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D Defection of Surface Water Bodies in Daegu Using Various Water Indices and Machine Learning Technique Based on the Landsat=8 Satellte Image

ABSTRACT

Detection of surface water features including river, wetland, reservoir from the
satellite 1magery can be utilized for sustainable management and survey of water
resources. This research compared the water indices derived from the multispectral
bands and the machine learning technique for detecting the surface water features from
he Landsat—8 satellite image acquired in Daegu through the following steps. First, the
NDWI(Normalized Difference Water Index) image and the MNDWI(Modified Normalized
Difference Water Index) image were separately generated using the multispectral bands
of the given Landsat—8& satellite image, and the two binary images were generated from
these NDWI and MNDWI images, respectively. Then SVM(Support Vector Machine), the
widely used machine learning techniques, were employed to generate the land cover
image and the binary image was also generated from the generated land cover image.
Finally the error matrices were used for measuring the accuracy of the three binary
images for detecting the surface water features. The statistical results showed that the
binary image generated from the MNDWI image(84%) had the relatively low accuracy
than the binary image generated from the NDWI image(94%) and generated by
SVM(96%). And some misclassification errors occurred in all three binary images where
the land features were misclassified as the surface water features because of the
shadow effects.

KEYWORDS : Landsat-8 Satellite Image, Surface Water, Normalized Difference Water Index,
Modified Normalized Difference Water Index, Machine Learning, Support
Vector Machine
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FIGURE 1.
South Korea (a) shown in Open Street Map (b)
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TABLE 1. Metadata of Landsat—8 satellite image used in this research(USGS, 2020)

Landsat—8 satellite image used in this research

Spatial resolution

30m

Horizontal datum

WGS(World Geodetic System) 84 / UTM(Universal Transverse Mercator) zone 52N

Bands

Band 1:0.43-0.45um
Band 2:0.45-0.5um

Band 3:0.53—0.59m
Band 4:0.64-0.67um
Band 5:0.85-0.88m
Band 6:1.57—1.65um
Band 7:2.11-2.29um
Band 8:0.50—0.68um
Band 9:1.36—1.38um
Band 10:10.6-11.19un
Band 11:11.5-12.51um
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FIGURE 2. Flowchart showing the procedure of detecting surface waters from the given
Landsat—8 satellite image
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FIGURE 3. NDWI image(a) and MNDWI image(b) derived from the Landsat—8
satellite image acquired in Daegu, South Korea

A (A& Qvlstal -1o 7PherE A4,
WA, B4 5S4 A9s Quleh, FAe] 8|
#el 0 ]’2}0]L AR Aot McFeeters,
1996; Hu, 2006; Choung and Jo, 2016). ¥
Aol = 23 39 NDWI % MNDWI 4
oAl ¥b7] Fhel 0 o]l FAde A, 1 2lel
= A, A, B AYs 2§ SH = QY
31313, NDWI 9 MNDWI /e =y-e] 7z}
o121 YA (Binary image)< AXSFHTH(1H
4).

SVM= |l 914, Al B4 5 FES 2
ol EgE = VAT YaElFo A,
2ol Feto| A %3H (Hyperplane) & 283
o] n7l9] E2AE (Cluster) S T3+ Choung
and Jo, 2017; Choung and Kim, 2019). ¥
?ﬂ?"ﬂ/ﬂ% Folx Landsat—8 $1497439] ¥

4 AEEEOmE aEste] GG E Y
QHLJ)’“*H Q EA JEd &, =4, WA
9 A A9 sk BEA 95 9 Al

High: 1
10 krn A B
Low: -1

(b)



6 Detection of Surface Water Bodies in Daegu Using Various Water Indices and Machine Learning Technique Based on the Landsat=8 Safellite Image
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FIGURE 4. Binary images from the NDWI image(a) and MNDWI image(b)
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FIGURE 5. Land cover image generated by SVYM(a) and
the binary image generated from the land cover image(b)



londsat8 $14%4 5t SRR 5 HEE BES chTHANS] XES BX / FEA - VP A e 7

23}tk Choung and Kim(2019)°] 33
A9l £A3HA Landsat—8 A 9Ato 2 HE
zZb BEA 9EE, B4, W 9 A ER
1,000702] &# A& (Training sample) &
5% & SVM gaelFs A8t BEX 95
e AR (), BEA IE FA
OZHE =& ALs YA A9s A =34
FA7F HRto] 7hsstk o)Xl s AT
(19 5(0)).

