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(57) Abstract: Systems and methods for recognizing a gesture in a wearable device are disclosed. The system may sense a plurality
of sensor measurements during a gesture sensing session, and down-sample the measurements using an adaptive down-sampling in -
terval. The adaptive down-sampling interval may be determined based at least on a fractional part of a ratio of a frame length of the
sensor measurements to a specified target length shorter than the frame length. The magnitude of the down-sampled measurements is
normalized, and a feature vector may be generated using the normalized measurements. A gesture recognizer module may associate a
gesture with the feature vector using gesture classification.
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TIME DOMAIN FEATURE TRANSFORM FOR USER GESTURES

TECHNICAL FIELD
[0001] This document relates generally to wearable devices, and more
particularly, to systems and methods for recognizing user gestures in a wearable

device.

BACKGROUND
[0002] Mobile devices, such as smartphones and tablets, have functionalities
to allow a user to interact with the device through different user activities. A
device gesture may describe the user’s movement of the device such as moving
the device in hands, positioning, tilting, rotating, or shaking the device such as
with respect to a reference positon in the environment. Other user gestures, such
as via a user interface on the mobile device, may include tapping, swiping,
spreading, or pinching. A mobile device may recognize various gestures and
translate them to corresponding commands to operate the device.
[0003] Wearable devices are miniature mobile devices developed for general
or special purpose information technologies and media development. A
wearable device may incorporate a computer and electronics and may be worn
by users. The users may constantly interact with the device through various
means including gestures. Examples of the wearable devices include
smartwatches, smart activity trackers, smart glasses, and wearable health
monitors.
[0004]  Accurate and robust gesture recognition may enhance user experience
of the wearable devices. However, gesture recognition may consume significant
power and computational resources. Additionally, gestures may be non-periodic
in nature and short in duration, and prone to noise or other sources of
interferences. Conventional gesture recognition based on statistical features or

frequency analysis may not provide desired recognition performance.
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BRIEF DESCRIPTION OF THE DRAWINGS
[0005] In the drawings, which are not necessarily drawn to scale, like
numerals may describe similar components in different views. Like numerals
having different letter suffixes may represent different instances of similar
components. Some embodiments are illustrated by way of example, and not
limitation, in the figures of the accompanying drawings in which:
[0006] FIG. 1 illustrates, by way of example and not limitation, a diagram of
a system for recognizing a gesture in a wearable device.
[0007] FIGS. 2A-B illustrate, by way of example and not limitation, a
diagram of adaptive down-sampling of sensor measurements.
[0008] FIGS. 3A-B illustrate, by way of example and not limitation, graphs of
resampled and normalized sensor measurements.
[0009] FIG. 4 illustrates, by way of example and not limitation, a method for
recognizing a gesture in a wearable device.
[0010] FIG. 5 illustrates, by way of example of not limitation, a block
diagram illustrating an example machine upon which any one or more of the

techniques discussed herein may perform, according to an example embodiment.

DETAILED DESCRIPTION
[0011] In the following description, for purposes of explanation, numerous
specific details are set forth in order to provide a thorough understanding of
some example embodiments. It will be evident, however, to one skilled in the art
that the present disclosure may be practiced without these specific details.
[0012] Described herein are systems and methods for recognizing a gesture in
a wearable device such as a smartphone or a smartwatch. Gesture recognition is
based on time-domain transformation and feature extraction. A system
described herein may sense a plurality of sensor measurements during a gesture
sensing session, and down-sample the measurements using an adaptive down-
sampling interval. The adaptive down-sampling interval may be determined
based at least on a fractional part of a ratio of a frame length of the sensor
measurements to a specified target length shorter than the frame length. The
magnitude of the down-sampled measurements may be normalized, and a feature
vector may be generated. A gesture recognizer module may associate a gesture

with the feature vector using gesture classification.
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[0013] FIG. 1 illustrates, by way of example and not limitation, a diagram of
a system 100 for recognizing a gesture in a wearable device. Examples of the
gestures recognized by the system 100 may include device gestures describing
various patterns of movement of a wearable device, or user gestures such as
hand gestures corresponding to user commands to operate the wearable device.
Examples of the wearable device may include smartwatches, smart wristband,
smart glasses, wearable medical and health monitors, or other wearables. Other
examples may include smartphones, tablets, or other mobile devices.

[0014] The system 100 may include a sensor module 110, a signal processor
module 120, a gesture recognizer module 130, a memory 140, and an optional
output module 150. In an example, the system 100 may include a wearable
device that includes at least a portion of one or more of the sensor module 110,
signal processor module 120, or the gesture recognition module 130. In some
examples, one or more modules of the system 100 may be implemented as a part
of a microprocessor circuit. The microprocessor circuit may be a dedicated
processor such as a digital signal processor, application specific integrated
circuit (ASIC), microprocessor, or other type of processor for processing
information including sensor measurements such as received from the sensor
module 110. Alternatively, the microprocessor circuit may be a general purpose
processor that may receive and execute a set of instructions of performing the
functions, methods, or techniques described herein.

[0015] In some examples, one or more modules of the system 100 may
be implemented or executed in circuits or sub-circuits. These circuits may,
alone or in combination, perform the functions, methods, or techniques described
herein. In an example, hardware of the circuit set may be immutably designed to
carry out a specific operation (e.g., hardwired). In an example, the hardware of
the circuit set may include variably connected physical components (e.g.,
execution units, transistors, simple circuits, etc.) including a computer readable
medium physically modified (e.g., magnetically, electrically, moveable
placement of invariant massed particles, etc.) to encode instructions of the
specific operation. In connecting the physical components, the underlying
electrical properties of a hardware constituent are changed, for example, from an
insulator to a conductor or vice versa. The instructions enable embedded

hardware (e.g., the execution units or a loading mechanism) to create members
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of the circuit set in hardware via the variable connections to carry out portions of
the specific operation when in operation. Accordingly, the computer readable
medium is communicatively coupled to the other components of the circuit set
member when the device is operating. In an example, any of the physical
components may be used in more than one member of more than one circuit set.
For example, under operation, execution units may be used in a first circuit of a
first circuit set at one point in time and reused by a second circuit in the first
circuit set, or by a third circuit in a second circuit set at a different time.

[0016]  The sensor module 110 may include a sense amplifier to sense a
plurality of sensor measurements during a gesture sensing session. The sense
amplifier may be coupled to one or more sensors on a mobile device or
associated with the mobile device user. In an example, the sensor module 110
may include an accelerometer sensor that may produce a plurality of acceleration
measurements during a gesture sensing session. The accelerometer may be a
two- or three-dimensional accelerometer. In another example, the sensor module
110 may include a gyroscope sensor that may produce a plurality of orientation
measurements during a gesture sensing session. Other examples of the sensors
may include cameras, pressure sensors, temperature sensors, ultrasound sensors,
or magnetometers, among others. The sensor measurements may be pre-
processed, including amplification, digitization, filtering, or other signal
conditioning operations. The pre-processed sensor measurements during the
gesture sensing session may form a frame of a discrete-time digital signal with a
frame length (Nrrame).

