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(54) APPARATUS AND METHOD FOR ESTIMATING A PHYSICAL STATE OF A MOVABLE OBJECT

(57) An apparatus for estimating a physical state of
a movable object comprises a processor receiving or de-
termining a probability mass function including probabil-
ities for each of a first group of at least two movement
classes, wherein the movement models of the first group
being determined using sensor data from the inertial
measurement unit. The processor receives at least one
additional probability mass function associated with a
second group of at least two movement classes, wherein
the additional probability mass function has been ob-
tained using additional information different from the sen-
sor data. The processor combines the probability mass
function and the at least one additional probability mass
function to obtain a combined probability mass function
over the movement classes of the first group and the
second group, selects a movement class having the high-
est probability from the combined probability mass func-
tion, and estimates the physical state of the movable ob-
ject using a movement model of the selected movement
class. Each movement class is either a movement state
or a movement model.
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Description

[0001] The present disclosure relates to apparatuses
and methods for estimating a physical state of a movable
object.
[0002] In the context of modern mobile radio stand-
ards, classification and transmission of movement states
play an important role. Generally, it is known to perform
classification of movement states by evaluating sensor
data obtained from an inertial measurement unit (IMU),
for example. Examples of movement states are pedes-
trian specific movement states such as walking, jogging,
running or sprinting, and vehicle specific movement
states, such as driving or standing in a traffic jam. Gen-
erally, a movement state defines the state in which a
movable object is. After classifying the movement state,
a movement model associated with the movement state
may be selected. The movement model is modelling the
behavior of the sensor data, from which the movement
state is classified, in the respective movement state. Us-
ing the movement model and the sensor data obtained
from the IMU, a physical state of a movable object, such
as a mobile phone, may be estimated using the sensor
data and the selected movement model.
[0003] It is the object underlying the present disclosure
to provide apparatuses and methods, which permit esti-
mating a physical state of a movable object with improved
reliability.
[0004] This object is achieved by apparatuses accord-
ing to claims 1 and 5 and methods according to claims
13 and 17.
[0005] Further developments of the present disclosure
are defined in the dependent claims.
[0006] Examples of the present disclosure provide an
apparatus for estimating a physical state of a movable
object, comprising a processor. The processor is config-
ured to receive or determine a probability mass function
including probabilities for each of a first group of at least
two movement classes, wherein the movement classes
of the first group being determined using sensor data
from the inertial measurement unit, and to receive at least
one additional probability mass function associated with
a second group of at least two movement classes, where-
in the additional probability mass function has been ob-
tained using additional information different from the sen-
sor data. The processor is configured to combine the
probability mass function and the additional probability
mass function to obtain a combined probability mass
function over the movement classes of the first group and
the second group. The processor is further configured to
select a movement class having the highest probability
from the combined probability mass function, and to es-
timate the physical state of the movable object using a
movement model of the selected movement class.
[0007] Examples of the present disclosure provide a
method for estimating a physical state of a movable ob-
ject, the movable object comprising an inertial measure-
ment unit, the method comprising: receiving a probability

mass function including probabilities for each of a first
group of at least two movement classes, wherein the
movement classes of the first group being determined
using sensor data from the inertial measurement unit;
receiving at least one additional probability mass function
associated with a second group of at least two movement
classes, wherein the additional probability mass function
has been obtained using additional information different
from the sensor data; combining the probability mass
function and the additional probability mass function to
obtain a combined probability mass function over the
movement classes of the first group and the second
group; selecting a movement class having the highest
probability from the combined probability mass function;
and estimating the physical state of the movable object
using a movement model of the selected movement
class.
[0008] Thus, in examples of the present disclosure, in-
formation from additional information sources that may
be present in a linked system and that may give a hint to
a physical state, such as a movement state, of a movable
object, may be used in order to select a movement model
to be used in estimating the physical state of the movable
object, such as a mobile phone.
[0009] Examples of the present disclosure provide an
apparatus for estimating a physical state of a movable
object, comprising a processor which is configured to re-
ceive at least one probability mass function comprising
probabilities associated with a group of at least two move-
ment classes, wherein the probability mass function is
based on information from an information source, and to
receive a quality measure for the probability mass func-
tion, the quality measure indicating a quality of the infor-
mation source. The processor is configured to select a
movement class having the highest probability from the
at least one probability mass function, and to estimate
the physical state of the movable object using a move-
ment model of the selected movement class and the re-
ceived quality measure.
[0010] Examples of the present disclosure provide a
method for estimating a physical state of a movable ob-
ject, the method comprising: receiving at least one prob-
ability mass function comprising probabilities associated
with a group of at least two movement classes, wherein
the probability mass function is based on information
from an information source; selecting a movement class
having the highest probability from the at least one prob-
ability mass function; receiving a quality measure for the
probability mass function, the quality measure indicating
a quality of the information source; and estimating the
physical state of the movable object using a movement
model associated with the selected movement class and
the received quality measure.
[0011] Thus, in examples of the present disclosure an
additional quality measure is used in estimating the phys-
ical state of the movable object, such that it is possible
to reliably estimate the physical state with a low variance
if the quality measure indicates a high quality, while the
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physical state is estimated with a higher variance if the
quality measure indicates a low quality. Thus, examples
of the present disclosure permit outputting the physical
state with an accuracy which depends on the quality
measure.
[0012] Each movement class may either be a move-
ment state or a movement model. In other words, in ex-
amples, each movement class is a movement state which
has associated therewith one or more movement models,
wherein the movement model or one of the movement
models associated with the movement state is used in
estimating the physical state of the movable object. In
other examples, each movement state is the movement
model used in estimating the physical state of the mov-
able object itself, such as if there is a one to one corre-
spondence between movement states and movement
models.
[0013] Embodiments of the present invention are now
described in further detail with reference to the accom-
panying drawings, in which:

Fig. 1 shows a schematic view of an apparatus ac-
cording to an example of the present disclo-
sure;

Fig. 2 shows a schematic view of an apparatus ac-
cording to an example of the present disclo-
sure;

Fig.3 shows a schematic diagram of an apparatus
according to an example of the present dis-
closure;

Fig.4 shows a schematic flow chart of a method ac-
cording to an example of the present disclo-
sure;

Fig. 5 shows a schematic flow chart of a method ac-
cording to another example of the present dis-
closure;

Fig. 6 shows a schematic diagram for explaining an
example for associating measured data to one
of more movement models;

Fig. 7 shows an exemplary 3-axis accelerometer
measurement of a walking pedestrian;

Fig. 8 shows a positioning result using classical in-
ertial navigation;

Fig. 9 shows an enlarged view of a portion of the
exemplary sensor data of Fig. 7 revealing pe-
riodic peaks corresponding to the steps of the
pedestrian, with an exemplary one marked by
a black square;

Fig. 10 shows an example of a positioning result using

a movement model based approach; and

Fig. 11 shows an exemplary movement state classi-
fication using accelerometer data.

[0014] In the following, preferred embodiments of the
present invention are described in further detail with ref-
erence to the enclosed drawings in which elements hav-
ing the same or similar function are referenced by the
same reference signs.
[0015] Examples of the present disclosure may be pro-
vided in a mobile radio system, such as 3GPP systems,
for example LTE systems or 5G systems, in order to im-
prove localization of a mobile object using movement
models. Beside sensor data captured by the mobile ob-
ject, such as IMU data, additional information sources
may be involved in the classification of movement states,
i.e. the allocation of the captured data to one or more
movement states.
[0016] Generally, movement states and movement
models are known in the art. Movement states describe
states which the mobile object is in. For example, possi-
ble movement states are pedestrian specific movement
states, such as creeping, walking, running or sprinting,
and vehicle specific movement states, such as driving or
standing in a traffic jam. Each movement state may have
associated therewith one movement model or several
movement models. A movement model is modelling the
behavior of the sensor data or other information, from
which the movement state is classified, in the respective
movement state. Using such movement models in addi-
tion to sensor data captured by the movable object may
improve the accuracy and reliability of the estimation of
a physical state of the movable object. The physical state
of the object may be at least one of the position(s) of the
object, the orientation of the object, the moving speed of
the object, the rotary speed of the object, and the accel-
eration of the object, as well as derivations of these pa-
rameters in time. Movable objects may be any objects
that are configured to communicate within a communi-
cations network, such as a 3GPP network, for example
a LTE or a 5G network. Movable objects may be any
mobile objects that are suitable for IOT (internet of
things).
[0017] Generally, it is known how movement models
can be used in connection with the sensor data captured
by the mobile device to estimate the physical state of the
movable object. Examples of the present disclosure re-
late to an approach for improving classification of the
sensor data in a specific movement class, i.e. in a move-
ment state or a movement model.
[0018] Fig. 1 shows an apparatus 10 comprising a
processor 12. The processor 12 is configured to provide
the functionality described herein. The processor may be
implemented as a part of the movable object or may be
implemented as a separate entity, such as a location
server.
[0019] The processor 12 may be implemented in hard-
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ware using analog and/or digital circuits, in software,
through the execution of instructions by one or more gen-
eral purpose or special-purpose processors, or as a com-
bination of hardware and software. For example, embod-
iments of the present invention may be implemented in
the environment of a computer system or another
processing system. The apparatus 10 may be in the form
of a computer system including one or more processors,
like a special purpose or a general purpose digital signal
processor. The processor may be connected to a com-
munication infrastructure, like a bus or a network. The
computer system may include a main memory, e.g., a
random access memory (RAM), and a secondary mem-
ory, e.g., a hard disk drive and/or a removable storage
drive. The secondary memory may allow computer pro-
grams or other instructions to be loaded into the computer
system. The computer system may further include one
or more communications interfaces to allow software and
data to be transferred between components of the com-
puter system and between the computer system and ex-
ternal devices. The communication may be in the form
electronic, electromagnetic, optical, or other signals ca-
pable of being handled by a communications interface.
The communication may use a wire or a cable, fiber op-
tics, a phone line, a cellular phone link, an RF link and
other communications channels.
[0020] In examples, the processor 12 may receive the
respective information and data via the communications
interface.
[0021] Fig. 2 shows an apparatus 20 comprising the
processor 10 and a communications interface 14. The
apparatus further comprises a sensor unit 22, such as
an IMU. The processor 12 may receive sensor data form
the sensor unit 22 and may determine a probability mass
function including probabilities for each of a first group
of at least two movement classes from the sensor data.
Alternatively, the processor may receive the probability
mass function via the communications interface 14. The
processor 12 may further receive at least one additional
probability mass function associated with a second group
of at least two movement classes via the communications
interface 14.
[0022] The processor 12 combines the probability
mass function which is based on the sensor data and the
additional probability mass function to obtain a combined
probability mass function. The processor 10 selects a
movement class having the highest probability from the
combined probability mass function and estimates the
physical state of the movable object using movement
model of the selected movement class. If the movement
class is a movement state, a movement model associat-
ed with the movement state will be selected. Otherwise,
the movement class already indicates the movement
model to be used.
[0023] Examples of the present disclosure provide a
fusion or combination of probability mass functions as-
sociated with different information. As it is described
herein, different types of information, which may stem

