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Abstract. The problem of estimation of pedestrian position based on multiple sensors is pre-
sented. Three algorithms based on multirate Extended Kalman Filter are proposed to solve
this problem. One of them comprises modification for colored measurement noise. Another
one implements Interacting Multiple Model algorithm. The results obtained using the pro-
posed algorithms with experimental data are presented.
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1 INTRODUCTION _ | () _ | as(t)
s =] 30 | w0=] 50
Autonomogs move_ment of a blind person requires a, here z,(t) is the GPS position measurement, and
source of information about the current position. A () is the measurement of the Dead Reckoning sen-
DGPS receiver seems ideal for this purpose, because it? 9

gives position measurements with theoretical accuracySOrS consisting of position increment during & sin-
. . le time ste and compass measuremegtt
of a few meters. However, in urban environment the 9 pzs(1) P enlt).

GPS signal is often lost or weakened, which leads to The position increment is obtained from the pedome-

L2 L ; . ter measurements (see Appendix 1). At times when
unavailability of position information, or at least sig- : . ;
o . the GPS measurement is not available, the observation
nificant reduction of accuracy. One way to overcome

; : . vector is reduced to,(t).

Fh|s pro_blem IS to use an !ndependent Dead RGCkon'Let the pedestrian stapét) be defined in a similar way
ing navigation system while GPS measurements are
not available. A better solution is to integrate mea- (1)
surements of Dead Reckoning sensors with GPS mea®(t) = { pv(t) }
surements, which may increase the position estimation v
accuracy even while GPS measurements are available. ¢ ¢

; pa(t) o | ps(t)
Such integration may be accomplished in many differ- P~ (t) = n | pelt) = :

py(t) po(t)

ent ways. Here we present an Extended Kalman Filter, -
its modification adapted for color measurement noise, Wherep, (¢) denotes the true position of the pedes-

and Interacting Multiple Model algorithm. trian, ps(t) denotes the position increment, apg(t)
denotes the orientation of the pedestrian, which is as-

sumed to be the same as the walking direction.
2 PROBLEM FORMULATION The assumed model of movement is

We will use a simple Dead Reckoning system, con- ;,(; 4 1) = F(p(t) +w(t) (1)
sisting of an electronic compass and a pedometer. The

pedestrian is wearing the DR system and a GPS re-p, (t + 1) = p,(t) + ps(t) sin pg(t) + w, (¢)
ceiver. From the sensors we acquire a sequence of ob-
servation vectors(t), wheret = 0, 1, py(t+1) = py(t) + ps(t) cos po(t) +wy(t)
ps(t+ 1) = ps(t) + ws(t)
_ | (@)
2(t) { 20(1) ] po(t+1) =po(t) +we(t)



where f is the nonlinear transition function and and Denote
w(t) = [we(t) wy(t) ws(t) we(t)]T is a random per-

turbation modeled as white Gaussian noise describedp (¢t — 1) =
by constant covariance matrix'.

The corresponding observation equation is

P’Y(ﬂt* 1) P’Ytp(ﬂt* 1) (7)
PI(tlt—1)  P,(tlt—1)

In the second step the new measurement vegdtor

1. When the GPS measurement is available: is used to compute the vector of innovatiori) and
its associated covariance matri(t), and then the
z(t) = p(t) + v(t) (2)  Kalman gainK (t) is computed.
2. When the GPS measurement is available: 1. When the GPS measurement is available:
2o (t) = po(t) + v, (1) (3) s(t) = =(t) — p(t|t — 1) (8)
wherev(t) = [v,(t)" v, (t)T]" is the vector of mea- S(t) = P(tft =1) + V(1) ©)
surement error.v., (t) = [v,(t) v,(t)]T is the GPS K(t) = P(t|t — 1)S~'(¢) (10)

measurement error ang,(t) = [vs(t) ve(t)]” con-

tains measurement errors of respective Dead Reckon- 2 \wWhen the GPS measurement is not available:
ing sensors. We will assumeg,(t) to be white Gaus-

sian noise described by constant covariance mairix s(t) = { 0 } (11)
The nature of errop,, () will be discussed later. 2,(t) — Py (tlt — 1)

Our goal is to estimate the true positiplit) of the

pedestrian using a sequence of noisy measurements Sy (t) = Pp(t[t — 1) +Vj, (12)

(1), =)},
S(t) = [ ) S:’(t) } (13)

0 Py(tlt—1)S;(t)
K(t) = [ 0 P,(tt—1)S. (1) } (14)

3 SOLUTIONS

3.1 Extended Kalman Filter Algorithm

The first presented sensor fusion algorithm is based on
multirate Extended Kalman Filter [1], [2]. We will as-
sume here that GPS measurement esxgt) is white
Gaussian noise described by covariance madi),

