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(57) Abstract: It is provided a method for enabling training of
a hidden Markov model, HMM, for monitoring a person based
on a data feed capable of depicting a person. The method is per-
formed by a local training device (1) and comprises: receiving
(40) a central HMM from a central node (9); obtaining (42) a data
feed capable of depicting the person; training (44) the received
HMM based on the data feed, resulting ina locally trained HMM;
transmitting (46) the locally trained HMM to the central node (9)
for aggregation with other locally trained HMMs; receiving (48)
an updated HMM from the central node (9); and assigning (50)
each state in the updated HMM to one state of a set of monitor-
ing states, wherein each monitoring state indicates a state of the
person.
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ENABLING TRAINING OF AN HMM

TECHNICAL FIELD

[0o01]  The present disclosure relates to the field of training a hidden Markov model
(HMM) and in particular to enabling training of an HMM for monitoring a person based

on a data feed capable of depicting a person.

BACKGROUND

[0002] New technology opens up new opportunities. For instance, the evolution of
digital cameras and communication technologies enable monitoring of people to be
provided using video surveillance at relatively low cost. This can be particularly useful
for elderly people or disabled people, who in this way can enjoy greatly improved quality

of life by living in their own home instead of being in a staffed care facility.

[0003] Video surveillance is certainly useful, but privacy issues arise. Hardly anyone
enjoys being continuously monitored using video surveillance, for monitoring of when

the person needs help.

[0004] One way to reduce the privacy concern is to, instead of manual monitoring,
use machine learning models to determine the state of a monitored person. However,
machine learning models need to be trained. When video data or other imaging data is
input data when the machine learning model is in operation, the machine learning
model first needs to be trained, e.g. with video data. Video data may be needed for
labelling e.g. even when only 16 x 16 infrared (IR) images are used in operation, since
the IR images are not detailed enough for people to see what is happening. Hence video
data for training sometimes needs to be manually processed as part of the training
process, e.g. for labelling, which is a privacy concern for the person captured in the

video data.

SUMMARY

[0005] One object is to enable training that does not compromise privacy of the

person for which data is captured for the training data.

[0006] According to a first aspect, it is provided a method for enabling training of a

hidden Markov model, HMM, for monitoring a person based on a data feed capable of
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depicting a person. The method is performed by a local training device. The method
comprises: receiving a central HMM from a central node; obtaining a data feed capable
of depicting the person; training the received HMM based on the data feed, resulting in
a locally trained HMM; transmitting the locally trained HMM to the central node for
aggregation with other locally trained HMMs; receiving an updated HMM from the
central node; and assigning each state in the updated HMM to one state of a set of

monitoring states, wherein each monitoring state indicates a state of the person.

[0007] The set of monitoring states may contain a first monitoring state indicating
presence of at least one person and a second monitoring state indicating absence of

people.

[0008] The training the received HMM may comprises adjusting state transition
probabilities in the HMM.

[0009] The assigning may be based on a labelled dataset.
[0010]  The labelled dataset may comprise a plurality of subsets.

[0011]  The subsets of the plurality of subsets may differ in terms of a period of time

that is covered.

[oo12]  Each subset may contain its own label, corresponding to a correct monitored

state.

[0013] In one embodiment, the labelled dataset is only used for assigning the states

of the updated HMM with monitoring states.
[0014] The data feed may be based on an infrared sensor.

[0015]  According to a second aspect, it is provided a local training device for
enabling training of a hidden Markov model, HMM, for monitoring a person based on a
data feed capable of depicting a person. The local training device comprises: a
processor; and a memory storing instructions that, when executed by the processor,
cause the local training device to: receive a central HMM from a central node; obtain a
data feed capable of depicting the person; train the received HMM based on the data
feed, resulting in a locally trained HMM; transmit the locally trained HMM to the
central node for aggregation with other locally trained HMMs; receive an updated HMM
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from the central node; and assign each state in the updated HMM to one state of a set of

monitoring states, wherein each monitoring state indicates a state of the person.

[0016]  The set of monitoring states may contain a first monitoring state indicating
presence of at least one person and a second monitoring state indicating absence of

people.

[0017] The instructions to train the received HMM may comprise instructions that,
when executed by the processor, cause the local training device to adjusting state

transition probabilities in the HMM.

[0018] The instructions to assign may comprise instructions that, when executed by

the processor, cause the local training device to assign based on a labelled dataset.
[0019]  The labelled dataset may comprise a plurality of subsets.

