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[Abstract]

In this paper, instead of using recurrent neural network, we compare a classification performance of
time series imaging algorithms using convolution neural network. There are traditional algorithms that
imaging time series data (e.g. GAF(Gramian Angular Field, MTF(Markov Transition Field),
RP(Recurrence Plot)) in TSC(Time Series Classification) community. Furthermore, we compare
STFT(Short Time Fourier Transform) algorithm that can acquire spectrogram that visualize feature of
voice data. We experiment CNN’s performance by adjusting hyper parameters of imaging algorithms.
When evaluate with GunPoint dataset in UCR archive, STFT(Short-Time Fourier transform) has higher
accuracy than other algorithms. GAF has 98~99% accuracy either, but there is a disadvantage that size

of image is massive.
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I. Introduction

AlAIE of|& (Time Series Classification) A= O
olF] otol'd ZofoflA F a5t ojF FAIZ 5]l §l
o AAIE HlolE9] o] soidas B2 AAIZ o
Y5 AQE L Q1]

gt A+ 2 7= 7o) Fds] o] oAl Tt
2 7|9ke] A WA Eot AIAE HlolEof wEd BiA
o= ALY T} 2% tjmAo g oJulx|QlA 3l
FAE] oAl ot 42 Eole=  CNN
(Convolutional Neural Network) o] 9Jct. 78dt op
2} A]AE glojglo] A3t RNN (Recurrent Neural
Network) 7]§te] 2HEw 9JcH2].

v, AR HiolEl ol% (Time  Series
Forecasting) BjA30A= RNNg o] A8st= ¥HH,
AAIE dlo]E] &5 (Time Series Classification) EfA 3
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Aol tish A4kz 438510 Feature maps F/4dstez
RNNOJ 178A01 Al S 257 $f6ll AIAIZ Hlole &
7 oAl tioliAl= CNNo| A8&l= Atglso] Qi

AIAIE HlolElE CNNojl X857 9lsl A|AIE Hlo[8&
JEslshs TRt Ales0] o] Fofzlt). o] SHH AIAIE
Hlole9] S4=5 F&0t9 o|ulX| 2 §igts}7] 913t GAF
(Gramian Angular Field), MTF (Markov Transition

Field), RP (Recurrence Plot) & tfofst &dd|&5o0] &
R, $ 2ol Folo] WS Als ol 419l
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|55 CNN2 273t 452 vl 3 A%
=9 L g2 2ok M=
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II. Preliminaries

1. Fourier Transform

1.1 Fourier Transform

Fourier Transform2 & A5 gjo]g{of|A] Tko] &
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slof WAl 493} 22 o] £ APstE o] g3l
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e/2™X = cos(2mux) +j x sin(2mux) o AFRH sin, cos
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Fig. 1. Fourier transform
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1.2 Fourier Transform

‘ ”W,WﬁMjﬂJﬁW},"ﬂ M lw\w ‘ MW M\W M\W

Fig. 2. Short time Fourier transform
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2. Imaging algorithm for time series data
2.1 GAF (Gramian Angular Field)

o
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Fig. 4. Polar coordinate encoding

EE ]

Gramian Angular Fielde A (2)9] &84S ol
AAIE HlolElE B¥sk= WrgoltH6].

‘\- = {.I'L, Ly wnny Ly ]|'
{H = arceos(r;)  where (RE T |

AIAE HolE X + n 719 BfY ARIO 2 JUJE|oict
1 7PgRict ElolE7F | ARl AL HA5H] ol
AIAIE doJglo] Min-Max scales F{gF &, Fig. 4°] =
FEAR Wity o], Zte= AAIE dlolEgo
arccos< F|5t1, YR 22 ; WA Bt ARlo|| A 1stS
Yol AIAIE dlolEle] doj& UrolE

o vos{tl 4 {:“3“}
- ens(€, =8,

o sl -8
 sin(l, ~6,)

