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A method of recognizing an activity on the basis of a semi-
Markov conditional random field (CRF) model is provided.
The method includes segmenting an input signal measured by
an accelerometer to output frame sequences, extracting train-
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compute the likelihood of a label given its corresponding
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METHOD OF RECOGNIZING ACTIVITY ON
BASIS OF SEMI-MARKOV CONDITIONAL
RANDOM FIELD MODEL

CROSS REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit under 35 U.S.C.
§119(a) of Korean Patent Application No. 10-2009-0092277,
filed on Sep. 29, 2009, in the Korean Intellectual Property
Office, the entire disclosure of which is incorporated herein
by reference for all purposes.

BACKGROUND

[0002] 1. Field

[0003] The following description relates to a method of
recognizing an activity on the basis of a semi-Markov condi-
tional random field (CRF) model.

[0004] 2. Description of the Related Art

[0005] Activity recognition is applied to various fields
ranging from daily life to industry, and thus is becoming more
important in people’s lives. Activity recognition is frequently
performed using many different sensors. Among these sen-
sors, an accelerometer has been known as an effective sensor
for measuring an activity because of low cost and low power
consumption.

[0006] Lately, CRF models are used in sequential data
modeling, thereby resulting in useful outcomes. These have
been disclosed in reference document “Conditional random
fields: Probabilistic models for segmenting and labeling
sequence data” by John Lafferty, Andrew McCallum and
Fernando Pereira.

[0007] However, such a conventional CRF cannot model
the durations of activities nor the transitions over a long time
period between activities.

[0008] To solve these problems, various modifications of
the CRF have been proposed [Sunita Sarawagi, et al., 2004,
and D. L. Vail, et al., 2001]. However, these modifications of
the CRF have unrealistic complexity or do not completely
solve the problems. For example, the first CRF proposed by
John Lafferty, etal., in 2001 cannot model a duration of a state
due to the Markov assumption.

[0009] Content disclosed by Sunita Sarawagi, et al. in 2004
to overcome this limitation is intended to lessen the Markov
property using a semi-CRF. However, when activity recogni-
tion is applied, an unknown activity or null activity occurs
between two expected activities or target activities, and thus
the semi-CRF cannot capture an activity transition over a long
time period either.

SUMMARY

[0010] The following description relates to a solution to
conventional problems, which is based on the extension of a
semi-Markov conditional random field (CRF) model and has
appropriate complexity.

[0011] According to an exemplary aspect, there is provided
a method of recognizing an activity on the basis of a semi-
Markov conditional random field (CRF) model, including:
segmenting an input signal measured by an accelerometer to
output frame sequences; extracting training feature vectors
from the frame sequences; building a codebook containing
kernel vectors from the training feature vectors; quantizing
vector sequences into discrete symbol sequences; using linear
chain semi-Markov CRF model to compute the likelihood of
a label given its corresponding symbol sequence.
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[0012] Additional aspects of the invention will be set forth
in the description which follows, and in part will be apparent
from the description, or may be learned by practice of the
invention.

[0013] Itisto be understood that both the foregoing general
description and the following detailed description are exem-
plary and explanatory and are intended to provide further
explanation of the invention as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0014] The accompanying drawings, which are included to
provide a further understanding of the invention and are
incorporated in and constitute a part of this specification,
illustrate exemplary embodiments of the invention, and
together with the description serve to explain the aspects of
the invention.

[0015] FIG. 1 illustrates a semi-Markov conditional ran-
dom field (CRF) according to an exemplary embodiment of
the present invention.

[0016] FIG. 2 shows graphs of bell-shaped probability
functions for duration modeling according to an exemplary
embodiment of the present invention.

[0017] FIG. 3 is a block diagram illustrating an example of
activity recognition to which a semi-Markov CRF model
according to an exemplary embodiment of the present inven-
tion is applied according to an exemplary embodiment of the
present invention.

[0018] FIG. 4 is a block diagram illustrating a process of
generating a kernel vector according to an exemplary
embodiment of the present invention.

[0019] FIG. 5 is a flowchart illustrating a process of calcu-
lating 7Z according to an exemplary embodiment of the
present invention.