[0017] The signal processor module 120 may generate from the pre-processed
sensor measurements a feature vector associated with a gesture. As illustrated in
FIG. 2, the signal processor module 120 may include a resampler module 122, a
normalizer module 124, and a feature generator module 126. The resampler
module 122 may down-sample the plurality of sensor measurements at an
adaptive down-sampling interval to produce down-sampled measurements
having a target length of N1. The present inventors have recognized that
gestures of the same type may have different speed or different duration (e.g.,
different duration of a gesture sensing session). The resulting measurements,
which correspond to different instances of the same type of gesture, may

manifest inter- or intra-user variations in data length that. Down-sampling the
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sensor measurements during a gesture sensing session, such as by using
resampler module 122, may reduce the effect of variation in action speed or
action duration of the sensor measurements, thereby improving the robustness of
gesture recognition. Down-sampling the sensor measurement may also reduce
5  power consumption and computational demand for gesture recognition.

[0018] In an example, the target length Nt is a pre-determined fixed length
shorter than the frame length Nrume. The adaptive down-sampling interval (Ls)
indicates a count of data samples in the pre-processed sensor measurement used
for produce one down-sampled measurement. For example, an Ls = 10 indicates

10 that a down-sampled measurement is derived from every ten pre-processed
Sensor measurements.
[0019] The adaptive down-sampling interval may be determined based at
least on a fractional part of a ratio (R) of the frame length Nrwame to the target
length Nt. If NEame i8 divisible by N, the down-sampling interval Ls is

15  determined to be equal to the ratio R. If the NEwame is not divisible by N, the
ratio R has an integer part Ry and a fractional part Ry, that is, R = Nrame/NT = Ry
+ Rf, where O<Rr<1. The resampler module 122 may accumulate the fractional
part (Rg) for each resampling operation (i.e., aRr = aRr + RF), and determine an
adaptive down-sampling interval as a function of Ry and the accumulated Rr

20  (aRg). Inan example, the resampler module 122 may set the adaptive down-
sampling interval Ls to Ry if aRF is less than one. If the aRr is equal to or greater
than one, then the resampler module 122 may set the Ls to Ri+1, and update aRr
by subtracting one from aRr. That is,

R, ifaRs <1

Ls = (D
R/+1, ifaRy>1

25 [0020] As an example, the pre-processed sensor measurements during a
gesture sensing session (i.e., a frame) have a length of Nrame = 129 data samples.
To down-sample the measurements to a fixed target length Nt = 20, the down-
sampling ratio R = 129/20 = 6.45, that is, Ri= 6 and Rr=0. 45. Table 1
illustrates the adaptive down-sampling interval Ls as determined based at least

30  onthe accumulated fractional part aRg. The 129 samples may be divided into a
plurality of consecutive data blocks, where each data block has a respective
length equal to Ls and begins at the next sample following the end of the

preceding block. As illustrated in Table 1, the first block, beginning at index 0,
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has a length Ls(1) = Ry = 6. The fractional part Rr = 0.45 is applied to the second

block that begins at index 6. Because the accumulated fractional part aRg(2) =

0.45<1, the down-sampling interval for the second block remains to be Ls(2) =
Ri= 6. Similarly, for block 3, the accumulated aRg (3)= 0.45+0.45 = 0.9<1,

rendering Ls(3) = 6. For block 4, which begins at sample index 19, the

accumulated aRr(4) = 0.45%3 = 1.35>1. The resampler module 122 may then set

the Ls(4) = Ri+1 =7, and update the aRr by decrementing aRr by 1, that is, aRr

= aRr- 1 =0.35. The adaptive down-sampling process may proceed to the end

of the sensor measurements. The resulting 20 data blocks have variable block

length Ls adaptively determined based on the accumulated fractional part aRF.

Table 1. An example of adaptive down-sampling of measurements.

Block index

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

aRg

0.45

0.9

135

18

2.25

2.7

3.15

3.6

4.05

4.5

4.95

5.4

5.85

6.3

6.75

7.2

7.65

8.1

8.55

Updated aR:

0.45

0.9

0.35

0.8

0.25

0.7

0.15

0.6

0.05

0.5

0.95

0.4

0.85

0.3

0.75

0.2

0.65

0.1

0.55

Block Length (Ls)

6

6

6

7

6

6

7

6

7

Beginning index
of block

13

19

26

32

39

45

52

58

64

71

77

84

90

97

103

110

116

122

[0021]

measurements by replacing each data block (having a length of Ls) with a

The resampler module 122 may down-sample the plurality of sensor

corresponding representative value. Examples of the representative value may

include a mean, a median, a mode, or other central tendency index of the

measurements within each data block. In an example, the resample module 122

may include an average filter module 123 that may generate an average value of

sensor measurements within each data block, where each data block has a

respective length equal to the adaptive down-sampling interval Ls. Taking an

average of the sensor measurements within a data block may reduce noise or

undesirable interferences in the sensor measurements.

[0022]

The normalizer module 124, coupled to the resampler module 122,

may normalize the magnitude of the down-sampled measurements and produce

normalized measurements. The present inventors have recognized that gestures

of the same type may have different signatures of signal intensity, such as

magnitude of an acceleration signal sensed by an accelerometer. Normalization,

such as by using the normalizer module 124, may reduce the inter- or intra-user

variation across different instances of the same type of gesture, thereby

improving the robustness of gesture recognition. The normalizer module 124
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may include a quantization module to quantize the down-sampled measurements
to a specified range. The normalizer module 124 may further normalize the
quantized measurements using an empirical factor.

[0023] The feature generator module 126 may generate a feature vector using
the normalized measurements provided by the normalizer module 124. The
feature vector may include morphological or statistical features. In an example,
the feature vector may include characteristic data samples extracted from the
normalized measurements, such as a peak, a trough, a local maximum, a local
minimum, a maximal slope, a minimal slope, or an inflection point, among
others. The feature vector may also include timing information of the
characteristic data samples included in the feature vector.