2|ZA 08 Gramian Angular Field=
Matrixs Eof ®EIAHCH Al (3)9] GASF (Gramian
Angular Summation Field)= 7t g4 25tg 2 HEt
= ¥E] 750 7 Qof cos& 2 Zlolt. il Al(4)
9] GADF (Gramian Angular Difference Field)= ¥E]
7ro] Zte xpof| sin2 ZJst Ffolch

ros(€h + €] cos{€ + )
= cos(Ey = )

l_f 0«{@*,é ;1

stn{fy — M) sinlth — &)
= sin{fy — &)

{.«*:’:s[&, — )

(4)

Gramian

GAFO] 73S THeat 2tk (1) &5 AltiolA] 9% 8t
Jo2 4= AZle] F7ksle] AT A4S fAIF 4
Ik (2) Zojztd Ee Ui doleg Zateta glof
% Aggez 01611 e A CIE Rt

2.2 MTF (Markov Transition Field)
Markov Transition Field= AJ7F =0919] AHE &
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Fig. 5. Trajectory encoding
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3. UCR time series archive

UCR time series archive= UCI ArchiveZ & 37+
2 dlo} 200240 AJ§=l time series data mining
communityof]A FQet 2]a2ot{10]. Aol 1674
o] flolgAle g L= QIATE AlZko] AJFo]| wet Ho]
A Tl PRI 2015 of] 85717HK] Hlo]EAl
o] e ATt

GunPoint Ho|EjAlL- sh<5 HlolE] AE9] 7liae 50
W, EIAE Hlo]g AZe] Jj5E 15074} GunPoint
o[E{Ale] o] =L “Gun’t “Point” % 7HA] ALl Q2
LpeofAlet, Z170) AlUR) 0] 9 wkolrbx] e
AFSI ooy vj9] &9 x5 FRE AAE HolHZ
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Fig. 6. GunPoint dataset sample
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III. The Proposed Scheme

1. Application of imaging algorithm for time
series data

GAF MTF RP

Fig. 7. Time series images

AIAQ dlolElq] olnjx|atE sl pyts W71 E ARE-
gttt Fig. 72 574 AAIZ dlolgo] tisl] GAF, MTF,
RPE 77} &85t 2D o|u]x|o|c}. Z¥zt] ofu]x|st 7]§
g2 A8 & 9l ofoln mefu|g 7} EAGY. W=
Fig. 8o et AmlE g =8 o]u|X|gtE 215l numpy
7] x]e} librosa m7]A]E Olﬂﬁ“ﬂr librosa T7]X|Z

E5] stft() HACS S561H EBASE uislsh} o2
np.abs() WHAES & Keq foz  might o,
amplitude_to_db() HIAEE Fdll TAIYE ALz Het
sict.
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Fig. 8. Spectrogram

2. Hyperparameter tuning of imaging

algorithm for time series data
GramianAngularField Ze§jA0] AIAX} uleto|E=

‘method 2 GAF d§=9] YA 1A vAlg Menst 4 9]

t}. ‘summaion’S AL3F He wlE 7ro] Ztw g2
cos (0, +6,) 2 YA2 A5t GASFS ZE3ic) i
2 ‘difference’s AME3 749 HE] 719 =2

sin(f, —0,) 2 Y94AE F/Jsto] GADFE F&Sit
MarkovTransitionField ZejA0] AR} mejo]E =

‘n_bins'®} ‘strategy 7} 9It}t. ‘n_bins'= A|A|E dlo|H

S UEs M) 7IE 9nsti, ‘strategy + 4+ U

= HYeS duiRkith 2 ths B2 Al 7HA0]

o A WAl RQ1 "uniform’2 ZF 7] HH|E S Yo}
Al et} & $HA 5l ‘quantile' 2 BE 1710 &3t
El= golg AlEel &5 SYsH Ueth Al BiA W
¢l ‘mormal' & BF A4t wxo T} 7o) AN S
A7Jst

RecurrencePlot 249 2] =
‘dimension’o] 9Jct. AEErS ‘dimension’ @] mi2}o]E]
7F molgt 78 o m719] Bt A% Ho|HE mAM
St Fgstct.