= nES,

B oo M= F017l Landsat—8 9%
o] NDWI, MNDWI % SVM< #-g-ste] Azt
g 7 o7 G 4(@), 4(b) D 5(0)
o] AEes HEs) Y8 F 100709 A

0 5 10 km

| —

(HEF Aol 3070, =] %Gl 707) & ©]
&sto] A o)Xl Fidell gt 24184 (Error
matrix) & 2MJstich ealES AR 94A
oAl o]zl ¢kl A 5 A} Landsat
-8 Y BEX vE dsks &8st A
5 Ay 7Nke R FYEE FAEE =
24 AR AEA s 7Hs E8sto] Azt
Sk 7INE BEX) i o] AYe A5
T2 &gHtMoon et al, 2020). 1H 6
7 o]zl e AITE A S ol %
Sk 100709] A S fIXE HolF, @4} &
g AREete] ARESE I o] ¥l g
T 8 2~404 1T = Qlrh

¥ 2~4°4 R nkel o] MNDWI g4ke.
ZHE A ozl @ HE=(84%) %
Kappa Al5(0.65) & NDWI 4o 2HE A4

"

checkpoints located on surface
water areas
B : checkpoints located on land areas

FIGURE 6. Checkpoints located on land and surface water areas shown
in the given Landsat—8 satellite image



8  Detection of Surface Water Bodies in Doegu Using Various Water Indices and Machine Learning Technique Based on the Landsat=8 Satellte Image

TABLE 2. Accuracy of the binary image generated from NDWI

Surface water

Class (Reference) (Reference) Total User' s accuracy
Surface water -
(Classification) 21 30 90%

Land ]
(Classification) 3 70 9.7%

Total 30 100

Producer’ s accuracy 90% 94%(Overall)

Kappa coefficient

0.86

TABLE 3. Accuracy of the binary image generated from MNDWI

Surface water

Class (Reference) (Reference) Total User" s accuracy
Surface water o
(Classification) 2 13 40 67.5%

Land o
(Classification) 3 5 60 %%

Total 30 70 100

Producer’ s accuracy 90% 81.4% 84%(Overall)
Kappa coefficient 0.65
TABLE 4. Accuracy of the binary image generated by SVM

Class Sfégig?er’féfr (Re?;lice) Total User" s accuracy
Surface water o
(Classification) 28 2 30 %.3%

Land o
(Classification) 2 68 70 97.1%

Total 30 70 100

Producer’ s accuracy 93.3% 97.1% 96%(Overall)

Kappa coefficient

0.90
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FIGURE 7. Examples of misclassification errors in the binary images:
(@) Test bed shown in Open Street Map, (b) Binary image generated from NDWI,
(c) Binary image generated from MNDWI, and (d) Binary image generated by SVM



1(Q Detection of Surface Water Bodies in Doegu Using Various Water Indices and Machine Learning Technique Based on the Landsat=8 Satellte Image

s 7Rl SVMo] 24521 MNDWIe] H]
Landsat—8 $I4 930 25E AREFE B4
gl Adddez gL it ARE
Aqlch ey a9A 5o dlew o
2] B5F AEo] A¥S AAR EF HA
om ol= IRk ks wh= F8t Y
o] Ao E TpotE It wb 5 Al
M 2R g3l AiAo® AL LIDAR
(Light Detection And Ranging) &+ A&
= 3 ST A ol gAY # =itel
A AASE Al 7] s ek s ek
As &8l AxT 894 Ages /i A
Fa7}t Qlth & AtellA= Landsat—8 914
Aol FEIE(30m) 2 Q) AR AA
thekst e AxFE FXsh= A7 9l
B2, 3% AFolx= Sentinel -2, KOMPSAT
Series & AYE PGS LEste] sk

=4

L A5, &4, Uts 55 9 A4

2 ond ob o

o 4
ofrl

offf o2

REFERENCES

Acharya, T.D., A. Subedi and D.H. Lee.
2018. Evaluation of Water Indices for

Surface Water Extraction in a Landsat 8
Scene of Nepal. Sensors 18(8):2580.

Acharya, T.D., A. Subedi and D.H. Lee.
2019. Evaluation of Machine Learning
Algorithms for Surface Water Extraction
in a Landsat 8 Scene of Nepal. Sensors
19(12):2769.

