PI(A)
“——  I®» Minimal

VBz A, PI(B)="? ? commitment

— Workshop TBF

VB A m(BuU—A)=m(B/A) '
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Refinement - Coarsening

EL = HE . HE RS B2 = HE L H |
H

{R(H%)...,R( ,11)}= Partition of E?

Refinement:

ml(.) on El—R>m2(.) on E?

VAcC EL, m?(R(A)) =m(A)

Coarsening:
m2(.) on E? R—_1>m1(.) on E*
m'(A) = > m*(B)

BcE?®
A={H}/R(H})nB=D}

— Workshop TBF

A. Appriou
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A Federative Approach

A. Appriou — Workshop TBF

Conditioning
Deconditioning

Refinement
Coarsening

Related developments:

« Data modelling

 Conflict management

» Matching of ambiguous data

OMNERA



Management of Disparate Frames of Dlscernf
and Dependencies B

Pls(/B< Ee) | Er cEe:
elements with links to E mg(.)

on Eg




— Workshop TBF

A. Appriou

Incomplete PI(.) on E mE) Complete m(.) minimizing —
m(A) -
Sp(m)= 2. ——
AcE ‘A‘
m(E) =1
B — E such that ( )
-Pl(B) =1 (A=| T m(A)|-PI(B)
-|B| maximal A~BAD
\AcCE J
Yes
m(A) - (A-B) e A =focal element of m(.) such that
-AnB20, A-BzOJ
B
A — -\A-B| "—|A minimal
(A)-A




Example

— Workshop TBF
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Input

PI(H2 Y H3) =0.6

PI(H; UH,)=0.9

PI(H,)=0.3

PI(H,)=0.8

m(E) =1 E ={H;,Hj,H3}
m(E)=0.6
m(Hl) =04
m(E)=0.5
> m(H1)=O4
m(H; UH3)=0.2
m(H,) =0.4

m(H3) =0.1

Unique solution




Multidate Image Classification

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

P(forest) = 0,05

Prediction

m(sanduwater) = 0,5

m(water) = 0,05 —»@
4

m(field) = 0,4
m(forest) = 0,05

A. Appriou — Workshop TBF
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Reliability Management

A. Appriou — Workshop TBF

Observation of m(.)on E
contextual data
Characterization 1
of reliability / PI(./F € Eg)
17 contextual data on E
Modelling on 1

Er ={F,—F}, where —— Ple(F) . Extension 4.-
(1] , - " " PIF(_lF)
F ="m(.)isreliable

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

— Suitable but suboptimal solution
otherwise

OMNERA




2IRsensors:2-2,3um,0,4-0,6 um
2 hypotheses : Asphalt, Vegetation
1 contextual variable / sensor j :
water vapor transmittance T,
Learning in summer :
Pa(sj/Hi.T{)
Validity Domain / sensor j :

Real data in winter
Transmittance observation : ij

A. Appriou — Workshop TBF

e
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Disparate Source Combination

— Workshop TBF
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my(JonE,  my()onE, Pl,(./B< ExxEy)onE,
Myy (Bj x By) = my (B;) my (By) Alowed elsments
on E, x Ey XE,
| Plxy() v
> on — Extension -

ExxEy

Definition of :

- Particular relations between E,, E,, and E,
-Pl, (/B ExxEy)

- Allowed elements of E, xE,,

, Particular rules
of combination




Examples of Particular Rules of Combir

E.—E —E Pl,(A/B; xBy < Exy xEy) =1If it"covers"at least one allowed link
X y ‘ Pl,(A/B; x B, < Ex xEy) =0otherwise

Combination Rule [Allowed Links Allowed elements

Orthogonal Sum BixBrn — A=B;(Bh (Xi,Yn), Xi=Ynh

DiSjUﬂCtiOﬂ BixBn — A=B;UBH EXXEy

Dubois & Prade BixBh —A=BiMBn, if BiNBh#AJ |ExXEy
BixBhn — A=B;UB, if BinNBh=J
Yager BixBnh —A=BiMBn, if BiNBh#AJ |ExxEy
BixBh —E;, if BinNBh=J

| |

Information management Conflict management

— Workshop TBF

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

— Workshop TBF

A. Appriou

Discrimination on E = {Hy,---,H;,---,Hy } Combination of one-to-one

comparisons:
N > (N —1)/2 sources S;; Ri(H;)+ Pi(H ; )+ P (ign.)

ic[LN-1], jeli+1LN]

k .
Pl(Ag E/B - {H k}g HE”} Allowed elements H* of JTE;; :

%<3 kK _ (1412 ij Siif
=0 otherwise suchthat:3H; e E, HY = H; , Vj
M;; Hi)= T H;) Combination
mij Hj = Pij H J) —> With respect
mij E” = P'J (Ind) to i &J

1




Fusion of Binary Classifiers

PI(A/B < Ej» x Eog x E31) =1if it "covers™:

either :(Hy,Hj,Hy) » Hq Allowed elements:
or:(Hz,Hy,H{) > H, (H1,Hj,Hy)
Or'(H H3, 3)—)H3 (HZ’HZ’H )
PI(A/BcEleE23><E31) 0 otherwise j,Hsa, H 3)

E,» =1H¢,H
208 \ / SR

myp(H,)=0,6 Combination =— m(H2) = 0,27
E23:{H2,H3} m(H3):O!31
my3(H,) =03
my3(H3)=0,7 ‘

: Egy={H3 Hyj ‘

: m31(H3)=0,3 Sj — Discrimination between H; et H;

