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RNN-LSTM Based Soil Moisture Estimation Using Terra MODIS NDVI and LST
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ABSTRACT

This study is to estimate the spatial soil moisture using Terra MODIS (Moderate Resolution Imaging Spectroradiometer) satellite data and machine
learning technique. Using the 3 years (2015~2017) data of MODIS 16 days composite NDVI (Normalized Difference Vegetation Index) and daily Land
Surface Temperature (LST), ground measured precipitation and sunshine hour of KMA (Korea Meteorological Administration), the RDA (Rural
Development Administration) 10 cm~30 cm average TDR (Time Domain Reflectometry) measured soil moisture at 78 locations was tested. For daily
analysis, the missing values of MODIS LST by clouds were interpolated by conditional merging method using KMA surface temperature observation
data, and the 16 days NDVI was linearly interpolated to 1 day interval. By applying the RNN-LSTM (Recurrent Neural Network-Long Short Term
Memory) artificial neural network model, 70% of the total period was trained and the rest 30% period was verified. The results showed that the
coefficient of determination (R?), Root Mean Square Error (RMSE), and Nash-Sutcliffe Efficiency were 0.78, 2.76%, and 0.75 respectively. In average,
the clay soil moisture was estimated well comparing with the other soil types of silt, loam, and sand. This is because the clay has the intrinsic physical
property for having narrow range of soil moisture variation between field capacity and wilting point.
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EORRE e, B, )RR, SUARE BAR 4
Soll F& o (Barling et al., 1994; Joo et al., 2010)
Normalized Difference Vegetation Index (NDVI)€} Land
Surface Temperature (LST)% EF4=Eo| =& AlA-S 71X
1 Q= Ao g BAEQITE (Farrar et al., 1994; Gillies et al.,
1997, Narasimhan et al., 2005).
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Terra MODIS NDVI & LST Xt=Z2F RNN-LSTMS EE%t EU4+E AN

H, ulo]Z 21} AMSR-E (Advanced Microwave Scanning
Radiometer) 1/d& ©]-8-3ll 8EH 99 ESrEA=Y] A
THIEAS AAIRE B §lom (Kim and Kim, 2011), 3734
T5 WAsk] flal AHHaeF AMSR2 /ol 387
& AABYI (Kim et al, 20172), AT BSARE o}
oAU ol AMSR2 ARE APAIslsIoict (Wang e
al., 2009; Kim and Hogue, 2011). 4] 7|®H-& 0]&3F EQ
E AR 9] 72, Moderate Resolution Imaging Spectroradiometer
(MODIS) NDVI, S $1491 Helere] A¥-ew=et Muli
Linear Regression (MLR)S ©]-85}0] EOFE-S AASE v)
9lom (Lee et al, 2017), YAARE Z|3t MODISQ]
NDVI, LST At&9} MLR-S- o]-835t B Eof5 3] 4
4k (Jung et al., 2017) 2 MODIS 282 o] 83l Eofk
B3 % ZHJo| It} (Hutchinson et al., 2006). o] =<
oA AFIARE o8l B AP} oIS5S 2ldl
FA 71, AR HEA, HAlY, A (Artificial
Neural Network, ANN) 5= 2-§-5h= 157} 25| 13 &
olt} (Park and Kim, 2011; Kim et al., 2017b).

B A AL 71E APATA AREEE 030~0.76 (RY).
0.46%~12.21% (RMSE)®] Z712 5ol MLRE 7J413}7] <]
sto] AA AR EA4of E3FE 8417 (Recurrent Neural
Network, RNN)of|A] 7] &}&/4d A7} E2HE Long Short
Term Memory model (LSTM)& MODIS NDVI, LST z}=2}
7VA R Agdl Eite Abdetarat gtk

1. 2 U

H H3Lof A= Python 2}o]| 22 E] TensorflowE 7|HEC.Z
3F RNN-LSTMZ o]-&-3f| EFiAYS dareEs /st

Aok dEARE 20159 ~20179 9] 2 TSAR (B,
A& Rl

25, dRAIHE SAHEES| ARSI o, A4
229} E2l3t 7]7ke] MODIS $]412] NDVI, LSTE 1 day,

 km =R T30k Elolg Y] S, 25

1. $140|0|E] — NDVI, LST

NDVI= 2] 9419] HhAkg: 2ol o] &5t AAT=
27 w9l 2o BE Ei AW EE Gehit (Wan
et al., 2004). MODIS NDVI product®] 79 %2 u}Al o]
F ARE B85 ol th719) o] FaxgtEof A
FHE] AT ThE A QAFETE ot Eofl &3t 4
29| Bh3-& aatA 0 2 HhE= 40| Qlrt (Huete et al,
1999). MODIS NDVI Product:= 250 m~1,000 m2] 3-71s[jAF
£, 162~ ©9l9] ARHHRIER F4IEIo] AFIC, NDVI
= A4 GHA Y] HEARE (RNIR)ZF 7HA1SEA el
Xui3pe] WAt (RRED)S] Wi}z AHeich (Eq. 1)