from different components (information sources) within
a linked system, such as an IOT system, may be used
in estimating a physical state of a movable object. Ex-
amples of the present disclosure provide an information
fusion approach so that the best possible information
about the physical state (movement state) may be avail-
able to all members of the linked system.
[0024] Examples of the present disclosure provide a
system comprising an apparatus as described herein and
at least one information source, wherein the at least one
information source is configured to transmit a probability
mass function associated with the information source to
the apparatus, such as over a radio communication link.
Fig. 2 schematically shows an information source 24 cou-
pled to the apparatus 20 via a radio communication link
26. In examples, a plurality of information sources may
be coupled to the apparatus via respective radio com-
munication links. Each information source may transmit
the associated probability mass function to the appara-
tus.
[0025] The apparatus may be implemented in the user
equipment associated with the movable object, such as
a mobile phone, or may be implemented as a separate
entity, such as a location server. When implemented in
the movable object, the apparatus may determine the
probability mass function based on sensor data captured
by the mobile object and may receive the additional prob-
ability mass function via a radio communication link.
When implemented as a separate entity, the apparatus
may receive all probability mass functions via a radio
communication link.
[0026] Fig. 3 shows a schematic view for explaining
examples of the inventive approach and different types
of information and the relation thereof with respect to the
physical state of the movable object will be explained.
[0027] Different types of information, which may stem
from different components of a linked system, are shown
in Fig. 3. The most important information is shown in block
30 and concerns IMU sensor data, such as three-dimen-
sional IMU sensor data. Optionally, the information may
include additional information, such as information stem-
ming from a magnetometer, a barometer, a temperature
sensor, a microphone, a GPS receiver, a wireless local
area network receiver, and a Bluetooth receiver. The in-
formation 30 stems from sensors or devices on the mov-
able object itself and, therefore, is captured by the mov-
able object itself.
[0028] Data 32 representing the information 30 are pro-
vided and feature extraction and movement classification
takes place in a block 34. Different approaches for feature
extraction and classification are known. The result is a
group of movement classes (MIDs) best fitting to the fea-
tures extracted from data 32. Each selected movement
class is provided with a probability and a probability mass
function (PMF) over the selected movement classes is
determined, block 36. The probability associated with
each class may depend on the conformity between the
extracted features and the respective movement class.

5 6 



EP 3 527 942 A1

5

5

10

15

20

25

30

35

40

45

50

55

[0029] Block 40 shows represents another type of in-
formation relating to the identity of the mobile object,
which may also be referred to as a user equipment (UE).
Three detail ranks are shown in block 40, i.e. UE type,
UE ID and Individual UE ID. Data 42 relating to the infor-
mation 40 are provided and an extraction of fitting move-
ment classes (MIDs) 44 takes place. In extracting fitting
movement classes, an optional weighting may take
place. A probability is associated with each MID and a
corresponding PMF over the MIDs is provided, block 46.
[0030] The most general rank of the information 40 is
the UE type indicating the type of the object, such as a
car or a mobile phone. The type of the object may limit
the movement state with which the object moves or is
moved hardly. For example, a car may not move like a
pedestrian so that pedestrian specific models, such as
walking, jogging, etc., may be excluded from the begin-
ning and need not be evaluated. Such a limitation may
result in a group of possible movement classes which
may be weighted according to the expected occurrence
probability (a-priori probability). For example, a mobile
phone will be carried by a pedestrian walking on a street
more often than by a pedestrian located on a ship.
[0031] A more specific information is the UE ID in block
40. The UE ID is used in this context to refer to a specific
device, rather than the individual device. An example
would be the ID of a specific UE type radio module used
in all cars of a specific type, such as an Audi® A8, con-
struction year 2017 with a specific configuration. This ID
may give additional information on the quality to be ex-
pected for the movement state classification (since infor-
mation of the number and quality of the sensors of the
device are available when knowing his ID).
[0032] The most specific information in in block 40 is
the ID identifying an individual device (UE). Such an ID
may be assigned to the UE or may be an existing ID,
such as a MAC address, a serial number, a device ID or
the International mobile equipment identity (IMEI) of each
mobile device. Many objects and, thus, the information
generated by each device coupled to the object, often
move in accordance with a specific pattern. This move-
ment behavior may also be involved in the classification.
For example, if it is known that a user of mobile phone A
is jogging on a regular base, while a user of mobile phone
B is cycling frequently, a speed of 10 km/h would suggest
"jogging" in case of the user of mobile phone A and would
suggest "cycling" in case of the user of mobile phone B.
[0033] The information indicated above may be con-
sidered in the probabilities associated with the MIDs in
block 46.
[0034] Block 50 shows additional information in the
form of physical states of the object. The physical states
may be derived from sensor data obtained by sensors
on the object or from sensor data obtained by external
sensors. Data 52 indicating the physical states, such as
position and speed, are provided and a feature extraction
and classification of movement classes (movement pro-
files) takes place, block 54. A PMF over the MIDs result-

