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Accurate monitoring of surface water is one of the important and necessary
applications in the use of remote sensing systems. Meeting the needs raised in the
use of remote sensing data collected from the earth's surface in many applications,
using only one product and classification algorithm is not sufficient and possible,
and for a more accurate understanding, data fusion can be a better option. In this
system, various approaches such as water extraction indices or classification
algorithms are used to identify water areas. In this research, an fusion approach of
Landsat-8 and Sentinel-2 optical sensor images was used. Firstly, the spatial
resolution of these sensors was enhanced from 30 to 10 meters by Pansharpening
them and preserving spectral information. Then, water extraction indices such as
NDWI, MNDWI, AWEI_sh, AWEI_nsh, and WI were applied to the integrated
images. Subsequently, using classification algorithms such as SVM, Maximum
Likelihood, Minimum Distance, Neural Network, and Random Forest, the study
area was classified into two categories of water and non-water areas. Finally, the
results obtained from all classification algorithms for pre and post-flood images of
Mazandaran province in the 2019 flood event were merged using the majority
voting method, which is considered an integration approach at the decision-making
level. Random forest classification algorithm with overall accuracy of 97.76 and
94.12 and Kappa coefficient 94.49 and 91.41 for images before and after flood had
the best classification performance among the algorithms used in this research. The
fusion of classification algorithms showed an improvement in the separation
performance of water and non-water areas with an increase in the overall accuracy
of separation to 98.41 and 95.24 and Kappa coefficient 96.12 and 92.81 for the
images before and after the flood.
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Table 1. Information of landsat-8 and sentinel-2 Image

Satellite  Sensor type  Spatial resolution (m)  Acquisition Date (Before the flood)  Acquisition Date (After the flood)

Landsat-8 Optical 30 2019/03/02 2019/04/03
Sentinel-2 Optical 20 2019/03/06 2019/04/05
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Figure 3. Step of decision level fusion
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Figure 4. a) pansharpening landsat-8 with panchromatic band (Before the flood). b) first scene of sentinel-2 (Before the
flood). c) second scene of sentinel-2 (Before the flood). d) mosaic of two scene of sentinel-2 (Before the flood). )
pansharpening landsat-8 with panchromatic band (After the flood). f) first scene of sentinel-2 (After the flood). g) second
scene of sentinel-2 (After the flood). h) mosaic of two scene of sentinel-2 (After the flood). i)coregistered image of landsat-8
and sentinel-2 (Before the flood). j) pansharpening coregistered image of sentinel-2 and landsat-8 with gram schmidt
algorithm (Before the flood). k) coregistered image of landsat-8 and sentinel-2 (After the flood). 1) pansharpening
coregistered image of sentinel-2 and landsat-8 with gram schmidt algorithm (After the flood).



If'f‘,ajao)la»ﬁ‘,péajlg.‘?o);.:“5)@;/’} ufw).r-l.o &Yy

NDWI, MNDWI, AWEI_nsh, AWEI_sh, ) . ccladigs zlyseiasl el pasls Limogs cnl ol yiasl olol

285 a8 Jlasl ganail slae oSl (il ool | iy Mo 1 am g 8 0adples] polal (55 2 (Whons
op) SSE cublB il el o5 a,8 gole o3game 3 ol 1S Saulbb ol o o3l iules (0) JSCi
mail <8 Gl ol gl gl (asls gy Jlesh 51 ol Bun e oy 53 5l ge Jobo cul 50 oy
ol 45 09 it gl bl g b SSE IS bty g sV g S bl g ol algg (el 3 s
Bl sladiges cdy (]38l 4 e 9 09 dde Hlews polal (canddb Cas sab bl sladigel Cons ) sl

-

i)
Figure 5. a) NDWI (Before the flood). b) MNDWI (Before the flood). c) AWEI_nsh (Before the flood). d)AWEI_sh

(Before the flood). e) WI2015 (Before the flood). f) NDWI (After the Flood). g) MNDWI (After the Flood). h)
AWEI_nsh (After the Flood). i) AWEI_sh (After the Flood). j) W12015 (After the Flood)

a) )
Figure 6. a) Sample of each class (Before the flood). a) Sample of each class (After the Flood)
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i) i
Figure 7. a) Maximum likelihood classification (Before the flood). b) Maximum likelihood classification (After the
flood). ¢) Minimum distance classification (Before the flood). d) Minimum distance classification (After the flood).
e) Support vector machine classification (Before the flood). f) Support vector machine classification (After the flood).
g) Random forest classification (Before the flood). h) Random forest classification (After the flood). i) Neural
network classification (Before the flood). j) Neural network classification (After the flood).

Table 2. Result of overall accuracy and kappa coefficient for each classification algorithm

OA & KC ML MD SVM NN RF
Before  After Before  After Before After Before  After Before  After
Overall Accuracy 92.22 81.55 94.13 89.94 96.81 91.73 95.33 90.74 97.76 94.12
Kappa Coefficient 84.21 70.28 91.18 82.89 93.16 87.79 91.65 86.16 94.49 91.41
v v
% Y53
50 50
25 25
0 0
MD SVM
« v Flood) y (fier Flood) Kappa coefficient (Before Flood) Kappa coefficient (After Flood)
Figure 8 Graph of overaII accuracy for each Figure 9 Graph of kappa coeffluent for each

classification algorithms classification algorithms
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a) b)
Figure 10. Decision level fusion (Before the flood). b) Decision level fusion (After the flood).
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Figure 11. Flooded area
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