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A Comparison Study on Power Consumption
Predicting of the Electric Propulsion Vessel

Kim, JiYoon

Department of Marine Engineering

Graduate School of Korea Maritime and Ocean University

Abstract
In recent years, concern for the energy efficiency of vessels has
increased due to the influence of environmental pollution. Electric
propulsion systems have more energy flexibility than mechanical
propulsion systems. So, it can improve power efficiency by using
batteries. For the utilization of batteries, it is necessary to predict
the power consumption of electric propulsion vessels.

In addition, researchers are studying multivariate time-series data
for prediction. In contrast preceded studies were non applicability to
electric propulsion systems for power consumption predicting.
Because, limitation of accessible to vessel's data and the previous
prediction researches were considerably studied to small ranged
electrical data. According to these reasons, The research of models
that capable a wide range of vessel load data is essential.

In this paper, aims to predict the electricity consumption of a
vessel, using real vessel data and convert to electric propulsion
vessel data, and select variables that affecting vessel's electricity
consumption using heuristic. The converted data includes missing
values, this can cause of weakens model's accuracy, therefore
multiple imputation algorithm was used for cover it. After data
preprocessing, several models are created to predict time-series data.
This consists of single models for comparison criteria : LSTM(Long
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Short-term Memory models), CNN(Convolutional Neural Network),
ANN(Artificial Neural Network), @ DNN(Deep Neural Network),
bidirectional LSTM, and conjunction models : CNN-LSTM (direct),
CNN-bidirectional LSTM (direct), CNN-LSTM (parallel), CNN-
bidirectional LSTM (parallel).

After models creation, the experiment method was decided,
considered by clear comparison. that was composed of repeat test
for the model's performance validation and utilized the widely used
accuracy metric : RMSE.

KEY WORDS: Smart Vessel, Smart Vessel, Energy Management, Predict of
Power, RNN, LSTM, Bidirectional LSTM
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Data pre-process, analysis Al Model
Data conversion & analysis Prediction model design - Anal}'sm;ig;‘;i:ﬁ;isaccwacy
(chapter 2.1) (chapter 3) (iapie 5)

v v

Define prediction model's
evaluation and leaming
(chapter 4.2)

Data imputaion
(chapter 2.2

Y

Analysis of experimental
results by each model
(chapter 4.3)

Fig. 1.4 Contents of research
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2.1 Ayt 2% dHoly

2.11 AutA|

2 AToA A" dHoly AS i A¥E HAFY Do, 13,000
TEU(Twenty-foot Equivalent Unit)g ZEH|lelY AH¥te =z 7|3 oy 28¢A
OAd dx 1, 4A48 RE7]3e 3480kWa 4384 tA A 42 FAE o]

91t} Table 2.1¢ thah Muke] 2ol

Table 2.1 Specification of target ship

Type of vessel Container Ship
Length 366m
Width 48m
Draft 10.8m
Engine power 719.106 BHP
Capacity of generator 3,480 kW = 4
Speed 230 knot
TEU 13,154 TEU
-9 -
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Wind speed Wind speed m/s
NO.I™4 gen. load Generator load kW
NO.1™4 gen. percent load Generator load ratio %
NO.14 gen. current Generator current output A
NO.1™4 gen. percent current Generator current output ratio %
NO.14 gen. voltage Generator voltage output Vv
NO.1I™4 gen. frequency Generator frequency Hz
NO.1™4 gen. bus voltage Generator bus voltage output Vv
NO.1™4 gen. bus frequency Generator bus frequency Hz
Main Engine Diesel Oil use or not
ME DO TF j (True/False) 0.1]
Generator Engine Diesel Oil use or
WE DOTF not %True/False) 0,1]
Boiler Diesel Oil use or not
Boiler DO TF s Dico [0,1]
Vessel speed Vessel speed Knot
M/E torque Main Engine torque Nm
M/E shaft speed Main Engine shaft speed rpm
M/E shaft power Main Engine shaft power output HP
Draft(after) After draft m
Draft(forward) Forward draft m
Draft(port) Port draft m
Draft(starboard) Starboard draft m
- 11 -
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A7) A Pype 7157 Adube] X173} (Load of electric propulsion ship
kWD, Lypee Z1AI2 Fx Adre] #2713 & =d%(Load of mechanical
propulsion ship), n,= %7 &&, 7,y © FHAR (Main switch board) &£,

Nepy A8 71(Electric propulsion motor) &-&& 2}z YA

Q) A71FA et 73} Holy et

stdlolEle F7 A9 Hsteh AU dYRsz FAH
% "9 dolEE 2 Qe Z83ste HrFz Adute
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weE Faste A7FA Au ¥
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Sl
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Fig 2.2 71414 %7 Aute] F7% % vhe] dolg|& tehyv, Fig 238
AAN FQ Auke]l AW AY RSE dekdnh a9 Fig 24 @4

Mechanical propulsion ship M/E power meter shaft power

[1P]
:

Day 1 Day 45 Day 91 Day 138 Day 180 Day 225 Day 275
[Days]

Fig. 2.2 Mechanical propulsion ship M/E power meter shaft power
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Mechanical propulsion ship general Load Consumption

'g‘ 7
2
5
4
3
1
0
Day 1 Day 45 Day 91 Day 138 Day 180 Day 225 Day 275
[Days]
Fig. 2.3 Mechanical propulsion ship general load consumption
Electric propulsion ship load consumption
DDay 1 Day 45 Day 91 Day 138 Day 180 Day 225 Day 275
[Days]
Fig. 2.4 Electric propulsion ship load consumption
2.14 A¥} 23 mt BN
duke =7 a7bAel gl weld moz sy 24 mos 3
R E(A/S ¢ At Sea), 93 R E(Arr’ S/By : Arrival and Stand By), B® R E=(in
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Fig. 2.5 Container vessel’s load consumption pattern in voyage
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Water Depth Water Speed
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Fig. 2.7 Distribution of environment data
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Electric Load Propulsion Load
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Fig. 2.8 Distribution of vessel related data (1)
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Fig. 2.9 Distribution of vessel related data (2)
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Table 2.4 Missing variables from data

Collection @ kmou

Name Unit Quantity
Electric load kW 4
Propulsion load HP(<10) 4
Heading Degree (07360) ° 4
Rudder angle Degree (-35°35) ° 1,760
Water depth m 21,633
-0 -



Water speed m/ S 2
Wind angle Degree (07360) ° 2
Wind speed m/s 0
Vessel speed rom 0
M/E RPM rpm 0
Draft(after) m 0
Draft(forward) m 0
Draft(port) m 0
Draft(starboard) m 0
NS
@ g > > & & &
O & N2 L f-EF 2 NS o°
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Fig. 2.10 Matrix for visualization of missing values
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Fig. 2.11 Visualization of missing values imputation result
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Fig. 2.12 Error data of propulsion load data
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Fig. 2.13 Propulsion load data after conversion
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Fig. 2.14 Propulsion load data after delete false data
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Fig. 2.15 Propulsion load data after conversion
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(1) RNN (Recurrent Neural Networks)
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Fig. 3.1 Type of RNN structures according to input and output
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(2) LSTM (Long Short-Term Memory models)
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1= Aolee] 6 Falo] AR REW LA o8 A GDH
e dl WA wA A AT S U