Ryp— R,
NDVT = i RED
By + Bppp

()

NDVI€| gt -1.0014 1.09] HLIE 7AW, &, & 759
ZAfols g2 Eebekarl Qlo] A 949 vhARgho] Yot
0 TREe] 5= gh, AAYO) gl UAI9] 79 A efet A
Fe] vlgo| A9 ot 00f] 77k gk, YTt =2 A8
o2 A L] 9] HhARgLo] HluA =of 0.3~0.89] o Gt
7HxItt

LSTE: XEHELE 2EF MODIS LSTQ 7% 124
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Fig. 1 LSTM soil moisture estimation flow chart
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Thermal Infrared (TIR) & Z QA tjH 9] HI=E o]&3] Eq.
(2~4), Generalized Split-Window (GSW) ¢'118]&, E4) 3|9
HA o g2 AP ET) (Wan and Dozier, 1996; Wang, 1999).

7, + 1,
T = C (A, + A,— =+ 4, —) 312 2 )
T, — 1,
+(B+B,2¢ +B—) 3 5 2
€= (e +e)/2 (€)
Ae=ey — ey @

AR o] B o]e} L2 o] {7 Bl FHIE Tt
A3 5o wE 7hre "AIshE s do] de

Qlt} (Park, 2003; Wan et al., 2004).

NDVI2t LSTAIRE &8317] 98l Land Processes
Distributed Active Archive Center (LPDAAC, https:/Ipdaac.
usgs.gov/) oAl Al-g-8k= MOD13Q1 16Y 7+2 9] 250 m 37+
A= NDVIE 1= & resampleE: ©]-&-3] A =S 1,000
m= FAsIAoH, LSTARS} ARIYES LAA7]7]
) A7 B AAEE YA Fig 2a). LSTY

39 MODI11A1 1¥ 7H42] 1,000 m 27T A2E 714
3 AEEL A LTS TR O A83) 5
2ol o3t glolH 9] et ASE HASISI (Fig. 2(b)).

1714 Ty, Ts= MODIS 311 320 RHEO] W7] 212 €y, 2R 71ROkl A= APS flal ARSEISL
€3,= MODIS 311 321 wl=9] % ¥R, 183 C, 4, g 7oz Foluut A=A éxé% et 215
As, A5, By, By, 12|13 By= 3]7) Algo|t). LST: & ®ap S8 &S okt AREn A4 44 Alwe
U R|oko] B3] Wiie] A|FEe] 2B AFEE ulodshe  AE FATA AT Wl 297 (Kngmg)ﬂt'dﬁi T

P AEE Aare?
o RN o N < £ 1 e
B B oA B A
o : o STl e N
',\"‘_ & -,\' =3 -{‘-9 i
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(b) Conditional merged LST (°C)

Fig. 2 Terra MODIS data
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Terra MODIS NDVI & LST Xt=Z2F RNN-LSTMS EE%t EU4+E AN

Kl
e
%
ofl

Amo} AR Rle] WAE o)) wr} &

AlAol F7RlRE AJAKSIH} (Kim and Jung, 2016). & &30
A 027 1A B2 AN S8 AR SRS T
ZHE328}31 MODIS LSTX}EiTH AL A -1 A
Sh AHelMo] LSTS S&0ka 328 A4 gomye 2
2 71 o)) B AN 1 5 S 4
ASIL, APPE RN A4 LST A28 48] AEH0
2 2% AgE §1 LSTARS A4

;La-‘:— itk of £ A2 dolele] 23 EAfah
A& AlJetar 787040 AkmE ARE-SHYITE (Table 1). &
FrE AaE X485 (Volumetric Water Content) T
+ TDRPA 2 ZA =] om ZF 10 em@} 30 cm Z]0] 9]
FEARRZ 1 AZ AR AR O R EYeE
o] APYJH}. Fig 3 25 AAH 187142 IR K}

Table 1 Soil moisture observation points location information

E 674 (OM: ©u]%E, PB: Z3HA B HJ: A%, AH
Qrallel, SY: Aol CI: Helol dia) 2E Eopra)
22 wAF Aol