ing from the classification is provided, block 56. The in-
formation on the physical states may influence the PMF.
For example, it is unlikely that the user of a mobile phone
is on the way by foot if he moves with a speed of 50 km/h
or if is 400 m above ground.
[0035] Another type of information, i.e. logical loca-
tions, are indicated in block 60. Logical locations do not
represent an absolute position but the environment in
which the object is located. Examples for logical positions
are a highway, a city, a shopping center, a parking area,
etc.. Information on the logical location may be deter-
mined by referring to map information. The logical loca-
tion may include useful information since it may further
limit the possible moving states. For example, the user
of a mobile phone will not be moving by car if he is in a
shopping center. On the other hand, it will be likely that
the user will be moving by car if the logical location is a
highway.
[0036] Another type of information, i.e. the usual user
behavior and its history are indicated in block 70. Based
on such information, some movement classes are more
likely than others and this may be reflected in the PMF
associated with the MIDs extracted based on this infor-
mation. This type of information may be used in connec-
tion with the information in block 40 so that a UE can be
identified to use the history.
[0037] Block 80 shows a further type of information,
i.e. information from other devices in the vicinity of the
object. Information from such devices may be used to
make a context to thus support the estimation of the own
movement state. For example, in the mobile radio stand-
ards, such as the 5G standard, there is the possibility
that data are exchanged locally directly between several
devices (UEs) by means of D2D (device to device) or via
a Location Server (LS). Thus, information on how many
devices of the same type are nearby and on the actual
movement state thereof may be available. Such informa-
tion may be useful to verify specific conditions, such as
the fact that a vehicle is in a traffic jam.
[0038] As shown in Fig. 3 in blocks 62 to 66, 72 to 76
and 82 to 86, a respective PMF over the MIDs associated
with the respective information 60, 70 and 80 may be
provided in a similar manner as described above with
respect to the information in blocks 30, 40 and 50.
[0039] According to examples of the present disclo-
sure, one or more of the different types of information 40
to 80 described above referring to Fig. 3 may be used in
finding an appropriate movement class, in addition to the
information 30 stemming from one more sensors of the
object.
[0040] Each combination of blocks 30 to 36, blocks 40
to 46, blocks 50 to 56, blocks 60 to 66, blocks 70 to 76,
and 80 to 86, may be part of a respective information
source that is configured to transmit the respective PMF
to an apparatus as described herein, which is configured
to combine the received PMFs, to select a movement
class based on the combined PMF and to estimate the
physical state of the movable object using a movement
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model associated with the selected movement class.
[0041] According to examples of the present disclo-
sure, the information on the movement state is repre-
sented in a form that, on the one hand, permits weighting
of the probabilities of different movement models from
one information source and, on the other hand, permits
weighting of the information sources relative to each oth-
er. Thus, combination or fusion of the different informa-
tion sources is possible in an efficient manner, rather
than presenting a hard decision, such as UE A is moved
with movement model MID4. Thus, according to exam-
ples of the present disclosure, the possible fitting move-
ment classes are represented in the form of a PMF,
wherein a probability value pMIDi is associated with each
movement class that has been determined as a possibly
fitting movement class, wherein i represents an index of
1 to n and n is the number of possible movement classes.
As described above, the number of movement states of
a UE can typically be limited in view of the different types
of information described.
[0042] The following table shows the representation of
the PMF over the MIDs from 1 to n (for a number of n
possible movement classes, for example movement
states).

[0043] In examples, corresponding PMFs are transmit-
ted between different entities of a network. In examples,
MID1 to MIDn indicate different movement states. In ex-
amples MID1 to MIDn indicated different movement mod-
els. For example, MID1 to MIDn may indicate different
movement models in case there is a one-to-one corre-
spondence between a respective movement state and
an associated movement model.
[0044] The probability mass function itself includes a
hint as to the quality of the estimation which may stem
from the source of the information itself. The closer the
probability mass function is to a uniform distribution, the
less sure the information source is. For example, in case
of two possible movement states, the information source
would be completely unsure if a probability of 50% is
associated with both states, while the information source
would be completely sure if a probability of 100% is as-
sociated with one of the movement class and a probability
of 0% is associated with the other movement class.
[0045] By combining the probability mass functions
stemming from different information sources, and select-
ing a movement class based on the combined probability
mass function, the appropriate movement class and,
thus, movement model, can be selected with increased
reliability. The combination (or fusion) of the probability
mass functions is indicated in Fig. 3 in block 90. The
result of the combination is a combined probability mass
function 92.

