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Article
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Abstract: We performed the accuracy assessment of three different Normalized Difference Water
Indices (NDWIs) in water bodies during April 2019, a period in which floods occurred in a large
proportion of the Southwest of the Buenos Aires Province (Argentina). The accuracy of the estimations
using spaceborne medium-resolution multi-spectral imaging, and the reliability of three NDWIs to
highlight shallow water features in satellite images, was evaluated using a high resolution airbone
imagery as ground-truth. It is shown that these indices computed using Landsat 8 and Sentinel-2
imagery are only loosely correlated to the actual flooded area in shallow waters. Indeed, NDWI
values vary significantly depending on the satellite mission used and the type of index computed.

Keywords: High and medium multi-spectral imaging (Landsat 8, Sentinel-2); Airborne imagery;
Normalized Difference Water Index; Geographical measurements

1. Introduction

Remote sensing has a large number of applications, among which the most common is to classify
landcovers and to analyze the changes that occur therein along time. One of the most vital Earth
resources is the surface water, which is undergoing changes in time and space as a consequence of land
use and climate change [1]. Analysis of surface water storage is important as a means to determine the
predisposition to flooding in a given region [2]. In this context, satellite imagery is a valuable tool for
monitoring land and floods since it is the most cost and time effective method available to quantify and
map flooded areas. For this reason, the optical sensors abroad the satellite constellations are designed
to register specific spectral bands that allow the differentiation of flooded from non-flooded areas.

The variation in size of different water bodies that have been reduced due to various causes
has been analyzed over several periods. The most cost-effective method is using remote sensing
and GIS techniques together with field validation. In most cases, the Normalized Difference Water
Index (NDWI) is used to rate changes in the water area [3]. Furthermore, several studies have been
conducted using remote sensing data to detect spatial and temporal changes in flooded areas, study
their changes, and assess actual or potential flood damage in urban areas. The majority of the flood
maps were developed from the surface reflectance using MODIS data, given the short revisit times and
the wide area coverage of this mission [4,5]. The MODIS sensor is a scientific instrument launched into
Earth orbit by NASA in 1999 on board the Terra satellite and in 2002 on board the Aqua satellite. These
sensors provide images of the earth with high radiometric sensitivity and high temporal resolution (i.e,
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short revisit times). The MODIS sensor provides twice daily near-global coverage at 250 m resolution
data sources for flood products. Although other instruments provide higher resolution data, none
provides global daily coverage [6]. However, although MODIS sensor plays a very important role
in the development of models for predicting global climate change, monitoring deforestation, forest
fires, droughts and floods, it does not have an optimal spatial resolution for use in small areas [7]. For
instance, Pekel et al. [8] developed an innovative method for detecting bodies of water by colorimetric
analysis. The methodology is generic and thus can be applied to sensors with similar bands with
adequate reliability, but has been devised to be applied on continental scales only.

On the other hand, probably the most widely used data source for remote sensing are Landsat
images, which are available (in different constellations and thus different sensors) from 1972 to the
present, offering the longest continuous global register of the Earth’s surface. This record has collected
spectral information from Earth’s surface which gives scientists the ability to assess landcover changes
that can be traced and evaluated along 50 years, providing sound statistical significance in several
studies. Despite this valuable information, Landsat imagery have a moderate spatial-resolution and a
long revisit time [9]. This limits their applicability in various situations [1]. For instance, the actual
shape and size of relatively small water bodies is difficult to assess given the mixed pixel phenomenon
that arise when the pixel footprint over the surface contains a varying proportion of actual superficial
water [10].

In this and other senses, the goal of the Sentinel program is to replace the current older Earth
observation missions which have reached retirement or are currently nearing the end of their
operational life span. The mission is specifically aimed at a more accurate land cover monitoring
and associated applications in change-detection mapping. For instance, the shorter revisit time of
the SENTINEL-2 mission helps the studies of deforestation by providing opportunities to acquire
cloud-free image data, as well as to contribute to the monitoring and modelling of climate-induced
changes, which can support the detection of flood events [11].

