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APPARATUS AND METHOD FOR CHARACTERIZING AN OBJECT BASED ON
MEASUREMENT SAMPLES FROM ONE OR MORE LOCATION SENSORS

Field

The present disclosure relates to concepts for sensing surrounding objects and more particu-
larly to apparatuses, methods and computer programs for detecting and characterizing edges

of one or more objects, which can be useful in the field of autonomous driving, for example.

Background

Since a development of autonomous driving and driving assistant systems, there is a demand
of locating and tracking surrounding objects reliably and precisely. In order to make such
systems work safely and, for example, to prevent a car, equipped with one of these systems,
from crashing with surrounding objects, the accuracy of the object characterization is essen-
tial. In case of autonomous driving or driving assistant systems such surrounding objects can

be traffic participants like cars, trucks, motorcyclists or pedestrians, for example.

For the functionality of such systems it may be necessary to determine the object’s spatial
parameters (e.g. position, distance, orientation, shape) and parameters of motion (e.g. veloc-
ity, rotation). Various types of location sensors can be used to gather information from the
surrounding. In some applications laser scanners are used to scan the environment and to
generate measurement data including spatial coordinates of measurement points on edges of
one or more objects from reflections of a laser beam at these edges. Known methods use
algorithms to assign clusters of measured coordinates to one or more respective objects. So-
called box fitting algorithms determine a best fitting rectangular box or parts thereof repre-
senting the edges of an object taking into account its measured spatial coordinates. Since lo-
cation sensors typically detect one or more edges of an object, one or more orthogonal lines
of a rectangular box can be fitted to the edges. The object’s parameters can be derived from
the parameters of the one or more fitted lines (line parameters). From a single measurement
scan it is possible to determine a shape and an orientation of the one or more fitted lines while

also tracking over time is possible from multiple consecutive measurement scans to determine
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an object’s velocity and rotation. Thus an object can be characterized by such calculated pa-
rameters approximating a shape, a position, an orientation, a rotation and a velocity of the

object.

For a reliable characterization of small or distant objects location sensors with a high spatial
measurement resolution can provide accurate results. Common applications use laser scanners
as location sensors. However it is also possible to use other location sensors like high resolu-
tion radar, cameras or ultra sonic sensors. In order to achieve an increased spatial measure-
ment resolution it is also conceivable to apply multiple location sensors or even a combination
of them. A consequence of an increased spatial resolution is an increased amount of measure-
ment samples. Thus a processing time of conventional line fitting methods increases, while
for a precise tracking of the line parameters over time it is important to provide a high rate of
calculated line parameters. This is not possible if the processing time of a line fitting method

is too large.

Hence there is a demand of lowering the processing time, while at the same time keeping the

spatial accuracy of the estimated line parameters as high as possible.

Summary

This demand is met by apparatuses, vehicles, methods and computer programs in accordance
with the independent claims. Further embodiments which may be beneficial under specific

circumstances are addressed by the dependent claims.

According to a first aspect, the present disclosure provides a method for characterizing an
object based on measurement samples from one or more location sensors. The measurement
samples have a first spatial resolution. Further the method comprises a quantization of meas-
urement samples to a grid map of weighted cells. The grid map has a second spatial resolution
lower than the first spatial resolution. Each measurement sample contributes to a weight co-
efficient of one or more weighted cells depending on a measurement accuracy. The method
also comprises a computation of line parameters of one or more lines fitting the weighted cells

to obtain a characterization of the object.
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The measurement samples can be digital samples directly or indirectly produced by distance
or location sensors, such as one or more LIDAR (light detection and ranging) sensors, one or
more Radar (radio detection and ranging) sensors, or one or more ultrasonic sensors, just to
name a few examples. The skilled person having benefit from the present disclosure will ap-
preciate that different distance detection technologies can also be combined. In some example
implementations, the measurement samples can be indicative of coordinates of points of one
or more objects from which distance measurement signals, such as light, radio, or ultrasonic
signals, have been reflected. As mentioned above, in case of automotive applications, such
objects can be traffic participants like cars, trucks, motorcyclists or pedestrians, for example.

Some applications aim at detecting edges of such objects.

Depending on the measurement accuracy of the one or more location sensors, the measure-
ment samples or the coordinates have a certain spatial resolution. In general, there is a ten-
dency to higher and higher resolutions. A downside of the latter is that computational efforts
increase, such as, for example, a computational complexity of fitting one or more lines, for
example corresponding to one or more object edges, to the measurement samples. For that
reason the present disclosure proposes to reduce the computational complexity of the line
fitting by mapping measurement samples of higher spatial resolution to cells of a grid map
with lower spatial resolution. While the first spatial resolution of the measurement samples in
x- and y-direction can be, for example, 5000 x 5000 pixels, the second spatial resolution of
the grid map can be, for example, 125 x 125 cells. Additional information is provided by the
respective cell weights. More than one measurement sample can fall within a cell and/or con-

tribute to a cell weight.

One or more lines are then fitted to the weighted cells or the coordinates thereof. The lines
can correspond to one or more edges of an object. The line fitting can be done by setting up a
system of linear equations and solving for the respective line parameters. The line parameters
can be indicative of the respective line's slope and its position. The system of linear equations
can include a vector including the deviations/distances of the weighted cells from the one or
more lines, a system matrix including the coordinates corresponding to the weighted cells,

and a vector including the line parameters.

In some example implementations, the method can include determining the weight coefficient

of a weighted cell based on a probability distribution around the measurement sample,
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wherein the probability distribution is based on the measurement accuracy of the one or more
location sensors. The probability distribution can be a Gaussian distribution or a Laplace dis-
tribution, for example, depending on the characteristics of the one or more location sensors.
The skilled person having benefit from the present disclosure will appreciate that locations
sensors will provide their measurements with certain measurement inaccuracies, which can
be modeled by such probability distributions. A measurement appearing at coordinates (X, y)
can thus have an uncertainty of (x+Ax, y=Ay), where (X, y) then marks the positional peak of
the probability distribution. The positional peak will be located within a cell of the grid map,
thereby contributing to its weight coefficient. Portions of the probability distribution around
the peak may reach into one or more neighboring cells, thereby also contributing to their
respective weight coefficients. Thus, a single measurement sample can contribute to the
weight coefficients of more than one cell. In other words, a measurement sample having an
associated non-vanishing probability distribution in an area of a weighted cell adds to the

weight coefficient of said cell.

In some examples, the lines can be interpreted as reflecting edges of the one or more objects.
Therefore the lines can be indicative of a position and/or orientation of a remote object relative
to the one or more location sensors. In case of vehicles the lines can circumscribe a vehicle
or a part thereof "seen" by the sensors. In case only two edges are "visible" the measurement
samples and hence the lines may have an L-shape, for example. The method may thus include
detecting, based on the weighted cells one or more edges of the object, the one or more edges

corresponding to the one or more lines.

In some example implementations orthogonality between two lines can be assumed. Thus the
method can include computing line parameters of two orthogonal lines fitting the weighted
cells. This can reduce the computational complexity of the linear equation system since the
slope of both lines can be expressed by the same line parameters (with different signs and
swapped vector elements though). The assumption of orthogonality between two lines is fea-

sible in the case of vehicles, for example, which have roughly box-like external contours.

In some example implementations, the line parameters of the one or more lines can be com-
puted based on a least squares fit. For example, a (constraint) least square algorithm can be
used for that. In constrained least squares one solves a linear least squares problem with an

additional constraint on the solution. Le., the unconstrained equation Wr = W Ap must be



10

15

20

25

30

WO 2020/099024 PCT/EP2019/077003

fit as closely as possible (in the least squares sense), while ensuring that some other property
of p is maintained. The constraint can be that the lines are orthogonal. In the above equation
r denotes the vector of deviations (minimized in least square sense) of the center of weighted
cells from the one or more lines, A denotes a system matrix, and p denotes the vector of line
parameters. The system matrix A can include the coordinates of the centers of the respective
cells, for example. Here, the system matrix 4 is multiplied with the corresponding matrix of
weights W to consider the quantization of the measurement samples into the cells of the grid

map.

