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Abstract—Abstract text to be done B. Sensor Fusion Architecture

Index Terms—Complementary Filters, Sensor Fusion, H-

Infinity Synthesis Let’s now consider two sensors measuring the same physical

quantity x but with different dynamics (G, G2) and noise
characteristics (N1, Na) (Figure [2).

The noise sources n; and no are considered to be uncorre-
Section [ Section [[II] Section [[V] Section [V lated.

I. INTRODUCTION

1

1

1

1

1

1

ni ! A
I Y P K
G1 P> G, Hy

1

1

II. OPTIMAL SUPER SENSOR NOISE: Ho SYNTHESIS
A. Sensor Model

Let’s consider a sensor measuring a physical quantity x
(Figure [T). The sensor has an internal dynamics which is here
modelled with a Linear Time Invariant (LTI) system transfer
function G;(s).

The noise of sensor can be described by the Power Spectral ]
Density (PSD) ®,,, (w). —1 N,

This is approximated by shaping a white noise with unitary

PSD 71; (2) with a LTI transfer function N;(s): : | "2 Uy [ o
L, o Gy p—=>{ G5! H,
Py, (w) = |N;(jw)|” s, (w) : '

o 1) RN
= [Ni(jw)| . . . . .
Fig. 2. Sensor Fusion Architecture with sensor noise
O (w) =1 2 The output of both sensors (v1,v2) are then passed through
The output of the sensor v;: tlie i{lverse of the sensor m(?del to obtained two estimates|
(Z1,22) of z. These two estimates are then filtered out by
v; = (Gy) z + (G N;) 7y (3) two filters H; and H> and summed to gives the super sensor

R estimate .
In order to obtain an estimate z; of x, a model G; of the

(true) sensor dynamics G is inverted and applied at the output ) A1 A1
(Figure [I)): T = <H101 Gy + H»G, Gg) x

R R )
&= (GG 2+ (GG iy ) + (MGG ) o + (#2651 Gala )
Suppose the sensor dynamical model G is perfect:
fmeens . Gi= G, (6)

T * Sensor

We considered here complementary filters:

! Hy(s) + Ha(s) = 1 )

n; =
x ! Vi [A—1] %i . ..
i G; > G > In such case, the super sensor estimate  is equal to x|
1
1

........... ] plus the noise of the individual sensors filtered out by the]

complementary filters:

TA‘:T+(H1N1\’I‘31 +(H’)N‘)\ﬁ‘) (8)

Fig. 1. Sensor Model




C. Super Sensor Noise

Let’s note n the super sensor noise.
n = (HiNy)ny + (HaN2) o 9

As the noise of both sensors are considered to be uncor-
related, the PSD of the super sensor noise is computed as
follow:

O, (w) = [Hi N + |Ha N | (10)

It is clear that the PSD of the super sensor depends on the
norm of the complementary filters.

\D. Ho Synthesis of Complementary Filters

The goal is to design H;(s) and Hz(s) such that the effect
of the noise sources n; and 1y has the smallest possible effect
on the noise n of the estimation Z.

And the goal is the minimize the Root Mean Square (RMS)
value of n:

o H, N,
n — (I)ﬁ dw =
o /0 (w)dw HH2N2
Thus, the goal is to design H;(s) and Hs(s) such that

Hq(s) + Hs(s) =1 and such that Hg;%;HQ

Y

2

1S minimized.

zZ1 N1 N1 w
z2 = 0 N2 <u> (12)
v 1 0

The Ho synthesis of the complementary filters thus mini-
mized the RMS value of the super sensor noise.
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[Fig. 3. Generalized plant Py, used for the Hga synthesis of complementary
filters

[E. Example
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III. ROBUST SENSOR FUSION: H,, SYNTHESIS
IA. Representation of Sensor Dynamical Uncertainty

Suppose that the sensor dynamics G;(s) can be modelled
by a nominal d

Gils) = Gils) (1 +wi($)ALs)) ;A Gw)| < 1Yw (13)

B. Sensor Fusion Architecture

T = (Hlél_lél(l + wlAl)
N (14)
+H2G2_1G2(1 +w2A2))SC

with A; is any transfer function satisfying ||A;]|cc < 1.
Suppose the model inversion is equal to the nominal model:

G =G (15)

.fj = (1+H1’LU1A1 —|—H2U]2A2).13 (16)
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Fig. 4. Sensor Fusion Architecture with sensor model uncertainty

C. Super Sensor Dynamical Uncertainty

The uncertainty set of the transfer function from Z to z
at frequency w is bounded in the complex plane by a circle]
centered on 1 and with a radius equal to |w; (jw)H; (jw)| +H

lwa(jw)Ha(jw)|-

mf  (WaHs|--_,

|W1H, |+ |WoHo

Fig. 5. Super Sensor model uncertainty displayed in the complex plane

D. Ho Synthesis of Complementary Filters

In order to minimize the super sensor dynamical uncertainty
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[Fig. 6. Generalized plant Py __ used for the Hoo synthesis of complementary
filters
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[Fig. 7. Super Sensor Fusion with both sensor noise and sensor model
luncertainty
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Fig. 8. Generalized plant Py, /g used for the mixed Ha/Hoo synthesis
of complementary filters
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