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(57) ABSTRACT

There is provided an activity recognition apparatus for
detecting an activity of a subject. The apparatus includes: a
sensor unit including a plurality of linear motion sensors
configured to detect linear motions and a plurality of rota-
tional motion sensors, the linear motions being orthogonal to
each other, the rotational motions being orthogonal to each
other; and a computational unit configured to receive and
process signals from the sensors included in the sensor unit
s0 as to detect an activity of the subject. The sensor unit is
directly or indirectly supported by the subject with an
arbitrary orientation with respect to the subject. The com-
putational unit performs a calculation that uses the signals
from both linear motion sensors and rotational motion
sensors to determine the activity of the subject independent
of the orientation of the sensor unit.
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ACTIVITY RECOGNITION APPARATUS, METHOD
AND PROGRAM

BACKGROUND OF THE INVENTION
[0001]

[0002] The present invention relates to an apparatus,
method, program and storage medium for activity recogni-
tion. More specifically, the present invention relates to an
activity recognition apparatus, an activity recognition
method, a program to cause a computer to perform such a
method, a storage medium or memory storing such a pro-
gram, and a signal coded to cause a computer to perform
such a method.

[0003] 2. Description of Related Art

1. Field of the Invention

[0004] Human activity classification has been attempted
with cameras, microphones (Non-patent Document 5), iner-
tial sensors (Non-patent Document 4), and goniometers. For
each sensor or combination of sensors, researchers have also
developed custom algorithms that to varying degrees can
classify activity. Since one part of human activity classifi-
cation is obtaining accurate measurements of human motion,
the technology used overlaps with methods used for char-
acter animation, kinesiology and biomechanics. However,
since the inventor of the present application are addressing
the problem of how to determine and classify human activi-
ties in a mobile and unconstrained context, all except a few
sensor modalities are appropriate.

[0005] Computer Vision

[0006] One set of such constrained methods involves
monitoring the subject with static cameras or wearable
cameras (Non-patent Document 10). Often optical markers
are attached to the subject’s body to simplify visual tracking.
The subject’s movement can be inferred from the movement
of the markers through an inverse-kinematic model.

[0007] While this method has the potential of providing
very rich and complete measurements, it can only be used in
the well-lit space in view of the cameras, which precludes its
use in mobile applications.

[0008] Computer Audition

[0009] There also examples where researchers have tried
using microphones (both on the body and in the environ-
ment) to automatically determine a user’s activity (see
Non-patent Document 2 and Non-patent Document 9).
However, major advantages of motion sensors are lower
data rate (which translates to much lower computational
requirements) and the ability to measure only the motion of
the user. In audio, sounds caused by the user’s activities are
mixed with an ever-changing background of environmental
sounds. Separation of these foreground and background is
an unsolved problem which does not arise when using
motion sensors.

[0010] Absolute Joint Angle Sensing

[0011] This set of methods involves attaching sensors
directly to the subject’s body so as to measure the angles of
the subject’s joint. Possible sensor’s are potentiometers and
rotational encoders (which both require an exoskeleton to
transmit the changes in a subject’s joint angles to the
sensor), bend sensors (strips of material that are sensitive to
bending and flexing), and inertial sensors (accelerometers
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and gyros, which essentially measure changes in velocity via
Newton’s First Law of Motion). In clinical situations, goni-
ometers (equivalent to a tilt sensor) are often used to
measure angles with respect to gravity.

[0012] Inertial Sensing

[0013] Of all these only the inertial sensors and tilt sensors
can be used to measurement of a subject’s movements
without requiring extensive modifications to clothing (for
exoskeletons or strips of flex-sensitive material) or requiring
special attachments. Furthermore, inertial sensors can be
completely enclosed inside another device that user can
simply hold or carry in a pocket or bag, thus making these
sensors attractive for use in mobile devices or as self-
contained devices.

[0014] Other relevant works are disclosed, for example, in
Non-patent Document 7, Non-patent Document 8, Patent
Document 1, Patent Document 2.
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SUMMARY OF THE INVENTION

[0028] However, obtaining accurate motion measurements
with inertial sensors has historically proven to be quite
difficult due to the sensitivity these sensors have to shock,
temperature, electrical noise and so on. For example, gyros
(angular rate sensors) have a dependency on temperature
which must be accounted for Non-patent Document 3.

[0029] Calibration is also required since these devices will
typically have an arbitrary offset and scale factor affecting
their outputs.

[0030] Further, inertial sensors have no notion of the
subject’s frame of reference and measurements are always
relative to the physical sensor. One exception to this, is that
a properly oriented accelerometer can measure the earth’s
gravitational field and thus providing a way to determine the
down direction. The accelerometer must not be undergoing
any other unknown accelerations for this to work.

[0031] Accordingly, in view of the above-mentioned
issues, it is desirable to perform activity recognition using
inertial sensors without posing any preconditions on orien-
tation of the inertial sensors relative to the subject’s refer-
ence frame, thereby allowing more flexibility in implement-
ing a system for the activity recognition.

[0032] According to an embodiment of the present inven-
tion, there is provided an activity recognition apparatus for
determining an activity of a subject. The activity recognition
apparatus includes: a sensor unit including a plurality of
linear motion sensors configured to detect linear motions
and a plurality of rotational motion sensors, the linear
motions being orthogonal to each other, the rotational
motions being orthogonal to each other; and a computational
unit configured to receive and process signals from the
sensors included in the sensor unit so as to determine an
activity of the subject. The sensor unit is directly or indi-
rectly supported by the subject with an arbitrary orientation
with respect to the subject; and the computational unit
performs processing that uses the signals from both linear
motion sensors and rotational motion sensors to determine
the activity independent of the orientation of the sensor unit.