In some example implementations the method provides computing a first and a second line
parameter corresponding to an orientation of the one or more lines. The calculation of line
parameters can be based on a computation of an eigenvector of a normalized system matrix.
The normalized system matrix comprises normalized coordinates of the weighted cells, the
normalized coordinates being normalized to weighted mean coordinates of the one or more

lines.

Since for some implementations of the present method it may be feasible to assume orthogo-
nality of two lines, the orientation of both lines can be expressed by two parameters (with
different signs and swapped vector elements though). Those comprise the first line parameter
n, and the second line parameter n,. A third and fourth line parameter, representing the po-
sition of the lines are independent from the first and the second line parameter and can be
computed from those and the weighted system matrix WA. Hence for determining the first
and the second line parameter the normalized system matrix can be used. The normalized
system matrix represents a grid map of cells shifted to the grid map of weighted cells of the
system matrix A. The cells of the lines are relocated so that the weighted average of the cell
coordinates of one of the one or more lines is equivalent to the coordinate origin. The weights
used for averaging correspond to the weight coefficients of the respective cells. The normal-
ization can be done by subtracting the calculated mean values of the coordinates from the

coordinates of the weighted system matrix according to:

PR
Aporm =A—1 [)ch %z]
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6
1 0
wherein = (1) (1) ,fj = Zin,i Xj i and yi = Zin,i YVii
o il

Note that this example provides two orthogonal lines. However this is also possible for one

or more lines.

The first and the second line parameter then can be estimated by determining the eigenvector
corresponding to the lower eigenvalue of the squared weighted normalized system matrix
according to:

[n, n,]T = eigenvector of (A% W Anorm)

, wherein A,,,,-n denotes the normalized system matrix.

In some example implementations the method provides computing at least one further line

parameter ¢; corresponding to a position of line j based on

wherein n; and n, correspond to the first and a second line parameter and 4; is the corre-
sponding part of the system matrix 4, including the measurement samples of line j. For an
example of two-dimensional measurement samples and a L-shape fitting of two orthogonal

lines there are two further parameters, ¢; and ¢,. These parameters can be interpreted as pa-

rameters defining the position of the fitted lines. Basically — :l—l and :1_2 define the y-axis inter-
2 1

cept of the both lines.

In some example implementations, the method provides computing a system covariance ma-
trix including variances of the respective line parameters and covariances between different
line parameters based on a system matrix including coordinates of the weighted cells, the

weight coefficients of the weighted cells, and based on deviations of the weighted cells from
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the one or more lines. The system covariance matrix can be regarded as a measure of reliabil-
ity of the measurements and can be used as a baseline for further computations, such as ad-
justing tracking or discrete time filters, for example. The tracking of objects can thus be im-

proved.

In some example implementations, in particular related to L-shape fitting, the system covari-

ance matrix can be computed according to

rwrT
2 Xjiwj

ZSys = (ATWA)_l

2jiw;j; denotes a sum of weights of the i-th measurement sample of line j. In case two or-
thogonal lines are defined by four line parameters, a dimension of },,s would be 4 x 4. The

skilled person having benefit from the present disclosure will appreciate that the dimension

of ¥sys will be dependent on the number of lines and thus the number of line parameters
needed for defining the lines. The system covariance matrix }.g, s can be used to derive further

quantities of interest for tracking or prediction of the one or more objects.

For example, a covariance matrix of coordinates (x.,y.) of an intersection point between a
first and a second line can be computed based on the system covariance matrix and the coor-
dinates (x.,y.). The covariance matrix of the coordinates (x.,y.) of the intersection point

can be computed according to

e = [pup]” Zsys[Pl:Pz] 5

wherein p; and p, denote vectors corresponding to the coordinates of the intersection point

of two lines according to

p1 = [x;,v:,1,0]7 and
p2 = [—yi,x;,0,1]7

The skilled person having benefit from the present disclosure will appreciate that here the
coordinates of an intersection point of two lines are expressed in a form that solves the linear

equation of the lines according to:
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0=n;x. +nyy.+1-¢c, =pT - p; for a first line

or 0 = nyx, —nyy. +1-¢c, =pT - p, for a second line, orthogonal to the first line

for vector of line parameters according to: p = [ny,ny, ¢y, ¢5]7

n, and n, denote the slope of the fitted lines, while ¢; respectively ¢, denote a vertical posi-

tion of each fitted line.

Other mathematical expressions are however also possible. The covariance matrix of the co-
ordinates of the intersection point has a dimension of 2 x 2 and can be used to estimate an
accuracy of the fitting process of the two orthogonal lines to the respective measured coordi-
nates. Basically a covariance of line parameters denotes a joint variability of two vector ele-
ments of the vector of deviations. If the greater values of one vector element tend to corre-
spond with greater values of another element and vice versa, the covariance is positive. If
greater values of one vector element tend to correspond with smaller values of another ele-
ment, and vice versa, the covariance is negative. For some example, the covariance can be
calculated from a vector r = Ap representing the deviations of the fitted lines from the meas-
urement samples. Here covariance can be used to estimate an uncertainty of a first line pa-
rameter taking into account an uncertainty of a second line parameter. Further a small absolute
value of a covariance denotes a weak correlation and a large absolute value a strong correla-

tion.

Additionally or alternatively, a variance of an estimated orientation can be computed based
on a combination of line parameters corresponding to an orientation of the fitted lines, vari-
ances of said line parameters, and covariances of said line parameters obtained from the sys-
tem covariance matrix. For example, the variance of the orientation can be computed accord-
ing to

P o2, n2+02,n2+2 cov(ng,ny)nin,

Og =

nZ+n2 ’

wherein n; and n, are line parameters, 672, , 0,2, are variances of the respective line parame-
ters and cov(n,,n,) is the covariance of the respective line parameters. If o2 is relatively
low, then a current estimate of the object's orientation appears relatively trustworthy. If 3 is
relatively high on the other hand, then a current estimate of the object's orientation appears
relatively weak. This information can be used for tracking objects by means of discrete time

filters, such as Kalman or particle filters, for example.
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Thus, in some example implementations the method can further include adjusting a discrete
time filter for estimating a current state (e.g. position, velocity, acceleration) of the object
based on previous measurements directly or indirectly based on the computed system covar-

iance matrix.

According to a further aspect, the present disclosure provides an apparatus for characterizing
an object based on measurement samples from one or more location sensors. The measure-
ment samples of the location sensors have a first spatial resolution. The apparatus further
comprises a quantization of the measurement samples to a grid map of weighted cells having
a second spatial resolution lower than the first spatial resolution. Every measurement sample
contributes to a weight coefficient of one or more weighted cells depending on a measurement
accuracy. Fitting the weighted cells the apparatus provides computing parameters of one or

more lines to obtain a characterization of the object.

The skilled person having benefit from the present disclosure will appreciate that the methods
and/or apparatuses can be implemented by using a computer program having a corresponding
program code for carrying out the method when the computer program is run on a program-
mable hardware device, such as a digital signal processor (DSP) or a field programmable gate

array (FPGA), for example.

Brief description of the Figures

Some examples of apparatuses and/or methods will be described in the following by way of

example only, and with reference to the accompanying figures, in which

Fig. 1 illustrates an example implementation of an automotive application compris-
ing one or more location sensors and an apparatus for characterizing objects
from measurement samples of those sensors.

Fig. 2 illustrates a process of fitting lines to two-dimensional measurement samples.