Al1H o
2} (3.8)

EY
&

@) :U(M/(v)[htfl’xt]—'—bo) (3.7)
h, =o,+ tanh(C) (3.8)

(3 bidirectional LSTM

71Ee] LSTMLS oo d#EHs AAdA wge &A= dgste AL
AF}E A3 18 bidirectional LSTME 7]1&9] LSTME] T+l © o] 9
dGES vHANAN HAY AR JEst Asbste 99 FUHsto, AARS
283 26]. AFE AAE o, Fig. 3.59F #o] #e 7|& WEke] LSTM
At k3 o ko] LSTM A kS §ste] =)

ghu

> LSTM

Bad«éward '\
- \ LSTM

Xt—1 Xt Xt41

Fig. 3.5 bidirectional LSTM structure

o2 24 (3.9), (3.10), (3.1, (3.12)= bidirectional LSTM2] 2]-& YElATH
W, W, W, 83 W A AlClEdA YJEEH= e PdolH,
3E #olo g A otk v, v, U, 2 UE old Ay AAHY, Y
Az AAEE 7heA dHelth b, b, b, I 5, Wl e mie]ojx
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FE oIt o, AlCIES A3 Ferolw, dibFoR AORoE gt

saE,

f,=0,(Wya,+ Uh,_, +b,) (3.9)
i, =0, (W, + Uh,_, +,) (3.10)
otzag(W;xt—i—UOht,l-i—bO) (3.11)
C, = tanh (W, + Uh, ,+b,) (3.12)

Ao 4 He Mo 2 A WE 1, A FY
298 1,27 9e W 4 (13, G109 Lo| AsHT.

Ll
e
e
o
2
o

C =fxC_,+i,xC (3.13)
h, =0, X tanh(C,) (3.14)

(4) LSTM auto encoder

(o3

A o

r{r

U:O

auto encoder
7R3 9l
| o

rlr
o
|

183 HolHE ¢53td, dolHe 54 &3

tlo]8 & encoder #lololE &8st Hlo|HE =3
&oto] d=siAE AP olw 4= siAlE tloly
}a2 9ok auto encodere 71E 48H3x F&4
dolge] o= #AAde Tl 7IE dHolH 9
Bfsta 9 E} a8y HelHe S4e
= & AE ek 2ol dolE

E

—%me
ok
K

T

_V}i

decoder
=] o

i)
il
rr

i

k

o o

i

p o o
o

e 'XE filo o

o
Jo
ol

)

o)

flo

T o
Jo

O/

ol

o

o
&
o

(i
o
-

ol
i

iR
(O [
%0 rlr o rid

M o o
il

I o

L

= o
o

rf

2

ol

ol

£

ol ot oX  Hy
oy
ol

d

? b
o

)
o
fru
1%
e
¥

Sﬁ& AT FHA ZE&
dole T BAS tlolEe] T

o

2 o
>
p)
me  mo
=
o
_\'E
2
A
=1
>
)

o

_ —

S N N R A 1

o Fig. 3.6 auto encoderE UYEHATE encoder= U= H°lHE &
2 BASteE 54 7HAa 21eH, decoder= encoderg Ay 4=

oA e Feel dolE Washe A9e Fadh

Anjn)
o o
i Il

Ll

oo e

_33_

Collection @ kmou



—> Encoder —>E—> Decoder —>

Original
input

Reconstructed
input

Compressed
representation

Fig. 3.6 Auto encoder structure

(5) CNN (Convolutional Neural Network)

CNNI27]& convolution layer$} poling layerE Abg3tel EAS F&3=4H)
AHEEOZIT Y dlolElE FHIF &3stH {AFS Altsta, ZAAE

o] &3} feature mapS WHETL feature mapS subsampledE EdiA YU
FoqF= 95 7IAA FY. convolution layer+= filter =7], stride, padding
218, max pooling®] =Z7]ell wzbA =¥ HolH 9 mFo] 2 HAT.

convolution Layer= < HolHZHH FEoe 98-S gk
A8FA doloj= ZEHS #s HAdY
Q)
=

olFoA Atk E=Y, AH HlH=

BE = 2=

Jdere elolElold 1 B4 /AT glow 2 gol tew, Sxo] glow

Askirel 09 JkE gol vewA HY ol 9;{—x1 shepsial oot
1— 3

pooling layere= ZEFA #oloje ZHHolHE
tlelele] =AZIE EolAY 54 HolHE %
dHtdo=w T 22 2o mEY A7} ARG =9 #ol
pooling, average pooling, min poolinge] It =
gojojel Mt AZEA EAS 7M. StEdidY stEbrEvE glow,
Zggolols EFstH P 377} 7+ASE, pooling layerE B34 g
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F7h MARA gt 59 7M.

fully connected layer= A ZAtZolet Eo™, CNNolA A4bdE ©olE o
A#3E 1A HWidE Bdste 93-S o SAFHoE ERSnA she
tlolele] A Fiol 9o Holg A&AVE AAsHH, drop out
7IMs &8st dHolgo] shgo] HIFHE dds WA= J9dS
1Tt padding2 convolution layere} pooling layerolA ¥ dolg & A
AAE FAL wxss 7IHS 9r)dth. paddinge] &8 convolution
AYE st = HolHo =77k WA FA sl A oln. strides=
convolution filter7} o]&3sl= 7FAL o nsty, stride7} AR filtere] o]%

NAZ AR 7] wEo MAEE golge I7|7F Fojxs EXo] 9t}
Fig. 3.7 2D CNN3} 1D CNN¢| #+zE& YE ST
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2D CNN
C S C S, ny n;
input feature maps feature mapsfeature mapsfeature maps output
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convolution N\ 22 o \\ O fuly N\
subsampling convolution 2x2 connected
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1D CNN
INPUT Conv Layerl Conv Layer2 Conv Layer10 Pooling Layer  Flatten Layer  Dense layer  Output
Lx45 10x(Lx2) 10x(Lx2) 10x(Lx2) 10%(30x2) (1x600) (1x500)  (1x1195)

30-max pooling  Flatten Fully-Connected  g4pmax
Dropout

10 filters 10 filters 10 filters
2 filter sizes 2 filter sizes 2 filter sizes

Fig. 3.7 CNN structure
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ek o] CNN& &bz Ql AATF sdsiA JAd9RE
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Fig. 3.8 Separate data with train and test data set
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o] &% A4S $3te] mini-bach gradient descentS AHE-3SITh HiX