Choung, Y.J. and M.H. Jo. 2016. Shoreline
Change Assessment for Various Types
of Coasts Using Multi—Temporal Landsat
Imagery of the East Coast of South
Korea. Remote Sensing Letters 7(1):91—
100.

Choung, Y.J. and M.H. Jo. 2017. Comparison

between a Machine—learning—based Method
and a Water—index—based Method for
High—
Resolution Satellite Image Acquired in
Hwado Island, South Korea. Journal of
Sensors 2017:1—13.

Choung, Y.J. and J.M. Kim. 2019. Study of
the Relationship between Urban Expansion

Shoreline  Mapping Using a

and PM,, Concentration Using Multi—
Spatial Datasets and the
Machine Learning Technique: Case Study

Temporal

for Daegu, South Korea. Applied Sciences
9(6):1098.

Hu, H. 2006. Modification of Normalized
Difference Water Index(NDWI) to Enhance
Open Water Features in Remotely

Sensed Imagery. International Journal of

Remote Sensing 27(14):3025—3033.

Hwang, E.H., HS. Chae and W.S. Yu. 2018.
Development Plan of Compact Satellite
for Water Resources and Water—related
Disaster Management. Journal of the
Korean  Association of  Geographic
Information Studies 21(4):218—237 (2]
%, AaA, . 2018, AR - FAlE|
TR T gk AP RS EA
21(4):218-237).

Jo, M.H. 2012. A Study on the Extractiono
of a River from the RapidEye Image
Using ISODATA Algorithm. Journal of
the Korean Association of Geographic
Information Studies 15(4):1-14 (F93].
2014. ISODATA 7¥l= ©]-&% RapidEye
BTN ko] FEof wsh A F
AP HE3) A 15(4):1-14).

Kim, D.Y. S.H Baeck, GH. Park, E.H.
Hwang and H.S. Chae. 2017. Applicability

of Water Resource Specialized Satellites
for Observing Disasters on the Korean



Peninsula. Journal of the Korean Association
of Geographic Information Studies 20(1):
85-97 (AEY, WY, uhdal I3 A
AL 2017, @R AR B5S sk ¢
2k Y A8 A RES]A|
20(1):85-97).

Kim, S. and Y. Lee. 2018. Present Status
and Future Prospect of Satellite Image
Uses in Water Resources Area. Korean
Journal of Ecology and Environment
51(D):105-123 (A=, o8+ 2018.
Aitofe] 91439 28 Ak A e
o} 874 51(1):105-123).

McFeeters, S.K. 1996. The Use of the
Normalized Difference Water Index NDWI)
in the delineation of open water features.

International Journal of Remote Sensing
17(7):1425-1432.

Microsoft. 2020. What is Machine Learning?
https://azure.microsoft.com/ko—kr/overvie

w/what —is—machine —learning —platform/.
(Accessed December 2, 2020).

Moon, G.S., K.S. Kim and Y.J. Choung.
2020. Land Cover Classification Based on
High Resolution KOMPSAT-3 Satellite
Imagery Using Deep Neural Network
Model. Journal of the Korean Association

of Geographic Information Studies 23(3):
252-262 G&3tr, 1744, daA. 2020, 4
S8 BEdE o] &8k v KOMPSAT
-3 $139 7Nt EXOEER. s
18k3]%] 23(3):252-262).

OpenStreetMap. 2020. https://www.openstreet
map.org/#map=15/35.8207/128.6087.
(Accessed December 2, 2020).

ScienceAll. 2020. Surface Water. https:// w
ww.scienceall.cony BEC%AT %80%ED%91 %
9CHEC%38%98surface—water/.
December 1, 2020).

Shen, L. and C. Li. 2010. Water Body
Extraction from Landsat ETM+ Imagery
using Adaboost Algorithm. Proceedings
of 18th International
Geoinformatics, Beijing, China, pp.1—4.

USGS (United States Geological Survey). 2020.
EarthExplorer. https://earthexplorer.usgs.
gov/. (Accessed December 2, 2020).

Zhai, K., X. Wu, Y. Qin and P. Du. 2015.
Comparison of Surface Water Extraction

(Accessed

Conference on

Performances of Different Classic Water
Indices Using OLI and TM imageries in
Different Situations. Geo—spatial Information
Sciences 18(1):32—42. kaGl

X
(7




