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A B S T R A C T

Wetlands are among the most biodiverse ecosystems in the world, due largely to their dynamic hydrology.
Frequent observations by satellite sensors such as the Moderate Resolution Imaging Spectrometer (MODIS) allow
for monitoring the seasonal, inter-annual and long-term dynamics of surface water extent. However, existing
MODIS-based studies have only demonstrated this for large water bodies (> 100 km2) despite the ecological
importance of smaller-sized wetland systems. In this paper, we assessed if the temporal dynamics of surface
water extent can be effectively captured with MODIS for a wide range of water body sizes, specifically 0.01 km2

and larger. We constructed the temporal dynamics of surface water extent for 340 individual water bodies in the
Mediterranean region between 2000 and 2017, using a previously developed 8-day 500 m MODIS surface water
fraction (SWF) dataset. We then evaluated how MODIS SWF time series corresponded to water extent derived
from a Landsat-based dataset and to satellite-altimetry derived water level data. Results showed that although
correlations between MODIS- and Landsat-derived SWF were poor for relative static water bodies (r = 0.17),
they increased for more dynamic water bodies (r = 0.81). For dynamic water bodies> 100 km2, time series of
water extent derived from MODIS SWF showed good correlation with both Landsat (r ≥ 0.76) and water level
data (ρ ≥ 0.63). Our MODIS SWF dataset can also effectively monitor the variability of very small water bodies
(< 1 km2) when comparing with Landsat data as long as the temporal variability in their surface water area was
high. We conclude that MODIS SWF is a useful product to help understand hydrological dynamics for both small
and larger-sized water bodies, and to monitor their seasonal, intermittent, inter-annual and long-term changes.

1. Introduction

Wetlands are among the most biodiverse ecosystems in the world,
due largely to their dynamic hydrology (Halls, 1997). The hydrological
cycle of flooding and drying within a wetland is important for the
formation and maintenance of specific wetland habitat types and the
species that they support (Halls, 1997). The hydrological dynamics also
reflect spatial and temporal changes in a number of environmental
factors including anomalous rainfall-driven flood events (Cian et al.,
2018), seasonal thawing and snowmelt in spring (Watts et al., 2012)
and longer-term environmental changes (Street and Grove,
1976). Characterizing hydrological variations is a prerequisite for un-
derstanding hydrological and ecological processes across different
wetland types, and to identify abnormal changes in wetland hydrology
in relationship to normal variability of wetland hydrology general
patterns. However, accurate information on wetland dynamics is
scarce, particularly for small-sized wetlands (Ogilvie et al., 2018a).

Despite their size, small wetlands in arid, semi-arid and Mediterranean
regions often act as critical refuge and breeding areas, offer food
sources for wildlife, and harbor many plant and animal species that
would otherwise not survive in the surrounding landscape (Calhoun
et al., 2017; McCulloch et al., 2003). Efficient, accurate and robust tools
for monitoring the hydrology of wetlands over large areas are urgently
needed for management and conservation strategies (Finlayson et al.,
1999; Turak et al., 2017).

Remote sensing has been used as a cost effective tool to monitor the
changes of surface water in space and time (Alsdorf et al., 2007; Ozesmi
and Bauer, 2002). Two types of remote sensing instruments are suitable
for monitoring earth surface water, i.e., microwave and optical sensors.
Microwave sensors can effectively obtain imagery during day and night.
They have the ability to penetrate clouds and partially also vegetation
due to their usage of long wavelength radiation. Several studies have
used passive and active microwave remote sensing data to monitor
surface water and flood inundation at global scale but at a coarse spatial
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resolution>25x25 km (Du et al., 2018; Papa et al., 2010; Prigent et al.,
2007; Schroeder et al., 2015). Synthetic Aperture Radar (SAR) images
have great potential in detecting water surface beneath vegetation
(Schumann and Moller, 2015) and in near-real-time monitoring of flood
inundation (Martinis et al., 2009; Shen et al., 2019). However, the high
costs associated with obtaining SAR datasets for large areas and in a
timely fashion have limited their usefulness for continental to global
applications. Nonetheless, at present ESA’s Sentinel-1 satellite provides
free, consistent, global observations every 6 days, offering more op-
portunities for water body detection including those under vegetation
(Bioresita et al., 2018; Clement et al., 2018; Hardy et al., 2019).

Optical remote sensing data have been intensively used to monitor
open surface water and flood inundation due to their straightforward
interpretability of water features. Very high spatial resolution imagery
provided by SPOT, IKONOS, QuickBird, RapidEye, Worldview, as well
as the recent small satellite constellations such as Planet Labs (http://
planet.com) are generally able to detect small water bodies with a
higher accuracy and are also effective in monitoring the changes of
surface water (e.g. Cooley et al., 2017; Malinowski et al., 2015).
However, surface water studies based on very high resolution imagery
usually focused on small regions due to size of the image footprint and
data costs. Many attempts to monitor surface water changes with
10–30 m resolution optical data have been reported including spectral
data from Landsat (Borro et al., 2014; Doña et al., 2016; Jin et al., 2017;
Tan et al., 2019) and Sentinel-2 (Kaplan and Avdan, 2017; Yang et al.,
2018) for specific locations. For larger spatial and longer time scales,
several efforts exist to map and monitor surface water changes with
Landsat data at regional (Halabisky et al., 2016; Heimhuber et al.,
2016), continental (Mueller et al., 2016), and global scale (Donchyts
et al., 2016; Pekel et al., 2016). These datasets allow for analyzing
surface water dynamics at fine spatial resolution and over a long time
frame. However, the combination of clouds and revisit time of Landsat
results in data gaps and temporal discontinuities in the data (Pekel
et al., 2016). The limited number of observations does not provide
enough detail for understanding seasonal patterns and dynamics of
inter-annual and long-trend response, much less to determine if mea-
sured changes in the surface water extent represent natural seasonal
variability, or abnormal changes in wetland hydrology.