[0020] The subsets of the plurality of subsets may differ in terms of a period of time

that is covered.

[0021]  Each subset may contain its own label, corresponding to a correct monitored

state.

[0022] In one embodiment, the labelled dataset is only used for assigning the states

of the updated HMM with monitoring states.
[0023] The data feed may be based on an infrared sensor.

[0024]  According to a third aspect, it is provided a computer program for enabling
training of a hidden Markov model, HMM, for monitoring a person based on a data feed
capable of depicting a person. The computer program comprises computer program
code which, when executed on a local training device causes the local training device to:
receive a central HMM from a central node; obtain a data feed capable of depicting the
person; train the received HMM based on the data feed, resulting in a locally trained
HMM; transmit the locally trained HMM to the central node for aggregation with other
locally trained HMMs; receive an updated HMM from the central node; and assign each
state in the updated HMM to one state of a set of monitoring states, wherein each

monitoring state indicates a state of the person.



WO 2022/129086 PCT/EP2021/085753
4

[0025]  According to a fourth aspect, it is provided a computer program product
comprising a computer program according to the third aspect and a computer readable

means on which the computer program is stored.

[0026]  Generally, all terms used in the claims are to be interpreted according to their
ordinary meaning in the technical field, unless explicitly defined otherwise herein. All
references to "a/an/the element, apparatus, component, means, step, etc." are to be
interpreted openly as referring to at least one instance of the element, apparatus,
component, means, step, etc., unless explicitly stated otherwise. The steps of any
method disclosed herein do not have to be performed in the exact order disclosed,

unless explicitly stated.

BRIEF DESCRIPTION OF THE DRAWINGS

[0027]  Aspects and embodiments are now described, by way of example, with refer-

ence to the accompanying drawings, in which:

[0028] Fig1isa schematic diagram illustrating an environment in which

embodiments presented herein can be applied;

[0029] Fig2is a flow chart illustrating embodiments of methods for enabling
training of an HMM for monitoring a person based on a data feed capable of depicting a

person;

[0030] Fig 3isa schematic diagram illustrating components of the local training

device of Fig 1; and

[0031]  Fig 4 shows one example of a computer program product comprising

computer readable means.

DETAILED DESCRIPTION

[0032] The aspects of the present disclosure will now be described more fully
hereinafter with reference to the accompanying drawings, in which certain
embodiments of the invention are shown. These aspects may, however, be embodied in
many different forms and should not be construed as limiting; rather, these

embodiments are provided by way of example so that this disclosure will be thorough
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and complete, and to fully convey the scope of all aspects of invention to those skilled in

the art. Like numbers refer to like elements throughout the description.

[0033] According to embodiments presented herein, it is provided training of a
Hidden Markov Model (HMM) based on federated learning. Specifically, a central HMM
is received in a local training device. The received HMM is trained using local data, and
is provided to the central node for aggregation with other locally trained HMMs. The
aggregated HMM is then received from the central node in the local node. This achieves
unsupervised learning that is aggregated from several local training sessions. Due to the
use of unsupervised training, the local and central (aggregated) HMMs can be trained
with vast amounts of unlabelled data feeds from separate local HMMs. Since the data
feeds do not need to leave the local site where monitoring occurs, neither for training
nor for inference, and the aggregation is done in a secure way, privacy concerns of the
monitored person are addressed. The resulting HMM can predict, based on a data feed
of a number of frames, the probability of a certain monitored state at a certain point in

time in the future.

[0034] Fig1isa schematic diagram illustrating an environment in which
embodiments presented herein can be applied. A person 5 to be monitored is at least
part of the time present in a physical space 14. The physical space 14 can e.g. be a room,
a flat, a house, an office etc. A monitoring device 2 is configured to monitor the person 5
based on a sensor device 3 forming part of the monitoring device 2 or locally connected
to the monitoring device 2. The monitoring device 2 is also used for capturing data of
the person 5 for purposes of training a local HMM 4 and a central HMM 9. The sensor
device 3 provides a data feed capable of depicting the person 5, e.g. as a sequence of
images (i.e. a video sequence). The sensor device 3 can be implemented as an infrared
(IR) camera, a video camera, a lidar, a radar or any other suitable imaging technology.
Additional sensor devices (not shown) can also be provided, providing respective data
feeds. A local training device 1 is used for training the local HMM 4 and for contributing
to the training of the central HMM 9 as described in more detail below. The local
training device 1 can be provided as part of the monitoring device 2 or separately. In any
case, the local training device 1 is provided at the same site as the sensor device 3. In this
way, sensitive data feeds from the sensor device 3 can be used by the local training

