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Automatic depth feature extraction in human falling recognition research
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Abstract; Feature extraction is a very important link in the study of human falling behavior recognition. At present, feature
extraction is mainly through manual method, and extracted features includes time—domain features, frequency—domain features and
time—frequency —domain features. The traditional manual extraction methods often results in a low accuracy of classification and
recognition. In order to improve the accuracy of recognition and the automation of feature extraction, also in order to reduce human
intervention, this paper proposes a method based on Convolutional Neural Network (CNN) to extract deep features and identify the

human activities through machine learning classifier, which can greatly improve the accuracy of classification and recognition.
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Fig. 1 The sensor nodes used for data acquisition
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Fig. 2 CNN structure for depth feature extraction
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Tab. 1 Four possible cases of falling behavior recognition

AR KL AR
A A 51 45 E A (TN) IBAYE (FN)
ARG 38 43 B PH M (FP) B FHYE(TP)

%% 1 ¥, True Negatives (TN) 27~ #A5 Jf-AK &
Az, AT DUESR RGN A Z R0 2 e AT ke A
H; False Negatives (FN) FRanEEI L LT HEK
AR Ok /Y R B AT O B RE R B False
Positives ( FP) FR#REIFFAR &4 HEAEE B H
AT I Bl 5 A O R AR AT Sy A AL True
Positives ( TP) /R A A T |1 H.RE IE A 9 -
SR B ERABIA T N IR AR

T, BT XTIETE R FH A PPAN T A , SEMB0R B 20 i
wr,

(1) BUSHE . 2 bR IR I8 5 ) 48 bR AT
FHFRAB A 2B T T e LA 3 i B8 (TP) 5k
RSB (TP + FN) Z W EE T .

TP
TP + FN

(2) Rtk bR iR GE T i FE bR, it

BAX N,

(14)

Sensitivity =

TN
TN + FP

Z I HT AT A AU R S ol B A T
FRRAEN A T R RO SR R A

(3) HERATE . A ALK A AR (TP) FdE
BfEN(TN) Bafie Sy, mT L LR ARG S
TP + TN

P+N

Hon | P FOREREN K A B, N R A PR
R BB

SARUE MERR T — A 4 R R R b, AR SO
R R PR SR B 1 T oA TR i Ao
3.1 ETFESEHEREEIRS

I 2.1 3T HE A G TR AEVE A R AE 1] =, A
FFF AL (SVM) 1T P s (DT) M BEAL AR
PR(RF) U = Fh 43 JE 2SR 73 550 10 45 1 5 503
SR R 3 38 SURAIESE X 40 2R R AT I,
B Y S50 L AR 2 R L 2,

F2 WRT 3 FhAT AR FIE A TR A IR
A[BESEIE N DT 202588 F RF 20 28 88 R 38 & %) i &2
A E R RY L S RIS SRR e o 0N = R b
IR EAL, B LS 2 RF B8R0 22 DT A R50CR

Specificity = (15)

(16)

Accuracy =



302 £

5 M B3 %

%, BRI, SVM Y- 25 U0 il 1 o
PRRCR B AT
%2 ETFGIHHEREETHRIERE

Tab. 2 Accuracy of falling behavior recognition based on statistical

features
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Fig. 3 The relationship between sensor position and the accuracy of
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falling behavior recognition
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Tab. 3 Accuracy of falling behavior recognition based on depth

feature
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Fig. 4 Falling behavior identification accuracy using depth features

versus traditional features
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