MID1 MID2 ... MIDn

pMID1 pMID2 ... pMIDn

[0046] The PMFs to be combined may comprise the
same movement classes or different movement classes.
[0047] In examples, PMFs over movement classes are
transmitted between different information sources or at
least between information sources and an apparatus in
which the physical state of the movable object is estimat-
ed. In examples, the number of transmitted probabilities
of movement classes is limited, wherein the probabilities
of unlikely states, i.e. movement classes, are not trans-
mitted. In examples, PMFs over a specific number of the
most likely movement classes are transmitted only, such
as a number of three PMFs. In examples of the present
disclosure, the combination of the probability mass func-
tions is performed by calculating a weighted normalized
sum of the probability mass functions.
[0048] In examples of the present disclosure, a quality
measure indicating a quality of the information source
which the PMF stems from, may be provided for at least
one of the information sources. The quality measure may
be in the form of a weighting factor, wherein the weighting
factor is applied to all probabilities in the PMF in the same
manner. Thus, it is possible to provide an assessment of
the reliability of the information sources that is taken into
consideration in selecting the appropriate movement
class (state). Different from the PMF, the quality measure
may describe how the overall system rates the informa-
tion source. Thus, information sources which cannot con-
tribute much to the decision between different movement
states may be prevented from being weighted to high.
Generally, the PMF of an information source rated as
being more reliable should be weighted higher than an
information source rated as being less reliable.
[0049] There are multiple possibilities to represent
quality measures for states obtained by movement mod-
els and or IMU data: 1. The simplest way may be to send
a device identifier. From the type of device (e.g. specific
smartphone model), an assumption can be made in
terms of the expected quality. This option will cause the
least amount of traffic, but is probably not very accurate.
2. A better option from a sensor fusion point of view is
the calculation of a variance of the states (i.e. the expect-
ed quadratic deviation from the estimate). It may prepare
a Location Server for the fusion of multiple information
sources, but because the measure may be calculated on
the UE, it is not controllable in how this variance is cal-
culated. Some UEs could over- or underestimate their
reliability. 3. Another option is to transmit information
about the (IMU and/or additional) sensors/information
sources used in obtaining the state. The package would
contain type and quality of used sensors. If the used
movement model is also transmitted, it can give addition-
al information about the expected quality.
[0050] In an example of the present disclosure, the UE
type of the movable object concerned is transmitted to
all information sources that can generate movement
state estimates, limiting the possible movement states.
The information sources estimate the movement states
and represent their results in a PMF. The PMFs for all
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movement states may be limited to the N (e.g. 3) most
likely estimates. The PMF may be renormalized so that
the sum of all probabilities is one again. The information
source may be assigned a quality measure σi (either from
an external device, such as a location server, or by itself).
The PMFs created by the information sources may be
linked into a general (combined) PMF using a normalized
weighted sum (the PMFs corresponding to states exclud-
ed in transmission can be set to 0). Thus, for M informa-
tion sources, the combined PMF may be obtained as: 

[0051] In examples of the present disclosure, a quality
measure for a single probability mass function is received
and the physical state of the movable object is estimated
using a movement model of the movement class of the
single probability mass function, which has the highest
probability and the received quality measure. Such ex-
amples may not comprise a fusion of several PMFs. The
single probability mass function may be based on infor-
mation from an inertial measurement unit. Such exam-
ples may estimate the physical state to reveal a variance
of the physical state, wherein the variance depends on
the quality measure, wherein a larger variance is
achieved for a lower quality measure and a smaller var-
iance is achieved for higher quality measures. In such
examples, a plurality of probability mass functions may
be received, each comprising probabilities associated
with a group of at least two movement models. Each prob-
ability mass function may be based on information from
a different information source. A quality measure may be
received for one or more of the probability mass func-
tions. The probability mass functions may be combined
using the one or more quality measures such that a prob-
ability mass function having a higher quality is weighted
higher than a probability mass function having a lower
quality to obtain a combined probability mass function.
The movement class having the highest probability may
be selected from the combined probability mass function.
[0052] Examples of the present disclosure provide a
method for estimating a physical state of a movable ob-
ject having an inertial measurement unit as shown in Fig.
4. At 100, a probability mass function including probabil-
ities for each of a first group of at least two movement
classes is received, wherein the movement classes of
the first group being determined using sensor data from
the inertial measurement unit. At 102, at least one addi-
tional probability mass function associated with a second
group of at least two movement classes is received,
wherein the additional probability mass function has been
obtained using additional information different from the
sensor data. At 104, the probability mass function and
the additional probability mass function are combined to

obtain a combined probability mass function over the
movement classes of the first group and the second
group. At 106, a movement class having the highest prob-
ability is selected from the combined probability mass
function. At 108, the physical state of the movable object
is estimated using a movement model of the selected
movement class.
[0053] Other examples of the present disclosure pro-
vide a method for estimating a physical state of a movable
object as shown in Fig. 5. At 120, at least one probability
mass function comprising probabilities associated with a
group of at least two movement classes is received,
wherein the probability mass function is based on infor-
mation from an information source. At 122, a movement
class having the highest probability is selected from the
at least one probability mass function. At 124, a quality
measure for the probability mass function is received,
the quality measure indicating a quality of the information
source. At 126, the physical state of the movable object
is estimated using a movement model of the selected
movement class and the received quality measure.
[0054] A short example as to how classification could
take place based on a feature vector is now described
referring to Fig. 6. Generally, the purpose of classification
is to assign measured data, which may be in the form of
a multidimensional feature vector, to a class, i.e. a move-
ment class, such as a movement state, in the present
disclosure. For example, a Gaussian distribution may be
assigned to a class, which corresponds to an expected
distribution of the feature vectors associated with this
class. The expected distribution may be determined by
data or in any other manner. Fig. 6 shows to classes,
wherein a first class 200 and a second class 210 are
shown as clusters of spots. The Gaussian distributions
are shown as ellipses representing the 95% percentiles.
In addition, the classes are weighted with an a-priori prob-
ability indicating the probability that class is present at
all. If a feature vector, such as [3,2] indicated by a cross
220 is measured, a class Cx is associated with the feature

vector, at which the probability that the spot is generated
by this Gaussian distribution p(x\C) (that is, in the exam-
ple the value which the Gaussian distributions of classes
at the position x have) multiplied by the a-priory proba-
bility p(C) of the class is highest:

 By means of normali-

zation, the probabilities for each class may be obtained.
In Fig. 6, a separating line 230 between both classes is
shown. On this separating line both classes have the
same probability. In the direction of the respective ellipse,
the probability that the feature vector belongs to the as-
sociated class increases. Thus, in Fig. 6, the probability
that feature vector 220 belongs to class 200 is much high-
er than the probability that feature vector 220 belongs to
class 210
[0055] As will become apparent from the subsequent
considerations, the use of specific movement models for
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different navigation scenarios has been proven to be ad-
vantageous. In addition to providing valuable information
for the prediction step for navigation algorithms like
Bayes filters typically used in navigation, the movement
state itself contains valuable information, as it defines
the role of the UE (or, more precisely, the movable object
it is carried by) in a traffic scenario. These benefits will
be highlighted in the following.
[0056] The role of movement models in navigation is
to provide an estimate of a physical state, such as the
position of the tracked object that can be compared with
a measurement. As an example to show the positive ef-
fect of movement modelling, an object moving in 1-di-
mensional space is observed at a time index t, with a
previous position estimate from an earlier time step
present. The time between the time steps is τ = 1 s. At
time index t, the object has the position pt. The measure-
ment mt is the position pt but is perturbed by the noise
process nt 

[0057] In an example case, the true position pt is 2.1
m, while the noise equates to another 0.4 m, so that the
measurement mt would indicate a position of pt=2.5 m.
But information from the last time step t-1 has been cal-
culated and can be used: 

[0058] Under the assumption that the object moves
with a constant velocity in this time step (which is the
movement model in this simplified example), the follow-
ing prediction of the position can be made: 

[0059] Now, the measurement and the prediction both
carry valuable information, but the truth lies "in between".
If both sources of information are valued the same, the
estimate is: 

which is much closer to the original position.
[0060] If, however, both the measurement and the
movement model can be further described with a relia-
bility measure (which, in most cases is a variance or co-
variance matrix), the result can be further improved. For

the example these measures are converted into weights
so that the information from the prediction is assumed to
be twice as reliable as the measurement, because the
noise is rather strong and the velocity of the object is
almost constant in-between time steps. The resulting es-
timate is 

which is even closer to the true position.
[0061] This simple example shows that using a quality
measure for the probability mass function in estimating
the physical state of the movable object may have a pos-
itive effect on the accuracy of the estimated position of
the movable object.
[0062] Referring to Figs. 7 to 10 an example of IMU
data of a pedestrian using applying a movement model
is shortly explained, wherein steps of the pedestrian are
recognized. While, for some cases, classical inertial nav-
igation (i.e., rotating the accelerometer measurements
and subtracting the force of gravity to obtain the objects
acceleration, which is then integrated to obtain velocity
and displacement) is applicable, especially when the ob-
ject uses a high-grade IMU many movement types are
too dynamic to create sensor signals that can be used
to obtain meaningful estimates of the velocity, attitude
(orientation) and displacement. It is therefore a common
practice to use movement models to extract localization
information from the IMU data. To highlight this, an ex-
emplary scenario is shown in Figs. 7 to 10. An IMU meas-
urement of a walking pedestrian obtained with a 3-axis
accelerometer measurement is shown in Fig. 7, which
shows a highly non steady signal. Using the IMU data,
an inertial navigation result (other terms are strapdown
navigation or INS) is obtained and shown in Fig. 8. Due
to the highly dynamic behavior of the signal, a satisfying
result cannot be obtained, instead the estimated position
is of by kilometers at the end of the navigation scenario.
When the signal from Fig.7 is analyzed in more detail,
the steps of the pedestrian can be found in the signal, as
shown in Fig. 9. If, as an alternative approach, the steps
are detected and used to obtain a positioning estimate,
a much better result, as shown in Fig. 10 can be obtained.
[0063] Fig. 11 shows an example of how information
from other information sources may support in the iden-
tification of a motion state and, therefore, a movement
model. Fig. 11 shows features obtained from accelerom-
eter data. As can be seen features obtained from walking
and cycling strongly overlap. Thus, using features ob-
tained from the accelerometer data (namely the magni-
tude and variance), running can be separated from cy-
cling and walking, but walking and cycling cannot be sep-
arated. If the velocity is used as an additional feature,
the separation could be implemented easily, as a walking
pedestrian moves much slower than a cyclist.
[0064] Thus, as explained above, examples of the
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present disclosure utilize the fact that, apart from IMU
data, additional sources of information on the movement
state are available in the 5G context. These include (but
are not limited to) the UE type (e.g. a car cannot walk),
the physical states (e.g. a smartphone moving at 50 km/h
is unlikely to be held by a pedestrian), the logical position
(e.g. the user of a smartphone is unlikely to drive a car
within a building) and other sensors. All relevant infor-
mation can be used as features in a classification ap-
proach as described herein.
[0065] Examples of the present disclosure permit an
improved classification of movement states in a commu-
nication system such as LTE or 5G by using information
from additional information sources beside information
stemming from usual sensors. Transmitting the data as
(weighted) probability mass functions over relevant
movement models it is possible to link (combine) the
probability mass functions from different information
sources in such a manner that differences in terms of
reliability of the information sources may be observed.
The classified movement models may be used to support
localization in order to achieve an improved result of the
localization in terms of availability, robustness and pre-
cision.
[0066] Although some aspects of the described con-
cept have been described in the context of an apparatus,
it is clear that these aspects also represent a description
of the corresponding method, where a block or a device
corresponds to a method step or a feature of a method
step. Analogously, aspects described in the context of a
method step also represent a description of a corre-
sponding block or item or feature of a corresponding ap-
paratus.
[0067] The terms "computer program medium" and
"computer readable medium" are used to generally refer
to tangible storage media such as removable storage
units or a hard disk installed in a hard disk drive. These
computer program products are means for providing soft-
ware to a computer system. The computer programs,
also referred to as computer control logic, may be stored
in a main memory and/or a secondary memory. Compu-
ter programs may also be received via a communications
interface. The computer program, when executed, ena-
ble the computer system to implement the present inven-
tion. In particular, the computer program, when executed,
enable the processor to implement the processes of the
present invention, such as any of the methods described
herein. Accordingly, such a computer program may rep-
resent a controller of the computer system. Where the
disclosure is implemented using software, the software
may be stored in a computer program product and loaded
into computer system using a removable storage drive
or a communications interface.
[0068] The implementation in hardware or in software
may be performed using a digital storage medium, for
example cloud storage, a floppy disk, a DVD, a Blue-Ray,
a CD, a ROM, a PROM, an EPROM, an EEPROM or a
FLASH memory, having electronically readable control