device 1 without the data feed having to be communicated remotely.
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[0035] The monitoring device 2 comprises the local HMM 4. There may be one or
more monitoring devices 2 working in parallel on the same or complementing scene.
The monitoring device 2 can be connected to a network 6, which can be an Internet
protocol (IP) based network. The network 6 can e.g. comprise any one or more of a local
wireless network, a cellular network, a wired local area network, a wide area network
(such as the Internet), etc. A central node 7, containing the central HMM o, is also

connected to the network 6.

[0036] The central node 7 can then be used in cooperation with a plurality of
separate monitoring devices 2 with respective local HMMs 4 and local training devices 1,

as part of a federated ML (machine learning) model.

[0037] Thelocal HMM 4 of the monitoring device 2 is used to predict current or
future monitored states based on the data feed from the sensor device 3. Specifically, the
local HMM 4 is used to infer monitoring states of the person 5. Non-limiting examples
of monitoring states, all relating to the person, are: absent, present, lying in bed, lying
on floor, breathing, distress, etc. The probability of transitioning from one state to

another is denoted a state transition probability.

[0038] The HMMs used herein can e.g. be Gaussian HMMs. In the HMM, there are a
number of states. However, the states are hidden can only be observed indirectly, via

observations. The observations can be expressed as an observation vector y.

[0039] For the purposes of monitoring people in the examples presented herein, if
there is an IR image of 16x16 pixels as an input, this is represented in an observation
vector y of 16 * 16 elements. The observations in this vector have values in every time

step, comprising the IR image.

[0040] Each state can have a mean vector and covariance matrix parameters. In the
Gaussian HMM, there is an assumption that the observation vector is generated in a
Gaussian distribution. In this way, given the parameters of each state, the probability of

the vector y (IR image) can be estimated to have a certain continuous value X.
[0041] Inessence, an observed vector y results in a value X at a certain timestep.

[0042] Itisto be noted that the HMM can be made up of any suitable number of

states and observation vector size.



WO 2022/129086 PCT/EP2021/085753
7

[0043] Fig2is a flow chart illustrating embodiments of methods for enabling
training of an HMM for monitoring a person based on a data feed capable of depicting a

person. The embodiments are performed by the local training device 1.

[0044] Inareceive central HMM step 40, the local training device 1 receives a

central HMM from a central node 9, over the network 6.

[0045] In an obtain data feed step 42, the local training device 1 obtains a data feed
capable of depicting the person. The data feed can be based on an infrared sensor, which
has the advantage of being able to depict people regardless of lighting conditions.
Alternatively or additionally, the data feed is based on other sensors, as long as the
sensor is capable of depicting the person. The data feed can be pre-processed as part of

this step, e.g. for consistent aligning of the image, etc., as known in the art per se.

[0046] In a train received HMM step 44, the local training device 1 trains the
received (now local) HMM based on the data feed, resulting in a locally trained HMM.
The training can comprise adjusting state transition probabilities in the HMM. The
training can e.g. occur using a Baum—Welch algorithm, allowing the training of the

HMM without any labelling, or Viterbi training.

[0047] Inatransmitlocal HMM step 46, the local training device 1 transmits the
locally trained HMM to the central node 9 for aggregation with other locally trained
HMMs. The aggregation of the locally trained HMMs can be based on accumulating or
averaging the state transition probabilities from the different locally trained HMMs,
resulting in a central HMM. Another example of how aggregation can occur is described
in Yurochkin et al. “Statistical Model Aggregation via Parameter Matching”, 334
Conference on Neural Information Processing Systems (NEURIPS 2019), Vancouver,
Canada. It is to be noted that the data feed itself never leaves the local site and is not

needed for the central aggregation of local HMMs.

[0048] The locally trained HMM can be defined as the currently defined state

transition probabilities.

[0049] In a receive updated HMM step 48, the local training device 1 receives an
updated HMM from the central node 9. The updated HMM is the aggregate central
HMM based on the locally trained HMMs. In this way, the updated HMM benefits from
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training based on multiple data feeds in multiple different local training devices at
different sites, even though the data feeds never need to leave the local sites, thus

preserving privacy for people at the different sites.