[0024]  The gesture recognizer module 130 may associate a gesture with the
feature vector. In an example, the gesture recognizer module 130 may include
one or more classifiers that classify the feature vector to one of a plurality of
specified target gesture classes, such as hand gestures corresponding to
commands for operating a mobile device such as a smartphone or a tablet. The
hand gestures may include one or multiple finger gestures, or palm or arm
gestures. Examples of hand gesture classes may include tapping or repeated
tapping, holding, swiping to one of a plurality of directions, multiple finger
movement, spreading, pinching, rotating at one of a plurality of orientations,
shaking, flicking, or bumping to one of a plurality of directions, among others.
[0025] In an example, the gesture recognizer module 130 may classify the
feature vector using a rule-based classifier, such as a decision-tree. In an
example, the gesture recognizer module 130 may classify the feature vector
using a template matching between the feature vector and a gesture template,
where a similarity score such as a multi-dimensional distance between the
normalized measurements and a gesture template may be determined, and a
gesture classification may be made based on a comparison of the similarity score
and a threshold value. One or more of other linear or nonlinear classifiers may
be used, including a regression model, a neural network classifier, a support
vector machine, a hidden Markov model, a random forest classifier, a voting
model, or a fuzzy logic model, among others. As illustrated in FIG. 1, the
gesture recognizer module 130 may be coupled to a memory 140 that stores

classifiers and the association parameters such as rules, threshold values, or
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templates for use in the classification of the feature vector. The classified
feature vector may additionally be stored in the memory 140, and may be used to
update the template or other classification parameters for future gesture
recognition.

[0026] The optional output module 150 may associate the recognized gesture
with a user-intended action and produce a command of operating the wearable
device, such as to open or close an application (“App”) or other interactions with
the mobile device.

[0027] FIGS. 2A-B illustrate, by way of example and not limitation, a
diagram of adaptive down-sampling of the sensor measurements, such as by
using the resampler module 122 in FIG.1. FIG. 2A illustrates sensor
measurements 210 which may be a portion of a discrete-time signal produced by
the sensor module 110, such as an acceleration signal acquired during a gesture
sensing session. The measurements 210 of a length (number of data samples) of
Nemme may be down-sampled to a target length Nt by using an adaptive down-
sampling interval Ls, such as described previously with reference to the
resampler module 122. A plurality of consecutive data blocks 220A-G may be
generated, each having respective block length Ls. The block length Ls may be
adaptively determined based on the fractional part (Rr) of the down-sampling
ratio Nrmme/NT, such as according to Equation (1). As illustrated in FIG. 2A,
the block lengths for block 220C, 220E, or 220G are each longer than the block
lengths of 220A, 220B, 220D, or 220F. FIG. 2B illustrates down-sampled
measurements 250A-G. Each data sample of the down-sampled measurements
250 is taken as a representative value of the corresponding data block. In an
example, the representative values 250A-G may each be calculated as an average
of the data samples within the respective data blocks 220A-G, such as produced
by the average filter module 123. The resulting down-sampled measurements
250A-G may be normalized to extract a feature vector for use in gesture
recognition.

[0028] FIGS. 3A-B illustrate, by way of example and not limitation, graphs of
resampled and normalized measurements sensed by an accelerometer and
processed by the signal processor module 120. The measurements 310 shown in
FIG. 3A are taken during a first gesture sensing session and correspond to a first

gesture. The normalized measurements 320 shown in FIG. 3B are taken during
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a second gesture sensing session and correspond to a second gesture different
than the first gesture. Through the down-sampling process, the measurements
310 and 320 have identical target data length of Nt = 60 samples. The
measurements 310 have different signal morphology than the measurement 310
including magnitude and timing of the global peak and trough and of the local
peaks and troughs. Feature vectors that include morphological features and the
timings may be respectively generated from the measurements 310 and 320, and
used for gesture recognition such as by using template matching or other
classifiers as discussed previously with reference to FIG.1.

[0029] FIG. 4 illustrates, by way of example and not limitation, a method 400
for recognizing a gesture in a wearable device. The method 400 may be
implemented and executable in the system 100 or a modification thereof. In an
example, the method 400 may be implemented and executable in a wearable
device such as a smartwatch, a wearable activity tracker, or a smartphone.
[0030] The method 400 may begin at 410 by sensing a plurality of sensor
measurements during a gesture sensing session, such as by using a sensor
module 110. Examples of the senor measurements may include acceleration
signals sensed by an accelerometer, orientation measurements sensed by a
gyroscope, pressure signals sensed by a pressure sensor, or temperature
measurements sensed by a temperature sensor, among others. The sensor
measurements may be processed to create a discrete-time digital signal with a
particular frame length (Nrrame).

[0031] At 420, an adaptive down-sampling interval (Ls) may be determined.
Down-sampling the sensor measurements during a gesture sensing session may
improve the robustness of gesture recognition by reducing the effect of variation
in action speed or duration on the sensor measurements. The adaptive down-
sampling interval may be determined using a ratio of the frame length Nruame to a
pre-determined target length Nt. If Npmme is divisible by N, the down-sampling
interval Ls is determined to be equal to the ratio R. If the Nprme is not divisible
by N, the ratio R may have an integer part Ry and a fractional part Rg, where
O<Rr<1. The fractional part (Rg) for each resampling operation may be
accumulated. The accumulated Rr, aRr, may be updated for each down-

sampling operation. In an example, if aRr is equal to or greater than one, then
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aRr is decremented by one. The Ls may then be determined as a function of Ry
and the accumulated Rr (aRF), such as determined according to Equation (1).
[0032] At 430, the sensor measurements may be down-sampled at the
adaptive down-sampling interval as determined at step 420 to produce down-
sampled measurements with the target length Nt1. The sensor measurements may
be divided into a plurality of consecutive data blocks, such as the data blocks
220A-G as illustrated in FIG. 2A. Each data block has a respective length equal
to Ls and begins at the next sample after the end of the preceding block. A
representative value may be determined for each data block, such as a mean, a
median, a mode, or other central tendency index of the measurements within
cach data block. Taking a central tendency index of the sensor measurements
within a data block may reduce noise or other undesired interference in the
Sensor measurements.

[0033] At 440, the magnitude of the down-sampled measurements may be
normalized to produce normalized measurements. Normalization, such as by
using the normalizer module 124, may reduce the inter- or intra-user variation
across different instances of the same type of gesture. Examples of the
magnitude normalization may include quantization of the down-sampled
measurements to a specified range, or normalization of the quantized
measurements using an empirical factor.

[0034] At 450, a feature vector may be generated from the normalized
measurements. The feature vector may include morphological or statistical
features, such as characteristic data samples extracted from the normalized
measurements. Examples of the characteristic data samples may include a peak,
a trough, a local maximum, a local minimum, a maximal slope, a minimal slope,
or an inflection point, among others. The feature vector may also include timing
information of the characteristic data samples.

