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Human behavior recognition algorithm based on WikFi

cross—environment adaptability
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2.Faculty of Electronic and Information Engineering, Sun Yat-sen University, Guangzhou Guangdong 510000, China)

Abstract: To address the challenges of privacy protection in recognizing unsafe behaviors such as
falls and low cross—environment recognition rates, this paper proposes a behavior recognition framework,
Single—antenna Cross—environment Stable Human Activity Feature Extraction and Recognition Framework
(SSRF), based on Channel State Information(CSI), optimized from the existing ReWiS model. By
collecting data on five types of elderly behaviors(such as falls, no action, etc.) from different
environments, the CSI signals are normalized, followed by Singular Value Decomposition(SVD) and
Pearson correlation coefficient calculation to generate labeled CSI data samples, which are then fed into
the ProtoNet model for classification. Compared to ReWiS, SSRF significantly reduces the number of
parameters(from 111 936 to 37 392) and accelerates both training and testing speed, with total training
time reduced from 33.12 s to 26.8 s, and per—sample testing time reduced from 0.000 149 s to 0.000 104 s.
In the four—category task of a public dataset and the five—category task of a custom dataset, SSRF
achieves average cross—environment recognition accuracies of 89% and 85%, respectively, with 95%
accuracy for fall detection. Experimental results show that SSRF maintains high generalization
performance while significantly improving the efficiency.
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PKl SSRF 4= % £ % 7E 5 A 52 vh iz AL RE T, PR IR L9 78 — A PR th AT BRI 2%, SRS TE D) — D B
PEATIPAL o AR BR R . SEAE B — s rh IR, SRS B IR A R AE A B RO R — rh e AT I,
R 3 FUR TR H A S0 T T A A S B I R IR A BB S LU B AT K B AR AR B PR B — RN ER B
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Tablel Prediction accuracy of training in environment A on environment B(unit:%)

item empty fall jump stand walk
empty 92.95 0 0.25 0 6.80

fall 0 94.80 0 4.90 0.30
jump 3.30 0 87.70 0 9.00
stand 0 8.75 7.15 70.65 13.45
walk 1.00 0 10.75 0.20 88.05

IR VA R AR T O TR BR A, ORI AR, AT AR M A B IR SRR BN A R I 2 b, i
WL X A 2 b B KR AT DUAE I 2SO AE 6 A9 1 0 b o AR SCROAAE A il Bds 5 B9 IREE A fPlllgR, fE3REE B
WA R, AR PR o AR VAR, 5 RAT S BT PR B0 AE O B0, BN VE AR R A Y E I R 87% KL b Mo,
T EREX 2 A SR AU AR E 92% LA L, T BRER FIAE B IX 2 A Sl AR i B0 A R FE AR 87% i Ay, LR
PR 2 ) A7 5 AT A Y 0 1 W B ol X — 8l A B T v R R R B R 70% , JELPR R — AN SR AR I T
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Bk R AN B A — s AR UM, FLHL S MR B /N, (0 CSTRT I BE (AT o B Rk, 3 2o 32 )23 UK I R B 2 2]
TR AR A 7 J 3 3k 6 A ] 4 20 3 3 AV 51 7S £ CST Y AN [a] B 4 AIE
I3 2 AT, SRR AE 0 1 B 4 00 7 B U B 2205 31 90% , v T B A A I8 ) T 45 SR 14 o 1 o e v A
95% LA I, T s 3B A T o A R A AR, BB RUA 70% , LRI EAE B3O, SSRETEA ITF RO 4 By 4 M 47
IO 25 5 () 7 24 o B AR L ReWiS Sz 19 80% , 5 729 114 H 43 4.
#2 SSREEATFHEAHAEMTERE (AL : %)
Table2 Prediction accuracy of SSRF on public datasets(unit:%)

training environment testing environment empty jump stand walk Avg.
A C 99 99 65 99 91
A D 100 96 83 94 93
A E 100 85 75 99 89
D E 99 99 72 99 92

Zi iR, ARSCHTHR A9 SSRF 7k 2 A uHl 4 LR B AL 75 p9 iz AL BE s ARUBIPERE , 7R UL i & BRI
F18) 1073 2 FH0I - X U 0 98 21 87 %, RE I AR IR A K — & I 3 VE 4 0 F- X o A 38 2 94% . BRI, FTIACH SSRF
TR 2 A5 AR 28 Heits 25 1 gl AR SR n] 5 HL 00 w2800
ML 3 LAAE L, S0 LSTM 7628 TF 8 45 L A9 IF 25 Ui 2 A ReWiS LA KA SCHY AR 22 AN K, AR
JUT 4 19 SSRF FE IR i — A~ U 28 5] (FR 48] 1 AT $2 T PR 15 T ReWiS 7E 20 MHz 47 98 F i — M EUHL . — DRI R
EAV N UR 12T/
3 RIESETEATTRARAEANTE 1 HIECE A AR RS SRR AT LU (S 2 %)

Table3 Comparison of non-cross—domain recognition rates of different algorithms on public datasets and self-collected datasets(unit:%)

public datasets self—collected datasets

model empty fall jump stand walk Avg. empty fall jump stand walk Avg.
LST™M 99 - 81 96 96 93 99 - 92 99 80 93
ReWiS 100 - 89 93 98 95 96 - 88 85 88 89
SSRF 100 - 93 90 96 95 96 99 87 88 86 90

585 BRI 7 T, R 3 4 AT LOULEE B LSTM A B35 S R ) e BLAR % 22, SR i BE 28 5 i UL . SSRF M LL T
ReWiS 75 2 /> % dl 48 0 R0 R EARA 4R T, SRR T 9N H 23 ki
R4 ARSEAR L TERCHE SR R4 0 B AU 30T HL (A7 2 %)

Table4 Comparison of cross—domain recognition rates of different algorithms on public datasets and self—collected datasets(unit:%)

model public datasets self—collected datasets

empty fall jump stand walk Avg. empty fall jump stand walk Avg.
LSTM 0 - 0 95 13 27 0 - 0 88 0 22
ReWiS 100 - 74 87 59 80 96 - 84 60 83 80
SSRF 100 - 96 83 94 93 93 95 88 70 88 87

AR SCREAE 2 A Bl 4R 1 00 B 301 o7 25U AR A, A BN AR U RE o FE A TT U SR R, A LE T ReWiS
(97 2 TR0 R 80% $= T T 134> A v i s AR A RO 4R R IS — A RO S B AT AR R, P SRR TR T A
Vigus
HIZE 5 AT LU Y, SSRF JCig 2 i AU i Z 4k . IR S AHE B IR 20 T ReWiS,  HLA B4 FEAS DA 4k B
B BN 0.3 s iy AT LATIE B A SO $2 1 B9 58 0k BAT 2R R R 2 AR RE 0 o W TR T CSTRY
ENA I E G5 T AR L 23U
5 AL A TERAE B RYIZRFRU ) L

Table5 Comparison of training and recognition time for different algorithms on self-collected datasets

item LSTM ReWiS SSRF

number of parameters 1375236 111 936 37392

training time for all samples/s 11.76 33.12 26.80
testing time per sample/s 0.000 200 0.000 149 0.000 104

3 &g

s

ASCHT B A — R B XS B AR A IR 5T B9 CSTAT RIS 0L, FE 8 TF B 4 LA K A il il 4R B #R kAT
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