[0050] In an assign states step 50, the local training device 1 assigns each state in
the updated HMM to one state of a set of monitoring states, wherein each monitoring
state indicates a state of the person. For instance, the set of monitoring states can
contain a first monitoring state indicating presence of at least one person and a second
monitoring state indicating absence of people. This assignment step is performed since
the HMM is incapable in itself of determining which of its hidden states corresponds to
a monitored state. The assigning can be based on a labelled dataset, where each dataset
comprises a plurality of subsets. Each subset covers a period of time of the data feed, e.g.
containing a number of images. Each labelled dataset defines, in its labelling its
associated correct monitored state. In example for presence/absence detection, if our
dataset comprises N subsets, each contains M images, we would have a series of N
labels, one for each subset. If each subset is composed of 20 consecutive images, the
label would indicate whether there is a person present or not, e.g. at the time

corresponding to the last image in each subset.

[0051]  Thelocal HMM determines a (HMM) state based on the labelled dataset and,
using the label, the monitored state can be assigned to the HMM state. The labelled
dataset is only used for assigning the states of the HMM with monitoring states and not
for training the local HMM. Hence the labelled dataset does not need to be extensive
and can be quite small. The labelled dataset only needs to be distinct enough to enable
the labelling of each HMM state to a monitored state. It is to be noted that the assign
states step 50 might not be needed to be performed for each iteration of the method, as

long as it is performed at least once.

[0052] Using embodiments presented herein, due to the use of unsupervised
training, the local and central (aggregated) HMMs can be trained with vast amounts of
unlabelled data feeds from separate local HMMs. Since the data feeds do not need to
leave the site of the monitoring device (or even the monitoring device at all, when the
local training device forms part of the monitoring device) and the aggregation is done in

a secure way, privacy concerns of the monitored person are addressed. The resulting
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HMM can predict, based on a data feed of a number of frames, the probability of a

certain monitored state at a certain point in time in the future.

[0053] Fig 3isa schematic diagram illustrating components of the local training
device 1 of Fig 1. It is to be noted that, when the local training device 1 is implemented in
a host device such as the monitoring device 2, one or more of the mentioned
components can be shared with the host device. A processor 60 is provided using any
combination of one or more of a suitable central processing unit (CPU), multiprocessor,
microcontroller, digital signal processor (DSP), etc., capable of executing software
instructions 67 stored in a memory 64, which can thus be a computer program product.
The processor 60 could alternatively be implemented using an application specific
integrated circuit (ASIC), field programmable gate array (FPGA), etc. The processor 60

can be configured to execute the method described with reference to Fig 2 above.

[0054] The memory 64 can be any combination of random-access memory (RAM)
and/or read-only memory (ROM). The memory 64 also comprises persistent storage,
which, for example, can be any single one or combination of magnetic memory, optical

memory, solid-state memory or even remotely mounted memory.

[0055] A data memory 66 is also provided for reading and/or storing data during
execution of software instructions in the processor 60. The data memory 66 can be any
combination of RAM and/or ROM.

[0056] The local training device 1 further comprises an I/O interface 62 for
communicating with external and/or internal entities. For instance, the I/O interface 62
allows the local training device 1 to communicate the network 6. Optionally, the I/O

interface 62 also includes a user interface.

[0057]  Other components of the local training device 1 are omitted in order not to

obscure the concepts presented herein.

[0058] Fig 4 shows one example of a computer program product 90 comprising
computer readable means. On this computer readable means, a computer program 91
can be stored, which computer program can cause a processor to execute a method
according to embodiments described herein. In this example, the computer program

product is in the form of a removable solid-state memory, e.g. a Universal Serial Bus
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(USB) drive. As explained above, the computer program product could also be embodied
in a memory of a device, such as the computer program product 64 of Fig 3. While the
computer program 91 is here schematically shown as a section of the removable solid-
state memory, the computer program can be stored in any way which is suitable for the
computer program product, such as another type of removable solid-state memory, or
an optical disc, such as a CD (compact disc), a DVD (digital versatile disc) or a Blu-Ray

disc.