Moderate to coarse resolution imagery derived from satellite sen-
sors, such as AVHRR (Advanced Very High Resolution Radiometer) and
MODIS (Moderate Resolution Imaging Spectroradiometer), are ac-
quired with shorter revisit times and provide long-term and dense time
series data. Therefore, they have been widely used for monitoring
changes in surface water and inundation for large areas. Examples in-
clude NASA near-real-time global flood products at 250 m resolution
(https://floodmap.modaps.eosdis.nasa.gov/), MODIS 500 m water
mask (Carroll et al., 2017), 500 m resolution daily global surface water
change database (2001–2016) developed by Ji et al. (2018), and the
Global WaterPack which maps daily global inland water bodies at
250 m resolution for the years 2013–2015 (Klein et al., 2017). All of
these studies and datasets are based on binary classification methods
thus small water bodies especially those smaller than the MODIS pixel
size cannot be well represented. For individual water bodies, Chen et al.
(2014) investigated the spatial–temporal patterns of abrupt changes of
Poyang Lake using time-series of the Moderate Resolution Imaging
Spectroradiometer (MODIS) 16-day Normalized Difference Vegetation
Index (NDVI) product. Using the same product and unsupervised clas-
sification, Gao et al. (2012) estimated historical area changes in 34
large reservoirs around the globe. Khandelwal et al. (2017) applied
supervised classification on 16-day 500 m MODIS surface reflectance
time series data to monitor changes in surface water extent for a global
set of 94 large reservoirs. These studies are confined to large water
bodies with an area>100 km2. To overcome the limitation of coarse
spatial resolution and incorporate small water bodies, we have devel-
oped a dense 18-year time series dataset of surface water for the
Mediterranean region in a previous paper (Li et al., 2019). This dataset

estimated the surface water fraction (SWF) for each 500 m MODIS pixel
(using nadir reflectances from the MCD43A4 product) with a rule-based
regression model. By assessing water fractions, the dataset allows for
mapping and monitoring surface water smaller than a MODIS pixel.
Although in that paper we briefly illustrated the dataset’s options for
monitoring temporal changes, a formal assessment of the ability to
monitor surface water dynamics taking into account water body size
has not been performed. Therefore, the aim of this paper is to assess if
our MODIS SWF product can effectively capture the temporal changes
in surface water extent for a wide range of water body sizes (i.e.,
0.01–3100 km2). Our specific objectives are:

(1) to derive temporal dynamics of surface water extent between 2000
and 2017 for individual water bodies using the previously devel-
oped 8-day 500 m resolution MODIS SWF dataset;

(2) to assess how closely those temporal dynamics match the variability
of surface water extent obtained from a Landsat-based dataset and
water level data;

(3) to characterize the water extent time series and to identify different
dynamic patterns (e.g. intermittent, seasonal, inter-annual or long-
trend dynamics).

2. Data

2.1. Landsat-based global surface water dataset

The Joint Research Centre’s Global Surface Water (JRC-GSW) da-
taset (Pekel et al., 2016) maps the temporal and spatial dynamics of
open surface water over a 32-year period (from March 1984 to October
2015) at monthly time interval and at 30 m spatial resolution globally.
This dataset was produced by analyzing the entire archive of Landsat 5,
7 and 8 using an expert system. The expert system is a sequential de-
cision tree that used both the multi-spectral and multi-temporal attri-
butes of the Landsat archive as well as ancillary data layers. The dataset
was validated using> 40,000 reference points from very high resolu-
tion satellite and aerial imagery, which revealed a high accuracy with a
commission error< 1% and omission error< 5% (Pekel et al., 2016).
The JRC-GSW dataset includes the monthly water history dataset,
which is a set of 380 global maps documenting the water presence for
each month from March 1984 to October 2015, and eight additional
information layers, documenting different facets of the surface water
dynamics. The complete dataset with the described layers is available in
Google Earth Engine.

Although JRC-GSW has a high spatial accuracy, it only provides
information on changes in surface water at a monthly interval.
Furthermore, it contains long temporal gaps due to both the limited
number of acquisitions during specific time intervals, and due to region-
and month-dependent persistency of cloud cover. These temporal gaps
can affect the accuracy of the trend and seasonality information (Li
et al., 2019; Yamazaki and Trigg, 2016).

