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Fig. 2 BSN monitoring platform
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Fig. 3 Acceleration signals of walking collected by using BSN monitoring platform

3 SKEREVH S

S5 B4 Ak P
TS T 3h A T B AR ORE S 56 B 43
SR AR AR ) A BE UL 1)

3.1

B AN W 7

HHA — D AR SIE R AR, SCl b I sh i 1Y
KEESEFE N 32 DA S (2 1.5 ), ARSI 2
HZ A 50 %6 (16 ANFEA D) 1Y £ 5 8 , 7T L) sk
B fd MR E B R K. Z 5 $ B0 %7 1A Y
5T RHIE B BURHIE 1] B SE I R FE AR S R



124 X #

# I X

¥ 2 553 %

{05 6 S B E P 43 1019 1 7 7% 3%
WO (47 A PEAE B SCRR P ) TRERT

k1 ERFHRFRINGEFTHA
Tab. 1

Extracted signal features in the experiment
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Tab. 2 Accurate rate of human activity recognition by using different recognition methods

E#R/ %
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Al A2 A3 A4 A5 A6 A7 A8 A9 Ty
B SVM  90.75 91. 32 87.62 83.03 84. 34 82. 35 82. 95 87.13 86. 42 86. 21
FEAEE A
HMM  90.83 88. 69 89.52 87.22 86. 35 87.99 91.32 87.50 88. 14 88.61
- SVM  91.46 86. 95 86. 25 89. 48 92. 32 91. 14 85.97 90. 10 88. 82 89. 16
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HMM  90.15 91.07 83.48 91. 37 90. 74 86. 75 87.71 83.29 84. 37 87.65
A SCHE 90. 40 90. 94 94. 04 92.99 91. 98 90. 27 93. 23 92. 35 90. 09 91. 81
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Tab.3 Average accuracy, sensitivity and specificity
of human activity recognition by using
different recognition methods
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Abstract: Body sensor networks (BSN) may offer continuous monitoring of human activities in a
range of healthcare areas, including caring the elderly. helping chronic patients, and monitoring the
recovery of post-operative patients. A monitoring platform based on BSN is established for recognizing
9 human daily activities using acceleration signal. A activity recognition method based on coupled
hidden Markov models (CHMMSs) is proposed for multi-sensor data fusion. The experimental results
show that compared with previous methods, the proposed method can achieve satisfactory

performance for human daily activity recognition.

Key words: body sensor networks; activity recognition; coupled HMM; data fusion



