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Abstract

Human activity recognition (HAR) is a critical task in human-machine interaction applications for
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meta-universe scenarios. Extracting useful features are the keys to improving the model perfor-
mance in a sensor-based HAR tasks. This paper proposes an enhanced reservoir computing net-
work framework (ERCNF) to address the problems. In this work, the ERCNF model is feature ex-
tracted by the circular reservoir topology module, then the extracted features are dimensionally
reduced by a dimensionality reduction module, and finally linear readout is performed by a ridge
regressor. We evaluate the ERCNF model with two benchmark HAR on the datasets of UCI-HAR and
mHealth. The best classification accuracies achieved by the ERCNF model are 98.1% and 95.6%
with UCI-HAR and mHealth datasets, respectively. The model has fast training speed and high ac-
curacy, and can effectively extract depth features from the data, which has good application pros-
pects in wearable applications.
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H 7 — MRS CNNL S IEER N2 AT SVM A ENLE B R R SRS HLE], 5T Tsallis i 115 I fA %5
KBS HIMIT INAL 2> %, DA HAR PEAE. 7E[20] [21] [22]7F M SEHL T 8 Rl iR FBE 27 > HE S AN 25 45 4

L ERTR, ARSI TR 2] I NARAT R 50 KON IEAEE R IR U R B A . B 5 i A 1 1)
IR TN 5048 ARG 3 500 SR R B A R A1 PR AR AR A, (HR 2 3 A 52 A% R B B 1) R
TR RAR e [RIIN,  JE T4 20 D00 265 (1) R P A 280 ] DB YRR 22 (¥ e R RRAE R BRI, (E El T B 25
TP R IE AR A R AR E k. B, AR, FATEE T —FhEE T RC BUREAY, DLSE Rk
BEEA R AR R E SR BURE /) SR A R AR A

3. BTyttt B A EIT AR GE
3.1. £ RC ERHIE

2t RC ¥R S 1 os[23]. BN K AN G HEAy RC RS, i N AN PR S
MRt 19 ROEBUL G A1y L AN e BrPRISEER ORI S (R ZHER,  EAFRORAEA RGO T th
FIBEAFAE R, (HEN AR RC BN EER . 78 RC A, St EBAUE AR I ZRR BO iz .

Wour

Win Wack

u(r) x(1) ()
Figure 1. Framework of a reservoir computing network
B 1. it it BB R R L1
il B MR A I 3 EAT B3R -
x(t+1) = f(Wu(t+1)+Wx(t)+ Wy v (1))

ERE, x(0) NE OB R IRAE R, u() B p(0) AN BRI, £ () b
TR R EL, W, W B W 3 3 9t & M S NG RR L A HH SOBRE R AR R BUE AR B . 1 5
ot b T S5
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DA oF 328 V1 44 426 X 4% RO T 7 3 SR v 7 S RN AR AR ZE BB B B ARV, (3 L@ T3 VA b 28 X 454
ERRE . (FZEVEWSICE NS . T 58 RS v e AR AR BB G AR e o D T i 3R N EHE B2 i) K =
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PERESE T iE(UNR% PCA B H dmid a4 [27)AHEL, PCA 5 RC BBV GRIIRMUE T BG4 Sz ey, It
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Figure 2. Framework overview
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4. XW5EHL

FERXIT LA, FRATIE P A5 T 4% B AR 1) HAR 8 Bk IR UE otk 1) RC LU 402K 88 71 ML
i SEHAT AN [RI B ) A R 2R B G B bR %5 . UCT-HAR A1 mHealth 3 /> S HOHOHE B4 32 F 12k
TAREER I HAR BERIPPAG o 35 T RKE R BT OBt £, USRI R SR AT 0 M i SR 45 2R

4.1. BUREN A

4.1.1. UCI-HAR ¥UiEEE

UCI-HAR #8561 H T 5 30 R (2 B UL RS dl . IX 3ok B 30 L AFIHE 19 & & 48
BN ERE, AR THEMERE B, ST N BURAETEZ) i) — 30, a8 IR 1 F LR ATl 5
BV Bl VRN EEE AT IES A, SR 5 R AL B s T s hs i b AT & iz
BN R T BRI AR 5] 25 ) o 48 B RN 2O FE 1 AIBERRAX LA 50 Hz FE 8 13 Z 4 3K 3 2k
PRI FEFN 3 Bl R o 2SI O RAR, ATF3hdRe . EAT N TS B2 : 2E (walking). 7E_FA%(walking
upstairs). £ T (walking downstairs). AP (sitting). ¥fi(standing) Fl4i (laying).

4.1.2. mHealth 5

mHealth (45 £ 6045 10 248 [F) 1 5 (0 & B AR 3T 2 DA & 15 3 I 1) S g A AR A fiE il % . Tl
BAESZRE M A TR 2o i o AR s T I E A R S AR g 8), RN . B s 20
W37, FrE R B AR LA 50 Hz fRFERID 5 . BARKITE SN 3% A58l (standing still). AL # (sitting)
W% (lying). 7E(walking). TEHES(climbing stairs). AEH] i (waist bends forward). T 1E 1fi 45 =i (the frontal
elevation of arms). &7 % i (knees bending). % H 17 4= (cycling) f11% ¥l (jogging). <1 SLIGE IR IEEAT
HE 5, EZSM[29] [30].

