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Abstract: This paper presents a novel approach for an adaptive Extended Kalman Filter (EKF), which is able to han-
dle bad signal quality caused by shading or loss of Doppler Effect for low cost Global Navigation Satellite
System (GNSS) receiver and Inertial Measurement Unit (IMU) sensors fused in a loosely coupled way. It
uses the estimated position error as well as the speed to calculate the standard deviation for the measurement
uncertainty matrix of the Kalman Filter. The filter is very easy to implement, because some conversions of
the measurement, as well as the state variables, are made to reduce the complexity of the Jacobians, which
are used in the EKF filter algorithm. The filter implementation is tested within a simulation and with real data
and shows significantly better performance, compared to a standard EKF. The developed filter is running in
realtime on an embedded device and is able to perform position and attitude estimation of a vehicle with low
cost sensors.

1 INTRODUCTION lidar sensors (von Holt, 2004) to get a better posi-
tion estimation. In this paper, we present a novel

The Kalman Filter is widely used in a lot of ap- and very easy to implement adaptive_EKF,_which only

plications, since R.E. Kalman introduced it in 1960 USes low cost GNSS sensor and an intertial measure-

(Kalman, 1960). A vast number of papers have been ment unit (acceler.atlon, rotgtlo.n, magnetom_eter) to

published about the Kalman Filter and its special vari- Perform very well in dynamic situations and in rest

ations for special problems. A lot of them adress- POsition of a car. _

ing problems about sensor fusion for unmanned au-  NO additional sensors nor a connection to the ve-

tonomous vehicles, e.g. (Penarrocha and Sanchis,h'C|e CAN is necessary, which recommends the filter

2010; Mourikis and Roumeliotis, 2007; Sun et al., for portable devices or Smartphones.

2010; Barczyk and Lynch, 2011). Implementations

with adaptive calculation of the measurment uncer-

tainty matriceR andQ are presented, e.g. (Bistrovs 2 FUNDAMENTALS

and Kluga, 2012). Some of them deal with different

driving situations (dynamic vs. standing) and using

interactive multimodel fusion filtering, e.g. (Toledo-

Moreo, 2007; Stephen and Lachapelle, 2001). Some ) )

papers addressing problems with low cost sensors,As introduced in (Kalman, 1960), the Bayesian track-

e.g. (von Rosenberg, 2006; Toledo-Moreo, 2007; iNg algorithm estimates the probability densﬂy func-

Kingston and Beard, 2004) and odometry to supple- tion (PDF) of a systems state vecigr recursively. In

ment GNSS under signal masking conditions such asOne timestefk the system state evolves with the state

tree foliage and urban canyons, e.g. (Stephen andtransition equation

Lachapelle, 2001). _

Most of the papers using additional sensors like Xict1 = G U O) @
cameras (Effertz, 2009; von Holt, 2004), wheel rev- to the next state. The noiseis assumed to be zero
olution sensors (Stephen and Lachapelle, 2001) ormean multivariate Gaussian white noise with covari-

2.1 Kalman Filter
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The control inputi drives the state. The measurement | (N Compiie e KaimanGan

fu n Ct| on Project the state ahead K, = PIT(, BT+ R
— h 3 et A= 8%t ) Update the estimate via measurement
yk - (Xk7 Vk) ( ) Project the error covariance ahead 5. i R (Gl )
maps the measurements to the state vector with mea. | = /f/as /e Update the error covariance
. . . Pk = I_Kk‘,H Pk
surement noise, which is as well assumed to be : o) 4
vk ~ ‘WN(O7 Rk) (4) ‘ Initialize R, P, Q once J are the Jacobians

with the measurement noise covariance magix Figure 1: Extended Kalman Filter Step.

