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Imputation of Missing SST Observation Data Using Multivariate
Bidirectional RNN
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2 XA BT T IS5 A 1] HolHE oPUd 8217 (Bidirectional Recurrent Neural
Network, BiRNN) 7S o]&sle] HIFEISILE 1345 7IH & AIAIE dlolgol] dntdo® 2%+ Recurrent
Neural Networks(RNNs)> AS 574 X7EA12] A7F 55 WeF B oo 2 F45P7] vl 47 45 7
el 34 Adse] "olxleh i, 2 Aellxs A5 1 459 o s FHE o] 7] A5 doleel
e 34 e =Y 5 ook =3 #574 F919 7S BE HolHE, 71, v, 71, F5)E A
EFOEA, o5 HHTARTEH B HolHE I FASIEE dlo] B Aee v ol SIStk A A
o= 95t &7 79k 221 Multivariate Imputation by Chained EquationsMICE)$} 71Agl5 7]WES] Random
Forest 2.2, 772]3 Long Short-Term Memory(LSTM)S ©]8-3F RNN F@3} v|walgict, 747k 7] A5 o
gk wztel] s BiRNNASAl REe] st gehart 242 70.8%/61.2%1% it @abF 242 0.285/0.445-%
BiRNN Hdlo] th2 Rdrt}t £ A% Holtt 4% 9g yehl= temporal decay factors 28310 24
BiRNN 7|}jo] A% 31o] Aojds= Eﬂ' deol 71E ET 9et 2o wdkdn

SMAL20] : 98 RNN, BRITS, RNN, A5 ®H7E SST, ¥552

Abstract : The data of the missing section among the vertex surface sea temperature observation data was
imputed using the Bidirectional Recurrent Neural Network(BiRNN). Among artificial intelligence techniques,
Recurrent Neural Networks (RNNs), which are commonly used for time series data, only estimate in the direction
of time flow or in the reverse direction to the missing estimation position, so the estimation performance is poor in
the long-term missing section. On the other hand, in this study, estimation performance can be improved even for
long-term missing data by estimating in both directions before and after the missing section. Also, by using all
available data around the observation point (sea surface temperature, temperature, wind field, atmospheric pres-
sure, humidity), the imputation performance was further improved by estimating the imputation data from these
correlations together. For performance verification, a statistical model, Multivariate Imputation by Chained Equa-
tions (MICE), a machine learning-based Random Forest model, and an RNN model using Long Short-Term Mem-
ory (LSTM) were compared. For imputation of long-term missing for 7 days, the average accuracy of the BiIRNN/
statistical models is 70.8%/61.2%, respectively, and the average error is 0.28 degrees/0.44 degrees, respectively, so
the BiRNN model performs better than other models. By applying a temporal decay factor representing the miss-
ing pattern, it is judged that the BiRNN technique has better imputation performance than the existing method as
the missing section becomes longer.

Keywords : bidirectional RNN, BRITS, RNN, data imputation, SST, sea surface temperature
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+ "lo] 9l MICE €185 thispe] 2= tojg] 1
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7} B Z-5-oll= dlolE Ao WS HITthH(Van and
Oudshoorn, 1999). %351 Hlo]E] 413} A= dloJE & Hib
sk ufl 3 3H(clusteringy’} S 23FA|WE, MICE &ale]lES A}
FOE 3NE A o] witel HR SA1E 1S}
Zo] T3 (Azur et al., 2011).
QA2 o] &3t A= vlo|E] Bk WaldlE gEAos
71A18k5 714Ee] Random Forest(RF) 213 Wi 7]4k9]
RNNs7} @It} RF 222 H|o|E| & data set forest= 73 A
7171 $18 2= dlolel & Abdell Ritstkar dHlole ] &+ A
2 & AHEste] Bike dolE®E Ydlo]E $rk(Tang and
Ishwaran, 2017). W F-4 02 Wil AS5H o7/ F45%S A
FeAIRE, AAIEe] AR ARE A7 (Feng and
Narayanan, 2019). Z<Foll= dlo]g] 7|9F 2l Hejd W
2102 AJAIYE tlo]E]E h53lal It RNNS AJAIE ]
olf] g5 FYelA s £ o5 595 Al THLipton
et al., 2016). Thh, A[R27F A7 AJ7E 2EA 0] & A5l
= o] SEEA 48 % THSuo et al., 2019). X,
oA o & AAIY HlolElS] VIRlo] W= Y] F5ES T
&k = AT 7187] A W ZF(vanishing and exploding
gradient) ZA|Z Q18] &¥l8 o2 3 4= gl A7) Bt
(Kim and Chi, 2018).
4™ == (Sea Surface Temperature, SST) H|°]E{ = 7]
st 9 BRUEE, £ 1 5 vhekst AT FokelA F
tolBl 2 &85 AT S gv)e] o4y 5
F= 2 P o= Qe Wsh= A5 oyt st
$7F Atk SSTE] A5 Hloly WA FA1A] 2]
A58 o] 43+ kAl o] A7} A gt B4 vkl
B wpa o Iy gl 7|95 o 535H7] 91§ K-Nearest
Neighbor(KNN) 2-172]53} MICE o]-&3to] 43k
(Worku et al., 2018) A7+5°] 31t} McNeil and Chirtkiatsakul
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variable T I
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O >~
T o‘ﬁ