2 83193, learning rate= 0.001, 1831 epoch® 500%
Foow, sg A eMuEE WAsty] flske, early stopping HA AT
mlx ko 2 early stopping®] patienceE 10002 A A3dte], mdo] HA ol &
58 4 =S TAIYT. oS Fig 3.9% g% HAE JeEhdth

Dataset
1y Training Model
Data Scaling !
T Inverse
Data Scaling
Predict Model ‘L
Compare
Model Accuracy

Fig. 3.9 Training procedure

A& dolg g5 e, dHolE Ae 2AYHIY. ALY H
ol E 224 AAE 4 ndz2 JuEEu stgo] FPHAr). d<5o] AdsH
weox o Z3tE o= FES o 2AYH(nverse scaling)dte], AA|
gty A gate] HuE Briste #e B AlwT LXHRMSEroot

8+
mean square erronNE AR&SH, 7 REE AA fHI 2do AgF{E

Hlw3te] 713 Ao £& 2dg A3

o AAL dHeoly A4

ANALE HolHE AAS7] 18+, time step2 AAHIIATE  time step
% ZEIH FAA dHelHY 2 FES Tt dFsteAl] dig
Aol time stepe] #E T-EStaLAl sk o] AMARL el wste] me} ghel
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A7) AAo] 7hssith. AR time stepel AAE S, AA AMEA
& J(vanishing gradient problem)e] &Ast= EA7F dAST B =Fol A
AASH= HolHE 108 992 AlSE dolHolmZ time steps 12 S
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stg  d&ge v AFoNME A 508 3t HUF

A=
Muole Wstel mE 108 o /3 A 2B oZsn oty

(!

o
ot

=]

e
123
™ 1o

I
it
(o
ut
g.
D
%
o]
flo
(@x]
ut
(o
o
ol
R
£
£

Table 3.1 AAL ©lolg A4 F+5 Yehslen, Fig 310& &
ATlA 83 AAE dolH 9 time step= UERAT

Table 3.1 Code of time series data

time_steps = 5

def create_dataset(X, y, time_steps=1):
Xs,ys =[], 0
for i in range(len(X) - time_steps):
v = Xiloc[i:(i + time_steps)].values
Xs.append(v)
ys.append(v.ilocli + time_steps])
return np.array(Xs), np.array(ys)

t4 3 t2 t1 t | t+

time step predict

Fig. 3.10 The feature of time step
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table 3.2 elZEd Wrb FE vehin, mde] o
Mastgrh vads B AFE 23 RMSEVF B8
BE AFD 93te] Faolth oA e HolEe] AFE dudh
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Table 3.2 Code of RMSE

def rmse(y_true, y_pred):

return backend.sqrt(backend mean(backend.square(y_pred - y_true), axis=—1))

(3.15)

g o] Eﬂ A=R=))

oﬁ
=
Fof
e
\

-
i
2
o
r
(5

Table 3.3 Code of training function

def callHistory(model, X train, y_train, epoc) :
history = model fit(
X_train, y_train,
epochs=epoc,
batch_size=b12,
validation_split=0.3,
shuffle=False,
callbacks=[early_stop]
)
plot._history(history)
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32 4% =4 44 9 74

2 =52 U 729 dSEdSs d8sted A3 b A9 Fale
A5 AGAHEL Fdstax Ao aHy 7]E AYRS g Zo] &89 Al
2L AdHosE A HA0~10008 HE Fe dSsted ol &EHAoH,
Ay Fete WEAdoe]l @& EAo] ot gy AV|FH Aty A 9=
A Fate] HArt Add ez | 54 o] &A3tH0~40,000). £ Aol =
A71F3 Ak dgEete] Heet AsAds Mg & 458 F e 2dol
sty OgEE gYs JHo 2dS &8ste, A3 dr Bt
dsol M & RdS MdASeE Ao HFo] ok Table 3.4= AHAE
299 A&& Yt

Table 3.4 Summary of model structure

W B2d 13z Z% T4

1 LSTM - LSTM : (1 x 512) - (1 x 256) - ()

2 Bidirectional LSTM - Bidirectional LSTM : (1 x 512) - (1 x 256) - ()

3 CNN-LSTM Direct CNN: (Gx128 - @x128) - Cx64) - Ix64) - 64)

LSTM : (1 x 512) - (1 x 256) - (IX)

CNN:(Gx128) - 2x18) - 2x64) - 1x64) - 64
Bidirectional LSTM : (1 x 512) - (1 x 256) - (128)
CNN:(Gx128) - 2x18) - 2x64) - 1x64) - 64
LSTM : 1 x 512) - (1 x2%6) - (IX)

CNN:(Gx128) - 2x18) - 2x64) - 1x64) - 64
Bidirectional LSTM : (1 x 512) - (1 x 256) - (128)

4 CNN-Bidirectional LSTM | Direct

5 CNN-LSTM Parallel

6 CNN-Bidirectional LSTM | Parallel

7 ANN - ANN: (5x13) - (5Gx 1024 - (5120)

8 DNN - DNN: (5x13) - 6Gx1024) - 6x512 - Gx64 - (320

9 CNN - CNN:Gx128 - 2x18) - @x64) - 1x64 - 64
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Ytz vanilla LSTMe Fx9 HAs, ©= LSTM#oloj9l oy
AAWo g T390, many to one & AEYIAT. LSTMAIA g

<A 8 ZAE FFE ol&ste] U @e A5IH. v+ Figo 311
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LSTM LSTM LSTM
Input Layer 1 ReLU Layer 2 A Layer 3 ReLU Linear
5x 13 (1x512) | (1 x 256) (128) | l
' s i
—r » []
LHRANJJ 5 AWS' SR AFFI P S
—p — O~
—b » 3 » o3 » 3—/'O
HOHOHO -0/
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Fig. 3.11 Construction of LSTM

02 Table 3.5% LSTM =@ 73S Yehy gl

Table 3.5 Code of LSTM model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

xLstm_2 = LSTM(512, return_sequences=True, activation="relu’)(xInput)
xLstm 2 = LSTM(256, return_sequences=True, activation='relu’)(xLstm_2)
xLstm 2 = LSTM(128, activation="relu’)(xLstm_2)

xOutput = Dense(1, activation='linear)(xLstm_2)
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model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})

final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]
final_df["predData”] = load_min_max_scaler inverse_transform([test_predictions])[0, :]

3.2.2 bidirectional LSTM

bidirectional-LSTM 228 3719] AlZoc=2 A5t on, Many To One
TARE AEsHY T bidirectional-LSTMOoj|A st5El 715X @ &A4SH st s
o]&st oF oFus &HIY. 2 {429 A2 bidirectional-LSTM
729 33U 45 45 BUN dold olat S B! ol AT
Husth 245 ot e BEolel, MIRY A $512 Eshe Zolk
Fig. 3.12%= bidirectional-LSTM 7|¥t 2 do] JLxo|tH31].