Fig. 3 illustrates the principle of a tracking filter in one dimension.
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shows a flowchart of a method of covariance estimation according to an em-

bodiment of the present disclosure;

illustrates an influence of a number of measurement sample on covariance es-

timation;

illustrates a plot of fitted lines with the corresponding orientation and the var-

iance of the orientation;

illustrates an influence of a number of measurement sample on orientation co-

variance estimation;

shows an impact of correct and wrong covariance estimation on tracking;

shows a flowchart summarizing covariance estimation according to an embod-

iment of the present disclosure;

shows a flowchart of a method of line fitting based on grid maps, according to

an embodiment of the present disclosure;

illustrates mapping measurement samples to a grid map;

illustrates how a measurement sample adds weight to a cell; and

shows a flowchart summarizing line fitting based on grid maps according to an

embodiment of the present disclosure.

Detailed Description

Various examples will now be described more fully with reference to the accompanying draw-

ings in which some examples are illustrated. In the figures, the thicknesses of lines, layers

and/or regions may be exaggerated for clarity.
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Accordingly, while further examples are capable of various modifications and alternative
forms, some particular examples thereof are shown in the figures and will subsequently be
described in detail. However, this detailed description does not limit further examples to the
particular forms described. Further examples may cover all modifications, equivalents, and
alternatives falling within the scope of the disclosure. Same or like numbers refer to like or
similar elements throughout the description of the figures, which may be implemented iden-
tically or in modified form when compared to one another while providing for the same or a

similar functionality.

It will be understood that when an element is referred to as being “connected” or “coupled”
to another element, the elements may be directly connected or coupled or via one or more
intervening elements. If two elements A and B are combined using an “or”, this is to be un-
derstood to disclose all possible combinations, i.e. only A, only B as well as A and B, if not
explicitly or implicitly defined otherwise. An alternative wording for the same combinations
is “at least one of A and B” or “A and/or B”. The same applies, mutatis mutandis, for combi-

nations of more than two Elements.

The terminology used herein for the purpose of describing particular examples is not intended

29 <

to be limiting for further examples. Whenever a singular form such as “a,” “an” and “the” is
used and using only a single element is neither explicitly or implicitly defined as being man-
datory, further examples may also use plural elements to implement the same functionality.
Likewise, when a functionality is subsequently described as being implemented using multi-
ple elements, further examples may implement the same functionality using a single element
or processing entity. It will be further understood that the terms “comprises,” “comprising,”
“includes” and/or “including,” when used, specify the presence of the stated features, integers,
steps, operations, processes, acts, elements and/or components, but do not preclude the pres-

ence or addition of one or more other features, integers, steps, operations, processes, acts,

elements, components and/or any group thereof.

Unless otherwise defined, all terms (including technical and scientific terms) are used herein

in their ordinary meaning of the art to which the examples belong.

Safety may be regarded as an important aspect of driving assistant and autonomous driving

systems. To ensure reliability of such concepts and to pretend, for example, autonomously
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driving cars from crashing with surrounding objects, the surrounding objects may be charac-
terized by position, distance, orientation, velocity, acceleration, rotation, or a combination
thereof. In case of automotive applications, the surrounding objects typically can be pedestri-
ans, cars, motorcycles or trucks. For characterizing those objects, commonly location/distance
sensors like LIDAR systems, Radar systems, cameras or ultra sonic sensors can be used.
Measurement samples coming from such location sensors can be used to characterize an ob-
ject, for example, regarding its shape, position, orientation, velocity and/or acceleration. To
get a higher accuracy, a single measurement (e.g. of the object’s position or orientation) may
be filtered over time to get a higher accuracy and to estimate derivations of the states (e.g.
velocity out of position displacement over time). Conventional filtering techniques include

Kalman Filters or Particle Filters.

In autonomous driving, a common source of information can be laser scanners, which can
provide detailed information about the shape of the object (contour). In case of traffic partic-
ipants, objects can be represented by a box. There are conventional methods extracting these

boxes with its parameters (e.g. position of box, orientation).

To incorporate the measurement information (box parameters) it is helpful to model its accu-
racy (usually expressed by a variance in 1D, otherwise by a covariance matrix). Conventional
require a covariance matrix, describing the variance of the different measured line parameters
and their covariance (correlation). The system covariance matrix is helpful to get not only a
precise estimation of the object’s state, but as well represents the accuracy of the estimated
states and the correlation of the state(s). Decisions of following (downstream) processing
modules are usually based on the accuracy of the states. Conventional approaches usually use
heuristics or look-up-tables for the covariance matrix and ignore covariance between different

parameters.

While embodiments of the present disclosure will be described with regard to automotive
applications, the skilled person having benefit from the present disclosure will appreciate that
the presented concepts can be used in other scenarios as well, such as for airplanes or for

boats, for example.
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Fig. 1 schematically shows a vehicle 110 in accordance with embodiments of the present
disclosure. The vehicle includes an apparatus 120 comprising one or more location/distance

sensors 122 and a processing circuit 121.

The location/distance sensors 122 can be LIDAR, Radar, or ultrasonic sensors, or a combina-
tion thereof, transmitting signals and receiving the signals reflected from a remote object 130.
The location/distance sensors 122 are coupled to the processing circuit 121 in order to transfer
measurement data. Measurement data can be, for example, indicative of coordinates of reflec-
tion points of the object’s surface. The processing circuit 121 is configured to compute, based
on the measurement samples, line parameters of one or more lines fitting the coordinates of
the measurement points to obtain a characterization of the object 130, for example with regard

to its position/distance, orientation, velocity, acceleration or rotation.

An example of fitting boxes or lines to coordinates of measurement points 21, 22 is illustrated
in Fig. 2. The measurement points 21, 22 may be assigned to one or more edges of the object
depending on their positional arrangement. In the example of Fig. 2 the measurement points
21, 22 are assigned to two edges of object 130, thereby assuming that the object 130 can be
sufficiently characterized by the two edges. The edges may be modeled by respective lines 23
and 24. Thus, a line fitting process may fit the two lines 23, 24 to the coordinates of the
measurement points 21, 22. In some examples, the lines 23, 24 can be assumed to be orthog-
onal to each other. In this case the respective orientation of the two lines 23, 24 can be defined
by the same line parameters. The skilled person having benefit of the present disclosure will
appreciate that the line fitting is also possible for one or more than two lines and for "non-
orthogonal" lines. Further examples of line fitting processes are "I-shape-fitting" for one line,

"U-shape-fitting" for three lines of a rectangle or fitting of a complete rectangle.

In some example implementations, the line parameters of the lines 23, 24 can be computed
based on a least squares fit. For example, a (constraint) least square algorithm can be used for
that. In constrained least squares one solves a linear least squares problem with an additional

constraint on the solution. I.e., the unconstrained equation

r=Ap ()
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has to be fit as closely as possible (in the least squares sense) while ensuring that some other
property of p is maintained. The linear equation system (1) is based on a system matrix A
including the coordinates of the measurement points 21, 22. In the illustrated example the
coordinates are Cartesian coordinates in the form (x, y). The vector r denotes deviations (dis-
tances) of the measurement points 21, 22 from the (fitted) lines 23 and 24. The line parameters
defining the lines 23, 24 are included in vector p. For the example of two orthogonal lines 23,
24 the line parameters can be expressed as: p = [ny,M,, ¢y, ¢;]7. The two line parameters ni,
nz define the slope/orientation of the (orthogonal) lines 23, 24. A third line parameter ¢; and

a fourth line parameter ¢, correspond to a position of the lines 23, 24. The slope or orientation

n n
is determined by [n;] for the first line 23 and by [_ 7211] for the second line 24. The y-intercepts

of the lines can be defined according to: y (x = 0) = —:l—l (for line 23) and y (x = 0) = :1_2
2 1

(for line 24).

