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(57) ABSTRACT

This disclosure provides wearable-device based user-inter-
ested information determination methods, apparatuses and
wearable devices. The method includes: receiving, by an
electrocardiography (ECG) sensor associated with the wear-
able device, an ECG signal of a user, determining a feature
set for the ECG signal, in which the feature set includes
time-domain feature data of the ECG signal and frequerncy-
domain feature data of the ECG signal, and determining the
user-interested information based on similarity between the
feature set and reference feature sets indicative of the
user-interested information, in which the user-interested
information includes health information associated with a
disease. The wearable device includes an ECG sensor con-
figured to receive an ECG signal and an FPGA system. The
FPGA system includes modules for determine user-inter-
ested information based on the ECG signal. The apparatus
includes a processor and a memory coupled to the processor.
The memory is configured to store instructions to implement
the method.
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DETERMINING USER-INTERESTED
INFORMATION BASED ON WEARABLE
DEVICE

CROSS-REFERENCE TO RELATED
APPLICATION(S)

[0001] This application is a continuation-in-part of Inter-
national Application No. PCT/CN2016/105720, filed on
Nov. 14, 2016, which claims priority to both Chinese Patent
Application No. 202510795936.2, filed on Nov. 17, 2015
and Chinese Patent Application No. 2025107965448, filed
on Nov. 17, 2015, the contents of all of which are hereby
incorporated by reference in their entireties.

BACKGROUND

[0002] With development of society, improvement of liv-
ing standards, and rapid development of mobile internet,
wearable devices with its wearable convenience entered into
people’s daily lives.

SUMMARY

[0003] Disclosed herein are implementations of method,
apparatus and wearable devices for determining user-intet-
ested information based on a wearable device.

[0004] In one aspect, a method for determining user-
interested information based on a wearable device is pro-
vided. The method includes: receiving, by an electrocardi-
ography (ECG) sensor associated with the wearable device,
an ECG signal of a user, determining a feature set for the
ECG signal, wherein the feature set comprises time-domain
feature data of the ECG signal and frequency-domain fea-
ture data of the ECG signal, and determining the user-
interested information based on similarity between the fea-
ture set and reference feature sets indicative of the user-
interested  information, wherein the user-interested
information comprises health information associated with a
disease.

[0005] In another aspect, a wearable apparatus is provided
in this disclosure, which includes: an electrocardiography
(ECG) sensor, configured to receive an ECG signal of a user,
and a field-programmable gate array (FPGA) system, con-
figured to determine user-interested information based on
the ECG signal. The FPGA system further includes: a
feature set determination module, configured to determine a
feature set for the ECG signal, wherein the feature set
comprises time-domain feature data of the ECG signal and
frequency-domain feature data of the ECG signal, and a
result determination module, configured to determine the
user-interested information based on similarity between the
feature set and reference feature sets indicative of the
user-interested information, wherein the user-interested
information comprises at least one of health information
associated with a disease and identity information associated
with an identity.

[0006] In another aspect, an apparatus for determining
user-interested information based on a wearable device is
provided in this disclosure, which includes a processor and
a memory coupled to the processor. The memory is config-
ured to store a set of instructions which when executed by
the processor become operational with the processor to:
receive, by an electrocardiography (ECG) sensor associated
with the wearable device, an ECG signal of a user, determine
a feature set for the ECG signal, wherein the feature set
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comprises time-domain feature data of the ECG signal and
frequency-domain feature data of the ECG signal, and
determining the user-interested information based on simi-
larity between the feature set and reference feature sets
indicative of the user-interested information, wherein the
user-interested information comprises health information
associated with a disease.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The disclosure is best understood from the follow-
ing detailed description when read in conjunction with the
accompanying drawings. It is emphasized that, according to
common practice, the various features of the drawings are
not to-scale. On the contrary, the dimensions of the various
features are arbitrarily expanded or reduced for clarity.
[0008] FIG. 1 is a flowchart of an example process for
determining user-interested information based on a wearable
device according to an implementation of this disclosure.
[0009] FIG. 2A is a flowchart of an example process for
disease detection based on a wearable device according to an
implementation of this disclosure.

[0010] FIG. 2B is a diagram of an original ECG signal.

[0011] FIG. 3A is a flowchart of an example process for
determining frequency-domain feature data of an original
ECG signal according to an implementation of this disclo-
sure.

[0012] FIG. 3B is a diagram of an ECG signal after noise
reduction by performing a wavelet transform according to an
implementation of this disclosure.

[0013] FIG. 4A is a flowchart of an example process for
determining time-domain feature data of an original ECG
signal according to an implementation of this disclosure.

[0014] FIG. 4B is a diagram of example temporal and
amplitude feature data of an ECG signal.

[0015] FIG. 4C is a diagram of an example hardware
circuit for detecting R-wave peaks.

[0016] FIG. 4D is a diagram of an example circuit for
detecting a dynamic threshold.

[0017] FIG. 5 is a flowchart of an example process for
determining a disease based on a wearable device according
to an implementation of this disclosure.

[0018] FIG. 6 is a flowchart of an example process for
determining an identity based on a wearable device accord-
ing to an implementation of this disclosure.

[0019] FIG. 7 is a diagram of example ECG signals of two
different users.
[0020] FIG. 8 is a diagram of an example structure of a

wearable device according to an implementation of this
disclosure.

[0021] FIG. 9 is a diagram of an example hardware
structure of an apparatus for determining user-interested
information based on a wearable device according to an
implementation of this disclosure.

[0022] FIG. 10 is a block diagram of an example func-
tional logic module for determining user-interested infor-
mation based on a wearable device according to an imple-
mentation of this disclosure.

[0023] FIG. 11 is a block diagram of another example
functional logic module for determining user-interested
information based on a wearable device according to an
implementation of this disclosure.
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DETAILED DESCRIPTION

[0024] FIG. 1 is a flowchart of an example process 100 for
determining user-interested information based on a wearable
device according to an implementation of this disclosure. As
shown in FIG. 1, the process can include the following
operations.

[0025] At operation 102, an original electrocardiography
(ECG) signal (or simply referred to as an “ECG signal”
hereinafter) of a user is received by an ECG sensor associ-
ated with a wearable device.

[0026] At operation 104, a feature set of the original ECG
signal is determined. The feature set can include time-
domain feature data of the original ECG signal and fre-
quency-domain feature data of the original ECG signal. For
example, the feature set can include a feature vector (e.g., an
eigenvector) of the original ECG signal.

