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Abstract

Human activity recognition using streaming data from the accelerometer sensor of smartphone is still an interesting
issue for researchers. Most researches develop the recognition model based on personal model type which require
the training data obtained from only user who will utilize the model. To prepare the training data, the user must perform
various activities and annotate them within the specified time. This is a major inconvenience for the users. In this
paper, we propose a new smartphone-based dynamic framework for physical activity recognition named “ISAR+”. The
new framework is an impersonal (universal) model which can be built once and used on new users without requiring
labeled training data from those users. Because the proposed model is adaptability with evolving data streams of each
new user by using the incremental learning for real-time recognition. This work was validated the proposed model in

terms of prediction accuracy and usage times on two public activity recognition datasets. The experimental results
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show that ISAR+ can achieve the best performance compared with the state-of-the-art models for streaming activity

recognition, especially across different users and without inquiry from users. The ISAR+ has demonstrated the average

accuracy more than 85% in both datasets.

Keyword: Activity recognition, Accelerometer sensor, Smartphones, Data mining, Health
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S92 27 | Walking | 10401172376 | 0.95 | 8.47 | 0.65
S3 27 | Walking | 10401322278 | 4.21 | 15.79 | 0.99
84 27 | Walking | 10401372327 | 1.65 | 13.53 | -0.69
S5 27 Walking | 10401422315 | -2.34 | 13.48 | 1.45
S6 27 | Walking | 10401472303 | -0.76 | 10.27 | -0.84
Si 27 | Walking : ax; ay; az;
SN 27 | Walking : ary | ayny | azn

Figure 4 The example of annotated data of walking

activity data provided by WISDM.

Sample | User Lable ax ay az
S1 13 Standing | -1.88 | 9.85 | -0.23
S 13 | Standing | -0.19 | 9.92 | -0.57
S3 13 | Standing | -0.61 | 10.27 | -0.88
S4 13 Standing | -0.11 | 9.58 2.49
S5 13 | Standing | -0.72 | 9.89 | 2.41
S 13 | Standing | -0.53 | 9.34 | 2.49
S; 13 Standing | ax; ay; az;
SN 13 Standing | axy | ayn azn

Figure 5 The example of annotated data of standing
activity data provided by UniMiB-SHAR.
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Table1 The number of samples for each activity

provided by WISDM and UniMiB-SHAR

The number of samples

Activity

WISDM UniMiB-SHAR
Standing 38,520 319,550
Sitting 50,000 405,350
Walking 223,300 482,900
Jogging 129,900 395,200
Up-Down Stairs 177,100 245,500
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Figure 6 Accelerometer lines of dormant activities.
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Figure 7 Accelerometer lines of energetic activities.
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Algorithm 1: ISAR+ model : Offline phase (Modeling
component)

/x N¢ = the set of annotated data of

all activities. */
[+ CM = {Std¥},, Dens&t,, Kurtyi,} when act
are walking, jogging and stairs. */
/* Threshold = the separating dormant
and energetic activites. */
/* J = the number of window. */
/+*+ n = the number of data in window. =*/
Input : N.

Output: CM, Threshold.
1 for each act in annotated data do

/x act = (sitting, standing, walking,
jogging, staris) x/
2 for each window j do
/* j =1, 2, 3,..., J */
3 Compute M; for each sample using eq. (1)
/x 1 =1, 2, 3,..., n */
4 Compute average magnitude ]V[j of window j.
5 Compute standard deviation SD?(C:M) using eq.
(2).
6 end

7 end

8 Find the maximum of standard deviation of dormant
activities S D,,,4, using eq. (3).

9 Find the minimum of standard deviation of energetic
activities SD,,;, using eq. (4).

o Compute Threshold = %

1 for each energetic activity act do

—

/+ act = (walking, jogging, staris)
*/
12 for each window j do
/* j =1, 2, 3,..., J x/
13 Compute the standard deviation of each
acceleration values using eq. (6)-(8).
14 Compute the density of each acceleration values
using eq. (9)-(11).
15 Compute the kurtosis of each acceleration values
using eq. (12)-(14).
16 end
17 Compute average of standard deviation using eq.

(15)-(17) then set SD&, using eq. (24)

18 Compute average of density using eq. (18)-(20) then
set Dens&t, using eq. (25)

19 Compute average of kurtosis using eq. (21)-(23) then
set Kurt®}, using eq. (26)

20 | Add SD¢L,, Densgt, and Kurtdy, to the C'M.

