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Abstract: Evaluating the performance of water indices and mapping the spatial distribution of wa-

ter-related ecosystems are important for monitoring surface water resources. This is particularly the 

case for Ethiopia since there is limited information available on water resources development over 

time despite its relevance for the people and ecosystems. To address this problem, this paper eval-

uates the performance of seven water indices for country-scale surface water detection based on 

high spatial and multi-temporal resolution Sentinel-2 data, processed using the Google Earth Engine 

cloud computing system. Results show that the water index (WI) and automatic water extraction 

index with shadow (AWEIsh) are the most accurate ones to extract surface water. Comparisons are 

based on qualitative visual inspections and quantitative accuracy indicators. For the latter, WI and 

AWEIsh obtained kappa coefficients of 0.96 and 0.95, respectively, and an overall accuracy of 0.98 

each. Both indices accounted for similar spatial coverages of surface waters with 82,650 km2 (WI) 

and 86,530 km2 (AWEIsh) for the whole of Ethiopia. 
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1. Introduction 

1.1. Water resources and the Sustainable Development Goals   

Land surface water is one of the most decisive natural resources substantially chang-

ing in spatiotemporal terms, particularly because of land use and land cover dynamics as 

well as climate change. Land surface water encompasses streams, rivers, ponds, reser-

voirs, lakes, wetlands and other inland water bodies [1, 2]. In spite of its limited extent, 

particularly in semi-arid and arid regions of the globe, land surface water is a resource for 

numerous human uses (e.g., drinking water supply, sanitation and hygiene), ensures irri-

gation agriculture, or is used for hydropower production and industrial use. In addition, 

it maintains and supports biodiversity and provides essential and diverse ecosystem ser-

vices [3–5]. Surface water resources also play a vital role in the climate system and the 

hydrological cycle [6, 7]. However, water-related ecosystems are fragile and vulnerable to 

anthropogenic impacts and climate change [8]. The biodiversity of water-related ecosys-

tems continues to deteriorate at an alarming rate [9]. Associated with climate change are 

hydrological extremes such as flooding or droughts, and emerging water-related diseases, 

both leading to increasing losses of lives. Therefore, timely monitoring of regional-scale 

surface water resources is critical for policy and decision-making processes for its sustain-

able use and management [10, 11].  

Global initiatives and policy frameworks like the Sustainable Development Goals 

(SDGs) and the Aichi Biodiversity Targets under the Convention on Biological Diversity 

(CBD) aim to ensure sustainable development of water resources, to reduce human im-

pact, and prevent the loss of biodiversity [12, 13]. Especially, the SDG 6 “Clean water and 
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sanitation” and its target 6.6 “Protect and restore water-related ecosystems” emphasize 

the need to quantify its indicator 6.6.1 “Change in the extent of water-related ecosystems 

over time” [14]. Thus, having the aforementioned potential conflicts in mind, this study 

contributes to quantifying the spatial distribution of the extent of water-related ecosys-

tems at regional-scale for Ethiopia. 

Ethiopia has significant surface water resources with eight river basins, one lake ba-

sin and three dry basins (Fig. 1). A strong rainfall gradient separates the central and west-

ern highlands with abundant annual rainfall of up to 1200 mm from the arid southeast, 

east and northeast, which receive 200 mm and below [15]. Therefore, surface water re-

sources are comparatively less available in the eastern part of Ethiopia (especially in the 

Awash basin) while the western part with the Abay (Blue Nile) river basin has large water 

resources. In contrast to the importance of water resources for human well-being and the 

country's ecosystems, monitoring systems for the availability of surface water and hydro-

logical flows are in poor condition and sometimes unreliable or malfunctioning [16]. A 

country-wide continuous assessment of a water resource indicator as requested as part of 

SDG6 is not in place.  

1.2. Remote sensing for monitoring water resources 

In contrast to in situ measurements, satellite remote sensing is an effective and effi-

cient tool for monitoring and mapping surface water distributions. It allows covering a 

wide range of spatial and temporal scales because of its accessibility, repeatability, geo-

spatial consistency, and global coverage [17, 18]. Today’s remote sensing applications are 

characterized by a multitude of high-resolution sensor techniques, often analyzed by 

powerful cloud computing systems.  

Google Earth Engine is such a cloud computing platform for global-scale analyses. It 

provides access to a range of satellite imagery, particularly Landsat and Sentinel-2 prod-

ucts and facilitates high-performance computing for social and environmental analysis, 

including water monitoring [19]. The unique band characteristics and spectral response 

methods of Sentinel-2 data are specifically helpful to detect surface water bodies from the 

background [20]. 