DETAILED DESCRIPTION

[0020] The invention is described more fully hereinafter
with reference to the accompanying drawings, in which
exemplary embodiments of the invention are shown. This
invention may, however, be embodied in many different
forms and should not be construed as limited to the exemplary
embodiments set forth herein. Rather, these exemplary
embodiments are provided so that this disclosure is thorough,
and will fully convey the scope of the invention to those
skilled in the art. In the drawings, the size and relative sizes of
layers and regions may be exaggerated for clarity. Like ref-
erence numerals in the drawings denote like elements.
[0021] FIG. 1 illustrates a semi-Markov conditional ran-
dom field (CRF) according to an exemplary embodiment of
the present invention.

[0022] Heretofore, activity recognition solutions using a
Markov model have not considered the correlation between
activities and the durations of the activities and thus have not
had high complexity.

[0023] An exemplary embodiment of the present invention
relates to a semi-Markov CRF model having an algorithm
whereby training and inference are simultaneously and rap-
idly performed to take the correlation between activities and
the durations of the activities into consideration.

[0024] In other words, an exemplary embodiment of the
present invention extends a semi-Markov CREF, thereby cap-
turing an activity transition over a long time period while
using the duration modeling performance of a conventional
semi-Markov CRF.

[0025] To this end, a semi-Markov CRF with discontinuous
state time is configured according to an exemplary embodi-
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ment of the present invention, and the semi-Markov CRF has
a linear chain structure as shown in FIG. 1.

[0026] In FIG. 1, y,, y,, ¥; and y, denote states, and x
denotes an input symbol value. In the semi-Markov CRF, a
predetermined state is indicated by s,=(y,, b;, €,), and an i-th
state is defined by the three parameters y;, b, and e,. The
parameter y, relates to i-th state information, the parameter b,
relates to an i-th beginning time, and the parameter e, relates
to an i-th ending time.

[0027] The beginning time and ending time of an activity
are separate from each other and satisfy Expression 1 below.

0<b,Ze;

e <b;;

[0028] A probability P(SIX) of a state sequence S given by
an input sequence X is calculated by Expression 2 below.

[Expression 1]

P [Expression 2]
l_[ ¥(siot, 51, X)

PSIX) =

P
Ze=Y | %6t 0

s =l

[0029] In Expression 2, ¥ denotes a probability of activity
transition froms,_; to s,.
[0030] W is calculated by Expression 3 below.

eQT(yH i) % [Expression 3]

BQD(y;,L’;*b;‘rl) %

Wisi1, s, X) =
(si-15 5i» X) £200ib1e)
BQO(IA,ei,1+1,b;—1)
[0031] Q(y.¥).Q"(y.d). Q9(y. 1, ). and Q¥(IA. 1, 1,) in

Expression 3 can be calculated by Expression 4 below.

Q" =W (Y. e =Y =) [Expression 4]

1if X is true
S(X)=q . .
0 if X is false

(d—my 2

)
D -
0 D=5

Sy =)

7]
0%, 11, 1) = ) D WOy, 000 =y, % = 0)

=t o

2
Q%UA, 1, m) = ) > WPUIA, 0)0(y, = IA, % = 0)

=t o

[0032] In Expression 4, W” is the weight of duration (D),
W7 is the weight of activity transition (T), and W€ is the
weight of observation (O). Itis apparent that explicit duration
information can be integrated in the model.

[0033] Also, in Expression 4, d is a duration variable, t; and
t, are time variables, 1A is a label of unknown activities, m, is
an average duration, and y is a label value of an expected
activity having the average duration m,,.
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[0034] As can be seen from the above expressions, an
exemplary embodiment of the present invention uses a bell-
shaped probability function for duration modeling. The shape
of the probability function is shown in FIG. 2. Graphs 21, 22
and 23 shown in FIG. 2 show probability function shapes
having different means and standard deviations (sd) of dura-
tions (15, 1), (10, 2) and (5, 2), respectively.

[0035] Together with definition of the model, measurement
of an increase or decrease of a parameter is performed using
Expression 5, Expression 6 and Expression 7 below.

Gradient of Activity Transition Weight [Expression 5]
dZy T T\
= 4 Q1 (Y.
——— = ) Y. DBy, 1+ 1)e
awl(y’, y) ;

Gradient of Duration Weight [Expression 6]

dZy D T
- = O(y, 1, d), where
) = 24 24005

Ay, =Dy, t+ d)eCoatrd=l)
Ly, 1+ d)er(’Avlv’*I)+G(y,r,r+d—1) +
Oy, 1, d) =
Aly, 1— 1)ec(y""*d’l)+Q0(IA,r+d,T) +

eQO(IA,l,r—l)+G(y,r,r+d—l)+Q0(IA,r+d,T)