Bidirectional Bidirectional Bidirectional

LSTM LSTM LSTM
Input Layer 1 aLU Layer2 g Laver3 (128) me
5x13 (1x512) (1x256) l l
Ji N iE Al e
LR BR PP P E j é é 8 % \
—1 e — _ND"“\H
¥ x
—+ =1 5 i el i Q
—+ _h ““O m—ﬂl/

Fig. 3.12 Construction of bidirectional LSTM
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< table 3.6 bidirectional LSTM =¥ +&d-& YR AT

Table 3.6 Code of bidirectional LSTM model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

xLstm_2 = Bidirectional(LSTM(512, return_sequences=True, activation="relu’))(xInput)
xLstm_2 = Bidirectional(LSTM(23%6, return_sequences=True, activation="relu’))(xLstm_2)
xLstm_2 = Bidirectional(LSTM(128, activation="relu’))(xLstm 2)

xOutput = Dense(1, activation="linear’)(xLstm_2)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})

final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]
final_df["predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]

3.2.3 CNN-LSTM (direct)

ANAE deolgls 1D CNNe=z <g=xlm, 1D CNNoA F==
HolE e EAL 379 AZoz FA3 [STMoZ #EH3Th o]F [STMol A
stsEl Uz 2 A3 S o] &3t gL o &3e &3t Fg

.13 CNN-LSTM (direct) 7]¥F m&lo] FFzo]tH32].

w

& ONNel g #7153 A dojge 53¢ F&3w
= 5

ek, LSTME] AAIE dlolg o5 A
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gl &85t = Aot A AAIEER FHE H7|FZ Adke]
Ho]EHE CNN =Rdo] ¢=#H3tt, CNN Rdoix 5 Ay ks LSTMo)
flatten dojol=

L A7IE Ak

Conv Pooling Conv  Pooling Flatten
Layer 1 Layer1 Layer2 Layer2 (1% 64) LST™M LSTM LSTM
5x 128) 2x128) (2x64) (1x64) Layer 1 ReLU Layer 2 . Layer 3 . Linear
Input RelU ReLU (1x512) | (1x236) | (128) | |

8 8 g?'\io
O

O/

Fig. 3.13 Construction of CNN-LSTM (direct)

t}& Table 3.7 CNN-LSTM (direct) 22 Fd<& et

Table 3.7 Code of CNN-LSTM (direct) model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

CNN = ConvlD(128, 14, padding="same’, activation="relu’, strides=1)(xInput)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = ConvlD(64, 7, padding="same’, activation="relt’, strides=1)(CNN)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = TimeDistributed(Flatten())(CNN)

xLstm_2 = LSTM(12, return_sequences=True, activation="relu’)(CNN)
xLstm 2 = LSTM(256, return_sequences=True, activation='relu’)(xLstm_2)
xLstm 2 = LSTM(128, activation="relu’)(xLstm_2)
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xOutput = Dense(1, activation="linear’)(xLstm_2)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})

final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]

final_dfl"predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)

3.2.4 CNN-bidirectional LSTM (direct)

A€ delEe 1D CNNez <d#Em™, 1D CNNojA FE3 AA4E

o] EXS 3o AFo=E FA3I bidirectional-LSTMC. 2 & 3t}
bidirectional-LSTMel| A 8t5H 7t 2 &3} 45 ol &3t o=
S =93t Fig. 3.14%= CNN-LSTM (direct) 7]¥F 2o} Lxo|t}
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Conv Pooling Conv  Pooling Pl Bidirectional Bidirectional Bidirectional

Layer 1 Layer] Layer2 Layer2 (1% 64) LST™M LST™M LST™

3x128) (’xl’s) (2x54) (1x54) Layer] meeu  Layver2 RiLLa a’}(i"S}RiL Lm
(1x512) l (1x256)

T 1
T
d L—j\.C] O O‘HO O-FD/

Fig. 3.14 Construction of CNN-bidirectional LSTM (direct)

Table 3.8 CNN-bidirectional LSTM (direct) =2 F+3-& Jeh ot

Table 3.8 Code of CNN-bidirectional LSTM (direct) model

xInput = Input(shape=(X_train.shape(1], X_train.shape[2]))

CNN = ConvlD(128, 14, padding="same’, activation="relu’, strides=1)(xInput)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = ConvlD(64, 7, padding='same’, activation="relt’, strides=1)(CNN)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = TimeDistributed(Flatten())(CNN)

xLstm_2 = Bidirectional(LSTM(512, return_sequences=True, activation="relu’))(CNN)
xLstm_2 = Bidirectional(LSTM(2%6, return_sequences=True, activation="relu’))(xLstm_2)
xLstm_2 = Bidirectional(LSTM(128, activation="relu’))(xLstm 2)

xOutput = Dense(1, activation="linear’)(xLstm_2)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)

callHistory(model, X_train, y_train, 500)
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test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})

final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]
final_dfl"predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)

3.2.5 CNN-LSTM (paralleD)

CNNoflA st AALE o5 dolE et LSTMolA Stgd AAIE A=
HolElE WE Fx2 Adstd, AAdE 45 138 & A

CNN# LSTMolA stsd 7lsx 2 843 45 ol &3ty o
=93t} Fig. 3.155 CNN-LSTM (parallel) 7]¥F =dlo] F-xo|t}

R pzo| #4e CNNe| s 2471%‘4— Aut HolEe AL ZEsw
ol ATl EASE dolHE RFE AT} AL dolHe 9=
LSTMIA] 8128 AAR Hlolelal -8 kX o}oq z8e »}E}w Aol &

A71F3 Adurel 4 R ge Y3y 2de] StES fste] EHldE

R | T
A71531 Aduke] AAIE dHolHE &8st CNN =dz [STM =2d=
d¥ddh CNN 2l H7]53 Auke] deoly EA4S E/sta E/rE 23
#HE oz #ow Wt 18 LSTM REe AAE HolEE H4 3}
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Conv Pooling
Layer 1 Layer 1
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Layer 2
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’/’ Input f’ s 3 s N “
2 5x13 P R R R
I
rmf“u”s“a“s- s AVEP r ’f
”,
: i ’
I
—b i =
—+O1—O+—0
\ J LY \ J

Fig. 3.15 Construction of CNN-LSTM (parallel)

Table 3.9% CNN-LSTM (parallel) =4 T3-S el fAT)

Table 3.9 Code of CNN-LSTM (parallel) model

(192)
—

meOutput

+O

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

CNN = ConvlD(128, 14, padding="same’, activation="relu’, strides=1)(xInput)

CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = ConvlD(64, 7, padding="same’, activation="relt’, strides=1)(CNN)

CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)
CNN = TimeDistributed(Flatten())(CNN)

xLstm_2 = Bidirectional(LSTM(512, return_sequences=True, activation="relu’))(CNN)

xLstm_2 = Bidirectional(LSTM(23%6, return_sequences=True, activation="relu’))(xLstm_2)

xLstm_2 = Bidirectional(LSTM(128, activation="relu’))(xLstm 2)
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xOutput = Dense(1, activation="linear’)(xLstm_2)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})
final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]

final_df["predData”] = load_min_max_scaler inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)