2.2 Uncertainty Matrices Because the computational time is an important
_ _ _ . fact for real time state estimation, the EKF presented

The matrices have different roles in the Kalman Filter. in this paper uses some calculations/conversions be-

The matrixQ models the uncertainty, which superim-  fore the EKF itself, to-reduce the complexity of the

pose the system model. The matfbmodels the un-  jacobians, especially for the measurement fundtion
certainty associated with the measurements. The error

covariance matriP is the matrix, which is recalcu- 2.5 GNSS Position Accuracy
lated in the prediction as well as in the correction step,

by the Kalman filter itself. It shows the uncertainty of In this paper, an adaptive extended Kalman Filter

the state estimate as a function of time. Therefore, theiS eddmsd Fbu)Bhidieed Td G ment
values inP should decrease over time. ’

noise uncertainty for the position, based on the esti-
mated position errorPE), which is calculated by
the GNSS receiver itself.

. . . As (Sharif and Stein, 2004) wrote, “the EPE is a
The Kalman Filter actually just works for linear states scalar indicating the precision of the receiver based on

;nd measuremten(;s_. m(.)St of real life prolplems, I_ltI;]e the deviation of the measurements from the mean of
e one presented in this paper, are nonlinear, eithery . oo rement”

onthe d_yna_mic or the measurement, or both. The the- For this reason, it cannot be used to determine a
ory behlnd_ is, that a nonlinear state or measurementy,; ¢ i, he position measurement of the GNSS, but its
can be estimated by a Taylor approximation. The par- : '

. S ... relative error.

tial derivative of the state and the measurement with
respect to state vector or control vectoru is well

2.3 Linearization

known as the Jacobian. EPE~ HDOP-URA(l0) (8)
With HDOP as the Horizontal Delution of Preci-
Ja= 99 (5) sion and URA as the User Range Accuracy, which is
0X |3, u a quantity that is transmitted in the navigation mes-
ag sage and that is the predicted (not measured) statisti-
Jo=— (6) cal ranging accuracy.
oulg,
u=2 @)
OX [ uy 3 EXTENDED KALMAN FILTER

FOR CTRV DYNAMIC WITH

2.4 Ext K alman Filt
xtended Kalman Filter ATTITUDE ESTIMATION

Both, the Uncented and the Extended Kalman Fil-

ter perform evenly well on nonlinear states, but like The implemented EKF estimates following state vec-
St. Pierre et. al. in (St-Pierre and Gingras, 2004) tor X, which is well known as the constant turn rate
pointed out, the Extended Kalman Filter is signifi- and velocity (CTRV) vehicle model plus additionally

cantly more efficient in computational time. Depend- roll and pitch estimation:

ing on the complexity of the state transition function

(1) and measurement function (3), the EKF is up to

22x faster (St-Pierre and Gingras, 2004).
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X Position x (GNS @= —arcsin2-(a-c—b-d)) (10)
y Position y (GNSS 2-(c-d+a-b)
w— | V| _| Speed(GNSS) ) 6=— arctan( @2t dz)) (11)
K=y Heading (GNSS)
® Pitch (IMU) 3.2 Position
) Roll (IMU)

As Schubert et. al. determined in (Schubert et al., The positionx andy is determined with a low cost
2011), "for ego motion estimation purposes which are GNSS receiver. The conversion between WGE&4
characterized by a high update rate and the obsery-andLon decimaldegrees to SI units is calculated as
ability of v and(s, model complexities beyond CTRv ~ follows: Assume the earth’s radius at a specific alti-
do not appear to be beneficial. However, the CTRV tude withR= 6378km+ alt, then one degree dfon
model shows its advantages as soon as a heading egatalt =0mis

timate is required.” The coordinate system is defined _2m-(R+alt) .
as shown in Fig. 2. ac=——s5 — 11132kny (12)
One degredat is 111,32km only near the equa-
&_L — global tor. If moving to the poles, the value decreases until it

+Z & +YaW  — vehicle fixed is Okm on North- or Southpole. Taking the cos of the
= = Lat provides the correct length reduction (see Fig. 3).

Figure 2: Right hand coordinate system with z-axis to top.

