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Abstract Health monitoring based on human activity recognition (HAR) is an important means to discover health abnormali-
ties. However,in daily activity recognition,it is difficult to obtain training samples containing all possible activity categories in ad-
vance. When new categories appear in the prediction stage,the traditional support vector machine (SVM) will incorrectly classify
them as known category. A robust classifier should be able to distinguish the newly added categories so that they can be processed
differently from the known categories. This paper proposes a human activity recognition method based on class increment SVM,
and the idea of hypersphere is introduced, which can not only identify known activity categories with high accuracy, but also de-
tect new categories. The multiple hyperspheres obtained through training divide the entire feature space,so that the classifier has
the ability to detect newly added activity categories. The experimental results show that compared with the traditional multi-class
SVM method,our method can realize the detection of new categories without significantly reducing the classification effect of
known categories.thereby improving the classifier's ability to recognize human activity in an open environment.

Keywords Human activity recognition, Support vector machine, Hyperspheres,Clustering separability,Class increment
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Fig. 4 Example of three-type classification
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1 HAR $di 45 b £ 5 SVM B2y 2805 B8 77, 94 %,
MBR I SVM B3 2806 B 0 89. 28 % . it T# Bk il SVM H A
of 3T 348 2% 50 (4 4G T B 7 R ahb o JOKS B A S R

Physiological ¥ % 1 % 4 A~ 250, 4 3 & ¥ 57 (neu-
tral) JI& 45 Cemotional) . .0 B (mental) Fl 4= 3 (physical) , #E A<
4480 A REABYE N 533 4. BAREACHE 81 11 2RI 2k
B VCRTELRMM L. I EMBIF LRG3 AR,



82

Computer Science THEHLEIZ  Vol. 49.No. 5. May 2022

AR R d L BREA IR WG S 1 2K RSO R
B, WA I TAE 5 SVM FUB ER T SVM 1y 43 25 4%
HIRBHE N 3 ME 4 55,

3 HTFAEH SVM 1Y Physiological 432845 1

Table 3 Results of Physiological classification based on
traditional SVM
T E B
Cc=16 — ELE/%
EEEE ST '
i 112 100
NS 89 23 79.46
2L E
* & 5 29 83 74.11
H 2 53 57 0
EhRE/ N 98.25  52.05  50.92 63.39

F 4 HETFHBRE SVM 1Y Physiological 43 245 R
Table 4 Results of Physiological classification based on

hyperspheres SVM

Ci =14 i
N . = ek /%
Cy; =146 % [N £ #
T % 110 2 98. 21
. N 74 29 9 66.07
ExEs
¥ 1 26 69 16 61.61
b 4 7 101 90. 18
HEE/ Y 99.10  71.15  65.71  78.91 79.02

Physiological 4 4E L. 145 SVM 4432545 4 63.39% .
AR SVM [ 43 2AE B 79. 02% , i TR BRI SVM B F
Xof T 48 28 0 ARSI e g PRI Ok SRS R B W AR

INFRARED #4545 6% 6 /> 2851, 43 51l )2 47 3& (wal-
king) . F # (downstair) . & # Cupstair) . #fl (running) . ¥4 57
(standing) . J5 #15E (walking inplace) .7 3372 A4S, & REA
Bl Ay 38 4, B AEAHE 8101 A3 iU 25 4R | B0 AIE 4R A I IR
B, BALEFERT 5 A R ERESE ) St " AR A, I
A 6 A CIEHED R FIG A WK E R T84 SVM
FEERTE SVM 1Y 43 2845 AR 1B A M N2 5 RISk 6 g,

#5 TS SVM B INFRARED 432545

Table 5 Results of INFRARED classification based on traditional
SVM
T & 3 )
! Hx i e & wx ww Cor
T4 72 2 97.47
T # 2 40 1 93.02
mx b# 46 100
EH O O# 53 100
3k 51 56 100
i 59 4 0
TR/ Y 97.47 40.40 93.38 100 93.33 80. 00

6 FETEERE SVM iy INFRARED 425 45 1)

Table 6 Results of INFRARED classification based on
hyperspheres SVM
C =2 T & 3
ELE/%
C;=28  HxE E#  TH & %ix  #H )
& 72 1 6 91. 14
T # 2 41 95.35
o BB 44 2 95. 65
W B i 1 52 98.11
3k 51 1 53 2 94. 64
filke | 63 100

FWE/Y  97.30 100 93.62 100 100 86.30 95.59
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