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. Sensor Fusion

Multiple sensing modalities required; sensor fusion brings them together

* Long-range sensing
* Object movement
* All-weather performance

RADAR

* Precise 3D object detection
* Range accuracy
* Free-space detection

LIDAR

* Object classification
* Object angular position
* Scene context

CAMERA

RADAR

+

Object detection =F
Pedestrian detection —
Weather conditions +
Lighting conditions =F
Dirt +
Velocity —+
Distance - accuracy +
Distance - range +

Data density —
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Classification —

Packaging +
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Sensor fusion?
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Camera view
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RADAR view
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LIDAR view
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Multi-sensor data fusion frameworks

Modality l' Modality 2. Modalityj
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Model 2

Early fusion
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(a) Early fusion (data or feature-level); (b) Late fusion (decision-level); (c) Hybrid fusion.
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Multi-sensor data fusion frameworks

Raw level fusion / Raw data fusion
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Multi-sensor data fusion frameworks

Feature level fusion
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Multi-sensor data fusion frameworks

Decision level fusion
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GPS+IMU

Simple Sensor Fusion: Averaging GPS and IMU
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Camera + RADAR

~ Camera + Radar Sensor Fusion (2D)
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State observer

State Observer:

u a, y - Cx o x(k+1) =dx(k)+ Tu(k)
! y(k) = Cx(k)

Observer [«——

T

State observer
t(k+1) = ®2(k) + Tu(k) + L(y(k) — Cz(k))
Estimation error e(k) = (k) — (k)
e(k+ 1) = ®e(k) — LCe(k) = (& — LC)e(k) state observation error dynamics

The observer gain L can be chosen such that e — 0, irrespective of u (provided it's

known and used)

faay YOSt ul
3 &7 HANYANG UNIVERSITY
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State observer

Prediction-Correction State Observer:

An LTI system

Prediction:

Correction:

z(k) = z(k) + L(y(k) — Cz(k))
Estimation error é(k) = x(k) — Z(k)

e(k+1)= (P —dLC)e(k) state observation error dynamics

Note: &(-) convergent = e(-) = x(-) — &(-) convergent.

Jaay 2T Y Sl
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Kalman filter: white Gaussian noise

Discrete Kalman Filter

Let us consider a discrete-time system

Tp+1 = Pray + wy,
yr = Cray + vy

where
wp . white sequence with known covariance, ~ N(O, Qk)
vy, - white sequence measurement error with known covariance, ~ N (0, Ry)

The covariance matrices for the w;. and v
Elwpwy] = Qr, Elwew; ]| =0 (j # k)
Elvivl] = Ry, E[vkv’ﬂ =0 (j #k)

Jaxp YLl
) @7 HANYANG UNIVERSITY
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Kalman filter

Prediction (a priori) estimate ;.

Prediction (a priori) estimation error

€ = T — Tk
Prediction (a priori) error covariance matrix

Sk = Elever] = E[(ar — Zn) (vp — Tn) "]

How to use the measurement ;. to improve the prior estimate Ty,

(a) Or oL
7 HANYANG UNIVERSITY

UNICON LAB, Unmanned & Intelligent systems Control Laboratory



Kalman filter

We choose
T = Tk + Li(yp — CrT)
where

2. - the updated (a posteriori) estimate

L. : a gain to be determined

How to find the gain L. that yields an updated estimate that is optimal in some sense

- Minimum mean-square error as a performance criterion

Jaxp YLl
@7 HANYANG UNIVERSITY

UNICON LAB, Unmanned & Intelligent systems Control Laboratory



Kalman filter

Updated (a posteriori) estimation error:

e = Ty — Tk

The covariance associated with the updated estimate error:

Y = Eleper | = E[(xg, — &p)(xp — &%) 7]

Using
T = Tr + Lk(yk — C(Ek) = (I — LkC)i’k + Li.Cxy + Loy

e = T — Tp = (I — LkC)ék — L

we have
r =Elere] ]| = (I — LyC)Sp (I — LiC)" + LR, LY

(The a priori estimation error &;, uncorrelated with vy, E[e,v{] = 0)

yaxp OOl
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Kalman filter: optimization

Optimization:
Need to solve an optimization problem

in tr| X
e

subject to Convergence
where

i = E[ekjeg] = (I — chk)ik(f — chk)T + LkRkLg
=3, — Oy Sy, — S,CL LY + Le(ChE4,CL + Ry,) LY,

Good to note:

For A = [ay) € C"*™, B = [b,] € C"*™,

tr [ATB] = Z Z(Lklbk(’ =ayhiy + -+ b

k=11=1

IfA =5,

n m
tr [ATA] = Z Zafni =ai, +---+ar,

k=1 1=1

faay YOSt ul
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Kalman filter: optimization

dtr[Ek;]

07 — —Q(Okik)T —+ 2Lk(0ki}kC;{ —+ Rk) =0
k

Optimal gain

Ly = S,.CH(C 2.0 + R)™! (Kalman gain)

