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Table 1 Parameters at all levels
mar SR BESHMI  GRHAR
Input 16x8x6
Convl 16x8x32 1728/32 221 184
Conv2 16x8x32 9 216/32 1179 648
Pooll 8x4x32
Conv3 8x4x64 18 432/64 589 824
Conv4 8x4x64 36 864/64 1 179 648
Pool2 4x2x64
FC1 128 65 536/128 65 536
FC2 5 640/5 640
Softmax 5
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Fig.2  System architecture of hardware & software co-acceleration
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Fig. 6 Convolution operation process
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Table 2 Performance of different convolution

acceleration schemes

T % B ATHEH]/ms A A
FPGA (PE=1,N=0) 336. 02
FPGA (PE=2,N=16) 11.87 28.31
FPGA (PE=2,N=32) 6.41 52. 44
FPGA (PE=2,N=64) 3.52 95.46
A [ AR 5 A0 RN A A R A 7 AR B

XL UNER 3 Fron. SCge gk IR KOs 17 55 8 bit,
16 bit AL B AR RE 2 BB R 5l 32 bit
B 1. 38 A5 A 1. 21 £

R3 AEBBAEMNSREREITL
Table 3 Performance of different data bit widths

Kh 3 5 EATH/ms s A7
32-bit fixed 7.76
16-bit fixed 6.41 1.21
8-bit fixed 5.62 1. 38
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Fig. 7 Maxpooling calculation
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Fig. 9 Time division multiplexing technology



B AR 25 22 M ARRRERD) ,2002,14(3) :331-340

Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2022,14(3) :331-340

AT IR BN A 0, A SO E A FF R UCI_HAR
PRUERCHE 4 E AT 50 UF . % AU SR 35 12 A H H g
3l B3 AN E A B (a7 A i) 3 A A B
(AT BB R R RN 3 S ER S Bl A0 B A (ki A
Ay A it Al S i AR ) X SO R B — R R
FHLIC % e T O o A SO B2 T B
A, LA 50 Ha 19 18 5 8 32 A B = Jh 42 1 o skt 5 A —
ol A R OR A A R FH SR A T Bl B SRS
BEAL ST A2, 35 7094 R 254 , 30% VE R
A5 7 FH MR 75 I 0 2 A B B A T WAL B )
TE 2. 56 s Fl 50% 5 & 1) [ 56 B T 3 1 b oR A
(B HSEREN 128) . W3R 6 Firas , AL ik A~ His 42 1Y
6 NI Bl , AUFE 3 ANEAIE s 3 AN s shilt ek
5, B AL IR B 1 RSH R 128%6.

# 6 UCI_HAR #iiEs
Table 6 UCI_HAR dataset

g2 bra& K
175k 0 1722
e ARER 1 1 544
TR 2 1 407
A E 3 1 801
inT 4 1979
Ul 5 1958
Bt 10 411

2) Al HAR %445 : e B SparkFun 23 7] 451
‘fi{}ﬂ']ﬁﬁﬁj( Inertial Measurement Unit, IMU ) 15 3%
KB NARAT B8 i VR e 4R A% Sk At Se i I n 1]
10 fir7Rs R Y BHE GG PR IR OGN 5 1Y X Y Z =l
Y AR I I Y XY Z =Rl e
I 6 Mg AJRIE , BCE SRR 50 Hz, BOK 10
FEE I IRAEPI AT R, 20t 20 ., B HAT N B
77 L AR T RERR BED AR R, 23 I X AR 4 O
F 4 SRJGTE 2. 56 s F 50% T B 1) [ 2 5 B W 2 6 1
HORFE  BEACREAN AR 128 AN RFE A, 4550080 R~
H128%6.3R 7 7R 5 AT AR DN RS IT A5 R A
il HAR £icHla 8 4% B8 7 Lb 3 19 L3l 43 Sk il 4
FINRAE AR MR AR BEHL 500 MEEARLEA SD K H H
F FPGA U3 iiE.

o TR RS e R A B b 2l TR IR Y
FWLBE S AL ARSI B 4l I 4 s vh e 2 7
SRS DRI AR SR B Ak 35 B Bt v D g
Xof B AT e b 2.

