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Introduction to
Extended Kalman Filter
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Markov process

« Assuming a state vector x that completely describes the system
Xk

« The state of the system depends only on the state at the previous
instant of time, not on the entire past.

p(xk+1|xk;xk—1;xk—2» ) = P(Xk+1|xk)

 More general presentation is when input u is affecting the next state
and measurement z provides information on the present state.

P(Xreq1 1%, Xie—1y oo Wiy Wi 15 vy Zi g 15 Zks o ) = P (Xpegr 120, Uies Zieg1)
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Markov process
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Extended Kalman Filter

« The Extended Kalman Filter model assumes that the state of the
system at time k evolves to the state at k+1 according to equation

X1 = fx,w) + vy

v, ~N(0, Q)

« A measurement of the state at an instant k is described by

Z = h(xk) + W,

WkNN(O, Rk)
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Extended Kalman Filter

« Assuming initial state is known...
Xojo = Xo
« ..the state at an instant k+1 can be predicted.
Rieie = f (Riepo ue )
« Based on the estimated state, the prediction of the next measurement
ZAk+1|k — h(£k+1|k)
« ...and the the difference between obtained measurement

Vik+1 = Zk+1 — Zk+1)k
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Extended Kalman Filter

« Assuming also that the initial state covariance P is known...
P0|0 = Py
« ..the state prediction covariance can be calculated
Py = FkPk|kFI; + Qy
_9f

dx fk|k

Ey

« The covariance update formulais based on linearization and
assumption that the noise v is white and has zero mean
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Extended Kalman Filter

« Using the state prediction covariance, the measurement prediction
covariance S is obtained

Sk+1 = Hiy1PryHys1 + Risr

dh
Hiyq = a A

Xic+1|k

« Again, the formulais based on linearization and assumption that the
noise w is white and has zero mean
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Extended Kalman Filter

« The filter gain W is calculated from the state and measurement
prediction covariances

_ ' 1
Wii1 = Py Hie 41160k 411k

« The updated state at the next instant of time is sum of the predicted
state and the correction term

Xk+1lk+1 = Xk+1k + Wis1Vis1

« The updated covariance associated with the next state

Prstik+1 = Prvipe = Wis1Sk41Wiepa
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Extended Kalman Filter

 The probability density function estimate of
the Markov process state is

p () ~N(Zkiier Per)
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Extended Kalman Filter - Summary

State prediction

state
X1k = f(xklk'uk) 0-5¢ N(Cfmk Pk:|k)
3l
_of 0.4}
F, = a X
Tklk 0.3F
Piy1je = Fie P e + Qk 02l
.. 01r
Measurement pred|Ct|On
0 | | 1 1
Zk+1|k = h(xk+1|k) 0 2 4 6 8 10
Hyyy = oh measurement
dx fk+1|k 05 r
Sk+1 = Hir1Pes1eHis1 + Ris 0.4F
0.3F
Update
) 0.2}
Vik+1 = Zk+1 — Zk+1]k 01
Wiy = Pk+1|kH1;+1|k5k_i1|k -
Ber1jk+1 = X + Wig1Vier OO 2 4 6 8 10

Prertje+1 = Prerae = Wirr Skt Wi
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Tractor-trailer state estimate
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Objective

« Why?
« Automatic guidance needs an accurate estimate of the current state
of the tractor and the trailer

« Difficulties?
« The GPS measurement includes always noise and it is delayed
« Actuators are slow and inaccurate (include dynamics)
« Slipping is always present in field (odometry is inaccurate)

e How?
« Local measurement can be used to improve the positioning accuracy
« IMU can be used to improve the heading estimate
—> A realistic model of the system together with Kalman filter is needed
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Equipments
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Equipments

« The edge of the sown are is marked with a small plough
« The mark is recognized with the help of laser scanner

A? Aalto-yliopisto igshée\o??ckman AG RO M ASSI



Model of the tractor-trailer system
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Model of the tractor-trailer system

« Assumption: Ground is ideal and slipping affects only the front
steering wheels sideways

« Kinematic model of the tractor

[ xp(ty) +v.(t) cosO(t,) T 7

;C,R EEH% Yr(ty) + v (tx)sin0(t,) T
rR(tk+1)|

Otk |~ [6(t) + v, (t) tan §(t)a (&)
6(tk+1) 5(tk) a

« Dynamics of the tractor actuators

[vt(tk+1)] _ lkvvt(tk) + (1 = ky)vg (te)
a; (te+1) koo (te) + (1 — ko )ag(ty)
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Model of the tractor-trailer system