2.2. MODIS-derived surface water fraction dataset

The MODIS-based surface water fraction (SWF) dataset (Li et al.,
2019) provides 18 years (2000–2017) of water fraction maps at 500 m
spatial resolution and 8-day temporal resolution for the Mediterranean
region. We derived this dataset from the MODIS Terra and Aqua Nadir
BRDF-Adjusted Reflectance (NBAR) product (MCD43A4, V006) through
a global rule-based regression model, which used MODIS-derived
spectral information, its temporal characteristics, and topographic in-
formation as predictor variables. Reference data were generated from
the JRC-GSW monthly water history maps for 7,000 MODIS-scale cells
(500x500 m), divided into 3500 training and 3500 validation locations.
These reference data areas are sampled across the entire Mediterranean
area, different water permanence types (seasonal and permanent), and
different water fraction categories (0%-100%). Missing data in JRC-
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GSW monthly maps can affect the quality and accuracy of the reference
data when aggregated to MODIS resolution. Therefore we only retained
those MODIS-scale cells that contained no missing data. The corre-
spondence between MODIS SWF and surface water fraction derived
from the JRC-GSW product is strong (R2 = 0.91). An advantage of
MODIS SWF over JRC-GSW is that it can provide open surface water

information for the long temporal and spatial data gaps of JRC-GSW.
Moreover, the high temporal resolution allows better capturing of rapid
changes in open surface water extent that cannot be detected by the
monthly JRC-GSW product (Li et al., 2019).

2.3. Water level data

We obtained water level time series measured with spaceborne
radar altimetry for 14 large water bodies (> 100 km2) (Fig. 1 and
Table 3) from three websites: (1) the U.S. Department of Agriculture’s
Global Reservoir and Lake Monitoring (GRLM) (http://www.pecad.fas.
usda.gov/cropexplorer/global_reservoir); (2) the Laboratoire d'Etudes
en Géophysique et Océanographies Spatiales (LEGOS: http://hydroweb.
theia-land.fr/) in France (Crétaux et al., 2011), and (3) the Database for
Hydrological Time Series of Inland Waters (DAHITI: http://dahiti.dgfi.
tum.de/en/) (Schwatke et al., 2015). The GRLM combines water levels
obtained from radar altimeters onboard Topex/Poseidon (T/P), Jason-

Fig. 1. Spatial distribution of all analysed water bodies. Different colours represent different water size categories. Stars show the lakes for which water level data are
available, and have an overlap with the research of Khandelwal et al. (2017).

Table 1
Number of selected water bodies in different water size ca-
tegories (total = 340).

Size (km2) Number of water bodies

0–1 95
1–5 88
5–20 62
20–100 56
>100 39

Fig. 2. Pearson’s correlation (r) between monthly water extent derived from MODIS SWF dataset and from JRC-GSW as a function of water relative variability (RV)
for different water size categories. Possible reasons for the low correlation for the points marked with a red number (1–5) are explored in the Discussion section of this
paper. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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1, Jason-2 and ENVISAT satellites. GRLM merges T/P, Jason-1 and
Jason-2 time series of relative water level variation with respect to the
nine-year mean T/P level at 10-day intervals (hereafter referred to as
GRLM10). An ENVISAT Radar Altimeter 2 derived time series of re-
lative water level variation with respect to the mean level of a given
ENVISAT reference cycle at 35-day intervals is also provided. The
GRLM offers both the raw and smoothed time series of water level,
which is performed with a median-type filter to eliminate outliers and
reduce high-frequency noise. We used the smoothed data in this study.
LEGOS and DAHITI use additional altimeter missions besides those used
by GRLM, including Jason-3, Cryosat-2, and SARAL/AltiKa.

3. Methods

3.1. Selection of individual water bodies

To compare water extent dynamics from MODIS SWF and JRC-GSW
for individual water bodies, we selected and analyzed 340 water bodies.
These were all situated in the Mediterranean region as defined by Li
et al. (2019). These water bodies vary from 0.01 km2 to 3100 km2 in
size (i.e. mean water area according to JRC-GSW time series). Table 1
lists the number of water bodies within five size categories, i.e.
0–1 km2, 1–5 km2, 5–20 km2, 20–100 km2, and > 100 km2, and Fig. 1
shows their spatial distribution.

To obtain our selection of 340 water bodies, we first selected all
Ramsar wetlands of the Mediterranean region excluding the wetlands
types that are not characterized by the presence of open surface water,
such as wet meadows, marshes, and peatlands. This resulted in 279
water bodies. We added 14 large lakes and reservoirs (> 100 km2) to
our selection (see Fig. 1 and the list in Table 3). These 14 lakes are not
Ramsar sites but were included by Khandelwal et al. (2017) in their
study on MODIS-based surface water extent mapping, and coincided
with the lakes for which altimetry water level data were available
(Section 2.3). We thus included these lakes for comparison. In addition,
we included 47 non-Ramsar water bodies that showed large inter-an-
nual variability in surface water extent according to Li et al. (2019).

3.2. Calculation of water extent time series

To identify open surface water dynamics per water body, we first
identified the spatial extent within which we summarized the open

Fig. 3. Monthly water extent time series derived from MODIS SWF dataset showing a good agreement (r above or near 0.8) with those from JRC-GSW for four very
small water bodies (< 1 km2 mean JRC-GSW water extent): (a) Laguna Dulce, Spain; (b) Laguna de la Nava de Fuentes, Spain; (c) Complexe du bas Tahaddart,
Morocco; (d) Livanjsko Polje, Bosnia and Herzegovina. The black polygon is the buffered region of interest (ROI) used for calculating the surface water area.

Table 2
Effects of size categories and water relative variability (RV) on the correlation
(r) between monthly water extent obtained from MODIS SWF dataset and JRC-
GSW. Correlation (r) is colour-coded with orange indicating values< 0.5 and
blue greater than or equal to 0.5. The number of water bodies is given in
brackets.
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surface water presence. For this purpose, we used the JRC-GSW max-
imum water extent as the initial region of interest (ROI). Around this
ROI, we created a buffer of one 500 m resolution MODIS pixel to in-
clude nearby locations, because there is a chance that surface water
extends beyond what could be identified by JRC-GSW.