3. RNN — LSTM

71485 (Machine learning)2- Q15 A15-9] g #ok=, 4
FE7FHOlEE S 4 =S she darelsyt wE V)
S5 Uk st=gofo] W] wet RE Zopo| A 9]

ol &g 7Fs/dS woiFal Slok Al Sy
©S=2Z+= ANN, DNN (Deep Neural Network), RNN, CNN
(Convolutional Neural Network), RBM (Restricted Boltzmann
Machine) 5©] it}

©17]4] RNNE AloflA] Qleighe wop si53}
ol the: 2:lolA) Th) Qleiglo] Bl 4ok
AT 3 B2 LUAZ DAl Hole
&8 A Aot SAALE, 4], 74k o
7= AIAIE dolEollA 943t Ao Hol= &
t} (Fig. 4(a)). 53] AJAIE Ao Qlof wh=a Fetet o)
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Location Latitude Longitude A.D.H

Location Latitude Longitude A.D.

BGS 35.21 128.96 BS PB 36.11
NI 36.59 127 .51 CB GP 37.85
BY 37.16 128.18 CB GJ2 37.82
Sy 36,91 127.76 CB DW 37.25
SC 36.21 127.72 CB BD 37.22
oC 36.72 127.47 CB SR 37.3
0oC2 36.3 127.6 CB YP 37.51
JC 36.85 127.43 CB JR 37.27
HD2 36.62 127.42 CB Cl 37.17
GA 36.26 126.84 CN GJ 34.86
DM 36.26 127.28 CN GC 35.67
SA 36.74 126.81 CN GS 34.99
YC 36.83 126.97 CN GD 349
CcY 36.43 126.8 CN DJ 35.55
TA 36.73 126.31 CN SN 35.45
HS 36.6 126.58 CN YH 35.04
DG 35,91 128.25 GB JR 35.08
MH 36.92 129.38 GB CJ 35.21
BG 36.57 129.4 GB GG 37.53
SP 37.05 129 GB GNM 37.34
S8 36.23 128.29 GB GD2 37.38
AJ 36.85 128,56 GB DP 38.17
YM 36.04 128.38 GB BP 37.49
YC2 36.68 128.46 GB YM2 37.38
oM 35.99 128.93 GB YY 37.17
Ji 35.82 128.81 GB IJ 38.06
CS 36.45 128.17 GB JB 37.67

Location Latitude Longitude AD.
129,31 GB HD 37.71 127.86 GW
127.5 GG HC2 38.11 127.7 GW
126.97 GG HJ 37.16 128.98 GW
126.59 GG HR 38.18 128.08 GW
126.95 GG HU 37.3 127.92 GW
126.84 GG MJ 36.01 127.68 JB
127.51 GG BR 35.75 126.85 JB
127.43 GG YB 36.43 127.44 JB
127.3 GG Js2 35.62 127.51 JB
128.58 GN Jw 35.62 126.9 JB
127.92 GN JA 35.76 127.44 JB
128.33 GN GR 35.2 127.46 JN
128.41 GN GN 34.51 126.3 JN
128.48 GN GS2 35.28 126.47 JN
128.76 GN DJ 34,83 126.67 JN
128.07 GN AH 34.9 126.34 JN
127.77 GN oG 35.27 127.3 JN
128.12 GN (oo 34.58 126.65 JN
127.96 GW JS 35.32 126.8 JN
129.01 GW JRDA 35.02 126.83 JN
129,23 GW JS3 34,79 127.65 JN
128.6 GW HG 35.05 126.54 JN
129.12 GW HC 34.97 127.07 IN
128.4 GW HG 35.03 126.45 IN
128.48 GW
128.17 GW
128.59 GW

[a] Administrative district: BS (Busan), CB (Chungcheongbuk—do), CN (Chungcheongnam—do), GB (Gyungsanbuk—do),
GG (Gyeonggi—do), GN (Gyungsannam—do), GW (Gangwon—do), JB (Jeollabuk—do), JN (Jeollanam—do).
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Fig. 3 10~30 cm Soil moisture monitoring station (6 points)
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Fig. 4 Machine learning structure (Gers et al., 2002)
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Terra MODIS NDVI % LST Xt=Z2t RNN-LSTMS EE%t EUY4E

rx
o

A& 1A Al oleiat Aol Bl Qe
A SeEeE HEs Ager 7187 44
(Vanishing gradient)o]] w2 &h59] A5} 4 E7}, & &%
Asp7t HAYSHA| Flek olefet 7] &l tigt wAIE S
Asl7] 913 RNNof LSTM 28 = lsteick