A AP EI)EE ol&sto] SST 25 dvlolHE HAkeh o
T-olth
FHZoll= leAleS ©l8381e] SST A= vlojEE Bt
St A77F F&¥E2 Yk Yang et al.(2021)2 Tidal
level ©1537] 91814 DNN 2118|502 SST A5 H|o]
BE R8T WAl 211 (Machine leaning) &lE]5S ©]
£k SST A= dloly Bt 7HS vk B9 vlashs
T5 &= 31 vk (Mohebzadeh et al.(2021)). Z&1}, SST
A% dolE] H7hE 93 W WAE FolA ATABE o]
43l= 3= B 0}1:].
o Aol = SST ¢
A5 ol EAIE AaaAE ols thae
(correlated multivariate time series data)E 2| & = Q&
Bidirectional Recurrent Imputation for Time Series(BRITS)
£ o]g3te] Hiksh= 7S AlQksith BRITS 22 A4
AAIR Ge] T dlolE ol whgsh 9lo)e] A= 71e] 3
H3} Fdol& 283 = Qli= AR 4] A5 (temporal decay
@%0}0% ASgke] dol7b dole 4 e =
7o) Stk 23ellM = A diolHE Hilshe
‘*‘%O NS Arg gttt 38l = 2= HlolelE ®ikst
10H0P7l H’fﬂ BiRNNS] ¢are]ga Argditt. 4
& Uehl= HF Adet A s

1= d)o]E|of|A] UXFA o7 WAlEh=
AIA EloE]

O

2. 4% H7t ol
AAE HolEoA A5H TASHS A glshs thkst Wy
o] QIt}. MICEE thisF th& Bito] 71s3kar, HlolE 7]
vt 2 dlo] A} decision treeE 7]HFO. 2 3} Random Forest
2EE Qlth 2 ATellx= o] 257 BRITS ZE2] A
& vl
Xe e X7 o~ Xg e X9

regression ,:' ','
layer ',' ’,'
1 ]
I I I ! T ] T i N
1 1 1
recurrent i h3 h4 § hs ':_V h6 II" h7 l' h7 o
; ) i I i
By 1y hy <t he
/ / /
complement xg xi xg‘ & xg & x; & xg
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value \ Y )

Fig. 1. BRITS model architecture.
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BRITSE= ©JH 7P &=

thH<= Bidirectional RNN2- ©]-82

FQ glo] AE3EE B7Himputation)
she mElRA, ASEHS BT RNNS MR 5, 3
Hksky}l odn)el R FoflaA X AFE 727 E A7) wjFel 4=

e o AF F9E 5 ek o2 e B A5
& AT 5 Y, vIHY FALE AFES] DS 2

HEs}skok(Cao et al., 2018).

Fig. 1914 W3 45 B, 454 x7F 25 x,

[ =2

o 4 3, ke AHESI0] BhE HolE S Tat, ol

L A58k x°l W wi7bA] Igo] RbEEn shue]
Fownk o] 3ol WP ©
|4 output layerellA] Hold 45 7]-27](Gradient)’} 24
o ZopA|= @ite] e 5= gt
of Jelo|E}F A= HA] obof H Ao ndls 2 4§l
+ 7171 A% (vanishing gradient) A7} WAE 7ksAd o]

27) wiel oo R FHE drk el A%k

° A 3H(backpropagation) 2}

ol Q& 7IEAlE

x0) WA x 2 HE F
x7F U2 wi7kA] HkEsic), o2l A
o #= %

8 F5T2 A= vlojE wit

oty A5 HAF

3.1 IO
7V elA Alss
A7) dlolH ellA )
5, I, A, 7HIhE] &, 71, 71, F
5 HlolHE g5 dlolH® 2833t Fig 2
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Fig. 2. Meteorological Agency data measurement location (from https://data.kma.go.kr). Number in parentheses: number of measuring point.

