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B [E RIS AAE N — A, RGN A 28t fF, AN tfsC A 10

HiRE (%) Ak i \ i )
I (2013-20224F) , A4 Ji ECNMP_water_ExxxNyy.tif.

KRV RN EEARTR L — BREETFFZ KR HFR 6 (Sustainable
Development Goals 6, SDG 6) & Hi N A A& ACRIFA G A Ff 0t Hdb AT v Fp2 B, HOH AR 6.6
fR 3 2020 4, RIPAIRE 5KERES RS, GFF LM A B W, H 5K ZH0
Mo S FEAL T BT RHIX, KK B H BRI R R I B B 24 5 A . HEHR S R
(R AR I A4, X T 48 7 A X 3K B2 R AN /K BRI AR AIE A A AR A0 AT 9 ik < 55 8 Wi AR e
RRAEZE RN R o BT TEX I AR A R, 155 G B KA M 5 P1Aik sy T
Reo ZAT, BTSRRI, KA AR, TR gE /N, BTV OR A ARG
VNN & e Fieginni b SR S DA DY AN E P KR ] SR (PN 128

AT N9 2 DLKAR TR B E AR BOKAR IR 32 BT B 1996 4F, McFeeters F) FHRE AR 12860
B 5 IE e A B — iR i T A — b ZE KA FE 2L (Normalized Difference Water Index, NDWID) ,
FAN N Z AR H0nT DA i) 3RO B i ik F Tk KA R AR 5 B R0l SR K AR Y o AR A i it
B NDWI, ke NDWI $i5 8 I 20 Be B 4 N R A0 4, R ddt 1 —Flog i id T 4R B 3R X K
45 B FaE——ood 0 — 1 2= 5 /KR F5 80 (Modified Normalized Difference Water Index, MNDWI)
1, Gudina L. Feyisa % A4 | H 37K AR EUFESL (Automated Water Extraction Index, AWED) , #2
e A R I R RIS R T R 2 SR T, SRS LA T MNDWI Rl RAUSR 7327712
(31, H 23X L6 FH i Honf 7K A4 73 2R 0 TP VEAE AN [ 3 55 o BRMELAE AT €, B — R B 3 — Fa B AR X
CATESH /NI 1L B 5 46 XIS BONHER IR K AR 73 2R 45 R . B NBIRN TR e U5, REH
EAWHAIAC, Chen 25T T — R BRI N 4% (Convolutional Neural Networks, CNN)
FEI T H G XM 4 B30 T 3 S5 A ARt 32 B 7K AR (B S o Wk — A1 46 SR BRI H A ff 2R 5| 2
(Google Earth Engine, GEE) 1E 75 il /5 i 45 /R da Hu X T KAk 73 2856, R 2 Mok iR fe s &
FrIA) SNV ARG T2 X R kS BE AR G AT, IR 72 52 ol [ i A8 T It 4380 3 T PR o 2 A 42 1Y
28 [P 7K ARSI FE 2] 7 EAS ST 2019 AFTRIAL A AT B, Li S5O 56 52 vy vy Ji 1 Bl e it 4
XTIA KA AR EL 1) BRI 73 BN 715 DA AP 2 W 28 A R g AT XT B, 2t T 28D 2 BRI R
Pixel-based CNN 7KARSE IR AL . (B iy T3 FERBFR AR A, ZKARSRBUR IH LA RE L DX AT 55
NAEOE R, FEARINE 2 A JJARAE T, £ Z T 2ARE T RO K. &
RS K AAAT) 2 — AN HE

BEERITET 6 GEE 24t | RE GBI LGB, gt /i mdl, HARHAE TRk
TR AR R AT R ] X A R DR P . RE R ARIR BE S ) AR S R EAT], XN
i JE KA I SRR AL T R R T iRl o AR AR i I R P ()R P A bR 2 ST BRI AN
GEE &R E s S HF 6, SRAARRRE S 212, B E B8R H T GEE “F&, ff GEE A
PAPRIR H B4 R B SRR . R FZOT A 1 5 = R 2013-2022 4 Bt e K 70 A B 4R
X LE A A R ROEE I 78 2 77 14100, AR AR AR B A HR TR, REE AR A0 I 18] P 5 Rl (1]
(B A 1 AE BB 3« RV Rl KA = S R, AR S Ry 1 K X ST 7 BT 75 22 IR K A s S #ERE 7 o
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Figure 1 Data production flowchart
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Table 1 Data source