[0033] According to another embodiment of the present
invention, there is provided an activity recognition method
of determining an activity of a subject. The method includes:
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sampling accelerations in three orthogonal axes and angular
velocities around the three orthogonal axes; and determining
an activity of the subject using all the sampled accelerations
and angular velocities. In the method, the accelerations and
angular velocities are detected by sensors integrated into a
single unit, which is directly or indirectly supported by the
subject with an arbitrary orientation with respect to the
subject; and the determination of activity is performed by
using both the accelerations and angular velocities to deter-
mine the activity independent of the orientation of the sensor
unit.

[0034] According to another embodiment of the present
invention, there is provided a program that causes a com-
puter to perform activity recognition by determining an
activity of a subject, or a recoding medium that store such
a program, or a signal coded to cause a computer to perform
such a program. The program includes: receiving data of
accelerations in three orthogonal axes and angular velocities
around the three orthogonal axes; and determining an activ-
ity of the subject using all the received data of accelerations
and angular velocities. The accelerations and angular veloci-
ties are detected by sensors integrated into a single unit,
which is directly or indirectly supported by the subject with
an arbitrary orientation with respect to the subject; and the
determination of activity is performed by using both the
accelerations and angular velocities to determine the activity
independent of the orientation of the sensor unit.

[0035] In the embodiments of the present invention, the
sensor unit is directly or indirectly supported by the subject
with arbitrary orientation. In other words, the signals from
the sensor unit do not have any information about the
sensor’s orientation with respect to the coordinates of the
subject. However, different movements of the entire sensor
unit correspond with different activities of the subject.

[0036] Accordingly, the activity of the subject can be
determined independent of the sensor unit’s orientation by
detecting the movement of the entire sensor unit and by
associating the detected movement with a corresponding
activity of the subject or a corresponding motion signature
that associated with the activity.

[0037] According to the present invention, it is possible to
perform activity recognition using inertial sensors without
posing any preconditions on orientation of inertial sensors
relative to the subject’s reference frame, thereby allowing
more flexibility in implementing a system for the activity
recognition.

BRIEF DESCRIPTION OF THE DRAWINGS

[0038] The above and other objects, features and advan-
tages of the present invention will become more apparent
from the following description of the presently preferred
exemplary embodiments of the invention taken in conjunc-
tion with the accompanying drawings, in which:

[0039] FIG. 1 is a block diagram of an activity recognition
apparatus according to an embodiment of the present inven-
tion;

[0040] FIG. 2 is an conceptual overview of an activity
recognition apparatus according to an embodiment of the
present invention;

[0041] FIGS. 3(a) and 3(b) are schematic diagrams of
activity recognition apparatuses for different usage sce-
narios;
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[0042] FIG. 4 is an conceptual overview of a physical
module (IMU) according to an embodiment of the present
invention;

[0043] FIG. 5 is an overview of processing pipeline for a
method of determining a location of an IMU on a user’s
body when using a reference motion X;

[0044] FIG. 6 is an overview of processing pipeline for a
method of tracking an IMU’s motion;

[0045] FIG. 7 is a schematic diagram showing a geomet-
ric construction used to directly calculate sine and cosine of
a half-angles required by quaternion representation in a
Plumb model;

[0046] FIG. 8(a) and FIG. 8(b) show example sequences
of motion signatures, and FIG. 8(c) shows matching of two
sequences according to an embodiment of the present inven-
tion; and

[0047] FIG. 9 is a schematic diagram of a computational
unit for a method of comparing motion signatures in accor-
dance with an embodiment of the present invention.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

[0048] Embodiments of the present invention are
described with reference to accompanying figures.

[0049] FIG. 1 shows a configuration example of an activ-
ity recognition apparatus for determining an activity of a
subject in accordance with an embodiment of the present
invention. The apparatus includes a sensor unit 10 and a
computational unit 20. The sensor unit 10 includes a plu-
rality of linear motion sensors configured to detect linear
motions and a plurality of rotational motion sensors, the
linear motions being orthogonal to each other, the rotational
motions being orthogonal to each other. The computational
unit 20 is configured to receive and process signals from the
sensors included in the sensor unit so as to output an activity
of the subject. The sensor unit 10 is directly or indirectly
supported by the subject with an arbitrary orientation with
respect to the subject. The computational unit 20 performs a
calculation that uses the signals from both linear motion
sensors and rotational motion sensors to determine the
activity independent of the orientation of the sensor unit.

[0050] The plurality of linear motion sensors may be three
accelerometers for measuring accelerations in three orthogo-
nal axes, and the plurality of rotational motion sensors may
be three gyro sensors for measuring angular velocities
around the three orthogonal axes. The computational unit 20
may use six outputs from the accelerometers and the gyro
sensors to determine a current activity of the subject.

[0051] The computational unit may includes; a buffer
configured to store an observation sequence formed of a
plurality set of the sensor outputs for a predetermined period
of'time; a storage configured to store a plurality of reference
sequences, the reference sequences corresponding to motion
signatures of different activities; and a matching processor
configured to match the observation sequence against the
reference sequences to find a best matched reference
sequence. Further, the matching processor may find an
optimal rotation and temporal correspondence between the
observation sequence and one of the reference sequences so
as to obtain the best matched reference sequence.
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[0052] Furthermore, the reference sequence may include a
plurality of vectors representing states in Hidden Markov
Model; and the matching between the observation sequence
and the reference sequence may be performed using Viterbi
algorithm so as to obtain an optimal state path.

[0053] Alternatively, the computational unit may further
detect a rate of the subject’s gait by calculating an autocor-
relation of the signals from the linear motion sensors and an
autocorrelation of the signals from the rotation motion
sensors, and summing these autocorrelations to obtain a
summary autocorrelation function; and the summary auto-
correlation function may be used to determine the rate of the
subject’s gait.

