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Vehicle positioning plays a much more central role in today’s vehicles
than just showing the vehicle position on a map. For routing and the
increasing use in driver assistance systems, precise vehicle positioning
is essential. It is not enough to simply know the absolute position as
determined by a satellite-based positioning system („Global Navigation
Satellite System“, GNSS for short) such as GPS, especially since the 		
frequency with which this position is determined is relatively low.
Another problem is that these systems are not always available at
every location. In indoor parking or in a tunnel, for example, it is not
possible to receive the very weak signals. The precision of the positioning
is also strongly influenced by local conditions. Shadowing, signal 		
reflections or multipath propagation can lead to large errors. 		
Very densely built inner cities with their tall buildings often cause
periods of signal loss to alternate with periods of false positioning. 		
Here, the positioning error can significantly exceed the one 		
hundred meter mark.
Modern vehicles are equipped with other sensors that enable very precise relative positioning, i.e. the vehicle’s
change in position over time. Since these sensors do not depend on signals from outside the vehicle, the 		
corresponding measurements are always available. However, there is no relation to the absolute global position,
since that is something that these sensors cannot measure. If an absolute position is given at the start, then
an absolute position can be determined by accumulating the traveled distance and changes in direction
(“dead reckoning”). These processes are very precise for short distances, but they diverge from the actual
trajectory the further the vehicle travels.
A modern positioning system combines the advantages of both worlds. The restricted availability and precision
of a GNSS receiver can be supported by other very precise sensors mounted in the vehicle. This article gives an
overview of the fusion of the data supplied by an odometer and a gyroscope with a GNSS position in a Kalman
filter (KF). We will also use practical examples to show which effects have to be accounted for in an algorithm to
get exact results.
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Kalman filter-based integrated positioning
The integrated positioning described in this article uses the following sensors:
GNSS: source for absolute positioning with a 1 Hz refresh rate
Odometer: measures the distance traveled based on wheel rotation
Gyroscope: measures the rate of rotation of the vehicle chassis around an axis. 					
Of special interest is the rotation of the vehicle around the vertical axis (yaw rate).
The data from the odometer and gyroscope are available at a significantly higher rate than the data from the
GNSS receiver, so that they fill the “dead time” between the GNSS updates.
In order to be able to use the odometer and gyroscope to calculate a new position, these need to be calibrated.
That means determining suitable values to convert the measurements from the sensors into physical units. 		
Figuratively speaking, the odometer divides one wheel rotation cycle into a certain number of teeth. 		
While rotating, the number of teeth is counted and delivered as an incremental value. A scaling factor is then
applied to obtain the travelled distance, which takes into account the circumference of the wheel. However, 		
this value will change depending on the maneuvers the driver carries out, so that this value will constantly 		
have to be readjusted during the drive.
Standard MEMS (Micro-Electro-Mechanical System) gyroscopes deliver data that also requires a scaling factor
to convert the data into a rotation rate of degrees per second. The data sheet gives a nominal value, which is,
however, only an approximate value. In addition to the scaling factor, it is also necessary to determine one more
calibration value. Gyroscope measurements are shifted by an offset that marks the state of “no rotation”.
This value deviates slightly from the nominal value in the data sheet. Furthermore, it depends on the
temperature of the device. When the gyroscope heats up, this so-called “bias” changes its value significantly.
The Kalman filter is a well-known and established mathematical method for estimating the state of a system.
Its outstanding characteristic is that it can transform noisy data into an optimal estimation of the current state.
Optimality is proven for a linear system when the data has just been obfuscated by a white noise Gaussian process.
It can even process single pieces of data that, taken on their own, would not allow of a complete estimation of the
current state. Its formulas allow for the immediate integration of new data into the on-going calculations. This
capacity makes it particularly well-suited for the fusion of GNSS positioning and dead reckoning.
A Kalman filter estimates a system state, in this case, consisting of the current position and some auxiliary 		
variables. A system model defines how the state will develop over time. This model incorporates knowledge
about the system being described, e.g. in the form of physical equations. In the vehicle, for example, the current
position, direction and speed could be components of the current state; a simple system model could assume
that the vehicle will continue to move in the same direction at a constant speed. With the help of the mathematical
equations behind the Kalman filter, the estimates made by the system model are corrected to account for the
data provided by the next measurement. The degree to which the model predictions are included compared to
the actual data is determined by the Kalman filter through (co-) variances for system state and measurement data.
The lower the variance for a certain piece of data is, the more the Kalman filter trusts in it.
For a precise positioning estimate, it is necessary to know exactly what the calibration values for the sensors are
and that these are updated when changes occur. Otherwise, the deviations in the calibration values would result
in systematic measurement errors and thereby violate the input condition for the Kalman filter. To get high quality
results, it is necessary to either put in a preprocessing step to compensate for measurement errors or to use
suitable modeling that makes this a part of the observed system.
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An example for the initial calibration of the sensors is shown in the diagram. The “green cloud” at marker number
1 shows the GNSS positions when leaving the parking spot, right after the start of the system. The fact that
calibration values taken from the data sheet do not exactly match the observed values can be seen by the large
red radius of the Kalman filter (KF) track when compared to the green GNSS track. After the first few curves, the
Kalman filter is quickly able to estimate the two scale values and the bias of the gyroscope. At marker 2, in the
lower area, there are still a few small corrections that have to be made, and then in the further course of the drive,
the KF track already follows the GNSS track with great precision, as can be seen on the return trip on the other
side of the street. The plot is exemplary for the initial calibration of the scaling factor for the odometer. The part
in blue shows the current estimation of the scaling factor, the green and red lines above and below it show the
uncertainty associated with the estimate. It is easy to see how this converges from a very large level of uncertainty
to a very narrow corridor around the estimated values.