HHERIR 424 ®/ME - INI-H g Bk
Bl 1 65455 30m 0.435-0.451 um
B2 1 65455 30m 0.452-0.512 pm
B3 1 65455 30m 0.533-0.590 um
B4 1 65455 30m 0.636-0.673 um

Landsat 8
B5 1 65455 30m 0.851-0.879 um
B6 1 65455 30m 1.566-1.651 um
B7 1 65455 30m 2.107-2.294 um
QA 0 65535 30m /

NASA DEM Elevation -512 8768 30m /

1.3 YIZREHEEE

S e JEUR SO Y BB S AT [ A Sl BR X . AW FUR BOZYE DT R IE . T
St AL, B REBIA RS, IR, R T IX G BRI AR L X R A
BEX UL RARAP IR =8 (B 2D o 0P X =3 B PRIl gttty , REHr £35Sk 3 fr
Re SRR —WIAE ST Landsat 8 FA1% 216 5, WIGFER LRI X IBAL 71 5t, Hig
AR Wk, BRI RCERALZ Mz T IR A R .

Epl
| R
| R
z 0 500 1,000 2,000 W REAE
e — Km | WU W .
5' Landsat % f

Bl 2 BFIE XRS5

Figure 2 Zoning map of the study area
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Figure 3 Training transect distribution map

1.4 FIEwisE
BRG0P E LS OS2 %. Kik, AR TR & e R

T AR BN RS 6-8 H T E o AR KA . HHE Landsat 8 FEA8 5 1E Al B P i w4445
B R EBAEAT IR, RRZRIESEDRNBEEE. BEBENEEEN P EEE
B B 5 G R 6-8 HINTE R AR . 20132022 FERE WL o438 10 M. 7ERBOk#E b, %
JERKAR SO AR S, FATESE TR W, IT405h. MNDWIL KR ZLAME Y RAIE B -

1.5 BRI

RGPS N R Pixel-based CNN ZKARSR B ARLNON, 12 AR w] S5 18 B2 AR A R T A
SUHAHE, HEAZHE/D S TIIGRIRE R . $2H Landsat S5 BT E PPAGEE P RIS KI5 R
PR A R HEAT R 25 75 2 T3R5 225 /K AR 2 2 U)o M3 T WO AL 214, MNDWIL, 452151
LRPESE SR B, H R R A BRI, 52 KRR R I & 2 SR 25, IR AR
AN ZRARTE I ZRAE A e B 70 D9 AE il BEE . R AR =ML AR

1.6 MREELHE

NGRS I = AN AR SR ISR 43 301l B T 52 3 e SR 3 FH X35 i python gt 2 BB AU A A5
B, FIH GEE B O AREFE, ST EML &80, PHESERIEMNE1%, {443 Pixel-based CNN 1
MWITE GEE mUnihE . ZJaxt =N MK S BT 8k, & U8 58 s 5 /K AR S U
BIR 6-8 HEM— TR, H2RARMEERK, G2 s 17 2 ARG p ) 25 5
Fo MT X, RAIZE QA MBI AKMEEHEHATE . EREE R R 2013-2022 F/K R
FEERENE, BRI R HER N 30 me JRIGH AR BN, HREBIH P SN AR R,
W 20132022 FFRARBARZ AL TR SOREATHET, JL3R1T 28 4> 5ox5° )/ NEL A& - R 10
I, SR HIRTR 2013-2022 4% X 8 1 7K A4 df

B R EHE, 2023, 8(1) | 5



CSa\ 20132022 R RITBFEKFHBKI LIRS

ARBAREE MRS BRI, AR RGN WGS84, Bidfs fRA7 9 tif # 2. B A7 4# 7E ScienceDB
FE# % Chttps://www.scidb.cn/) o KON JAGHS AAHE BB, NETHI IR, ScienceDB A A 4
3N 28 ANFLFAFGE, AN SR/ 59x5°% 10 JHIE . B o dr A% 2XOR L B S8 A T
e T, HA TR BRI 4 s