[0054] Alternatively, the computational unit may further
detect a rotation of the sensor unit by calculating a first
rotation by integrating the signals from the rotational motion
sensors, calculating a second rotation by using a gravitation
model and the signals from the linear motion sensors, and
performing weighted interpolation of the first and second
rotation. Further, the weight for the first rotation is larger if
variations in the signals from the rotational motion sensors
are smaller; and the weight for the second rotation is larger
if variations in the signals from the linear motion sensors are
smaller.

[0055] Alternatively, the activity recognition apparatus
may further include a storage configure to store reference
motion signatures and corresponding locations for a refer-
ence activity. Furthermore, the computational unit may
further detect a location of the sensor unit on the subject by
determining if a current activity represented with the signals
from the sensors is the reference activity, and, if the current
activity is the reference activity, matching a motion signa-
ture corresponding to the current activity against the refer-
ence motion signature so as to determine a location of the
sensor unit, which corresponds to a best matched reference
motion signature.

[0056] According to another embodiment of the present
invention, there is provided an activity recognition method
of determining an activity of a subject. The method includes:
sampling accelerations in three orthogonal axes and angular
velocities around the three orthogonal axes; and determining
an activity of the subject using all the sampled accelerations
and angular velocities. Furthermore, the accelerations and
angular velocities are detected by sensors integrated into a
single unit, which is directly or indirectly supported by the
subject with an arbitrary orientation with respect to the
subject; and the determination of activity is performed by
using both the accelerations and angular velocities to deter-
mine the activity independent of the orientation of the sensor
unit.

[0057] According to another embodiment of the present
invention, there is provided a program that causes a com-
puter to perform activity recognition by determining an
activity of a subject. The program includes: receiving data of
accelerations in three orthogonal axes and angular velocities
around the three orthogonal axes; and determining an activ-
ity of the subject using all the received data of accelerations
and angular velocities. Furthermore, the accelerations and
angular velocities are detected by sensors integrated into a
single unit, which is directly or indirectly supported by the
subject with an arbitrary orientation with respect to the
subject; and the determination of activity is performed by
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using both the accelerations and angular velocities to deter-
mine the activity independent of the orientation of the sensor
unit.

[0058] Below, still another embodiment according to the
present invention is described. In the following embodiment,
there is provided a system that is capable of activity recog-
nition and includes a sensor unit and a computational unit.
In the following embodiment, it is assumed that the sensor
unit is “supported” by a human subject and the computa-
tional unit determines a type of current activity of the human
subject based on the outputs from the sensor unit.

[0059] (1) System Overview

[0060] In the present embodiment, as shown in FIG. 2, a
six degree-of-freedom (DOF) inertial sensor is employed as
the sensor unit 10 to classify various common human
activities in real-time. In the following description, the term
“the Sensor” indicates the 6-DOF inertial sensor, and “the
User” denotes the human subject 1 who is either carrying or
wearing the Sensor. Furthermore, the term “the Device”
denotes the present system combining an inertial measure-
ment unit (IMU) with the Sensor and the above-mentioned
computational unit 20 for performing steps of methods for
classification of the User’s activity. Results of classification
may be outputted or transfer to an application.

[0061] While using inertial sensors to measure human
activity has been attempted before, the present system
defining characteristic is its ability to operate fully automati-
cally almost anywhere on the human body with any sensor
orientation. In the present embodiment, the system incorpo-
rates four distinct methods for different aspects of the User’s
activity and device state, each of which can be performed
without posing any preconditions on the sensor orientation.
The methods includes a method 21 for gait frequency
measurement, a method 22 for localization of the Device on
the User, a method 23 for motion tracking, and a method 24
for rotation-invariant Viterbi matching (see FIG. 2).

[0062] The Sensor may be supported or held by the User
directly or indirectly. For example, the following (nonex-
haustive) manner of coupling may be possible:

[0063] The User is holding the Sensor in his hands.

[0064] The User is carrying the Sensor in a purse or
backpack which is being worn.

[0065] The Sensor is rigidly or semi-rigidly attached to
the User’s body or clothing.

[0066] The Sensor is hanging from the User’s neck or
waist.

[0067] The Sensor has been integrated into the con-
struction of the User’s shoes, jewelry, hat, gloves,
portable electronic device or any other object whose
normal use involves being worn or carried by the User.

[0068] The Sensor is attached or place inside a vehicle
that is simultaneously transporting the User.

[0069] The present embodiment may also be applicable
even in cases where the Sensor is coupled to the User with
any arbitrary forms as long as the Sensor’s motions have a
relationship with the User’s motions.
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[0070] (2) Physical Device

[0071] For the purposes of a simple and concrete descrip-
tion of the present embodiment, it is assumed that the 6-DOF
inertial sensor is composed of components that measure
linear acceleration in the x-, y-, and z-directions and angular
velocity around the x-, y-, and z-axis. However, the methods
described hereafter can be trivially adapted to other schema
for measuring 6-DOF.

[0072] In the present embodiment, as shown in FIG. 3(a),
the system may include a sensor mote 10a and a computa-
tional unit 20 embedded in a host device 30a. The sensor
mote 10a includes a 6-DOF inertial sensor 10a-1 and a
wireless transmitter 10a-2 for transmitting sensor data to the
computational unit 20a. Alternatively, a memory may be
provided instead of the wireless transmitter 10a-2 for storing
sensor data for a certain period of time. The stored data may
be transferred to the computational unit 20a when the sensor
mote 10a is connected to the host device 30a.

[0073] Alternatively, the entire system including a
6g-DOF inertial sensor 1056 and a computational unit 206
may be embedded in a single host device 305 such as a
cellphone or portable game apparatus as shown in FIG. 3(b).