In the last step the estimate of the state vegt(oft)
and its associated covariance matfXt|t) are up-
dated using the computed Kalman gért).

which is dependent on the.quality of GPS measure- 5¢) = p(t|t — 1) + K (t)s(t) (15)
ment. Thus we can use a single mafvixt) to define
the measurement error covariance, and all the mea-p(¢|t) = (I _ K(t))P(t‘t —-1) (16)

surement errors are white Gaussian noise. We will also

assume that the measurement erigrs are indepen- ~ Derivation of the Kalman gains is presented in [3].
dent of perturbations)(¢).

Denote byF'(t) the state transition matrix obtained by 3.2 Extended Kalman Filter Adapted for Colored
linearization of the functiorf around the state trajec- Measurement Noise

tory p(t|t) yielded by the EKF algorithm _ )
The experiments have shown that in fact the GPS mea-

of(p) B surement error is not white noise - the errors from dif-

F(t) = “op (el - ferent time steps are clearly _correlate_d. Therefore the
second presented sensor fusion algorithm is accommo-
1 0 sinpy(tlt) ps(t|t) cospa(t|t) dated for this error correlation. The modification in-
0 1 cospy(tlt) —ps(t|t)sinpy(t|t) @) troduced here to Extended Kalman Filter is outlined in
0 0 1 0 (1].
0 0 0 1 We will now define the GPS measurement etrpft)

In the first step of the filter algorithm a new value of
the state vectags(t|t — 1) and its associated covariance vy (t+1) = avs (t) + by (t) (17)
matrix P(t|t—1) are computed, based on the state vec-

tor p(t — 1|t — 1) and its associated covariance matrix \where scalarm is a constant correlation factor and

P(t—1|t—1) b, (t) is white Gaussian noise described by covariance
. . matrix B, (t), which is dependent on the quality of
pltft —1) = f(p(t —1t=1)) ®) GPS measurement. Then we can describe the vector
P(tt —1) = of measurement errex(t) as follows

Ft—1Pt—1t—1)FTt-1)+W (6)  w(t+1)=Av(t) +b(t) (18)
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where A is a constant transition matrix ardt) is

The above equation may be rewritten as
(t +2) = ATI(t + 1) AT + B(t + )BT (t + 1) (25)

E(t+1) =

white Gaussian noise described by covariance matrix B(t+1)FEM®AT — K(t+ DIt +1)AT (26)

B(t).

Let us approximate the state transition equation (1) by P(¢t + 1) =

p(t+1) = F(t)p(t) + w(t) (19)

whereF'(t) is as defined in (4).

Et+ 1D)F®)PHFT)ET(t+1)—

Kt+ DET)FT)ET(t+1)—

The solution is based on an estimator of the same size

asp(t), and of arbitrarily chosen structure:
plt+1) = F()p(t)+

K(t—1)(2(t+1)— F(t)p(t)) (20)
We will look for a K (t) value that minimizes the re-
sulting covarianceP(t + 1). From (2), (3), (19) and
(20) we obtain (assuming(t) = p(t) — p(t))
plt+1)=(I—K(t+1))(F(t)p(t) +w(t))—

K(t+ 1v(t +1) (21)

Connecting with (17-18) and assumidgt) = I —
K(t) we obtain

{ p(t+1) } _ [ E(t+1)F(t) —K(t+1) } y
v(t+2) 0 A
L LTS ] e

Et+1D)F®OET()KT (t+ 1)+
K+ DI+ K" (t+ 1)+
Et+1)WET(t+1) (27)

which after substitution gives the following
P(t+1)=
K(t+1)(F()POFT (1) + =7 () F (t)+

FOE®) +W +TI(t + 1)) KT (t +1)—

(F(t)P(t)FT(t) +F()E() + W) KT(t+1)+
F)POFT(t)+ W (28)

The above expression fét(¢+ 1) is minimized by as-

Because this is a linear system of equations stimulatedsming the following value of (t+1) (see Appendix
with white Gaussian noise, the state covariance can bey)

determined by recurrence. Therefore we define

(23)
and obtain

Pt+1) =
{ET(lH—l) II(t +2)
[ E(t+1)F(t) t
| 0 A
[ P E@) ] y
| ET() TI(t+1)

[ FT(HET(t+1) 0 ]
—KT(t+1) AT

: Et+1)WET(t+1) 0 ]

0 B(t+1)BT(t+1) (24)

PO + W+ 10+ 1)) (29)

The complete filtration algorithm is presented below.
The first step is almost the same as in the previous sub-

section
ptlt —1) = f(p(t — 1]t = 1)) (30)

P(tjt—1)=F(t—1)P(t— 1]t — 1)FT(t — 1)+

Flt— D=t —1)+ W (31)
Denote

[ PE—1) Potli—1)
PEE=1=1p7 e 1) potfe—1) | ©?