For the present example with two orthogonal lines 23, 24, the system matrix A can be repre-

sented according to:

_xj=0,i=1 }’j=0,i=1 1 07

Xj=0i=N Yj=0i=n 1 O
—Vj=1i=1 Xj=1=m 0 1

| —Vj=1i=m Xj=1,i=m 0 1]

wherein xj,i € {Xj=0’i=1, "'ij=0,i=N} and }’j,i € {}’j=0,i=1: ---:3’j=0,i=N} denote the i-th of
N measurement coordinates assigned to a first line j = 0 and x;; € {Xj—1 =1, ., Xj=1,i=m}
and yj; € {¥j=1,i=1,,Yj=1,i=m} denote the i-th of M coordinates of measurement points of

a second line j = 1. Hence a system of linear equation can be set up according to:

r; =nyX;; + nyy;; + cq (for the first line 23)

or 1; = NpXj; — N1Y;; + ¢, (for the second orthogonal line 24),

wherein 7; is the distance of the i-th measurement point from the respective line 23, 24 defined

by line parameters n,, n,, ¢; and c,.
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The determination of the line parameters p = [ny,n,, ¢y, ¢,]7 is known and provides lines 23,
24 approaching the object’s 130 external contours. For example, an intersection point (x;, ;)

between lines 23 and 24 can be used as a reference point for the object’s position.

To get a higher accuracy, a single measurement of the lines 23, 24 or another quantity derived
thereof may be filtered over time to get a higher accuracy. Conventional filtering techniques
include Kalman Filters or Particle Filters. The principle of such filters is to estimate a state of
an object based on adequately weighting previous and current measurements in order to
achieve an optimal estimation of an object’s state. The object’s state may be any state of

interest, such as its position, distance, orientation, velocity, acceleration, rotation, etc.

Fig. 3 illustrates an operation principle of a Kalman filter for the example of tracking an

object’s 130 state x (e.g. position, orientation, etc.).

Kalman filtering, also known as linear quadratic estimation (LQE), is an algorithm that uses
a series of measurements y, observed over timeframes &, containing statistical noise 32 (and
other inaccuracies), and produces estimates X, of unknown variables that tend to be more
accurate than those based on a single measurement alone, by estimating a joint probability
distribution over the variables for each timeframe. The algorithm works in a two-phase pro-
cess. In the prediction phase, the Kalman filter produces estimates X, of the current state
variables, along with their uncertainties 33. Once the outcome of the next measurement y;
(necessarily corrupted with some amount of error, including random noise) is observed, these
estimates are updated (X > X, ) using a weighted average, with more weight being given
to estimates with higher certainty. The algorithm is recursive. It can run in real time, using
the present input measurements y;, and the previously calculated state X;; ~ and its uncertainty

31; no additional past information is required.

The estimate X, of the current state can be computed according to:

X = X, -+ K (i —Cxi ™) (2)

wherein

p;cT

K, = —k&
k™ cpcT+rR’

3)
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denotes a weight coefficient calculated from a variance or covariance P;, (reference numeral
31) of the object’s previously estimated state X ~, a measurement variance or covariance R
(reference numeral 32) and a measurement coefficient C. The measurement coefficient C ex-

presses a relation of the measurement sample Z, and a true state of the tracked state X ac-

cording to:
Zr = Cxp

For the present example the object’s 130 position can directly be measured (e.g., intersection

point (x;,y;)). Thus C is according to: C = 1.

The above calculation of K}, includes both an uncertainty P, of the previously calculated state
X ~ and an uncertainty R of the current measurement y;. The coefficient K represents a
contribution of the current measurement y; and the previously calculated state X ~ to the
estimate X, of the current state. A relatively large value of K}, can indicate a relatively low
uncertainty (high certainty) of the current measurement y;, compared to the uncertainty of the
previously calculated state X, ~. In such a case the estimate X;; of the current state is predom-
inantly determined by the current measurement y;. For a small value of K, the estimate X

of the current state is predominantly determined by the previously calculated state X ~.

Conventional methods of adjusting the uncertainties P, and/or R use look-up-tables or heu-
ristics, which often include predefined uncertainties. The predefined uncertainties can be se-
lected based on a measurement accuracy of the sensors 122 and/or distance between the sen-
sors 122 and the object 130, for example. Methods using such predefined uncertainties do not
ensure a reliable adaption of the filters to the actual uncertainties of the line fitting process
(yielding the current measurements y). This may be the case if an uncertainty of the line
fitting process changes rapidly, for example due to a partly obstructed line of sight towards

the object 130 or changing weather conditions.

It is one finding of the present disclosure that a tracking filter can operate more accurately
when the adaptation of weight coefficient Kj. gets based on an online computation of the
uncertainty R of current measurements y,, instead on relying on predefined values. Here, the
term “online” means that the uncertainty is determined along with determining the current

measurements, e.g. along with determining the current measurement of lines 23, 24 defined
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by line parameters p = [n,,n,, ¢y, ¢,]7, the position (x;,y;), and/or the orientation. The pre-
sent disclosure provides a method for estimating such uncertainties, expressed by covariances
and variances of the fitted lines, simultaneously with respect to the measurement samples and
the line parameters. Depending on the dimension of the measurements, the covariances can

be scalars or matrices.

A high-level flowchart 400 of such a method for characterizing an object 130 based on meas-
urement samples from one or more location sensors 122 is shown in Fig. 4. The skilled person
having benefit from the present disclosure will appreciate that method 400 can be imple-

mented by an appropriately configured apparatus 120 of Fig. 1.

Method 400 includes computing 410 line parameters (e.g., p = [n;,n,,¢1,¢2]7) of one or
more lines 23, 24 fitting the measurement samples 21, 22 to obtain a characterization (e.g.,
position, orientation) of the object 130. Further, method 400 includes computing 420 a system
covariance matrix s, including variances of the respective line parameters and covariances
between different line parameters based on the system matrix A including coordinates of the
measurement samples 21, 22 and based on deviations r of the measurement samples 21, 22

from the one or more lines 23, 24.

For the example scenario of Fig. 2, the system covariance matrix Y5y can be computed ac-

cording to:

Says = ms (ATA)E, @
N+M—4

wherein (N + M — 4) denotes the cumulated number of measurement samples 21, 22 of both
lines 23, 24 minus the number of degrees of freedom. In this case the degrees of freedom are
equal to four due to the four line parameters [ny,n,, ¢;, c;]7. The skilled person will appreci-
ate that in the illustrated example with the two orthogonal lines 23, 24 the covariance matrix
Ysys 18 a4 x 4 matrix having the respective variances of the four line parameters ni, n2, c1, c2
on its main diagonal and covariances between different line parameters on its minor diagonals.
The variance of a random variable can be regarded as a measure of the variability of the
random variable. Likewise, the covariance is a measure of the joint variability of two random

variables. The system covariance matrix Y5, can be regarded as a measure of the uncertainty
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of the of the current measurement of lines 23, 24. In this sense it can be used similar to R in
above equation (3) for updating the weight coefficient of a Kalman filter while tracking

lines/edges 23, 24, for example.

Optionally, the system covariance matrix ), can also be used to determine further variances

or covariances of arbitrary points located on the fitted lines 23, 24 according to:

Ya = [pa]TZsys [Pq] (3)

wherein p, = [x4, Y4, 1,0]7 denotes a point on the first line 23 or a point p, = [—Yy,, X4, 0,1]7
on the second line 24. Such points can be expressed in form of a four-dimensional vector to

solve the linear functions according to:

0=nyx,+n,y, +1-¢; =pT - p, for the first line 23
or0 =n,x, —nyy, +1-c, =pT - pg for the second line 24, orthogonal to the first line and

for a vector of line parameters according to: p = [ny,1n,, ¢y, ¢2]7.

The covariance )., can be regarded as a measure of the uncertainty of the current measure-
ment of point p,. In this sense it can be used similar to R in above equation (3) for updating

the weight coefficient of a Kalman filter while tracking measurement point p,, for example.