[0074] (3) Sensor Signal Conditioning and Calibration

[0075] Below, there is described the computational pro-
cessing of the raw sensor data from the Sensor so as to yield
classifications of the User’s activities in real-time. First,

some symbols representing the raw output of the Sensor are
defined:

si(7)
u(t) = \Sj(l)
(1)
Sglt)
v(1) = | S¢(0)

Syl

(69)]
eRr’

2
e R

[0076] Each sample from the Device’s sensors contains
the six values specified in Equations (1) and (2). The u(t)
sensor values are linearly proportional to the acceleration of
the Device along the i-, j-, and k-axes. These could be
considered to be measured, for example, by MEMS accel-
erometer or similar devices. The v(t) sensor values are
linearly proportional to the angular velocity of the Device
around the i-, j-, and k-axes. These 10 could be considered
to be obtained, for example, from MEMS gyros or similar
devices. FIG. 4 shows all the measurements are made with
respect to basis directions in the local coordinate system
(i-j-k) of the Device itself.

[0077] Ifitis supposed that p(t) € R? is the position of the
Device in any world coordinate system (e.g. x-y-z in FIG.
4), g(t) € R? is the acceleration of the Earth’s gravitational
field in the local coordinate system, and q(t) € R? is the
orientation of the Device in its local coordinate system, then
it can be written:

u(O=A[Vp(tyrg()uore, (1) ©)
v(£)=BV q(t)+vote, (1) 4
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[0078] All gradients are taken with respect to the local
coordinate system of the Device. A and B are 3-by-3 scaling
matrices. The diagonal elements specity the scale-factors
(also known as sensitivities) which convert the sensor output
(e.g. a voltage) to standard physical units (e.g. m/s> and °/s).
At the same time, the off-diagonal elements describe the
cross-talk between sensors due to slight misalignments (for
example, the angle between the 0 and ¢ gyros is not exactly
90°). The arbitrary offsets (also known as bias) exhibited by
typical sensors are denoted by u, and v,. The sensor noise,
which includes the quantization noise, is specified for each
sensor as a sequence of random variables, €,(t) and €,(t).

[0079] Equation (3) and (4) describe how the actual
motion of the Device translates into sensor measurements. If
it is solved for acceleration and angular velocity using the
expressions in (3) and (4), then the following expressions are
obtained:

Vip(0)=4>! u(t)-use,(0]-2(0) ®

V(=B {v(t)-vo-e.1)] (6
[0080] Signal calibration involves determining the values
of A, u,, B, v,. Depending on the 10 actual components used
inside the IMU, these values can be dependent on manu-
facturing conditions, ambient temperature, driving voltage,
and so on. However, only the method for motion tracking
require these parameters to be known. All of the other
methods 21-22 and 24 given here can use uncalibrated
sensor values.

[0081] Finally, either the continuous signals from the IMU
are sampled at a given rate and passed onto the computa-
tional unit or the signals leave the IMU already digitized.
For the remainder of this description, let r,, be the digital

sampling rate of the output of the IMU. Thus the digitized
output of the IMU can be written as:

ultfru(t/ring) M

i=v(t/rnv) ®

t=0,1,2,. .. ©
[0082] (4) Method for Gait Frequency Measurement

[0083] This Section describes our method for determining
the User’s activity, such as determining if the User is
walking or running or not moving, and tracking the rate of
his/her gait. This method is effective for any location of the
device on the User’s body. This method for gait detection
and tracking involves tracking the period of repetitive move-
ments apparent in the output of the acceleration sensors.

[0084] A common method for detecting and measuring the
periods of periodic signals is by finding peaks in the auto-
correlation of the signal. To see how the autocorrelation of
the acceleration sensor output, u, relates to the autocorrela-
tion of the actual acceleration of the IMU, V?p, (multivari-
ate) autocorrelation of the i-th frame may be written as:

Negait (10)
ukiu = Z uli]-uli+1]
=0
=¢r+dr+ o3

[0085] where * denotes the cross-correlation operator and,

$=(4V°p*AVp)+(dg*ag)
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$,=2(4V’p*4g)
03=2(4Vp*e,+AVp *uo)+2(ug* €, )+ (1o o) +(€,*€,)

[0086] The first term of Equation (10), ¢;, is the most
important term containing the periodicities of the accelera-
tion of the IMU and gravity (which depends only on the
orientation of the IMU). The second term, ¢,, is a cross-
correlation between acceleration and gravity. For any kind of
natural repetitive motion involving the human body, it is
pretty much guaranteed that g(t) and V?p will share the same
periodicities and hence their autocorrelations, ¢,, and cross-
correlations, ¢,, will add constructively. The final term, ¢,
contains correlations of the noise and the offset with various
terms. These correlations will not exhibit any periodicities
and will simply add noise and a constant bias to the final
autocorrelation of Equation (10). The validity of the auto-
correlation of the gyro sensor outputs, v, follows exactly the
same argument.

[0087] In practice, a small time interval is chosen over
which to conduct the autocorrelation analysis and a rate is
chosen at which to perform the analysis. Let T,,;, be the
length of time for one gait analysis frame (e.g. interval of
sensor data) and let r,;, be the rate of gait analysis. Thus, in
Equation (10),

Ngai(=[TgairrH\/IU] (11

[0088] is the number of vectors in one analysis frame.

[0089] The present method involves calculating the auto-
correlation of u and v and summing the result to get a
summary autocorrelation function (SACF) of the total
motion of the IMU:

pleF@wlt0*v)l] (12)

[0090] For efficiency and improvement of temporal reso-
lution, the Wiener-Khinchin Theorem is used to calculate a
windowed autocorrelation. In general, if x[t] is any
sequence, X[w]=F{x} is its Discrete Fourier Transform
(DFT), and W[w]=F{w} is the DFT of a windowing function
(such as a Hamming window), then:

x*x=F{/W*X} (13)

[0091] Using the Fast Fourier Transform (FFT) to calcu-
late the DFT in Equation (13) results in a very efficient
calculation of the autocorrelations in Equation (12).

