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A computer-implemented method for occupancy state detec-
tion in an area for a pre-determined point in time. In aspects,
the computer-implemented method includes operations car-
ried out by computer hardware components. The operations
include determining a probability distribution over a list of
possible occupancy states of the area at a previous point in
time, determining measurement data related to the area at the
pre-determined point in time, and determining a probability
distribution over the list of possible occupancy states of the
area at the pre-determined point in time based on the
measurement data and the probability distribution over the
list of possible occupancy states of the area at the previous
point in time.
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METHODS AND SYSTEMS FOR
OCCUPANCY STATE DETECTION

CROSS-REFERENCE TO RELATED
APPLICATION(S)

[0001] This application claims priority to European Patent
Application Number 21176539.1, filed May 28, 2021, the
disclosure of which is hereby incorporated by reference in
its entirety herein.

BACKGROUND

[0002] Various sensors such as radar sensors or light
detection and ranging (LIDAR) sensors may be used in
automotive applications to monitor the environment of a
vehicle. In the environment of the vehicle an area may be
occupied by different objects, such as other vehicles, pedes-
trians, barriers or the like, which may influence safety and
reliability of driver assistant systems. Thus, it may be
desired to know whether the area is occupied and if so,
which occupancy state is valid for that area. However,
reliable occupancy state detection suffers from complexity
and high computational effort.

SUMMARY

[0003] The present disclosure provides a computer-imple-
mented method, a system, and a non-transitory computer
readable medium for occupancy state detection. In one
aspect, the present disclosure is directed at a computer-
implemented method for occupancy state detection in an
area for a pre-determined point in time. The computer-
implemented may comprise operations performed (e.g., car-
ried out) by computer hardware components: determining a
probability distribution over a list of possible occupancy
states of the area at a previous point in time; determining
measurement data related to the area at the pre-determined
point in time; and determining a probability distribution over
the list of possible occupancy states of the area at the
pre-determined point in time based on the measurement data
and the probability distribution over the list of possible
occupancy states of the area at the previous point in time.
The list of possible occupancy states comprises a static
occupancy state, a dynamic occupancy state, a free-space
state, a first uncertainty state between the static occupancy
state and the dynamic occupancy state, a second uncertainty
state between the static occupancy state and the free-space
state, a third uncertainty state between the dynamic occu-
pancy state and the free-space state, and an unknown occu-
pancy state.

[0004] For example, the probability distribution at the
previous point in time of the area is determined over the list
of defined possible occupancy states, i.e. states that for
example describe whether an object is present in the area.
The previous point in time may be immediately before the
pre-determined time (e.g., no further point in time is
between the previous point in time and the pre-determined
point in time). It may be understood that a discrete sequence
of points in time may be used, for example equidistant points
in time, for example a point in time every pre-determined
amount of seconds, for example every second, or every Yio
of a second (e.g., 100 ms), or the like. The pre-determined
point in time may be a current point in time or an arbitrary
point in time. The pre-determined point in time may directly
follow after the previous point in time (e.g., no further point
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in time is between the pre-determined point in time and the
previous point in time). Additionally, measurement data at
the pre-determined point in time of the area may be mea-
sured by a sensor. The sensor may be or may include a radar
sensor and/or a LIDAR sensor. The probability distribution
at the pre-determined point in time of the area may be
determined over the list of defined possible occupancy
states, wherein the probability distribution at the pre-deter-
mined point in time of the area may be dependent on the
probability distribution at the previous point in time of the
area and the measurement data at the pre-determined point
in time of the area.

[0005] The area may be an environment of a robot or a
vehicle. The area may be of variable size or the area may be
a specific area (or sector) of interest, for example in front of
the robot or the vehicle.

[0006] Occupancy state detection in the area may be
understood as a combination of object detection and esti-
mation of a possible state of the object. For example, if there
is an object detected in the area, then the area may be defined
as occupied. Otherwise, if the area is not occupied, the area
may be defined as free-space. If the area is occupied, the
object in the area may have one possible state, i.e. one
occupancy state. The occupancy state may be one of the
defined possible occupancy states from the list of possible
occupancy states as described herein. The static occupancy
state may describe a state wherein the occupancy state may
be in a steady state or a quasi-steady state, i.e. the occupancy
state may remain constant with respect to time (e.g., objects
with the static occupancy state do not move with respect to
time). The dynamic occupancy state may describe a state
wherein the occupancy state may have a changing behavior
with respect to time (e.g., objects with the dynamic occu-
pancy state may move with respect to time). Thus, the
difference between the static occupancy state and the
dynamic occupancy state may be on the behavior of the
respective occupancy state with respect to time. For each of
the uncertainty states described in the list of possible occu-
pancy states, it may not be clear which of the respective two
possible occupancy states the object has. For the unknown
occupancy state, it may not be known whether the area is
occupied or a free-space.

[0007] The probability distribution may provide a prob-
ability for each of the states. The probabilities over all
probabilities may sum up to 1 (e.g., 100%), or the prob-
abilities may sum up to any different value, so that the
respective probability does not provide a probability as such,
but the relative values of the respective probabilities of the
states provide information about which state is more likely
than another.

[0008] According to an implementation, the probability
distribution over the list of possible occupancy states of the
area at the previous point in time comprises a pre-detet-
mined initial state distribution over the list of possible
occupancy states of the area.

[0009] According to an implementation, the initial state
distribution over the list of possible occupancy states of the
area comprises an equal distribution over the list of possible
occupancy states of the area.

[0010] The equal distribution over the list of possible
occupancy states of the area means that the possibility of
each of the possible states in the initial state is the same.
[0011] According to an implementation, the probability
distribution over the list of possible occupancy states of the
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area at the previous point in time is determined based on
measurement data related to the area at the previous point in
time and a probability distribution over the list of possible
occupancy states of the area at a further point in time
preceding the previous point in time.

[0012] For example: the probability distribution at the
previous point in time of the area is determined over the list
of defined possible occupancy states, wherein the probabil-
ity distribution at the previous point in time of the area is
dependent on the probability distribution at the further
previous point in time of the area and the measurement data
at the previous point in time of the area.

[0013] The further point in time may be immediately
before the previous point in time (e.g., no other further point
in time is between the further point in time and the previous
point in time). The previous point in time may directly
follow after the further point in time (e.g., no another further
point in time is between the previous point in time in time
and the further point in time).