Further optionally, a covariance matrix ),; related to the intersection point (x;,y;) between
lines 23 and 24 can be determined in a similar way. The intersection corresponds to a point
(x;,y;) located on both lines. Hence point coordinates for both linear equations of the respec-

tive lines can be used to compute the covariance matrix according to:

Xi= [Pl:Pz]TZsys [p1,p2] (6)

wherein p; and p, can be expressed as p; = [x;,y;,1,0]7 for the first line 23 and p, =
[—vi,x;,1,0]7 for the second line 24. The skilled person will appreciate that in the illustrated
example with the two orthogonal lines 23, 24 the covariance matrix ); is a 2 x 2 matrix having
the respective variances of x- and y-coordinates its main diagonal and the covariances be-
tween them next to it. The mentioned variances and covariances are illustrated graphically in

the right chart of Fig. 2 in the form of black ellipses around the intersection point (x;, ¥;). X'
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can be regarded as a measure of the uncertainty of the intersection point (x;, y;). In this sense
it can be used similar to R in above equation (3) for updating the weight coefficient of a

Kalman filter while tracking the intersection point (x;, y;), for example.

Fig. 5 schematically illustrates different measurement scenarios and their influence on the
uncertainty of a resulting reference point used for update in tracking position (dot) and covar-

iance (circle around dot).

Sketch "A)" illustrates a scenario with only one measurement sample at a corner of object 130
serving as the reference point for tracking. Here, no computation according to equations (4)
and (6) is possible. The reference point has the same uncertainty/covariance as the sensor(s)

(Rpos = Zsensor). Further, the covariance is without correlation between x- and y-position.

Sketch "B)" illustrates a scenario with a relatively small number of measurement samples 21,
22 not close to the corner, but enough for setting up linear equation system (1), estimating
lines 23, 24, estimating the system covariance matrix s, according to equation (4), estimat-
ing intersection point (x;,y;) as reference point for tracking, and estimating the covariance
matrix );; according to equation (6). The small number of measurement samples 21, 22 not
too close to the corner can lead to a rather high uncertainty of the current measurement of
reference point (x;, ¥;) (Rpos = ).; > Zsensor). The covariance is relatively large with correlation

between x- and y-position.

Sketch "C)" illustrates a scenario with a higher number of measurement samples 21, 22 closer
to the corner, leading to a lower uncertainty of the current measurement of reference point
(x;,y;) compared to sketch "B)". The resulting covariance is relatively small with correlation

between x- and y-position (Rpos = Y; < ZSensor).

According to some example embodiments, the object 130 can additionally or alternatively be
characterized by its (angular) orientation ¢, which is schematically illustrated in Fig. 6. As
can bee seen, the object’s orientation ¢ can be measured using the line parameters

[ny,n,,¢q,¢,]7 of the fitted lines 23, 24 according to:

Q= atan(z—;)
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Using the variances and covariances contained in the system covariance matrix Yy, it is

possible to compute the variance 3 of the orientation ¢ based on a combination of the line
parameters nq,n,, variances of said line parameters nq,n,, and covariances of said line pa-
rameters. In a particular embodiment related to estimating two orthogonal lines 23, 24, the

variance of the orientation ¢ can be computed according to

5 o2in3+02,n3+2 cov(ng,ny)n ny
O-,p =

(7

2 2
ni+ns

wherein ¢, and o2, denote the variances of the respective line parameters n;,n,, and
cov(ny,n,) denotes the corresponding covariance. oz can be regarded as a measure of the
uncertainty of the current measurement of orientation ¢. In this sense it can be used similar to
R in above equation (3) for updating the weight coefficient of a Kalman filter while tracking

the orientation ¢, for example.

Fig. 7 schematically illustrates different measurement scenarios and their influence on the

uncertainty of the orientation @.

Sketch "A)" illustrates a scenario with only one measurement sample 21 at a corner of object
130. Here, no computation according to equations (4) and (7) is possible. Since the single
measurement does not yield any information about the object’s orientation, aq%’ 4 can be as-

sumed infinite.

Sketch "B)" illustrates a scenario with a small number of measurement samples 21, 22,
enough for setting up linear equation system (1), estimating lines 23, 24, estimating the system
covariance matrix )y according to equation (4), and estimating 0(%’3 according to equation
(7). The small number of measurement samples 21, 22 will lead to a lower uncertainty of the

current measurement of ¢ compared to sketch “A”, however.

Sketch "C)" illustrates a scenario with a higher number of measurement samples 21, 22 lead-

ing to a lower uncertainty of the current measurement ¢ compared to sketch "B)", i.e. 0(%’3 >

2
O',p’c.
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The above calculations of the various variances and/or covariances may further be useful to
estimate the quality of the fitting process. Large variances and/or covariances may indicate
an inaccurate characterization of an object and vice versa. Thus, for example, for automotive
implementations the variances and/or covariances can be used to ensure the safety of autono-
mous driving. For example, an autonomously driving car may decelerate earlier in order to
maintain a safety distance with regard to an inaccurate characterization of another car driving
in front of the autonomously driving car. Further, as mentioned above, the variances and/or
covariances can be used to improve tracking of moving objects by adjusting the coefficient
K; of a Kalman filter. Especially for a characterization of moving objects, such as cars, a

tracking filter can be adapted to rapidly changing measurement uncertainties.

In order to explain possible benefits of the proposed online estimation of the various variances
and/or covariances, Fig. 8 illustrates an example traffic situation of a turning object 130, for

example a car. The example illustrates a left turn.

Due to the rotation of the object 130, an orientation of the edges of the object 130 changes.
Depending on the object’s orientation, a different number of measurement points character-
izing the edges may be “visible”. In a first phase denoted by "1" the object 130 moves towards
a location/distance sensor 122 detecting the edges of the object 130. In phase "1", the location
sensor 122 only sees the front edge of object 130 and barely sees the side edge(s) of object
130. Thus the line fitting will be rather poor and the uncertainty of the fitting process is large.
In a next phase denoted by "2" the object 130 turned a bit more. In phase "2", the location
sensor 122 thus “sees” both the front edge and the side edge of object 130. As a result the
lines 23, 24 modeling the edges of the object 130 can be fitted more precisely and the uncer-
tainty of the fitting process is lower. In a next phase denoted by "3" the object 130 turned yet
a bit more and the location sensor 122 only sees the side edge of object 130 and barely sees

the front edge of object 130. Hence the uncertainty of the fitting process increases again.

Chart a) shown in Fig. 8 shows a tracking process with online uncertainty (covariance) esti-
mation in accordance with the different phases 1, 2, and 3. In chart a) the tracked state (e.g.
orientation) of the object 130 fits the true state quite well during all phases since measure-
ments with correct covariance estimation are used. Chart "b)" illustrates a tracking process
with an underestimated measurement noise in phases 1 and 3 by using a conventional method,

such as a look-up-table, for determining the uncertainty. Here, the current measurements yy,



10

15

20

25

30

WO 2020/099024 PCT/EP2019/077003
22

are weighted too much compared to the compared to the previously calculated state X, ~. This
can lead to a change in the estimate X of the current state with low latency, but with high
noise. This can be very uncomfortable control due to high noise. Chart "c)" illustrates a track-
ing process with an overestimated measurement noise in phase 2 by using a conventional
method, such as a look-up-table, for determining the uncertainty. Here, the current measure-
ments y; are weighted too little compared to the previously calculated state X, ~. This can
lead to a change in the estimate X, of the current state with high latency and strong damping.

This can lead to slow reactions on critical maneuvers.

Chart "a)" of Fig. 8 shows a desired behavior of a tracking filter which can be provided by
embodiments of the present disclosure. While the uncertainty of the fitting process and thus
the covariance for phases "1" and "3" is large, the tracking filter characterizes the object pre-
dominantly using previously calculated states X ~., which are more precise than the current
measurements y, of the line fitting process. During the object 130 being in phase "2" the
tracking filter "trusts" the measurement measurements y; more since the uncertainty of the

line fitting process and thus the covariance is low.