The covariance matrix associated with the optimal estimate

Yp = (I = LyCp) Sk (I — LiCr) " + Ly Ry Ly,

Substituting the optimal gain leads to

Y= (I — LyCy)%y

© Kk
e HANYANG UNIVERSITY
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Kalman filter

Prediction model

Tpy1 = Py

The error covariance matrix associated with Tz

Cht1l = Tha1 — Th1 = Prpap +wp — Py = Prep + wy

L : - o — T
The prediction error covariance matrix X+ 1 = E[€j11 Cg 1l

She1 = PR3 ®r + Qp

(Elexw]] =0, ey uncorrelated with wy,)

yaay TS ul
Y HANYANG UNIVERSITY
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Kalman filter

Convergence?

Assume stationary, fixed sample period process

Sipr = O80T 4 Qp = (@ — OLLOVEL(P — OLLO)V + OLLRLLL O + Qy
assures
(& — PLCYSR(P — PLLCY — S +Qr <0
Note:

- Steady state prediction error dynamics

. ¥ > 0 for the Lyapunov inequality

{aay OFG OOt ul
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Kalman filter: summary

Discrete Kalman Filter Algorithm:

e Correction update (using measurement yx):
L. = ikC,’f(Cki)kC}f + Rk)_l

T = T + Li(yp — Cry)
Y = (I — chk)ik;

e Prediction update:
Tpy1 = Py

Sip1 = PrIp®; + Qu

o) DL

R a-"':‘;} HANYANG UNIVERSITY
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Kalman filter: summary

Time invariant system: steady state soln.

Using
Y= - LC)Sg
and
Spi1 = 0207 +Q
we obtain

Sip1 = B — LOYS, T +Q

Let Y = XY, then

L=vycT(cyc” + R)™!

Y =& - LOYOT +Q
Substituting I — LC = I — YCT(CYCT + R)~'C leads to

Y =oYeT —oyct(cyCT + R)T'CYeT +Q

Jaxp YLl
) @7 HANYANG UNIVERSITY
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Extended Kalman filter

Extended Kalman Filter

Most realistic robotic problems involve nonlinear functions

{ Trt1 = fr(Tr, Ugpr1) + Wy

2 = hk(il?k) + UL
The covariance matrices for w;. and v
Elwpwy] = Qr, Elwpw) ] =0 (j # k)

Elvkvi] = Ri, Elogvj] =0 (j # k)
E[wkv;r] =0 (Vk, 7)

G SHOFL T

R c:":\: HANYANG UNIVERSITY
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Extended Kalman filter

Kalman Filter Revisited:

e Correction update (using measurement z;.):
_ v ~T SiazA —1 :
Ly =2, CL (Cr2iCh + Ry) (Kalman gain)

T = T + Lk(zk — C’kfk)

Y = (I — Li,Cy)Xs

e Prediction update:

Trar1 = Py

Sia1 = P20 4+ Qy

oy DTS ul
e HANYANG UNIVERSITY
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Extended Kalman filter

EKF Linearization: First Order Taylor Series Expansion

e Prediction:

Of (xr—1,ur)

Oxy_1

(g1 — 2p—1)
Tr_1

= f(Tp—1,ur) + Pr(xr_1 — Tp—1)

flep—1.ur) = f(Tr_1,ur) +

e Correction:

Qo) OHS Ol
Qe HANYANG UNIVERSITY
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Extended Kalman filter

Extended Kalman Filter Algorithm:

e Correction update (using measurement 2 ):
L = ikC,?(CkikOf + Rk)_l

S = (I — LipCL)S

e Prediction update:
Trr1 = fo(@r. Upg1)

Sir1 = I Pl 4+ Q

Of (xp—1,ur)

Py, = =
Oxp—1 Fr_1 Oxy |z

(a) Or oL
7 HANYANG UNIVERSITY
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GPS+IMU (CV)

Pasition Estimation via Kalman Filter
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GPS+IMU (CA)

300 F T T T » X
= P -
75 = 28 (Constant Acceleration, CA) 0}
200 -
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1o True Position
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GPS+IMU (Average, CV, CA)

Position Estimation: Average vs CV vs CA Kalman Filter
T T T T

1. Tk B (GPS + IMU 7H5 % 7|8F F73) 360 T I
2. &5 2 Kalman Filter 4
3. 71 EZ Kalman Filter wor

Position
-
o
[=]
T

o M AHE= S7F5 2F (position + velocity + acceleration)

» GPS: noisy?t 91X ZHT HS

. — e L i
» IMU: noisy®t 75 = ZFT HE %0 o e fostn
= = = Avg(GPS+IMU)
= Ql5] =2 ol e
o M 7HA 38 Aoz SHT BUS 7IU22 FFolu Bl ol oA Kaman ]
_50 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Time Step

UNICON LAB, Unmanned & Intelligent systems Control Laboratory