[0092] The peaks of the ACF correspond to the periods of
any cyclic motion in the data. However, since the ACF will
also contain peaks at integer multiples of the true period of
any cycles, a peak pruning procedure similar to that intro-
duced in Non-patent Document 11 is used to calculate an
enhanced summary autocorrelation function (ESACF). This
peak pruning technique is as follows:

[0093] PRUNE-HARMONICS(SACF) returns ESACF
[0094] 1. Clip the SACF to positive values.

[0095] 2. Upsample and interpolate by a factor of two.
[0096] 3. Subtract the upsampled version from the clipped
original.

[0097] 4. Clip to positive values again.

[0098] 5. Repeat 2-4 for prime factors three, five, seven,
etc.
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[0099] The goal of this procedure is to sequentially
remove all multiples of each peak, thus leaving only the
fundamental periods.

[0100] Now if the highest peak (for non-zero lags) and
threshold are chosen, it is possible to determine when there
is cyclic motion (such as walking) and at what pitch it is
occurring at. If v is the lag of the highest peak in the
ESACE, then the pitch of the gait is:

p, = MU (14
gait = T
[0101] If there is no peak with a value over a certain

threshold (defined as a percentage of the energy in the signal
during the analysis interval), then the system can generate a
report that the User is not walking or running (gait pitch=0
Hz). Since, the gait pitch changes over time, the above
analysis is done repeatedly for each successive analysis
interval, yielding gait pitch estimates at the rate of r,,;.

[0102] (5) Method for Motion Tracking

[0103] In this Section, the method 23 for tracking the
down direction and heading continuously no matter how the
orientation of the device changes or moves is provided. This
method assumes that the output from the IMU has been
calibrated.

[0104] The 3-axis of gyro sensing data contains enough
information to track the IMU’s orientation. However, all
gyros suffer from an accumulation of drift and other types of
error. Thus, using just gyro information to track orientation,
while quite accurate in the short-term, leads to large tracking
errors in the long term.

[0105] The 3-axis of acceleration sensing data contains
information about what direction Earth’s gravity is pulling.
Knowledge of the direction of the Earth’s gravitational pull
can be used to track the IMU’s orientation drift-free with at
most two degrees of freedom. The problem with just using
the accelerometers in this fashion is that when the IMU is
being acted on (moved by some outside force) the estimate
of the Earth’s gravitational pull is corrupted.

[0106] 1t is very difficult and unnatural for humans to
move or move another object with constant acceleration or
velocity. Similarly, with respect to rotation, it is very difficult
for humans to rotate or rotate another object with constant
angular velocity.

[0107] In order to robustly estimate the down direction, it
is preferable to rely on the acceleration measurements more
when the accelerometer signal is constant because it is
highly likely that a human is not acting on the device.
Conversely, it is preferable to rely more on the gyro mea-
surements when the accelerometer signal is non-constant.

[0108] This principle also applies to online re-zeroing of
the gyro signal. In other words, it is preferable that Gyro
measurements is re-zeroed when the gyro measurement is
constant. Luckily, this is also true when relying mostly on
the acceleration measurements for tracking.

[0109] FIG. 6 shows the computational pipeline for the
motion tracking method. Linear acceleration data 410 from
the IMU 40 including the sensor is used to calculate the
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confidence 412 that only gravity is acting on the IMU 40 and
as input into the Plumb Model 414 (explained later). Angular
velocity data 420 from the IMU 40 is used to calculate the
confidence 422 that the IMU 40 is not being rotated and as
input into the Gyro Integration module 424.

[0110] Both the Plumb Model 414 and the Gyro Integra-
tion 424 output separate estimates of the IMU’s orientation,
i.e. Quums and Q. (described later). Qpjm, and Q,,,,,, are
then combined using the confidence scores to weight one
versus the other (430) to perform weighted interpolation to
calculate the estimated IMU orientation. The Gyro Integra-
tion computes an orientation relative to the orientation of the
previous timestep and thus requires feedback.

[0111] The Plumb Model 414 gives an absolute estimate of
orientation and thus requires no feedback.

[0112] (5.1) The Plumb Model

[0113] The Plumb Model uses the Earth’s gravitational
pull to measure orientation, albeit only with two degrees of
freedom. In short, this module outputs the rotation that maps
the current down vector to a unit reference vector, r, in the
coordinate system of the IMU 40 (see FIG. 4). This refer-
ence vector can be chosen arbitrarily, or during zeroing. The
resulting rotation is given in quaternion form as:

allsin(6lr]/2) (15)
a, [lsin([]/2)
Crtane 1= Lsincels] /2)
cos(0[1]/2)

[0114] where a[t]=(a,]t], a [t], a [t])" is the axis of rotation
and 0O[t] is the angle of rotation. The down vector is just the
normalized linear acceleration (assuming no forces other
than gravity are acting on the IMU 40):

ulz] (16)

[0115] The cross product of the reference vector and the
down vector gives the axis of rotation:

altl=dtlxr a7

[0116] The sin(O[t])/2) and cos(O[t]/2) are calculated
directly (without using inverse trigonometric functions
which are hard to implement in embedded applications)
from FIG. 7 as:

Sin(0[r]/2) = Ir +2d[t]l (18)
cos(9[1]/2) = 'r_—zdml (19

[0117] (5.2) Gyro Integration

[0118] Integration of the gyro’s angular velocity measure-
ments is straightforward. As input, the previous orientation
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of the IMU, Q[t-1] is required. First, each axial rotation is
represented as a quaternion rotation in local coordinates
(i-j-k in FIG. 4):
g=(cos(sg[1]/2), (1, 0, 0)Tsin(sg[£]/2)) (20)
g;=(cos(sy[)/2), (0, 1, O)Tsin(s¢[l]/2)) 21
qi=(cos(sy[7)2), (0, O, 1)Tsin(s¢[z]/2)) (22)
[0119] Then these local quaternions are rotated into the

world coordinate system using the previous orientation,
Q[t-1], of the IMU:

Oi=(cos(sel£]2), Qlz-11(1, 0, )T Ol #=1]"sin(se[¢}2)) 23)
Qi=(cos(s,[7]/2), Q[-11(0, 1, 0)TQ[#~1]"sin(sy;}2)) 24
Or=(cos(s,[11/2), Q[1-1](0, 0, 1) Q[1-11""sin(s,; }2)) 25)
[0120] and combine them together into one quaternion

representing the next orientation.

Ooyrol t1=QiQ; Qi (26)
[0121] (6) Method for Comparing Motion Signatures

[0122] The method 24 (see FIG. 2) presented in this
Section solves the problem of how to compare unsynchro-
nized motion signatures that are collected using IMU’s with
unknown orientations. For example, a typical application
would require matching a realtime signal to a database of
motion signatures. However, the orientation of the IMU
might be arbitrarily different from the orientation of the IMU
used to generate the motion signatures in the database.
Furthermore, the proper way to temporally align a test signal
to the motion signatures in the database must be determined.

[0123] A rotation-invariant Viterbi algorithm (RIVIT)
according to the present embodiment is designed for the
purpose of finding the optimal rotation and temporal corre-
spondence between two motion signatures. Suppose the two
sequences under consideration are represented as matrices
whose columns are the stacked values of the acceleration
and angular components,

X_(UX]_(MX[O] : Mx[Tx—l]] 27
Ty )T Lugl0] vx[Tx —1]
_(UY]_(MY[O] MY[TY—U]
"Ly ) T Uy l0] vylTy - 1]

[0124] The lengths of sequences X and Y are Ty and T+,
respectively.

[0125] FIG. 8(a) and FIG. 8(b) show examples of two
multi-dimensional sequences having possibly different
lengths and an arbitrary rotation between them. This par-
ticular examples are sequences of motion signatures of a
sitting action, but the IMU was oriented differently in each
case. Further, the sitting motion in FIG. 8(a) was faster than
that of FIG. 8(b).

[0126] In order to calculate the similarity between these
two sequences to within some arbitrary rotation and some
arbitrary time-warping, the problem may be stated as the
minimization of the following measure:

Dy (X, V)=tr((Y-RXC) (Y-RXC)) 28)

[0127] over its free parameters which are a rotation matrix,
R, and a correspondence matrix, C, where the symbol “”
means a transverse matrix. A correspondence matrix is a
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special kind of projection matrix that maps the time dimen-
sion (columns) of X onto the time dimension (columns) of
Y. Suppose we had a function, c(t), that assigns each integer
ind{0,1,...,Tx-1} to aninteger in {0, 1, ..., Ty~1}. Its
correspondence matrix can be constructed as follows:

o - 0 ch#j (29)
YL =g

[0128] While minimizing Dy (X, Y), it is preferable to
constrain C to matrices where the corresponding c(t) is
non-decreasing. FIG. 8(c¢) gives an example of a possible
mapping. The optimal C map determines how X should be
stretched and compressed (possible deleting some sections
and repeating others) to line up with Y. The optimal rotation
matrix, R, determines how all the vectors in X should be
rotated so that they match the vectors in Y.

[0129] The method used in here to minimize the expres-
sion (28) is called the coordinate descent method (Non-
patent Document 1). It is a simple iterative method that is
easily adapted for parallel computation. The idea is to
minimize the error function along one single axis in each
iteration. This greatly simplifies the minimization problem,
as it can be seen, and when it is cycled through each axis,
successively minimizing each coordinate, it is known that
the Equation will converge to a local minimum. If there were
no constraints on R and C then since Dy (X, Y) is convex
this local minimum would also be the global minimum.
However, there is constraints in the present embodiment so
only localness is guaranteed. In the next Sections, it is
described how to minimize the error function over each axis,
R and C.

[0130] (6.1) Minimizing Dy (X, Y) over R

[0131] There is a simple method for minimizing Dy (X,
Y) over just R. Lets define:

R*(C) = argminDg (X, ¥) (30
R

[0132] The solution to this minimization problem is well-
known as polar decomposition (see Non-patent Document 6
for a detailed derivation) and the solution is:

R*(C)=VU" 31

[0133] Matrices V and U are obtained from the singular
value decomposition (SVD) of XCY'=UDV'. It should be
noted that the size of XCY" is 6-by-6 so that the cost of the
SVD is independent of the length of the sequences.

[0134] The inventor of the present application have found
that it is beneficial to restrict R so that the same rotation is
applied to the gyro and accelerometer components. This
means that the structure of R is desirable to be a block
diagonal like this:
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(Q 0] (32)
R=
0 Q

[0135] where Q is 3-by-3 rotation matrix. This constraint
can be easily satisfied by calculating Q=VU' but this time V
and U are obtained from the SVD of U CU/+V CV'=
UDV'.