Surface water can be detected using multi-spectral satellite imageries on the base of 

the significantly lower infrared reflectance of water compared to other land cover types. 

Hence, based on this wavelength, numerous approaches have been developed for extract-

ing surface water from remote sensing imageries. 

The water indices method is a common classification method using multi-bands [17]. 

It is easy to use and quick to calculate [21]. Further indices include the normalized differ-

ence water index (NDWI) of McFeeters [22], the modified normalized difference water 

index (MNDWI) of Xu [23] and the land surface water index (LSWI) of Xiao et al. [24]. All 

these indices have been widely used in Landsat 5 Thematic Mapper (TM) and Landsat 7 

Enhanced Thematic Mapper (ETM+) imagery analyses. They are easy to compute and rely 

on only two input bands. Feyisa et al. [25] developed the automatic water extraction with 

no shadow (AWEInsh) using four bands (green, near infrared (NIR), short wave infrared1 

(SWIR1), and SWIR2). The AWEIsh additionally utilizes the blue band. AWEIsh is de-

signed for shadows from mountains, buildings, and clouds. The sentinel water index 

(SWI) proposed by Jiang et al. [20] is computed using red-edge1 and SWIR1 bands of Sen-

tinel-2. 

A comparative performance analysis of these water indices for Ethiopia is missing, 

particularly for the more recent Sentinel-2 data. Choosing the best index for large-scale 

surface water detection is difficult due to inconsistent results obtained from various indi-

ces and unstable threshold values to differentiate water from non-water, which is chang-

ing with location and scene [26]. Hence, the objective of this work is to demonstrate the 

potential of water index methods and select the best-performing indices for detecting sur-

face water fractions using high-resolution and multi-temporal Sentinel-2 data at the coun-

try scale. The indices are calculated using the Google Earth Engine. We investigate the 
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spatial distribution of water resources in Ethiopia and monitor surface water resources in 

relation to the fulfillment of SDG 6.   

2. Materials and Methods 

2.1. Description of the study area  

Ethiopia has 12 major basins with all river basins experiencing water shortage from 

time to time, except the Abay basin (Fig. 1). In the eastern part of Ethiopia, surface water 

resources are limited since almost no perennial rivers are found below 1,500 m a.s.l. Ethi-

opia’s 12 major lakes cover around 7,300 km2. Lake Tana (in the Abay basin) is the largest 

one, and it is the main water source of the Nile River. Most other lakes are saline and 

located in the Rift Valley.  

 

Figure 1. Main water bodies with basins of Ethiopia (own figure, source: Ethiopia Geospatial Institute). 

2.2. Surface water extraction 

The methods of water extraction with water indices are implemented starting with 

(1) data acquisition of Sentinel-2 optical imagery; followed by (2) data pre-processing in-

cluding the application of cloud/shadow masking and filtering; (3) feature sample collec-

tion for performance evaluation; (4) calculation of water indices, and finally (5) perfor-

mance evaluation of water indices.  

 

(1) Data acquisition 

We use Sentinel-2 data from December 01st, 2021 to November 30th, 2022. It is ac-

quired by the Copernicus program in the Earth Observation program of the European 

Union, which provides multi-spectral data in the visible, near-infrared, and shortwave 

infrared parts of the spectrum, a total of 13 bands. The granules cover 100 by 100 km2 with 

a spatial resolution of 10 m (bands blue (B2), green (B3), Red (B4), and NIR (B8), 20 m (red 

edge 1 (B5), red edge 2 (B6), red edge 3 (B7), red edge 4 (B8a), SWIR 1 (B11), and SWIR 2 

(B12) and 60 m (aerosols (B1), water vapor (B9), and cirrus (B10)) for the most widely 

available Level-1C standard product. The temporal resolution or the revisit frequency of 
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each individual Sentinel-2 satellite is 10 days and the combined constellation revisit is 5 

days. 

 

(2) Data pre-processing 

Once Sentinel-2 imagery is acquired, it is pre-processed using the cloud/shadow 

mask function in Google Earth Engine cloud computing processing [27]. Processing is per-

formed in all spectral bands at 60 m spatial resolution. The cloud mask detected cloud-

free and cloudy pixels, including both dense clouds and cirrus clouds. After all filtering 

steps, each corresponding spectral band is resampled in a radiometric interpolation at 

spatial resolutions of 10 m and 20 m. Thus, all these pre-processing steps contribute to the 

identification of cloud-free pixels. 