Table 1. Data type and duration of points applied to training

Measurement Station Trainine Data Lat Lon Time Period
Tool Name & ’ & Gap (year)
. SST, Temperature,
L‘g}:\;};‘“e Seosudo Wind Speed, Pressure, 37.325 126393
Wind Direction, Humidity
. SST, Temperature,
ng}:\;}s use Gadaeam Wind Speed, Pressure, 36.77 125.977
Wind Direction, Humidity
Ocean Data SST, Temperature,
Buo Deokjeokdo Wind Speed, Pressure, 37.236 126.019
Y Wind Direction, Humidity 2016
1 hour ~
SST, Temperature,
OC?;I:OData Incheon Wind Speed, Pressure, - - 2018
B Wind Direction, Humidity
Coastal Wave ljakdo SST 37.165 126.206
Buoy
Coastal Wave Jawoldo SST - -
Buoy
Coastal Wave Pungdo SST 37.158 126.41
Buoy

VAR AT, 7]

s

44,2022\ 49 49 579, 2022\ 4 59 S, https://data.kma.go.kr/emmn/main.do
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Table 2. Training data set structure

Total Count of

Count of Missing Missing Data

Data Set Missing Data Data Percentage (%)
All 1,420,416 30,425 2.14
Deokjeokdo (22101) 184,128 1,992 1.08
Ijakdo (22461) 26,304 1,950 741
Jawoldo (22472) 26,304 1,238 4.71
Pungdo (22470) 26,304 1,087 4.13
Incheon (22185) 184,128 9,105 4.94
Seosudo (955) 184,128 3,617 1.96
Gadaeam (956) 157,824 11,436 7.25
& & &S NN e@é‘ &S - NS Q@é‘ o - . S - )
& i@‘éii‘éi\“b ‘31\(9\3‘*@?‘@(\ 3‘\\&&\ ! é’zéi’;’é 1\@6 f<x\*‘°?@°° \‘&‘;\b\.@\cé(i”‘é Z\b 'f’&ié? \(\6‘5\\){\ ‘3&:@"\ ?;@&Q;é?é:b '3&; > \(\o?‘\ (\?&H @"\d\(?‘&\
U SR R R R R LR L - S R L R L L LS S I T P T S
\'0?‘ *",’\? i‘\:“h {_‘;}'\ i’\:‘:\' \‘{‘:\ \‘i‘"\v \,‘:‘:\- \""\} \‘\’}‘\' *";’\"\v \“j“\' \‘_‘,}'\ \“:\“\ \’\‘,‘:\« \‘o"\' Q‘(}‘\' \q(,;') {O;"", \q{,,‘) (Q"", i")"’h iq(,;') \94") iq(,;o \Q"Q iq‘,h *qo)‘o \Q"’b {Q"’%

26304

Fig. 3. Training data missing interval distribution Gray: Interval with observation data, White: Interval with missing data Horizontal axis: 7

points 30 data, Vertical axis: 2016-2018 time unit.

S5 A okobA] Bh5 HlolE o] 48381 kit o] 2 e, 2}
45, TE ARE 72 vlolet AlFsta vt

Table 2:= Sl H|o|E| A|EQ] F-xo|t) ¥4 AE
HZ wghe JuE A8sieith HlOlEi A=) €]
1,420,41670°]31, A5 HlolH 7l 3042572 AA A5
dlolE Bl&2 2.14%°]t} YA = %3 (22101)0lA AS0]
7 AA wAsl AL, o] A X7 (22461)ll4 ASo] 71
o] HAYsHA T

Fig. 3014 A k5 dlo]e] AEA A5kl Sl +
7t A=H P0S matrix® E33FACE 7FEE S 77 A
2 3070 dlojEfola, AlZHE 37k AIFkS] Jlg=o|t}. 3
AL *E‘i%M N o)A, Cﬂc*ﬁ% A5 ook A
& 71 99% o’dolaL, 10Y o]
A A% AS TR 0.02%0 lE} o] 7 7\ ?7&2— A £l s}
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Table 3. Change time data to data consisting of 1 and 0
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3.2 HIO[E{Al M 2]
3.2.1 01/ dlo|E AA
PSR o FS A5 2507 s 4 9l &
AtelM= ASRE th7] whitel] 5ol ARR 77 A
to|Ejol| A W&k o] A=) Ho]E]= Kim et al.(2021)2]
A5 Fxsto] BASITE o HolelE g5A7]= o
T SERIFTUE &&3to] oS vlolEE BAsh=
]@ o7 Ezﬁg].oﬂq.
7N E 45 55 0°5 7|F 02 AAER 0~