[0035] At 460, the feature vector may be associated with one of a plurality of
specified target gesture classes, such as hand gestures (including one or multiple
finger gestures, or palm/arm gestures) corresponding to commands for operating
a mobile device such as a smartphone or a tablet. Examples of hand gesture
classes may include tapping or repeated tapping, holding, swiping to one of a
plurality of directions, multiple finger movement, spreading, pinching, rotating

at one of a plurality of orientations, shaking, flicking, or bumping to one of a
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plurality of directions, among others. Examples of the gesture classification may
include linear or nonlinear classifiers, such as a rule-based classifier, a decision-
tree, template matching, a regression model, a neural network classifier, a
support vector machine classifier, a hidden Markov model, a random forest
classifier, a voting model, or a fuzzy logic model, among others. The recognized
gesture may be associated with user-intended action and produce a command of
operating the wearable device.

[0036] FIG. 5 illustrates, by way of example of not limitation, a block
diagram illustrating a machine in the example form of a computer system 500,
within which a set or sequence of instructions may be executed to cause the
machine to perform any one of the methodologies discussed herein, according to
an example embodiment. In alternative embodiments, the machine operates as a
standalone device or may be connected (e.g., networked) to other machines. In a
networked deployment, the machine may operate in the capacity of either a
server or a client machine in server-client network environments, or it may act as
a peer machine in peer-to-peer (or distributed) network environments. The
machine may be an onboard vehicle system, set-top box, wearable device,
personal computer (PC), a tablet PC, a hybrid tablet, a personal digital assistant
(PDA), a mobile telephone, or any machine capable of executing instructions
(sequential or otherwise) that specify actions to be taken by that machine.
Further, while only a single machine is illustrated, the term “machine” shall also
be taken to include any collection of machines that individually or jointly
execute a set (or multiple sets) of instructions to perform any one or more of the
methodologies discussed herein. Similarly, the term “processor-based system”
shall be taken to include any set of one or more machines that are controlled by
or operated by a processor (e.g., a computer) to individually or jointly execute
instructions to perform any one or more of the methodologies discussed herein.
[0037] Example computer system 500 includes at least one processor 502
(e.g., a central processing unit (CPU), a graphics processing unit (GPU) or both,
processor cores, compute nodes, etc.), a main memory 504 and a static memory
506, which communicate with each other via a link 508 (e.g., bus). The
computer system 500 may further include a video display unit 510, an
alphanumeric input device 512 (e.g., a keyboard), and a user interface (UI)

navigation device 514 (e.g., a mouse). In one embodiment, the video display unit



WO 2017/107035 PCT/CN2015/098176

10

15

20

25

30

12

510, input device 512 and UI navigation device 514 are incorporated into a touch
screen display. The computer system 500 may additionally include a storage
device 516 (e.g., a drive unit), a signal generation device 518 (e.g., a speaker), a
network interface device 520, and one or more sensors (not shown), such as a
global positioning system (GPS) sensor, compass, accelerometer, or other
Sensor.

[0038] The storage device 516 includes a machine-readable medium 522
on which is stored one or more sets of data structures and instructions 524 (e.g.,
software) embodying or utilized by any one or more of the methodologies or
functions described herein. The instructions 524 may also reside, completely or
at least partially, within the main memory 504, static memory 506, and/or within
the processor 502 during execution thereof by the computer system 500, with the
main memory 504, static memory 506, and the processor 502 also constituting
machine-readable media. In an example, the instructions 524 stored in the
machine-readable storage medium 522 include instructions causing the computer
system 500 to sense, during a gesture sensing session, a plurality of sensor
measurements with a frame length. The instructions 524 may also cause the
computer system 500 to determine an adaptive down-sampling interval based at
least on a fractional part of a ratio of the frame length to a target length shorter
than the frame length, to down-sample the plurality of sensor measurements at
the adaptive down-sampling interval to produce down-sampled measurements
with the target length, to normalize the magnitude of the down-sampled
measurements to produce normalized measurements, to generate a feature vector
using the normalized measurements, and to associate a gesture with the feature
vector.

[0039] While the machine-readable medium 522 is illustrated in an example
embodiment to be a single medium, the term “machine-readable medium” may
include a single medium or multiple media (e.g., a centralized or distributed
database, and/or associated caches and servers) that store the one or more
instructions 524. The term “machine-readable medium” shall also be taken to
include any tangible medium that is capable of storing, encoding or carrying
instructions for execution by the machine and that cause the machine to perform
any one or more of the methodologies of the present disclosure or that is capable

of storing, encoding or carrying data structures utilized by or associated with



WO 2017/107035 PCT/CN2015/098176

10

15

20

25

30

13

such instructions. The term “machine-readable medium” shall accordingly be
taken to include, but not be limited to, solid-state memories, and optical and
magnetic media. Specific examples of machine-readable media include non-
volatile memory, including but not limited to, by way of example,
semiconductor memory devices (e.g., electrically programmable read-only
memory (EPROM), electrically erasable programmable read-only memory
(EEPROM)) and flash memory devices; magnetic disks such as internal hard
disks and removable disks; magneto-optical disks; and CD-ROM and DVD-
ROM disks.

[0040] The instructions 524 may further be transmitted or received over a
communications network 526 using a transmission medium via the network
interface device 520 utilizing any one of a number of well-known transfer
protocols (e.g., HI'TP). Examples of communication networks include a local
area network (LAN), a wide area network (WAN), the Internet, mobile
telephone networks, plain old telephone (POTS) networks, and wireless data
networks (e.g., Wi-Fi, 3G, and 4G LTE/LTE-A or WiMAX networks). The term
“transmission medium” shall be taken to include any intangible medium that is
capable of storing, encoding, or carrying instructions for execution by the
machine, and includes digital or analog communications signals or other
intangible medium to facilitate communication of such software.

[0041] In this document, embodiments may be implemented in one or a
combination of hardware, firmware, and software. Embodiments may also be
implemented as instructions stored on a machine-readable storage device, which
may be read and executed by at least one processor to perform the operations
described herein. A machine-readable storage device may include any non-
transitory mechanism for storing information in a form readable by a machine
(e.g., a computer). For example, a machine-readable storage device may include
read-only memory (ROM), random-access memory (RAM), magnetic disk
storage media, optical storage media, flash-memory devices, and other storage
devices and media.

[0042] A processor subsystem may be used to execute the instruction on the
machine-readable medium. The processor subsystem may include one or more
processors, each with one or more cores. Additionally, the processor subsystem

may be disposed on one or more physical devices. The processor subsystem may
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include one or more specialized processors, such as a graphics processing unit
(GPU), a digital signal processor (DSP), a field programmable gate array
(FPGA), or a fixed function processot.