We then derived time series of water extent for each buffered ROI
from the MODIS SWF dataset, by summing the water fraction of all
pixels inside the ROI and multiplying this by the MODIS pixel size (i.e.
250,000 m2). We also derived time series of water extent from the JRC-
GSW monthly history dataset by multiplying the number of water pixels
inside the ROI with the Landsat pixel size (i.e. 900 m2). Missing data in

a ROI can affect the accuracy when calculating the water area. To deal
with this problem and ensure the accuracy of the area calculations, we
calculated for each ROI and each date the valid cloud-free data fraction
by dividing the valid pixels by all pixels within the ROI. We then only
retained an area if for that date it contained at least 95% of valid data
from MODIS SWF and JRC-GSW derived water extent time series.

3.3. Comparison of water extent time series

We compared time series of surface water extent derived from
MODIS SWF with those from JRC-GSW to see if the temporal dynamics

Table 3
Spearman rank correlation (ρ) between water area obtained from MODIS SWF and water level from radar altimeters for 14 water bodies. The water bodies are
ordered from the largest to the smallest relative variability (RV).

Lake Name RV r between MODIS and
JRC-GSW

Monthly time series 8-day time series Source of water
level

MODIS Vs. water
level

JRC-GSW Vs.
water level

MODIS Vs. water
level

Khandelwal et al. Vs. water
level

Razazza Lake 1.57 1.00 0.95 0.90 0.95 0.78 DAHITI
Qadisiyah Lake 1.05 0.99 0.96 0.95 0.95 0.78 LEGOS
Mosul Lake 0.53 0.91 0.82 0.97 0.84 0.66 GRLM10
Tshchikskoye Lake 0.50 0.90 0.80 0.80 0.81 0.48 GRLM10
Mingachevir Reservoir 0.31 0.95 0.84 0.94 0.85 0.80 LEGOS
Karakaya Baraji Reservoir 0.30 0.92 0.88 0.98 0.86 0.66 DAHITI
Tharthar Lake 0.29 0.97 0.94 0.96 0.90 0.86 GRLM10
Tsimlyansk Reservoir 0.17 0.86 0.74 0.80 0.71 0.52 DAHITI
Ataturk Lake 0.16 0.78 0.67 0.87 0.60 0.50 DAHITI
Assad Lake 0.16 0.76 0.63 0.76 0.61 0.08 DAHITI
Krasnooskol Lake 0.15 0.31 0.19 0.52 0.12 −0.48 GRLM10
Kremenshugskoye Reservoir 0.06 0.18 0.27 0.26 0.16 −0.24 GRLM10
Kakhovskoye Lake 0.06 0.01 −0.07 −0.08 −0.13 −0.42 GRLM10
Volgogradskoye Lake 0.05 −0.17 0.21 0.31 0.17 −0.36 GRLM10

Fig. 4. Boxplot comparing the normalized mean signed deviation (NMSD) as a function of water relative variability (RV) for different water size categories. Possible
reasons for the large NMSD for the points marked with a red number (3, 5–10) are explored in the Discussion section of this paper. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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of surface water extent obtained from the two datasets match with each
other. Specifically, we calculated the monthly mean water extent from
MODIS SWF for the period from February 2000 to October 2015, and
compared it with JRC-GSW monthly water history. Two statistical
measures were calculated: the Pearson’s correlation coefficient (r) and
the normalized mean signed deviation (NMSD):

=NMSD MSD
Areamean (1)

where Areamean is the mean water area according to the JRC-GSW time
series. MSD is the mean signed deviation, which is calculated as:

∑= −
=

MSD
n

x y1

i

n

i i
1 (2)

where xi is the time series of surface water extent derived from MODIS
SWF, and yi is those derived from JRC-GSW.

To assess if the agreement between JRC-GSW and MODIS-derived
surface water results is related to the dynamics of the water body, a
measure of relative variability (RV) in surface water extent was calcu-
lated for each water body as:

= −RV Area Area
Area
max min

mean (3)

where Areamax , Areaminand Areamean are the maximum, minimum and
mean water area according to JRC-GSW time series. We then plotted
the distribution of r as a function of RV for different water size cate-
gories. We also combined the effect of both water size categories and
RV on r in a single analysis. For this, we further divided all water bodies
into six RV levels, i.e. 0 < RV < 0.15, 0.15 ≤ RV < 0.3,

0.3 ≤ RV < 1.0, 1 ≤ RV < 2, 2 ≤ RV < 5 and RV ≥ 5.

3.4. Comparison with water level data

To evaluate the performance of MODIS SWF for monitoring the
dynamics of open surface water, we also compared the water extent
time series with water level for 14 large lakes (> 100 km2) for which
satellite altimetry data was available (see Section 2.3). Specifically, we
calculated the Spearman rank correlation (ρ) between monthly mean
water level and monthly water extent obtained from JRC-GSW and
MODIS SWF, respectively. A rank correlation was used because re-
lationships between water level and extent are non-linear and depend
on bathymetry (Hayashi and van der Kamp, 2000).