[0014] There may be a plurality of further points in time
preceding the further point in time. The determination of a
probability distribution at the further points in time of the
area may then be carried out similar to the determination of
the probability distribution at the pre-determined point in
time or the determination of the probability distribution at
the previous point in time.

[0015] According to an implementation, the probability
distribution over the list of possible occupancy states of the
area at the pre-determined point in time is determined
further based on a transition matrix comprising a plurality of
state transition probabilities between possibly occupancy
states.

[0016] The transition matrix may be a transition matrix of
a Markov model, and the method according to various
implementations may be carried out according to the
Markov model.

[0017] The transition matrix may indicate probabilities of
state transitions under the assumption that no sensor data is
available.

[0018] The plurality of state transition probabilities may
be a respective state transition probability from each of a
first occupancy state of the possible occupancy states to a
second occupancy state of the possible occupancy states.
The first occupancy state may be identical to second occu-
pancy state or the first occupancy state may be different from
second occuparcy state.

[0019] According to an implementation, the following
state transition probabilities are different from zero: a state
transition probability from the static occupancy state into the
static occupancy state; a state transition probability from the
static occupancy state into the first uncertainty state between
the static occupancy state and the dynamic occupancy state;
a state transition probability from the static occupancy state
into the second uncertainty state between the static occu-
pancy state and the free-space state; a state transition prob-
ability from the dynamic occupancy state into the dynamic
occupancy state; a state transition probability from the
dynamic occupancy state into the first uncertainty state
between the static occupancy state and the dynamic occu-
pancy state; a state transition probability from the dynamic
occupancy state into the third uncertainty state between the
dynamic occupancy state and the free-space state; a state
transition probability from the free-space state into the
free-space state; a state transition probability from the
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free-space state into the second uncertainty state between the
static occupancy state and the free-space state; a state
transition probability from the free-space state into the third
uncertainty state between the dynamic occupancy state and
the free-space state; a state transition probability from the
first uncertainty state between the static occupancy state and
the dynamic occupancy state into the first uncertainty state
between the static occupancy state and the dynamic occu-
pancy state; a state transition probability from the first
uncertainty state between the static occupancy state and the
dynamic occupancy state into the unknown occupancy state;
a state transition probability from the second uncertainty
state between the static occupancy state and the free-space
state into the second uncertainty state between the static
occupancy state and the free-space state; a state transition
probability from the second uncertainty state between the
static occupancy state and the free-space state into the
unknown occupancy state; a state transition probability from
the third uncertainty state between the dynamic occupancy
state and the free-space state into third uncertainty state
between the dynamic occupancy state and the free-space
state; a state transition probability from the third uncertainty
state between the dynamic occupancy state and the free-
space state into the unknown occupancy state; a state
transition probability from the unknown occupancy state
into the unknown occupancy state (which may be equal to

1.

[0020] All other possible state transition probabilities may
be zero, ie. a state transition probability from the static
occupancy state into the dynamic occupancy state or into the
free-space state or into the third uncertainty state between
the dynamic occupancy state and the free-space state or into
the unknown occupancy state; a state transition probability
from the dynamic occupancy state into the static occupancy
state or into the free-space state or into the second uncer-
tainty state between the static occupancy state and the
free-space state or into the unknown occupancy state; a state
transition probability from the free-space state into the static
occupancy state or into the dynamic occupancy state or into
the first uncertainty state between the static occupancy state
and the dynamic occupancy state or into the unknown
occupancy state; a state transition probability from the first
uncertainty state between the static occupancy state and the
dynamic occupancy state into the static occupancy state or
into the dynamic occupancy state or into the free-space state
or into the second uncertainty state between the static
occupancy state and the free-space state or the third uncetr-
tainty state between the dynamic occupancy state and the
free-space state; a state transition probability from the
second uncertainty state between the static occupancy state
and the free-space state into the static occupancy state or into
the dynamic occupancy state or into the free-space state or
into the first uncertainty state between the static occupancy
state and the dynamic occupancy state or into the third
uncertainty state between the dynamic occupancy state and
the free-space state; a state transition probability from the
third uncertainty state between the dynamic occupancy state
and the free-space state into the static occupancy state or into
the dynamic occupancy state or into the free-space state or
into the first uncertainty state between the static occupancy
state and the dynamic occupancy state or into the second
uncertainty state between the static occupancy state and the
free-space state; a transition from the unknown occupancy
state into the static occupancy state or into the dynamic
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occupancy state or into the free-space state or into the first
uncertainty state between the static occupancy state and the
dynamic occupancy state or into the second uncertainty state
between the static occupancy state and the free-space state
or into the third uncertainty state between the dynamic
occupancy state and the free-space state.

[0021] For example, there may be no state transition
probability between the static occupancy state and the
dynamic occupancy state and the free-space state and the
unknown occupancy state directly. There may be no state
transition probability between the static occupancy state or
the dynamic occupancy state or the free-space state into an
uncertainty state, wherein the uncertainty state is not
between the respective static occupancy state or not between
the respective dynamic occupancy state or not between the
respective free-space state and the static occupancy state or
the dynamic occupancy state or the free-space state. There
may be no state transition probability from an uncertainty
state back to the static occupancy state or the dynamic
occupancy state or the free-space state. There may be no
state transition probability from the unknown occupancy
state into any other possible state, except the unknown
occupancy state itself.

[0022] According to an implementation, the transition
matrix is dependent of an estimated velocity of an object in
the area.

[0023] The estimated velocity of an object in the area may
also be referred to as estimated cell velocity.

[0024] According to an implementation, the probability
distribution over the list of possible occupancy states of the
area at the pre-determined point in time is determined
further based on an observation matrix comprising obser-
vation emission probabilities.

[0025] The observation matrix may be an observation
matrix of a Markov model, and the method according to
various implementations may be carried out according to the
Markov model. The observation matrix may introduce sen-
sor data to the method.

[0026] The observation emission probabilities may be a
respective observation emission probability from each of a
probability distribution over the list of possible occupancy
states of the area at the pre-determined point in time to an
observation state over a list of possible observation states.
The list of possible observation states may be dependent of
the sensor, used for the observation.