Illustration 1: green: GNSS track with error estimation, red: KF track. Shown in Google Earth
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Drift compensation through map-matching when GNSS is not available
The initial calibration of the sensors is an important step forward. A short-term loss of GNSS can easily be
compensated for. The longer the loss lasts, the further the integrated positioning will deviate from the real position.
The most important reasons for this are the limited precision of the data, data noise and small deviations in both the
calibrated values and in the positioning data at the start of the GNSS loss. Even a small deviation in the data or in the
calibration values for the odometer and gyroscope become very visible over time through repeated integration. 		
A deviation of, for example, half a degree in the original orientation leads to a lateral error of almost 8 meters after
just one kilometer.
The red track in the illustration shows the drift we are talking about after a drive through a curvy, almost sevenkilometer long tunnel. In this case, the aggregated error is approximately 150 meters, mostly to one side. As soon as
GNSS is available again—the moment when this happens is easy to see thanks to the larger error estimation shown in
transparent green—the integrated positioning inaccuracy is quickly corrected.

Illustration 2: green: GNSS track with error estimation, red: KF track without the use of map data,
yellow: KF track with the help of map data. Shown in Google Earth
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The drive through the tunnel is a typical application example. The longer the vehicle moves through the tunnel, the
more the estimated position deviates from the street. On the other hand, there are only limited possibilities for the
course a vehicle can take through a tunnel. In applications where map data is available, these could be used. After
the integration, the calculated position goes through so-called map matching, which is the projection of this position
onto the road geometry. The idea is to put this position into a feedback loop and send it back to the integrated
position as a kind of artificial sensor for the absolute position.
This procedure has the inherent danger of becoming a “self-fulfilling prophecy”, since the data fusion’s output is
fed back into the system. This means that it is important to balance the influence of the system model and this
feedback. If the support for the feedback is too weak, then the system model, which is driven by the odometer and
the gyroscope, dominates. In this case, we could not expect any compensation for the drift. If the support for the
feedback is too strong, then the positioning will always be forced to follow the road as determined by the map,
which could lead to the wrong route being chosen, especially at intersections.
The illustrations clearly show how map-matching feedback compensates for the drift in integrated positions.
The yellow track shows the result of the integration with the help of map-matching feedback. Here, there is no
mismatch at the tunnel exit, the position flows right into the integration with GNSS. The illustration shows a further
example. After the first calibration, and up to the “zigzags” under the enlarged cutout, all the GNSS positioning
data is suppressed. During the rest of the circa 11-kilometer route, only the map-matching feedback is available.
The minimal distance between the final position of the yellow KF track and the last green GNSS position shows the
efficiency of this process.

Illustration 3: green: final position, yellow: KF track with integrated map data. Shown in Google Earth
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Integration in areas with poor GNSS reception
GNSS receivers function best when there is a clear view of the sky. When this view is restricted, the receivers have
fewer satellite signals available to them for positioning. In addition, the direction from which the signals are received
are similar, which is disadvantageous for the precision of the positioning. GNSS receivers provide an evaluation of the
quality of the geometric constellation of the satellites from the viewpoint of the receiver, the so-called DOP (“dilution
of precision”). The DOP gives an indication of how the constellation of the observed satellites negatively influences the
positioning. Even if this is not a direct measure of the precision, this value at least indicates how much an existing error
will be amplified. A high DOP value is usually tied to poor positioning because even small observation errors are made
worse through bad geometry. The opposite is generally not true because factors such as the influence of multipath
scattering are not factored into the DOP. Positions with a high DOP can easily be filtered out, but a low DOP does not
guarantee good results.
In addition to the DOP and the data on position, speed and direction, GNSS receivers also provide accuracy values.
Experience shows that these values give a good indication of accuracy as long as the reception is good. When the
reception is poor, these values often do not provide reliable parameters. Especially multipath scattering, which
frequently occurs in densely built-up areas, is not directly or strongly enough reflected in the determined accuracy
values. This makes it necessary to make these values plausible in the integrated model and, if necessary, filter out
data or increase the data variance. Here too, it is important to find the right balance. If the weighting for certain data
is reduced or the data is filtered out over too much time, then the basis for necessary position corrections and the
calibration are no longer given. If the integration relies too much on this, then in the end, the estimated position is
often no longer of any use.