10 80 9o
Equator Latin ° Northpole

3.1 Roall and Pitch Angle
Figure 3: Length of one degree of Longitude, depending on

In (Madgwick, 2010), Madgwick presents an efficient Latitude (WGS84).
orientation filter for inertial and inertial/magnetic sen-
sor arrays. "The filter uses a quaternion representa- Ax = arc-coglLat)-ALon (13)
tion, allowing accelerometer and magnetometer data Ay = arc-Alat (14)
to be used in an analytically derived and optimised With these equations the distance moved between
gradient-descent algorithm to compute the direction two GNSS measurements can be calculated very ac-
of the gyroscope measurement error as a quaterniorcurate and additionally they simplify the state transi-
derivative.”. The filter is implemented on the IMU tion equations and the measurement functipoom-
and provides attitude information in quaternion rep- pared to other implementations, e.g. in (Wender,
resentation in the global IMU coordinate system. 2008).

As mentioned there, the filter only estimates the
correct attitude, if no external acceleration is actuat- 3.3 State Control
ing the vehicle. The calculated roll and pitch angles )
are actually just valid while standing still, not while The longitudinal acceleratioay, rollrate®, pitchrate

accelerating/braking or cornering. @and the yawrateé are state control variables.
Madgwick recommended to adaptively choose ST

convergence parameters, depending on absolute ac- w=[a ¢ ¢ O (15)

celeration, influencing the IMU. They are acquired by the IMU. The proposed fil-

This paper lives this recommendation up and in- ter could be used without any physical connection to
troduces an adaptively chosen weighting of roll and the vehicle sensors (e.g. CAN-Bus) and therefore it
pitch angle, depending on the accelerations in lateral is useful for mobile measurement systems. The state

or longitudinal direction. control vectoru consists only of values, acquired by

The roll and pitch angles, in vehicle coordinate the IMU, so the filter can run with high update rate in
system, are calculated with the quaternidp & a— dead reckoning mode without GNSS information and
bi; — ci — di3) output of the orientation filter (Buch- the measurements from GNSS are used with lower
holz, 2013). update rate as correction.
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3.4 State Transition Function Table 1: Process Noise Standard Deviations
The state t ition functi i< defined with Parameter Process Noise for Value
e state transition functiog(x, Ux) is defined wi o Acceleration ﬁ)m/sz
X+ %V(—Si”(w) +sin(Ty+)) oy Yawrate Q028rad's
Y+ (COS(L}I’_) —cos(Ty+4)) A Pitchrate 70rad's
— a+Vv _
X1 = TU+y (16) Og Rollrate Q070rad's
To+o and pitch (11), is only valid for quasistatic situations
L TE+0 i (which is acutally not valid for a moving vehicle), the

standard deviation for the calculated attitude angles
are adaptive to the acceleratioagfor pitch anday
forroll.

The novel approach, presented in this paper, is the
very easy to implement and fast to calculate elements
of the measurement noise covariance magix

for » # 0 and withT as the time between two fil-
tersteps. The Jacobians of the state transition with
respect to the state and w.r.t. the control are listed in
appendix.

3.5 Process Noise Covariance Matrix Q

As Kelly in (Kelly, 1994) pointed out "a Kalman fil- R=diag[o; of of of o5 og] (18)
ter is a mathematical idealization that happens to be
useful in practice. However, it is important to note
that there is a big difference between an optimal es-
timate and an accurate estimate. In practical use, the3 6.1 Position M easurement Uncertainties
uncertainty estimates take on the significance of rela-

tive weights of state estimates and measurements. Sqn every EKF filterstep, the standard deviations for
it is not so much important that Uncertainty is abso- Oy ando'y are Ca|cu|ated' depending on the Speed and
lutely correct as it is that it be relatively consistent additionally depending on the estimated position error

The standard deviations are adaptively calculated
as follows.