[0027] At operation 106, user-interested information is
determined based on similarity between the feature set of the
original ECG signal and reference feature sets representing
the user-interested information. For ease of explanation, a
feature set is referred to as a “feature vector” hereinafter.
[0028] In an implementation, the user-interested informa-
tion can include health information. For example, the health
information can indicate whether the user is having a disease
(e.g., a cardiovascular disease). The user-interested infor-
mation can also include identity information. For example,
the identity information can indicate whether the user is
authorized.

[0029] Implementations of this disclosure can be
described using the following examples. Compared with
fingerprints, face images, iris, and other biological features,
an ECG signal of a human body is determined by heart
structures of an individual, and can have features such as
being universal, unique, easy to collect, or permanent.
Moreover, ECG signals have advantages, such as only
existing in a living body, not easy to be imitated, or not easy
to lose. By collecting ECG signals using wearable devices
and detecting cardiovascular diseases, users can timely
detect abnormalities in the body and receive medical treat-
ment in time.

[0030] In animplementation of this disclosure, an original
ECG signal of a user can be received by an ECG sensor
integrated in a wearable device. A feature vector (e.g., a
feature vector) of the original ECG signal can be deter-
mined. A disease (e.g., a disease type) associated with the
original ECG signal can be determined or detected based on
similarity between the feature vector of the original ECG
signal and a reference feature vector associated with an ECG
signal that can be used to identify or indicate a disease
(referred to as a “disease ECG signal”). The feature vector
can include time-domain feature data and frequency-domain
feature data of the original ECG signal. By detecting dis-
eases for the user based on the feature vector of the ECG
signal, accuracy of disease detection for the user can be
improved, and early detection of diseases can be realized
using wearable devices.

[0031] Examples are provided as follows to describe
implementations of this disclosure. FIG. 2A is a flowchart of
an exaniple process 200 for disease detection based on a
wearable device according to an implementation of this
disclosure. FIG. 2B is a diagram of an original ECG signal.
In an implementation, a disease detection method based on
a wearable device can be used at the wearable device. In an
example, the wearable device can be a smart wristband. The
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wearable device can include an ECG sensor. Referring to
FIG. 2A, the disease detection method can include the
following operations.

[0032] At operation 202, an original ECG signal of a user
is received by an ECG sensor.

[0033] At operation 204, a feature vector (e.g., a feature
vector) of the original ECG signal is determined. The feature
vector can include time-domain feature data of the original
ECG signal and frequency-domain feature data of the origi-
nal ECG signal.

[0034] At operation 206, a disease (e.g., a disease type)
associated with the original ECG signal is determined based
on similarity between the feature vector of the original ECG
signal and reference feature vectors of disease ECG signals
that are indicative of different diseases.

[0035] At the operation 202, as shown in FIG. 2B, the
BCG signal received by the ECG sensor can include noise,
and the noise can vary over time. However, ECG signals of
the same user received at different times can have similar
features, such as, for example, QRS wave groups, P waves,
and T waves.

[0036] At the operation 204, in an implementation, the
frequency-domain feature data of the original ECG signal
can include wavelet coeflicients associated with the original
ECG signal determined from a wavelet transform, discrete
cosine transform (DCT) coefficients determined from a DCT
transform, Fourier transform coefficients determined from a
Fourier transform, Hilbert-Hwang Transform (HHT) coef-
ficients determined from an HHT transform, or any other
transform coefficients determined from any transform per-
formed on the ECG signal. This disclosure is not limited to
use any specific conversion or transformation.

[0037] At the operation 206, in some implementations,
ECG data of the users can be used to obtain reference feature
vectors (e.g., reference feature vectors) for the disease ECG
signals using a training technique. In an implementation,
reference feature vectors (e.g., eigenvectors) of the disease
ECG signals can be determined from an offline training
technique, and, when detecting the disease, the reference
feature vectors obtained from training the ECG signals can
be used. The similarity between the feature vector of the
original ECG signal and reference feature vectors of disease
ECG signals can be determined using a nearest neighbor
method that comprises a matrix model. For example, the
matrix model used in the nearest neighbor method can be
obtained from a machine learning technique. The goal of the
machine learning technique is to imiprove the accuracy of the
similarity determination to ensure the accuracy of the dis-
ease detection.

[0038] As described above, in an implantation, an original
ECG signal of a user can be received by an ECG sensor. A
feature vector (e.g., a feature vector) of the original ECG
signal can be determined. A similarity determination tech-
nique (e.g., the nearest neighbors method) can be used to
determine the similarity between the feature vector of the
original ECG signal and a reference feature vectors associ-
ated with disease ECG signals that can be used to identify or
indicate various diseases. Based on the similarity, a disease
(e.g., a disease type) can be determined for the original ECG
signal. Because the feature vector can include time-domain
feature data and frequency-domain feature data of the origi-
nal ECG signal, and a matrix model can be used in the
similarity determination technique and obtained from a
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machine learning technique, accuracy of disease detection
for the user can be increased.

[0039] FIG. 3A is a flowchart of an example process 300
for determining frequency-domain feature data of an origi-
nal ECG signal according to an implementation of this
disclosure. FIG. 3B is a diagram of an ECG signal after
noise reduction by performing a wavelet transform accord-
ing to an implementation of this disclosure. As shown in
FIG. 3A, the frequency-domain feature data of the original
ECG signal can be determined using the following opera-
tions.

[0040] At operation 302, a wavelet transform is performed
to the original ECG signal to obtain wavelet coefficients for
the original ECG signal.

[0041] At operation 304, the wavelet coefficients are deter-
mined as a first type of the frequency-domain feature data of
the original ECG signal.

[0042] At operation 306, autocorrelation (AC) and DCT
are performed to the ECG signal after the wavelet transform
to obtain DCT coeflicients after the AC and DCT.

[0043] At operation 308, the DCT coeflicients are deter-
mined as a second type of the frequency-domain feature data
of the original ECG signal.

[0044] At the operation 302, the wavelet transform can
decompose signals of different frequencies from the original
ECG signal. As high-frequency noise of the original ECG
signal is mainly represented in low scales, and low-fre-
quency noise of the original ECG signal is mainly repre-
sented at high scales, by analyzing the original ECG signal
using intermediate scales after the wavelet transform, effec-
tive signals can be separated from interference noise signals.
In an implementation, the original ECG signals can be
decomposed by the wavelet transform to obtain wavelet
coeflicients associated with the original ECG signals. For
example, the wavelet transform can apply groups of high-
pass and low-pass filters with predetermined coeflicients to
the original ECG signal. The wavelet coefficients can be at
multiple scales. In another implementation, the wavelet
transform for the original ECG signals can be performed in
forms of bitwise operations (e.g., shifting) and addition
operations. The shifting and addition operations can be
performed on a hardware platform. The hardware platform
can be, for example, a field-programmable gate array
(FPGA) system. The logic of the shifting and addition
operations can be simple and easy to implement. As shown
in FIG. 3B, after the wavelet transform, the noise in the
original ECG signal can be effectively reduced, causing the
ECG signal to become more regular.

