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Autonomous Data Fusion In
L Autonomous Networks

* Decentralised Data Fusion (DDF)

* The DDF paradigm

* Decentralised Bayes and information fusion
* Fusion Challenges (ANSER 1)

« Learning mixed sensor features

* Building general density models
* Control Challenges (RCS-18)

« Sensor and communication management

* Information in system design

* Future Challenges
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o Decentralised Data Fusion (DDF)

Autonomous
Systems

* A set of Network Data Fusion
Methods:

* Ad Hoc Network
e Fusion at Sensor/Platform
* No Central Fusion Site
* Fully Scalable
* Decentralised Algorithms

Using the Information Filter: Fusion
. Target states
 For Target Tracking (different bandwidths)
* For Cooperative Control \

* For Cooperative Navigation °
A To other network

components
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Bayes and Information Fusion

Bayes:

P(x(k) 2" )=C.P(x(k) | ) TT Plz; (k) | x(k))

| o
Posterior Prior Sensor Likelihoods
* X(K) Is the state at time k

* zi(k) Is the ji" sensor observation at time k
* ZXis the sequence of observations up to k

Sensors contribute P(z.(k K)) = A (x(k
Likelihoods on x(k) (2 () x(k)) = A, (x (k)
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Data Fusion: Distributed Sensing
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o Data Fusion: Distributed Fusion

Autonomous
Systems
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Data Fusion: Decentralised Fusion

Autonomous
Systems
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o Bayes and Information Fusion

Autonomous
Systems

Bayes: | P(x(k)|Z*)=C.P(x(k)| 2" [T P(z, (<) x(K))

Log-Likelihood: ‘ Information, by construction, Is additive‘

InP(x(k)| Z*)=In P(x(K)]| Zk‘1)+ZIn Pz, (k)| x(k))+ K

‘ Information: A measure of compactness: ‘ H(x) = —E[Iog P(X):

Mutual Information: a priori measure | | (x:z) =—E| log P(x|z)
of contribution to compaction: P(x)
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o Bayes and Information Fusion

Autonomous
Systems

Bayes: | P(x(k)|Z*)=C.P(x(k)| 2" [T P(z, (<) x(K))

Log-Likelihood: ‘ Information, by construction, Is additive‘

InP(x(k)| Z*)=In P(x(K)]| zk—1)+z InP(z, (k) | x(k))+ K

Gaussian Case: (Fisher or Canonical) Information Form

y(k|K) =P (k|K)X(k|K) i (k)=HR'z,(K)
Y(k|k)=P(k|k) I.(k)=HR'H,
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The Information Filter

Observation updates are simple sums (unlike KF):

&(klk)=§(k|k—1)+zi,-(k)
Y(k|k):Y(k|k—1)+ZJIj(k)

Time/Structure updates are Dual to
state (KF) Observation Updates :

y(k+1
Y(k+1

k) =y(k|k)+Q[y(k|k)+Y(k | K)Bu(k)]
K) = Y(k [K) = Q(K)Z(K)Q" (k)
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DDF in Operation

Autonomous
Systems

* Network communicates Information

* Nodes fuse local observation and
communicated Information

* Channels communicate local
Information gain (mutual information)

Ay KK\
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To other network
components
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o ANSERII: All-Source Bayesian Fusion

Autonomous
Systems

* Full Bayes DDF for fusion of heterogeneous data from UAVS,
UGVs, human and data base sources

* Model general feature types; trees, buildings, dams, etc
 ldentify and label features, integrate human inferences
* Real-time exploitation of network data by air, ground, human
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Bayesian DDF Node Structure

Preprocess
and Feature
Extraction

Density
Fitting

Likelihood

Model Channel Filter

P;(z:zi(k)@l

Observation
Update
(Multiplication)

-

| Pexdzerz )

Channel Filter

Channel
Manager

P(x,|Z)

P(x,|Z*,z(K))

Time Update
(Convolution)

( Assimilation

L(Multiplication)]<

]< P(x,|Z%)

i
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o Learning and Inference Process

Autonomous
Systems
Learning Diagram
: Emm. . isomap | Learning P
= Exfraction Algotithm (EM) Function
4 A 3E)

(a)

Training imagess

Inference Diagram

Likelihood
Function

1L:uf.v.:..:...s,l

|

Feature Feature Z | Probabilistic X -
. . = ﬁ| State Vector i% E
Extraction Sel=ction Intetencs i

Test image (b) Main state ditoension
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O Step I: Model Generation