=

Time time 1 time 2 time 3 time 4 time 23 time 24
2016-01-01 00:00 1 0 0 0 0
2016-01-01 01:00 0 1 0 0 0
2016-01-01 02:00 0 0 0 0 0
2018-12-31 22:00 0 0 0 1 0
2018-12-31 23:00 0 0 0 0 1
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Observations T

m mz | m; myu ms meg
1 1 0 1 0 1 a=1
1 0 0 0 1 1 a=2
1 1 0 0 1 1 d=3

Fig. 4. Example of multivariate time series data with missing values.

360707 A ¥} Fqo] 360°4 1°2, = %914 360°
2 vl 739 A FEe] WA R} x4 WA FHol
A A7) vl AA W7 F& B shgel 283 7t
ATt whbA] F3F vlolelE A wHaiA| 2] HE (SAE ()

I FET(v)E HEkekelTh

 ATeA A8 713 HlolE = BT AIAIEA o]
Elo| B2 AJke] s5o] ko] Aol & JEE F 5 3
t}. SST2] EAAF Hlo|E] 9 ‘ﬂ@i}ﬂ Z} AIZH dlolE 9f 2
Aol Qo R A7k WA %5 AAsHAl vHEHA] 8
& dlolE7t 574 Alxke] ﬂlOlEi%% otk 7 QIEF AIRE
tlolElE 13} 002 o]Fofxl tloJE| & AYAJste] sh45 Hlo]
B ol F7}8F3 thH(Table 3).

3.2.2 84 to]g AAF

g5 dlofEl= U e5S 2l8iA] forward} backward
Are] Aol T4 T A5 hevals)sh A5gE 48
S $138t masking(mask), 25 #E 24-& {3t A7 =4
(deltas), @z%): H71E 913t evaluation(eval masks), H|©|E]
AES] 7+ 55 /3 2H3s7] 213 labels(labels)Z T
AHtt}. o] Hlo]E&2 standardization ZHY-S A3 4] JSON
g g2l o 7 AAEch

SSTE] AAIE dlofe= AR A= BEE T=(4, 1, ...,
1,)°12L, o7 nRl X2 SEAIFITE W 2helo] w1 xe] vhi
7 A7 A (multivariate time series)<: X = (X, , X, --» X, | Y e
R""oltt, o17]A, x, = XO] 1A ﬂ»:,%}ob_ X x, 9
JjHAA ol

X2] 4= dl°]E|:= masking matrlx Me R 2 &%)
01714, M; = 1> time series x" | Ho|E}7} EAITES e}

Wi, M) =02 time series x] ©f HloJE7} §l= ASUS
CFERIITH (1),
m;i:{ 0 ifx;] is observed (1)
1 otherwise

AAD gl A5 HlolE o] ARE

=AE 2] f1El

3 B2 A2 dole] Bk 113

Time Series Data X
X1 X2 X3 X4 X5 X¢
8.7 8.9 / 8.8 / 89 d=7
-0.24 / / / 0.09 | -1.52 d=2

229 | 229 / / 224 | 224 d=3

Time Gaps &
6 6> 6; 64 6s bs
1 1 2 1 2 d=1
1 2 3 4 1 =2
0 1 1 2 3 1 d=3

A A2 A wkA S ARH - DRE AZE 7] 22l 23
N A4 AT

s,— 8, 8, ifr>1, M, =0
J
9, = S, — 8,4 itr>1, M, =1 )
0 ifr=0

A this A X
ARE £ E B

Fig. 4= X7F =4 19} Ad=3ko) xS
o] th3t masking matrix®} A5 Hlo]E
+t}.

3.2.3 Standardization

AR ERR)7} 2fo] 7k v 2kg.0] A vlwsh] ofHar &
F 5ol Wolx)7] whitel Y slsh= Aol A aslt. skgol
AR glo)ElQl SST9F 7]&, 719, Fak 5o o w =
gk HI9IE & xfol7k Qlomw, ghe] WelE vlsshA
TH=7] $I8liA] Standardization®] 2 231t} Standardization=
Z} dlolHgo] A} Qe it 7o E HolHE
EA7 = A ERoltt. 54 Wl9lol FaEskA] = AR, dlo]

B €] kA 0] ZH AR THA(3)).