Gy, r,1+d-1)=0%y, r,1+d - 1)+ QP(y, d)

Gradient of Observation Weight [Expression 7]
dZx
— = Ay, 1, d), and
dw(y, o) Z; O
ie[r,:;dfl]

T

dZX
=t - h
dnO A o) ; v(z), where

xj=0

D aty 1= DA, 1+ 1l VoA
,

Yy oy
, 0CUALT)
V() = a(y',r-1e +

By 1+ 1)ed”UAL0 4

O
EQ (IA,1,T)

[0036] The functions a, A, v, B,  and T in Expression 5,
Expression 6 and Expression 7 can be obtained by Expression
8 below.

a(y, 0 = aly, 1= De?” M 1y (y, 0 [Expression 8]

A0 = Y aty, e’ V'

Y

D -
/\(y, t—d)ec(y" d+1,t) +
D=
Y0 Z BQO(IA,l,r—d)+G(y,r—d+1,r)
d=1

B, 1) = By 1+ eI iy, 1)
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-continued
D £y, [+d)eG(y,r,r+d71) n
D= E
0.0 eG(y,r,Hd—l)+Q0(IA,r+d,T)
a=1

dy 0= iy, pe’ )

y

[0037] FIG. 3 is a block diagram illustrating an example of
activity recognition to which a semi-Markov CRF model
according to an exemplary embodiment of the present inven-
tion is applied according to an exemplary embodiment of the
present invention.

[0038] When an input signal 31 for training or testing mea-
sured by an accelerometer is input to a sliding window 32
(operation 31), the sliding window 32 segments the input
signal into frame sequences 33 (operation 32). The sliding
window 32 segments the input signal 31 using the Hamming
function. The Hamming function is frequently used for filter
design, and serves to receive a factor which is a number and
segment a signal.

[0039] A feature extractor 34 extracts feature vectors from
the segmented frame sequences 33 (operation 33). The
extracted feature vectors are provided to a vector quantizer 35
(operation 34).

[0040] The vector quantizer 35 receives and combines the
feature vectors with a kernel vector 38, thereby constructing
a discrete input sequence (operation 35). The discrete input
sequence is provided to a semi-Markov CRF unit 36. In a
training phase, a manual state label set is required when there
is an additional input to the semi-Markov CRF unit 36.

[0041] On the basis of the discrete input sequence received
from the vector quantizer 35, the semi-Markov CRF unit 36
can capture an activity transition by Expression 1 to Expres-
sion 8 and output a recognition result.

[0042] Meanwhile, the kernel vector 38 input to the vector
quantizer 35 together with the feature vector is generated
through a separate process, which will be described below
with reference to FIG. 4.

[0043] Whenatraining inputsignal 41 is input to the sliding
window 32, the sliding window 32 generates one set of frames
from the input signal and provides the generated frames to the
feature extractor 34. The feature extractor 34 extracts feature
vectors 42 from the one set of frames.

[0044] The extracted feature vectors 42 are provided to a
clustering unit 43, and the clustering unit 43 collects the input
feature vectors 42 to generate the kernel vector 38.

[0045] The generated kernel vector 38 is provided to the
vector quantizer 35 of FIG. 3, and in the vector quantizer 35,
feature vectors are quantized by the most similar kernel vec-
tor.

[0046] As a result, in an exemplary embodiment of the
present invention, inference from sequential feature vectors
and training by kernel vectors are simultaneously and rapidly
performed, so that an activity transition recognition result can
be output.

[0047] FIG. 5 is a flowchart illustrating a process of calcu-
lating 7Z of Expression 2 according to an exemplary embodi-
ment of the present invention.

[0048] The probability P(SIX) of a label state sequence can
be calculated by Expression 2 as mentioned above. See
Expression 2.
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»
l_[q‘(siflasia X)

PSIX) = =

[0049] As mentioned above, the function P(SIX) requires
the function Z , which is calculated by the following equa-
tion:

P
Zo= 3| | Wslornsfo 0

s =1

[0050] A process of calculating the function Z_ is illustrated
in a flowchart of FIG. 5.

[0051] Referring to FIG. 5, when a current time t exceeds a
reference value T, Z is directly calculated. On the other hand,
when the current time t is the reference value T or less, the
function 1 is calculated for each time band to sequentially
perform 21T operation.

[0052] To this end, first, operations 501, 502, and 504 con-
stitute a loop with the variable t. Also, operations 506, 507,
and 510 constitute a loop with a variable d, and operations
508, 512, and 514 constitute a loop with a variable y'. In
operations 509 and 513, the functions «, y and A are calcu-
lated by Expression 8, and in operation 515, the standardized
factor Z is calculated.