In the second step there are two options, as in the pre-

vious subsection.



1. When the GPS measurement is available: Let i, (¢|t) denote the probability that modes valid
R in time stept. Letn;; denote the probability of switch-
s(t) = =(t) —p(t|t — 1) (33)  ing from modei to modej.
At the beginning of each time step the estimates from
— T
I(t) = AI(t - 1) A"+ the previous step are mixed to determine the initial-
B(t—1)BT(t 1) (34) ization estimates for the current time step. First, the
S(t) = P(tt — 1)+ predicted mode probability is computed for eachHf

modes(1 < j < M)
ET(t - DFT(t — 1) + II(t) (35)
K(t) = P(t|t — 1)S™L(¢) @6 Mltlt-1)= ;ﬂ'z’j (46)

2(t) = B(O)F(t - 1)=(t - 1)AT~ - . .
The mixing probability., ;(¢) denotes the influence of

K (6)TI(t) A" (37)  modei from time step — 1 on initialization estimates
P(t|t) = K(t)S(t)KT(t)— of modej in time stept
K(@t)PT(t|t —1) — P(t|t — 1)K (t)+ mipi(t — 1t — 1
(&) P (tlt = 1) = P(t[t = 1)K (1) i () = jua(t — 1t —1) (47)

Ptlt—1) =2t - 1)F(t—1) (38) g (t[t — 1)

2. When the GPS measurement is not available: ~ 1he initialization estimatgo; (¢ — 1) and its corre-
sponding covariance matrik,; (t — 1) are computed

S(t) = { Zw(t) _ I/)E)o(ﬂt B 1) ] (39) as follows
II(t) = I1(0) (40) poj(t—1) = Z@(t — 1t = D)y (2) (48)
S (t) = Po(tlt — 1) + V, (41)
! ypéwn&w Poj(t=1) =3 (Pt~ 1t = 1)
Ko=|o B asag | e P
2(t) = 2(0) 43) [Bi(t — 1t — 1) — Pos (t — 1)] x
P(tt) = (I — K(t))P(t|t — 1) (44) [Pi(t — 1]t = 1) — po; (t — 1)}T)Miu(t) (49)

Each of the pairg,;(t — 1) and Py;(t — 1) is then
used as an input to the filter of mode instead of
p;(t — 1|t — 1) and P;(t — 1|t — 1). The filter output
pt|t) = p(t|t — 1) + K (t)s(t) (45) is the estimate vectas; (¢|t) with covariance matrix
P;(t|t) and the innovation vectos;(t) with covari-
ance matrixs; (t).

Next the likelihood functiom\;(¢) and the new proba-
bility u;(¢|t) of each mode are computed

Another important feature of the considered prob-

lem is that during vyalkipg several different_ "walking A t) = (277 det Sj(t))70'5><

modes” can be distinguished, e.g. walking in constant

direction with constant speed and making a turn, to

In the last step only the estimate of the state vector
p(t]t) remains to be updated

3.3 Interacting Multiple Model Algorithm with
Extended Kalman Filters

name the two that are most obvious. Those modes exp < - 0.585(75)551(15)%(15)) (50)

differ in terms of parameters of the movement model.

This fact is addressed by the third presented sensor fu- ;) _ p (tt = 1)A;(2) (51)
J

o> (]t — DAG(t)

In the final step the estimatgg(t|t) and covariance
matrices P;(t|t) from each filter are combined into
'single estimat@(¢|t) and its covariance matrik (¢|t)

sion algorithm, namely the Interacting Multiple Model
algorithm [4], [5], which uses one Extended Kalman
Filter for each of the considered modes, and mixes
their state estimates and covariance matrices accord
ing to current probabilities of individual modes.