[0027] According to an implementation, the area com-
prises a cell of an occupancy grid, the occupancy grid
comptrising a plurality of further cells. For example, the area
may be represented by a cell, wherein the plurality of cells
may represent the occupancy grid. Each of the further cells
represents a respective further area. The method described
herein may (also) be carried out for each of the further cells
(e.g., for the further areas). The cell and each of the further
cells may be in one of the possible states, and the states may
be different for different cells.

[0028] According to an implementation, the measurement
data is determined based on a LIDAR sensor and the
measurement data comprises an uncertainty information
between a static occupancy and a dynamic occupancy or a
free-space information.

[0029] The LIDAR sensor may measure a range or a
distance between the sensor and a vehicle or an object.
Measurement data from a LIDAR sensor may also comprise
an azimuth and an elevation angle of a vehicle or an object
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relatively to the sensor. The measurement data recorded
from the LIDAR sensor may be very detailed and may
include fine and accurate information about objects at a great
distance. Ambient lighting may not influence the quality of
the captured information by LIDAR, thus the results at day
and night may be without any loss of performance due to
disturbances such as shadows, sunlight or headlight glare.

[0030] According to an implementation, the measurement
data is determined based on a radar sensor and the measure-
ment data comprises a static occupancy information, a
dynamic occupancy information, an uncertainty information
between a static occupancy and a dynamic occupancy, or a
free-space information.

[0031] Radar sensors may be impervious to adverse or bad
weather conditions, working reliably in dark, wet, or even
foggy weather. Radar sensors may be able to identify a
distance, a direction and a relative speed of vehicles or
objects. The direction may be determined by the azimuth
and elevation, wherein the azimuth and elevation may be
measured by radar sensors.

[0032] According to an implementation, the observation
matrix is dependent on at least one of a detection range rate
from the radar sensor and a distance from the radar sensor.
The range rate may be the velocity, i.e. the relative speed.
The range rate may describe the rate that a vehicle or object
moves toward or away from the radar sensor.

[0033] In another aspect, the present disclosure may be
directed at a computer system, said computer system com-
prising a plurality of computer hardware components con-
figured to carry out several or all operations of the computer-
implemented method described herein.

[0034] The computer system may comprise a plurality of
computer hardware components (for example a processor,
for example processing unit or processing network, at least
one memory, for example memory unit or memory network,
and at least one non-transitory data storage). It may be
understood that further computer hardware components may
be provided and used for carrying out operations of the
computer-implemented method in the computer system. The
non-transitory data storage and/or the memory unit may
comprise a computer program for instructing the computer
to perform several or all operations or aspects of the com-
puter-implemented method described herein, for example
using the processing unit and the at least one memory unit.
[0035] In another aspect, the present disclosure is directed
to a vehicle, comprising the computer system described
herein and a sensor, wherein the measurement data is
determined based on an output of the sensor. The sensor may
be a radar system and/or a LIDAR system.

[0036] The vehicle can be a car, a truck or a motorcycle
and the sensor may be mounted on the vehicle. The sensor
may be directed to an area in front or in the rear or at a side
of the vehicle. Measurement data may be captured by the
sensor when the vehicle is moving.

[0037] In another aspect, the present disclosure is directed
at a non-transitory computer readable medium comprising
instructions for carrying out several or all operations or
aspects of the computer-implemented method described
herein. The computer readable medium may be configured
as: an optical medium, such as a compact disc (CD) or a
digital versatile disk (DVD); a magnetic medium, such as a
hard disk drive (HDD); a solid state drive (SSD); a read only
memory (ROM), such as a flash memory; or the like.
Furthermore, the computer readable medium may be con-
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figured as a data storage that is accessible via a data
connection, such as an internet connection. The computer
readable medium may, for example, be an online data
repository or a cloud storage.

[0038] The present disclosure is also directed at a com-
puter program for instructing a computer to perform several
or all operations or aspects of the computer-implemented
method described herein.

[0039] With the methods and system described herein,
hidden Markov models may be used as a method for
dynamic and static occupancy discrimination in an occu-
pancy grid method framework. For example, each cell of the
occupancy grid may be treated separately by defining the
possible states and transitions of each cell and modelling the
sensor data observation matrix.

BRIEF DESCRIPTION OF THE DRAWINGS

[0040] Exemplary implementations and functions of the
present disclosure are described herein in conjunction with
the following drawings, showing schematically:

[0041] FIG. 1 illustrates a graphical representation of a
Markov Chain;
[0042] FIG. 2 illustrates a visualization of the computation

of a single probability distribution;

[0043] FIG. 3 illustrates a state transition graph;

[0044] FIG. 4 illustrates a method for occupancy state
detection according to various implementations; and
[0045] FIG. 5 illustrates a computer system with a plural-
ity of computer hardware components configured to carry
out operations of a computer-implemented method for
object detection according to various implementations.

DETAILED DESCRIPTION

[0046] Occupancy state detection of objects or the like
may be used in different technical fields. For instance, path
planning and collision avoidance in robotic applications or
object detection for driving assistance systems in the auto-
motive industry may use methods and systems based on
occupancy state detection.

[0047] The environment of a robot or a vehicle for
example may comprehend a plurality of different objects or
the like with different states, for example a static state for
buildings, trees or the like, a dynamic state for driving
vehicles and moving pedestrians or the like or even an
unknown state if it is not recognizable or measurable what
the object or the like behavior is. To detect the different
states of the objects, the environment of the robot, the
vehicle or the like may be divided by means of a grid into
an evenly spaced field of a plurality of cells. Each cell of the
grid may represent the presence of an obstacle, an object, a
part of an obstacle or a part of an object at that location in
the environment by a binary random variable. For each of
this cells or sections, an occupancy state may be estimated
that may specify whether the cell is occupied. This method
may be referred to as an occupancy grid mapping. Occu-
pancy grid methods may compute approximate posterior
estimates for these random variables.

