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ABSTRACT

Due to the advances in technology and hardware development, deep learning has
become a popular research topic in recent years. In comparison with traditional machine
learning algorithms, deep learning based approaches have better performance in many tasks.
However, the application of deep learning requires ample data and a well-designed neural
network architecture. When the training data is not enough or limited, we do not normally
obtain good results using deep learning approaches. This thesis proposed an approach based
on the fusion of deep learning and data augmentation to improve the activity recognition
accuracy. We proposed five methods for data augmentation, including noise injection,
permutation, rotation, and two different generative models to reach a high-performance
model with limited training data. The experimental results showed that the proposed data
augmentation approach could reach an accuracy of 98.32% on a UCI dataset, and boost the

accuracy up to 1.5% when compared with data without augmentation.
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& | PURF A (noise) | P RF K (permutation) | 3R AL (rotation) | RIRE T A
# {7 1952(16.31%) 1952(16.32%) 1952(16.31%) | 244(16.37%)
S H | 1886(15.61%) 1864(15.59%) 1886(15.61%) | 232(15.59%)
T | 1726(14.42%) 1724(14.42%) 1726(14.42%) | 214(14.36%)
% | 2026(16.93%) 2024(16.92%) 2026(16.93%) | 252(16.91%)
F 2208(18.45%) 2208(18.46%) 2208(18.45%) 276(18.52%)
% | 2188(18.28%) 2188(18.29% ) 2188(18.28% ) | 272(18.25%)
Bt 11966 11960 11966 1490

-23 -



BRAPESAE B o AP TR S 0 B S A 1 T
AR YRR P AR R R 2B LA RGBS~ AR AT

ko B R R IREE Y RTARER - B4 RS BH ST 4 40 4 4

Sl A BRI TN BT AR HREEDRGFES e do 2 4 2 TR
RFHEPRIRBTHDE BIHF G4 T £ 5o

204 R4 p B hm BHD S

DS SO Sy
& + /|- (Batch Size) 3000
% »~ 2 & (Input Dimension) 6
275 % R (Encode Dimension) 3
"2 & & &R (Latent Dimension) 2

205 AR BRMELVRTESMRT RS BIRREE 2 0l

4 PR AL B) RIFEF AL B1)
# i 1952(16.35%) 244(16.37%)

+ At 1864(15.59%) 232(15.59%)

R 37 1724(14.43%) 214(14.36%)
LF 2024(16.93%) 252(16.91%)
wF 2208(18.47%) 276(18.52%)
5h ¥ 2178(18.23%) 272(18.25%)
wt 11950 1490

-4 -



Bofs WGBS F FHRETL S Bl A S EEURE Y o A PR BT S

N

Pie s 4 S epanp rTJ)J'* RS BN IE & = S N EAS & S lf;lm"ﬁbﬁ\,i ' PR
PR AT A phT A~ 2 PR 2 S HPUR RS e T £ 60 £ 6 Y S T R
IR Mo A1 5 X F %18 W PR S chdidice do r 2 S TR BRI R SRR

Flenz AL o T & T o

306 4 S HFURE S EA

#15 R SR g 1
FES] 3000
ﬁl%l » R 6
Rk AR 3
% #7323 % & (Noise Dimension) 100

o T Ser 2 S EFER S ﬁﬁp ol g /?Jpép Flen s B R #icE &9 5

B PURF AL b)) RIRF TR B)
¥ {7 3906(18.75%) 244(16.37%)
iy 5 3734(17.92%) 232(15.59%)
TR 3454(16.58%) 214(14.36%)
LF 3140(15.07%) 252(16.91%)
E 3314(15.90%) 276(18.52%)
% 3284(15.76%) 272(18.25%)
E 20832 1490

-25 -



Bofs#d R A TR Y ) TRMHC 2B R H R Ak EEE AL T
R P REAP R T T RS E K- RS Y ANE ) ¥

ANEHEY OFRREYAREE > F2ALARKE S AL S8 Ak BE R 9o

WA 2 R UCendidp s A AR BT = B2 e iTeha phiRe i i %
YRl 1004 B¢ ¥ o I A TORBHE o B gyt 4 A F A amE o AR