[0045] At operation 306, in an implementation, AC can be
performed to the filtered ECG signal to reduce irrelevant
portions for detection or recognition from the ECG signal.
After the AC operation, DCT can be further performed to the
ECG signal to obtain DCT coeflicients. In another imple-
mentation, Fourier transform or HHT can be performed to
the filtered ECG signal, and Fourier transform coefficients or
HHT coeflicients obtained therefrom can be used as a third
type of the frequency-domain feature data of the ECG
signal.

[0046] In this implementation, the noise of the original
ECG signal can be filtered by the wavelet transform, causing
the ECG signal to be more regular. The wavelet coefficients
and the DCT coeflicients of the original ECG signal at
various scales can more accurately represent features of the
original ECG signal in the frequency domain.
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[0047] FIG. 4A is a flowchart of an example process 400
for determining time-domain feature data of an original
BCG signal according to an implementation of this disclo-
sure. FI1G. 4B is a diagram of example temporal and ampli-
tude feature data of an ECG signal. FIG. 4C is a diagram of
an example hardware circuit for detecting R-wave peaks.
FIG. 4D is a diagram of an example circuit for detecting a
dynamic threshold. As illustrated in FIG. 4A, the time-
domain feature data of the original ECG signal can be
determined using the following operations.

[0048] At operation 402, extremum values of the wavelet
coefficients are compared with (e.g., by a comparator)
respective extremum thresholds. The extremum values can
include maximum values, minimum values, or a combina-
tion thereof. For each of the extremum values, there can be
a corresponding extremum value threshold. For example, it
can be determined whether a first extremum value is within
a first extremum value threshold and a second extremum
value is within a second extremum value threshold.

[0049] At operation 404, detection of the R-wave peak (a
peak of an R wave) is triggered when two consecutive
extremum values are within their respective extremum
thresholds and a time difference between the two extremum
values is smaller than a predetermined R-wave time width.
For example, if the first extremum value and the second
extremum value are consecutive, the R-wave peak can be
determined when the first extremum value is within the first
extremum value threshold, the second extremum value is
within the second extremum value threshold, and a time
difference between the first extremum value and the second
extremum value is smaller than the predetermined R-wave
time width.

[0050] At operation 406, a P wave and a T wave of the
ECG signal are determined or extracted based on a position
of the R-wave peak (or, a peak position of the R wave).

[0051] At operation 408, the time-domain feature data of
the ECG signal is determined from at least one of the
R-wave peak, the P wave, and the T wave.

[0052] As shown in FIG. 4B, the time-domain feature data
of the ECG signal can include at least one of: the peak
position of the R wave, a peak position of the P wave, a peak
position of the T wave, an amplitude of the P wave, an
amplitude of the R wave, an amplitude of the T wave, a
difference between the peak position of the P wave and the
peak position of the R wave, a difference between the peak
position of the T wave and the position of the peak position
of the R wave, a PR segment, and an ST segment.

[0053] In FIG. 4B, in an implementation, the wavelet
transform is performed to the original ECG signal. For
example, the wavelet transform can include a quadratic-
spline discrete wavelet transform. If singularity of the origi-
nal ECG signal is an intersection of a rising edge and a
falling edge, after the wavelet transform, a signal associated
with the intersection can become a zero-crossing point
between a minimum value and a maximum value (referred
to as an “extremum value pair”). The zero-crossing point of
the extreme value pair is an onset position of the R wave of
the ECG signal. Therefore, the R-wave peak position can be
detected using the zero-crossing point of the extreme value
pair of the original ECG signal after the wavelet transform
being applied. The P wave and the T wave can be determined
using a similar method. Example time-domain feature data
of an ECG signal is shown in FIG. 4B.
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[0054] In an implementation, the P wave and the T wave
can be determined or detected busing a previously detected
R wave. For example, after the R-wave peak being deter-
mined, a P wave can be detected before the R-wave peak.
For example, the P wave can be searched in a time interval
from 250 microsecond (ms) before the R-wave peak to 150
ms before the R-wave peak. For another example, the T
wave can be detected after the R-wave peak. For example,
a T wave can be searched in a time interval from 170 ms
after the R-wave peak to 400 ms after the R-wave peak.
[0055] In another implementation, the PQRST wave is
continuous. Based on the R-wave peak, a Q wave can be
detected forwardly and an S wave can be detected back-
wardly. A P wave can be detected based on the Q wave, and
a T wave can be detected based on the S wave. In this
implementation, detection speed can be increased, and
detection error rate can be reduced.

[0056] In another implementation, feature data of the Q
wave and the S wave in time domain can also be used as the
time-domain feature data, so that the feature representation
of the ECG signal in the time domain can be further
improved.

[0057] In an implementation, a hardware circuit can be
used for detection of the time-domain feature data of the
ECG signal. As shown in FIG. 4C, the R-wave peak position
can be detected by an example hardware circuit.

[0058] In an implementation, a first comparator 32 can
compare the extremum value h in the wavelet coefficients
with an extremum value threshold stored in a first register
31. For example, for the first comparison, a default value
stored in a second register 33 can be zero.

[0059] For example, when the first comparator 32 deter-
mines that a maximum value is smaller than an upper
threshold in the first register 31, the first comparator 32 can
send a first logic signal 1 to an AND gate 36.The first
comparator 32 can also provide a second logic signal to a
second register 33. Based on the second logic signal, the
second register 33 can send the default value 0 to a second
comparator 35. The second register 33 can further store a
first count from a first counter 34, in which the first count can
be associated with a time corresponding to the maximum
value. The first counter 34 can send the time corresponding
to the maximum value to the second comparator 35. The
second comparator 35 can calculate a difference between the
time corresponding to the maximum value and 0, and then
further compare the difference with a predetermined R-wave
time width. The predetermined R-wave time width can
include a theoretical value (e.g., 0.1 s). When the second
comparator 35 determines that the difference is greater than
the predetermined R-wave time width, it can send a third
logic signal 0 to the AND gate 36. When the AND gate 36
receives the first logic signal 1 from the first comparator 32
and the third logic signal 0 from the second comparator 35,
the R-wave peak detection can be not triggered.