Lakes and lagoons in particular are subject to different studies with the need to monitor water
quality at different scales [12]. Sentinel-2 multispectral sensor includes spectral bands that are adequate
for mapping different water parameters. This, together with a higher spatial resolution, enabled new
analysis tools for small water bodies monitoring, allowing even small lakes to be studied [13]. However,
although the images have a moderate spatial resolution, it is still difficult and inaccurate to detect small
bodies of water by means of the Normalized Difference Water Index (NDWI) or similar indices [14].

During the late 2018, infrequent high precipitation rates in the Buenos Aires province, Argentina,
created an unusual raise in the size of lagoons, small water bodies, and a proportion of otherwise
productive areas turned flooded. Even though in specific departments of this Province a large surfaces
were flooded or moist, the NDWI indices provided by these satellite missions (especially MODIS)
consistently overestimated the actual proportion of flooded areas, in some cases by gross percentages.
An adequate assessment of the actual impact of the condition was frequently required by crop
producers, governmental agencies, and other actors, but in this particular context the adequacy
of remote sensing appeared to be of little use. For this reason, in this study we attempt to determine
bias and variance in the determination of actual NDWI products using several indices (Xu, Gao,
McFeeters) computed from Landsat-8 and Sentinel-2 imagery. We use airborne images as ground-truth,
in which the very high resolution allows to determine the actual proportion of dry and wet surface in a
satellite pixel footprint, and thus study the influence of the mixed pixel effect in different water indices.
The results show that in shallow parts of small water bodies these indices have little correlation with
the actual water landcover, especially in or near the shoreline.
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2. Materials and Methods

2.1. Study areas and sample preparation

The La Salada lagoon is located SW of the Buenos Aires Province in ARGENTINA (3927′S, 6242′◦),
about 6 km from the city of Pedro Luro, Villarino district (Figure 1). It is an typical endorheic lagoon
where two water channels discharge the excess water from the agriculture usage of the Colorado
River [15]. It has approximately 400 hectares (4 km2) of extension and an average depth of 6 meters. In
the NE shore of the lagoon a recreational environment is placed, forested but with urban characteristics,
with touristic and other facilities. Among others, various nautical activities, fishing and also diving
can be performed. It is also a very popular place for windsurfers. This type of lagoons is common in
the SW of the Buenos Aires Province, of which the size and depth is dependent on rainfall, presenting
periods whn they dry, and others with overflow conditions where flooding of the surrounding fields
arise. This was extensively confirmed by [16], where it is shown that the topography of the geographic
region, the low permeability of the soil, and the shallow character of these lagoons, cause the water to
evaporate in periods of drought, reducing its area, and, on the other hand, flooding in periods with
more than average rainfall.

Figure 1. Geographic location of the study area, a) image of the lagoon in Google Earth, b) location of
the lagoon in Buenos Aires province and in Argentina.

2.2. Data acquisition

For this study, we used airborne RGB imagery together with Landsat and Sentinel multispectral
images, all taken within a very short time interval to have consistent measurements. Google Earth
images were not a choice since the ones available didn’t reflect the actual size of the lagoon during
the satellites’ takes. Due to regulations, it was not possible to fly all around the lagoon shore (a safe
distance away the recreational section has to be respected). Then the takes cover only the SW portion
of the lagoon. As ground-truth, we built a mosaic of georreferenced images taken from an unmanned
aerial vehicle (UAV) Phantom III. The flight was carried out during April 11, 2019, at a height of 70
meters, which yield a spatial resolution of 15 cm/pixel. A Landsat 8 image was downloaded from
the Earth explorer website (https://earthexplorer.usgs.gov/). The image corresponding to the OLI
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sensor, is located in the path 226 and row 87. It has a processing level 2 and was taken on April 12,
2019. Landsat Level-2 products includes surface reflectance (Bottom Of Atmosphere - BOA), that
measures the fraction of incoming solar radiation that is reflected from the Earth’s surface to the
Landsat sensor, and the Land Surface Reflectance Code (LaSRC) corrected for the temporally, spatially
and spectrally varying scattering and absorbing effects of atmospheric gases, aerosols, and water vapor,
which is necessary to reliably characterize the Earth’s land surface. A Sentinel 2B satellite image was
downloaded from the same website. This image was taken on April 12, 2019 with tile number 20HNB.
The image corresponds to the MultiSpectral instrument (MSI) sensor and has a processing level 2A.
Level-2A product provides, from algorithms of scene classification and atmospheric correction, Bottom
Of Atmosphere (BOA) reflectance images derived from the associated Level-1C products.