The mentioned process of chart "a)" in Fig. 8 of tracking an orientation of a turning object
can be achieved by an adaptive estimation of a the coefficient Kj adjusting a Kalman filter.
A constant estimation of such a coefficient from look-up-tables or heuristics cannot achieve
similar results of tracking a turning object, for example. Hence adjusting a discrete time filter

by computing the system covariance matrix Yy as a baseline for further covariances 34, ¥;,

or o4 can provide a more reliable and precise tracking compared to conventional methods

based on look-up-tables or heuristics.

Fig. 9 provides an overview of the previously described concept of covariance estimation.

In Fig. 9, reference numeral 910 denotes a process of estimating one or more characteristics
(e.g., position, orientation, etc.) of the one or more surrounding objects 130 based on meas-
urement samples from the one or more location sensors 122. At 911, clusters of measurement
samples can be assigned to different objects 130 using known algorithms, such as density
based clustering (DBSCAN) or K-Means. At 912, measurement samples of a cluster can be

assigned to different edges of the corresponding object. This can be done by using known
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algorithms, such as principal component analysis (PCA) or random sample consensus (RAN-
SAC) algorithm. At 913, the object 130 can be characterized by fitting lines to the measure-
ment samples of the respective edges. The fitting process 913 can be for example a (con-
straint) least square fit setting up the system matrix A from the measurement samples and
solving the linear equation system (1) based on the system matrix A and the vector p including
the line parameters [n,,n,,c;,c,]”. The eigenvector corresponding to the lowest eigenvalue
of system matrix A corresponds to the vector of line parameters. At 914, an orientation ¢ of
the lines 23, 24 and an intersection point (x;, y;) (reference point) of the two lines 23, 24 can

be determined.

Embodiments of the present disclosure propose to additionally determine the respective co-
variance oz , Y; as respective uncertainty of the measurements ¢, (x;, y;). This additional pro-

cess is denoted by reference numeral 920 in Fig. 9. At 921, the system covariance matrix g,

is estimated, serving as a baseline for computing 62 at 924 and for computing ¥; at 922.

Optionally, the covariance Y, of arbitrary point (x4, y,) can also be computed at 923.

At 930, the measured orientation ¢ of the object together with its related covariance g2 and
the measured reference point (x;,y;) together with its related covariance );; can be used for

tracking the respective object 130.

With increasing accuracy or spatial resolution of location/distance sensors, future loca-
tion/distance sensors (such as laser scanners) are likely to output an enormous number of
detections/measurement samples. This can prohibitively increase the computational complex-
ity for estimating object characteristics based on the (constraint) least square fit according to
equation (1) since the dimensions of the system matrix A including the measurement samples
increase enormously. Thus a processing time may correlate to the number of detections/meas-
urement samples. According to another aspect of the present disclosure, which can also be
combined with aforementioned aspects, it is proposed reduce the computational complexity
for estimating object characteristics based on the (constraint) least square fit by registering
the measurement samples in a grid map with discrete cell size. It can be shown, if the cell size
is not significant larger than the sensor measurement uncertainty, an equal performance can

be reached compared to directly using all detections.
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For this purpose embodiments provide a method for characterizing an object based on meas-
urement samples from one or more location sensors. A schematic flowchart of the method

1000 is shown in Fig. 10.

The measurement samples have a first spatial resolution, e.g. corresponding to a spatial reso-
lution of the one or more location/distance sensors. Method 1000 includes quantizing 1010
the measurement samples to a grid map of weighted cells having a second spatial resolution,
which is lower than the first spatial resolution. A measurement sample contributes to a weight
coefficient of one or more weighted cells depending on a measurement accuracy of the re-
spective measurement sample. Method 1000 further includes computing 1020 parameters of
one or more lines 23, 24 fitting the weighted cells to obtain a characterization of the object
130. That is, the measurement samples with high resolution are mapped to cells of the grid
map with a lower resolution. In this way, the dimensions of the system matrix system matrix

A can be reduced from a high number of measurement samples to a lower number of cells.

The skilled person having benefit from the present disclosure will appreciate that method

1000 can be implemented by an appropriately configured apparatus 120 of Fig. 1.

As one can see in Fig. 11 in order to quantize the measurement samples 21, 22, they are
registered in the grid map 1100 of cells with a spatial resolution which is lower than the spatial
resolution of the measurement samples 21, 22. Each cell of the grid map 1100 can be charac-
terized by its coordinates (e.g., corresponding to the cell center), while a characterization of
the cell is not limited to Cartesian coordinates, but may also work by using different coordi-
nate systems (e.g. polar coordinates). Further each cell can be characterized by a weight co-
efficient. Each measurement sample 21, 22 contributes weight to the cell its falls within. Fur-
ther it can also contribute weight to surrounding cells, depending on the measurement uncer-
tainty (measurement covariance). The weights can be calculated using a predefined probabil-
ity density function, optionally with normalization. The cell weight is equal to the probability
that the detection/ measurement is in this cell. For the ease of understanding, this is explained

in Fig. 12 for an exemplary 1D case.

Fig. 12 illustrates a series of measurement samples 21. The weight coefficient of a weighted
cell 1210 is determined based on a probability distribution 1220 around the measurement

sample. The probability distribution 1220 can be based on the measurement accuracy of the
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one or more location sensors 122, for example. In the illustrated example the probability dis-
tribution 1220 corresponds to a Gaussian probability distribution having a predefined standard
deviation depending on the measurement accuracy. As can be seen, a measurement sample
having an associated non-vanishing probability distribution in an area of a weighted cell 1210
adds to the weight coefficient of said cell. If j measurement samples contribute to the weight

wi of cell i, the weight coefficient of cell i can be determined according to w; = ¥ Wi

One all measurement samples 21, 22 have been mapped to weighted cells, the weighted cells
can be treated as a lower resolution version of the measurement samples and be used as a
baseline for a least squares fit similar to equation (1). That is to say, one ore more lines are
fitted to the positions of weighted cells instead of the original measurement samples. This
means that act 1020 can comprise detecting, based on the weighted cells, one or more edges

of the object 130, the one or more edges corresponding to the one or more lines 23, 24.

The cells have a varying weights since more or less detections are in close proximity. These
weights have to be taken into account when fitting the shape. In some example implementa-
tions, the line parameters of the lines 23, 24 can be computed based on a weighted constraint
least square algorithm taking into account the weight coefficients of the one or more weighted

cells. The corresponding linear equation system can be
Wr = WAp. (8)

The linear equation system (8) is based on a system matrix A including the coordinates of the
centers of the weighted cells. In the illustrated example the coordinates are Cartesian coordi-
nates in the form (x, y), while regarding further possible examples, the coordinates may relate
to different coordinate systems (e.g. polar coordinates). The vector r denotes deviations (dis-
tances) of the weighted cells from the (fitted) lines. Again, the line parameters defining the

lines are included in vector p. W denotes a matrix of the respective cell weights according to:

W, O
w='7 )]
Wj,i=1 0 0

0 0 Wj,i=Nj
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w; ; denotes the weight coefficient of the i-th weighted cell of line j.

A first and a second line parameter n1, nz defining an orientation of the one or more lines can
be determined based on a computation of an eigenvector of a normalized system matrix,
wherein the normalized system matrix comprises normalized coordinates of the weighted
cells, wherein the normalized coordinates are normalized to mean coordinates of the one or
more lines. Expressed mathematically, the first and a second line parameter ni, n2 can be
computed according to

[n,,n,]7 = eigenvector of (AL, W Aporm) (With regard to the lower eigenvalue of A)

wherein A,,,» can be calculated according to:

PR
Aporm =A—1 [)ch %z]

_1 0_
. 1 0 . - . .
with [ = 0 1 and %; = X;w;; x;; and §; = X, w;; ¥, Xj; and y;; denoting the coordi-
0 1

nates of the center of the i-th weighted cell of line j.