across all models.” (EPE), which is provided by the GNSS modul itself.
Q = diag [062‘ o o 0(2-9} (17) 0% = 02 = C- 02+ OZpg (19)
Cross covariances resulting from deviation mo- with B _E 20
ments are assumed to be zero. Oy = (v+§) (20)
Assumptions for process noises for a vehicle oepe={-EPE (21)

model are suggested in (Kelly, 1994). The process  The variableg, & andZ are tuneable parameters.
noise is best described with the question, how much Factor(c] = 2 for unit correction.

the state can be propagated in one timestep by ex-

pected movement of the vehicle. So the jerk expected3.6.2 Attitude Measurement Uncertainty

for a car might be 3001s> under normal circum-

stances, so the; ~ amax- T. The uncertainty for roll and pitch angle are adaptively
A typical maximal angular acceleration around calculated, depending on the vehicle accelerations in

vehicle z-axis might be 80's?, which leads to a pro-  the appropriate directions.

cess noise oby ~ 80°/s”- 1355 - T. The rotation

around the pitch axis is much more dynamically, with oo = (p+y-ay)? (22)
typical angular accelerations of 200G because of

bumps and road surface quality. The angular acceler- oy=(pP+y: ay)? (23)
ation around the roll axis is assumed to be 208, .

{00, The variablep andy are tuneable parameters.
Tab-ll-gi process noises for a 50Hz filter are listed in 37 M rement Eunction h

Because of the simplifications (13) and (14), the Ja-
cobian of the measurement functibnvith respect to
the statex is simple and computationally fast with

3.6 Measurement Noise Covariance R

The attitude estimation of the IMU filter (Madgwick,
2010), which is used as measurement for roll (10) Jh=dag[l 1 1 1 1 1 (24)
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when a new GNSS position measurementis available.
In the practical implementation, the GNSS provide
position information with 1@ Hz and the EKF is esti-
mating with 500 Hz (IMU measurement frequency).

If no GNSS position information is available, the cor-
respondig elements il are zero.

4 SIMULATION

4.1 Simulation Setup

To evaluate the adaptive EKF, a typical urban sce-
nario, with shading from a building, as well as a vehi-
cle stop, was simulated (see Fig. 4).
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+ %+ GNSS measurements -

IS
S
I

ie

Cngnd
.

N
°
1

o
i

Position Y (m)
&
S
7

i i
150 200
Position X (m)

1
IS
=]

I

“stop

|
I3
=)

i H
300 350

1
250

1 i 1
0 50 100

Figure 4: Simulated GNSS measurements with vehicle stop
and shading from a building (B) as well as ground truth.

The car starts at = 0, y = 0 with v=20,0km/h
and decelerates until it stops. It is standing for 10s
and accelerating until it reaches= 50,0km/h again.
Thenitis passing a building, which corrupts the signal
quality of the GNSS, and the position measurementis
disrupted by+15m iny-direction.

35 il 0 i
— Estimated Position Error

EPE (m)

1 1 i I
150 200 250 300

Position X (m)

100
Figure 5: Simulated GNSS Estimated Position Error.

After that, the car performs a slalom maneuvers to
evaluate the dynamic capabilities of the filter.

4.2 Parameter for Adaptive R

The summana for (20) is initialized with Q1 m/s,
the exponent for (20) with 5000 and the factog for
(21) with 500. The resulting values far ando? for
a range of velocities an@PEs are shown in Fig. 6.

IMU Sensors

R with e= 0.10, ¢= 500.00, ¢= 50.00

7 100000 &
6 2,
< s 80000 %)_
c4 60000 §
<o
83 £ 40000
R 2 3
1 -20000 &
o

0 -0

speed v in m/s

Figure 6: Values o anda? in R, depending orv and
EPE

The factorp for (22) was initialized with 20,
the summang was chosen to be 500

These parameters are empirically chosen and are
subject to change for different cars or other driving
scenarios or street qualities.

4.3 Simulation Results

As one can see in Fig. 7, the filter follows the trajec-
tory of the GNSS measurements. If tB®E raises,
the filter is more willing to trust the control input in-
stead of the position measurements.