signals stored thereon, which cooperate (or are capable
of cooperating) with a programmable computer system
such that the respective method is performed. Therefore,
the digital storage medium may be computer readable.
[0069] Some embodiments according to the invention
comprise a data carrier having electronically readable
control signals, which are capable of cooperating with a
programmable computer system, such that one of the
methods described herein is performed.
[0070] Generally, embodiments of the present inven-
tion may be implemented as a computer program product
with a program code, the program code being operative
for performing one of the methods when the computer
program product runs on a computer. The program code
may be stored on a machine readable carrier, for exam-
ple.
[0071] Other embodiments comprise the computer
program for performing one of the methods described
herein, stored on a machine readable carrier. In other
words, an embodiment of the inventive method is, there-
fore, a computer program having a program code for per-
forming one of the methods described herein, when the
computer program runs on a computer.
[0072] A further embodiment of the inventive methods
is, therefore, a data carrier (or a digital storage medium,
or a computer-readable medium) comprising, recorded
thereon, the computer program for performing one of the
methods described herein. A further embodiment of the
inventive method is, therefore, a data stream or a se-
quence of signals representing the computer program
for performing one of the methods described herein. The
data stream or the sequence of signals may for example
be configured to be transferred via a data communication
connection, for example via the Internet. A further em-
bodiment comprises a processing means, for example a
computer, or a programmable logic device, configured
to or adapted to perform one of the methods described
herein. A further embodiment comprises a computer hav-
ing installed thereon the computer program for perform-
ing one of the methods described herein.
[0073] In some embodiments, a programmable logic
device (for example a field programmable gate array)
may be used to perform some or all of the functionalities
of the methods described herein. In some embodiments,
a field programmable gate array may cooperate with a
microprocessor in order to perform one of the methods
described herein. Generally, the methods are preferably
performed by any hardware apparatus.
[0074] The above described embodiments are merely
illustrative for the principles of the present invention. It is
understood that modifications and variations of the ar-
rangements and the details described herein will be ap-
parent to others skilled in the art. It is the intent, therefore,
to be limited only by the scope of the impending patent
claims and not by the specific details presented by way
of description and explanation of the embodiments here-
in.
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Claims

1. An apparatus for estimating a physical state of a
movable object, the apparatus comprising
a processor, wherein the processor is configured to

receive or determine a probability mass function
including probabilities for each movement class
of a first group of at least two movement classes,
wherein the movement classes of the first group
being determined using sensor data from the
inertial measurement unit,
receive at least one additional probability mass
function associated with a second group of at
least two movement classes, wherein the addi-
tional probability mass function has been ob-
tained using additional information different from
the sensor data;
combine the probability mass function and the
at least one additional probability mass function
to obtain a combined probability mass function
over the movement classes of the first group and
the second group;
select a movement class having the highest
probability from the combined probability mass
function; and
estimate the physical state of the movable object
using a movement model of the selected move-
ment class,
wherein each movement class is either a move-
ment state or a movement model.

2. The apparatus of claim 1, wherein sensor data ad-
ditionally include data obtained from at least one of
a magnetometer, a barometer, a temperature sen-
sor, a microphone, a GPS receiver, a wireless local
area network receiver, and a Bluetooth receiver.

3. The apparatus of claim 1 or 2, wherein the additional
information concern at least one of the type of the
movable object, a physical state of the movable ob-
ject, a logical location of the movable object, a user
behavior, a history of a user behavior, an environ-
ment of the movable object.

4. The apparatus of one of claims 1 to 3, wherein the
processor is configured to obtain one or more quality
measures each indicating a quality of one the prob-
ability mass functions, and wherein the processor is
configured to use the quality measure in combining
the probability mass function and the additional prob-
ability mass function such that a probability mass
function having a higher quality is weighted higher
than a probability mass function having a lower qual-
ity.

5. An apparatus for estimating a physical state of a
movable object, the apparatus comprising

a processor, wherein the processor is configured to

receive at least one probability mass function
including probabilities for each movement class
of a group of at least two movement classes,
wherein the probability mass function is based
on information from an information source;
receive a quality measure for the probability
mass function, the quality measure indicating a
quality of the information source;
select a movement class having the highest
probability from the at least one probability mass
function, and
estimate the physical state of the movable object
using a movement model of the selected move-
ment class and the received quality measure,
wherein each movement class is either a move-
ment state or a movement model.

