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Abstract;

A human activity recognition model based on an improved Transformer-BiLSTM network is proposed to

address the problem of decreased accuracy in activity recognition methods due to the high dimensionality and large noise

of time series collected by wearable sensors. The model leverages the advantages of Transformer
long-range dependencies and parallelized computations to enhance the efficiency of sequence

Subsequently, the features are passed to a bidirectional long short-term memory network

connections ,

where two residual connections replace numerous convolutional layers while

encoder in handling
feature extraction.
with skip residual

retaining essential

information. Additionally, an attention layer integrated with time information encoding is proposed to enhance the

model’s expressive power and understanding of temporal data. Experimental results show that the model achieves an

accuracy of 98. 38% on public datasets, effectively improving the accuracy of human activity recognition.

Keywords: gait recognition;deep learning; Transformer; two-way long short-term memory network;{eature fusion

—_

=]

51

ARG BhIR S Chuman activity recognition, HAR) il i3
Sy HT AR TE SIAE 5 2R U038 Bh AT o 5 =X, 76 4 2 B 7 40 dak
A EEEMATMAE BB TEZ . A X, 3
TATHEAER HAR J 4007 LA 4y b w5 2 . 56 T 0036 A 5k
TR T RE 0 7 2 R PR b B R 43 B AR
o AB 32 3 BRI A0 W RS R ) B R e . AR L2
T T AL IR 1 T 1 AR AR ELAS 52 A1 B R B 1 S W
X2 RS T AR HAR REE KAk, IFE A
TR A S B 3 55, A0 N 00 gt R W | 3 AF N 1 Bk 45 A
32 By 5L T Sl IR O R R M AT

K
W

W H 399 :2024-05-13

o« 54

W H I TAL R B HAR #2 Xoh £ 728 1R[] 1 51
Ay AT 55, 7025 1) 2k B L L HCESF ) g 0 SRS, - 42 B [ Ut )
e B 2 [ AFAE A% SRR 40 o 3 38 1 I 2 3 ) | o MR A
R0 £ 38 BE 0 7 1) 45 4 1 M Ban A 8080 w32 B0 A
o FESR IR 4t BE B[] 4 B8 A 0 . 1% 581 HAR
T5 3k LML 2 2 05 v B L 7 N TR IURRE DR I 4 A1E 1 38
PR AR B B e K m . RSN R T A sh
BUAL SRR 2% B 5 1F AN 3C 12 15 7 1 3 3h B 9 CNN-GRU
TR A Bl 2e I 5 A HY L 76 A FF B8R 45 1 B 35 3 7309 1 5 v 1
R THEF R 7 AR A LR FH R TG BE 8 S A v 8 AT 4
IG5 356 o foff JFFT 45 5030 A A 1 AE AR B3 K B9 AR AR L FE R
U APEAT B . RS S W — A B L el



Itk HF A F R Transformer-BiLSTM 65 AR 7 317 5 42 A

BT

FRAE SR IS TR Al A BB R b, T 2% BE 8 H 322 > B &L
PIRFAE o 3 — D0 A5 AR R B 2 ) B M B AR T v B AR T 3
FREE BB RS F D Ik . BAREENAERE TR )7
T (14 BIF S8 ATS 70 4k 252 (EL R B 2 T 19 Ui A W & ff b 1 X — i
T AR T T BB AP R R E T PE . AEXT IR 8 Y AL B 1
TR BE 7 2] W] LAASE P 4 B 6 14 A7 D50 4 5040 1 I 24 ) B £ I
TR 0 s A o PRI A28 KT A5 28 T L Ak 38 1% s (] )7 31 K
Ji£  Pramannik 55742 th 1 B2 1) 19 55 0 L RE 0% 75 % it
R B R UE I 8h A I B 2% 3 % Milon %5 R £ 3k %
FR b 28 T 2% 145 B B 3 B 0 A T Ak 3R o 5048 L R T 45 R
S W10 A B [ R 1Y) 22 VR AR R A R B AR OR
JHE: T oy PR AR Y I 18] 33 3 0 1R 46 AR A0 25 R0 O i, O 3@
I TR SR AT T 90 E s R 7 AR U R T — kY
GaitSet & W Jr I E & T B8 5 B EAT T 3.
Sullivan 2SR T I BE F7AE 40 A7 5 355 o X A58 o 1) S iE
BEAT TR ST AT 345 B3¢ T A FRAE (9 o 24 R T
R Rk (R L ME B R L 83005 TR A A 4R —
T2 % 22 W 28 R 22 R 43 B 25 0 1 25 28 R 300 O ik s 2 A T
BR A BTS2 7E 5T AL BOR [F) A AT R
RAAHAH] T 87.5%.82.6%.

