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Lightweight human activity recognition learning model
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ABSTRACT In the past few decades, smartphone-based human activity recognition research has played an important role in many
fields, including smart buildings, healthcare, and the military. However, the CPU and storage space of smartphones are very limited, so
developing a lightweight human activity recognition learning model has become a research focus and hot spot in this field. To address
the abovementioned problems, this paper proposed a lightweight human activity recognition learning model based on the nearest
neighbor component analysis (NCA), L, regularization, and stochastic configuration networks (SCNs). In the proposed model, aiming
first at the problem of high dimension and poor separability exhibited by the human activity data, NCA was used to select a subset of
highly relevant data from the dataset to improve the lightness of calculation using the learning algorithm in the modeling process and
recognition accuracy of the established model. Second, to prevent the occurrence of overfitting when there are too many hidden layer
nodes in SCN, the L, regularization method was adopted to enhance the generalization ability of SCNs. At the same time, the method of
using the supervision mechanism to restrict the generation of hidden layer parameters greatly improved the lightness of the SCNs model.
Finally, the proposed learning model and other learning models were verified experimentally on the UCI human activity recognition
dataset. Experimental results show that compared with SCNs, the proposed L,—SCNs model reduces the lightness of the number of
parameters by 20% and helps improve the accuracy of the model. The introduction of the NCA method has greatly facilitated the
recognition accuracy and lightness (modeling time) of the L,—SCNs model, increasing by 3.41% and 70.24%, respectively. Moreover,
compared with other state-of-the-art models, such as the support vector machine and long short-term memory network, the proposed
model achieves the best recognition accuracy of 97.48% in the shortest time. To sum up, the model proposed herein is a lightweight

human activity recognition model with exceptional recognition accuracy and a fast modeling speed.
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T AR HL (Extreme learning machine, ELM)
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vector machine, SVM) #H 4% & ) 1R 51 45 78U . 51256 11
SR, HMM-SVM BRI R = T HMM
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S5 H B BOE | AR R A T Y e PR RE O IR
S SCNs Z5 b an &l 1 7. A /N5 £ % SCNs
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Fig.1 SCNs network structure

M 11 R R AR AE TR U= (X, f), X =
e, x0, o xi), X €R™, F={fi, foreee o)y HoH, k3R
TNZE L NCA AP 5 5 A ) s 4 4. R )5, BT
FRAEF AU, NARTT U, HAL B R



W OERAE R R RAT R o o AR

- 1075 -

Bk C gty d— A D1 NSRS L
SCNs AT Ay PR ALY, (H N fig i e 1) 2E ke 22
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f—Zﬂigi
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Ko, v IEME R AL
A IR ) H e 323K g 2 (10), 2 i 44 21 1)
2% Ky H AL A

2
. 1
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2

Vg2
+ 2|I.Bl|| (100

1

B = B85 By =(HTH+§)_ HF (D
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K, H= : : ; H
g(w{xk + b1) g(w{)xk + bD) b
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1.3 BEESR

(1) NCA FFfiF BEF.

F Hl NCA M UCI HAR 4 1iF £E S = {(%:, f),i =
1,2, npe £ R AL W ARIE T4 U = (X, f).

(2) L,~SCNs BRI ZH00) i k..

W AE Ly~SCNs it K1 5 B Dimax, 24 B 5% 22 eo,
WIEEER 2 e, 2 2]y, T KA BLIR BN Ziax» SIS SHL
Ty = {Amin * A D Amax)s Amins Amax 73 3 E 7R S 4L
90 B ) dse/IME AR KA, AR S EUE K

(3) 4rfic L,—SCNs & 21 S8

AT X J8] o BE ML A B Zinax ZH B 2T 5 S
B (wp,bp), FETT A Q) RS E Y HS
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(4) 4 L,—SCNs i Hi AU

fifi =X (11) 7153 L,~SCNs fi Hi AL

(5) ¥&iIF L,—~SCNs [ 45 5% 7%

THEE Y R 25 5% 22 ep I B Hreo = ep, HHTD =
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56K
14 EZEHEEESH

