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Abstract— Water is one of the most important earth resources which is essential to human health, 
society and environment. Studies on water extraction and changes have been subjects of academic 
studies for many years. Remote sensing as an efficient and reliable tool has been used in recent years 
and Landsat satellite imagery were one of the most common data due to their advantages in spatial 
resolution and cost. Improvement of new Landsat 8, the Operational Land Imager (OLI) data attracted 
more attentions recently. This study uses the Landsat 8 OLI imagery data source for water information 
extraction based on the Normalized Difference Water Index (NDWI), Modified Normalized Water 
Index (MNDWI) and Automated Water Extraction Index (AWEI) to compare the effect of using The 
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital Elevation 
Model (GDEM) in mountainous area. The study area is Kermanshah, in west of Iran, a mountainous 
area which has difficulties for water extraction due to shadows and dark objects. Due to small area of 
water bodies in study area user’s accuracy were used for evaluation of results. User accuracy for water 
class gives results of 23.68%, 24.34% and 22.57% for NDWI, MNDWI and AWEI, respectively. In other 
words, around 77% of pixels which classified as water are not water and are misclassified pixels. 
Applying DEM data improves results to 27.44%, 29.1% and 27.22% for NDWI, MNDWI and AWEI, 
respectively which shows slight increase of 3.76%, 4.88% and 4.65%. 
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I.  INTRODUCTION  

Water is one of the most important earth resources which is essential to human health, society and 
environment. Studies on water extraction and changes have been interest of academic studies for many 
years. Water bodies like man-made reservoirs, lakes, ponds, etc. are key tools for the management of 
water resources. Even though these water bodies constitute a relatively small portion of the total 
available water on the Earth surface, they are important freshwater features because they are main 
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resources for drinking water. Remote sensing as an efficient and reliable tool has been used in recent 
years. Remote sensing techniques plays a key role in many areas of water issues such as; wetland 
monitoring, flood monitoring, flood disaster assessment, surface water area estimation, and water 
resources management [1]. It provides advanced technical means for detecting the spatial distribution 
of water bodies, monitoring them and extracting other information. It overcomes many shortcomings 
of traditional ground based surveys, such as high cost, time-consuming and influence of many other 
unknown factors in the field [2]. 

One of the widely used imagery data for water extraction and monitoring area is Landsat imageries 
because of their advantages in spatial resolution and cost [3][4]. Different methods used to extract 
surface water features using remote sensing data that [3] classified them as four different categories; 
thematic classification, linear immixing, single band threshold, and two-band spectral indices. Indices 
are one of the common ways of water extraction in optical imageries and many indices have been 
proposed. One of the well-known indices is the Normalized Difference Water Index (NDWI) proposed 
by [5] that uses green and NIR bands to extract water. The index uses 0 threshold to discriminate water 
from its background, but [6]’s study found it inappropriate threshold and to improve the index they 
introduced a new index as Modified Normalized Difference Water Index (MNDWI) where substituted a 
middle infrared band for the near infrared band. Results showed that enhancement in detection of 
surface water from non-water background and its improvement in build-up areas and shadow were 
considerable. For improving classification accuracy in dark surfaces and shadow areas, an Automated 
Water Extraction Index (AWEI)proposed by [7], where their results prove a remarkable enhancement 
in classification accuracy respect to MNDWI and Maximum Likelihood (ML) classifiers. They used 4 
different bands of blue, green, NIR and SWIR to increase contrast between water and noon-water 
surfaces. 

Different satellite sensors with varying spatial, temporal and spectral resolution have been used for 

surface water extraction [8]. Compared to other remote sensing data, Landsat satellite series have 

been most frequently used for water information extraction and land cover thanks to its advantages 

regard to free of cost data availability, global coverage, continuity over 40 years and spatial resolution 

[9]. New Operational Land Imager (OLI) aboard Landsat-8 was launched in February 2013; its 

multispectral imagery offers significant improvements in both data quality and spectral coverage, also 

promises enhanced environmental monitoring respect to signal-to- noise ratio and radiometric 

resolution [10]. This study uses Landsat 8 OLI imagery to investigate how different indices of NDWI, 

MNDWI and AWEI perform for surface water extraction in mountainous areas and applies ASTER 

GDEM data to exclude shadow areas in order to examine in what extent results will improve. 