g5 LR, DL B E XS T A | e 4 EE i B ) 51 4y
JEER A AR 1 ) B ik ey s 2 L 4% b s BRI 4%
(convolutional neural networks, CNN) i 28 &y 32, {H 2
CNIN 3l 3 M 38 2 A2 O S 80 I (i) 7 470 10 4 B, &5 9 37
A O PE AR I B B 2R o A0 e 56 [ A O 205 05 e

DAYINZRAICSIC ™ 7 S 3 v A7 0 A5 R )1 2l 3 A 45 ) f

Transformer # 25 F 2 155 B A0 X+ 36 FUM 2 R 46 CNN
o #F K JE BT id 42 W 2% (long short-term memory, LSTM),
BT HMURE 9 8 M DG S5 44, BR 1% X AN [R) R AT 4 BE 22 1] 1 5C
RFFF I, 143 Transformer W £ 455 B A % + H
bR O 2%, HL R AE 4 2 1) 9 BN O R O UK. A
itk T v 4R B 9 B )T 91 43 S RO AIR | MR SRR 4 ) R, AR
SCHEH T — Mt Transformer-BiLSTM ¥ fF 2% > #2571
F ARG sG], BRI T Transformer 28 % #8 7F 4 45
SR BB He , BE Rl A T RRAE , MOE AT 22 3k 1 B T ML R0k
PR IR BRI OC R 5 SR 5 4 BilS 5 1Y R AE 18 A S 1Y B 1]
£ 48 112 12 W 4% (bidirectional long short-term memory,
BIiLSTM) [ 28 5 5 v, RE AT 20 4l £ 17 51 K500 v A 1
s V1T 10 Do 2% 5 4, LA K R 1) W U ik 22 i U L 52
BRI RS A RO e BT R I R 3 U R &
I mme a1 AHR T A A R 7 B A R v T AL AT
VA5G 3 B[R] AR i R0 4 b T8 22 1 223

1 23t Transformer-BiLSTM 75 &Y

1.1 RBLEH

5T B 76 D06 1 B B0 v R 0 AR Bl =, A
AL R S5 0t B dE W Ab B OBT M. BRE 7R 2 OHROAR R
(Transformer #it&#%) 2CHE Y BILSTM #1 e (L 45 B (7] 43
i )2 \BILSTM J2 58 25 7% #) ANse (9 73 55 1 BB 4 i, A
TIZER AN 1 s .

I . R N "
| FAABER | DR R B B ”EﬂtiﬁﬂﬁBiLSTM#ﬁﬁ% ! Eiiifﬂ‘]iﬁ?%ﬁﬁﬁ%“ %’_ !

N
L] [ ! f i '
| i i ii ﬁ%@j : : i
. | S smar | V%A || Transformer | 11| gy XA A p sazE L p
Ituaz&%!ﬁ%%%ml : ﬁ?‘;ﬁﬂ ﬁﬁ ?’;%J i”i [Fa 1t "‘:”:’ 5};;}1::_ > [LSTME LSTM}%’?_ET g;gg;u i | i
:" atl ¥ h Coae | ' N
: I ! e 7
VR R e |
e |

B AR 2 [R]
Fig. 1 Overall structure diagram of the model
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Fig. 2 Transformer encoder structure diagram
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Fig.5 Add residual connections and attention mechanism diagram
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