[0043] Examples, as described herein, may include, or may operate on, logic
or a number of components, modules, or mechanisms. Modules may be
hardware, software, or firmware communicatively coupled to one or more
processors in order to carry out the operations described herein. Modules may be
hardware modules, and as such modules may be considered tangible entities
capable of performing specified operations and may be configured or arranged in
a certain manner. In an example, circuits may be arranged (e.g., internally or
with respect to external entities such as other circuits) in a specified manner as a
module. In an example, the whole or part of one or more computer systems (e.g.,
a standalone, client or server computer system) or one or more hardware
processors may be configured by firmware or software (e.g., instructions, an
application portion, or an application) as a module that operates to perform
specified operations. In an example, the software may reside on a machine-
readable medium. In an example, the software, when executed by the underlying
hardware of the module, causes the hardware to perform the specified
operations. Accordingly, the term hardware module is understood to encompass
a tangible entity, be that an entity that is physically constructed, specifically
configured (e.g., hardwired), or temporarily (e.g., transitorily) configured (e.g.,
programmed) to operate in a specified manner or to perform part or all of any
operation described herein. Considering examples in which modules are
temporarily configured, each of the modules need not be instantiated at any one
moment in time. For example, where the modules comprise a general-purpose
hardware processor configured using software; the general-purpose hardware
processor may be configured as respective different modules at different times.
Software may accordingly configure a hardware processor, for example, to
constitute a particular module at one instance of time and to constitute a different
module at a different instance of time. Modules may also be software or
firmware modules, which operate to perform the methodologies described

herein.

Additional Notes & Examples:
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[0044] Example 1 is a system for recognizing a gesture in a wearable device.
The system may comprise a signal processor module and a gesture recognizer
module. The signal processor module may include: a resampler module to
down-sample a plurality of sensor measurements with a frame length using an
adaptive down-sampling interval to produce down-sampled measurements with a
target length shorter than the frame length, the adaptive down-sampling interval
determined based at least on a fractional part of a ratio of the frame length to the
target length; a normalizer module to normalize the magnitude of the down-
sampled measurements to produce normalized measurements; and a feature
generator module to generate a feature vector using the normalized
measurements. The gesture recognizer module may associate a gesture with the
feature vector.

[0045] In Example 2, the subject matter of Example 1 optionally includes the
resampler module that may generate a representative value of sensor
measurements within each of a plurality of data blocks, each data block having a
respective length equal to the adaptive down-sampling interval. The resampler
module may produce the down-sampled measurements using the representative
values of the plurality of data blocks.

[0046] In Example 3, the subject matter of Example 2 optionally includes the
resampler module that may further include an average filter module to generate
the representative value including an average value of the sensor measurements
within each data block.

[0047] In Example 4, the subject matter of any one or more of Examples 1-3
optionally includes the target length of the down-sampled measurements that has
a predetermined fixed value.

[0048] In Example 5, the subject matter of any one or more of Examples 1-3
optionally includes the resampler module that may determine an integer part (RI)
and a fractional part (RF) of a ratio of the frame length to the targeted length,
accumulate the RF for each resampling operation, and determine the adaptive
down-sampling interval as a function of the RI and the accumulated RF.

[0049] In Example 6, the subject matter of Example 5 optionally includes the
resampler module that may, in response to the accumulated RF being less than
one, set the adaptive down-sampling interval to RI; and in response to the

accumulated RF being greater than or equal to one, set the adaptive down-
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sampling interval to RI -1 and update the accumulated RF by subtracting one
from the accumulated RF.

[0050] In Example 7, the subject matter of any one or more of Examples 1-3
optionally includes the normalizer module that may include a quantization
module to quantize the down-sampled measurements to a specified range.
[0051] In Example 8, the subject matter of Example 7 optionally includes the
normalizer module that may normalize the quantized measurements using an
empirical factor.

[0052] In Example 9, the subject matter of any one or more of Examples 1-3
optionally includes a sensor module including a sense amplifier to sense the
plurality of sensor measurements during a gesture sensing session.

[0053] In Example 10, the subject matter of Example 9 optionally includes the
sensor module that may include at least one of an accelerometer module to
produce a plurality of acceleration measurements or a gyroscope module to
produce a plurality of orientation measurements.

[0054] In Example 11, the subject matter of any one or more of Examples 1-3
optionally includes the feature vector generation module that may generate a
feature vector including morphological features extracted from the normalized
measurements.

[0055] In Example 12, the subject matter of any one or more of Examples 1-3
optionally includes the gesture recognizer module that may associate a gesture
with the feature vector by classifying the feature vector into one of a plurality of
specified target gesture classes.

[0056] In Example 13, the subject matter of Example 12 optionally includes
the plurality of specified target gesture classes that may include a plurality of
hand gestures.

[0057] In Example 14, the subject matter of any one or more of Examples 12—
13 optionally includes the gesture recognizer module that may classify the
feature vector using a support vector machine classifier.

[0058] In Example 15, the subject matter of any one or more of Examples 1-3
optionally includes the signal processor circuit that may further pre-process the
plurality of sensor measurements including remove mean value from the
plurality of sensor measurements, and the resampler module that may down-

sample the pre-processed sensor measurements.
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[0059] In Example 16, the subject matter of any one or more of Examples 1-3
optionally includes the wearable device that may include at least one or more of
the signal processor module or the gesture recognizer module.

[0060] In Example 17, the subject matter of Example 16 optionally includes
the wearable device that may include one of a smartphone, a smartwatch, smart
glasses, a wearable fitness or activity tracker, or a wearable health monitor.
[0061] In Example 18, the subject matter of any one or more of Examples 1-3
optionally includes an output module to produce a command to operate the
wearable device based on the recognized gesture.

[0062] Example 19 is a method for recognizing a gesture in a wearable device,
the method may comprise: sensing, using a sensor module, a plurality of sensor
measurements with a frame length during a gesture sensing session; determining
an adaptive down-sampling interval based at least on a fractional part of a ratio
of the frame length to a specified target length shorter than the frame length;
down-sampling the plurality of sensor measurements using the adaptive down-
sampling interval to produce down-sampled measurements with the target
length; normalizing a magnitude of the down-sampled measurements to produce
normalized measurements; generating a feature vector using the normalized
measurements; and associating a gesture with the feature vector.

[0063] In Example 20, the subject matter of Example 19 optionally includes
down-sampling the plurality of sensor measurements that may include
generating a representative value of sensor measurements within each of a
plurality of data blocks, each data block having a respective length equal to the
adaptive down-sampling interval, and down-sampling the representative values
of the plurality of data blocks.

[0064] In Example 21, the subject matter of Example 20 optionally includes
the representative value that may include an average value of the sensor
measurements within each data block.

[0065] In Example 22, the subject matter of any one or more of Examples 19—
21 optionally includes the target length of the down-sampled measurements that
has a predetermined fixed value.