3.2.6 CNN-bidirectional LSTM (paralle])

CNNell A g4 dolH E% &4 ZA3e} bidirectional-LSTMl A &5 4
ANAE dZF HeolHE ¥E F22 AR3d, AAE dFe AT = A
TA5FA[ . CNN3 bidirectional-LSTMol| 4] &538 7lsx 2 &A4s Id4+E
o] &3} & =S =93 Fig. 3.162 CNN-bidirectional LSTM
(parallel) 7]¥F mdlo] Fxo|t},

2 7z 42 CNNel f4g€d #7531 A vlolele §4& FE3t1
olA Alzttjel &A= HelHE ®FE 272 AAE dolHe o= it
bidirectional LSTMelA &g5H 24
Zdaglol old Alzre] ARVE EAHA Ze AAE dHolHASE FAdsk

292 ehie Zolh
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Conv Pooling Conv Pooling
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Fig. 3.16 Construction of CNN-bidirectional LSTM

Table 3.102 CNN-bidirectional LSTM (parallel) 2=

(parallel)

TEe el

Table 3.10 Code of CNN-bidirectional LSTM (parallel) model

xInput = Input(shape=(X_train.shape[1], X_train.shapel[2]))

CNN = ConvlD(128, 14, padding="same’, activation="relu’, strides=1)(xInput)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = ConvlD(64, 7, padding="same’, activation="relt’, strides=1)(CNN)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = Flatten()(CNN)

xLstm_2 = Bidirectional(LSTM(512, return_sequences=True, activation="relu’))(xInput)
xLstm_2 = Bidirectional(LSTM(23%6, return_sequences=True, activation="relu’))(xLstm_2)

xLstm_2 = Bidirectional(LSTM(128, activation="relu’))(xLstm 2)

_50_

Collection @ kmou




conc = concatenate({CNN, xLstm_2])

xOutput = Dense(1, activation='linear’)(conc)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})
final_dfl"realData”] = load_min_max_scaler.inverse_transform([y_test])[0, :]

final_df.to_csv(result_name, index=False)

final_dfl"predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]

3.2.7 LSTM auto encoder

LSTM auto encoder 7|8l ZeloA] UH= AALE wlolEe EAS
A= EAS A Y5 WAo=E HolHE o F3ith

LSTM auto encodere] =9 F=E et

43t

< Fig 3.17&

B 7z 3142 LSTM auto encoderd] EA& &83le, CNNES tiAIst=

d o]t}
Input LST™M LST™M LST™M LST™M LST\{
5% 13 Layerl Wi Layer2 St Layer 3 Bt RepeatVector Layer4 TRET
X (1x512) l (1x256) 1 (128y ¢ (1x128) l (1 x7)6)

L HR WS JRDD:DD 8 78

O

5
Q

S
OO

Fig. 3.17 Construction of LSTM auto encoder
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Ch2 Table 3.112 LSTM auto encoder 2% 1S LERHQICE.

Table 3.11 Code of LSTM auto encoder model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

xLstm_2 = LSTM(512, return_sequences=True, activation="relu’)(xInput)
xLstm 2 = LSTM(256, return_sequences=True, activation='relu’)(xLstm_2)
xLstm 2 = LSTM(164, activation="relu’)(xLstm_2)

xLstm 2 = RepeatVector(time_steps)(xLstm_2)

xLstm 2 = LSTM(164, return_sequences=True, activation='relu’)(xLstm_2)
xLstm 2 = LSTM(256, return_sequences=True, activation='relu’)(xLstm_2)
xLstm 2 = LSTM(12, activation="relu’)(xLstm_2)

xOutput = Dense(1, activation="linear’)(xLstm_2)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.0001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData":[]})
final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]

final_dfl"predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)
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3.28 ANN

ANN =92 7bg &4 Zo] shiel Hed mdg ojvgich ANNS A74
e 7152 Aduk dHolElE stue] wE UEHA #olo®E 4¥sta,
T UEYIZAA Axtd 23 S 1A e 13 oS A7|F3 A8
A% Rt e Fgels FeE AV B rxo d4Ne 4 R
el ANNS Fgatal, 753 A dolEe 4% 4% Hlse
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Fig. 3.18 Construction of ANN

Table 3.12&= ANN 29 7d-& e AT

Table 3.12 Code of ANN model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

DNN = Dense(9, activation="relu’)(xInput)
DNN = Dense(1024, activation="relu’)(DNN)
DNN = Flatten()(DNN)
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xOutput = Dense(1, activation="linear’)(DNN)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])

early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})
final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]

final_df["predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)

3.2.9 DNN

oS Fig. 3.19% DNN¢| 22 Ueh)$tH34-36]
B opze d4e ANN wHS IBste] Fuzoz e Hzo
AEA7EE<R] DNNE &Este] AAD HolEE o =staxt o
Input Input ANN Layer ANN Layer ANN Layer Flatten
S5x13 S5x13 (5x1024) (5x512) (5x64) (320)
RelU RelU RelU RelLU Linear
CERIIISROPP L (@>= ! ! b
4 =N\l 7O
g% \% 0% ;)K O,
%%. ﬁ<5E>$ fé A O
\_t?ﬂ{ széﬁ( S \.D

Fig. 3.19 Construction of DNN
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Table 3.13-& DNN == 7388 Jehfith

Table 3.13 Code of DNN model

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))
DNN = Dense(14, activation="relu’)(xInput)

DNN = Dense(1024, activation="relu’)(DNN)

DNN = Dense(512, activation="relu’)(DNN)

DNN = Dense(®4, activation="relu’)(DNN)

DNN = Flatten()(DNN)

xOutput = Dense(1, activation="linear’)(DNN)

model = Model(xInput, xOutput)

optimizer = optimizers.Adam(lr=0.001)
model.compile(loss="mse’ optimizer=optimizer, metrics=[rmse])
early_stop = keras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})
final_dfl"realData”] = load_min_max_scaler.inverse_transform([y_test][0, :]

final_df.to_csv(result_name, index=False)

final_df["predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]

3.2.10 CNN

CNN 7]¥F md o] AAE Holg oFS APtk sF8 7t 2 &35}

ol

g e os dA5#FS =¥93¥o Figo 3202
YERH ATH37-381.

2 o] &
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Conv Pooling Conv  Pooling

Layee Layer] Layer2 Layerl Fl(zt;;n
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Fig. 3.20 Construction of CNN

A

B Fxe Ay dolH B4 FE3 BH 53" W =
& Hure] AAL HolHE oZ8= 2 olth.