B Y TR vtk BT AT R o % 0 BoF T L ) 08.32% 5 o ] 9

210 ¢ T 5L B

““’)&

WH R P FEE AL LA R TAELAL AT
B gt F LB agda a & B FRBH S F I g LAk T

WOEF S TR TR AR B g A E S LB

Compare method(UCI data)

mm [STM = Ensemble LSTM mm Tree Random Forest
100

Fl-Measure

20 1

MNormal Noise  Time series permutation Rotation
Data Augmentation

B O &% UCI FA B ch s B - % et i

-26 -



Compare method(Self data)

m LSTM = Ensemble _LSTM = Tree Random Forest

100 1

m p

£ 6]
(Fal
[1:]
i
=
-
(1

qu 4

20

ﬂ p

Normal MNoise  Time series permutation Rotation WVAE GAN
Data Augmentation

B 10 @ * p (7 B FA DL BIHH 2 E IR LR

Ay B H Bk /F*Je@f? v g > C.ALRonao % 4 (C.A.Ronao, 2015)F1 * i# & % #
A ERR T - AEEOFER RS A AIFR S A LRRY > 2 EF T ERFR S
T B PR ARG U R FT I R A EE > BR Y IFRIFM G
PR P ERIFDSZ SR T UL RSP IT 0 P A e
CAARonao & A ey @ » @ % 587 i RAEDEFA SR > T2 FP 5 34 - R 4%
gA2 {AFfEF i RFAEHA Y D LB ik 2 BATSRR € R o
e St gk BERAF LAY G F a0 Tl BB OR R B B R R
IMEAFE G L B edF R > E A ik P R RN AR TG R Mg ani 4
Mg E A £ & T o Almaslukh & 4 (Almaslukh, 2017) &/ 3 @ @ * 7 safp p & kg B
(stacked autoencoder, SAE) » % AT g B % i AP > W R afpp B Yadh Bt AR
Bk & T oy 7§ d 0.2724ms 5 3] 0.0375ms > 1 &2 UCH #cdp B vt 420
Aot EFNELFAT 2o amy e AP ELT R0 P F %GB EHRA
S E el e R 0 ARk ikl Y gty AR NEEFY R T L 8

-27 -



£ 8 AH Y R

Py = AR B pa
Deep Convolutional Neural
C.A.Ronao et al.,2015 UClI 95.75%
Network
Almaslukh et al.,2017 Stacked Autoencoder UCI 97.50%
Ly GAN+LSTM UCI 98.32%
o

FRfFd A RDITELRY bR F- N AFELFY OB RN RY 7

,17‘!;‘:39%‘,: wu’ j\ J%’?i l" rrlﬂr; ,“ > m ?‘ {I&iwhlﬁ i j_,__ﬁ g\ﬂﬁf.\“{“‘:‘ ‘;’/r’FIx

~

P2 EE IR TR R VTR A AL R B
S EERE o A R TS TR AT - AT e ch TR R A T
RFPEEIRNBESYV REZEFREVHRASH XD R B RRE
FehZ R AP E KT SAE TR AL 1 A P R AT A TR ARSE PR Ak
BAse A PR S 5 05.5% 0 @ S TR 1 oAl T £ 5] 98.32% o d PR SR K

B CE TN S TR 3 RN AT L e B RS IRR o

il

*E:’EJO%IH;ZEF %\lﬂb?a/ﬁkﬁ;m%%}%‘ ‘}'m’ﬂig‘,’ 5‘:7@’%%&%19‘7”?‘} }"%’;.,. -&f{.‘%
i%t}%/i’if ﬁ_-& mﬁWFEtl#%l'—_L_ mﬁﬁl,ﬁ'gl‘,%&'% ﬁxif’?"“"% JLM"T’

g r X ;ﬁ%%ﬁﬁ%ﬁﬁﬁo

-28 -



24

Martin Arjovsky, Soumith Chintala, and L’eon Bottou, 2017, “Wasserstein GAN” arXiv
preprint arXiv:1701.07875.

Emily L Denton, Soumith Chintala, Rob Fergus, et al, 2015 ,Deep generative image models
using a Laplacian pyramid of adversarial networks. In Advances in Neural Information
Processing Systems (NIPS), pp. 14861494,

Li-Chia Yang, Szu-Yu Chou, and Yi-Hsuan Yang, 2017, “ MidiNet: A convolutional generative
adversarial network for symbolic-domain music generation using 1d and 2d conditions,”
arXiv preprint arXiv: 1703.10847.

Heiga Zen, 2017, “Generative model-based text-to-speech synthesis,” Invited talk given at
CBMM workshop on speech representation, perception and recognition.

Jorge-L. Reyes-Ortiz, Luca Oneto, Albert SamA , Xavier Parra, Davide Anguita, 2015 ,
“Transition-Aware Human Activity Recognition Using Smartphones.” Neurocomputing.
Springer.

Kingma, Diederik P and Welling, Max. “Auto-Encoding Variational Bayes,” In the 2nd
International Conference on Learning Representations (ICLR), 2013.

C. A. Ronao, and S. Cho, 2015 “Deep convolutional neural networks for human activity
recognition with smartphone sensors,” in International Conference on Neural Information
Processing, pp.46-53, Springer International Publishing.

Almaslukh, B., AlMuhtadi, J., Artoli, A., 2017. An effective deep autoencoder approach for
online smartphone-based human activity recognition. International Journal of Computer
Science and Network Security 17, 160.

-29 -