 

(3) Feature sample collection 

Georeferenced samples from Sentinel-2 and coincident high-resolution imagery and 

OpenStreetMap data in Google Earth Engine are collected for accuracy assessments. These 

samples are collected throughout the entire study area using a stratified random sampling 

approach. Features are collected from both water and non-water areas, respectively. Wa-

ter bodies are additionally stratified by size and type, and features in each sample are 

separated by a minimum distance of 500 m to reduce spatial autocorrelation. A total of 

2,480 feature samples are collected in October 2022.  

 

(4) Calculating water indices 

Seven water indices are calculated in the Google Earth Engine computing system us-

ing the equations presented in Table 1. All indices have originally been developed for 

Landsat-based index classification except for SWI.  

 

Table 1. Water index methods. 

Index Index name Source Equation 

NDWI Normalized Difference  

Water Index 

McFeeters 

(1996) 

(Green − NIR )

(Green + NIR)
  

MNDWI Modified Normalized Difference Wa-

ter Index 

Xu (2006) (Green − SWIR1 )

(Green + SWIR1)
  

AWEInsh Automated Water Extraction Index 

non shadow 

Feyisa et al. 

(2014) 

(4*(Green-SWIR1))-

(0.25*NIR+(2.75*SWIR2)) 

AWEIsh Automated Water Extraction Index 

shadow 

Feyisa et al. 

(2014) 

(Blue+2.5*Green-1.5*(NIR+SWIR1)-

0.25*SWIR2) 

WI Water Index Fischer et al. 

(2015) 

(1.7204+171*Green+3*Red-70*NIR-

45*SWIR1-71*SWIR2) 

SWI Sentinel Water Index Jiang et al. 

(2021) 

(RedEdge1 − SWIR1) 

(RedEdge1 + SWIR1)
  

LSWI Land Surface Water Index Xiao et al. 

(2002) 

(NIR − SWIR1 

(NIR + SWIR1)
  

 

(5) Performance evaluation 

Accuracy assessments are carried out to determine whether or not the results of sur-

face water extraction are acceptable. In this study, qualitative (visual) and quantitative 

assessments are undertaken. In the visual assessment, the magnitude of continuousness 
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and the smoothness of the boundary of water bodies are assessed and cross-checked with 

reference data. The quantitative assessment is carried out using the 2,480 feature sample 

points. Indicators of evaluation include producer accuracy, user accuracy, overall accu-

racy, and Kappa coefficient.  

Confusion matrices, the common method of describing the accuracy of the classifica-

tion [28], are used to compare the reference data and the corresponding classification out-

puts on a category-by-category basis. According to Lillesand et al. [28], user accuracy is 

computed by dividing the number of correctly classified pixels in each category by the 

total number of pixels that are classified in that category (the row total), which is known 

as the specificity or true negative rate, and the complement of the commission error. The 

producer accuracy is obtained by dividing the number of correctly classified pixels in each 

category (on the major diagonal) by the number of training set pixels used for that cate-

gory (the column total), which is known as the sensitivity or true positive rate, and the 

complement of the omission error. The Kappa coefficient of the agreement is used for a 

multivariate statistical measure that can be used to test classification accuracy. The user 

accuracy, producer accuracy, overall accuracy, and Kappa coefficient are computed in-

cluding the confusion matrix for the classification in Google Earth Engine computing. 

Then, based on the detailed visual inspection and the highest values of the accuracy indi-

cators for the validation datasets, the optimum thresholds are determined that separate 

water and non-water pixels. Finally, based on the aforementioned indicators of accuracy, 

the better-performing indices are selected and then used to quantify the spatial distribu-

tion of surface water resources in Ethiopia. 

3. Results 

3.1. Visual assessment of water indices  

The results of water detection using seven indices for specific locations and the whole 

of Ethiopia are presented in Fig. 3 -5. As can be seen, particularly in areas #1 and #3, where 

the surrounding areas are vegetated areas and urban areas, WI and AWEIsh are relatively 

better at detecting surface water. SWI is less good as there is some misclassification as 

water bodies (Fig. 3, #1 and #2). NDWI is relatively less effective than MNDWI because of 

some unclassified water pixels, especially in area #1 and #3. In our case, AWEInsh only 

detects large water bodies, and LSWI is also unable to detect water bodies correctly. In flat 

areas, WI and AWEIsh are more effective to detect rivers compared to other water indices 