[0048] For example, an occupancy grid mapping refers to
a family of methods in probabilistic robotics for mobile
robots or vehicles for example which address the problem of
generating maps from noisy and uncertain sensor measure-
ment data, with the assumption that the robot pose or vehicle
position is known.
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[0049] For a reliable detection of occupancy states in
dynamic environments, a robust model may be useful to
obtain an accurate occupancy state estimation. For example,
Markov chain model-based approaches may be used. A
Markov chain model may predict that the probability of
switching from a current state may not vary as a function of
previous states. In probability theory, a Markov model may
be a stochastic model used to model pseudo-randomly
changing systems. It may be assumed that future states
depend only on the current state, not on the events that
occurred before it (e.g., it assumes the Markov property).
This assumption may enable reasoning and computation
with the model that may otherwise be intractable. For this
reason, in the fields of predictive modelling and probabilistic
forecasting, it may be desirable for a given model to exhibit
the Markov property.

[0050] An enhancement of the Markov chain method may
be a Hidden Markov Model (HMM). HMM may be a
statistical Markov Model in which a modeled system may be
assumed to be a Markov process X with unobservable
(“hidden”) occupancy states. HMM may assume that there
may be another process, an observation, Y whose behavior
depends (probabilistically) on the process X. The main idea
of HMM method may be to extract information about the
process X by observing the process Y.

[0051] The Hidden Markov Model (HMM) may use occu-
pancy grid maps created at different discrete time steps (=0,
1,2, ...) as observations. At each discrete time step t, the
system may be in some internal (“hidden”) occupancy state
ht and a measurement (which may also be referred to as an
observation) mt may be emitted based only on ht. The
system may transit to a new occupancy state ht+1 from time
step t to time step t+1, and the process may repeat. This may
be called Markov Chain and is presented graphically in FIG.
1.

[0052] FIG. 1 illustrates a graphical representation of a
Markov Chain 100. FIG. 1 is divided into two sections by a
bold line, wherein the area above the bold line shows an
actual state (which may also be referred to as a hidden layer)
and the area below the bold line illustrates a measurement
(which may also be referred to as an observation). The actual
state comprises a plurality of occupancy states h1 102, h2
104, h3 106, h4 108 at discrete time steps t that are
connected in a way that the occupancy state of a point in
time depends on the occupancy state of a previous point in
time, i.e. the point in time of the previous point in time is
directly before the point in time. The connections between
the occupancy states are represented by arrows q12 126, q23
128, q34 130 and g45 132 that indicate the transition from
the occupancy state ht-1 at the previous point in time t-1 to
the occupancy state ht at the present point in time. For
example, the arrow q34 130 connects the occupancy state h3
106 with the occupancy state h4 108. Furthermore, each of
the occupancy states hl 102, h2 104, h3 106, h4 108 in the
upper part of FIG. 1 is connected to a corresponding
measurement m1 110, m2 112, m3 114, m4 116 in the lower
part of FIG. 1 by an arrow. The arrows bl 118, b2 120, b3
122 and b4 124 indicate that the measurement mt occurs if
the occupancy state ht is present.

[0053] To apply the Hidden Markov Model (HMM)
framework, some variables and operators may be defined
beforehand. A list of possible occupancy states €2 may be
assumed to be finite. The list of occupancy states Q may
consist of {S, D, F, SD, SF, DF, SDF}, wherein the occu-
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pancy states may be defined as a static occupancy state S, a
dynamic occupancy state D, a free-space state F, a first
uncertainty state SD between the static occupancy state S
and the dynamic occupancy state D, a second uncertainty
state SF between the static occupancy state S and the
free-space state F, a third uncertainty state DF between the
dynamic occupancy state D and the free-space state F, and
an unknown occupancy state SDF.

[0054] An initial state distribution p(Q1=w), Ve Q over
the list of possible occupancy states of the area may be
pre-determined. State (ransition probabilities pij(Ct+
1=0'1Qt=0), Vo, 0’ may be defined that indicate how
likely it is that the occupancy state ' occurs if the previous
occupancy state ® was present. These annotate the right-
going arcs in FIG. 2.

[0055] A set of observations O may be assumed to be
finite. ~ The  observation  emission  probabilities
b(Ot=0lQt=0), Yoe ., oc O may indicate how likely it is
that the observation o occurs if the occupancy state w is
present. These annotate the down-going arcs in FIG. 2.
[0056] If Q2 and O are finite, the initial state distribution p
may be represented as a vector p of size Q.

[0057] FIG. 2 illustrates a visualization of the computation
of a single probability distribution. As illustrated in FIG. 2,
the state transition probabilities pij may indicate how likely
it is that the occupancy state ®j at a present point in time t
occurs if the occupancy state wi was present at a previous
point in time t-1.

[0058] The transition probabilities form a transition matrix
P of size I1QIxIQI, wherein each row i is the multinomial of
the next state given that the current state is 1. Similarly, the
observation emission probabilities form an observation
matrix Q of size IQIxIOI, wherein each row 1 is a multino-
mial distribution over the observations, given the occupancy
state.

[0059] Together b0, P and Q may form the model of the
HMM.

[0060] Forward calculation of a j-th occupancy state prob-
ability at(j) may be done in each operation by the formula:

1

@)= ) a1 pi b))

i=1

[0061] FIG. 2 illustrates a visualization of the computation
of a single probability distribution 200. The computation
may be performed by a computer-implemented method for
occupancy state detection in an area for a pre-determined
point in time t. The following operations carried out by
computer hardware components: determining a probability
distribution at—1(1) 204, at—1(2) 206, at—1(3) 208 till
at=1(N) 210 over a list of possible occupancy states of the
area at a previous point in time t-1; determining measure-
ment data (e.g., observation) ot 212 related to the area at the
pre-determined point in time t; and determining a probability
distribution At(j) 202 over the list of possible occupancy
states of the area at the pre-determined point in time t based
on the measurement data ot 212 and the probability distri-
bution at—1(1) 204, at—1(2) 206, at—1(3) 208 till ot—1(N)
210 over the list of possible occupancy states of the area at
the previous point in time.

[0062] For example: the j-th probability distribution oit(j)
202 at a pre-determined point in time t may be calculated by
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summing up all previous probability distributions ot—1(1)
204, at—1(2) 206, ot—1(3) 208 till oet—1(N) 210 in a previous
point in time t-1, weighted by their state transition prob-
abilities plj 214, p2j 216, p3j 218 and pNj 220 and further
multiplied by the observation emission probability bj(ot)
222, wherein ot 212 is the observation at the pre-determined
point in time t.