40~
20—

0-
E*ZO*
>

. == EKF Position

—— Ground Truth
GNSS Measurements -
i i i

_a0-
—60-
_80-
150 200
X [m]

i i i
0 50 100 250 300 350

Figure 7: Measurements of GNSS with color coded value
for R, depending on speed and EPE as well as estimated
trajectory of the EKF.

To quantify the filter performance with respect to
ground truth (GT) trajectory, the cross track error is
introduced.

CTE( = XgT — X (25)
CTEy =Yer -y (26)
The sum of the square of the CTE over the whole

dataset is a value to quantify the filter performance
with respect to the correct trajectory estimation.

4.4 Comparison to Standard EKF

To compare the estimated trajectory with a non-
adaptive EKF, the estimation was performed with sev-
eral datasets for GNSS position measurements, gen-
erated by random Gaussian noise around the ground
truth position.

The standard EKF was set up with stati¢ =
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5.1 Low Cost Sensors s . : L[ o

The measurement and control data of the filter were -
logged by a LSM303 3-axis accelerometer and 3-
axis magnetometer, ITG-3200 3-axis gyro and PA6H
GNSS receiver. The sensors are available with the Figure 10: Estimated state variabbesfor real world test
Tinkerforge IMU Brick and GPS Bricklet. drive.

All sensors are mobile, so no connection to the car
is neccessary, but could improve the estimation.

i i i i i
1000 2000 3000 4000 5000 6000
Filter Step k&

as shown in Fig. 10.

As one can see, the stop before the right turn got a
high position measurement uncertainty, which in de-
tail is shown in figure 11.

While standing still, the heading measurement of
the GNSS receiver is inaccurate (see Fig. 10 be-
tween filter stegk =~ 2200...2400). The filter per-
formes very well on this situation and keeps the head-
ing in the correct direction. The EKF position es-
“timation (see Fig. 11) is not disturbed by inaccu-

rate GNSS measurements while standing still and is
dynamically responsive while cornering. The low
cost GNSS equipment with the proposed adaptive Ex-
6 EXPERIMENTAL RESULTS tended Kalman Filter delivers a robust position esti-
mation, which alignes with the ground truth measure-
The state variableg for the scenario were estimated ment.

5.2 Ground Truth GNSS Sensor

The ground truth was logged with a multifrequency
aerial antenna (JAVAD GrAnt-G3T) and -receiver
(JAVAD Delta), corrected with a virtual reference sta-
tion (VRS) and Satellite Positioning Service of the
German State Survey (SAPQOS) data via GPRS mo
dem (come2ascos GenPro).
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Figure 11: Detailed view of the stop within the performed
test drive with raised uncertainty f&. (GNSS measure-
ment dots are reduced to every 10th for better visualisation

in this figure).
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Values for R Matrix

i U e
2000 3000 4000
Filterstep &

0 V 10‘00 5600 6(;00
Figure 12: Values for adaptiv®,, g pg and resultings for
x andy.

The values for the measurement uncertaintid® in

are calculated like shown in figure 12.

7 CONCLUSIONS

In this paper we presented a novel approach to adap-

IMU Sensors

ter can be used to get significantly better results while
standing still or driving slowly as well as keeping the
heading fixed while do so. Additionally, the attitude
of the vehicle is estimated, based on the filter pre-
sented in (Madgwick, 2010).
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APPENDIX

Programm Code and EKF
I mplementation

The implemenented EKF code as well as all figures
and the data used in this paper can be found online at
https://github.com/balzer82/ICINCO-2014
Jacobians

The Jacobian of the state transition function (16) with
respect to the statg is defined with
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00 0 1 0 (27)
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0 0 0 0 0

with
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Ja13= = (—sin(P) +sin(TY+y)) (28)

l< &

Jn14= = (—cos(y) +cos(TY+ ) (29)
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| =

Jn2z= = (cos(y) —cos(TY+y))  (30)
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