We useM Extended Kalman Filters of structure iden-
tical to presented in 3.1. All the values defined for
the Extended Kalman Filter in 3.1 are used here for
each ofM modes, with mode number indicated by the . N
lower index. The filters may differ in the values of ©(tlt) = Z (Pj(ﬂt) + [P (¥ft) — PEle)]
measurement error and perturbation covariance matri- J

gii%:crlg}t_) as well as the in form of state transi (5 (t]t) — 5(t|ﬁ)]T)uj(ﬁ) (53)

PEIE) = D Bs(t)ms (1) (52)



4 EXPERIMENTAL RESULTS filtering algorithms are proposed to solve the pre-
sented problem. The first algorithm is based on Ex-
Data gathered during three measuring sessions in reatended Kalman Filter, the second one is EKF filter
environment was used to assess the performance ofdapted for color measurement noise, and the third
each sensor fusion algorithm. The data was acquiredone is based on Interacting Multiple Model algorithm.
with time step of one second. Each of the sessionsExperimental results are presented to enable compar-
covered somewhat different conditions. ison of performance of the algorithms, which is not
much diversified. Further work is necessary to pre-
cisely analyze the factors influencing the performance
of individual filters in order to improve the precision
of position estimation.
The objective of the future work is to integrate the last
two of the presented algorithms, as well as to imple-
ment other multiple model algorithms.

Table 1. Measuring sessions.

Sess.| Duration | Distance| GPS DGPS
covered | availab. | availab.
1 55 min 53km | 95.9% | 72.8%
2 80 min 7.8km | 85.9% | 77.7%
3 44 min 1.6km | 99.5% | 99.5%

Where possible, the parameters for the used algo-
rithms were determined on the basis of measurements
The remaining parameters, e.g. the covariance matrix
for perturbation in the movement model, as well as
the initial conditions, were assumed arbitrarily, while
trying to minimize the position errors. The multi-
ple model algorithm was used with two models corre-
sponding to walking with constant speed and direction
and turning. The same parameters were used to pro
cess each of the sessions.

The position estimates yielded by each of the pre-

APPENDIX 1 (conversion of pedometer measure-
ments to position increment measurements)

The following algorithm yields the position increment
measurements;(t), assuming the time step length
of one second. The pedometer registers the time of
occurrence of each step, which is denoted’és i),
wheret is the discrete time index arids the number

‘of the step, counting from the first step made during
the time period ¢ — 1,¢). TimeT'(¢,4) is measured
from ¢t — 1, therefored0 < T'(¢,i) < 1. n(t) is the

. i Sotal number of steps made during the time period
of GPS receiver and Dead Reckoning system, were _ t—1,t). Lis the average step length, assumed to be

compared with the reference track in order to obtain i " ~ ~
P constant. Initial conditions ar€(0) = 0, §(0) = 0.

h iti in th I . . X .
:);Or\?vean square position errors presented in the tab eThe following algorithm is executed for each time step
' t.

Table 2. RMS tracking errors [m].

1. If (n(t) - o) thenT'(t) = 0, 3(t) = 0

Sess| GPS | DR | EKF | EKFc | IMM
1 | 257 | 355 188 | 17,8 | 17.3 .
2 | 528 [ 1036 19.0 | 184 | 181 2. 1f (n(t) = landT(t,1) = 0 andT(t) = 0)
3 | 67 | 161 76 | 63 | 72 thenT'(t) = 1,5(t) = L

High DR error of session 2 is due to the length of 3. If (n(t) = land(T(t,1) > 0 orT(t) > O))
this session, which causes higher accumulated errors. = <o T
High GPS error of session 2 is due to relatively long thenT(t) =1-T(t,1),6(t) = T(t,1)+T(t)
periods of unavailability of GPS signal. Low GPS er- -
ror of session 3 is due to long stops, during which the ~ 4. If (n(t) > 1) thenT(t) = 1 — T(t,n(t)),
GPS receiver seemed to recover from dynamical errors 5(1) — T(t)

. : ; (t) = L
experienced while walking. 7(tn()) -7 (tm(t)-1)
It is clear from the above results that filtration of mea- _ _
surements gives significant improvement of position 5. z5(t) = n(t)L — 6(t — 1) +6(t)
estimates. The performance level of the presented al-
gorithms does not vary much. However, the results APPENDIX 2 (lemma used for minimization)
suggest that the EKF algorithm modified for color
measurement noise and the IMM algorithm perform |f K, A, B, and C are all square matrices of the
better than the plain EKF algorithm. The relation same size, and is symmetrical, then the expression
of performance of the modified EKF and IMM algo-
rithms seems to depend on the local conditions. KAK" - KB-B"K" +C

can be minimized in respect & as follows. The ex-

5 CONCLUSIONS pression may be equated to

The problem of sensor fusion for estimation of posi- AT — KB - BTKT + C =
tion of a walking person is presented. A simple model
of movement of a walking person is introduced. Three (K — Ko)A(K — Ko)* + D



After multiplication and resolving the resulting set of 3. Niedzwiecki M., Zawalich L.:ARGO — a Navi-

equations we obtain
Ko=BTA"', D=0C-K\AKT

Thus if we assumdl = BT A~! then the initial ex-
pression is reduced 16 — BT A~ B.
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