 Assumption: trailer does not slide sideways

« Kinematic behaviour of the trailer
(continuous-time model)

. —avysin(B +vy.) + v,(d + ccos B+ bcos(B +y,)) tana, — ady,
p= a(d + ccosy;)

 Dynamics of the trailer actuator

Ve(trr1) =k ve(6) + (1 =k, )va (&)
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Model of the tractor-trailer system

« Auxiliary states:
« Trailer position

XE] _ [xR —bcosO —ccos(f —60) —dcos(B + Vactual — 9)]
YE yr —bsin@ + csin(f — 0) + dsin(B + Vacruar — 6)

« Laser scanner position

. Xg + lx COS(,B + Yactual — 0) - ly Sin(ﬁ + YVactual — 9)

%9
] B [yE — lx Sin(lg + Yactual — H) - ly COS(,B + Yactual — 9)

YL
* Plough position

xP] _ [xE + Dy COS(.B + Yactual — 9) — Dy Sin(ﬁ + Vactual — 9)
yp YE — DPx sin([>’ + Vactual — 9) — Dy COS(,B + Yactual — 9)
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Model of the tractor-trailer system

 Resulting state vector
x=[xx yp 60 & v. a0 B Ve V¢ x& Vel
* Resulting control vector
u=1[va g W]’

« System model
* Includes equations from three previous slides

X(tr41) = fc(te), u(ty))
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Estimation model

« Standard estimation model with mutuallu independent white noise

X(trt1) = fost (X(tx), u(ty)) + w(ty)
Y(tr) = h(X(ty)) + v(ty)

« Measurements are delayed
- Estimated state vector includes delayed states
—> Totally 44 variables in state vector

Xt = [x(te) x(te—1) x(tr—z2) o x(tr—n)]’
fest(f(tk)»u(tk))=[f(x(tk);u(tk)) x(ty) x(tr—1) - x(tp—ps)]"
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Estimation model

« Measurements are delayed
- Measurement function "picks” the right state variables

% (b))
V& (te—r(yp))
0 (te—ro))
vt(tk—r(vt))
h(Z () = | @ (te—ray)
Btk—s))
Ve(tk—r))
% (kv ()
Vi (tk—rrp)).
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Merging the local measurement

« The laser scanner measures only field profile

« The edge of the previous swath is localized from the field profile
« Edge is marked with small plough

« The edge is recognized from the profile by minimizing the MSE
continuously

I I I I | |
measured field profile
. fitted prototype

| | | | | | |
0 50 100 150 200 250 300 350 400
width [cm]

height [cm]

& A N o [N FN )
T

A? Aalto-yliopisto igahgoli?ckman AG Ro M ASSI



Merging the local measurement

« The estimate of the previous swath is also recorded into a memory

« The estimate of the laser scanner measurement can be calculated
from the current estimate of the laser scanner position and the
estimate of the previous swath edge

Laser scanner

.-/ ’n\\

recorded furrow

« The corresponding innovation terms in the Extended Kalman Filter

Axg = (Lmeas — Lest )COS(G —B- Yt)
Ayg = (Lmeas — Lest )ifSin(e —B- Yt)
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Results

« Error estimate in straight driving line

Without laser scanner measurements

With laser scanner measurements

Dist trailer Dist tractor ®x  Meas. laser

0.1k 1 1 L L L L 1 1 L L Il -0.1 I L L L L
110 112 114 116 118 120 122 124 126 128 130 105 110 115 120 125
Time [sec]| Time [sec]
« Error estimate in curved driving line
Without laser scanner measurements With laser scanner measurements
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Results — position estimate

Lre
—— esfimated trailer
GPS error elipsoid

Position estimate is

i \‘ i Uncertainti of GPS measurement is ‘
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Results — Heading estimate

-546 | | | | I ést | 1
——— meas
— meas shifted
548} atan(dx,dy) |
vIrs
atan(vrs)
-55
-552
-554
Change of driving direction

1291 1292 1203 1294 1295 1296 1297 1298 1299
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Results — Steering estimate

estimated
estimated with slipping
measures d

The estimated effective steering
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Summary

 Local measurement improves position estimate
 Forward prediction does not reduce the accuracy

« Overall accuracy of the system (including steering control) is
well below 10 cm (below 5 cm in straight driving line)
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