Illustration 4: green track: GNSS position, green circles: received precision GNSS position, purple circles:
own estimation of precision GNSS position, red track: KF without map-matching feedback, yellow track:
with map-matching feedback. Shown in Google Earth
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The illustration gives an impression of the difficulties faced by vehicle positioning systems in dense cities with
many high-rise buildings. The data shown in the illustration was recorded during test drives through New York City.
The green circles show the precision of the GNSS positioning as calculated by the receiver. The variance, as shown
by the green track, clearly demonstrates the influence of shadowing and multipath scattering on the GNSS signal.
Around marker 2, there are deviations of up to approximately 200 meters from the actual vehicle position.
Especially problematic are incorrect positions, even more so if they are presented as being fairly precise. 		
This happens, for example, around marker 1. Here, the determined GNSS position is 50 meters from the actual
vehicle position, but the positioning is presented as having a probable deviation of up to 10 meters and of being
quite reliable. Here we can also see that the red KF track (no map-matching feedback, no new estimation of
the GNSS precision) has let itself be pulled in the wrong direction.
While the red KF track keeps on drifting too far away from the actual position for it to be of any use for many
applications, the yellow KF track already does a very good job of following the actual route. A new special
method by Elektrobit estimates new accuracy values for the GNSS positioning. These are the purple circles
shown in the illustration. It is good to see how the systematic mismatch at marker 1 is compensated for by the
new accuracy estimates that give the Kalman filter more freedom to follow the system model. With this approach,
it is possible, even in this very difficult environment, to achieve good accuracy in positioning. In the example
shown in illustration 4, map-matching feedback has also been activated. Comparable to the example of the
tunnel, this feedback prevents drifting during longer phases without or with only very poor GNSS reception.

Further aspects
In addition, there are further aspects that need to be dealt with in order to make KF-based integrated positioning
precise and robust enough for actual use in vehicles. Special attention must be given to the sensors used. In
the approach presented here, with odometer and MEMS-based gyroscope, special attention must be paid to the
calibration of the gyroscope’s bias, as an error here would lead to large deviations. As stated in the beginning,
the bias is temperature dependent. A simple way to calibrate the bias is when the vehicle is not moving. Here,
the rotation rate is known and the bias can be directly measured. The phases where the vehicle has stopped are
dependent on the journey, so it is important to also react to temperature changes while the vehicle is moving. This is
possible by modeling the dependence of the bias on the temperature and estimating this.
A further important aspect is the delays between the sensors. Typically, not all sensors are on the same piece of
equipment, but rather, are on different control units in the vehicle. Their data is spread throughout the vehicle
through bus systems. The individual pieces of data are, therefore, not chronologically synchronized and will have to
be synchronized using a common base period and then possibly sorted. The delay between the various time scales
of each individual sensor is often unknown but is not negligible. For example, both the odometer (indirectly) and the
GNSS receiver (directly) measure the speed of the vehicle. In order to integrate these two correctly, the delay must
either be known or estimated and then corrected accordingly. If this is not done, then the integrated positioning will
either be ahead (odometer delayed) or behind (GNSS delayed).
Beyond the purely sensor-specific aspects, it must be noted that the fusion is embedded in a complex environment.
As has already been mentioned, the data from the various sensors usually comes from different control units and
has to be sent to various places in the vehicle through bus systems. This can lead to transmission errors, or individual
sensors could drop out completely. It is important to be able to deal with situations such as this. It is not possible to
guarantee a consistent quality in the integrated positioning in every case. What must happen is that the positioning
functions properly after an error has been corrected. This demands certain actions, e.g. the detection of implausible
data, recognition of sensor dropout, and the possibility to carry out “self-healing”, in the case of damaged calibration
values or numeric inconsistencies that can occur when, for example, false data values are applied.
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Outlook
Already today, there are a large number of driver assistance and convenience systems installed in vehicles that
would not be possible if they were only based on a GNSS solution. These systems have been made possible through
positioning systems such as the one described in this article. There are also constantly new plans for further
systems that would demand even more exact positioning or higher availability. The focus is moving to demands
such as positioning that can determine the lane and real three-dimensional trajectories. This makes it necessary to
include further sensors in the fusion. On the way to achieving highly automated driving, aspects of functional safety
will also play a role. The dependence on GNSS will have to be reduced, so that the relative position in relation to
barriers in the vicinity of the vehicle can be precisely and reliably tracked. The positioning model presented here is
a very promising basis for the next steps on the way from “precise vehicle positioning” to “vehicle positioning for
autonomously driving cars.”
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