& m31(|_|1) -07 Dlstance /learning — Py(H;)+P; (H) 1 H2 ‘ H3




— Workshop TBF

A. Appriou

E;p ={H1, Hy}

m12(H1):O,2 \ E:{H].’HZ!HB}

Mo (H2) =05 -— PI(Hy) = 0,30

M (5j) =03 PI(H) =032
PI(H3) = 0,24

Ez3 ={H,,H3}

my3(H,) =04

my3(H3)=0,6 H,

S Survey about preferences ‘

Esp = {Hg, Hl} between H; and H, 4

m (H ) =0,4 — Statsitics of opinions: ‘ H

mgi(Hf) = 0,6 Pij(Hi)+Pij(Hj)+Pij(|gn.)=1 ‘ 3

O ERMA




Conflict: Back to Zadeh’'s ParadoX

E; =E; =E={Hj,H;,Hz}

H; = Meningitis
H, = Contusion
H.; = Brain tumor H.)=0
my(Hy) =099 : M)
m(H,)=0 — m(Hj) =0
m(H) =001\ OMMegne S ——— s
my(H;) =0 Combination » m,(Hy)=0
/ m,(H,)=0
my(H3)=0,01 T m, (H3) = 0,0001
PI(A/Bc ExE)=1if it"covers™  [Mz(Hj2)=0,9801
either (H;, H;) —> H; m, (H,3) =0,0099

or (Hi,H;) > Hjj =Hj UH; m, (H3;) = 0,0099
PI(A/B c E x E) = 0 otherwise

— Workshop TBF

E, ={H1,H,,H3,Hip, Hpz, Hay |
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Data Modelling

Principle : separate assessment of each hypothesis or proposition

m;; (.) on
B = gHi —Hi}
Measurement s j Likelihood T
Cij of Hi )
» Modelling

B» Potential variety of inputs

B» Incomplete information processing - Modularity - Evolutivity
B» Reasoning on disparate propositions

B» Separate reliability management for each hypothesis

B» Contextual data processing: E; — E¢ = {F,7F}

— Workshop TBF

A. Appriou
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U, (lengt Indecision

Fuzzy
knowledge

Aircraft Tank Truck Car Others

Extraction

Good
recognition

Aircraft Tank  Truck Car Others

P(scattering/x)
o Error

<_| Stochastic
: I I learning

Aircraft Tank  Truck Car Others




Decision : the Dilemma

— Workshop TBF
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Choice of the most likely hypothesis

E={Hy,...H} max( ¥ A(Hi, A) m(A))

m() on E [ AcE

A(H;, A) =1if A=H; A(H;, A) =1if H; € A

A(Hj, A)=0if A= H, ﬂ(Hi,A):ﬁiineA A(Hj, A)=0if H; ¢ A
Maximum of Belief A(H;,A)=0if H; ¢ A Maximum of Plausibility

Pignistic criterion

OMNERA




Decision : Set of the most Likely Hypothe:

Ply(/BcExEq)=10or0 (H;,d,)eExE4

E={H;...H} tolinkdatoH; e A allowedif H; € A
Eq =1d4,...,0

4= o} m(.)on E 1 1
H; = Hypothesis Combination

mg()onEy —
Bayesian

L Adjustment of IA|
in the decision

dj = Choice of Aj cE

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 :

J

— Workshop TBF

A. Appriou
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A Few Didactic Examples

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

m(Hz) 0,1 0 0

m(Hs) 0,3 0,3 0

m(H1uH2) 0,2 0,5 0

m(H2UH3) 0,1 0,1 0,6

m(E) 0,1 0 0

Solution(s) with |.|=1 |H1, Ho, H3 Hi, Ho Hz, Hs
SOlUtiOh(S) with ||=2 Hi1UH3 H1UH3 H{UH>, H{UH3
Secondary criterion |Hs H; Hz, Hs
Pignistic criterion Hs H1, Hs H1




Ambiguous Observation Matching

¢
Orthogonal spatial resolutions : Difficulties :
« Localization « Ghosts

* Discrimination of multiple targets * False Alarms "

» Hidden targets
* Non-Detections

~

t t t s

Sensor 2

A A A A

Sensor 1 Sensor 2

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

(@p)

|_\

-
Sensor 1

A. Appriou — Workshop TBF




Matching Process

- Signal s," in cell n of sensor 1
- Signal s,™ in cell m of sensor 2

- Signal s in cell h of sensor | - Joint probability distribution
- Prior knowledge on identity | or fuzzy similarity relation
: 1 : 1
Likelihood C;" of identity i in cell h Similarity R"™ of s," & s,™
: 1 : 1
Modelling Modelling

3
w
-
N

A. Appriou — Workshop TBF
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Application to Detection

Sensor 2
xo1 l X2
xq1 % x3!

Sensor 1
Sensor 3

l><
|_\
N

«-/ue/ X32
%

x41

X42
Sensor 4

- Statistical learning of signals
with and without target

- Fuzzy similarity relation
between signals of sensors
looking at a same target

T Mean recognition rate of target distribution

(3)
(1)

/_,‘ Maximal number of ambiguities

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
(1) Classification criterion

(2) Similarity criterion
(3) Global criterion

OMNERA




A. Appriou — Workshop TBF

Learning:
Features / |dentities H,

Features / Cell xIn / Sensor Sj'

Gating
m
Updating L
g™
Prediction
Likelihoods
Bayes of positions

Likelihood

of identities /

Fusion /

résolution cell

Fusion
Observation
+

Prediction

—

» cldentities

*Cells
} *Sensors

Likelihoods of

Identity distributions /
intersections of cells x™

Belief Functions




Examples

»; 2Dradarin(0,0) =t Pulse radar
+ IR sensor

T in(0,0)

Discrimination Matching
§ Signals: Reliable statistical learning
N(0,1) No target in the cell eInitialization error only
$ N(S,1) Target level S in the cell *Tracking of target S=4




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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