21 end

WA SD ANNNNFATBININTINUUUTRS (SDynas)

SD,0y = Max {SDW }

Jmag)
act € {sitting, standing} (3)

e SD vasfigauasfianssuiafonlna (SDypm)

SD,in = Min {SD]-‘:;Z g)}

ract € {walking, jogging, stairs}  (4)
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AwIIAANTauLS Threshold @9ik

SDmax + SDmin

Threshold = > (5)
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Figure 8 The threshold line.
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Dg'Ct =

n
SR
Sy az; — az;
J(az) n—1 i J
i=1

(8)
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Algorithm 2: ISAR+ model : Online phase (Recognition
component)

/% S¢ = the set of non-stationary streaming data.
x/
/« CM ={SDg,, Dens®t,, Kurtéél,} when act are

walking, jogging and stairs. */
/% Threshold = the separating dormant and

energetic activites. */
/+ J = the number of window. */
/+* m = the number of data in window. */

Input : S¢, CM, Threshold.
Output: P,.¢.
1 while S¢ is not empty do

2 for each fixed size window j do
/v j=1, 2, ;... J «/
3 Compute M; using eq. (1) of each sample in window j.
/xi=1,2,3,..., n */
4 Compute average M; of window j.
5 Compute standard deviation
T —
SDjmag) = \/m i (M — M;)?
if SDj(mag) < Threshold then
Compute the average values (aw;, ay;, az;) of each
acceleration values X, y, and z.
8 Compute Dist(ax,ay) and Dist(ax,az) using eq. (27)
and (28)
9 if Dist(ax,ay) > Dist(ax,az) then
10 | Pact = standing
11 else
12 | Pact = sitting
13 end
14 else
15 Compute the average values (az;, ay;, dz;) of each
acceleration values X, y, and z.
16 Compute the standard deviation of each acceleration
values SD;, = n—i] S (aw — az)?,
1 —
SDJ'(,W) =\ =1 E;lzl (ay — ay)?, SD]'((LZ) =
ﬁ oy (az — dz)? then set to SD;
SD; = (SDj(am)7SDj(ay>7SDj(a,z))
17 Find the nearest activity act such that
Predicted = argminget(||SD; — S’D%CK/IH)
/* act € [walking, jogging, stairs] */
18 Set the activity of Predicted to Pyet.
19 end
20 end
21 end

luﬂ”lij?ﬁ‘i’lﬁimiimmuﬁd (Dormant activities
recognition) iflasannfianssuuuude wansdeAanssy
Afnspiusranestes leun nsuuaznnsie Gasi
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Figure 11 The accelerometer lines of sitting activity.
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Figure 12 The accelerometer lines of standing activity.
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Equation 8 W3suifisufiudniass SD Lwia:ﬁﬁmssuﬁag
i CM &9aansndwiasléas Equation 31

Predicted = arg ming..(||SD; — SD&F||)
:act € [walking, jogging, stairs] (31)
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Algorithm 3: ISAR+ model : Online phase (Adaptation
component)

/ * windowj = the set of accelerometer sensor data
when j=1,2,3,...,J. */
/x CM = {SD&,, Dens&y,, Kurtl,} when act are

walking, Jjogging and stairs. */
/* Pgct = The predicted activities. */
/* J = the number of window. */
/+* m = the number of data in window. */

Input : window;, CM, SDj, Pact.

Output: The new C'M.

Set SDyote = Pact-

Compute the density of each acceleration values in window; such that

. o 1 n )2 - =
Dens;, ., = \/nTl 2z (a —ax)?, Dens; ., =

1 — 1 =
Vi i (ay — ay)?, Densy ) = /35 Lo, (az — a2)2
then set to Dens;

o=

Dens; = (DenSj(M) s Densji, v, DETLSJ'((LZ))

w

Compute the kurtosis of each acceleration values in window; such that
) — /L5 — dx)2 - —
Kurtj . = \/n_l 2ieq (ax — ax)?, Kurt;, =

1 - 1 -
7T ie (ay — ay)?, Kurtj o =/ 723 20 (az — az)?
then set to Kurt;

Kurt; = (Kurt; Kurt;

F(az) J(ayy Kurt]

(=)

IS

Find the nearest activity act with density and kurtosis such that

Densyote = argmingct(||Dens; — Dens‘éﬂ&”)

Kurtyote = argminges (||Kurt; — Kurtaccl’é{H)
/* act € [walking, jogging, stairs] */
if SDyote, Densyote and Kurtyote are same activity then
Update C'M with calculate
newSDEY,  newDensly,, new Kurtll, using eq.(32)-(34).
Set CM = {newSDZ,, newDensel, newKurtdsy, }.

E

else
| Not update CM
end

e ® =
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TP

p P _
recision TP + FP (35)
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Equation 36

TP
TP + FN (36)

Recall =
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Figure 14 Precision of activity recognition using WISDM

dataset. Each model is represented in different
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Figure 15 Recall of activity using WISDM dataset. Each

model is represented in different colors.
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Figure 16 F-measure of activity recognition using WISDM
dataset. Each model is represented in different
colors.

Table 2  Results of applying ISAR+ versus state-of-the-

art methods on WISDM dataset

Model Accuracy
STAR without active learning® 23.40%
STAR with active learning’ 77.29%
Research® 82.77%
ISAR’ 75.67%
ISAR+ 85.81%
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Figure 17 Precision of activity recognition on
UniMiB-SHAR. Each model is represented in

different colors.
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Figure 18 Recall of activity recognition on UniMiB-SHAR.

Each model is represented in different colors.
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Figure 19 F-measure of activity recognition on
UniMiB-SHAR. Each model is represented in

different colors.
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Table 3  Results of applying ISAR+ versus state-of-the-

art methods on UniMiB-SHAR dataset

Model Accuracy

STAR without active learning® 22.29 %
STAR with active learning’ 73.31 %
ISAR’ 81.23 %

ISAR+ 88.03 %
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