Table 3.14= CNN 2d &S Yefigloh

Table 3.14 Code of CNN model

ol
=

o

xInput = Input(shape=(X_train.shape[1], X_train.shape[2]))

CNN = ConvlD(128, 14, padding="same’, activation="relu’, strides=1)(xInput)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = ConvlD(64, 7, padding="same’, activation="relt’, strides=1)(CNN)
CNN = MaxPooling1D(pool_size=2, stride=2)(CNN)

CNN = Flatten()(CNN)

xOutput = Dense(1, activation="linear’)(CNN)
model = Model(xInput, xOutput)
optimizer = optimizers.Adam(lr=0.001)

model.compile(loss="mse’ ,optimizer=optimizer, metrics=[rmse])
early_stop = Kkeras.callbacks.EarlyStopping(monitor="val_loss’, patience=100)
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callHistory(model, X_train, y_train, 500)

test_predictions = model predict(X_test) flatten()

final_df = pdDataFrame({"realData” : [], "predData”:[]})

final_dfl"realData”] = load min_max_scaler.inverse_transform([y_test])[0, :]
final_dfl"predData”] = load_min_max_scaler.inverse_transform([test_predictions])[0, :]
final_df.to_csv(result_name, index=False)
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o o AHEHE dHolHe= A dHoly olBr=E, BEFo| &&F+= precision

ghol A @t

42 43 84

299 3FS st AMEHE st=9ol= CPUE IntelR) Xeon(R) CPU @
2.20GHzE Ag3st¥H e, 12GB RAM, Tesla P100-PCIE-16GB GPUE
AF&3th. =3k python 3.6.9, tensorflow 1.15.2, keras 2.2.55 Al&3te =gl
StEFS FHSAT B F& HolBHgES AR o™, numpye AAIE
dlolE AJAdol &&= Pandass .csv FENQ A vlolEl ¢lr)e} sy
A3 ks dataframe FEjot vk Hd FHE A= Ao &SR
sklearn< ©©] €9 normalizationo] &&= o™ mpx|=to = matplotlibe= A3}
A ztgte]  &g=AT. ZAE GPU 85 93k Google AR Colabg
ggstnon, &3 dHolE= 274 HeolH HAYE A CSV FH
Y-S &89t Table 4.1 7|31 Aute] R}l o & =g 854S 9

A3 #3e YeErslth

Table 4.1 Environment information

CPU : Intel(R) Xeon(R) CPU @ 2.30GHz
HW Memory : 12 GB
GPU : Tesla P100-PCIE-16GB

OS : Ubuntu 1804.3 LTS

Tensorflow : 1.152

Keras : 225

Library : Numpy, Pandas, Sklearn, Matplotlib

SW
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43 4¥ 23

43.1 LSTM
LSTM =d& &3 7|53 Ad 7st o= 243 Aye Table 4.2¢F
2. 249 33 RMS <

e Bgatel, B %S Masigh g 2
= 1 o
4

E
RMSE #2& 1,792.1 olw, 7}4 ,709.80.2 wdo| HHF

Table 4.2 RMSE result of LSTM model experiment

13 43 27 A% R 43 29 54 4¢

1,736 17130 1,709.8 1,792.1 1,765.0

Table 4.3 LSTM ®EH9| 1z AFF¥E 53 43 71A¢] RMSE#t BAE
eI YT HAFge 1,747.70] Jygonw, mEHEAE= 3H507  mgo]
A&l =2 AS FUT F AU HEq2 1,7098, Al AHE QD2
1,713, A2 AHE Q2= 1,758.6, A3 AHE A (Q)&= 1,765.12 ARE 3T
Hee L713~1,765.12 FRIHATE  mAEeR  Hoige 179212

selsglon] wde] Yol JiHoT e e FAY + Ak

o

Table 4.3 RMSE’ s statistical information of LSTM model experiment results

JERE

3 EFUR | A%% Ayt
25% 50% 7%

1,7477 35 1,798 1,713 | 17586 | 1,765.1 1,792.1
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Fig. 4.1 Result of LSTM model experiment
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4.3.2 Dbidirectional LSTM

bidirectional LSTM Z@S& 83 HA7|F3 Hddl H3} 9
Table 4.4¢} 2o A3 3448 RMSE #s 8314,
Hl W 3l{ Y. 7Fd & RMSE #r2 1,7488 olH, 7P A
1,602.80.%2 mdo HF B FE7F Aoid 22 Z As U F AU

Table 4.4 RMSE result of bidirectional LSTM model experiment

13 43 27 43 R 43+ 29 54 4¢

1,731.7 17327 1,7488 1,7040 1,602.8

Table 4.5+ bidirectional LSTM =@ 9] 1x} A3 FH 2712 2] RMSE%k
FAE YEMIT BHEg2 17040 Utoew, ZFH}E 5880 = R
Adgo] Fdezg Fe AS AT + AT HSE72 1,602.8 A1 ARHE
QD2 1,704, A2 AHE 215Q2)+= 1,731.1, A3 AR 4 (Q)+= 1,732.7=
ARERZE H9E 1,704~1,732.72 FRAHJT. mpAHoE Hoighe 1,748.8=
FelFgleon 2o do] FAoE ¥ AS g & AUtk

Table 4.5 RMSE’ s statistical information of bidirectional LSTM model

experiment results

JETRS
3 EFUAd | A%@ Aoy
25% 50% 7%
1,704 838 16028 1,704 | 17317 | 17327 1,7488
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t}& Fig. 4.2+ bidirectional LSTM 299 A% Ax= vepich
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Fig. 4.2 Result of bidirectional LSTM model experiment
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4.3.3 CNN-LSTM (direct)
CNN-LSTM (direct) =d-& S
Table 4.6 2o Ad 349

vl skt 7HE

=
T
v A% W BEI} 2 3

Table 4.6 RMSE result of CNN-LSTM (direct) model experiment

123 A9 27 A3 32 A3 431 29 53 A3

1,752 1,67/9.3 1,869.2 1,806.6 15236
Table 4.7 CNN-LSTM (direct) =99 1z AIdRE 5z Ad 71A9Y
RMSEZY EAEZ > 1,726.1°] JYskon, EFHAE

YE AT, Bt vl
133.002 R AfHEo] F2 AS AT + A HEpe 1,523.6 Al
ARE #1QD2 1,679.3, A2 ARE Q2= 1,752, A3 AHE g Q)=
1,806.62 ARz M9+ 1,679.3~1,806.62 SAHAT. AT o= FHTigh
1,869.22 glHAom wdeo] Fgo] oz v A AT 5+ Ao

=1

Table 4.7 RMSE’ s statistical

experiment results

information of CNN-LSTM (direct) model

Collection @ kmou

JETRS
3 EFUAd | A%@ Aoy
25% 50% 7%
1,726.1 1330 1,9236 1,693 | 1,52 | 1,8066 1,869.2
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Th& Fig. 4.32 CNN-LSTM (direct) =de] A3 ZA7E Yepdch
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Fig. 4.3 Result of CNN-LSTM (direct) model experiment

