SENSOR
FUSION

Simultaneous Localization and Mapping (SLAM): EKF SLAM

Sensor Fusion

Fredrik Gustafsson Gustaf Hendeby
fredrik.gustafsson@liu.se gustaf.hendeby@liu.se

Linkdping University


fredrik.gustafsson@liu.se
gustaf.hendeby@liu.se

SLAM Problem Summary

3

m Simultaneous localization and mapping (SLAM) is the problem of
finding ones position, xk, in a map, m, while the map is built. Both
parts must be considered simultaneous.

m Model:
7 = (Xk+1> - (f(xk’vk)> , Cov(v) = Q

mMy1 my

Vi = h(xe,m%) +el,  Cov(el)=R, i=1,...,I
m Solve using the extended Kalman filter yields the EKF SLAM.
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EKF SLAM Model

Assume a linear(-ized) model

Xk+1 = Fxx + Gy

My = Mg

1:

Yk = H;:Xk + H,r("(Ck )mk + €k,

The map is represented by my.

The index ci:’k

which affects the measurement model.

We assume the association to be solved.

PXX
P = (me

EKF SLAM

The state and its covariance matrix

()

Z =

Cov(wk) = Q

Cov(ek) =R.

relate the observed landmark i to a map landmark j;,

me
Pmm ‘
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Basic Kalman Filter Steps
Applying the Kalman filter and utilizing the structure yields.

Time update:

s F 0\ .
Zklk—1 = 0 ! Zk—1lk—1>5

T T
P _ (FkPl)jﬁnk—le + Gk Qi G, FkP:T1|k—1>
klk—1 =

mx T mm
Pk—l\k—le Pk—l\k—l

Measurement update:
Sk = Hi P T+ HR PRI HR T + HP PR HET + HEPR_ HE'T + R
Ki = (H:P:Tk—l + HL"PLTi_l)Sk_l
K = (H;P/fﬂfl + H;"P,’(TL[QS;I
ek = yk — HgRiu—1 — HE'Myie—

s ~ KX
2k = Zijk—1 + (K;;kn) Ek
.
KX _ K
o= s~ (1) ()
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Kalman Filter Problems

m All elements in P,'(T,'(“ are affected by the measurement update.
m It turns out that the cross-correlations are essential for performance.

m No simple turn-around.
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Information Filter Reformulation

m Focus on sufficient statistics and information matrix

k)1 = Lk|s 21

-1
XX xm XX xm
T, —p-1_ Pai Pxll (LK Lk
K= Tk = | pmx mm - mx mm | -
Kl Tk kit Lk

m Measurement update trivial
T -1
ik = tkk—1 + Hi R "y
T -1
Tik = Tik—1 +Hi R He.

Note:
The measurement update is sparse!!! J
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Information Filter Algorithm (1/4)

Initialization:

%o = O3x1
#o = Ooxo
Zijo = O3x3
Z76 = Ooxs
'ﬂ(')" = Ooxo

Note:

The information form allows for representing no prior knowledge with
zero information (infinite covariance).
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Information Filter Algorithm (2/4)

1. Associate a map landmark j = c,i to each observed landmark j, and
construct the matrix H". This step includes data gating for outlier
rejection and track handling to start and end landmark tracks.

2. Measurement update:

Uklk = Ukjk—1 T HXT R i
Uk = Uklk—1 T HER TR yi
Kk = Thjk-1 +HET R H
=T HTRHE
Kk = LRk +HRTRHE

Note:

H" is very thick, but contains mostly zeros.
The low-rank sparse corrections influencing only a fraction of the matrix
elements.
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Information Filter Algorithm (3/4)

3. Time update:
j;ffk—l = Fk_l )/ix—1|k—1 Fk_T
fﬂ'ﬁfl = FI:II)IETkal
My = G(GI R T i T+ Q) 6L,

I)lffk—l = jffk—l _if\(k—lej)liTk—l

)IiTllfl = jﬁ:fl _-’z)lf\(kfl Mkj.)lirllflv

l1:1|'11<1—1 - jﬂr:—l —iT\);—le Gka;\nZ—l

Z)Ii|k71 = (/ - )Iikal GkaGlZ-FkT)Z)Iifl\kfl

m _.m mx TT, x
Yhlk—1 = Yk—1]k—1 — Ik|k—1 Gk Qi Gy Fy Yk|k—1

Note:

Now, ZJ}" ; is corrected with the outer product of f,:r,i_l which gives a
full matrix. Many of the elements in kﬁi_l are close to zero and may be
truncated!
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Information Filter Algorithm (4/4)
4. Estimate extraction:
Pk = I;ﬁ(,
Rtk = Pk T Prlk ko
Mk = PRk + PRIk TRk
Here is another catch, the information matrix needs to be inverted! The

pose is needed at all times for linearization and data gating. How to
proceed?

Idea:

Solve
1=12,

directly using a gradient search algorithm initialized at previous estimate.
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Summary of Properties

m EKF SLAM scales well in state dimension.

m EKF SLAM scales badly in landmark dimension, though natural
approximations exist for the information form.

m EKF SLAM is not robust to incorrect associations.
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EKF SLAM lllustration

m Airborne simultanous localization and mapping (SLAM) using a
UAV with camera producing image features.

m Research collaboration with IDA.

http://youtu.be/VQlaCH13Yc4
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http://youtu.be/VQlaCHl3Yc4
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Summary

The simultaneous localization and mapping
(SLAM) problem has been solved using an
extended Kalman filter in two different ways:

m EKF filter form.
m Information filter form. iy

Properties:

m Scales well with state dimension, but
poorly with number of landmarks.

m Using information for has some benefits. K

m Proper landmark associations are
essential!

Section 11.2
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