To obtain a temporal match between our MODIS SWF 8-day product
and water level, in addition to the monthly comparison we also re-
sampled the water level data (available every 10 or 35 days) to 8-day
estimates using linear interpolation. There could be long time gaps
between two water level observations due to missing data (Ricko et al.,
2012). We thus further removed those interpolated data if the time gap
is longer than three months. The same 14 lakes were included by
Khandelwal et al. (2017) who mapped surface water area dynamics
between 2000 and 2015 based on binary classification of MODIS 8-day
500 m resolution data. To assess if our product offers an improvement
with respect to the one of Khandelwal et al. (2017) we calculated ρ also
between water level and their 8-day time series, available at http://z.
umn.edu/monitoringwaterRSE. To make a fair comparison, for both
products ρ was calculated for the 2000–2015 time frame, matching the
study by Khandelwal et al. (2017).

Fig. 5. Comparison of water extent time series derived from different data sources with water level variability for Karakaya Baraji Reservoir, Turkey. (a) Google Earth
imagery. (b) Comparison of monthly water area obtained from JRC-GSW and MODIS SWF with relative water level. (c) Time series of monthly water extent and
monthly water level. (d) Comparison of 8-day water extent obtained from MODIS SWF with relative water level. (e) Comparison of 8-day water extent as detected by
Khandelwal et al. (2017) with relative water level. (f) Time series of 8-day water extent and water level.
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3.5. Characterization of the temporal variability of water extent

To characterize the temporal dynamics within the 18-year water
extent time series derived from MODIS SWF, we created a subset that
only included the dynamic water bodies, which were defined by ap-
plying a threshold to RV for each water size category. We then extracted
three features including the strength of seasonality, strength of trend,
and stationarity. These features were used in previous studies to char-
acterize hydrological time series (Buma et al., 2016; Lafare et al.,
2016). To extract the features, we first decomposed the water extent
time series using the seasonal trend decomposition algorithm (STL:
Cleveland et al., 1990), which is capable of accommodating missing
values and is robust to noise. The STL decomposes a time series Yt into
seasonal (St), trend (Tt), and remainder (Rt) components, as:

= + +Y S T Rt t t t (4)

After we obtained the seasonal (St) and trend (Tt) series, we nor-
malized them to [0, 1] to indicate the strength of seasonality and trend
using the following equations:

⎜ ⎟= ⎛
⎝

−
+

⎞
⎠

R
S R

F max 0, 1 var( )
var( )S

t

t t (5)

⎜ ⎟= ⎛
⎝

−
+

⎞
⎠

R
T R

F max 0, 1 var( )
var( )

t

t t
T

(6)

where var stands for variance. A series with seasonal strength (FS) close
to 0 exhibits almost no seasonality, while a series with strong season-
ality will have FS close to 1 (Wang et al., 2006). This is similar for the
strength of the trend component (FT). We calculated the strength of
seasonality and trend by using the “stl_features” package, which im-
plements the STL algorithm in R statistical software (R Core Team,
2018), and used the suggestions of Cleveland et al. (1990) to set the

parameter values. To calculate stationarity, the water extent time series
were first linearly rescaled to [0, 1]. Then we calculated the annual
mean from the rescaled water extent time series. The stationarity is
calculated as the variance of annual mean (Wang et al., 2006).

Finally, based on these three characteristics (i.e. strength of sea-
sonality, strength of trend and stationarity) extracted from water extent
time series derived from MODIS SWF, we organized the water bodies
into groups with similar dynamic patterns using the K-means clustering
algorithm (Aghabozorgi et al., 2015).

4. Results

4.1. Comparison of water extent time series

Based on MODIS SWF, we constructed temporal dynamics of open
surface water extent at 8-day time interval for 340 water bodies span-
ning a time period from 2000 to 2017. For comparison with JRC-GSW,
three water bodies (i.e. Lake Urmia in Iran, Sebkhet Sidi Elhani in
Tunisia and Sultan Marshes in Turkey) were removed from further
analysis because for< 10 individual months both datasets had overlap
in terms of valid water extent retrievals, which was considered too few
for a proper statistical basis.

Fig. 2 plots the distribution of r between monthly water extent de-
rived from MODIS SWF and those from JRC-GSW as a function of RV for
different water size categories. There is a general increase in r when the
water relative variability increases for all water size categories. This
indicates that small variations in water extent are not similarly de-
scribed by the two products, suggesting a lower accuracy of the MODIS
SWF in monitoring fluctuations of more stable water bodies. For water
bodies with a larger RV, the temporal variability in monthly water
extent obtained from both datasets had a good agreement with r gen-
erally above or near 0.8; this includes very small water bodies (< 1

Fig. 6. Same graphs as provided in Fig. 5, but here showing the results for Tshchikskoye Lake, Russia.
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km2). Examples of four very small water bodies (i.e. Laguna Dulce in
Spain, Laguna de la Nava de Fuentes in Spain, Complexe du bas Ta-
haddart in Morocco, and Livanjsko Polje in Bosnia and Herzegovina)
are shown in Fig. 3. These four water bodies are all Ramsar sites with an
area< 1 km2 (i.e. mean water area according to JRC-GSW time series).
Comparison of monthly water extent derived from both datasets shows
a good agreement (r ≥ 0.79) for these small water bodies. Note that
several cases with small value of r are identified in Fig. 2, each marked
with a red number. These cases are caused by a number of factors which
are discussed in the Discussion section.