[0053] As apparent from the above description, in activity
recognition using an accelerometer according to an exem-
plary embodiment of the present invention, training and infer-
ence are simultaneously performed in a semi-Markov CRF.
Thus, an activity transition can be effectively captured for a
long duration.

[0054] It will be apparent to those skilled in the art that
various modifications and variations can be made in the
present invention without departing from the spirit or scope of
the invention. Thus, it is intended that the present invention
covers the modifications and variations of this invention pro-
vided they come within the scope of the appended claims and
their equivalents.

What is claimed is:

1. A method of recognizing an activity on the basis of a
semi-Markov conditional random field (CRF) model, com-
prising:

segmenting an input signal measured by an accelerometer

to output frame sequences;
extracting a feature vector from the frame sequences;
building a codebook containing the kernel vectors from the
extracted feature vectors in the previous step;

quantizing the feature vector using a kernel vector most
similar to the feature vector to output a discrete input
sequence; and

using a linear chain semi-Markov CRF model to compute

the likelihood of a state sequence S given its correspond-
ing symbol sequence X, P(SIX).

2. The method of claim 1, wherein the segmenting of the
input signal includes segmenting the input signal using a
Hamming function.

3. The method of claim 1, wherein when y; is a parameter
related to i-th state information, b, is a parameter related to an
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4
i-th beginning time, ¢, is a parameter related to an i-th ending
time, 0<b,=e,, and e,<b,,,, and the specific state s, is defined -continued
to be (yis bis ei)' (o)
4. The method of claim 3, wherein the probability P(SIX) Bly, 0= Bly. 1+ De? I 4y, 1)
of the state sequence is calculated by
D Lo, [+d)eG(y,r,r+d71) n
. 0= Z £COr+d-11400 A 1+4,T)
P d=1
l_[ Fisior, 51, X)
n T ;
PSIX)= Lo =) A 0e? o)
Zx 5

d the functions Z,_ and Iculated b
and the functions £, andnp are calculated by a gradient of the duration weight W is calculated by

P
= T b T
Zx —;E[ ¥(si . st, X) dd%;(y) :ZZO(% . d), where

d=1 t=1

BQT(y‘-,l,y;) x My, 1= DEG, 1+ d)ec(y,r,wdfl) +

2P UieibitD) ‘0, [+d)BQO(IA,l,r—l)+G(y,r,r+d—l) +
W(sioy, 5i, X) = 5 0y, 1,d) =
227 isbsei) Ay [_1)EG(y,r,Hd—l)+Q0(IA,r+d,T) "

00 UA e +Lbi-1) PO UA L=+ Gyt 1+d-11+QOUA 1+ T)

Teo' vy = syl (v — vy =
Q. =w(y, 6y =Y.,y =y) Gy, t,1+d-1)=0%.r,1+d - 1)+ QP (y, d),

1if X is true
SX)=9. .. .
{Olelsfalse . .. .. . 7.
a gradient of the activity transition weight W+ is calculated by

(d—-my)?
0P, =P — S0 =)
7 T
dZy T\
7 = > WY DBy, 14+ e O,
a3
Q)= ) WOy, 000y =y 3y = 0) A=
t=t] o
) . . . Yo R
0OUA. 1. 1) = Z Z WOUIA, 080y, = IA, %, = 0) and a gradient of the observation weight W* is calculated by
=t o
dZy
. . . . . .. -— = 0y, 1, d), and
where W is a weight of duration, W7 is a weight of activity dnP(y, o) % 0. 1, & an
transition, W€ is a weight of observation, d is a duration ) [Xi:;’ ;
. . . . e[t t+d—
variable, t; and t, are time variables, 1A is a label of
unknown activities, m,, is an average duration, and y is a .
.. . dZy
label value of an expected activity having the average - = Z v(1), where
. dwOP(IA, 0) &
duration m,. =

5. The method of claim 4, wherein when

DN aty . 1= DGy, 1+ 1) O
,

a(y, = aly, 1= D@ A 4y (y, 1) v

0CALT)
T (1) = ay',1-le +
Ay, 0= aly, ne? O B
7 Bly, 1+ 12 UALD 4
20UALT)
D AW, 1 — d)elS-drLa
E E
Y0 - [ BQO(IA,l,r—d)+G(y,r—d+1,r)