[0060] For another example, the first comparator 32 can
compare a minimum value with a lower threshold value in
the first register 31. If the minimum value is smaller than the
lower threshold, the first comparator 32 can send a fourth
logic signal 1 to the AND gate 36. The first comparator 32
can also provide a fifth logic signal for the second register
33. Based on the fifth logic signal, the second register 33 can
send the stored first count associated with the time corre-
sponding to the maximum value to the second comparator
35. The second register 33 can further store a second count
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from the first counter 34, in which the second count can be
associated with a time corresponding to the minimum value.
The first counter 34 can send the time corresponding to the
minimum value to the second comparator 35. The second
comparator 35 can determine a difference between the time
corresponding to the maximum value and the time corre-
sponding to the minimum value, and then further compare
the difference with the predetermined R-wave time width.
When the second comparator 35 determines that the differ-
ence is smaller than the predetermined R-wave time width,
it can end a sixth logic signal 1 to the AND gate 36. When
the AND gate 36 receives the fourth logic signal 1 from the
first comparator 32 and the sixth logic signal 1 from the
second comparator 35, the R-wave peak detection can be
triggered.

[0061] In an implementation, the P wave and the T wave
in the original ECG signal can be extracted based on the
R-wave peak position, and the time-domain feature data
described at the operation 408 can be obtained.

[0062] Due to ECG signal fluctuation, baseline drift and
other factors, amplitude values for QRS waves at different
times can be different, which can cause maximum values
and minimum values to be different on different scales at the
same time or on the same scale at different times. In this
disclosure, a dynamic method can be used to determine
extremum value thresholds used in the time-domain feature
data, and accuracy of extracting the time-domain feature
data can be improved by using dynamic extremum value
thresholds. In FIG. 4D, as an example, a value in a third
register 38 can be predetermined to be zero. A third com-
parator 37 can compare wavelet coefficients h at different
scales with respective values stored in the third register 38.
If the third comparator 37 finds a relatively large wavelet
coeflicient after the comparison, a logic control signal can be
sent to the third register 38. In an example, the third register
38 can determine extremum value thresholds using the
following method:

[0063] Upper threshold: MAX==p (a*max1+b*max2).
[0064] Lower threshold: MIN==q (a*minl+b*min2).
[0065] In the above equations, maxl is the maximum

value of the wavelet coeflicients detected in a first threshold
detection cycle; minl is the minimum value of the wavelet
coeflicients detected in the first threshold detection cycle;
max2 is the maximum value of the wavelet coeflicients
detected in a second threshold detection cycle; and min2 is
the minimum value of the wavelet coeflicients detected in
the second threshold detection cycle. a+b=1, in which a and
b denote weights corresponding to the first threshold detec-
tion cycle and the second threshold detection cycle, respec-
tively. p and q are positive numbers smaller than 1.

[0066] The extremum value thresholds calculated based
on the method described above can be stored in the first
register 31. A second counter 39 can control a current count.
When the current count reaches a threshold detection cycle,
the second counter 39 can clear the extremum value thresh-
olds in the first register 31, so that the extremum value
thresholds can be recalculated and updated at a next thresh-
old detection cycle.

[0067] In this implementation, the time-domain feature
data detection can be realized by hardware (e.g., registers
and comparators), in which the time-domain feature data
detection can become more real time. By using dynamic
extremum value thresholds, accuracy of the time-domain
feature data can be improved. By detecting P waves and T
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waves using detection results of R waves, detection speed
can be improved and detection error rate can be reduced.
[0068] FIG.5 is a flowchart of an example process 500 for
determining a disease based on a wearable device according
to an implementation of this disclosure. As shown in FIG. 5,
the process 500 can include the following operations.
[0069] At operation 502, an original ECG signal of a user
is received by an ECG sensor.

[0070] At operation 504, a feature vector (e.g., a feature
vector) of the original ECG signal is determined. The feature
vector can include time-domain feature data of the original
ECG signal and frequency-domain feature data of the origi-
nal ECG signal.

[0071] At operation 506, similarity values are determined
between the feature vector of the original ECG signal and
reference feature vectors of disease ECG signals that are
indicative of different diseases.

[0072] At operation 508, when a maximum similarity
value of the similarity values is greater than a first prede-
termined threshold (referred to as a “disease threshold”™), a
disease (e.g., a disease type) associated with the maximum
similarity value is determined as a disease (e.g., a disease
type) associated with the original ECG signal.

[0073] At the operation 506, for example, based on a
feature vector (e.g., an eigenvector) of the original ECG

signal (X) the similarity values can be determined by the
following formula:

AZ, T )=G-F ) M(%-%)

wherein X is the feature vector of the original ECG signal

of the user. X, is a feature vector of a disease ECG signal
indicative of an r-th recorded disease, in which r is a positive
integer. M is a matrix model that can be obtained using a
machine learning technique, and elements of the matrix
model can represent weight coeflicients associated with the
feature vector. T represents a transpose of the feature vector.
[0074] For example, when the wearable device is a smart
wristband, the smart wristband can store reference feature

— — . . . .
vectors X, and X, associated with disease 1 and disease 2,

. — —
respectively. The reference feature vectors x ; and x , can be
obtained by offline training using ECG signals of the disease
1 and the disease 2 recorded in medical case database
management systems provided by relevant medical insti-
tutes. In an implementation, similarity values d; and d, can

be calculated between the feature vector X and the reference

feature vectors X, and X 2, respectively. A larger value of d,
and d, can be determined. If the larger value of d, and d, is
larger than the predetermined disease threshold, a disease
type associated with the larger value can be determined as
the disease type identified by the smart wristband. For
example, if d, is greater than d, and further greater than the
predetermined disease threshold, it can be determined that
the user may have a disease associated with the reference

feature vector ?1. The predetermined disease threshold can
be obtained by trial tests.

[0075] In an implementation, a latest case report can also
be generated for the user based on the currently detected
disease type for the user’s reference.

[0076] In an implementation, if the maximum similarity
value is smaller than the predetermined disease threshold, it
can mean that the ECG signal detected by the ECG sensor

Aug. 24, 2017

is a normal ECG signal (e.g., indicative of the user having
no cardiovascular disease), and a report can be generated for
the user’s reference.

[0077] In another implementation, to prevent private data
of an authorized user breached by an unauthorized user
stealing the smart wristband, identity information of the
authorized user can be authenticated by the feature vector
corresponding to the original ECG signal. After the authen-
tication, disease detection can be performed to the ECG
signal of the user at the operations 506 and 508.

[0078] Referring to FIG. 6, an example process 600 for
user identity authentication using the feature vector of the
original ECG signal can include the following operations.
[0079] At operation 602, an original ECG signal of a user
is received by an ECG sensor.