(Fig. 4). MNDWI is also superior in these flat and less vegetated areas, while NDWI is less 

able to map the rivers. As can also be seen in Fig. 4, SWI detected the river but misclassi-

fied non-water bodies as water bodies. AWEInsh and NDWI are unable to identify rivers 

and small water bodies. Therefore, in this large-scale water detection experiment using 

Sentinel-2 data in Google Earth Engine, the WI and AWEIsh are the best-performing water 

indices for surface water detection from a visual assessment point of view. 
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Fig. 3. Specific map section for visual assessment and comparison of water indices outputs for part of the Bahir Dar area 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Specific map section for visual assessment and comparison of water indices outputs for the Awash river reach 
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WI          AWEIsh 

Fig. 5. Country-scale map of surface water coverage using best-performing water indices 

Performance evaluation of water indices  

The accuracy assessments of each water index with accuracy indicators are presented 

in Table 3. As can be seen in Table 3, the detection of surface water bodies is more difficult 

than that of non-water bodies. The water producer’s accuracy ranges from 0.30 to 0.98, 

whereas non-water producer’s accuracy ranges from 0.91 to 0.98. All indices, except LSWI, 

have a satisfying classification accuracy >0.85 with regard to the overall accuracy, pro-

ducer’s accuracy, user’s accuracy, and Kappa coefficient. The WI achieves the highest ac-

curacy with a Kappa coefficient and overall accuracy of 0.96 and 0.98, respectively. All 

other indicators, except for the LSWI, have only slightly worse performance criteria. The 

difference in accuracy between the LSWI and the other indices is striking. This index is 

the least-performing one with an overall accuracy and Kappa coefficient of 0.82 and 0.31, 

respectively. Overall, the AWEIsh and particularly WI outperform the other indices re-

garding accuracy indicator performances depicted by the heat map in Table 3, whereby it 

must be said that the differences between six of the seven indices are in part only marginal. 

Together with the information from the visual assessment, we conclude that in this study, 

the WI and AWEIsh are the most accurate water indices using the high and multi-tem-

poral resolution of Sentinel-2 data for surface water detection in Ethiopia. 

 

Table 3. Heat map of classification accuracies and Kappa coefficients of water indices (acc=accuracy) 

 
Producer acc Producer acc User acc User acc Overall acc Kappa coeff 

  Water Non-water Water Non-water 
  

NDWI 0.87 0.95 0.94 0.95 0.94 0.89 

MNDWI 0.94 0.96 0.95 0.96 0.96 0.93 

AWEInsh 0.97 0.97 0.96 0.97 0.97 0.94 

AWEIsh 0.98 0.97 0.96 0.98 0.98 0.95 

WI 0.97 0.98 0.97 0.98 0.98 0.96 

SWI 0.93 0.97 0.95 0.97 0.97 0.94 

LSWI 0.3 0.91 0.37 0.88 0.82 0.31 

 

Finally, the surface water coverage is calculated using the seven indices across Ethi-

opia. As can be seen, WI, AWEIsh, and MNDWI indices extract more or less similar 
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surface water coverages of 82,650, 86,530, and 88,160 km2, respectively. Slightly deviating 

is the coverage estimated by NDWI (79,650 km2). Completely different are the remaining 

coverages derived by the AWEInsh (51,800 km²), SWI (111,500 km2) and LSWI (207,520 

km2). 

 

     4. Discussion 

Many water indices have been used in analyzing Landsat imagery (e.g., NDWI [22], 

LSWI [24], MNDWI [23], AWEI [25], and WI [17]). In Ethiopia, for example, Sisay et al. 

[29] estimated the development of lake sizes over time of three lakes in the South part of 

the country using Landsat data. An analysis for the entire country is not at hand, to our 

best knowledge. The launch of the Sentinel constellation by the European Space Agency 

(ESA) under the Copernicus program is a breakthrough moment as it provides access to 

free and high-resolution imagery. Therefore, we calculated several Landsat-based water 

indices on the national level of Ethiopia using Sentinel-2 data.  