[0136] (6.2) Minimizing Dy (X, Y) over C

[0137] There is also a method for minimizing Dy (X, Y)
over just C using dynamic time warping (DTW). As before,
lets define:

C'(R) =arg minDg c(X, ¥) (33)
C

[0138] Instead of finding C directly as a matrix, the
underlying mapping function, c(t) is calculated. Let the
vectors of Y sequence represent the states in a Hidden
Markov Model (HMM) with left-right topology. Sequence X
is matched against the HMM using Viterbi algorithm to
provide the optimal path sequence. Scoring of the i-th
HMM-state (which represents the i-th vector of Y) on the
j-th vector of X is calculated as the squared Euclidean
distance:

log P(s =i/ Y, X;)=-(RX;- Y)(RY;-Y) (34)

[0139] This is equivalent to using unit variance Gaussians
centered on the vectors of X to represent the output distri-
butions of each HMM-state, s, €{0, 1, . . ., TY-1}. The
transition probabilities are:

loge j<i (3%5)
—log2 j=i
logP(s; =dlsci=p=1
Ki-j-D .
_—— j>i
iy

[0140] where K is an experimentally determined constant
(approx. (100/128)Hz in our experiments) and r is some very
small number. Alternatively, the transition probabilities may
be determined by using training data.

[0141] Using the HMM with parameters specified above
as representing Y and an observation sequence as X, the
standard Viterbi algorithm is used to find the optimal (maxi-
mum likelihood) state path, {s*} through the HMM. This
state path assigns each vector in X to a vector in Y, according
to c(t)=s.*. The correspondence matrix can then be calcu-
lated directly from c(t) as stated above. It should be noted
that, in an actual implementation, the matrix product XC is
much more efficiently calculated by using c(t) directly to
construct XC from X.

[0142] (6.3) Determining Initial Conditions

[0143] The coordinate descent method, like all descent
methods, requires an initial value for at least one of the
coordinates. The quality of the local minimum found by
coordinate descent is highly sensitive to this initial value.
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The optimization of Dy (X, Y) is started with an initial
guess for C. The initial value for C is calculated using the
same procedure as in Section (6.2) but equation (34) is
replaced with,

log P(s=i/Y,X)=-(X X~ Y, Y (36)

[0144] so that there is no dependence on the rotation
matrix, R. This way no rotation matrix is required to find an
approximate mapping, c(t), between X and Y.

[0145] (6.4) Calculating the Distortion Between X and Y

[0146] Below, the procedure, called DISTORTION, is
presented for minimizing the error function and thereby
calculating the distortion measure between two motion
signatures. Let i represent the iteration, and C° represent the
initial guess for C as calculated in Section (6.3) and € is a
stopping criterion used to detect convergence:

DISTORTION(X, Y, C°, €) returns D!
Initialize R® ¢= R*(C%), d < 1,i¢ 1
While 6 > €:

Cie C*RTYH

Rl R*(CH

D' ¢ Dp; i(X,Y)

§ «— ‘Di _ Di—l‘

ie— i+1
Dﬁnal «— Di

RN RN

[0147] R*(C) and C*(R) are the procedures given in
Sections (6.1) and (6.2), respectively. In summary, the
DISTORTION procedure calculates a local minimum of
Dy (X, Y) over R and C using the coordinate descent
method outlined above. The value returned, D™, is a
measure of the dissimilarity between X and Y that is
invariant to any rotation or time-warping.

[0148] (6.5) Device Configuration

[0149] The method described in this Section for compar-
ing motion signatures may be realized by the computational
unit 20, which may include a CPU and memory for per-
forming processing steps of the method. More specifically,
for example, the computational unit 20 may include a buffer
22, a Rotation Invariant Viterbi (RIVIT) processing section
24, a Hidden Markov Model (HMM) storage 26 and an
output section 28.

[0150] The buffer 22 receives and stores sampled sensor
outputs to construct a observation sequence X indicative of
motion signature corresponding to a current activity of the
subject. The observation sequence X is sent to the RIVIT
processing section 24 for finding the optimal rotation and
temporal correspondence with a sequence Y, one of
sequences represented by the HMM stored in the HMM
storage 26. In the RIVIT processing section 24, the optimal
rotation may be determined first, and then the optimal
temporal correspondence may be determined by matching
the sequence X against the HMM using Viterbi to provide
the optimal path sequence.

[0151] The output section 28 receives the matching result,
and outputs as an activity 10 recognition result a signal
indicating the current activity of the User. In the present
embodiment, it is assumed that the activities may be labeled
or classified in advance and mapped against sequences or
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states of the HMM. The mapping table may be stored in the
output section 28 or the sequences or states of the HMM
may be labeled.

[0152] (7) Method for Determining the Location of the
Sensor on the Body

[0153] In this Section the method 22 for estimating the
location of the IMU with respect to the User’s body. Any
given movement by the User will generate differing mea-
surements depending on where the IMU is on the User’s
body, such as in a pocket, being held in 20 the left hand, on
a necklace, etc. These differences in measurement of the
same action can be used to deduce the location of the IMU.
Of course, for this purpose some types of movement are
better than others. For example, a motion that only involves
the left hand can not be used to distinguish between one
situation where the IMU is in the User’s left pocket and the
situation where the IMU is in the User’s right pocket.
However, a motion like walking produces unique measure-
ments all over the User’s body, except for left-right sym-
metry.

[0154] In this Section, the action or movement used to
determine IMU location is referred to as the reference
motion. The overall processing pipeline, assuming an arbi-
trary reference motion X, is depicted in FIG. 5.

[0155] A position-invariant detector of the reference
motion is used to gate the output of the IMU (50), and this
way a sequence of test signatures containing the reference
motion arrive at the next module 24. For example, if the
reference motion is walking then the method 21 for gait
frequency measurement (Section (4)) can be used as the
position-invariant detector.

[0156] In the module 24, the test signatures are matched
against an exhaustive database 54 of reference motion
signatures over locations. The best match indicates the
estimated location of the IMU. For generic matching of
motion signatures the method in Section (6) may be used. It
is also possible to custom-design a matching algorithm for
a specific reference motion, especially if it is a periodic
motion such as walking.