[0080] At operation 604, a feature vector (e.g., a feature
vector) of the original ECG signal is determined. The feature
vector can include time-domain feature data of the original
ECG signal and frequency-domain feature data of the origi-
nal ECG signal.

[0081] At operation 606, whether a user identity associ-
ated with the original ECG signal is authorized is deter-
mined based on similarity between the feature vector and
reference feature vectors associated with ECG signals
indicative of authorized users (referred to as “identity ECG
signals”).

[0082] At the operation 606, in an implementation, simi-
larity values can be determined between the feature vector of
an ECG signal of a current user and the reference feature
vectors associated with the identity ECG signals indicative
of the authorized users. When a maximum similarity value
of the similarity values is greater than a second predeter-
mined threshold (referred to as a “identity threshold”), the
current user can be authenticated as authorized.

[0083] For example, when the wearable device is a smart
wristband, the smart wristband can store reference feature

vectors X, and X, associated with user A and user B,
respectively. As shown in FIG. 7, user A and user B have
different shapes of ECG signals in time domain, therefore,
they would also have different reference feature vectors,
respectively. In an implementation, similarity values d, and
dz can be calculated between the feature vector x of the ECG
signal of the current user and the reference feature vectors

— —> . . .

x 4 and X g, respectively. For example, if d, is greater than
dy and further greater than the predetermined identity
threshold, it can be determined that the current user of the
smart wristband is user A.

[0084] In an implementation, a same user can be associ-
ated with multiple reference feature vectors. The multiple
reference feature vectors can include reference feature vec-
tors of the user at motion and reference feature vectors of the
user at rest, respectively. For example, similarity values
between the feature vector of the ECG signal of the current
user and the multiple reference feature vectors associated
with the same user can be determined, and a state of the user
(e.g., a motion state or a static state) can be determined by
a maximum similarity value of the similarity values.
[0085] It should be understood by persons skilled in the art
that relevant parameters used in the similarity determination
techniques for performing the disease detection and the
identity authentication can be different or the same.

[0086] Implementations of this disclosure can perform
disease detection or identity authentication using hardware,
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which can effectively shorten time for the detection and
analysis. In addition, a matrix model obtained using a
machine learning technique can increase correction rate of
ECG recognition, which can further increase the accuracy of
the disease detection.

[0087] FIG. 8 is a diagram of an example structure of a
wearable device according to an implementation of this
disclosure. In FIG. 8: an ECG sensor 81 can receive an
original ECG signal; a signal preprocess module 821 can
perform a wavelet transform for the original ECG signal and
filter the transformed ECG signal to obtain wavelet coefli-
cients; a feature vector extraction module 822 can determine
time-domain feature data and frequency-domain feature data
from the original ECG signal; a model 823 (e.g., imple-
mented as a software module or a hardware module) can be
used to compute similarity between the feature vector of the
original ECG signal and reference feature vectors indicative
of the user-interested information (e.g., a reference feature
vector associated with a stored disease ECG signal, and/or
a reference feature vector associated with an ECG signal of
an authorized user); and a result determination module 824
can determine a state of the user-interested information
based on the computed similarity (e.g.. a disease detection
result for the user, or whether the user has an authorized
identity). In an implementation, the signal preprocess mod-
ule 821, the feature vector extraction module 822, the model
823, and the result determination module 824 can be
included in an FPGA system 82. In another implementation,
a storage module 83 can further store feature vectors asso-
ciated with various user-interested information (e.g., refer-
ence feature vectors associated with disease ECG signals,
and reference feature vectors associated with ECG signals of
authorized users). By storing the feature vectors, computa-
tional complexity of the FPGA system 82 can be reduced,
time for ECG signal recognition can be shortened, and
efficiency for the disease detection and the identity authen-
tication can be improved.

[0088] This disclosure also provides an apparatus for
determining user-interested information based on a wearable
device. FIG. 9 shows a diagram of an example hardware
structure of an apparatus for determining user-interested
information based on a wearable device according to an
implementation of this disclosure. In FIG. 9, the apparatus
for determining user-interested information based on the
wearable device can include a processor 910 and a machine-
readable storage medium 920. The processor 910 and the
machine-readable storage medium 920 can be connected by
an internal bus 930. In other possible implementations, the
apparatus can also include an external interface 940 for
communication with other devices or components.

[0089] In various implementations, the machine-readable
storage medium 920 can include a non-transitory memory,
such as a random access memory (RAM), a flash memory or
similar storage medium, or a combination thereof.

[0090] Further, as shown in FIG. 9, the machine-readable
storage medium 920 can store machine-executable instruc-
tions corresponding to a determination logic 950 for wear-
able-device based user-interested information determina-
tion. Based on functions, the determination logic 950 can
include a signal acquisition unit 951, a first determination
unit 952, and a second determination unit 953, which are
shown in FIG. 10.
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[0091] The signal acquisition unit 951 is configured to
receive an original ECG signal of a user through an ECG
sensor integrated with the wearable device.

[0092] The first determination unit 952 is configured to
determine a feature vector (e.g., a feature vector) of the
original ECG signal. The feature vector can include time-
domain feature data of the original ECG signal and fre-
quency-domain feature data of the original ECG signal.
[0093] The second determination unit 953 is configured to
determine the user-interested information based on similar-
ity between the feature vector and reference feature vectors
indicative of the user-interested information.

[0094] For example, the user-interested information can
include health information. The second determination unit
953 can determine a disease (e.g., a disease type) associated
with the original ECG signal based on the similarity between
the feature vector of the original ECG signal and a reference
feature vector associated with a disease ECG signal indica-
tive of a disease.

[0095] For another example, the user-interested informa-
tion can include identity information. The second determi-
nation unit 953 can determine whether a user identity
associated with the ECG signal is authorized based on
similarity between the feature vector and a reference feature
vector associated with an identity ECG signal indicative of
an authorized user.

[0096] In another implementation, the first determination
unit 952 can include the following subunits. A wavelet
transform subunit is configured to perform a wavelet trans-
form to the original ECG signal to obtain wavelet coefli-
cients of the original ECG signal. A first determination
subunit is configured to determine the wavelet coeflicients as
first frequency-domain feature data of the original ECG
signal.

[0097] In another implementation, the first determination
unit 952 can further include the following subunits. A first
computation subunit is configured to perform an AC opera-
tion and a DCT to the ECG signal after the wavelet trans-
form and filtered, to obtain DCT coefficients after the AC
and DCT. A second determination subunit is configured to
determine the DCT coefficients as second frequency-domain
feature data of the original ECG signal.

[0098] In another implementation, the first determination
unit 952 can further include the following subunits.