[0066] In Example 23, the subject matter of any one or more of Examples 19—
21 optionally includes down-sampling the plurality of sensor measurements that

may include: determining an integer part (RI) and a fractional part (RF) of a ratio
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of the frame length to the targeted length; accumulating the RF for each
resampling operation; determining the adaptive down-sampling interval as a
function of the RI and the accumulated RF.

[0067] In Example 24, the subject matter of Example 23 optionally includes
determining the adaptive down-sampling interval that may include: in response
to the accumulated RF being less than one, setting the adaptive down-sampling
interval to RI; and in response to the accumulated RF being greater than or equal
to one, setting the adaptive down-sampling interval to RI -1, and updating the
accumulated RF by subtracting one from the accumulated RF.

[0068] In Example 25, the subject matter of any one or more of Examples 19—
21 optionally includes normalizing the magnitude of the down-sampled
measurements that may include quantizing the down-sampled measurements to a
specified range.

[0069] In Example 26, the subject matter of Example 25 optionally includes
the down-sampled measurements that may be quantized using an empirical
factor.

[0070] In Example 27, the subject matter of any one or more of Examples 19—
21 optionally includes sensing the plurality of sensor measurements that may
include sensing a plurality of acceleration measurements using an accelerometer.
[0071] In Example 28, the subject matter of any one or more of Examples 19—
21 optionally includes sensing the plurality of sensor measurements that may
include sensing a plurality of orientation measurements using a gyroscope.
[0072] In Example 29, the subject matter of any one or more of Examples 19—
21 optionally includes generating the feature vector that may include extracting
morphological features from the normalized measurements.

[0073] In Example 30, the subject matter of any one or more of Examples 19—
21 optionally includes associating the gesture with the feature vector that may
include classifying the feature vector into one of a plurality of specified target
gesture classes.

[0074] In Example 31, the subject matter of Example 30 optionally includes
the plurality of specified target gesture classes that may include a plurality of

hand gestures.
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[0075] In Example 32, the subject matter of Example 30 optionally includes
classifying the feature vector that may include using a support vector machine
classifier to classify the feature vector.

[0076] In Example 33, the subject matter of any one or more of Examples 19—
21 optionally includes pre-processing the plurality of sensor measurements
including removing mean value from the plurality of sensor measurements,
wherein down-sampling the plurality of sensor measurements may include
down-sampling the pre-processed sensor measurements.

[0077] In Example 34, the subject matter of any one or more of Examples 19—
21 optionally includes producing a command to operate the wearable device
based on the recognized gesture.

[0078] Example 35 is at least one computer-readable storage medium that
comprises instructions to perform any of the methods of Examples 19 through
34.

[0079] Example 36 is a system comprising means for performing any of the
methods of Examples 19 through 34.

[0080] Example 37 is a system for recognizing a gesture in a wearable device,
the apparatus may comprise: means for sensing, using a sensor module, a
plurality of sensor measurements with a frame length during a gesture sensing
session; means for determining an adaptive down-sampling interval based at
least on a fractional part of a ratio of the frame length to a specified target length
shorter than the frame length; means for down-sampling the plurality of sensor
measurements using the adaptive down-sampling interval to produce down-
sampled measurements with the target length; means for normalizing a
magnitude of the down-sampled measurements to produce normalized
measurements; means for generating a feature vector using the normalized
measurements; and means for associating a gesture with the feature vector.
[0081] In Example 38, the subject matter of Example 37 optionally includes,
wherein: the means for down-sampling the plurality of sensor measurements
includes means for generating a representative value of sensor measurements
within each of a plurality of data blocks, each data block having a respective
length equal to the adaptive down-sampling interval; and the means for down-
sampling the plurality of sensor measurements includes means for down-

sampling the representative values of the plurality of data blocks.
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[0082] In Example 39, the subject matter of Example 38 optionally includes
the representative value that may include an average value of the sensor
measurements within each data block.

[0083] In Example 40, the subject matter of any one or more of Examples 37—
39 optionally includes the target length of the down-sampled measurements that
has a predetermined fixed value.

[0084] In Example 41, the subject matter of any one or more of Examples 37—
39 optionally includes the means for down-sampling the plurality of sensor
measurements that may include: means for determining an integer part (RI) and
a fractional part (RF) of a ratio of the frame length to the targeted length; means
for accumulating the RF for each resampling operation; means for determining
the adaptive down-sampling interval as a function of the RI and the accumulated
RF.

[0085] In Example 42, the subject matter of Example 41 optionally includes
the means for determining the adaptive down-sampling interval that may
include: means for setting the adaptive down-sampling interval to Rl in response
to the accumulated RF being less than one; and means for setting the adaptive
down-sampling interval to RI -1 and updating the accumulated RF by
subtracting one from the accumulated RF in response to the accumulated RF
being greater than or equal to one.

[0086] In Example 43, the subject matter of any one or more of Examples 37—
39 optionally includes the means for normalizing the magnitude of the down-
sampled measurements that may include means for quantizing the down-sampled
measurements to a specified range.

[0087] In Example 44, the subject matter of Example 43 optionally includes
the means for quantizing the down-sampled measurements that may include
means for using an empirical factor to quantize the down-sampled
measurements.

[0088] In Example 45, the subject matter of any one or more of Examples 37—
39 optionally includes the means for sensing the plurality of sensor
measurements that may include means for sensing a plurality of acceleration
measurements using an accelerometer.

[0089] In Example 46, the subject matter of any one or more of Examples 37—

39 optionally includes the means for sensing the plurality of sensor
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measurements that may include means for sensing a plurality of orientation
measurements using a gyroscope.

[0090] In Example 47, the subject matter of any one or more of Examples 37—
39 optionally includes the means for generating the feature vector that may
include means for extracting morphological features from the normalized
measurements.

[0091] In Example 48, the subject matter of any one or more of Examples 37—
39 optionally includes the means for associating the gesture with the feature
vector that may include means for classifying the feature vector into one of a
plurality of specified target gesture classes.

[0092] In Example 49, the subject matter of Example 48 optionally includes
the plurality of specified target gesture classes that may include a plurality of
hand gestures.

[0093] In Example 50, the subject matter of Example 48 optionally includes
the means for classifying the feature vector that may include means for using a
support vector machine classifier to classify the feature vector.

[0094] In Example 51, the subject matter of any one or more of Examples 37—
39 optionally includes means for pre-processing the plurality of sensor
measurements including means for removing mean value from the plurality of
sensor measurements, wherein the means for down-sampling the plurality of
sensor measurements includes means for down-sampling the pre-processed
Sensor measurements.

[0095] In Example 52, the subject matter of any one or more of Examples 37—
39 optionally includes means for producing a command to operate the wearable
device based on the recognized gesture.