R T 2P R AR ST AR A e A I
(P 3, A SC 43 50l NS T 530 55 2% B85 R T 5 1 a5
B (B &2 S8R WA T AT 507
1.4.1 BHETEE I E

AR SCEN T = A BENL A T B E RE AT T
AT, BARSE A3 1 iR, Hd, 561 R
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B AE AR E S [RIIE, D < m. 38 3 WLEE% 3% 7T LA
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F 1 ANFEEATHEE BN L

Table 1  Comparison of the computational complexity of different
algorithms
Algorithms Computational complexity
SCNs O(m® +2x561 xm)
L,—SCNs 0(2/3(D?)+2x561 xm)
NCA-L,~SCNs 0(2/3(D*)+2x 111 xm)

142 HALP 1 S

R T R — 20U HE M R R I PR AR R A R
M T P B, A SO AR A AR T T RO
T FEAT U 3 B35 LU %2 T SCNss 1 L,~SCNss 1k
PRAIEAH [F] 452 1E 3 75 #R 1% 2% (Root mean square error,
RMSE) Hf PR F 5 78 (%) 1 o5 %%, FLAR S5 B an ikl 2 B
TR EE R, Ly 1EWIAR A 5 LA A5 AL 70 (1 5
T BN FOR 1 25 kb F 20, B B T A R
e LR ETE.
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0.8 L,—SCNs
—— SCNs

0 5 10 15 20 25
Number of nodes

B2 i L, EWMEHTA SCNs ) RMSE X LLI4]
Fig.2 RMSE comparison of SCNs before and after L, regularization
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WAHE.
21 EWigE
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20, B AR AR B8 T-HL (= & Galaxy S 1D i
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downstairs 6 AT Ay . B A0 45 R AR (B A0
fiE) 0k 561 1) 10299 25 AARAT A FEAS, Hodr il 5
£oh 7209 4%, AR Ky 3090 4500 [l A SCRR A
S {5 B3 & R MATLAB 2019b, 7£ CPU & E3-
1225 v6, 3.30 GHz, N 174 32 G RAM /Y PC #| | it
THY. X T SVM, A SCR FH 428 1] K R B (RBF)
¥ PR AL LSTM il FHH— A~ A 200 A~ Ba & 2715 551
LSTM 2, — I K/N N 6 By 4 & 3 )2, & Ja i ]
softmax JZ #E 47 FUI . 1 X} F SCNs F1 L,—SCNs, #
I PR Do 73 31 9 sigmoid 1 500, H ARS8 N .

A=1:1:10, &=0.05fZpax = 20. L,~SCNs 1S %L
v, [l A R TR AEA By =275 RSO 2
JIT AR Y 1 S B 45 SR B R AT T 30 IR R I STt
ghAL.
22 EWERXMLEES
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TSR (G135 561 ANRFAIE) 26 4% 5 AH G PR R AE + 52
T8 A5 HF5Y, K 3 B/R T UCI HAR $RfiF & p
561 NHRFAFE FIALE R B T 2R A FH NCA AR
VERR I LR AE T4, AR SCEh T 78 R IR FR IR 42 Al
fifi FH NCA & £ J5 /9 %5 1F 7 5 1 A H L,~SCNs %
RUSCIG 5 B R 25 3, g 2 s .l g 3k 2 1]
A1, L,—SCNs TEJFUARHIFAE L 29.85s SEBLT 94.27%
B S X5 R RS BB 5 76 R NCA B AR EH & 111
ANFRAE O RRAE 745 18.03 s SEHL T 97.48% 1)
SE S YLK BE ; 76 FF NCA Hi R854 94 45
HE B HERAE T4 - JH 19.88 s 23R T 97.19% By F- 14
YRGB . bR Se e 45 SR AT 1, 25 Al NCA
VEPE I LR AR 4R, OB 2 5 AU 1) 55 46 25 SR AN U FE
I ELAR 2% . e Ah, XF NCA(111) Fi1 NCA(94) 4~
FEAE 45 25 5L 09 43 A7 o] 10, R AE -4 1Y) 4k $50mn 52
U5 45 BB AT [ M ) e &R, R RS Sl
NARFT A5 B B2 B 38 Y 0 R IE A R i A 0 3
B2 R ER. I, AR SCIE SR NCA(L11) 7B R
JTH 2 > BRI B L AR A 4