Further, a line parameter defining the position of line j can be determined according to:

For the example scenario of Fig. 11 (two orthogonal lines), the system covariance matrix g,

can be computed according to:

rwrT
ZZWj,i

ZSys = (ATWA)_l ) (12)
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The skilled person will appreciate that in the illustrated example with the two orthogonal lines
23, 24 the covariance matrix Y5y is a 4 x 4 matrix having the respective variances of the four
line parameters n1, n2, c1, c2 on its main diagonal and covariances between different line pa-
rameters on its minor diagonals. The variance of a random variable can be regarded as a
measure of the variability of the random variable. Likewise, the covariance is a measure of
the joint variability of two random variables. The system covariance matrix ), can be re-
garded as a measure of the uncertainty of the of the current measurement of lines 23, 24. In
this sense it can be used similar to R in above equation (3) for updating the weight coefficient

of a Kalman filter while tracking lines/edges 23, 24, for example.

Based on the system covariance matrix Yy, the variance of an orientation, the variance of
any point on one of the fitted lines or a covariance matrix of the intersection point can be
computed similar to the above calculations. Such uncertainties can then again be used to adapt
a tracking filter for a precise tracking result as mentioned before. However while the spatial
resolution of the weighted grid map is lower than the spatial resolution of the one or more
location sensors, the uncertainty of the fitting process should be equal to a fitting process

based on fitting lines directly to the measurement samples.

Fig. 13 provides an overview of the previously described concept of using grid maps.

At 1301 measurement samples of one scan from one or more sensors are received. At 1302,
the measurement samples are mapped to grid map as described before. At 1303, clusters of
cells can be assigned to different objects 130 using known algorithms, such as density based
clustering (DBSCAN) or K-Means. At 1304, cells of a cluster can be assigned to different
edges of the corresponding object. This can be done by using known algorithms, such as
principal component analysis (PCA) or random sample consensus (RANSAC) algorithm. At
1306, the object 130 can be characterized by fitting two lines to the weighted cells of the
respective edges. The fitting process 1306 can be, for example, a weighted constraint least
square fit setting up the system matrix A from the weighted cells and solving the linear equa-
tion system (8). The eigenvector corresponding to the lowest eigenvalue of (A%, W Aorm)
corresponds to the vector of line parameters [n,,n,]7. At 1307, an orientation ¢ of the lines
23, 24 and an intersection point (x;, y;) (reference point) of the two lines 23, 24 can be deter-

mined. At 1308, the system covariance matrix s, can be determined according to equation

(12). Embodiments of the present disclosure propose to additionally determine the respective
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covariance o2 , ¥; as respective uncertainty of the measurements ¢ and (x;,y;). The measured
orientation ¢ of the object together with its related covariance 65 and the measured reference

point (x;,y;) together with its related covariance ),; can be used for tracking the respective

object 130.

Note that the proposed concept is not limited to L-Shapes, but also I-Shape (Line), U-Shape
(open rectangle) or Rectangle can be fitted. This is straight-forward since the linear equation
system is equivalent, only A and p matrix is varied. The sensors are not limited to laser scan-
ners, but could be as well high resolution radar, camera detections, ultra sonic etc. or a mixture

of multiple sensors registered in the same measurement grid.

As an approximation instead of a measurement grid a standard occupancy grid map can be
used, which is typically calculated using sensor models. The probability density function does
not need to be evaluated for each measurement sample / cell combination, but can be based

on a look-up-table (patch) increasing close-by cell weights.

In theory each measurement sample influences an infinite number of cells, since a normal or
Laplace distribution is not bounded. Practically after some standard deviations the values are
really low. Practically e.g. only the likelihood of cells in 16-2¢ range may be changed for
each detection. Since e.g. the laser scanner has for a detection in a certain distance always the
same measurement uncertainty, the increasing value can be calculated before and stored in a

look-up-table.

If sensor detections does not always emerge from the edge of a vehicle or outliers are present
(close-by-detections not from the object), the approach can be extended by a RANSAC algo-

rithm to exclude these cells from fitting.

From the linear equations of the fitted lines including the determined line parameters one can
compute an intersection point 1107. Defining and/or tracking the position and/or motion of
an intersection point can be useful to estimate a position, velocity or rotation of a detected
object. Instead of using, for example a measurement point, to determine a position or velocity
of an object, using the intersection point of two fitted lines as a reference point should be more

reasonable. While measurement points are not fixed to a specified point on the object’s sur-
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face, the intersection point defines approximately the corner of an object. Thus the intersec-
tion point is also called reference point. In some example of a vehicle of the present disclosure
it may be useful to determine such a reference point, for example to compute a maneuver to
pass another car on a highway. However this may also be useful to initiate emergency braking

in case of an emergency situation.

Further the present disclosure comprises determining an orientation of an object. The said
orientation can directly be calculated from the first line parameters n, and n, for a present

example of fitting two orthogonal lines according to:
Q= atan(ﬂ)
n2

However for further implementations of the present disclosure an orientation may also be

defined for one or more lines, which can also be non-orthogonal.

As mentioned above, for tracking purposes an estimation of the uncertainty of the fitting pro-
cess can be useful, for example to adapt a Kalman filter. However this is also possible using
a grid map of weighted cells and the corresponding fitted lines. Similar to a fitting process
without using grid maps, calculating uncertainties of a fitting process can be based on a system
covariance matrix including covariances and variances of the line parameters 1108. Addition-
ally to a vector of deviations r and a system matrix A, one may also provide the matrix W
including the cumulated cell weights w;; to calculate a system covariance matrix according

to:

rwrT
ZZWj,i

ZSys = (ATWA)_l

wherein r denotes a vector including the deviations of cell coordinates of weighted cells to

the fitted lines and A denotes a system matrix of cell coordinates as mentioned before.

Based on the calculated system covariance matrix, the variance of an orientation, the variance
of any point on one of the fitted lines or a covariance matrix of the intersection point can be
computed similar to the above calculations. Such uncertainties can then again be used to adapt

a tracking filter for a precise tracking result as mentioned before. However while the spatial
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resolution of the weighted grid map is lower than the spatial resolution of the one or more
location sensors, the uncertainty of the fitting process should be equal to a fitting process

based on fitting lines directly to the measurement samples.

Due to the similar uncertainty of the fitting process and a reduced effort of fitting lines to
quantized measurement samples, the method of the present disclosure provides an efficient
characterization of surrounding objects. Thus the quantization of measurement samples of
location sensors with high resolution can be used for tracking purposes. Further for tracking
objects tracking filter, such as a Kalman filter, can be used. Then again a tracking filter can
be adapted by using a system covariance matrix calculated simultaneously from the weighted

grid map.

The aspects and features mentioned and described together with one or more of the previously
detailed examples and figures, may as well be combined with one or more of the other exam-
ples in order to replace a like feature of the other example or in order to additionally introduce

the feature to the other example.

Examples may further be or relate to a computer program having a program code for perform-
ing one or more of the above methods, when the computer program is executed on a computer
or processor. Steps, operations or processes of various above-described methods may be per-
formed by programmed computers or processors. Examples may also cover program storage
devices such as digital data storage media, which are machine, processor or computer readable
and encode machine-executable, processor-executable or computer-executable programs of
instructions. The instructions perform or cause performing some or all of the acts of the above-
described methods. The program storage devices may comprise or be, for instance, digital
memories, magnetic storage media such as magnetic disks and magnetic tapes, hard drives,
or optically readable digital data storage media. Further examples may also cover computers,
processors or control units programmed to perform the acts of the above-described methods
or (field) programmable logic arrays ((F)PLAs) or (field) programmable gate arrays
((F)PGAs), programmed to perform the acts of the above-described methods.