LSTML 7] RNN Cello]] & Al°|E (input gate), U2}
o] E (forget gate), =8 7|°]E (output gate)7} =7} 2
oft} (Fig. 4(b)). 91714 Y= Alo|E+= sigmoid 315 0|89
ol AoflA Eol2 g hZ wotsel= AEE, W2 Aol
S dgnoidshunh §--5% o1 o1 1e) 5ok o
opLt 7WQX] =9 AlolE -‘E dS o] Eskal wpx|ef
sigmoid ¥} Al AH|0|E FHAVE tanh o 013311 o
o} 2 EﬂﬂX]E AA3} (Shm et al., 2017). o]2J3t L%
ol HHEE Skl WAskE 71e7] 2ERAE OHQOPL
7] OEAE 98 2= 9l (Gers et al, 2002) HofLoj|A]
+ LSTME AREs}7] Qi 71AIss2) Helds f1s -2l
A Hj3Z3}= Python TensorFlowE ARE-5}$iT]

Bl

2= (NDVI, LST, QzA7k 7
=%, BEge) M, sgRe (T’%— gD VS AR
9| 4= Lee et al. (2017)9) A3§dA+2

al. (2017)2 Stepwise WS o8-
NDVI, LST, QEJZ\_/\]{}, 59 l-/\aoh_ %2} Ae3te] 3|9

off 7P Al dF=E = IS =T 23 Be
Eara § gdted 71y FE U298 U 3

2k uF e AP FaEEE Y] S5 Vet
LSTM Python @-ZAA 2ho]H 2] Tensorflows ©|-85}0]
29l on 242 (Hidden Layer)2] 7i4~= 107}, vjX| =

o
2
lo
0
o 2
N
_)L
o2
1%
FE

L ]
= * JRTTTIIITTT YT Lo

RMSE (%)
L]
L]
.

0 5000 10000 15000 20000 25000 30000 35000 40000 45000 50000
Learning Iteration

(a)

7] (Sequence length)= 5, 3+5 A0 A F = HAAFEL
A} (Root Mean Square Error, RMSE)E %] 2]3} ®FHH-2 2| 3%.9]
a7t wE AdamOptimizerE AMESFFL]E o 7] 4 v A]
21 BopR AS 99 sk AAY Aae] g
2 gho] 320 34 39700 ARE ol g3 sho] EeEE
VS efolaick 2 Apolaie] A 7l Al

2 B2 MREIREEAS Defe] 919 SUR ARl
T} (Jung et al., 2017).

PVABHe] A A 1 FR SA Sl 3t
%3157} et 2 7%, T4 Overfiting) 2417 2
sl ek 2 Aol TAT BAS WA Sl st

ofl g5l7] QA BEAs] BAo] 1 £ Hle] HelE
(Fig S(@)%h P 3749] 291 (Fig S)el elste] o151
o] w2 RMSE W35 2415H3{th 1,0008]5-8 50,0008] 5t
Ta AABIRAL A darE|Ee 20M= STt
20,0003] o)} Hol7pA HH ShsAbEe] BHA{gto] Ueht 4
21| RMSE7} S71shs A& Slskqin): wheha, 2 A
TollM= A 7871 Aol Histe], FL71%E (2015.01.01.~
2017.02.03.)1 20,000 h5A)F k.

1?/]? =5 Zﬂ%ﬂ@l EdraAmE st EgaE
A Bl AEgrol 1y
H LST, AgHzte = A/dE 4 NDVI, =AY 244
22 24319t} LSTM walol 1e4 B2 o5 AR
2= (coefficient of determination, R?), RMSE, NSE =& &84

A4 (Nash-Sutcliffe Efficiency, NSE)Z H| W3} c}. o 7] A
R’ NSEQ] Ao 10 77k&2~2, RMSEQ] A< 00 717k
SE2 AZz79 AR zlo] 28 AMHMAS 7RIS ojn|slith
Table 2= S0l E1S o} 5] 5148 LSTM Shel2e 2t

0 5000 10000 15000 20000 25000 30000 35000 40000 45000 50000
Learning Iteration

(b)

Fig. 5 RMSE change according to learning iteration
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Table 2 Validation results for estimated soil moisture