2.3. Processing

An overview of the whole processing steps is as follows. First, the georreferenced mosaic was
computed with the images acquired from the UAV and saved as a layer in a QGIS project. The lagoon
shoreline was segmented by specialist geographers over the mosaic, and saved as a shapefile in the
same project. The aereal mosaic and the shapefile are considered ground truth. Then the georreferenced
Landsat and Sentinel images of the same region were also stored as layers. The pixels corresponding to
the lagoon shoreline in these images were determined using the previous shapefile using two different
criteria: zeroth order (nearest neighbor) and first order (see below). These two criteria determine the
actual mixed pixels present in the satellite images. For these pixels, two values were computed. First
the NDVI was computed using several indices (Xu, Gao, McFeeters). Second, the footprint of the
pixel was put into correspondence with the aereal mosaic, and the actual percentage of water pixels
therein was computed. With these two values for each satellite pixel corresponding to the shoreline,
a scatterplot was built to test the actual correlation between the NDVI and the actual percentage of
water according to the ground truth. The complete pipeline can be seen in Figure 2.

As mentioned above, three NDWI indexes were computed to assess their behavior in mixed
pixels. McFeeters [17] proposed the NDWI using green and NIR bands to maximize the reflectance
of a water body in the green band while minimizing that in the NIR band (Equation 1). This index
can effectively enhance the water information in most cases. It has the drawback that it is sensitive to
built-up areas and can lead to an overestimation of the size of water masses.

NDWIMcFeeters =
ρgreen − ρNIR

ρgreen + ρNIR
(1)

The method proposed by Xu is analogous to that of McFeeters, but does not contemplate the NIR
band and uses the SWIR band (Equation 2). The modified index can enhance open water features
while efficiently removing built-up land noise as well as vegetation and soil noise [18].

NDWIXU =
ρGreen − ρSWIR1

ρGreen + ρSWIR1
(2)

Gao proposed another index, sensitive to the change in water content of leaves [19]. This is
computed using the near infrared and the short wave infrared bands (Equation 3).

NDWIGAO =
ρNIR − ρSWIR1

ρNIR + ρSWIR1
(3)
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Figure 2. Processing pipeline to estimate water cover percentage in satellite imagery and airbone
images.

These NDWI indexes were computed using the raster calculator of QGIS. To process Landsat 8
satellite images, bands 3 and 6 were used in Xu NDWI, bands 5 and 6 for Gao’s NDWI, and bands 3
and 5 in McFeeters’s NDWI. In Sentinel 2 satellite images, bands 3 and 11 were used to compute Xu
NDWI, but since band 3 has a spatial resolution of 10 meters and band 11 has a spatial resolution of 20
meters, band 3 was reclassified to have the same spatial resolution as band 11. For Gao’s NDWI bands
8A and 11 and for McFeeters’s NDWI bands 3 and 8 were used (Figure 3).

The lagoon shoreline segmentation was carried out over the mosaic, where the delimitation
water vs. ground is selected through the experts’ evaluation (Figure 4). The resulting shapefile was
overlapped over the registered Landsat-8 and Sentinel-2 images to establish a set of boundary pixels
in each satellite image. The actual shoreline (mixed) pixels in the satellite images were determined
according two different criteria. The first criterion is to model the pixel acquisition as a zeroth-order
process, and therefore the pixel with its center closest to the segmented shoreline is considered to be
the raster representation of the shoreline in the satellite image. This criterion is coincident with the so
called nearest neighbour in image processing. The second criterion was to assume a first order image
generation process during the satellite acquisition. According to this criterion, the actual vectorized
shoreline passes between two pixel centers, and therefore these two pixels are in fact mixed pixels to
some extent (unless in the very rare case in which the vectorized shoreline passes exactly over the very
center of one pixel. Figures 5 and 6 show these two criteria applied respectively over the Landsat and
Sentinel images.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 July 2023                   doi:10.20944/preprints202307.0594.v1

https://doi.org/10.20944/preprints202307.0594.v1


6 of 12

Figure 3. Landsat-8 (upper row) and Sentinel-2 (lower row) NDWI indexes: (a) L8 McFeeters. (b) L8
Xu. (c) L8 Gao. (d) S2 McFeeters. (e) S2 Xu. (f) S2 Gao.