[0096] The above detailed description includes references to the
accompanying drawings, which form a part of the detailed description. The
drawings show, by way of illustration, specific embodiments that may be
practiced. These embodiments are also referred to herein as “examples.” Such
examples may include elements in addition to those shown or described.
However, also contemplated are examples that include the elements shown or
described. Moreover, also contemplated are examples using any combination or
permutation of those elements shown or described (or one or more aspects

thereof), either with respect to a particular example (or one or more aspects
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thereof), or with respect to other examples (or one or more aspects thereof)
shown or described herein.

[0097]  Publications, patents, and patent documents referred to in this
document are incorporated by reference herein in their entirety, as though
individually incorporated by reference. In the event of inconsistent usages
between this document and those documents so incorporated by reference, the
usage in the incorporated reference(s) are supplementary to that of this
document; for irreconcilable inconsistencies, the usage in this document
controls.

[0098] In this document, the terms “a” or “an” are used, as is common in
patent documents, to include one or more than one, independent of any other
instances or usages of “at least one” or “one or more.” In this document, the term
“or” is used to refer to a nonexclusive or, such that “A or B” includes “A but not
B.” “B but not A,” and “A and B,” unless otherwise indicated. In the appended
claims, the terms “including” and “in which” are used as the plain-English
equivalents of the respective terms “comprising” and “wherein.” Also, in the
following claims, the terms “including” and “comprising” are open-ended, that
is, a system, device, article, or process that includes elements in addition to those
listed after such a term in a claim are still deemed to fall within the scope of that

2

claim. Moreover, in the following claims, the terms “first,” “second,” and
“third,” etc. are used merely as labels, and are not intended to suggest a
numerical order for their objects.

[0099] The above description is intended to be illustrative, and not restrictive.
For example, the above-described examples (or one or more aspects thereof)
may be used in combination with others. Other embodiments may be used, such
as by one of ordinary skill in the art upon reviewing the above description. The
Abstract is to allow the reader to quickly ascertain the nature of the technical
disclosure. It is submitted with the understanding that it will not be used to
interpret or limit the scope or meaning of the claims. Also, in the above Detailed
Description, various features may be grouped together to streamline the
disclosure. However, the claims may not set forth every feature disclosed herein
as embodiments may feature a subset of said features. Further, embodiments

may include fewer features than those disclosed in a particular example. Thus,

the following claims are hereby incorporated into the Detailed Description, with
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a claim standing on its own as a separate embodiment. The scope of the
embodiments disclosed herein is to be determined with reference to the
appended claims, along with the full scope of equivalents to which such claims

are entitled.
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CLAIMS
What is claimed is:
1. A system for recognizing a gesture in a wearable device, the system

comprising:
a signal processor module, including:

a resampler module to down-sample a plurality of sensor
measurements with a frame length using an adaptive down-sampling
interval to produce down-sampled measurements with a target length
shorter than the frame length, the adaptive down-sampling interval
determined based at least on a fractional part of a ratio of the frame
length to the target length;

a normalizer module to normalize the magnitude of the down-
sampled measurements to produce normalized measurements; and

a feature generator module to generate a feature vector using the
normalized measurements; and
a gesture recognizer module to associate a gesture with the feature

vector.

2. The system of claim 1, wherein the resampler module is to generate a
representative value of sensor measurements within each of a plurality of data
blocks, each data block having a respective length equal to the adaptive down-
sampling interval; and

wherein the resampler module is to produce the down-sampled

measurements using the representative values of the plurality of data blocks.

3. The system of claim 2, wherein the resampler module further includes
an average filter module to generate the representative value including an

average value of the sensor measurements within each data block.

4. The system of any one of claims 1-3, wherein the resampler module is
to:

determine an integer part (RI) and a fractional part (RF) of aratio of
the frame length to the targeted length;

accumulate the RF for each resampling operation; and
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determine the adaptive down-sampling interval as a function of the RI

and the accumulated RF.

5. The system of claim 4, wherein the resampler module is to:

in response to the accumulated RF being less than one, set the adaptive
down-sampling interval to RI; and

in response to the accumulated RF being greater than or equal to one,
set the adaptive down-sampling interval to RI -1, and update the accumulated RF

by subtracting one from the accumulated RF.

6. The system of any one of claims 1-3, wherein the normalizer module
includes a quantization module to quantize the down-sampled measurements to a

specified range.

1. The system of one of claims 1-3, further comprising a sensor module
including a sense amplifier to sense the plurality of sensor measurements during

a gesture sensing session.

8. The system of claim 7, wherein the sensor module includes at least one
of an accelerometer module to produce a plurality of acceleration measurements

or a gyroscope module to produce a plurality of orientation measurements.

9. The system of any one of claims 1-3, wherein the feature vector
generation module is to generate a feature vector including morphological

features extracted from the normalized measurements.

10. The system of any one of claims 1-3, wherein the gesture recognizer
module is to associate a gesture with the feature vector by classifying the feature

vector into one of a plurality of specified target gesture classes.

11. The system of any one of claims 1-3, wherein the signal processor
circuit is further to pre-process the plurality of sensor measurements including
remove mean value from the plurality of sensor measurements, wherein the

resampler module is to down-sample the pre-processed sensor measurements.
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12. The system of any one of claims 1-3, comprising the wearable device
that includes at least one or more of the signal processor module or the gesture

recognizer module.

13. A method for recognizing a gesture in a wearable device, the method
comprising:

sensing, using a sensor module, a plurality of sensor measurements
with a frame length during a device gesture sensing session;

determining an adaptive down-sampling interval based at least on a
fractional part of a ratio of the frame length to a specified target length shorter
than the frame length;

down-sampling the plurality of sensor measurements using the
adaptive down-sampling interval to produce down-sampled measurements with
the target length;

normalizing a magnitude of the down-sampled measurements to
produce normalized measurements;

generating a feature vector using the normalized measurements; and

associating a gesture with the feature vector.

14. The method of claim 13, wherein down-sampling the plurality of
sensor measurements includes generating a representative value of sensor
measurements within each of a plurality of data blocks, each data block having a
respective length equal to the adaptive down-sampling interval, and down-

sampling the representative values of the plurality of data blocks.

15. The method of claim 14, wherein the representative value includes an

average value of the sensor measurements within each data block.

16. The method of claim 13, wherein down-sampling the plurality of
sensor measurements includes:

determining an integer part (RI) and a fractional part (RF) of a ratio of
the frame length to the targeted length;

accumulating the RF for each resampling operation;

determining the adaptive down-sampling interval as a function of the

RI and the accumulated RF.
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17. The method of claim 16, wherein determining the adaptive down-
sampling interval includes:

in response to the accumulated RF being less than one, setting the
adaptive down-sampling interval to RI; and

in response to the accumulated RF being greater than or equal to one,
setting the adaptive down-sampling interval to RI -1, and updating the

accumulated RF by subtracting one from the accumulated RF.