The description and drawings merely illustrate the principles of the disclosure. Furthermore,

all examples recited herein are principally intended expressly to be only for illustrative pur-
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poses to aid the reader in understanding the principles of the disclosure and the concepts con-
tributed by the inventor(s) to furthering the art. All statements herein reciting principles, as-
pects, and examples of the disclosure, as well as specific examples thereof, are intended to

encompass equivalents thereof.

A functional block denoted as “means for ...” performing a certain function may refer to a
circuit that is configured to perform a certain function. Hence, a “means for s.th.” may be
implemented as a “means configured to or suited for s.th.”, such as a device or a circuit con-

figured to or suited for the respective task.

Functions of various elements shown in the figures, including any functional blocks labeled

2 (13

as “means”, “means for providing a signal”, “means for generating a signal.”, etc., may be

2% Gl

implemented in the form of dedicated hardware, such as “a signal provider”, “a signal pro-
cessing unit”, “a processor”, “a controller”, etc. as well as hardware capable of executing
software in association with appropriate software. When provided by a processor, the func-
tions may be provided by a single dedicated processor, by a single shared processor, or by a
plurality of individual processors, some of which or all of which may be shared. However,
the term “processor” or “controller” is by far not limited to hardware exclusively capable of
executing software, but may include digital signal processor (DSP) hardware, network pro-
cessor, application specific integrated circuit (ASIC), field programmable gate array (FPGA),

read only memory (ROM) for storing software, random access memory (RAM), and non-

volatile storage. Other hardware, conventional and/or custom, may also be included.

A block diagram may, for instance, illustrate a high-level circuit diagram implementing the
principles of the disclosure. Similarly, a flow chart, a flow diagram, a state transition diagram,
a pseudo code, and the like may represent various processes, operations or steps, which may,
for instance, be substantially represented in computer readable medium and so executed by a
computer or processor, whether or not such computer or processor is explicitly shown. Meth-
ods disclosed in the specification or in the claims may be implemented by a device having

means for performing each of the respective acts of these methods.

It is to be understood that the disclosure of multiple acts, processes, operations, steps or func-
tions disclosed in the specification or claims may not be construed as to be within the specific

order, unless explicitly or implicitly stated otherwise, for instance for technical reasons.
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Therefore, the disclosure of multiple acts or functions will not limit these to a particular order
unless such acts or functions are not interchangeable for technical reasons. Furthermore, in
some examples a single act, function, process, operation or step may include or may be broken
into multiple sub—acts, -functions, -processes, -operations or —steps, respectively. Such sub

acts may be included and part of the disclosure of this single act unless explicitly excluded.

Furthermore, the following claims are hereby incorporated into the detailed description,
where each claim may stand on its own as a separate example. While each claim may stand
on its own as a separate example, it is to be noted that - although a dependent claim may refer
in the claims to a specific combination with one or more other claims - other examples may
also include a combination of the dependent claim with the subject matter of each other de-
pendent or independent claim. Such combinations are explicitly proposed herein unless it is
stated that a specific combination is not intended. Furthermore, it is intended to include also
features of a claim to any other independent claim even if this claim is not directly made

dependent to the independent claim.
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Claims

. Apparatus (120) for characterizing an object (130) based on measurement samples

(21) from one or more location sensors (122), the measurement samples (21, 22)
having a first spatial resolution, the apparatus (120) comprising:
a processor circuit (121) configured to

quantize the measurement samples(21) to a grid map (1100) of weighted cells
having a second spatial resolution lower than the first spatial resolution, wherein a
measurement sample (21, 22) contributes to a weight coefficient of one or more
weighted cells depending on a measurement accuracy;

and compute line parameters of one or more lines (23, 24) fitting the weighted

cells to obtain a characterization of the object (130).

. The apparatus (120) of claim 1, wherein the processor circuit (121) is configured to

determine the weight coefficient of a weighted cell based on a probability distribu-
tion (1220) around the measurement sample (21, 22), wherein the probability distri-
bution (1220) is based on the measurement accuracy of the one or more location sen-

sors (122).

. The apparatus (120) of claim 2, wherein a measurement sample (21, 22) having an

associated non-vanishing probability distribution (1220) in an area of a weighted cell

adds to the weight coefficient of said cell.

. The apparatus (120) of any one of the previous claims, wherein the processor circuit

(121) 1s configured to detect, based on the weighted cells, one or more edges of the

object, the one or more edges corresponding to the one or more lines (23, 24).

. The apparatus (120) of any one of the previous claims, wherein the processor circuit

(121) 1s configured to compute line parameters of two orthogonal lines (23, 24) fit-

ting the weighted cells.

. The apparatus (120) of any one of the previous claims, wherein the processor circuit

(121) 1s configured to compute the line parameters of the one or more lines (23, 24)
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based on a weighted constraint least square algorithm taking into account the weight

coefficients of the one or more weighted cells.

The apparatus (120) of claim 6, wherein the processor circuit (121) is configured to
compute a first and a second line parameter corresponding to an orientation of the
one or more lines (23, 24) based on a computation of an eigenvector of a normalized
system matrix, the normalized system matrix comprising normalized coordinates of
the weighted cells, the normalized coordinates being normalized to mean coordinates

of the one or more lines (23, 24).

The apparatus (120) of claim 7, wherein the processor circuit (121) is configured to

compute at least one further line parameter ¢; corresponding to a position of line j

based on
WA
jA) T
C; = nn

wherein n, and n, correspond to the first and a second line parameter,

Wj,l 0 0
w;={ 0 ~ 0 |[withwj, being the weight of the i-th weighted cell of line j,
0 0 Wj,N

wherein 4; is the corresponding part of the system matrix A, including the measure-

ment samples of line j.

The apparatus (120) of claim 6, wherein the processor circuit (121) is configured to
compute a system covariance matrix (921) including variances of the respective line
parameters and covariances between different line parameters based on a system ma-
trix including coordinates of the weighted cells, the weight coefficients of the
weighted cells, and based on deviations of the weighted cells from the one or more

lines (23, 24).

The apparatus (120) of claim 9, wherein the processor circuit (121) is configured to

compute the system covariance matrix (921) ¥, according to
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T —
Ssys = ZTZ—MM//;(ATWA) '

wherein 4 is a system matrix including coordinates of the measurement samples, 7 is
a vector including the deviations of the weighted cells from the one or more lines (23,
24), ¥ is a matrix including variances and covariances of the line parameters and W
is a matrix including weight matrices corresponding to the one or more lines (23, 24)

according to

wherein K is the number of lines.

The apparatus (120) of claim 9 or 10, wherein the processor circuit (121) is config-
ured to compute a covariance matrix (921) of coordinates (x. ,y.) of an intersection
point between a first and a second line (23, 24) based on the system covariance ma-

trix and the coordinates (x.,y,).

The apparatus (120) of any one of claims 9 to 11, wherein the processor circuit (121)
is configured to compute a variance of an orientation (924) of the one or more
lines(23, 24) based on line parameters corresponding to an orientation of the one or

more lines (23, 24), variances, and covariances thereof.

A vehicle (110) comprising one or more location sensors (122) and an apparatus

(120) of any one of the previous claims.

Method for characterizing an object (130) based on measurement samples (21, 22)
from one or more location sensors (122), the measurement samples (21, 22) having a
first spatial resolution, the method comprising:

quantizing the measurement samples (21, 22) to a grid map (1100) of weighted

cells having a second spatial resolution lower than the first spatial resolution, wherein
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a measurement sample (21, 22) contributes to a weight coefficient of one or more
weighted cells depending on a measurement accuracy; and
computing parameters of one or more lines (23, 24) fitting the weighted cells to

obtain a characterization of the object (130).

15. Computer program having a program code for performing the method of claim 14,

when the computer program is executed on a programmable hardware device.
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