Autonomous
Systems

* NLDR on image patches

* Find low-D representation for
significant patches of interest

e Use VBEM to find number and
centre for mixture model

2000
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500}

+, o
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Visual State 2

-500+

-1000+

-1500+

_2 OOO | 1 1 1 L
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Visual State 1 (Brightness)
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o VBEM to Estimate Classifications

Autonomous
Systems

Need to estimate number
and location of classes

Variational Bayes 7000
Procedures:

Simultaneous
estimation of class
number and centre

Can deal with order 10°
state dimensions

Unsupervised/semi-
supervised classification
of sensory data

Automatic generation of
Likelihood Function
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o Resulting Location Likelihood Models

Autonomous
Systems
6_
4.
5 C
= 2t
wn
8 ol s i
4
Il P

= 0 2 4 6
x—position

y

Probabilit

* Mixture Model for Location
Parameters and Likelihoods

P(x) = ZWiN(Xlui, 33)

y—position

X—position
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fwrCrre Resulting Class Likelihood Models

Systems

Visual State 2

- e P(z] x,5)P(x|s)P(s)

3000
Visual State 1 (Brightness)

IPAM Sensor Networks Jan. 2007

Slide 18



o Step Il: Model Inference (Air)

Autonomous
Systems

P(z | x,s)=P(z|x=[x,s]) Is the
required likelihood for inference

0 A0 J0 400 SO0 B0 Y0 oW ECC 1333
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o Step Il: Model Inference (Ground)

Autonomous
Systems

Rawr lmage Processed Image

100 100
200t 200
300 300
4001 400
500 ; - 500
500 500

700 7on

200 400 B00 800 1000

P(z | x,s)=P(z|x=[x,s]) Is the
required likelihood for inference
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o ANSER Il Also Uses Data-Base and
Autonomous  Human-derived Information

Systems

USER INTERFACE

°* Human operator input:
* Metric Information
» Labels, Context

* On-line estimation of
“operator likelihood”

* Hyperspectral data “node”

— # —irees

1 1 1 1 1
06 08 1 12 1.4 18 18 2 22 24
Wavelength (um)
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Component-Based M
Deployment (ORCA)

Autonomous

iIddleware for

Systems
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Mission System Implementation

Autonomous
Systems
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G)Aummous ANSER Il Common Operating Picture
Systems
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o Fusion: Future Challenges

Autonomous
Systems

* Feature Modelling: Finding “Xx”
« Generalising single-sensor feature models
« Learning mixed-modality feature models
« Learning and refining abstractions (MI?)

* Probabilistic Fusion: Finding “P”
» High-dimensional density estimation

* Find a general and efficient density family,
closed under fusion operations

« Data association with general densities
* Systems design: Finding “2”
« Use information to do system design,
assembly and reconfiguration

IPAM Sensor Networks Jan. 2007
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Mutual Information & Control

Autonomous
Systems

°* Mutual Information or information gain, Is
exactly what is communicated in the DDF

* Can be exploited in sensor management,
communications and platform control

[ Ay

| Akl
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o Example Cooperative Control

Autonomous
Systems

* The trajectory that
maximises information

* Information shared (DDF)

— —
i — _—

a5 ¥
* " Feature, |l

¥

0.5

* |Inherits DDF

-0.51

properties: )
e Scalablllty Sensorza—
« Survivability
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Autonomous

Systems
& defence

* How best to use tactical UAV
fleets ?

* Alist of candidate targets of
interest

° Coordinate a UAV fleet with
mixed sensors to:

- Locate,

 identify and

* prosecute targets
* Demonstrate this

IPAM Sensor Networks Jan. 2007
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o Set-up

Autonomous
Systems

* DDF Enabled on all platforms

* Mutual information on target
location and IDs

* A set of UAV manoeuvres:
* Point-to-Point
* Orbits

* K-step look-ahead

Ra)(ﬂe

IOrbit —
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Autonomous Extending the Paradigm

Systems

* Other information-maximising
controllers

* Resource use (platform,
communications)

< Target cuing, hand-off, etc
« Search, Exploration

Slide 32
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o Control: Future Challenges

Autonomous
Systems

* Dealing with Constraints
» Process constraints
* Time constraints (rendezvous)

* Cooperative Planning

« Heterogeneous platforms:
Who does what and when

* Re-tasking
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Autonomous Future Challenges

Systems

°* Theory
« Spatial Scales
« Temporal Scales
¢ The autonomous sensor
* The application
* Mine picture compilation
» Large-scale sub-sea surveys
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Autonomous Mlne PlCture COmpI|atIOn

Systems

Multi-Spectral

Geophysical

Alrborne
Laser

Face Radar
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o Large-Scale Sub-Sea Surveys

Visual

Acoustic

Laser
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