Figure 4. Lagoon shoreline segmented by expert geographers (in red).
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(a) (b)

Figure 5. Mixed pixels in the Landsat image. (a) Zero-order criterion. (b) First order criterion.

(a) (b)

Figure 6. Mixed pixels in the Sentinel image. (a) Zero-order criterion. (b) First order criterion.

The assessment of the computed NDWI indexes proceeded as follows. For each of the mixed pixels
selected in the satellite images (according to the two different criteria) the NDWI is computed with
the selected method. Then the footprint of the pixel is put into correspondence with the UAV mosaic,
where it occupies hundreds or thousands of pixels, according to their respective resolutions. The
percentage of water pixels within this footprint is computed. With these two values (NDWI and water
pixel percentage in the footprint), a scatterplot can be elaborated, where the actual correspondence
within NDWI and water coverage can be assessed (see Figure 7). Then, for each of the NDWI indexes,
we have four different scatterplots, composed by the established mixed pixels that were determined
according to two different criteria in the Landsat-8 and in the Sentinel-2 images.
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Figure 7. Overview of the method. (a) For each pixel in the contour (highlighted in blue), the NDWI is
computed with the selected method. (b) The footprint of the pixel is put into correspondence with the
aerial image and the percentage of water pixels therein is computed. (c) These two values (NDWI and
water pixel percentage) determine the coordinates of the given pixel in the final scatterplot.

3. Results

3.1. Landsat-8 and Sentinel-2 criterion 1

Figure 8a shows that NDWI values obtained according to Xu’s proposed equation, for the
Landsat-8 image, are negative and positive for pixels with the same water surface. Furthermore,
most of the extracted pixels are negative and few positive extracted pixels cover a higher water
percentage. On the contrary, McFeeters values obtained are all negative (Figure 8c). In both plots,
the regression line has a positive slope, showing a slight tendency to the highest NDWI value, so the
percentage of water in that pixel is also higher. The NDWI values obtained from Gao’s equation are all
positive regardless of pixel water coverage (Figure 8b). The slope of the regression line is smooth and
NDWI values are similar for a low and high water percentage in the pixel.

In the case of the Sentinel-2 image, according to Xu’s proposed equation, NDWI values are mostly
positive, few negative pixels values have indistinctly little and much water percentage (Figure 9a).
Values obtained from McFeeters NDWI are all negative, in which few pixels with positive values cover
a greater percentage of 40% water (Figure 9c). The regression line in both plots is similar to McFeeters
and Xu in Landsat-8. The NDWI values obtained from Gao’s index are all positive regardless of
pixel water coverage (Figure 9b). The slope of the regression line is smooth. Moreover, Gao, Xu and
McFeeters NDWI values are scatter and similar for both, low and high value of water percentage.
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(a) (b) (c)

Figure 8. Water cover percentage and NDWI values obtained from the vectorized pixels according to
criterion 1 using Landsat-8 image: a: Xu NDWI. b: Gao NDWI. c: McFeeters NDWI.

(a) (b) (c)

Figure 9. Water cover percentage and NDWI values obtained from the vectorized pixels according to
criterion 1 using Sentinel 2 image: a: Xu NDWI. b: Gao NDWI. c: McFeeters NDWI.

3.2. Landsat-8 and Sentinel-2 criterion 2

As shown in Figure 10a for Landsat-8 image, Xu’s NDWI values are mostly negative, and a few
positive pixels have low and high value of water percentage. McFeeters’s NDWI values are all negative
(Figure 10c). The regression line shows, in both plots, a negative slope, with a slight tendency to the
higher NDWI value, so the water cover percentage is lower. NDWI values obtained from Gao’s index
are all positive (Figure 10b) and the slope of the regression line is smooth, a similar case to Gao’s
criteria 1. It is also possible to observe values scatter and similar, no matter the water cover percentage.