Collection @ kmou

_65_



4.3.4 CNN-bidirectional LSTM (direct)

CNN-bidirectional LSTM (direct) =d-& Z83 H7|=*=
e Ail= tS Table 4.87 2o 2% 34 RMSE @<=
A5S vlwstych 7B & RMSE e 1

1,501.702 ®dlo M5 Ho Zx7F 3F& As AT F A

Table 4.8 RMSE result of CNN-bidirectional LSTM (direct) model experiment

13 43 27 43 R 43+ 29 54 4¢

1,670.7 1,344 1,501.7 1,536.3 1,520.2

Table 4.9 CNN-bidirectional LSTM (direct) =@ 9] 1x AFFH 52 A
74A1e] RMSE#: BAE Wekoh Hgk& 1,552.7¢0] vUtorn, EFHA}
67402 mdo] AL FUHORE =2 A & AT F JAY HE=H
15017 Al AHE $15:QDE 15202, A2 AHE $15HQDE 1,534.4, A3 A}
g4 (e 153632 AR WeE  1520.2-1536.32  FAF AL,
rpAE o 2 HoigS 1,670.72 SAIEHJoH mEo Aol YHoR F&
e AT F AT

o o

Table 4.9 RMSE’ s statistical information of CNN-bidirectional LSTM (direct)

model experiment results

_ _ 12915 _
3% BEUt | A% A
26% | 50% | 75%
1,062.7 674 13017 15202 | 15344 | 15363 1670.7
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Fig. 4.4 Result of CNN-bidirectional LSTM (direct) model experiment
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4.3.5 CNN-LSTM (paralle])

CNN-LSTM (parallel) =2& 83 7|53 Ad 135 o

S A9 A3+
Table 4.103 2t A% 314¥ RMSE s Z83sld, ndo A&
Hlwstgoh 78 2 RMSE @2 1461019, 7} A& RMSE @2 15520 =
2de] A5 He Fx7F 23S AS AT F U
Table 4.10 RMSE result of CNN-LSTM (parallel) model experiment
1A A3 27+ A9 3z A9 42+ 43 52t 43
1,461 162 1,476.6 1,012.9 1,207.6

Table 4.112 CNN-LSTM (parallel) =@e] 1x AHF
RMSEZ: A YehiAT. HakS 1,5020] vshow,
2do AHAEo] 2 A & FUE F A HAx

=1

1 52 A3 7HA ¢
®EFHAE 35302
e 1,461 A1 ARE
QD2 1,476.6, A2 AHE Q2= 1,507.6, A3 AHE A Q)=
1,512.98 A2 M9+ 1476.6~1,512.98 SAHAT. viAT o= FHoigh
1,552% FRIFdon Rl 4ol =& AL AT & An

l

Table 4.11 RMSE’ s statistical information of CNN-LSTM (parallel) model
experiment results

) . 4295 )
gk EFHA ARk gk
%% | 0% | B%
1,502 33 1461 14766 | 15076 | 15129 1,52
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Fig. 4.5 Result of CNN-LSTM (parallel) model experiment
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4.3.6 CNN-bidirectional LSTM (parallel)

CNN-bidirectional LSTM (paralle]) =2& &83% 77|33 A4l

2% Azs Table 4.129F o) 28 34¥ RMSE #< F83ld, md
x B w3yt 78 & RMSE &S 1 2

Hsg =
1579.10.2 mdle] A% P HE7

o

-|~
HE

o
P

o

ot

o

ol

o
X0
o

Table 4.12 RMSE result of CNN-LSTM (parallel) model experiment

57 43

12 49

22 A9

3 A3

47 43

1,579.1

10144

1,501.9

1,509.1

1,484

Table 4.132 CNN-bidirectional LSTM (parallel) =2e¢] 1z A HE 53
A9 7hAY RMSE# SAE YERAT. BIge 1517.7°] ustomw,
Hats 36202 2do AAEo] 2 AL AT T AT A3}
Al AHE QDS 1,501.9, A2 AHE A1(Q2)= 1,509.1, A3 AR #

151442 AHEZF WYE 1501.9~1,51448 AU wAutoz

on] mdle] Aol REAL BAF 4 At

Q3=
Hoj gk 1,579.12 1A

Table 4.13 RMSE’ s statistical information of CNN-LSTM (parallel) model

experiment results

Colle
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JETRS
3 EFUAd | A%@ Aoy
25% 50% 7%
1,517.7 36.2 1,434 1,019 | 15091 | 15144 15791
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Fig. 4.6 CNN-bidirectional LSTM (parallel) == ¢]
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Fig. 4.6 Result of CNN-bidirectional LSTM (parallel) model experiment



4.3.7 LSTM auto encoder

1 Bl oS A Aage
S Table 4.149} 2t} A3F 34 RMSE e &8&ste], mdle] A&
Bl watRu Tk 7 2 RMSE #+2 1,728.3011, 714 A& RMSE < 1,656.20.%

|
Ao e B wRvb G2 e % g otk

Table 4.14 RMSE result of LSTM auto encoder model experiment

13 43 27 43 R 43+ 29 54 4¢

1,7110.7 16606 1,7283 16775 1,606.2

Table 4.15&= LSTM auto encoder =€ 1z AIFHE 5Hap Ad 7149

RMSE#t SAE YeEAT. Ba2 1,686.70] Uston, FFHA+= 31602
mdo] AfAEo] 2 A & FAY F AAT HEFS 16562 Al AR
QD2 1,660.6, A2 AHE Q2= 1,677.5, A3 AHE A Q)=
1,710.72 ARE917E H9l+= 1,660.6~1,710.72 SAHAT. viRToE2 FHTigh

1,728.3%2 FAHNem o] Fieo] FiFor e A I 5 Ao

Table 4.15 RMSE’ s statistical information of LSTM auto encoder model
experiment results

JETRS
3 EFUAd | A%@ Aoy
25% 50% 7%
1,686.7 316 1,662 1,6606 | 16775 | 1,710.7 1,7283
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4.3.8 ANN

ANN B9 288 2737 A 28 oz 2y Ads oo

4163 2o A3 3 RMSE #e &8&3to], 2o Ass Hlwstith
7}4 & RMSE k2 3,975.6°1H, 7} 22 RMSE #2 1618702 wHo]
[e)

Table 4.16 RMSE result of ANN model experiment

13 43 27 43 R 43+ 29 54 4¢
20713 20204 39756 16187 25193
Table 4.172 ANN =49 1x HAdHH 5z A3 71A¢ RMSE# SAE

e ITE B3k 24560] Ustorm, &9

e e 2 ¢ FAF & YT A

e 907202 mEo] AHgo
< 16187 Al AR SQDE
2,077.3, A2 AHE 915QDE 2,089.4, A3 AR A5 Q)= 251932 AR
MelE  2077.3-25193%  AHUT  wiAgow  Auge  39756%

goggon mde Yol % AL HAY 5 Uk

F o

—_

§?l

Table 4.17 RMSE’ s statistical information of ANN model experiment results
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JETRS
3 EFUAd | A%@ Aoy
25% 50% 7%
2,456 9072 16187 20773 | 20894 | 25193 397156
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Fig. 4.8 Result of ANN model experiment
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4.3.9 DNN