MPEWateREOISNAT Hlle-——---—-—--—-—-—-—-—-=——x
- | ‘ ‘v
8l Wi = MP_water ExxxNyy.tif
i, SR | | 1§
2 il SHEER 52 4t
LN S b 53 3
S P—ere— A YRk 2E SF
93 98’
4 CfFar AR
Figure 4 File naming format
P 5 MR R T R 24 SHATFAZ A4
2013 2014 2013 | [ 2014
€ é = =
Pt > “,.W R, R T \ { \

-
2015 2016 ? 2015 s 2016

2017 2018 v 2017 v 2018

2019 2020 T 2019 v 2020

. = 5 2%
,', - ‘,:,(é . N \\“ \ : e \"“\ ‘ v
2021 2022 T 2021 v 2022
-& ] C . S )€ - :
R S| R S| - |18 =
K.—, - R R x e . > S \

| ®e

5 PSR EEHURI] LUK SR B VLA 28 SHAT A KRN FRE N E
Figure 5 Time series changes of Hailar River in Inner Mongolia and the water bodies at the junction of Khovd

Province and Zabhan Province in the northwest of Mongolia
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B 5 AP 7 s 1 A S8 g R /K T LR S0 [ P AL R 2 48 S LA 48 58 AR /K38
I PP ARG O o IRRIT 2K 708.5 2~ B, WIKIHAR 5.45 J3°1 7 A B, REBETRITAL UURKH R 1 “ B
SR o MRLRI kg B AEAE 5 RS IILAR 8 H ], 2013 R FUFHL/RIAEE TN,
FEOKAL LK, POREBMBEE . B 5 AR 7 A s KA & R Wi XN 5
o E R R, AN A 300 2N, BRI DR IR VB DL AR Y

£ Google Earth 1, 7} JllEHREAS FAFE N TIESBE50HIE . BFAFERIE 500 ANIHIERE A, KA
PRI SN 200 A4S, JEKAE9 300 A GEbiss 52k i J5 1) 2 Mt S DUROLAR RS2 X305 o BRIt
10 FFFEH 5000 MFE R, AKARFE T 2000 4, JEZK A4 3000 Ao K EGIERE a5 1 st BUE SRARIE HERE, H)
BOREF PR 2 s . G IiE, 10 70 AR IRIFE 86% LA b, SRISIERS A 88.0%, 10
25 kappa RN 0.75 (B 6) o BFFLXHIAL T T X, Faiit 22 5. AR B s, R
I 7K B 3T AN SN AKAEFEAR (G Lo/, X2 SBUKMEE 1 F R . 52T Landsat 8214 70 #%
(IEEIE, 370 B8 FE <30 m A2/ INAT IR AT TE IR H 1D 1) 8 o

x2 BIEEME

Table 2 Confusion matrix

Ak FAR | kR | Al | KR | Rl | KR | HAh | Kk | R | B

2013 2014 2015 2016 2017

Kk 180 20 175 25 176 24 170 30 177 23 200

Ak 33 267 35 265 35 265 40 260 38 262 300

B 213 287 210 290 211 289 210 290 215 285 500

2018 2019 2020 2021 2022

KAk 179 21 170 30 183 17 178 22 179 21 200

FHoAh 39 261 34 266 33 267 41 259 38 262 300

B 218 282 204 296 216 284 219 281 217 283 500

0.7 4
o5
0.65 Kappa

0.6
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 ZEfH

B 6 PItEREEFT Kappa &3

Figure 6 Historical precision and Kappa coefficient
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C5R
MER IR

A EGHE AR AT I F A A S AR G B SRR A BEA DGR A AT I, W1 QGIS. AreGIS. ENVI %%,
AREHEEEI S (73 B2 30 m, W LABEHERSRERAESE & s 5T 10 F KA G, 5 e e
W, 8. B, RESRIAN RO E EIRAA R B, R AT s S R B e
B WETTE, RE— BRSNS R KUK TR RS2 SRR X Ssgm 5., 57K
FA % BIBF 9 Ik 5 RN 78 0L R 35 St FUAR A S RF . AR 5 AR AT ORI 2 3] 5 AR K R K SO
PRSI PR A %, o T 55 52K iR S B O S B (S % . AN SR SE B SRR Python
WS, AHIARRDLR AR,

Python {4

import tifffile as tif

import matplotlib.pyplot as plt

water_img = tif.imread (r XXX #i BUEHE, XXX U #$12
water2013 = water_img[0] #2414 18 2013-2022 /0 - A7 N — 1 U B
water2014 = water_img[1]

water2022 = water_img[9]
#EE PTG
plt.imshow(water2013)
plt.show()

YL (1998—) , 55, LIREREH AN, fid:, BEFTT5 Ao Kl & s S E TR . 2K TAE:
MR S N B SRA HIE . SCEEEE

FEES (1976—) , J, WEEKHETA, 4, O7R, o7kl a8dn it =, EER RS
HIERN AT, FEARE TR SRR BORSERS RRE . CEBE.