4.2. SE ST

i+ RC YGIEFZM RC A N SREASE, AWM THELENSE ST WK 3 Fis, X4
PN, T RUERERIES N SN, UCI-HAR 454 N o4 3500 I, S IFEE T4
KUETA R Fe . 24 mHealth BUESE N N 400 I, I8UFEE RT3 0 RAEFR R E . A 5 LA 9256 1%
FHZ S50 BT B 45 B3k AT .
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Figure 3. Reservoir size comparisons of classification performance for UCI-HAR and mHealth
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W 1 frow, fH ERCNF 0] LA Rcthis /b A28 (1 I 2R 1] . 448 F UCI-HAR #lE 4R —i % b
YIGAHZ 28 I, ¥ B RC 5 ERCNF B4 A4 N ADERE LR 2580, 8/ CNN P4 (1311 2RI 18]
62.40 ¥b, ffiH RC MZE ISR ] 8.16 F2, T A} ERCNF Kl ZRint (Al s/ 3] 5.64 #0. 45K KW, ff
F ERCNF AJ ARGV R R BE, AT 2 e SRV P s I o

Table 1. Comparison of training time between CNN, RC and EERCNF on the UCI-HAR and mHealth datasets
# 1. CNN. RC 1 EERCNF 7£ UCI-HAR F1 mHealth $(#Z8_EIZRTERILLER

Time
dataset
CNN RC ERCNF
UCI-HAR 62.40 8.16 5.64
mHealth 8.41 0.95 0.52

4.3. &RV

TEART R, AL KE BRI Fl-score HiFESE 2 HUFR bR R PP AR BY ) 0 Rk e . HERA 22 025 ds
IEW A RIFEARE SREAR LB E . F1 28028 — N4 T HERR A A B R 487
ASCKF T HERGZ (Accuracy) 1 F1 fE (F1-score) i MFEAT TEFR . BEATKIE X 54n T R ps:
TP+TN
TP+ TN +FP+FN

o 2TP
2TP +FP+FN

Horp TP O EAG L, o M IESR TN R ISR AR AR TN RGO, 2om MARSETIIN 2 57 SR A HL
FP 9B FRPENG B0, 2om MBHPESR TN BURAVE SR AOAE AR s FN N EREAPENG 00, 2o MABA PESR 1500 21 RH
PESRAIFEA LY .

Accuracy =

Table 2. System resulting data of standard experiment

=2 RERIE ARG SRR

Accuracy
dataset random for- .
SVM est Bayesian CNN ESN ERCNF
UCI-HAR 90.5% 93.6% 93.2% 90.3% 98.1%
mHealth 90.8% 85.27% 90.80% 82.98% 91.1% 95.6%

Wi 2 fizn, & UCI-HAR Fl mHealth Z(#f54E I, ERCNF HI732RME R 70508 98.1%F1 95.6%, Lh
2 RC B HI4E 7 T 7.8%F 4.5%. SVM AL E mHealth 2854 LT CNN, XZK N CNN &5
FENR AR, T SVM A LUA B seix — [l . SRT, SCRFR RN HSEL AR 3G 1A, 1M
RC R AT AR Hh fife e IR/ ] . 2%, 7] LAAS H ERCNF AT LUAR Gol #8 2% 2] AR 4 42 ) 2

UCI-HAR A1 mHealth %#5 482 I ffyS2i6 45 5 W42 3 A1 4. UCI-HAR A1 mHealth F R AE TR 250 511
98.1%#1 95.6%. 14, UCI-HAR Jrid K /N TS ) () T3 #ERfi 26 . [BMZ2H0 F1 135373708 98.08%-
98.07%7#11 98.06%; mHealth H 12 WA TGS 1P . A [HZM F1 155055 518 95.54%. 95.56%FH
95.50%.
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Table 3. Classification results with the proposed ERCNF approach for the UCI-HAR datasets
# 3. UCI-HAR ¥#B&#) ERCNF 757557 K45 R

Dataset UCI-HAR
Labels/Metrics Pre Recall F1-Score
walking 1.00 0.99 0.99
walking upstairs 1.00 0.99 0.99
walking downstairs 0.98 1.00 0.99
sitting 0.97 0.93 0.95
standing 0.95 0.98 0.96
laying 0.99 1.00 1.00
Average 0.98 0.98 0.98
Overall Accuracy 0.98

Table 4. Classification results with the proposed ERCNF approach for the mHealth datasets
% 4. KM ERCNF 7573t mHealth BUBERHI TS 3

Dataset mHealth
Labels/Metrics Pre Recall F1-Score
standing still 97.92 97.92 97.92
sitting 97.94 98.96 98.45
lying 98.92 95.83 97.35
walking 95.70 92.71 94.18
climbing stairs 93.14 98.96 95.96
waist bends forward 95.24 96.39 95.81
frontal elevation of arms 96.59 97.70 97.14
knees bending 96.74 96.74 96.74
cycling 97.94 98.96 98.45
jogging 94.57 90.62 92.55
running 89.11 93.75 91.37
jumping front back 89.47 79.09 83.95
Average 95.54 95.53 95.50
Overall Accuracy 95.53

5. &hig

AR T Pl iR 2 T EACHE A it v S A AAAT IR RS AR SR IO . R PEAS AT A% G
Hndke, FAVEA ERCNF A NARAT AT 7338, A5 T RIEFRIRAGE . [, Fréethiir ke
IR L b2 SR B2 2 ST AR o T T A D9 70 3 1 A P ANIE S il 258 F v B HAR AR5 348 17— MR 4T
HIRRRTT SR ATETURIA R ZAAE T ERCNF BRI RUMEALE P> S 4R kAT 1 PPAh, JR 2RIk
i AR 2R AR LTI, DURAIEIZ T R ALRE AT -
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