Wt

AAG Colge AmEz oz wash] s
librosa T{7|R|2 ARSI} WA stft() 22 Esb)
Short-Time Fourier Transform®] ZAggrs A2 S0
AL st} O o3 o] S amplitude_to_db() &
20] QA2 AYstH AHER2 IS AG 4 Qlch ofmf
stft)  Wlaco]  x£FY  melolele nfit'e}

‘hop_length' 2 A=9-0] 3719} o5 72]5 9Jujgitt.

3. Implementation
3.1 Implementation of AlexNet-based neural
network
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Fig. 9. Scaled AlexNet

2 Adof|A= Fig. 9oflA ko] oju]x|st 7[HE =2 /d
S vlwstz] 3t CNN2Z 2 JLSVRC-2012 ts]of|A
St AlexNetS Zrusict 7]1£29] AlexNet2 2719]
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AFga17] 2ol Relsial ookt 12w, H9 oix A
Al (lateral inhibition)S WA|517] Y8 AFHE= Local
Response Normalizationg 24 ZojjAjo] U=of ojjst
BAto] &elX|= Internal Corvariate Shift $1AMS WHA]
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Table 1. CNN architecture

AlexNet Scaled AlexNet
B 1 Cony | 24x3%3Com
126 5 1 5 Con 64 x 3 %3 Cony
192 %3 % 3 Conw % x 3 % 3 Cony
192 X 3 3 Cone % x 3 x 3 Cony

128 x 3 x 3 Conv,
128 x 3 x 3 Conv
2048 Dense,

64 x 3 x 3 Conv

2048 Dense 1024 Dense
2048 Dense,
2048 Dense 1024 Dense

1000 Dense (Softmax) 1 Dense (Sigmoid)

7]1&9] AlexNet2 224 x 224 72| o|u]x] JHo] 7|&
Q1 A7 %o}, shA|gh Ag o]y /34 Gunpoint T
o[g|Al9] sjLtel AlEL] Zol7t 150 o]7] wiof o]u]x]
3717F 150 x 150 olsfo|t}y. oz, yg wre
Convolution HEE AR ¢ Qumto] AYs}o]
7189 AlexNet Bt} A2 20] mpau|Hg {A|ot=S
Table 147 #+x2 W3t 5712, Gunpoint Hlo|H
A AlUR] &= & ZiEA olFl &7 Aol sligsh] o
ol OFA]2} Dense #|o]ojofA] A|L@ole Z/ds} ofa
£ &0l AnE =&

import tensorflow.keras as keras

Block(keras. layers.Layer):
1f, filters: int

kernel_length: int, stride: int
._pool_length=None, max_peol stride=None, padding='valid', **kwargs)
super()._ init  (**kusrgs
self.block =

keras. layers.Conv2D{filter: ers,
kernel length, kernel length

tializer-keras.initializers.he_normal(10@e),
ridess(stride, stride

activation='relu’,

padding=padding
keras_layers.Batchiiormalization

£ max_pool_length:
self.block.append
keras.layers.MaxPool2D(pocl_size=(max_pool_length, max_pool_length
strides=(max_pool_stride, max_pool_stride

all(self, inputs, **kwargs):

for 1 in self.nlock
inputs = layer(inputs

return inputs

lexNet(keras.Model):

self, k\args
__init_ (**kwargs
self.blocks = [

sup

ConvolutionalBlock(24, 3, 1, 3,
ConvolutionalBlock(64
ConvolutionalBlock(96, 3, 1, p
ConvolutionalBlock(96,

ConvolutionalBlock(64,
keras.layers.Flatten

keras.layers.Dense(l, activation=

def call(self, inputs, training=None, mask=Hone
for block in self.blocks
inputs = block(inputs

return inputs

Fig. 10. Scaled AlexNet Implementation

Fig. 100f|A1QF¢o]

AFY FAE Yol Tensorflow
2.6.0 HAZ Aol o0, Keras APIS ARSSIC). 55
E= AAsE]  Hsll ¥Es 2
ConvolutionalBlock SeiA= AP A oJgict,

scg

3.2 AlexNet-based neural network training
B =Boa= o)Xl BE (Binary Classification)of] Tf
AlSS RIS, X|E(Metric)= AT (Accuracy)
7t oju]x|st @walzel sojn mtejulels
Scaled AlexNetg& shE3sith A5}
(Optimization)2 o] ZHE (Momentum) ZEJ0}0]A]
/\}516}04931] learning rate 0.0005, momentum
55 XAttt £A18ks (Loss function)2 binary
cross entropyS AREsto] 75¥9] epochsE Edff §H=
st gk