[0099] A comparison subunit is configured to compare
extremum values of the wavelet coeflicients with corre-
sponding extremum thresholds.

[0100] A detection subunit is configured to trigger R-wave
peak detection when two consecutive extremum values are
within their respective extremum thresholds and a time
difference between the two extremum values is smaller than
a predetermined R-wave time width.

[0101] A third determination subunit is configured to
extract a P wave and a T wave from the original ECG signal
based on a position of the R-wave peak.

[0102] A fourth determination subunit is configured to
determine the time-domain feature data for the original ECG
signal based on the R-wave peak position, the P wave, and
the T wave. The time-domain feature data can include: the
position of the R-wave peak, a peak position of the P wave,
a peak position of the T wave, an amplitude of the P wave,
an amplitude of the R wave, an amplitude of the T wave, a
difference between the peak position of the P wave and the
position of the R-wave peak, a difference between the peak
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position of the T wave and the position of the R-wave peak,
a PR segment, and an ST segment.

[0103] In another implementation, the second determina-
tion unit 953 can include the following subunits.

[0104] A computation subunit is configured to compute
similarity values between the feature vector of the original
ECG signal and the reference feature vectors indicative of
the user-interested information.

[0105] A fifth determination subunit is configured to deter-
mine the user-interested information associated with a maxi-
mum similarity value of the similarity values as the user-
interested information associated with the original ECG
signal when the maximum similarity value is greater than a
predetermined user-interested threshold.

[0106] In an example, the similarity value can be com-
puted using the following formula:

d(3, 3G ME-F,)

wherein X is the feature vector of the original ECG signal

of the user. X, is a feature vector of a disease ECG signal
indicative of an r-th recorded disease, in which r is a positive
integer. M is a matrix model that can be obtained using a
machine learning technique, and elements of the matrix
model can represent weight coeflicients associated with the
feature vector.

[0107] As an example, the determination logic 950 can be
implemented as software. An example process of how a
wearable device can execute the determination logic 950 is
described as follows. In this example, the determination
logic 950 for wearable device-based user-interested infor-
mation determination can include a set of computer-execut-
able instructions stored in the machine-readable storage
medium 920. When a processor 910 in a wearable device
executes the logic 950, the processor 910 can invoke the
instructions associated with the determination logic 950
stored in the machine-readable storage medium 920 to
perform the following operations.

[0108] An original ECG signal of a user is received by an
ECG sensor integrated in the wearable device. A feature
vector of the original ECG signal is determined. The feature
vector can include time-domain feature data of the original
ECG signal and frequency-domain feature data of the origi-
nal ECG signal. The user-interested information is deter-
mined based on similarity between the feature vector of the
original ECG signal and reference feature vectors indicative
of the user-interested information.

[0109] In an implementation, the user-interested informa-
tion can include health information. When the user-inter-
ested information is being determined based on the similar-
ity between the feature vector and the reference feature
vectors indicative of the user-interested information, the
computer-executable instructions can cause the processor to
determine a disease type associated with the original ECG
signal based on similarity between the feature vector of the
original ECG signal and a reference feature vector of a
disease ECG signal.

[0110] In another implementation, the user-interested
information can include identity information. When the
user-interested information is being determined based on the
similarity between the feature vector and the reference
feature vectors indicative of the user-interested information,
the computer-executable instructions can cause the proces-
sor to determine whether a user identity associated with the
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original ECG signal is authorized based on similarity
between the feature vector of the original ECG signal and a
reference feature vector of an ECG signal of an authorized
user.

[0111] In an implementation, when determining the fea-
ture vector of the original ECG signal, computer-executable
instructions can cause the processor to: perform a wavelet
transform to the original ECG signal to obtain wavelet
coeflicients of the original ECG signal; and determine the
wavelet coeflicients as first frequency-domain feature data
of the original ECG signal.

[0112] In an implementation, when determining the fea-
ture vector of the original ECG signal, the computer-execut-
able instructions can cause the processor to: perform an AC
operation and a DCT on the ECG signal after the wavelet
transform and filtered, to obtain DCT coefficients after the
AC and DCT; and determine the DCT coefficients as second
frequency-domain feature data of the original ECG signal.
[0113] In another implementation, when determining a
feature vector of the original ECG signal, the computer-
executable instructions can cause the processor to: compare
(e.g., by a comparator) extremum values of the wavelet
coeflicients with corresponding extremum thresholds; trig-
ger detection of the R-wave peak when two consecutive
extremum values are within their respective extremum
thresholds and a time difference between the two extremum
values is smaller than a predetermined R-wave time width;
extract a P wave and a T wave of the ECG signal based on
a position of the R-wave peak; and determine the time-
domain feature data of the ECG signal from at least one of
the R-wave peak, the P wave, and the T wave. The time-
domain feature data of the ECG signal can include at least
one of: the peak position of the R wave, a peak position of
the P wave, a peak position of the T wave, an amplitude of
the P wave, an amplitude of the R wave, an amplitude of the
T wave, a difference between the peak position of the P wave
and the peak position of the R wave, a difference between
the peak position of the T wave and the position of the peak
position of the R wave, a PR segment, and an ST segment.
[0114] In another implementation, when the user-inter-
ested information is being determined based on the similar-
ity between the feature vector and the reference feature
vectors indicative of the user-interested information, the
computer-executable instructions can cause the processor to
calculate similarity values between the feature vector of the
original ECG signal and the reference feature vectors rep-
resenting the user-interested information; and, when a maxi-
mum similarity value of the similarity values is greater than
a predetermined threshold, determine the user-interested
information associated with the maximum similarity value
as the user-interested information associated with the origi-
nal ECG signal.

[0115] In an example, the similarity value can be com-
puted using the following formula:

43, 3 )=(7 -3 )T MF-3)

wherein X is the feature vector of the original ECG signal

of the user. X, is a feature vector of a disease ECG signal
indicative of an r-th recorded disease, in which r is a positive
integer. M is a matrix model that can be obtained using a
machine learning technique, and elements of the matrix
model can represent weight coeflicients associated with the
feature vector.
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[0116] As described above, it should be noted that all or a
portion of aspects of the disclosure described herein can be
implemented using a general purpose computer/processor
with a computer program that, when executed, carries out
any of the respective techniques, algorithms and/or instruc-
tions described herein. In addition, or alternatively, for
example, a special purpose computer/processor can be uti-
lized which can contain specialized hardware for carrying
out any of the techniques, algorithms, or instructions
described herein.