[0063] The area may be represented by a cell, wherein the
plurality of cells may represent the occupancy grid. Each of
the plurality of cells from the occupancy grid may be treated
as a separate system. The operations of the method described
above may be performed in each of the plurality of cells
from the occupancy grid. Each of the plurality of cells from
the occupancy grid may be observed by a radar sensor or a
LIDAR sensor.

[0064] If the list of possible occupancy states £ is finite
and defined for example as Q={S, D, F, SD, SF, DF, SDF},
then the possible transitions between occupancy states may
be presented graphically in form of a graph. FIG. 3 illus-
trates a state transition graph 300. The possible occupancy
states £ may be defined as described herein, 1.e. a static
occupancy state S, a dynamic occupancy state D, a free-
space state F, a first uncertainty state SD between the static
occupancy state S and the dynamic occupancy state D, a
second uncertainty state SF between the static occupancy
state S and the free-space state F, a third uncertainty state DF
between the dynamic occupancy state D and the free-space
state F and an unknown occupancy state SDF. The possible
occupancy states are connected by a plurality of arrows
which represents a plurality of state transition probabilities
between possibly occupancy states. Those state transition
probabilities between possibly occupancy states may be
defined as presented in the following transition matrix P:

Psos 0 0 0 0 0 0

0 ppop 0 0 0 0 0

0 0 prp O 0 o 0
P=\ps.sp pposp 0 psposp 0 0 0
psose 0 prosk 0 DSF-SF 0 0

0 ppspr propF 0 0 porspr 0

0 0 0 pspospr PsrospF PpFospr 1

[0065] The probabilities provided in the transition matrix
P can be treated as equivalent of a decay or a forgetting
factor (which may provide that without measurement data,
the knowledge of the states may decay or may be forgotten).

[0066] As shown in the formula above, the following state
transition probabilities are different from zero and defined
as: a state transition probability pS—S 302 from the static
occupancy state S into the static occupancy state S, a state
transition probability pS—SD 304 from the static occupancy
state S into the first uncertainty state SD between the static
occupancy state S and the dynamic occupancy state D, a
state transition probability pS—SF 306 from the static
occupancy state S into the second uncertainty state SF
between the static occupancy state S and the free-space state
F, a state transition probability pD—D 308 from the
dynamic occupancy state D into the dynamic occupancy
state D, a state transition probability pD—SD 310 from the
dynamic occupancy state D into the first uncertainty state
SD between the static occupancy state S and the dynamic
occupancy state D, a state transition probability pD—DF
312 from the dynamic occupancy state D into the third
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uncertainty state DF between the dynamic occupancy state
D and the free-space state F, a state transition probability
pF—F 314 from the free-space state F into the free-space
state F, a state transition probability pF—SF 316 from the
free-space state F into the second uncertainty state SF
between the static occupancy state S and the free-space state
F, a state transition probability pF—DF 318 from the free-
space state F into the third uncertainty state DF between the
dynamic occupancy state D and the free-space state F, a state
transition probability pSD—SD 320 from the first uncer-
tainty state SD between the static occupancy state S and the
dynamic occupancy state D into the first uncertainty state
SD between the static occupancy state S and the dynamic
occupancy state D, a state transition probability pSD—SDF
322 from the first uncertainty state SD between the static
occupancy state S and the dynamic occupancy state D into
the unknown occupancy state SDF, a state transition prob-
ability pSF—SF 324 from the second uncertainty state SF
between the static occupancy state S and the free-space state
F into the second uncertainty state SF between the static
occupancy state S and the free-space state F, a state transi-
tion probability pPSF—>SDF 326 from the second uncertainty
state SF between the static occupancy state S and the
free-space state F into the unknown occupancy state SDF, a
state transition probability pDF—DF 328 from the third
uncertainty state DF between the dynamic occupancy state
D and the free-space state F into third uncertainty state DF
between the dynamic occupancy state D and the free-space
state F, a state transition probability pDF—SDF 330 from
the third uncertainty state DF between the dynamic occu-
pancy state D and the free-space state F into the unknown
occupancy state SDF and a state transition probability
pSDF—SDF 332 from the unknown occupancy state SDF
into the unknown occupancy state SDF, wherein the state
transition probability pSDF—SDF 332 is equal to 1. All
other entries are zero, i.e. the state transition probability is
zero, so there is no state transition probability between the
corresponding states.

[0067] For all of the described state transition probabilities
which may be different from zero, the following conditions
are met:

ZpSﬁi =1, ZpDﬁi =1, ZPFM =1

e e e
Zpspﬂ =1, Zps%i =1 ZPDFai =1
iefl e =9

[0068] If these conditions are met, then it can be shown
that after an infinite number of operations without measure-
ment update, the unknown occupancy state SDF may be
reached, which is a desired behavior. For example, after an
infinite number of iterations (number of iterations n—e) in
which only the transition matrix P is applied without mea-
surement update, all state transition probabilities concentrate
in the unknown occupancy state SDF. In yet other words, in
the “infinite power” of the transition matrix P, the state
transition probabilities from any occupancy state to the
unknown occupancy state SDF is 1 and all other state
transition probabilities are set to 0:

Dec. 1, 2022

lim p* =

00

— o © o O o <
— o © o O o <
— o © o O o <
— o © o O o <
— o © o O o <
— o © o O o <
— o © o O o <

[0069] The transition matrix P may be dependent of an
estimated velocity v of an object in the area (P=P(v)) if it is
calculated. Such parametrization may provide a better occu-
pancy state prediction of the area.