Table 2 shows that the average correlation increases when water
variability increases, with the smallest r of 0.17 for static water bodies
(RV < 0.15) and the largest r of 0.81 for highly dynamic water bodies
(RV ≥ 5). In addition, Table 2 shows that the effect of RV on r depends
on the water size categories considered. This may be expected as small
relative changes for larger water bodies (as expressed by RV) still cor-
respond to substantial absolute changes, which can be captured by
MODIS. Table 2 signals how much variability can be captured by our
MODIS SWF product. For example, the reasonable correlation (r ≥ 0.5)
found for water bodies smaller than 1 km2 when RV ≥ 1 implies that

Fig. 7. Example of four different dynamic patterns: (a) Seasonally dynamic pattern; (b) Seasonal and inter-annual dynamic pattern; (c) Intermittent dynamic pattern;
(d) Inter-annual and long-term dynamic pattern. (e) Spatial distribution of water bodies with different dynamic patterns across different climate zones as mapped by
Peel et al. (2007).
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MODIS SWF resembles JRC-GSW for representing absolute variability
of< 1 km2.

Examination of the NMSD compared to different water size cate-
gories shows that MODIS SWF and JRC-GSW have the largest difference
for the estimation of very small water bodies (< 1 km2) (Fig. 4). MODIS
SWF tends to estimate smaller values of water extent compared to JRC-
GSW in most cases. This can be partly attributed to the underestimation
of larger water fractions by MODIS SWF (Li et al., 2018). Fig. 4 also
reveals that NMSD decreases when RV increases for water bodies>
100 km2. However, the NMSD was surprisingly large for highly dy-
namic water bodies (RV ≥ 1) for those in the 0–100 km2 size cate-
gories, such as those cases marked with red numbers in Fig. 4. These

large NMSD can be caused by a number of factors which are discussed
in the Discussion section.

4.2. Comparison with water level data

Monthly water extent obtained from MODIS SWF shows moderately
high correlation with both monthly water area derived from JRC-GSW
(r ≥ 0.76) and with monthly water level data (ρ ≥ 0.63) for 10 dy-
namic large lakes (RV > 0.15 and size > 100 km2) (Table 3). Cor-
relations were low for the four lakes with a small variation (RV ≤ 0.15)
in surface water (both r and ρ are< 0.4: see Table3). Similarly, MODIS
SWF 8-day water extent shows moderate to high correlation (ρ ≥ 0.60)

Fig. 8. (a) One year Landsat imagery (January 2014 to December 2014) for Albufera de Valencia, Spain. (b) Comparison of monthly water extent (km2) derived from
JRC-GSW and MODIS SWF. (c) Monthly water extent (km2) time series from 2000 to 2015. (d) 8-day water extent (km2) time series derived from MODIS SWF.
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with water level for these 10 dynamic lakes and low correlation
(ρ≤ 0.17) for the four stable lakes, suggesting that the MODIS SWF can
accurately monitor the seasonal, intra-annual and long-term variability
in surface water extent of those dynamic lakes. Table 3 also indicates
that our MODIS SWF 8-day data outperformed the Khandelwal et al.
(2017) results in monitoring the dynamics of water bodies with larger
correlations for the 10 dynamic lakes.

Fig. 5 and Fig. 6 show the comparison results between water extent
time series derived from different data sources and water level varia-
bility for the Karakaya Baraji Reservoir in Turkey and the Tshchikskoye
Lake in Russia, respectively. The Karakaya Baraji Reservoir in Turkey
has a compact shape (Fig. 5a). Fig. 5c and Fig. 5f show that the re-
servoir has large temporal variations, despite its RV of 0.30. High
correlations were achieved for both the MODIS SWF monthly
(ρ = 0.88) and 8-day water extent (ρ = 0.86), suggesting that the
temporal variations of this lake were well captured by MODIS SWF, and
better than by the Khandelwal et al. (2017) study (ρ = 0.66). The
Tshchikskoye Lake in Russia has strong seasonal variations (Fig. 6c and
f) with a RV of 0.50. The JRC-GSW monthly water extent has a high
correlation (ρ = 0.80) with water level data, but with many missing
data in the time series (Fig. 6c). The MODIS SWF monthly water extent
also achieved a high correlation (ρ = 0.80) (Fig. 6b), with the seasonal
variations accurately captured (Fig. 6c). The MODIS SWF 8-day water
extent also greatly improved with respect to the Khandelwal et al.
(2017) study (ρ = 0.48).

4.3. Characterization of water bodies by their temporal variability of water
extent

We created a subset of 265 water extent time series by only selecting
the dynamic water bodies (i.e. RV ≥ 1 for water bodies smaller than
1 km2, RV ≥ 0.3 for water bodies between 1 and 5 km2, and RV ≥ 0.15
for water bodies> 5 km2). Following the feature-based clustering,
these 265 water bodies were separated into four different groups with
different seasonal, inter-annual, and long-term dynamic patterns:

(1) Seasonal dynamic pattern (45 water bodies): this group had a clear
seasonal dry-wet cycle in the water extent time series, but there was
no obvious long-term trend (Fig. 7a). This type of water body is
generally located in temperate climate regions where temperature
and precipitation vary markedly across the year (Fig. 7e). The water
level in wet- and dry-season can rise and fall in concert with the
water extent.

(2) Seasonal and inter-annual dynamic pattern (105 water bodies): the
second group also showed a strong seasonal pattern, but different

from the first group it also showed a clear inter-annual variability
(Fig. 7b). This type of water body is common in temperate climates
and in humid continental areas, typified by large seasonal and inter-
annual temperature differences, but sometimes can occur in arid
and semi-arid areas that experience regular drought periods.