18. The method of claim 13, wherein normalizing the magnitude of the
down-sampled measurements includes quantizing the down-sampled

measurements to a specified range.

19. The method of claim 13, wherein sensing the plurality of sensor
measurements includes sensing a plurality of acceleration measurements using

an accelerometer.

20. The method of claim 13, wherein sensing the plurality of sensor

measurements includes sensing a plurality of orientation measurements using a

gYroscope.

21. The method of claim 13, wherein generating the feature vector includes

extracting motrphological features from the normalized measurements.

22. The method of claim 13, wherein associating the gesture with the
feature vector includes classifying the feature vector into one of a plurality of

specified target gesture classes.

23. The method of claim 13, further comprising producing a command to

operate the wearable device based on the recognized gesture.

24. At least one computer-readable storage medium comprising

instructions to perform any of the methods of claims 13 through 23.

25. A system comprising means for performing any of the methods of

claims 13 through 23.



PCT/CN2015/098176

WO 2017/107035

1/6

J1NAOW
1Nd1no

1 'Ol

051

I1INAOW I1NAOW
¥IZINDODTY e HOLVHINID | mm%_ﬁm%%o_/_
14N1S3O ENIED
T Nogt 9zl (N 74)
A 4
AHOWAN
I1NAON
Y34 Ioveany | le J1NCON
orl MOSN3S
€7l —
JINAON Y3 TdNYSIY
2zl
IINAON YOSSID0Hd TYNSIS
0z}



PCT/CN2015/098176

WO 2017/107035

2/6

JNIL

a¢ 9ld

ﬁ
406¢
O/muomm

O/m_omm

Aﬁoomm o/OOmN g0sz \vogz

V¢ 'Ol

IIIII

40¢¢

v0ce




WO 2017/107035

3/6

PCT/CN2015/098176

310

60

50

40

10

30

20 —
10

10 —

20 —

-30

FIG. 3A



WO 2017/107035 PCT/CN2015/098176
4/6
o
T O
\
N
N
o /
> /
/
Ve
\/
-
|
~
-~
~
>
// | O
I LD
~~o_
\\
\\
-~
|
/
/
’_-/
- | ©
' ﬂ'
/
f
)
/
\
//
<
\’\
~
~N
~
\\\'
’/
- | o
- &
\
N
\\
-
rd
-~
/\
\\\/
rd
rd
rd
//
-
P
L
s““l —8
/
/
//
<:’
----__|L o
/ x
7
’_/
//
(\
~——
~
.
o
[ [ I \ [ I ! |
o Yo o w o w o To] o Lo
S ' S e S

FIG. 3B



WO 2017/107035 PCT/CN2015/098176
5/6

400~
410
SENSE A PLURALITY OF SENSOR MEASUREMENTS
420 !
DETERMINE AN ADAPTIVE DOWN-SAMPLING INTERVAL
430 !
DOWN-SAMPLE THE SENSOR MEASUREMENTS
440 !
NORMALIZE THE MAGNITUDE OF THE DOWNSAMPLED MEASUREMENTS
450 !
GENERATE A FEATURE VECTOR
460

Y

ASSOCIATE A GESTURE WITH THE FEATURE VECTOR

FIG. 4



WO 2017/107035 PCT/CN2015/098176
6/6

200
08 r
/-()_02 /\( r)/()
TOCESSOR <«—»|  VIDEODISPLAY
— )2/ J
/ ' > K 214
SOFTWARE
ALPHANUMERIC INPUT
" DEVICE
KJ/)J 514
MAIN MEMORY B 4
A «——»{ Ul NAVIGATION DEVICE
>
SOFTWARE
00 L
/ STORAGE DEVICE 727
STATIC MEMIORY 1< | [ | wacHE-ReADABLE
v = MEDIUM
SOFTWARE T/
P SOFTWARE
BIL
NETWOBE V||NCTEERFACE -
SIGNAL GENERATION
* DEVICE

020

FIG. 5



INTERNATIONAL SEARCH REPORT

International application No.

PCT/CN2015/098176

A. CLASSIFICATION OF SUBJECT MATTER

GOG6F 3/0488(2013.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GO6F

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

CNABS, CNTXT, CNKI, VEN: gesture, recognize, detect, track, wearable, resample, period, time, frequency, interval, fractional,

integral, normalize, feature, vector

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category*

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

the whole document

CN 104423566 A (WISTRON CORPORATION) 18 March 2015 (2015-03-18)

1-25

September 2011 (2011-09-15)
the whole document

WO 2011110267 Al (SONY ERICSSON MOBILE COMMUNICATIONS AB) 15

the whole document

US 5376947 A (KURODA) 27 December 1994 (1994-12-27)

D Further documents are listed in the continuation of Box C.

See patent family annex.

#  Special categories of cited documents:

. document defining the general state of the art which is not considered

A to be of particular relevance

“gr earlier application or patent but published on or after the international
filing date

“ document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

“«0 document referring to an oral disclosure, use, exhibition or other
means

«pr document published prior to the international filing date but later than

the priority date claimed

later document published after the international filing date or priority
date and not in conflict with the application but cited to understand the
principle or theory underlying the invention

wp

document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

document member of the same patent family

wy»

“&”

Date of the actual completion of the international search

Date of mailing of the international search report

25 August 2016 05 September 2016
Name and mailing address of the ISA/CN Authorized officer
STATE INTELLECTUAL PROPERTY OFFICE OF THE
P.R.CHINA WANG,Bo

6, Xitucheng Rd., Jimen Bridge, Haidian District, Beijing
100088, China

Facsimile No. (86-10)62019451

Telephone No. (86-10)62089145

Form PCT/ISA/210 (second sheet) (July 2009)




INTERNATIONAL SEARCH REPORT International application No.
Information on patent family members

PCT/CN2015/098176
. Patent document Publication date Patent family member(s) Publication date
cited in search report (day/month/year) (day/month/year)
CN 104423566 A 18 March 2015 ™ 201510781 A 16 March 2015
US 2015061994 Al 05 March 2015
US 9383824 B2 05 July 2016
wo 2011 110267 Al 15 S-e-;;t-e;ber 2011 US 2011223974 Ai -------- 15 Se;‘ee;l-)er 2011
s 5376947 A 27 December 1994 JP 3205585 BZ- -------- 04 Se&e;;t-)er 2001

Form PCT/ISA/210 (patent family annex) (July 2009)



	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - claims
	Page 26 - claims
	Page 27 - claims
	Page 28 - claims
	Page 29 - drawings
	Page 30 - drawings
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - wo-search-report
	Page 36 - wo-search-report