[0070] Radar sensors and LIDAR sensors may have dif-
ferent characteristics of possible information available for
detection, which may lead to different observation sets for
radar sensors and LIDAR sensors. The set of observations
for a radar sensor may be defined as Oradar={S, D, SD, F}
and the set of observations for a LIDAR sensor may be
defined as OLIDAR={SD, F}, wherein the abbreviations
have the same meaning as described herein, ie. a static
occupancy state S, a dynamic occupancy state D, a free-
space state F and a first uncertainty state SD between the
static occupancy state S and the dynamic occupancy state D.
[0071] This may mean that based on LIDAR sensors only
an uncertainty information between a static occupancy and
a dynamic occupancy or a free-space information (in ray-
casting mode) may be deduced, without a discrimination
between a static occupancy state S and a dynamic occupancy
state D. Ray-casting mode may be an inverse sensor model
calibration, which may model not only an area of occupancy,
but also a free-space between the areas of occupancy. In this
mode free-space is modelled in cells under ray between
sensor origin and detection. The inverse sensor model
enables to estimate occupied and empty regions, given
sensor measurements. Based on radar sensors detection,
information about a static occupancy information and a
dynamic occupancy information may be extracted, if detec-
tion can be classified as dynamic or static. Otherwise only an
uncertainty information between a static occupancy and a
dynamic occupancy or a free-space information (in ray-
casting mode) may be obtained from detection. For the
method described herein, there may not be used a pre-
filtering of the sensor information. For example, the method
described herein may work even without pre-filtering of the
sensor information.

[0072] For each sensor, i.e. for radar sensors and for
LIDAR sensors, an observation matrix Qradar and an obser-
vation matrix QLIDAR may be defined. The observation
emission probability q added to each entry of the observa-
tion matrix Qradar may be dependent on a distance r from
detection to the radar sensor, same as “classic” inverse
sensor model (ISM), and a detection range rate t. Based on
these values, a discrimination between a static occupancy
state S and a dynamic occupancy state D can be done:

qs-s D=8 qsp-s  qF-s
4s-p  49p-p  4sp-p  4F-D
qs-F  4p-F  4sD-F  4FoF
Oradar(Fs 1) =| g855D  qDoSD GSD>SD GF-SD
qs-SF  4D-SF GSD-SF 4F-SF
4s-DF 4D-DF 4SD-DF 4F-DF
q4s-SDF  4D-SDF  {qSD-SDF  4F-SDF
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[0073] The observation matrix QLIDAR may be depen-
dent on the distance r from the LIDAR sensor:

qsp-s qr-s
q4sp-p  4F-D
qsp-~F  qF-F
OLipar(r) = gsp-sp  4rosp
qsp-SF qF-SF
qsp-pF  qF-DF
4SD-SDF  4F-5DF

[0074] FIG. 4 illustrates a method for occupancy state
detection according to various implementations. As illus-
trated, a flow diagram 400 depicts a method for occupancy
state detection according to various implementations. At
402, a probability distribution over a list of possible occu-
pancy states of the area at a previous point in time may be
determined. At 404, measurement data related to the area at
the pre-determined point in time may be determined. At 406,
a probability distribution over the list of possible occupancy
states of the area at the pre-determined point in time may be
determined, based on the measurement data and the prob-
ability distribution over the list of possible occupancy states
of the area at the previous point in time wherein the list of
possible occupancy states comprises: a static occupancy
state S, a dynamic occupancy state D, a free-space state F,
a first uncertainty state SD between the static occupancy
state S and the dynamic occupancy state D, a second
uncertainty state SF between the static occupancy state S
and the free-space state F, a third uncertainty state DF
between the dynamic occupancy state D and the free-space
state F, and an unknown occupancy state SDF.

[0075] According to various implementations, the prob-
ability distribution over the list of possible occupancy states
of the area at the previous point in time comprises a
pre-determined initial state distribution over the list of
possible occupancy states of the area.

[0076] According to various implementations, the initial
state distribution over the list of possible occupancy states of
the area comprises an equal distribution over the list of
possible occupancy states of the area.

[0077] According to various implementations, the prob-
ability distribution over the list of possible occupancy states
of the area at the previous point in time is determined based
on measurement data related to the area at the previous point
in time and a probability distribution over the list of possible
occupancy states of the area at a further point in time
preceding the previous point in time.

[0078] According to various implementations, the prob-
ability distribution over the list of possible occupancy states
of the area at the pre-determined point in time is determined
further based on a transition matrix comprising a plurality of
state transition probabilities between possibly occupancy
states.

[0079] According to various implementations, the follow-
ing state transition probabilities are different from zero: a
state transition probability 302 from the static occupancy
state S into the static occupancy state S; a state transition
probability 304 from the static occupancy state S into the
first uncertainty state SD between the static occupancy state
S and the dynamic occupancy state D; a state transition
probability 306 from the static occupancy state S into the
second uncertainty state SF between the static occupancy
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state S and the free-space state F; a state transition prob-
ability 308 from the dynamic occupancy state D into the
dynamic occupancy state D; a state transition probability
310 from the dynamic occupancy state D into the first
uncertainty state SD between the static occupancy state S
and the dynamic occupancy state D; a state transition
probability 312 from the dynamic occupancy state D into the
third uncertainty state DF between the dynamic occupancy
state D and the free-space state F; a state transition prob-
ability 314 from the free-space state F into the free-space
state F; a state transition probability 316 from the free-space
state F into the second uncertainty state SF between the
static occupancy state S and the free-space state F; a state
transition probability 318 from the free-space state F into the
third uncertainty state DF between the dynamic occupancy
state D and the free-space state F; a state transition prob-
ability 320 from the first uncertainty state SD between the
static occupancy state S and the dynamic occupancy state D
into the first uncertainty state SD between the static occu-
pancy state S and the dynamic occupancy state D; a state
transition probability 322 from the first uncertainty state SD
between the static occupancy state S and the dynamic
occupancy state D into the unknown occupancy state SDF;
astate transition probability 324 from the second uncertainty
state SF between the static occupancy state S and the
free-space state F into the second uncertainty state SF
between the static occupancy state S and the free-space state
F; a state transition probability 326 from the second uncer-
tainty state SF between the static occupancy state S and the
free-space state F into the unknown occupancy state SDF; a
state transition probability 328 from the third uncertainty
state DF between the dynamic occupancy state D and the
free-space state F into third uncertainty state DF between the
dynamic occupancy state D and the free-space state F; a state
transition probability 330 from the third uncertainty state DF
between the dynamic occupancy state D and the free-space
state F into the unknown occupancy state SDF; a state
transition probability 332 from the unknown occupancy
state SDF into the unknown occupancy state SDF is equal to
1.

[0080] According to various implementations, the transi-
tion matrix is dependent of an estimated velocity of an object
in the area.

[0081] According to various implementations, the prob-
ability distribution over the list of possible occupancy states
of the area at the pre-determined point in time is determined
further based on an observation matrix comprising obser-
vation emission probabilities.