[0157] According to the present embodiment, in its most
basic instantiation, the Device is continually outputting what
it calculates as the motion that the User has just performed
or is performing. What it specifically outputs is determined
by the database of motions that are available to the Device
for matching. This motion database can be either static or
dynamic depending on application needs.

[0158] It is also possible to use the Device in a configu-
ration where it is not attached to any human user but rather
to a machine or any moving object. Examples of this include
vehicles (such as bicycles, cars and boats), factory equip-
ment (such as robotic arms and CNC machinery), plants and
animals (such as dogs and cats), cargo (such as a crate of
eggs or a drum of volatile liquid).

[0159] The classification results can be used directly to
drive an application that needs to configure itself based on
what the User has been doing or is doing at the moment.
These type of applications would be called context-aware
and their context-awareness is enabled by, in this case, the
Device.
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[0160] The present invention contains subject matter
related to Japanese Patent Application JP 2005-169507 filed
in the Japanese Patent Office on Jun. 9, 2005, the entire
contents of which being incorporated herein by reference.

[0161] It should be understood by those skilled in the art
that various modifications, combinations, sub-combinations
and alterations may occur depending on design requirements
and other factors insofar as they are within the scope of the
appended claims or the equivalents thereof.

What is claimed is:
1. An activity recognition apparatus for detecting an
activity of a subject, the apparatus comprising:

a sensor unit including a plurality of linear motion sensors
configured to detect linear motions and a plurality of
rotational motion sensors, the linear motions being
orthogonal to each other, the rotational motions being
orthogonal to each other; and

a computational unit configured to receive and process
signals from the sensors included in the sensor unit so
as to detect an activity of the subject;

wherein the sensor unit is directly or indirectly supported
by the subject with an arbitrary orientation with respect
to the subject; and

wherein the computational unit performs a calculation
that uses the signals from both linear motion sensors
and rotational motion sensors to determine the activity
of the subject independent of the orientation of the
sensor unit.
2. The activity recognition apparatus according to claim 1,
wherein:

the plurality of linear motion sensors are three acceler-
ometers for measuring accelerations in three orthogo-
nal axes;

the plurality of rotational motion sensors are three gyro
sensors for measuring angular velocities around the
three orthogonal axes; and

the computational unit uses six outputs from the acceler-
ometers and the gyro sensors to determine a current
activity of the subject.
3. The activity recognition apparatus according to claim 1
or 2, wherein:

the computational unit includes

a buffer configured to store an observation sequence
formed of a plurality set of the sensor outputs for a
predetermined period of time;

a storage configured to store a plurality of reference
sequences, the reference sequences corresponding to
motion signatures of different activities; and

a matching processor configured to match the obser-
vation sequence against the reference sequences to
find a best matched reference sequence;

wherein the matching processor finds an optimal rota-
tion and temporal correspondence between the
observation sequence and one of the reference
sequences so as to obtain the best matched reference
sequence.
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4. The activity recognition apparatus according to claim 3,
wherein:

the reference sequence includes a plurality of vectors
representing states in Hidden Markov Model; and

the matching between the observation sequence and the
reference sequence is performed using Viterbi algo-
rithm so as to obtain an optimal state path.
5. The activity recognition apparatus according to claim 1
or 2, wherein:

the computational unit further detects a rate of the sub-
ject’s gait by calculating an autocorrelation of the
signals from the linear motion sensors and an autocor-
relation of the signals from the rotation motion sensors,
and summing these autocorrelations to obtain a sum-
mary autocorrelation function; and

the summary autocorrelation function is used to determine
the rate of the subject’s gait.
6. The activity recognition apparatus according to claim 1
or 2, wherein:

the computational unit further detects a rotation of the
sensor unit by calculating a first rotation by integrating
the signals from the rotational motion sensors, calcu-
lating a second rotation by using a gravitation model
and the signals from the linear motion sensors, and
performing weighted interpolation of the first and sec-
ond rotation;

the weight for the first rotation is larger if variations in the
signals from the rotational motion sensors are smaller;
and

the weight for the second rotation is larger if variations in

the signals from the linear motion sensors are smaller.

7. The activity recognition apparatus according to claim 1
or 2, further comprising:

a storage configure to store reference motion signatures
and corresponding locations for a reference activity;
wherein

the computational unit further detects a location of the
sensor unit on the subject by determining if a current
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activity represented with the signals from the sensors is
the reference activity, and, if the current activity is the
reference activity, matching a motion signature corre-
sponding to the current activity against the reference
motion signature so as to determine a location of the
sensor unit, which corresponds to a best matched
reference motion signature.

8. An activity recognition method of determining an

activity of a subject, the method comprising:

sampling accelerations in three orthogonal axes and angu-
lar velocities around the three orthogonal axes; and

determining an activity of the subject using all the
sampled accelerations and angular velocities;

wherein the accelerations and angular velocities are
detected by sensors integrated into a single unit, which
is directly or indirectly supported by the subject with an
arbitrary orientation with respect to the subject; and

wherein the determination of activity is performed by
using both the accelerations and angular velocities to
determine the activity independent of the orientation of
the sensor unit.
9. A recording medium that stores a program that causes
a computer to perform activity recognition by determining
an activity of a subject, the program comprising:

receiving data of accelerations in three orthogonal axes
and angular velocities around the three orthogonal
axes; and

determining an activity of the subject using all the
received data of accelerations and angular velocities;

wherein the accelerations and angular velocities are
detected by sensors integrated into a single unit, which
is directly or indirectly supported by the subject with an
arbitrary orientation with respect to the subject; and

wherein the determination of activity is performed by
using both the accelerations and angular velocities to
determine the activity independent of the orientation of
the sensor unit.