Xy = 2= X G)

o

33 ¢a2|E
7P3elA Alwshs 671 lolHEe] A= Az ¢
Thuncorrelated) 2l 7183kl A A D7Ge] dlolH & A3k

(unidirectional) © =Wt 748 & -9, 2(4)9} o] 2dT

T AN, ASgke] glow A Arts F3E |l
th 2(5)eh 2ol wekel HolHE #838kaL, A6l 2=
= &, 2 tiAlste] Beke doly x & ?3}‘3} AALY

oM A5 dHE W‘EMV ] 18l temporal decay factors
AGHA (7). 1831, A SHYEE 7o R
o] ths AHiE ]*—TJ‘;}(&}(S)). o] I ellA 21 (9)ell &l
7 eaks Attt
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t,=o(Wyh,_, + Ux,+ b)) @
x,=Wh,_, +b, 5)
x; = m,0x,+ (1 - m,)OXx, (6)
7, = exp — max(0, W,5,+ b,) @)

h,= o(W,[h,_ 08 + Ujlx{>m,] + b,) ®)

A& (unidirectional) 0. 27 42 st H¢- 2F XA
(error delay)°] HAsHA FH k= Al7ke] Z o)A 1L, bias
exploding A7} ¥ S tH(Bengio et al., 2015). ©] A&
ekslslr] QlaliA =rak) oW BaellA 48 Felstod
ek (bidirectional) 0 2 g3 BEdlS FABICE 2 (4)0]
,\1 Al (9)7]]—X] /\HLtfk-l]. Oitﬂ—s‘t _i 71—7]— /\ng‘]—]:]- A (5)01] ,]
4 ko & W7k dlolE (7, %, %, ..., 215 oL, &
o2 BZF oIy (&), &, &5, ..o, X3 E TTE AHAE]

R HolHE £, 9 1 9 Jﬂ?%):O]U]-(Cao et al., 2018).

Jar, thAsE Sk “o“ﬁ'j oS SHME
W R U2 A5S AAd3EZMiller and Kim, 2021),

3l
s
HE W

W2 Bl

R SHoNE 25 :rL to] 2 75 o sk Whiol o
U2 A5S Hlth(Junger and Leon, 2015). & Ao =
R A =ol7] SlslA 717 ollA Alsshe 67F4] Hlo]
EEo] MZ 4AdA7 Q=S 451 Th

34 28 FHIt U

2 A= 2 (9)7 o] RMSES AMEske] B3 ol
S5 H7keth RMSE= ol/dstell st @7¢ke] ei=ro] 7
7] w2 o dgkel disiA 2 Wgdsivhs ARle] ok

RMSE:/\/ Z( obs,i pred z) (9)

I AAE Brrel] QIeiA 2 mele] A5kt A5kl
Pearson Correlation Coefficient(PCC)E A&-5lo] E2lo] A
s B7ITh PCCE ISR HRAS ek o
’J37H2-A (bivariate correlation analysis)ol|A] H3H 4 0% o] &
HoH2(10)).

IR R I
XoF 7 A7 Wete A% we@A weai

S -DH-D
MO S TE N i

4.4 1

nds o] gsle] 7} U‘*‘EJ AZgk B3 A eS vl sk
v}, 1] 3, BRITS type2] E ¢l RITS-I, BRITS-I, RITS
FYx BRITS 2493} v watsich

RITS-1 B && A2 7F 35
RNN Edlojr}, 4 A= dloly
o] Q= AIF7IA] A E]o] Rdlo] 8] =¥l BRITS-
[ 222 AI7F 359 &gy} o
of &F Ad A ¢EAF vk RITS-I 223
BRITS-1 &2 sAle] S54¥ thE o
BAZY Y= 2o m(Cao et al., 2018), 3 Ao A= 2+
274 2] SST "lo]Ejgto =& sh5H ).
3t AeA SA4E ASE 77k XA elA =
S8k ¥k dlolelola, ¥A dlolE| e} 77k XVU *é
Sgkel Wt A5 dolelE 4% UthCao et al.,
2018). SSTE 71, ¥ 5 717312k Faks 7] wizell
(Cho et al., 2010; Qu et al., 2012) ¥ o] A8 77)
]z%/] H]O]E L= 3 3'_7}7<4 /\]7]&4 o7 /\11}_14.74]7]. oh:]. RITS
59y} BRITS 22 M2 A#dA7E e 770 #2139 6