[0082] According to various implementations, the area
comprises a cell of an occupancy grid, the occupancy grid
comprising a plurality of further cells.

[0083] According to various implementations, the mea-
surement data is determined based on a LIDAR sensor and
the measurement data comprises an uncertainty information
between a static occupancy and a dynamic occupancy or a
free-space information.

[0084] According to various implementations, the mea-
surement data is determined based on a radar sensor and the
measurement data comprises a static occupancy informa-
tion, a dynamic occupancy information, an uncertainty
information between a static occupancy and a dynamic
occupancy, or a free-space information.
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[0085] According to various implementations, the obser-
vation matrix is dependent on at least one of a detection
range rate from the radar sensor and a distance from the
radar sensor.
[0086] Each of the operations 402, 404, 406, and the
further operations described above may be performed by
computer hardware components. With the methods and
systems as described herein, occupancy state detection may
be provided.
[0087] FIG. 5 illustrates a computer system 500 with a
plurality of computer hardware components configured to
carry out operations of a computer-implemented method for
occupancy state detection according to various implemen-
tations. The computer system 500 may include a processor
502, a memory 504, and a non-transitory data storage 506.
A camera 508 and/or a distance sensor 510 (for example a
radar sensor or a LIDAR sensor) may be provided as part of
the computer system 500 (like illustrated in FIG. 5), or may
be provided external to the computer system 500.
[0088] The processor 502 may carry out instructions pro-
vided in the memory 504. The non-transitory data storage
506 may store a computer program, including the instruc-
tions that may be transferred to the memory 504 and then
executed by the processor 502. The camera 508 and/or the
distance sensor 510 may be used to determine measurement
data, for example measurement data related to the area at the
pre-determined point in time as described herein.
[0089] The processor 502, the memory 504, and the non-
transitory data storage 506 may be coupled with each other,
e.g., via an electrical connection 512, such as e.g., a cable or
a computer bus or via any other suitable electrical connec-
tion to exchange electrical signals. The camera 508 and/or
the distance sensor 510 may be coupled to the computer
system 500, for example via an external interface, or may be
provided as parts of the computer system (e.g., internal to
the computer system, for example coupled via the electrical
connection 512).
[0090] The terms “coupling” or “connection” are intended
to include a direct “coupling” (for example via a physical
link) or direct “connection” as well as an indirect “coupling”
or indirect “connection” (for example via a logical link),
respectively.
[0091] It may be understood that what has been described
for one of the methods above may analogously hold true for
the computer system 500.
What is claimed is:
1. A method comprising:
determining a probability distribution over a list of pos-
sible occupancy states (S, D, F, SD, SF, DF, SDF) of an
area at a previous point in time, the area comprising a
cell of an occupancy grid that comprises a plurality of
further cells, and the list of possible occupancy states
(S, D, F, SD, SF, DF, SDF) comprising:
a static occupancy state (S), a dynamic occupancy state
(D), a free-space state (F), a first uncertainty state
(SD) between the static occupancy state (S) and the
dynamic occupancy state (D), a second uncertainty
state (SF) between the static occupancy state (S) and
the free-space state (F), a third uncertainty state (DF)
between the dynamic occupancy state (D) and the
free-space state (F), and an unknown occupancy
state (SDF);
determining measurement data related to the area at a
pre-determined point in time using a sensor; and
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determining a probability distribution over the list of
possible occupancy states (S, D, F, SD, SF, DF, SDF)
of the area at the pre-determined point in time based on
the measurement data and the probability distribution
over the list of possible occupancy states (S, D, F, SD,
SF, DF, SDF) of the area at the previous point in time.

2. The method as described in claim 1, wherein the
probability distribution over the list of possible occupancy
states (S, D, F, SD, SF, DF, SDF) of the area at the previous
point in time comprises a pre-determined initial state distri-
bution over the list of possible occupancy states (S, D, F, SD,
SF, DF, SDF) of the area.

3. The method as described in claim 2, wherein the initial
state distribution over the list of possible occupancy states
(S, D, F, SD, SF, DF, SDF) of the area comprises an equal
distribution over the list of possible occupancy states (S, D,
F, SD, SF, DF, SDF) of the area.

4. The method as described in claim 1, wherein the
probability distribution over the list of possible occupancy
states (S, D, F, SD, SF, DF, SDF) of the area at the previous
point in time is determined based on measurement data
related to the area at the previous point in time and a
probability distribution over the list of possible occupancy
states (S, D, F, SD, SF, DF, SDF) of the area at a further point
in time preceding the previous point in time.

5. The method as described in claim 1, wherein the
probability distribution over the list of possible occupancy
states (S, D, F, SD, SF, DE, SDF) of the area at the
pre-determined point in time is determined further based on
a transition matrix comprising a plurality of state transition
probabilities between possibly occupancy states (S, D, F,
SD, SF, DF, SDF).

6. The method as described in claim 5, wherein the
following state transition probabilities are different from
Zero:

a state transition probability from the static occupancy

state (S) into the static occupancy state (S);

a state transition probability from the static occupancy
state (S) into the first uncertainty state (SD) between
the static occupancy state (S) and the dynamic occu-
pancy state (D);

a state transition probability from the static occupancy
state (S) into the second uncertainty state (SF) between
the static occupancy state (S) and the free-space state
();

a state transition probability from the dynamic occupancy
state (D) into the dynamic occupancy state (D);

a state transition probability from the dynamic occupancy
state (D) into the first uncertainty state (SD) between
the static occupancy state (S) and the dynamic occu-
pancy state (D);

a state transition probability from the dynamic occupancy
state (D) into the third uncertainty state (DF) between
the dynamic occupancy state (D) and the free-space
state (F);

a state transition probability from the free-space state (F)
into the free-space state (F);

a state transition probability from the free-space state (F)
into the second uncertainty state (SF) between the static
occupancy state (S) and the free-space state (F):

a state transition probability from the free-space state (F)
into the third uncertainty state (DF) between the
dynamic occupancy state (D) and the free-space state