4> o o
>
oo g
ol
el
£

rlo uju

n_fft : 30, hop_length : 2

0 20 4 60 80 100 120 140

Fig. 11. Zero Padding

7t olujxlat 2melZo] slolH watule 24 A] ofo]
Ao} 277t Wk 749, 71E9] AAL dolefo] Zolr
o} A2 vulet o]t UehY ol Fig, 119] Az 1
£3) ojo]x|e] 27]2 EUsto] SUgH

(Zero Padding)& = 5=
AIgstCt.

Al7duro 2 k8

from multiprocessing import Process, Queue

def run_stft_with_params(evaluator, params, g: Queue):

for n_epochs, n_fft, hop_length in params:

_s _, accuracy = evaluator.process_stft(n_epochs, n_fft, hop_length)
g.put(accuracy
return
def monte_carlo_simulate_stft(evaluator, n_epochs):
q = Queue

params = 1list()
n_ffts = [i for i in range(3@, 121)]
nop_lengths = [2, 3, 4]

for hop_length in hop_lengths
for i, n_fft in enumerate(n_ffts):
params.extend([(n_epochs, n_fft, hop_length)]
ifil=0@andi%10 =28
p = Process(target=run_stft_with_params, args=(evaluator, params, q))
p.start(
p.join{

params. clear()

Fi

g. 12. Resolving graphics memory issues using processes
from the multiprocessing module
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STET 3fo|n] mtejule] 5 agold & of 2hist <)
AIES Q7] 93] BlLA Te 2707bK]0] H90) 4]
ool sk R Y Aol wAIe D2 e
Hra] & 242 s)2517] 5l multiprocessing 25
= O3t Fig. 120A ko] 10717] 495 7712 A
2¢ n2A ME oI NN 228 254 7, 224
1 5t HQueue)l| siY Z2AA= =
fre ? o2 AR 01 ZEAAE Afele] 2

ot =
2y 7teo] mire] AR 2AIE siastit

IV. Experiments

1. GunPoint dataset accuracy

method : difference
test accuracy : 99%

method : summation
test accuracy : 98%

10 / 1.0 /
0.8 0.8
[ o
jud e
2 06 2 06
& &
s 04 s 04
0.2 0.2
0.0 0.0
o 20 40 60 o 20 40 60
epochs epochs

Fig. 13. GAF result

Fig. 132 GAF9] sfo|n umj2julelE H7dsto] 452
"]t T2fmo|tt. ‘method” m2Ho]E{of ‘summation’
1} ‘difference’s & T A5t B8 5o 3A
Afo]7F UA] b=t ©ed] S8R §ighe AIA|E b
ole{Q] 7} Q] ARIO] Hlo|E] HIE| 7to] ARIRIAIE B¢
xolo]7] wizolct.

5k gHe

n_bins : 2, strategy : uniform
test accuracy : 72%

n_bins : 6, strategy : uniform

n_bins : 10, strategy : uniform
test accuracy : 75% %

test accuracy : 93%

§os §os §os
R R TR W s W

epochs epochs epochs
n_bins : 6, strategy : quantile
test accuracy : 92

n_bins : 2, strategy : quantile
test accuracy : 7

10 10 10
08 08 08 ‘
506 508 508

o 20 ) ) o 20 B ) 0 20 Y E)
epochs epochs epochs
n_bins : 2, strategy : normal n_bins : 6, strategy : normal n_bins : 10, strategy : normal
test accuracy : 71% test accuracy : 87% test accuracy : 85%

n_bins : 10, strategy : quantile
test accuracy : 94%

05 g os 05
04 § 0 04
02 02 02
00 00
o 2 £ 3 0 @ w0 o ) £
epoch: epochs epoch:

Fig. 14. MTF result

Fig. 14= MTF9| sto]n mj2tu|elE HAsH 452
d)wst J2=o|c} ‘strategy’ m2t0]E]o]] ‘uniform’z}
‘quantile’, ‘normal’S, 'n_bins’ m2fd|Eof 2, 6, 10
A3t ofrf3t ‘strategy & AMESHE TlOJH 9| REE

= 2 9Jolshs 'n_bins’ miejolEfo] A=
Aol F7Pt goldas 2 AEEE HolRilth o=
tlojel 5ol xdE)= 9] 77t sofdoll wet Al
¢t ®lo]l ZhssPl mieolth. & MTFO] normal
strategy= bing Wre 7|1&0] BF A4t 229 A2
Y4(quantile)2 U=th. Ho[H 9] 50| LS BE
At 2x2 AALHsP] 9o sklearn  T{7]A]9)
StandardScaler =245 o]-&3ict.

dimension : 10, time_delay : 1 dimension : 30, time_delay : 1 dimension : 50, time_delay : 1 dimension 10, Hne dely <2,
test accuracy : 92% accuracy : 87% %

test accuracy

Fig. 15. RP result

Fig. 15 RPQ] s}o]n mjejulg|S ¥7sto] ALS y]

w3t Jefjmolt}. ‘time_delay’ mhulE o= 13t 25 A
2511, ‘dimension’ mHfOJE o= 10, 30, 50, 702 A
oBic}, ‘dimension’ mefojElo] APE]= 01x[e] 7|7}

AL AARAS o Foll AEES aofsh] miwoll, ‘*fﬂ
AL dolge] 37)(A9] Y2 F7])e FoSAIT
F 350l Astdtt. 22]1, ‘time_delay'©] nfejuole}zt
AR A2l mpetstuAt sk A& AR HA0] ol
AHA 27 Aol AxsiRE A AT 4 Ao

n.fit: 30, hop_length : 2.
test accuracy : 95%

00 bop ength 2 n_fft : 90, hop length : 2
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n_fit: 30, hop_length : 4
testaccuracy:94% testaccuracy:98% Testaccuracy:95%  testaccuraq

Fig. 16. STFT result
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Fig. 17. STFT meshgrid
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2. Other dataset evaluation
A GunPoint Hlo|EIAlS Foll sto|m mefulg &7y
oﬂ [L}E Hi}E 01:1\1-2 ﬁ]ro%}o:]q 6‘}7(]‘3}' _75_ ]:—] 5}}\]6‘;}.—

A2S ol 2712 o2 dolEAe Bl Aae T
o). A@e sl AW golEsise] ARE Table 29}
2t

Table 2. Training datasets

time train test
Name classes . . type
stamps | size size
GunPoint 2 150 50 150 | MOTION
GunPointAge |, 150 | 135 | 316 | MOTION
Span
GunPointMale |, 150 | 135 | 316 | MOTION
VersusFemale
GunPointOld |, 150 | 135 | 316 | MOTION
VersusYoung
PowerCons 2 144 180 180 | DEVICE

7} Hlo]EjAle] stol} metole 242 GunPoint Ho]
BP0l ot stolm weole £t SUsh 45y
o} 7} HlolE 8 sto|n meto]Ej 2 A4S BE 2490
Ofsh 42 2 Table 3 o4 Table 22744 Uit 2
o mAle sig molNe] Aw A2 olnjgict

3.1 GunPoint dataset

Table 3. GunPoint GAF Test Accuracy

GAF Summation method Difference method
98% 99%
Table 4. GunPoint MTF Test Accuracy
MTF n_bins=2 n_bins=6 n_bins=10
strategy=uniform 72% 75% 93%
strategy=quantile 77% 92% 94%
strategy=normal 71% 87% 85%
Table 5. GunPoint RP Test Accuracy
RP dimension=10 | dimension=30 | dimension=50
time_delay=1 92% 87% 86%
time_delay=2 89% 86% 75%
strategy=normal 71% 87% 85%

Table 6. GunPoint STFT(Spectrogram) Accuracy

STFT n_fft=30 | n_fft=60 | n_fft=90 | n_fft=120
hop_length=2 95% 95% 96% 1%
hop_length=3 94% 99% 96% 89%
hop_length=4 94% 98% 95% 95%