6. The apparatus of claim 5, wherein the at least one
probability mass function is based on information
from an inertial measurement unit.

7. The apparatus of claim 5 or 6, wherein the processor
is configured to estimate the physical state to reveal
a variance of the physical state, wherein the variance
depends on the quality measure, wherein a larger
variance is achieved for a lower quality measure and
a smaller variance is achieved for higher quality
measures.

8. The apparatus of claim 5 or 6,
wherein the processor is configured to

receive a plurality of probability mass functions,
each comprising probabilities associated with a
group of at least two movement classes, wherein
each probability mass function is based on in-
formation from a different information source;
receive a quality measure for one or more of the
probability mass functions,
combine the probability mass functions using
the one or more quality measures such that a
probability mass function having a higher quality
is weighted higher than a probability mass func-
tion having a lower quality to obtain a combined
probability mass function; and
select the movement class having the highest
probability from the combined probability mass
function.

9. The apparatus of claim 4 or 8, wherein the processor
is configured to combine the probability mass func-
tions by calculating a weighted normalized sum of
the probability mass functions.

10. The apparatus of one of claims 4 to 9, wherein the
processor is configured to receive each quality
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measure from an entity different of the movable ob-
ject.

11. The apparatus of one of claims 4 to 10, wherein at
least one of the quality measures depends on at least
one of the type of the movable object and the type
of the information source.

12. A system comprising an apparatus of one of claims
1 to 11 and at least one information source, wherein
the at least one information source is configured to
transmit the probability mass function, the additional
probability mass function or the at least one addi-
tional probability mass function to the apparatus.

13. A method for estimating a physical state of a movable
object, the movable object comprising an inertial
measurement unit, the method comprising:

receiving a probability mass function including
probabilities for each movement class of a first
group of at least two movement classes, wherein
the movement classes of the first group being
determined using sensor data from the inertial
measurement unit;
receiving at least one additional probability
mass function associated with a second group
of at least two movement classes, wherein the
additional probability mass function has been
obtained using additional information different
from the sensor data;
combining the probability mass function and the
additional probability mass function to obtain a
combined probability mass function over the
movement classes of the first group and the sec-
ond group;
selecting a movement class having the highest
probability from the combined probability mass
function; and
estimating the physical state of the movable ob-
ject using a movement model of the selected
movement class,
wherein each movement class is either a move-
ment state or a movement model.

14. The method of claim 13, wherein sensor data addi-
tionally include data obtained from at least of a mag-
netometer, a barometer, a temperature sensor, a mi-
crophone, a GPS receiver, a wireless local area net-
work receiver, and a Bluetooth receiver.

15. The method of claim 13 or 14, wherein the additional
information concern at least one of the type of the
movable object, a physical state of the movable ob-
ject, a logical location of the movable object, a user
behavior, a history of a user behavior, an environ-
ment of the movable object.

16. The method of one of claims 13 to 15, further com-
prising:

receiving one or more quality measures each
indicating a quality of one the probability mass
functions, wherein the quality measure is used
in combining the probability mass function and
the additional probability mass function such
that a probability mass function having a higher
quality is weighted higher than a probability
mass function having a lower quality.

17. A method for estimating a physical state of a movable
object, the method comprising:

receiving at least one probability mass function
comprising probabilities associated with a group
of at least two movement classes, wherein the
probability mass function is based on informa-
tion from an information source;
selecting a movement class having the highest
probability from the at least one probability mass
function;
receiving a quality measure for the probability
mass function, the quality measure indicating a
quality of the information source; and
estimating the physical state of the movable ob-
ject using a movement model of the selected
moving class and the received quality measure,
wherein each movement class is either a move-
ment state or a movement model.

18. The method of claim 17, wherein the at least one
probability mass function is based on information
from an inertial measurement unit.

19. The method of claim 17 or 18, wherein estimating
the physical state reveals a variance of the physical
state, wherein the variance depends on the quality
measure, wherein a larger variance is achieved for
a lower quality measure and a smaller variance is
achieved for higher quality measures.

20. The method of claim 17 or 18,
wherein a plurality of probability mass functions is
received, each comprising probabilities associated
with a group of at least two movement classes,
wherein each probability mass function is based on
information from a different information source,
wherein a quality measure is received for one or
more of the probability mass functions,
wherein the probability mass functions are combined
using the one or more quality measures such that a
probability mass function having a higher quality is
weighted higher than a probability mass function
having a lower quality to obtain a combined proba-
bility mass function, and
wherein the movement class having the highest
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probability is selected from the combined probability
mass function.

21. The method of claim 16 or 20, wherein combining
the probability mass functions comprises calculating
a weighted normalized sum of the probability mass
functions.

22. The method of one of claims 16 to 21, wherein each
quality measure is received from an entity different
of the movable object.

23. The method of one of claims 16 to 22, wherein at
least one of the quality measures depends on at least
one of the type of the movable object and the type
of the information source.

24. The method of one of claims 13 to 23, further com-
prising transmitting the probability mass function, the
additional probability mass function or the at least
one additional probability mass function via a radio
communication link.

25. A non-transitory computer program product compris-
ing a computer readable medium storing instructions
which, when executed on a computer, perform the
method of one of claims 13 to 24.
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