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Sensors observe same
object with:

� Case 2: Unknown
sensor locations, so
some correlation

� Case 3: Known node
locations, so strong
correlation
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Key observation: x =

[
x1

.

.

.
xn

]
∈ M̂k ∈ �nN .

RO: Global Random
Orthoprojection

� z = Φy

=

[
Φ1,1 · · · Φ1,n

.

.

.

.

.

.

.

.

.
Φn,1 · · · Φn,n

]
nMR×nN

y

=
∑n

i=1

[
Φ1,i

.

.

.
Φn,i

]
nMR×N

yi

� Total Txs: n2MR .

� Computations: O(n2MRN).

BDRO (Blk Diag RO)

� Φ =⎡
⎣ Φ1 0 0 0

0 Φ2 0 0

0 0
. . . 0

0 0 0 Φn

⎤
⎦

nMB×nN

where Φi ∈ �MB×N

� Total Txs: nMB .

� Computations = O(nMBN).

� What about RIP?
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Case 1: Independent Objects

No correlation motivates independent coding (BDRO):
� xi ∈

⋃P
k=1 Mk ∀ i = 1, 2, . . . , n.

� zi = Φixi where Φi ∈ �MB×N

� From RPM, if MB = O
{
K log NPV

τε log (nρ−1)ε−2
}

then with
probability ≥ 1 − ρ/n, ∀ xi , x̂i ∈

⋃
k Mk ,

(1 − ε) ≤ ‖Φixi − Φi x̂i‖2

‖xi − x̂i‖2
≤ (1 + ε) ∀ i

� Union bound ⇒ with probability ≥ 1 − ρ, ∀ x, x̂ ∈ ⋃
k M̂k ,

(1 − ε) ≤ ‖Φx − Φx̂‖2

‖x − x̂‖2
≤ (1 + ε) ∀ i

where Φ = Diag [Φ1, . . . ,Φn] ⇐ BDRO
� nMB = O

{
nK log (NPV ) log (nρ−1)ε−2

}
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Case 1: Independent Objects

What if we try RO?

� x(k, θ) =

⎡
⎢⎣

x1(k1, θ1)
...

xn(kn, θn)

⎤
⎥⎦ ∈ Mk1 × · · ·Mkn ≡ M̂k ∈ �nN .

� Dim(M̂k) = nK .

� Number of effective classes: Pn.

� x ∈ ⋃Pn

k=1 M̂k .

� Using RPM result, nMR = O(nK log nNPnV n

ετ log ρ−1ε−2).

� Recall, nMB = O
{
nK log NPV

ετ log (nρ−1)ε−2
}
.

� RO is inefficient when there is no correlation across sensors.
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Case 2: Same object with ind. parameterizations

� x(k , θ) =

⎡
⎢⎣

x1(k , θ1)
...

xn(k , θn)

⎤
⎥⎦ ∈ Mk × · · ·Mk ≡ M̂k ∈ �nN .

� Dim(M̂k) = nK .

� Number of effective classes: P.

� Apply RPM: nMR = O
{
nK log nNPV n

ετ log ρ−1ε−2
}
.

� Using the result of case 1: nMB = O
{
nK log NPV

τε log (nρ−1)ε−2
}
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Case 3: Same object with dep. parameterization

� x(k , θ) =

⎡
⎢⎣

x1(k , θ)
...

xn(k , θ)

⎤
⎥⎦ ∈ sec(Mk × · · ·Mk) ≡ M̂k ∈ �nN .

� Dim(M̂k) = K .

� Number of effective classes: P.

� nMR = O
{

K log nNPV̂
ετ log ρ−1ε−2

}
.

� nMB = O
{

μK log nNPV̂
ετ log ρ−1ε−2

}
where 1 ≤ μ ≤ n &

V̂ = Vol(M̂).
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Case 3: Same object with dep. parameterization

Oversampling factor: μ(δ) : [0, 1] → [1, n]
� μ is strictly increasing.
� μ(0) = 1 and μ(1) = n.
� δ is the smallest value such that

1 − δ√
n

≤ ‖xi − x̂i‖2

‖x − x̂‖2
≤ 1 + δ√

n
∀ i
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Summary

��

Increasing correlation across sensors
Case 1 Case 2 Case 3

x(k, θ) ∈ M̂k = Mk1
× · · ·Mkn M̂k = Mk × · · ·Mk M̂k = sec(Mk × · · ·Mk )

Dim(M̂k ) nK nK K

nMR O
{

nK
ε2 log nNPnVn

ετ
log 1/ρ

}
O

{
nK
ε2 log nNPVn

ετ
log 1/ρ

}
O

{
K
ε2 log nNPV̂

ετ
log 1/ρ

}
TxsR O

{
n2K
ε2 log nNPnVn

ετ
log 1/ρ

}
O

{
n2K
ε2 log nNPVn

ετ
log 1/ρ

}
O

{
nK
ε2 log nNPV̂

ετ
log 1/ρ

}
nMB O

{
nK
ε2 log NPV

ετ
log n/ρ

}
O

{
nK
ε2 log NPV

ετ
log n/ρ

}
O

{
ε2 log nNPV̂

ετ
log 1/ρ

}
1 ≤ μ ≤ n

TxsB O
{

nK
ε2 log NPV

ετ
log n/ρ

}
O

{
nK
ε2 log NPV

ετ
log n/ρ

}
O

{
μK

ε2 log nNPV̂
ετ

log 1/ρ
}

Remarks BDRO fewer Txs BDRO fewer Txs BDRO as good for same Txs

With probability ≥ 1 − ρ, ∀ x, x̂ ∈ ⋃
k M̂k ,

(1 − ε) ≤ ‖Φx − Φx̂‖2

‖x − x̂‖2

≤ (1 + ε).
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Simulation Setup

Case 3: Same object with dep parameterization

� Number of Classes, P = 3.

� Nuisance parameters: K = 4 (2 each for translation &
orientation).

� Two image sensors with resolution, N = 95 × 144

� 100 iterations per SNR regime.
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Classes
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Results I

10 20 30 40 50 60 70 80 90 100
0

0.2

0.4

0.6

0.8

1

1.2

Number of Transmission

C
la

ss
ifi

ca
tio

n 
ra

te
, %

Classification Rates at SNR =30dBClassification Rates at SNR =30dB

 

 
RO
BDRO

10 20 30 40 50 60 70 80 90 100
0

0.2

0.4

0.6

0.8

1

1.2

Number of Transmission
C

la
ss

ifi
ca

tio
n 

ra
te

, %

Classification Rates at SNR =20dBClassification Rates at SNR =20dB

 

 
RO
BDRO

Figure: Classification accuracy vs Txs @ 30dB and 20dB
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Results II
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Figure: Classification accuracy vs Txs @ 10dB and 0dB
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Observations

� High classification rate achieved with very low measurement rate
nM/nN ≈ 50/27360.

� Progressive coding: more measurements higher classification.

� BDRO outperforms for given communication and computation
budget.

� Note {nM}BDRO = n{nM}RO ⇒ GMLC for BDRO works in
higher dimensional space.
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Conclusions

� Random projections can be used for joint distributed source
coding.

1. Simple, universal, progressive coding.

� When sensing geometry is known, local encoding is theoretically
as good as and empirically outperforms global encoding for the
same communication and computation budget.

1. Few additional measurements require for same performance
(oversampling factor)

2. Can improve with adaptive sampling

� Global encoding is near optimal (linear in information) for known
sensor geometry. Its performance deteriorates with decreasing
correlation between sensors.
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