Many studies mention that extraction of water bodies in mountainous areas is affected highly by 

shadow and dark surfaces, using GDEM data helps to eliminate high elevation shadow areas. This 

study tries to investigate using DEM data how can improve classification results by considering normal 

distribution of elevation in the study area. In this research normal distribution of elevation for the 

study area is considered to find the most proper use of GDEM data. 



 

 

II. STUDY AREA AND DATA SOURCES 

A. study area 

     Kermanshah Province is located in west of Iran, between 33 04’ to 35 17’ N and 45 25’ to 46 06’ E. 
The study area is located in north of the state.  Geologically, Kermanshah is part of Zagros Mountains 
and due to lack of precipitation during dry season, specifically summer time, local need of water is 
provided by different size of reservoirs. They are the main source of fresh water for the study area. 
Moreover, selected study area is a mountain area, where there are lands between hills or mountains, 
full of dark and shadow surfaces, a good example to test applicability of classifiers and indices to 
distinguish water surfaces. Four different sizes of reservoirs are considered in selected area to examine 
classification accuracy of small size water surfaces as well as big size ones ( Figure 1). 

B. Image data 

     Landsat 8 Operational Land Imager (OLI) imageries were used in this research. New Landsat 

imageries includes three new bands respect to Landsat TM data; a deep blue band for coastal or 

aerosol studies, a shortwave infrared band for cirrus detection, and a Quality Assessment band [11]. 

Moreover, a refined range for spectral resolution is defined, specifically for NIR band. This research 

obtained data from the United States Geological Survey (USGS) Earth Resources Observation and 

Science Center (EROS). Date of image data were selected in July 2014 due to cloud free time of study 

area and availability of reference data at the same time. Landsat imageries of this research are L1T 

product type with resolution of 30 meters.  

C. DEM 

     Data used as Digital Elevation Model (DEM) is product of The Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM). ASTER GDEM is 

distributed as Georeferenced Tagged Image File Format (GeoTIFF) files, and in geographic coordinates 

(latitude, longitude). The data are posted on a 1 arc-second (approximately 30 m at the equator) grid 

and referenced to the 1984 World Geodetic System (WGS84)/1996 Earth Gravitational Model 

(EGM96) geoid [12]. 

 

Figure 1: location of reservoirs in the study area 



 

 

III. METHOD 

A. Water extraction indices 

    This study applied ENVI 4.7 software for imagery analysis and visualization of indices. First, 

atmospheric correction was done and then subset of study area was extracted. Indices relay on 

different reflectance of each band, based on this fact many indices has been introduced. NDWI uses 

the difference reflectance value of NIR and Green bands to extract water bodies, its equation is as 

follow: 

𝑁𝐷𝑊𝐼 =  
𝑏𝑔𝑟𝑒𝑒𝑛−𝑏𝑁𝐼𝑅

𝑏𝑔𝑟𝑒𝑒𝑛+𝑏𝑁𝐼𝑅
                         (1) 

 

For modified NDWI or MNDWI [6] introduced an index considering mid-infrared band which 

corresponds to SWIR1 in Landsat 8 OLI that equation is: 

𝑀𝑁𝐷𝑊𝐼 =
𝑏𝑔𝑟𝑒𝑒𝑛−𝑏𝑆𝑊𝐼𝑅1

𝑏𝑔𝑟𝑒𝑒𝑛+𝑏𝑆𝑊𝐼𝑅1
                       (2) 

 

Considering more number of bands based on idea of improving results, AWEI uses green, blue, NIR, 

SWIR1 and SWIR2 bands. Two equation were proposed for extracting water from non-water which is 

as follow: 

𝐴𝑊𝐸𝐼𝑛𝑠ℎ = 𝑏𝑔𝑟𝑒𝑒𝑛 + 𝑏𝑏𝑙𝑢𝑒 × 0.25 − 1.5 × (𝑏𝑛𝑖𝑟 + 𝑏𝑠𝑤𝑖𝑟1) − 0.25 × 𝑏𝑠𝑤𝑖𝑟2             (3) 

 

𝐴𝑊𝐸𝐼𝑠ℎ = 4 × (𝑏𝑔𝑟𝑒𝑒𝑛 − 𝑏𝑠𝑤𝑖𝑟1) − (0.25 × 𝑏𝑛𝑖𝑟 + 2.75 × 𝑏𝑠𝑤𝑖𝑟2)                               (4) 

 

This study only uses 𝐴𝑊𝐸𝐼𝑛𝑠ℎ where 𝐴𝑊𝐸𝐼𝑠ℎ gives very poor and inaccurate results for this case 

study. 