ANN =g 243 @715 e 23 9% 4% Ade og Table

4183 2. A3 3 RMSE #e &8&3to], 2o Ass Hlwstith
7o

N
N
on M
»
rlo
=
<
wn
g3
)
rlo
=
oo

58.302 wd9

Table 4.18 RMSE result of DNN model experiment

13 43 27 43 R 43+ 29 54 4¢

24215 1,833 19443 1,83M.9 1,863

Table 4.192 ANN =) 1z AdFE 52 A9 7449 RMSEZL T4
et AT Bdgke 1,994.60] ustow, xF 244402 =

ALl e A S FJD F AU HSE2 1,858.3 Al AHE A5(QD
1,863, A2 AHE Q2= 1,879.9, A3 Al 5 Q)= 1,944.32 AHES
M= 1,863~1,94432 FAHAT.  mAIgo R HU@

goggon mae Yol % 2L HAY 5 Uk

=
R )

& orlo fo

2427152

Table 4.19 RMSE’ s statistical information of DNN model experiment results
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. . 4295 ]
gk EFHA ARk gk
%% | 0% | B%
19946 2444 1883 1863 | 18799 | 1,943 24275
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4.3.10 CNN

CNN =g Z83 @A71%d Aw 23 o3 439 d3s o Table
4183} Zth 4% W RMSE @2 TEstel, mde 4% wmstidch
e 9

=
4 A& RMSE @& 1,6916°=% =9

AN
N
)
riu
=
Z
05}
g3
N

Table 4.20 RMSE result of CNN model experiment

13 43 27 43 R 43+ 29 54 4¢

1,726.1 20077 1,915 2,191.9 1,691.6

Table 4.19& CNN =9 13 APRE 5% A7 74 RMSE# 54
dehigich BEghe 192180 Upgtom, EEHAE 210102 =

ALl vre 2 & FATF F AAT ALES 1,691.6 AL AR 95QD
1,726.1, A2 AR 914Q2E= 19915 A3 AHE 9% Qe 200772 AHES
WMol 17261-2007.72  SAFUT.  wiAgoz  Auge 21919

=
goggom mae Yol % AL HAY £ Uk

ol
=

N rlo 1o

(o3

Table 4.21 RMSE’ s statistical information of CNN model experiment results

JErPS

gk EFHA ARk gk
%% | 0% | B%
1921.8 2101 16916 17261 | 19915 | 20077 21919
- 78 -

Collection @ kmou




]

CNN_loss of first leamin,

First leaming Result

Fig. 4102 CNN mdeo] 43 AxE yepdt

[e)

=]

o

o <] 0
5 & &
IEE £z sl
e pe 1
e S i
0 I W
5 e &
s e wl
S a6l 4]
ng o1 £
20 181 izl
WM g i W m\ i [t}
0z W £l g g m sl
@1 51 g i 0l
w2 wi | 2 = kil ol
W B %l B € 5 I
w | g il 3 3 g 3
sl @ B bl by @
Wi i o b= w 6
w2 o | @8 2 & Mw
a2 6| 2 5 2
m, & (| = ( i)
e ] . 1
001 ! ki m o bt
o8 m 1 A m 4
£ 1
9 5 s
% it i
w i e
¥ K 6l
i 6l €l
] o i
1 I I
i2zgggzgg” g2883zs§~ B & g§2583¢833¢8°
[ssoq] [ssoq) [ssoq] [ssoq] [ssoq]

ing Result

——FmiDi = Prdicion Data
_Second learning Result

CNN

=——ReaiDss ——Predicson Duta

CNN_Third learnin,
et b e e e e
——RnalDia ——Frdiction Dia ]
CNN_Fourth leaming Result
EEi bt b e e e e b B R B
——ERniDia  ——Pudiction Daia :
CNN_Fifth leaming Result
CereTtEIEERLIRAIAARERERE 253838
——FniDia i
Fig. 4.10 Result of CNN model experiment

15000
10000
000
0
20000
35000
30000
3000
20000
15000
10000
5000
]
3000

20000
5000
23000
00X
13000
10000
3000
[
40000
35000

3000
a5

L] L] [m) L) L)

_79_

Collection @ kmou



A5 A =2d vn B4 2 33

B Ao E 4& 7|A% MA7]F=A Aule] HiloE= mud s 3
A¥s &3y, HA ndey FAH A
e =g RMSE #heol WH3lE ZRIAE
plot& g3l zt =l =¥ outlierst ARG HYYES AdHo=

JEPR
2 A7 | EERA | A%% A%

25% 50% 5%
LSTM 17477 355 17098 1713 1786 | 17651 17921
Bidrectional LSTM 1,704 88 1,6028 1,704 173817 | 17327 1,7488

CNN-LSTM (direct) 17261 1330 15236 16193 | 1752 | 18066 | 1892

CNN-Bidirectional

) 15527 674 1,501.7 15202 | 15344 | 15363 16707
LSTM (direct)

CNN-LSTM

1,502 353 1,461 14766 | 15076 | 15129 1,552
(parallel)

CNN-Bidirectional

15177 362 1484 17019 | 1509.1 15144 157191
LSTM (parallel) ’ ’ ’ ’ ’ ’

LSTM Auto encoder | 16867 31.6 16062 16606 | 16775 | 17107 | 17283
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ANN 24% N7.2 16187 20773 | 20894 | 25193 | 3976

DNN 1,9%4.6 2444 1,833 1863 | 18M9 | 1943 | 242715

CNN 1,921.8 2101 16916 17261 | 19915 | 20077 | 21919

¢ Table 5.1014 &g 4 9lxo] 5We whE Ay AF}E FAside
PEFe FAY A, WEHA AN, DNN, CNN FxE =de o=
A ErE oS & & 9lem, CNN-LSTM (paralleD®] As©] 1,502°0.%
FToe AUT =+ Ao a9 #FHAE LSTM Auto encodere] 7HE Ha&
AT 5 AV

=3 AAF ez, CNN3 LSTMe] At 2He) Adeol 7ME ==< ¢ <+
Atk 53] CNN-LSTM (direct) Z3HEt}, CNN-LSTM A =mde] ¢ ¥
FHE 742 = A o] AVF At §aE 7 & oS s A o2
toldt 4= T} Fig. 5.1& 2Ezt ea& WaE UEA.
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Fig. 5.1 Comparition of model’s RMSE value
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Fig. 5.3 Comparition of model’s RMSE using box plot
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a2]a1 CNN-LSTM (parallel) 1,502¢] RMSEZ 718 £& AeS yulda,
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