LOC R NSE RMSE Type | LOC R? NSE RMSE Type | LOC R? NSE RMSE Type
GP 083 08 177 Clay | SN 0.86 084 128 Silt JW 08 083 209 Sand
GJ 059 057 621 Sand | SR 082 08 234  Silt JS3 082 082 238 Loam
GC 070 065 317 Silt SP 078 077 263 Sand | JR 070 067 292  Silt
GS 071 068 41 Silt SS 069 064 273 Loam | JB 0.89 088 213 Loam
GG 080 079 332  Silt Sy 053 053 433 Sand | JA 070 066 437  Silt
GD 068 063 537 Lloam | SA 078 074 254  Silt cJ 077 077 256 Sand
GJ2 064 064 370 Loam | SC 075 074 242 Loam | JC 080 071 232  Silt
GR 083 08 215 Silt AJ 081 080 238  Silt Cl 058 047 329  Sit
GN 077 075 304 Loam | AH 095 094 123 Sand | CY 077 073 285 Loam
GS2 084 084 233 Clay | YM 089 08 238 Lloam| CS 088 087 193 Sand

GNM 073 069 235 Sand | YP 070 068 286  Silt TA 0.87 084 328  Silt
GA 069 068 437 Lloam | YM2 087 085 270 Silt PB 093 093 183 Loam

GD2 088 087 147 Loam | YC 075 071 260  Silt HG 091 090 187 Clay
NI 086 084 245 Loam | YY 061 045 391 Silt HC 086 085 268 Loam
DW 064 061 358  Silt YC2 083 080 272 Silt HG 080 079 167 Silt
DG 080 069 289  Silt OG 080 079 245 Loam | HS 076 073 314 Clay
DJ 08 083 172 Clay | OM 097 096 121 Loam | HD 080 078 241 Silt
DP 073 070 202 loam | OC 08 084 217 Loam | HC2 084 082 209  Silt
DJ 08 082 260 Clay | 0OC2 078 075 388 Loam | HJ 038 034 585 Loam
DM 070 064 250  Silt OC2 083 08 249  Silt HR 069 068 487  Silt
MH 069 068 278 Silt YH 080 079 228 Sand | HD2 089 085 208  Sil
MJ 087 085 254  Silt YB 074 070 267 Silt HU 063 061 268 Sand
BG 076 073 308 Sand 1J 080 075 258 Loam | Clay 0.85 079 232
BD 089 087 192 Clay J 091 088 228 Loam | lLoam 078 077 277 ~
BY 067 018 491 Clay JS 090 089 176 Sand | St 076 071 280
BR 071 066 258 Sand | JS2 081 080 308 St | Sand 077 075 268
BGS 0.85 0.85 1.61 Loam JR 0.64 0.64 3.72 Loam
BP 085 084 211 it | JRDA 0.89 089 179 Sand | VG 078 075 276 B

w©
R?=0.9465

Prediction (%)

" Ri=0.3427

Prediction (%)

AH

2
Observation (%)

H)

Observation (%)

~ R?=0.9668

Prediction (%)

" R=0.5381

Prediction (%)

oM

PB

~ R?=0.9287
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cl

 R=0.5591

Prediction (%)

Observation (%) Observation (%)

Fig. 6 Soil moisture Validation scatter plot (Top 3 points, Low 3 points)
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Fig. 7 Soil moisture estimation results graph

3 AR o) el v F HOjsls Ao EA Y
etk Rhd sk} 37] AL 4ol (SY), BAlE (HI), AU+
(CD2] A% Z+7F R?, NSE, RMSE7} 242} 0.38~0.58, 0.34~
0.53, 3.29~5.85% WS Holv] AFWAES Ho|7|= sht
ghol dfl, 2 A= 97 wal e ohd 37 AHE
o ehs] 1o] HA| Fghs gelsltt (Fig. 6, Fig. 7(b)).

AL & ARIART sh91AIA 9 #Q?‘zﬂr‘—’l Zfolof A
ol Abm T, AF9] XA Q] A (Fig 7(a) SEEEe} A2
Hr=o] sfglo] fApsHAIRE 519 213 53], ﬂxli (HI) A1
o] AL BT AL EQkgE A=7ko] F& 20~30%2)
ol A RzskaL QAT HEE ol A= 10~25%9] ®9

o] sh7teh= e o] sk WS shsE ol
glEos A ghol AFdEe HdS uerhA] Fehe

T3, oA *JHXWEE} SRR ol
Z]9] =7} ot S5l e ol A% Aol =gt o}
A7 2y H Ao wohEc (Flg 7(b)).

E3, ESES BEY 7 &2 400 ek 1 efet

15} 5490] thEd) ofof thet AolE Ak Sl H54
WS EER #ARE A3 Clay7h 7H 98hA] Uehgte
o, Hjg5o] o5 &, E¢fo] B2 Hsto] vl
44 ”J%.@ A daeEe] Ag=rt #A UEhsth
(Table 2).
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