B. Accuracy assessment 

    For validation and evaluation of the implemented approaches, the most common way to express 

classification results is a confusion matrix. For this study, overall accuracy and user’s accuracy is 

considered for evaluation of results.  



 

 

 

(a)                                                                  (b)                                                                       (c) 

Figure 2:  The optical result maps of each index on OLI imagery: (a) NDWI, (b) MNDWI and (c) AWEI 

 

To compute a confusion matrix, the results were assessed through check the labeled data by classifier and the 

reference data. Reference data of this study were digitalized using high resolution images of Google Earth at close 

time of acquired satellite images. 

IV. RESULT AND DISCUSSION  

A. Indices  

Results of applying three indices are shown in Figure 2. All of these indices could properly extract water reservoirs 
but their main weakness is misclassified pixels; non-water pixels which classified as water are mainly occurred in 
shadow areas. Overall accuracy for NDWI, MNDWI and AWEI indices are respectively 98.08%, 98.15% and 97.98%, even 
though overall accuracy for all of indices is considered reasonable and high, the key accuracy numbers to notice are the 
producer’s and user’s accuracy. User accuracy for water gives results of 23.68%, 24.34% and 22.57% for NDWI, MNDWI 
and AWEI, respectively. It means for example NDWI classifies around 23% of pixels as water where they are water in 
our reference data, which is a poor result. In other words, around 77% of pixels which classified as water are not water 
and are misclassified pixels. These results show around 75% commission error for three indices in general.  



 

 

 

Figure 3: Overlay map of 5 different elevation classes based on DEM data 

 

High overall accuracy and low user accuracy for water class is due to large number of non-water class, around 99% 
of study area is non-water class, so correct classification of non-water class highly effects on overall accuracy and final 
results. This is the main reason should be taken in account to do not relay on overall accuracy. 

B. DEM 

     Using advantages of DEM data for this study helped to improve user’s accuracy. 5 classes were defined based on 

standard deviation of elevation distribution in the study area (Figure 3). Three classes were applied to remove 

misclassified pixels where they defined as highest elevation class, second elevation class and third elevation class with 

1%, 2.1% and 13.6% of standard deviation, respectively. Results show that by increases contribution of elevation, the 

number of misclassified pixels as water decrease. User’s accuracy after applying highest elevation class improves to 

24.5%, 25% and 23.6% for NDWI, MNDWI and AWEI where it was 23.68%, 24.34% and 22.57%. This improvement is 

even more for third  

elevation class that increases to 27.44%, 29.1% and 27.22% for NDWI, MNDWI and AWEI, respectively (Table 1). 

The highest improvement is for MNDWI with 4.88% increase of user’s accuracy where it has the highest user’s accuracy 

before and after applying DEM data. Results of other two indices, NDWI and AWEI, also increase 3.76% and 4.65%. 

Distribution of misclassified pixels extracted by third elevation class is presented in Figure 4. 

 

 

 

 



 

 

Table 1: User’s accuracy of each index before and after applying DEM data 

 NDWI MNDWI AWEI 

without DEM 23.68% 24.34% 22.57% 

DEM1 24.48% 25.03% 23.25% 

DEM2 24.82% 25.36% 23.63% 

DEM3 27.44% 29.16% 27.22% 

 

 

 

(a)                                                                  (b)                                                                       (c) 

Figure 4: Map of  excluded misclassified pixels extracted by  third level of  elevation data:  (a) NDWI, (b) MNDWI and 
(c) AWEI

 

V. CONCLUSION  

This study investigated application of DEM data for improving results of three different indices of NDWI, MNDWI and 