@
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a state transition probability from the first uncertainty
state (SD) between the static occupancy state (S) and
the dynamic occupancy state (D) into the first uncer-
tainty state (SD) between the static occupancy state (S)
and the dynamic occupancy state (D);

a state transition probability from the first uncertainty
state (SD) between the static occupancy state (S) and
the dynamic occupancy state (D) into the unknown
occupancy state (SDF);

a state transition probability from the second uncertainty
state (SF) between the static occupancy state (S) and
the free-space state (F) into the second uncertainty state
(SF) between the static occupancy state (S) and the
free-space state (F);

a state transition probability from the second uncertainty
state (SF) between the static occupancy state (S) and
the free-space state (F) into the unknown occupancy
state (SDF);

a state transition probability from the third uncertainty
state (DF) between the dynamic occupancy state (D)
and the free-space state (F) into third uncertainty state
(DF) between the dynamic occupancy state (D) and the
free-space state (F);

a state transition probability from the third uncertainty
state (DF) between the dynamic occupancy state (D)
and the free-space state (F) into the unknown occu-
pancy state (SDF); and

a state transition probability from the unknown occupancy
state (SDF) into the unknown occupancy state (SDF) is
equal to 1.

7. The method as described in claim 5 wherein the
transition matrix is dependent of an estimated velocity of an
object in the area.

8. The method as described in claim 1, wherein the
probability distribution over the list of possible occupancy
states (S, D, F, SD, SF, DF, SDF) of the area at the
pre-determined point in time is determined further based on
an observation matrix comprising observation emission
probabilities.

9. The method as described in claim 1, wherein the
measurement data is determined based on a radar sensor and
the measurement data comprises at least one of a static
occupancy information, a dynamic occupancy information,
an uncertainty information between a static occupancy and
a dynamic occupancy, or a free-space information.

10. The method as described in claim 1, wherein the
observation matrix is dependent on at least one of a detection
range rate from the radar sensor or a distance from the radar
sensor.

11. The method as described in claim 1, wherein the
measurement data is determined based on a light detection
and ranging (LIDAR) sensor and the measurement data
comprises an uncertainty information between a static occu-
pancy and a dynamic occupancy, or a free-space informa-
tion.

12. A system comprising:

one or more processors; and

a memory coupled to the one or more processors, the
memory storing one or more programs configured to be
executed by the one or more processors, the one or
more programs including instructions that, when
executed by the one or more processors, cause the one
Or more processors to:

Dec. 1, 2022

determine a probability distribution over a list of pos-
sible occupancy states (S, D, F, SD, SF, DF, SDF) of
an area at a previous point in time, the area com-

prising a cell of an occupancy grid that comprises a

plurality of further cells, and the list of possible
occupancy states (S, D, F, SD, SF, DF, SDF) com-
prises:

a static occupancy state (S), a dynamic occupancy
state (D), a free-space state (F), a first uncertainty
state (SD) between the static occupancy state (S)
and the dynamic occupancy state (D), a second
uncertainty state (SF) between the static occu-
pancy state (S) and the free-space state (F), a third
uncertainty state (DF) between the dynamic occu-
pancy state (D) and the free-space state (F), and an
unknown occupancy state (SDF),

determine measurement data related to the area at a
pre-determined point in time using a sensor; and

determine a probability distribution over the list of
possible occupancy states (S, D, F, SD, SF, DF,
SDF) of the area at the pre-determined point in
time based on the measurement data and the
probability distribution over the list of possible
occupancy states (S, D, F, SD, SF, DF, SDF) of the
area at the previous point in time.

13. The system as described in claim 12, further com-
prising a sensor, the sensor comprising at least one of a light
detection and ranging (LIDAR) sensor or a radar sensor.

14. The system as described in claim 13, wherein the
system and the sensor are integrated in a vehicle.

15. A non-transitory computer-readable storage medium
storing one or more programs comprising instructions,
which when executed by a processor, cause the processor to
perform operations including:

determining a probability distribution over a list of pos-

sible occupancy states (S, D, F, SD, SF, DF, SDF) of an

area at a previous point in time, the area comprising a

cell of an occupancy grid that comprises a plurality of
further cells, and the list of possible occupancy states

(S, D. F, SD, SF, DF, SDF) comprises:

a static occupancy state (S), a dynamic occupancy state
(D), a free-space state (F), a first uncertainty state
(SD) between the static occupancy state (S) and the
dynamic occupancy state (D), a second uncertainty
state (SF) between the static occupancy state (S) and
the free-space state (F), a third uncertainty state (DF)
between the dynamic occupancy state (D) and the
free-space state (F), and an unknown occupancy
state (SDF);

determining measurement data related to the area at a

pre-determined point in time using a sensor; and

determining a probability distribution over the list of
possible occupancy states (S, D, F, SD, SE, DF, SDF)
of the area at the pre-determined point in time based on
the measurement data and the probability distribution
over the list of possible occupancy states (S, D, F, SD,

SF, DF, SDF) of the area at the previous point in time.

16. The non-transitory computer-readable storage
medium of claim 15, wherein the probability distribution
over the list of possible occupancy states (S, D, F, SD, SE,
DF, SDF) of the area at the previous point in time comprises
a pre-determined initial state distribution over the list of
possible occupancy states (S, D, F, SD, SF, DF, SDF) of the
area.
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17. The non-transitory computer-readable storage
medium of claim 16, wherein the initial state distribution
over the list of possible occupancy states (S, D, F, SD, SF,
DF, SDF) of the area comprises an equal distribution over
the list of possible occupancy states (S, D, F, SD, SF, DF,
SDF) of the area.

18. The non-transitory computer-readable storage
medium of claim 15, wherein the probability distribution
over the list of possible occupancy states (S, D, F, SD, SF,
DF, SDF) of the area at the previous point in time is
determined based on measurement data related to the area at
the previous point in time and a probability distribution over
the list of possible occupancy states (S, D, F, SD, SF, DF,
SDF) of the area at a further point in time preceding the
previous point in time.

19. The non-transitory computer-readable storage
medium of claim 15, wherein the probability distribution
over the list of possible occupancy states (S, D, F, SD, SF,
DF, SDF) of the area at the pre-determined point in time is
determined further based on a transition matrix comprising
a plurality of state transition probabilities between possibly
occupancy states (S, D, F, SD, SF, DF, SDF).

20. The non-transitory computer-readable storage
medium of claim 19, wherein the transition matrix is depen-
dent of an estimated velocity of an object in the area.
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