3.2 GunPointAgeSpan dataset metrics

Table 7. GunPointAgeSpan GAF Test Accuracy

GAF Summation method Difference method

95% 95%

Table 8. GunPointAgeSpan MTF Test Accuracy

MTF n_bins=2 n_bins=6 n_bins=10
strategy=uniform 84% 87% 92%
strategy=quantile 81% 88% 88%
strategy=normal 59% 81% 84%

Table 9. GunPointAgeSpan RP Test Accuracy

RP dimension=10| dimension=30 | dimension=50
time_delay=1 90% 79% 75%
time_delay=2 89% 74% 54%
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Table 10. GunPointAgeSpan STFT(Spectrogram)
Accuracy
STFT n_fft=30 | n_fft=60 | n_fft=90 | n_fft=120
hop_length=2 1% 49% 59% 59%
hop_length=3 94% 49% 59% 50%
hop_length=4 94% 58% 57% 58%

3.3 GunPointMaleVersusFemale dataset metrics

Table 17. GunPointOldVersusYoung RP Test Accuracy

RP dimension | dimension | dimension | dimension
=10 =30 =50 =70
time_delay=1 95% 93% 95% 89%
time_delay=2 96% 95% 60% 52%

Table 18. GunPointOldVersusYoung STFT(Spectrogram)
Accuracy

STFT n_fft=30 | n_fft=60 | n_fft=90 | n_fft=120
Table 11. GunPointMaleVersusFemale GAF Test hop_length=2 93% 64% 52% 52%
Accuracy hop_length=3 99% 98% 52% 52%
hop_length=4 99% 98% 52% 52%
GAF Summation method Difference method
100% 99% .
3.5 PowerCons dataset metrics
Table 12. GunPointMaleVersusFemale MTF Test
Accuracy Table 19. PowerCons GAF Test Accuracy
MTE n_bins=2 n_bins=6 n_bins=10 GAF Summatiog method Differenceo method
strategy=uniform 96% 99% 97% 96% 94%
strategy=quantile 81% 92% 94%
strategy=normal 47% 1% 89% Table 20. PowerCons MTF Test Accuracy
. MTF n_bins=2 n_bins=6 n_bins=10
Table 13. GunPointMaleVersusFemale RP Test strategy=uniform 91% 91% 92%
Accuracy strategy=quantile 87% 89% 91%
- - - - - - - - strategy=normal 84% 81% 85%
RP dimension | dimension | dimension | dimension
=10 =30 =50 =70
time_delay=1| 99% 99% 99% 99% Table 21. PowerCons RP Test Accuracy
time_delay=2 99% 99% 75% 58%
RP dimension | dimension | dimension | dimension
=10 =30 =50 =70
Table 14. GunPointMaleVersusFemale time_delay=1 97% 98% 94% 91%
STFT(Spectrogram) Accuracy time delay=2|  96% 92% 94% 63%
STFT n_fft=30 | n_fft=60 | n_fft=90 | n_fft=120
hop_length=2 98% 77% 58% 62% Table 22. PowerCons STFT(Spectrogram) Accuracy
hop_length=3 97% 67% 53% 59%
hop_length=4 98% 61% 51% 50% STFT n_fft=30 | n_fft=60 | n_fft=90 | n_fft=120
hop_length=2 9% 88% 89% 86%
hop_length=3 92% 88% 90% 1%
3.4 GunPointOldVersusYoung dataset metrics hop_length=4 91% 92% 85% 90%

Table 15, GunPointOldVersusYoung GAF Test
Accuracy
GAF Summation method Difference method
95% 94%
Table 16. GunPointOldVersusYoung MTF Test
Accuracy
MTF n_bins=2 n_bins=6 n_bins=10
strategy=uniform 81% 92% 93%
strategy=quantile 81% 91% 90%
strategy=normal 54% 9M1% 93%

V. Conclusions
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52 Hol& 41252 GAFoltt. HA|9E, GAFQb

& 54 AR R AIAIE HolHE 4F
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blurring kerenelz -850 Q1 TS0 Hd2 A&
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