[0059] The aspects of the present disclosure have mainly been described above with
reference to a few embodiments. However, as is readily appreciated by a person skilled
in the art, other embodiments than the ones disclosed above are equally possible within
the scope of the invention, as defined by the appended patent claims. Thus, while
various aspects and embodiments have been disclosed herein, other aspects and
embodiments will be apparent to those skilled in the art. The various aspects and
embodiments disclosed herein are for purposes of illustration and are not intended to be

limiting, with the true scope and spirit being indicated by the following claims.
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CLAIMS

1. A method for enabling training of a hidden Markov model, HMM, for monitoring a
person based on a data feed capable of depicting a person, the method being performed
by a local training device (1), the method comprising:

receiving (40) a central HMM from a central node (9);

obtaining (42) a data feed capable of depicting the person;

training (44) the received HMM based on the data feed, resulting in a locally
trained HMM;

transmitting (46) the locally trained HMM to the central node (9) for aggregation
with other locally trained HMMs;

receiving (48) an updated HMM from the central node (9); and

assigning (50) each state in the updated HMM to one state of a set of monitoring

states, wherein each monitoring state indicates a state of the person.

2. The method according to claim 1, wherein the set of monitoring states contain a
first monitoring state indicating presence of at least one person and a second

monitoring state indicating absence of people.

3. The method according to any one of the preceding claims, wherein the training

(44) the received HMM comprises adjusting state transition probabilities in the HMM.

4.  The method according to any one of the preceding claims, wherein the assigning

(50) is based on a labelled dataset.

5. The method according to claim 4, wherein the labelled dataset comprises a

plurality of subsets.

6. The method according to claim 5, wherein the subsets of the plurality of subsets

differ in terms of a period of time that is covered.

7. The method according to any claim 5 or 6, wherein each subset contains its own

label, corresponding to a correct monitored state.

8. The method according to any one of claims 4 to 7, wherein the labelled dataset is

only used for assigning the states of the updated HMM with monitoring states.

9. The method according to any one of the preceding claims, wherein the data feed is

based on an infrared sensor.
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10. Alocal training device (1) for enabling training of a hidden Markov model, HMM,
for monitoring a person based on a data feed capable of depicting a person, the local
training device (1) comprising:

a processor (60); and

a memory (64) storing instructions (67) that, when executed by the processor,
cause the local training device (1) to:

receive a central HMM from a central node (9);

obtain a data feed capable of depicting the person;

train the received HMM based on the data feed, resulting in a locally trained
HMM;

transmit the locally trained HMM to the central node (9) for aggregation with
other locally trained HMMs;

receive an updated HMM from the central node (9); and

assign each state in the updated HMM to one state of a set of monitoring states,

wherein each monitoring state indicates a state of the person.

11. The local training device (1) according to claim 10, wherein the set of monitoring
states contain a first monitoring state indicating presence of at least one person and a

second monitoring state indicating absence of people.

12. The local training device (1) according to any one of claims 10 to 11, wherein the
instructions to train the received HMM comprise instructions (67) that, when executed
by the processor, cause the local training device (1) to adjusting state transition
probabilities in the HMM.

13. Thelocal training device (1) according to any one of claims 10 to 12, wherein the
instructions to assign instructions (67) that, when executed by the processor, cause the

local training device (1) to assign based on a labelled dataset.

14. Thelocal training device (1) according to claim 13, wherein the labelled dataset

comprises a plurality of subsets.

15. The local training device (1) according to claim 14, wherein the subsets of the

plurality of subsets differ in terms of a period of time that is covered.

16. The local training device (1) according to claim 14 or 15, wherein each subset

contains its own label, corresponding to a correct monitored state.
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17. Thelocal training device (1) according to any one of claims 13 to 16, wherein the
labelled dataset is only used for assigning the states of the updated HMM with

monitoring states.

18. The local training device (1) according to any one of claims 10 to 17, wherein the

data feed is based on an infrared sensor.

19. A computer program (67, 91) for enabling training of a hidden Markov model,
HMM, for monitoring a person based on a data feed capable of depicting a person, the
computer program comprising computer program code which, when executed on a local
training device (1) causes the local training device (1) to:

receive a central HMM from a central node (9);

obtain a data feed capable of depicting the person;

train the received HMM based on the data feed, resulting in a locally trained
HMM;

transmit the locally trained HMM to the central node (9) for aggregation with
other locally trained HMMs;

receive an updated HMM from the central node (9); and

assign each state in the updated HMM to one state of a set of monitoring states,

wherein each monitoring state indicates a state of the person.

20. A computer program product (64, 90) comprising a computer program according

to claim 19 and a computer readable means on which the computer program is stored.
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