AWEI for Landsat 8 OLI images. As the focus of this research was on mountainous area, the idea of using DEM data 

was considered to reduce the effect of shadow areas that is usually happen in mountainous area and is one of the 

main problem of indices based on several studies. Because the main area of selected the study area is non-water area, 

for accuracy assessment this study focused on user’s accuracy. User’s accuracy of NDWI, MNDWI and AWEI were 

calculated as 23.68%, 24.34% and 22.57% respectively, where this results slightly improves by applying DEM data to 

maximum of 27.44%, 29.1% and 27.22%. The highest improvement is for MNDWI with 4.88% increase of user’s 

accuracy where it has the highest user’s accuracy before and after applying DEM data. 

Future work to improve the results can focus on using slope and aspect data to investigate if it can be applicable for 
mountainous area. The results of this study can be considered to be combine with new study to develop an approach 
for extracting water bodies more accurately. 

 

VI. REFERENCES 

[1] W. Li, Z. Du, F. Ling, D. Zhou, H. Wang, Y. Gui, B. Sun, and X. Zhang, “A comparison of land surface water mapping 
using the normalized difference water index from TM, ETM+ and ALI,” Remote Sens., vol. 5, no. 11, pp. 5530–



 

 

5549, 2013. 

[2] Y. Wang, R. Ruan, Y. She, and M. Yan, “Extraction of water information based on RADARSAT SAR and Landsat 
ETM+,” Procedia Environ. Sci., vol. 10, no. PART C, pp. 2301–2306, 2011. 

[3] A. V. Prishchepov, V. C. Radeloff, M. Dubinin, and C. Alcantara, “The effect of Landsat ETM/ETM+ image 
acquisition dates on the detection of agricultural land abandonment in Eastern Europe,” Remote Sens. 
Environ., vol. 126, pp. 195–209, 2012. 

[4] K. Zhai, X. Wu, Y. Qin, and P. Du, “Comparison of surface water extraction performances of different classic 
water indices using OLI and TM imageries in different situations,” Geo-spatial Inf. Sci., vol. 18, no. 1, pp. 32–42, 
2015. 

[5] S. K. McFEETERS, “The use of the Normalized Difference Water Index (NDWI) in the delineation of open water 
features,” Int. J. Remote Sens., vol. 17, no. 7, pp. 1425–1432, May 1996. 

[6] H. Xu, “Modification of normalised difference water index (NDWI) to enhance open water features in remotely 
sensed imagery,” Int. J. Remote Sens., vol. 27, no. 14, pp. 3025–3033, Jul. 2006. 

[7] G. L. Feyisa, H. Meilby, R. Fensholt, and S. R. Proud, “Automated Water Extraction Index: A new technique for 
surface water mapping using Landsat imagery,” Remote Sens. Environ., vol. 140, pp. 23–35, 2014. 

[8] V. Klemas and A. Pieterse, “Using Remote Sensing to Map and Monitor Water Resources in Arid and Semiarid 
Regions BT  - Advances in Watershed Science and Assessment,” T. Younos and E. T. Parece, Eds. Cham: Springer 
International Publishing, 2015, pp. 33–60. 

[9] Y. Yang, Y. Liu, M. Zhou, S. Zhang, W. Zhan, C. Sun, and Y. Duan, “Landsat 8 OLI image based terrestrial water 
extraction from heterogeneous backgrounds using a reflectance homogenization approach,” Remote Sens. 
Environ., vol. 171, pp. 14–32, Dec. 2015. 

[10] N. Pahlevan, Z. Lee, J. Wei, C. B. Schaaf, J. R. Schott, and A. Berk, “On-orbit radiometric characterization of OLI 
(Landsat-8) for applications in aquatic remote sensing,” Remote Sens. Environ., vol. 154, pp. 272–284, Nov. 
2014. 

[11] the United States Geological Survey (USGS) Earth Resources Observation and Science Center (EROS), “Landsat 
8.” [Online]. Available: http://landsat.usgs.gov/landsat8.php. [Accessed: 16-Jul-2016]. 

[12] Earth Remote Sensing Data Analysis Centre, Ministry of Economy Trade and Industry, and N. A. and S. 
Administration, “Aster Gdem 2 Readme,” no. October, 2011. 



 

 

 