(3) Intermittent dynamic pattern (42 water bodies): the third group
was intermittently flooded with rapid inundation and drought.
Surface water is present for variable periods without detectable
seasonal periodicity. Weeks, months, or even years may be between
two short periods of inundation. There was also no detectable long-
term trend (Fig. 7c). This type of water body typically occurs in arid
areas (Fig. 7e), where the periodic cycles of inundation and drought
are primarily in response to extreme and irregular rainfall events.
This pattern is also found in floodplains, such as those on the bank
of the River Tisza in Hungary. They may be mostly dry outside
seasonal high-water periods, during which swollen rivers overspill
their banks.

(4) Inter-annual and long-term dynamic pattern (73 water bodies): the
fourth group showed an obvious inter-annual and long-trend (either
increase or decrease) in surface water extent over long time without
seasonal periodicity. Fig. 7d shows the creation of a new dam in
Italy (i.e. the Alaco dam) and has been expanding over time. This
type of water body is mainly distributed in dry summer temperate
climate zones, but can also be found in arid areas. The long-term
changes are likely influenced by climate change and human activ-
ities.

5. Discussion

This paper demonstrates that the MODIS SWF dataset can provide
rich hydrological data for a large number of water bodies across a large
region. The constructed time series provide detailed temporal in-
formation on intermittent, seasonal, inter-annual, and long-term
changes in surface water extent. To our knowledge, this is the first such
construction of wetland temporal dynamics for water bodies with
varying sizes (0.01–3100 km2) across a large region and at fine tem-
poral resolution using MODIS imagery. Our work improves on previous
efforts on surface water monitoring from coarse spatial resolution
imagery (MODIS or similar) regarding to the detection and monitoring
of small water bodies. This is because MODIS SWF estimates open
surface water fraction instead of binary water presence/absence
(Kaptue et al., 2013; Khandelwal et al., 2017; Sharma et al., 2015). Our
surface extent time series match well with the relative water level
variations and improve the correlation between MODIS-derived water
area and relative water level when compared with previous MODIS-

Fig. 9. Illustration of dynamics of a small water body (i.e. Meke Maar wetland, a Ramsar site in Turkey). (a) Comparison of monthly water extent (km2) time series
obtained from MODIS SWF and JRC-GSW from 2000 to 2015. (b) Landsat imagery acquired on April 20, 2001. (c) GSW water maps for April 2001. (d) MODIS SWF
maps for April 23, 2001.
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based water mapping by Khandelwal et al. (2017). The comparison
with high spatial resolution data (i.e. JRC-GSW) showed that the
MODIS SWF dataset can accurately construct surface water dynamics
for many water bodies including very small ones (< 1 km2), as long as
they show sufficient area variations (see Fig. 2, Fig. 3 and Table 2).
MODIS SWF was found to be less effective for more stable water bodies
that have limited temporal variation. One possible reason for this is that
limited area variations only result in small spectral changes, particu-
larly when having a mix of exposed wet soil and shallow water, possibly
within a single MODIS pixel (Klein et al., 2017; Yamazaki et al., 2015).
More importantly, our work complements the high spatial resolution
data (i.e. JRC-GSW) by allowing for the detection of abrupt changes,
inundation and recession processes over short time periods (Fig.
S1–S3), and for the better representation of seasonal cycle and long-
term variability (Fig. 8 and Fig. 9).

The fact that we compared datasets (i.e. MODIS SWF versus
Landsat-derived JRC-GSW) implies that errors and uncertainties may
occur in either of the two datasets. Table 4 gives a summary of all il-
lustrative examples in this paper (including Supplement) together with
their likely error sources and uncertainties. These examples represent
the water bodies highlighted with red numbers in Fig. 2 and Fig. 4.

One source of uncertainty is that the JRC-GSW monthly water da-
taset does not include exact dates of the Landsat observations used in
that month, and may not be best represented by the monthly mean
value that we calculated from MODIS SWF. Particularly for lakes with
strong dynamics within a month, this uncertainty increases. Fig. 8
shows an illustrative example of this for Albufera de Valencia, a Ramsar
wetland located in eastern Spain. It is composed of the Albufera Lake
and surrounding rice fields with an average water area of 34 km2 ac-
cording to the JRC-GSW time series. The Landsat imagery (Fig. 8a)
revealed that these rice fields flooded twice in 2014; once around mid-
May to June during rice sowing and start of growth, then following
harvesting in September-October a second flooding took place in No-
vember-December for nutrient mineralization of the harvested rice
fields (Campos-Taberner et al., 2018; Doña et al., 2015). Comparison of
monthly surface area time series derived from JRC-GSW and MODIS
SWF showed a moderate level of agreement (r = 0.55) for this wetland.
MODIS SWF had a larger water extent than JRC-GSW, as shown as the
red boxes in Fig. 8b and 8c, corresponding to May and June when water
area experienced rapid changes. These changes may not be captured
appropriately by JRC-GSW due to the coarse temporal resolution and
limited valid Landsat observations. However, both the monthly
(Fig. 8c) and 8-day (Fig. 8d) time series from the MODIS SWF clearly
captured the two flooding times for each year. Further illustrations of
this same error source (i.e. date unavailability in JRC-GSW) are pro-
vided in the Supplementary Figures S1, S2, and S3 for Sebkhet El Ha-
miet in Algeria, Azraq Oasis in Jordan, and Lake Chott El Jerid in Tu-
nisian, respectively. These figures show strong differences between two
datasets correspond to months with rapid water changes in response to
erratic rainfall events (Ben Abdallah et al., 2018; Bryant, 1999). These
examples demonstrate that a low to moderate correlation between both
datasets does not necessarily imply a poor accuracy of MODIS SWF, but
rather that MODIS allows to capture rapid temporal changes that went
unobserved by the Landsat archive.