As shown in Figure 11a, in the case of Sentinel-2 image, NDWI values are mostly positive
according to Xu’s index, whereas a few pixels with negative values are those with the greatest water
coverage. On the contrary, the values obtained according to the McFeeters index are mainly negative.
The few pixels extracted with positive values are those with little water coverage (Figure 11c). The
regression line has a negative slope in both plots, shows an inverse correlation. Similar to criteria 1,
as shows Figure 11b, NDWI values obtained from Gao’s equation are all positive regardless of pixel
water coverage and the slope of the regression line is smooth. NDWI values are more scatter than for
Landsat-8 image in the three calculated NDWIs.

(a) (b) (c)

Figure 10. Water cover percentage and NDWI values obtained from the vectorized pixels according to
criterion 2 using Landsat-8 image: a: Xu NDWI. b: Gao NDWI. c: McFeeters NDWI.
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(a) (b) (c)

Figure 11. Water cover percentage and NDWI values obtained from the vectorized pixels according to
criterion 2 using Sentinel 2 image: a: Xu NDWI. b: Gao NDWI. c: McFeeters NDWI.

4. Discussion and Conclusion

This research intends to assess the quality of NDWI values and their correlation with pixel water
coverage in small water bodies. In all, twelve different evaluations were performed (three indices, two
satellite constellations, and two criteria for shoreline pixel selection). The results show that these values
in the two most widespread satellite constellations, and using three different NDWI formulations, do
not have the expected accuracy and consistency.

NDWI values obtained according to Xu’s index have a moderate positive correlation to the actual
water coverage of the pixels in the zeroth-order shoreline reconstruction method (criterion 1), and a
negative correlation in the criterion 2. The values themselves are mostly negative for the Landsat-8
image, indicating the absence of water. However, for the Sentinel-2 image, the opposite occurs, even
detecting water in areas where vegetation is found. This may be attributed to the fact that Xu’s equation
has been shown to be effective on a wide range of sensors, showing better results for Sentinel-2 images.
Furthermore, different studies show that Xu’s equation is accurate in water bodies with a shallow
depth, in areas with high turbidity, or where shallow waters are vegetated.

With the equation proposed by Gao, positive NDWI values are consistently obtained, both for
the Landsat-8 and the Sentinel-2 image, and in both criteria. This indicates presence of water in bare
ground and soil with vegetation, resulting in a slight overestimation of water coverage. This may
be attributed to the fact that Gao’s equation has been shown to be more accurate in areas with low
turbidity and in deep water bodies. It is likely that the index is not being sensitive to the variation
of the reflectance of the water in relation to the reflectance of the surrounding soil. This index is
positively correlated to the actual water coverage, except in Landsat images with shoreline pixels
selected according to criterion 2.

Finally, NDWI values obtained by the McFeeters’ index are almost always negative, for both
images and criteria. In the case of the Landsat-8 images, this underestimation of the water coverage is
stronger, and for Sentinel-2 images, the underestimation is smaller. As with Xu’s index, the correlation
between the index and the water coverage is positive with criterion 1 and negative with criterion 2.

A consistent result in all indices is the negative correlation obtained when using criterion 2 (first
order shoreline reconstruction). As seen in the corresponding scatterplots, this criterion introduces
several pixels with very high actual water coverage. An inspection on the six corresponding scatterplots
(Figures 10 and 11) shows that the computed indices are not necessarily higher in these pixels (and are
significantly below the mean in the Sentinel case), even though that except for McFeeters the actual
NDWI was positive in these pixels. This can be attributed to differences in the actual spectral bands of
the sensors, and that the Sentinel sensor is more affected by the water turbidity of the lagoon than the
Landsat sensor.

Since flood maps computed from satellite images almost in real time are becoming a vital tool
for decision-making in disaster monitoring and evaluation, the choice of imagery and index (and also
the interpretation of the indices themselves) should be taken with special care. Flooded areas contain
mixtures of water and land, vegetation, or even urban areas. Therefore only a fraction of the pixel
is free water, which in turn may be turbid or carry a large amount of material in suspension. This
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contribution shows that the choice of one index over another will depend on the specific characteristics
of the satellite image and the water body being studied.
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