[0117] The implementations of computing devices as
described herein (and the algorithms, methods, instructions,
etc., stored thereon and/or executed thereby) can be realized
in hardware, software, or any combination thereof. The
hardware can include a field-programmable gate array
(FPGA). In the claims, the term “processor” should be
understood as encompassing any of the foregoing, either
singly or in combination. The terms “signal” and “data” are
used interchangeably. Further, portions of the computing
devices do not necessarily have to be implemented in the
same manner.

[0118] The aspects herein can be described in terms of
functional block components and various processing opera-
tions. The disclosed processes and sequences may be per-
formed alone or in any combination. Functional blocks can
be realized by any number of hardware and/or software
components that perform the specified functions. For
example, the described aspects can employ various inte-
grated circuit components, e.g., memory elements, process-
ing elements, logic elements, look-up tables, and the like,
which can carry out a variety of functions under the control
of one or more microprocessors or other control devices.
Functional aspects can be implemented in algorithms that
execute On one Or More Processors.

[0119] Implementations or portions of implementations of
the above disclosure can take the form of a computer
program product accessible from, for example, a computer-
usable or computer-readable medium. A computer-usable or
computer-readable medium can be any device that can, for
example, tangibly contain, store, communicate, or transport
a program or data structure for use by or in connection with
any processor. The medium can be, for example, an elec-
tronic, magnetic, optical, electromagnetic, or a semiconduc-
tor device. Other suitable mediums are also available. Such
computer-usable or computer-readable media can be
referred to as non-transitory memory or media, and can
include RAM or other volatile memory or storage devices
that can change over time. A memory of an apparatus
described herein, unless otherwise specified, does not have
to be physically contained by the apparatus, but is one that
can be accessed remotely by the apparatus, and does not
have to be contiguous with other memory that might be
physically contained by the apparatus.

[0120] The word “example” is used herein to mean serv-
ing as an example, instance, or illustration. Any aspect or
design described herein as “example” is not necessarily to be
construed as preferred or advantageous over other aspects or
designs. Rather, use of the word “example” is intended to
present concepts in a concrete fashion. As used in this
application, the term “or” is intended to mean an inclusive
“or” rather than an exclusive “or”. That is, unless specified
otherwise, or clear from context, “X includes A or B” is
intended to mean any of the natural inclusive permutations.
In other words, if X includes A; X includes B; or X includes
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both A and B, then “X includes A or B” is satisfied under any
of the foregoing instances. In addition, the articles “a” and
“an” as used in this application and the appended claims
should generally be construed to mean “one or more” unless
specified otherwise or clear from context to be directed to a
singular form. Moreover, use of the term “an aspect” or “one
aspect” throughout is not intended to mean the same imple-
mentation or aspect unless described as such.

[0121] The use of “including” or “having” and variations
thereof herein is meant to encompass the items listed there-
after and equivalents thereof as well as additional items.
Unless specified or limited otherwise, the terms “mounted,”
“connected,” ‘supported,” and “coupled” and variations
thereof are used broadly and encompass both direct and
indirect mountings, connections, supports, and couplings.
Further, “connected” and “coupled” are not restricted to
physical or mechanical connections or couplings.

[0122] The use of the terms “a” and “an” and “the” and
similar referents in the context of describing the disclosure
(especially in the context of the following claims) should be
construed to cover both the singular and the plural. Further-
more, recitation of ranges of values herein are merely
intended to serve as a shorthand method of referring indi-
vidually to each separate value falling within the range,
unless otherwise indicated herein, and each separate value is
incorporated into the specification as if it were individually
recited herein. Finally, the steps of all methods described
herein are performable in any suitable order unless other-
wise indicated herein or otherwise clearly contradicted by
context. The use of examples, or exemplary language (e.g.,
“such as”) provided herein, is intended merely to better
illuminate the disclosure and does not pose a limitation on
the scope of the disclosure unless otherwise claimed.

[0123] While the disclosure has been described in con-
nection with certain implementations and implementations,
it is to be understood that the disclosure is not to be limited
to the disclosed implementations but, on the contrary, is
intended to cover various modifications and equivalent
arrangements included within the scope of the appended
claims, which scope is to be accorded the broadest interpre-
tation so as to encompass all such modifications and equiva-
lent structures as is permitted under the law.

What is claimed is:

1. A method for determining user-interested information
using a wearable device, comprising:

receiving, by an electrocardiography (ECG) sensor asso-
ciated with the wearable device, an ECG signal of a
user;

determining a feature set for the ECG signal, wherein the
feature set comprises time-domain feature data of the
ECG signal and frequency-domain feature data of the
ECG signal; and

determining the user-interested information based on
similarity between the feature set and reference feature
sets indicative of the user-interested information,
wherein the user-interested information comprises
health information associated with a disease.

2. The method of claim 1, wherein determining the
user-interested information based on the similarity between
the feature set and the reference feature sets indicative of the
user-interested information comprises:
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determining a disease type associated with the ECG signal
based on similarity between the feature set and a first
reference feature set associated with a first ECG signal
indicative of a disease.

3. The method of claim 1, wherein the user-interested
information further comprises identity information, and
determining the user-interested information based on the
similarity between the feature set and the reference feature
sets indicative of the user-interested information comprises:

determining whether a user identity associated with the

ECG signal is authorized based on similarity between
the feature set and a second reference feature set
associated with a second ECG signal indicative of an
authorized user.

4. The method of claim 1, wherein determining the feature
set for the ECG signal comprises:

determining wavelet coefficients for the ECG signal by

performing a wavelet transform to the ECG signal; and
determining the wavelet coeflicients as a first type of the
frequency-domain feature data of the ECG signal.
5. The method of claim 4, wherein determining the feature
set for the ECG signal comprises:
determining discrete cosine transform (DCT) coefficients
by performing autocorrelation (AC) and DCT to the
ECG signal filtered after the wavelet transform; and
determining the DCT coeflicients as a second type of the
frequency-domain feature data of the ECG signal.
6. The method of claim 4, wherein determining the feature
set for the ECG signal comprises:
determining, for extremum values of the wavelet coefli-
cients comprising at least one of maximum values and
minimum values, whether a first extremum value is
within a first extremum value threshold and a second
extremum value is within a second extremum value
threshold;
determining an R-wave peak of an R wave based on a
determination that the first extremum value and the
second extremum value are consecutive, the first extre-
mum value is within the first extremum value thresh-
old, the second extremum value is within the second
extremum value threshold, and a time difference
between the first extremum value and the second extre-
mum value is smaller than a predetermined R-wave
time width;
determining a P wave and a T wave for the ECG signal
based on a position of the R-wave peak; and

determining the time-domain feature data of the ECG
signal based on at least one of the R-wave peak, the P
wave, and the T wave, wherein the time-domain feature
data comprises at least one of: the position of the
R-wave peak, a peak position of the P wave, a peak
position of the T wave, an amplitude of the P wave, an
amplitude of the R wave, an amplitude of the T wave,
a difference between the peak position of the P wave
and the position of the R-wave peak, a difference
between the peak position of the T wave and the
position of the R-wave peak, a PR segment, and an ST
segment.