1.5

Feature weight
=

o
19
=

0 100 200 300 400 500 600
Feature index

B3 RHERCGE SHTIA
Fig.3 Analysis chart of feature weight

&2 NCA FHEERSETIG Ly-SCNs FBEAILEFXT L1

Table 2 Comparison of L,—~SCNs model results before and after using the NCA feature selection

Feature dimension Modeling time/s Average accuracy/% Minimum accuracy/% Maximum accuracy/%
UCI feature set(561) 29.85 94.27 94.10 94.30
NCA(111) 18.03 97.48 97.05 97.93
NCA(%94) 19.88 97.19 96.61 97.49
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ASCK IR ) NCA—L,—SCNs 24 M 1 5 SVM,
LSTM, SCNs Al L,~SCNs X JL A #5571 3k 47 1 5L 56
XFH. 5 RANEE 3 s, EAFEE: T SVM LA
AW K SEBENLAY L, L, EfE 2 RiETTE R
A R ) BORS E . AR SOl | MATLAB o libsvm T H
R AT SVM AU 1 {7 L5256 . 1 LSTM #5550 B AR
SEHL L SVM B LT g PRUBIORG B, (G AT A i) ) A
KIBH T 529 s, T H A A X F 22
LSTM J&:—Fp IR B 2 2T AR, HOW T 52 B 1 1R )
K BE A BT AR S 800 ST LSTM #5278 S 44
JANEZNRTS I A= 1 [T SO A i e o1 1
LSTM F A J&:—Fp g 8 BUBTAY, 173X 5 58 A R 4%
PF T ANMRAT Ry TR AR R 00 200 4 i i ME A Y

I, LSTM A7 I AN G X A 5L T8 Be LT 1Y
NAEAT R 3R BB 55 . i % T SCNs I L,~SCNis i
&, BT Ly IEWAL R AEAE, L,~SCNs #ERIA 45 B 41
FRE B« PR IR BE [ M 94.18% 45 T3 97.27%; 7
BEm ] A 60.59 s K& 21| 29.85 s. 1 B 2 455 5 (1]
TR BE T B 1 32 2 LR SCN's Hh 78 R il i HE AL
{H W FH T Moore—Penrose )~ X # 77 ¥, 1M
L,~SCNs it FH 1% 2 325 38 114 5K 396 7 vk . B4
% , Moore—Penrose |~ L% it 1158 52 4% i 1t = T
W3 R, WO S R B RE R A, AR S
JIt $2 NCA-L,—SCNs £ | ¢ 1] 43 32 11 S A5 1) [
P, 6T RAT R 1R 0T 5 AR 8 52 B0 e 4 1 0
K

3 FHAFIEAE UCHRHIESE LIRS L

Table 3 Comparison of five methods on the UCI feature set

Model Average accuracy/% Maximum accuracy/% Minimum accuracy/% Modeling time/s
SVM 92.77 92.77 92.77 19.41
LSTM 93.35 94.88 92.57 529
SCNs 94.18 94.27 94.06 60.59
L,—SCNs 94.27 94.30 94.10 29.85
NCA-L,—SCNs 97.48 97.93 97.05 18.03

T WEIE NCA FRAFE BERE 4 =5 L,—SCNsH AU 14
AEAYAR T, AR SC2 I 1T NCA TifJ5 L,—SCNsHHYf)
WS R 1R, G el 4 sl ad AR R 4 a] L, B
L,~SCNs [ & J2 5 s B 2 s Jin, NCA—L,~SCNs
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Table 4 Confusion matrix of NCA—L,—SCNs model recognition results

Predicted class

Actual class

Walking Upstairs Downstairs Sitting Standing Lying
Walking 494 23 0 0 0 0
Upstairs 1 443 4 4 0 0
Downstairs 0 2 415 0 0 0
Sitting 1 3 0 466 1 0
Standing 0 0 1 20 531 2
Lying 0 0 0 1 0 535
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