There are several sources of commission errors that may not be
completely solved by MODIS SWF, predominantly due to salt presence
(Fig. 9) and emergent vegetation (Fig. S4–Fig. S5). Such commission
errors lead to an overestimation of water extent by MODIS SWF. Fig. 9
provides an illustrative example of a small water body in Turkey (Kurt
et al., 2013) where salt crystallization occurred during the dry season.
The SWF misclassified salt as water due to spectral confusion (Li et al.,
2015), resulting in overestimation of the water area by MODIS SWF. For
example, the JRC-GSW estimated the surface water extent for this water
body (derived from Landsat images in April 2001) to be 0.6 km2 against
1.6 km2 for MODIS SWF (Fig. 9c and d). Despite this large bias
(NMSD = 1.49), MODIS SWF clearly captured the water body’sTa
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seasonal variations and its reduction in size between 2008 and 2014
(Fig. 9a).

Moreover, we found that JRC-GSW also has considerable omission
errors for some locations. Fig. 10 shows an example where omission
errors occur for multiple dates (for which we only show four). More-
over, the heavily sediment-laden seasonally occurring waters in Africa
were also poorly represented as already indicated by Pekel et al. (2016)
(see Fig. S8). These errors result in a large underestimation of water
area for these dates by JRC-GSW. The temporal dynamics were thus not
accurately captured by JRC-GSW, hence further illustrating that low
correlations between both products do not necessarily imply a poor
accuracy of MODIS SWF. In this situation, linking the estimates with
temporal in-situ observations would be desirable.

Both JRC-GSW and MODIS SWF contain missing values due to the
presence of clouds, cloud shadows, snow, aerosol and sensor-related
issues (Klein et al., 2017). If the missing data are inside the water-
covered area of the ROI, JRC-GSW and MODIS SWF are likely to un-
derestimate the actual water extent. In this study, we thus applied a 5%
missing data threshold for the calculation of water area (see Section
3.2). Locations with poor quality MODIS pixels (e.g. due to cloud or
aerosol effect) will often return no data when exceeding the 5%
threshold, resulting in a sparse time series of MODIS SWF. Examples are
Sebkhet Sidi Elhani in Tunisia, Lake Urmia in Iran, and the Sultan
Marshes in Turkey. Future efforts may consider incorporating temporal
interpolation techniques (Klein et al., 2017), or combining radar remote
sensing which has the advantage of collecting data under poor weather
or atmospheric conditions (Brisco, 2015; Montgomery et al., 2018;
O'Grady et al., 2014), for areas with missing data to ensure a gap-free
reconstruction of inland water variability.

The constructed time series of surface water extent have potential to
benefit a large number of applications. For example, the water extent
can help to estimate a series of hydrological and climatological para-
meters. It can be used to estimate river width (Yamazaki et al., 2014),
river discharge (Bjerklie et al., 2018; Pan et al., 2016), and water vo-
lume (Gal et al., 2016; Ogilvie et al., 2018b). This would be particularly
useful for data-poor and ungauged wetlands and catchments. Several
studies have estimated lake surface temperatures (Kettle et al., 2004)
and evaporation using water area (Zhan et al., 2019; Zhang et al.,
2017). The time series of water extent may be used as a monitoring tool
for analyzing hydrologic extremes such as floods and droughts, de-
tecting abnormal changes of wetland hydrology, capturing short-dura-
tion events, and identifying newly-formed and disappearing water
bodies. These dynamics may be driven by a wide range of natural (e.g.
climate, topography, geology, geomorphology and pedology), and
human factors (maintenance, irrigation, wetland conversion). Because
the role of a specific factor may differ substantially per location and
wetland type, further studies may use our dataset to investigate possible
drivers of wetland degradation and other changes. Most of the water

bodies analyzed in this study are wetlands of international importance
(Ramsar sites). They provide a critical habitat for many sensitive spe-
cies in Mediterranean environments. The long monitoring information
reported here may also help to improve species distribution modelling
(Bradley and Fleishman, 2008) as well as understanding changes in
species numbers and distribution, and thus lead to improved manage-
ment and conservation of biodiversity.

6. Conclusion

This paper highlights that our MODIS-derived surface water dataset
is valuable for monitoring the dynamics of Mediterranean water bodies.
Based on this dataset, we constructed detailed temporal dynamics of
open surface water extent for 340 water bodies with varying size
(0.01–3100 km2). For large water bodies (> 100 km2) for which alti-
metry water level data was available, time series of water extent de-
rived from MODIS SWF dataset showed good correlation with water
levels. Our work also showed that the correlation between MODIS-de-
rived water area and relative water level improved when compared
with previous MODIS-based water mapping by Khandelwal et al (2017).
For water bodies smaller than 100 km2, SWF proved to be able to ef-
fectively monitor their dynamics as long as their area variability was
sufficient. Our work and dataset can therefore be applied to better
understand the pattern of hydrological dynamics and as a monitoring
tool to identify abnormal changes to seasonal dry-wet cycles, capturing
short-duration events and identifying newly formed water bodies. As
such it may prove a useful tool for improved water management and
biodiversity conservation. The 8-day time series of water extent for the
340 water bodies, as derived from MODIS SWF, are openly available
through https://doi.org/10.17026/dans-x7c-atbt.
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