7HA] "Hlole & 25 shgshks Edolt), RITS 2@ RITS-
[ 293} o] av}sko 7 Z=A5l= RNN 20| 1, BRITS
Bde ko 7 FA435k= VWS FUkst Rdo|t)

41 85 #Z21E H|w

2016355 20187HA] HlolH FollA A5 47k 7
S 2 deste] 5 B4 A124S Hetaxt 5]41:}. =74
A ok @—f— TR B Aes 71 F glors,
1 AE H7EE SlEiA 98 82 SST &= HlolH &
A 101E1 ZAE ASAIZITE SST A @? Tzl 3
© WA #AE s HolEE ASAE A5 #5379
o] goJEE ARSI B AdeS Y Yo Yz
A 570 dlolel= A5 dloly iE A8-sto] ks
th A5 TR 9% 3, A% 79S FARIE ddste] A
Sahs AAS &, 2elo] A7F v 1t HojE g} A

SRR nuskgitt

Fig. 59} Table 4= A5 7°3Fo] 74<1 wio] v T8>
9} PCC %! RMSE®|t}. RF B2} MICE F29] H7F to]
Bl - e A9 e thy-Ee] bel A ASakt & A
o]& HRQIth RITS 22 A5 ko] 24 Fit2 25
I xpo] glo] Wat - E Z whepgit) ARk, o
O Zut gkeEl= RNN Fdlo] Z£71o] &&= RITS Rd&
TRlo] AoArS A5 expt AA= Ao= 7
AlEITH BRITS B2 A5 1o oA & AS5gke] ws)
HE G ueprbas eake 7R Ao] v REEh U
¢ *‘S‘% EO]J— M]:]—-

Fig. 67} Table 5& A5 7°3to] 39Q1 wjo] v T
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Fig. 5. Comparison graph of observation data and imputation data (Deokjeokdo point). Missing section: 2017.11.09.~2017.11.15. (7 days)
black dotted line: observation data, green line:MICE, orange line:RF, blue line:RITS, red line:BRITS.
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Fig. 6. Comparison graph of observation data and imputation data (Deokjeokdo station). Missing section: 2016.11.11.~2016.11.13. (3 days)
black dotted line: observation data, green line:MICE, orange line:RF, blue line:RITS, red line:BRITS.

Table 4. Comparison of PCC and error rate between BRITS and Table 5. Comparison of PCC and error rate between BRITS and

other models (missing interval 7 days) other models (missing interval 3 days)
Deokjeokdo Station Deokjeokdo Station
Model  Missing Section: 2017.11.09.~2017.11.15. (7 days) Model  Missing Section: 2016.11.11.~2016.11.13. (3 days)
MICE RF RITS BRITS MICE RF RITS BRITS
PCC 0.734 0.861 0.796 0.923 PCC 0.553 0.543 0.633 0.821
RMSE 0.597 0.654 0.502 0.348 RMSE 0.239 0.329 0.282 0.149
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Fig. 7. Comparison graph of observation data and imputation data (Deokjeokdo station). Missing section: 2017.04.15.~2017.04.21. (7 days)
dotted black line: observation data, green line: RITS-I, orange line:BRITS-I, blue line:RITS, red line:BRITS.
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Fig. 8. Comparison graph of observation data and imputation data (Deokjeokdo station). Missing section: 2016.11.11.~2016.11.13. (3 days)
dotted black line: observation data, green line: RITS-I, orange line:BRITS-I, blue line:RITS, red line:BRITS.

Table 6. Comparison of PCC and error rate of BRITS type models Table 7. Comparison of PCC and error rate of BRITS type models

(missing interval 7 days) (missing interval 3 days)
Deokjeokdo Station Deokjeokdo Station
Model  Missing Section: 2017.04.15.~2017.04.21. (7 days) Model Missing Section: 2016.11.11.~2016.11.13. (3 day)
RITS-I BRITS-I RITS BRITS RITS-I BRITS-I RITS BRITS
PCC 0.479 0.720 0.790 0.795 PCC 0.350 0.573 0.633 0.821
RMSE 0.389 0.224 0.226 0.220 RMSE 0.324 0.313 0.282 0.149
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