FEOCHE (1998—) , ¢, VLPOE SEEm A, Wik, SRI7 R RERRY . EEAMTAE: G
P BRI Sk,

PR (1999—) , L, \WRABEET AN, Wit 5 moh L. FERIE TR A
F FEREISIE.
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A dataset of annual surface water distribution in the growing
season on the Mongolia Plateau from 2013 to 2022

LI Kai'>2, WANG Juanle?*, CHENG Wenjing’, HONG Mengmeng?> *
1. School of Geosciences & Surveying Engineering, China University of Mining & Technology-Beijing,
Beijing 100083, P. R. China
2. State Key Laboratory of Resources and Environmental Information System, Institute of Geographic
Sciences and Natural Resources Research, CAS, Beijing 100101, P. R. China
3. Chinese Academy of Meteorological Sciences, Beijing 100081, P. R. China
4. School of Civil and Architectural Engineering, Shandong University of Technology, Zibo 255049, P. R.
China
*Email: wangjl@igsnrr.ac.cn
Abstract: Mongolia Plateau is located in arid and semi-arid areas, and hydrology and water resources are
important constraints for the development of its resources and environment. Grasping the temporal and spatial
distribution of water bodies on the Mongolian Plateau is of great significance for indicating the temporal and
spatial characteristics of water resources and the water environment and their impacts on and responses to

regional climate change as well as disaster prevention and reduction. However, as the vast Plateau spans both
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China and Mongolia, it is a great challenge to accurately and automatically obtain large-scale and long time
series water bodies at the basin scale. In this research, we adopted the method of combining local deep
learning training and Google Earth Engine (GEE) distributed computing to endow GEE with deep learning
computing capabilities so that GEE could rapidly and automatically deploy deep learning models. Based on
this, we obtained the distribution of surface water in the growing season of the Mongolia Plateau from 2013
to 2022 with a spatial resolution of 30 meters. 5,000 verification points were manually selected, and the
overall verification rate was 88.0%. The dataset is in the form of TIFF grid, containing 28 tile images of with
5°x5°x10 years, with a data volume of 339 MB (88.1 MB compressed, 189 GB in RAW). The data volume
in the raw format is 189 GB. With the method used in this dataset, users can automatically and efficiently
map water bodies in the cloud platform, which makes it possible to automatically and efficiently process
large-scale and long-time series water bodies in arid and semi-arid regions. This is a valuable dataset for
application and promotion.

Keywords: Mongolian Plateau; surface water distribution; hydrology and water resources; Google Earth

Engine; deep learning

Dataset Profile

) A dataset of annual surface water distribution in the growing season on the Mongolia
Tie Plateau from 2013 to 2022
Data corresponding author WANG Juanle (wangjl@jigsnrr.ac.cn)
Data author(s) LI Kai, WANG Juanle, CHENG Wenjing, HONG Mengmeng
Time range 2013-2022
Geographical scope Mongolian Plateau (Inner Mongolia, China and Mongolia)
Spatial resolution 30m
Data volume 399 MB, 88.1 MB compressed (189 GB in RAW)
Data format tif
Data service system http://dx.doi.org/10.57760/sciencedb.j00001.00665
National Natural Science Foundation of China (41971385, 32161143025); Construction
Source(s) of funding Project of the China Knowledge Center for Engineering Sciences and Technology
(CKCEST-2022-1-41); Key Project of Innovation LREIS (KP1006)
The longitude and latitude are stored as a .tif file every 5 < There are 28 .tif files in the
Dataset composition compressed package. Each .tif file has 10 channels (2013-2022). The files are named in
terms of MP_water_ExxxNyy.tif.
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