7. The method of claim 1, wherein determining the
user-interested information based on the similarity between
the feature set and the reference feature sets indicative of the
user-interested information comprises:

determining similarity values for the feature set and the

reference feature sets, wherein a similarity value of the
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similarity values is determined between the feature set

and a reference feature set of the reference feature sets;

and

based on a determination that a maximum similarity value
of the similarity values is greater than a predetermined
threshold, determining the user-interested information
as user-interested information associated with the
maximum similarity value.

8. The method of claim 7, wherein determining the
similarity values for the feature set and the reference feature
sets comprises:

determining a difference set using the feature set and the
reference feature set, wherein a record in the difference
set is determined as a difference between a record in the
feature set and a corresponding record in the reference
feature set; and

determining the similarity value for the feature set and the
reference feature set using a weighted sum model
comprising weights associated with records of the
feature set, wherein the weights are determined using a
machine learning technique, and the similarity value is
determined as a weighted sum of records in the differ-
ence set using the weights.

9. A wearable device, comprising:

an electrocardiography (ECG) sensor, configured to
receive an ECG signal of a user; and

a field-programmable gate array (FPGA) system, config-
ured to determine user-interested information based on
the ECG signal, further comprising:

a feature set determination module, configured to deter-
mine a feature set for the ECG signal, wherein the
feature set comprises time-domain feature data of the
ECG signal and frequency-domain feature data of
the ECG signal; and

a result determination module, configured to determine
the user-interested information based on similarity
between the feature set and reference feature sets
indicative of the wuser-interested information,
wherein the user-interested information comprises at
least one of health information associated with a
disease and identity information associated with an
identity.

10. The wearable device of claim 9, wherein the FPGA
system further comprises:

a processing module, configured to determine wavelet
coeflicients by performing a wavelet transform and
filtering to the ECG signal; and

amodel used to determine similarity values for the feature
set and the reference feature sets.

11. An apparatus for determining user-interested informa-

tion based on a wearable device, comprising:

a processor; and

a memory coupled to the processor, the memory config-
ured to store instructions which when executed by the
processor become operational with the processor to:
receive, by an electrocardiography (ECG) sensor asso-

ciated with the wearable device, an ECG signal of a
user;

determine a feature set for the ECG signal, wherein the
feature set comprises time-domain feature data of the
ECG signal and frequency-domain feature data of
the ECG signal; and

determining the user-interested information based on
similarity between the feature set and reference
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feawre sets indicative of the user-interested infor-
mation, wherein the user-interested information
comprises health information associated with a dis-
ease.

12. The apparatus of claim 11, wherein the instructions
operational with the processor to determine the user-intet-
ested information based on similarity between the feature set
and reference feature sets indicative of the user-interested
information further comprise instructions to:

determine a disease type associated with the ECG signal

based on similarity between the feature set and a first
reference feature set associated with a first ECG signal
indicative of a disease.

13. The apparatus of claim 11, wherein the user-interested
information further comprises identity information, and the
instructions operational with the processor to determine the
user-interested information based on the similarity between
the feature set and the reference feature sets indicative of the
user-interested information further comprise instructions to:

determine whether a user identity associated with the

ECG signal is authorized based on similarity between
the feature set and a second reference feature set
associated with a second ECG signal indicative of an
authorized user.

14. The apparatus of claim 11, wherein the instructions
operational with the processor to determine the feature set
for the ECG signal further comprise instructions to:

determine wavelet coeflicients for the ECG signal by

performing a wavelet transform to the ECG signal; and
determine the wavelet coeflicients as a first type of the
frequency-domain feature data of the ECG signal.

15. The apparatus of claim 14, wherein the instructions
operational with the processor to determine the feature set
for the ECG signal further comprise instructions to:

determine discrete cosine transform (DCT) coeflicients by

performing autocorrelation (AC) and DCT to the ECG

signal filtered after the wavelet transform; and
determine the DCT coeflicients as a second type of the

frequency-domain feature data of the ECG signal.

16. The apparatus of claim 14, wherein the instructions
operational with the processor to determine the feature set
for the ECG signal further comprise instructions to:

determine, for extremum values of the wavelet coefli-

cients comprising at least one of maximum values and
minimum values, whether a first extremum value is
within a first extremum value threshold and a second
extremum value is within a second extremum value
threshold;

determine an R-wave peak of an R wave based on a

determination that the first extremum value and the
second extremum value are consecutive, the first extre-
mum value is within the first extremum value thresh-
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old, the second extremum value is within the second
extremum value threshold, and a time difference
between the first extremum value and the second extre-
mum value is smaller than a predetermined R-wave
time width;
determine a P wave and a T wave for the ECG signal
based on a position of the R-wave peak; and

determining the time-domain feature data of the ECG
signal based on at least one of the R-wave peak, the P
wave, and the T wave, wherein the time-domain feature
data comprises at least one of: the position of the
R-wave peak, a peak position of the P wave, a peak
position of the T wave, an amplitude of the P wave, an
amplitude of the R wave, an amplitude of the T wave,
a difference between the peak position of the P wave
and the position of the R-wave peak, a difference
between the peak position of the T wave and the
position of the R-wave peak, a PR segment, and an ST
segment.

17. The apparatus of claim 11, wherein the instructions
operational with the processor to determine the user-inter-
ested information based on the similarity between the fea-
ture set and the reference feature sets indicative of the
user-interested information further comprise instructions to:

determine similarity values for the feature set and the

reference feature sets, wherein a similarity value of the
similarity values is determined between the feature set
and a reference feature set of the reference feature sets;
and

based on a determination that a maximum similarity value

of the similarity values is greater than a predetermined
threshold, determine the user-interested information as
user-interested information associated with the maxi-
mum similarity value.

18. The apparatus of claim 17, wherein the instructions
operational with the processor to determine the similarity
values for the feature set and the reference feature sets
further comprise instructions to:

determine a difference set using the feature set and the

reference feature set, wherein a record of a data type in
the difference set is determined as a difference between
a first record of the data type in the feature set and a
second record of the data type in the reference feature
set;

and determine the similarity value for the feature set and

the reference feature set using a weighted sum model
comprising weights associated with records of the
feature set, wherein the weights are determined using a
machine learning technique, and the similarity value is
determined as a weighted sum of records in the differ-
ence set using the weights.
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