In the visual assessment, our results show that the WI and AWEIsh indices have a 

superior accuracy in surface water detection. They are more effective to detect surface 

water in urban and vegetated areas, despite that the detection in such areas is commonly 

difficult due to shadows [25]. Shadows in urban areas are often misclassified as water 

bodies, as they have similar low reflectivity characteristics to water bodies [30]. Fischer et 

al. [17] state that WI and AWEIsh performed best, the MNDW and AWEInsh performed 

less accurately, and NDWI the least. In our study MNDWI is more effective than NDWI, 

AWEInsh and SWI in detecting rivers and small water bodies. The MNDWI is an im-

proved version of the NDWI in that it uses the SWIR band instead of the NIR band that is 

used in the NDWI to normalize the water and vegetation indices [23]. NDWI is less sensi-

tive to small water bodies and rivers and is also affected by noise from urban and vege-

tated areas. As a result, it is unable to detect part of the Awash River and small water 

bodies in the Bahir Dar area (Fig. 3 and 4). The contrast between water and land is ac-

ceptable for MNDWI, although it is less accurate than WI and AWEI in predicting the 

fractional cover of small water bodies or small streams [30]. SWI is better than NDWI, 

AWEInsh, and LSWI for detecting small water bodies and river channels. However, it is 

challenged by the elimination of shadow noise from surrounding non-water features. 

Jiang et al. [20] also observed that SWI is better than NDWI at detecting wide river chan-

nels.  

The accuracy of the water indices are evaluated quantitatively in terms of different 

accuracy indicators: producer’s accuracy, user’s accuracy, overall accuracy, and kappa co-

efficient. Surface water is more difficult to detect than non-water surfaces. This is because 

water is transparent and changes color depending on the depth, color and amount of sed-

iment it contains. Our result shows that WI and AWEIsh are the most accurate water indi-

ces. A similar result was observed in four cases studies in Switzerland, Ethiopia, South 

Africa, and New Zealand, where AWEIsh achieved water user and producer accuracies of 

0.96-0.99 and 0.91-0.99%, respectively [25]. Similarly, AWEIsh achieved a kappa coefficient 

of 0.97 in Ethiopia, and AWEInsh was also detected in a shadow-free image from Denmark 

with water user's and producer's accuracy of 0.98 and 0.92, respectively [25]. Fisher et al. 

[17] reported – close to our results – overall accuracies of 0.98, 0.97, and 0.95 for WI, 

MNDWI, and NDWI for images from eastern Australia. Liu et al. [30] also observed that 

WI achieved an overall accuracy of 0.96 and a kappa coefficient of 0.89, and AWEIsh also 

performed well with an overall accuracy of 0.96 and a kappa coefficient of 0.89. In this 

study, LSWI performs worse due to the limitation of the index in interpreting Sentinel-2 

data. It is also heavily influenced by the background noise of non-water features in the 

study area.  

Overall, the performance evaluation criteria in our study are common and acceptable 

for evaluating the results of surface water detection using water indices [17, 25]. The results 

present are even slightly higher than those of previous works, which range from 0.94 to 

0.98 in overall accuracy, except for LSWI. This is perhaps due to the use of relatively higher 
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spatial and spectral resolution of the Sentinel-2 data with Google Earth Engine processing. 

In addition, Sentinel-2's unique band characteristics and spectral response methods are 

likely more effective than Landsat imagery at detecting water bodies from the background 

[20]. 

The best-performing indices, WI and AWEIsh, are efficient and replicable in Sentinel-

2 data using Google Earth Engine computing. Even though they are specifically designed 

for Landsat sensors [17, 25], they are also effective in producing high-quality maps for 

large-scale surface water detection using high-resolution Sentinel-2 imagery. Conse-

quently, these methods are useful for policymakers and stakeholders in water resources 

monitoring, also in the light of missing monitoring efforts of SDG6 for Ethiopia.  

 

5. Conclusion 

This paper demonstrates that the qualitative and quantitative accuracy of WI and 

AWEIsh are sufficient for operational surface water detection on a national scale in Ethi-

opa. High-resolution and multi-temporal Sentinel-2 data have an important potential ap-

plication in large-scale surface water detection. Our results confirm that water indices us-

ing Sentinel-2 data produce reliable surface water coverage assessments and that the ap-

plication of water indices could successfully contribute to the achievement of SDG 6 at the 

regional level, as they are useful for guiding conservation efforts and the sustainable use 

and management of surface water resources. 

However, any approach of surface water detection that only considers remote sensed 

imagery has difficulties in making future projections of surface water coverage, as images 

are always from the past. For future projections, for example if information is needed on 

climate or land use change effects on surface water resources, dynamic variables that 

change over time should complement surface water detection. This likely includes hydro-

meteorological variables from weather forecasts or climatic projections as well as dynamic 

land use features of land use projections. Such information should be merged with satel-

lite imagery to allow for future projections. For this task, we see a particular benefit for 

method and data fusion techniques using machine learning methods, which have been 

provided promising results in the recent past for surface water detection [31, 32].  
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