BRI & B Bt , {# FH TensorFlow T B 2% 2] HE 42

337

K10 IMU & /s 504
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Table 7 Sample data of each behavior
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Fig. 11 Model performance curve



338

3.2 LIOIWEE

A S Xilink 247 19 Vivado HLS 347 & .
FPGA #EHIHYJE Avnet 24 A Y Ultra96-V2, TAE43 %
4 200 MHz. SEBREE AN 16 7€ s CPU SR ]
FHh 3 GHz 1) i7-9700 Ab3EE , GPU SR HARA A
FF) GTX1080Ti ..

3.3 XWHER

BEALEIUEFAT 4% 100 Z5HEAEA SD £, H
TFIAEERETE FPCA Ui 2 58 () HER R a0 % 8 iR,
VB AL 5 BE7 9k 8 bit 16 bit A1 32 bit A&
TE FPGA Jiitb A A ARG BE (9 504F , 28 500 WAL,
BRI TE M 8 bit 16 bit F1 32 bit AR EIE R R
390k 84.40% 91. 80% 1 93. 20% . B ¥ & 1k T 5L
RGBS B AR T FR0E O & o R
93. 61%. 7% & B GE IR I FE SRR BE A1 O, e 2k
FH 16 bit BOECHE AL T8 AE A A5 7 58 B A B0 B [+
-t g At P RS B (SRR 7E FPGA T
IR APERE A IIAE.

*8 AREBIEMEEEERERTLE

Table 8 Recognition accuracy of different bit widths

B 58 I e/ %
32-bit fixed 93.20
16-bit fixed 500 91. 80
8-bit fixed 84.40
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FEANFR 9 FrR.
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Table 9  FPGA hardware resource consumption

T3 5 N=16 N=32 N=64
BRAM_18K 346 346 346
DSP4SE 138 168 214

FF 53 486 81 572 10 450

LUT 37 514 49 574 70 548

FPGA WIS FH RN A 12 s 16 5060 5
416 bit, N 535124 16 .32 .64 514 T, BRAM %%
U8 i 2k 809% , DSP 9% R i FH %43 51k 39% .
47%F1 60% , fil & #5% ( Flip-Flop , FF) 4 (5 F 34351
40% 58% F1 78% , A5k 3¢ ( Look-Up-Table , LUT) 5 H
RIYHIH 53% 70%F1 99%.
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Fig. 12 FPGA resource utilization
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Table 10 Performance & power consumption comparison

BV

CEESTIE <08 S e/ W
CPU float 11.87 38
GPU float 0.29 250
FPGA(N=16) 32-bit fixed 47.21 2.63
FPGA(N=16) 16-bit fixed 27.58 2.51
FPGA(N=16) 8-bit fixed 24.20 2.21
FPGA(N=32) 16-bit fixed 17.42 2.95
FPGA(N=32) 8-bit fixed 15.15 2.42
FPGA(N=64)  16-bit fixed 10. 43 3. 64
FPGA(N=64) 8-bit fixed 8. 86 2.71
4 ZERIE

AR T 3T FPGA F1 CNN i AR FT B
I ZR G0 38 A A5 Ak, AT A FREE A K
LA AR TR A i ] UCI_HAR EE & F1 A
il i) HAR Bl 47 1 555, Jf 5 CPU 1 GPU &
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Abstract In order to achieve the goal of low power consumption and low latency for edge-end human activity rec-
ognition, this paper designs a fast recognition system based on wearable sensors and Convolutional Neural Networks
(CNNs) .First, the system collects data through sensors to make a human activity recognition dataset,and pre-trains
a CNN-based behavior recognition model on the PC side, which achieves an accuracy of 93. 61% on the test set.
Then , hardware acceleration is realized through methods such as data fixed point, convolution kernel multiplexing,
parallel processing of data,and pipeline.Finally,the recognition model is deployed on the FPGA and the collected
sensor data are input into the system to realize the recognition of human activity at the edge.The whole system is de-
veloped jointly with hardware and software based on Ulira96-V2.The experimental results show that when the input
clock is 200 M, the system runs on FPGA with an accuracy of 91. 80% ;the proposed system is superior to CPU in
recognition speed as well as power consumption, specifically,the power consumption is only one-tenth of CPU con-
sumed , and energy consumption ratio is 91% higher than that of GPU.It can be concluded that the FPGA-based hu-
man activity recognition system meets the design requirements of low power consumption and low delay.

Key words  human activity recognition ( HAR ) ; edge-end; wearable sensor; convolutional neural networks

(CNNs) ;field programmable gate array ( FPGA) ;hardware acceleration



