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Abstract: The floods are an annual phenomenon on the Pacific Coast of Ecuador and can become
devastating during El Niño years, especially in the Guayas watershed (32,300 km2), the largest
drainage basin of the South American western side of the Andes. As limited information on flood
extent in this basin is available, this study presents a monitoring of the spatio-temporal dynamics
of floods in the Guayas Basin, between 2005 and 2008, using a change detection method applied to
ENVISAT ASAR Global Monitoring SAR images acquired at a spatial resolution of 1 km. The method
is composed of three steps. First, a supervised classification was performed to identify pixels of open
water present in the Guayas Basin. Then, the separability of their radar signature from signatures of
other classes was determined during the four dry seasons from 2005 to 2008. In the end, standardized
anomalies of backscattering coefficient were computed during the four wet seasons of the study
period to detect changes between dry and wet seasons. Different thresholds were tested to identify
the flooded areas in the watershed using external information from the Dartmouth Flood Observatory.
A value of −2.30 ± 0.05 was found suitable to estimate the number of inundated pixels and limit
the number of false detection (below 10%). Using this threshold, monthly maps of inundation
were estimated during the wet season (December to May) from 2004 to 2008. The most frequently
inundated areas were found to be located along the Babahoyo River, a tributary in the east of the
basin. Large interannual variability in the flood extent is observed at the flood peak (from 50 to
580 km2), consistent with the rainfall in the Guayas watershed during the study period.
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1. Introduction

El Niño Southern Oscillation (ENSO) has a strong influence on rainfall patterns on the Pacific
Coast of South America, from Ecuador to Chile, at an interannual time scale e.g., [1–4], affecting the
likelihood of droughts and floods [5]. Positive anomalies of sea surface temperatures along the coast
of Peru and Ecuador occurring during ENSO events induced torrential rains that cause high discharge
and large flood events [6]. In the Guayas Basin, located in the southwest of Ecuador, in the Pacific
slope of the Andes Cordillera, large flood events that occurred during the major El Niño episodes of
1965–1966, 1972–1973, 1982–1983, and especially 1997–1998, were responsible for many casualties and
had important socio-economic impacts on housing, agriculture, and fisheries [7].

Data acquired by in situ hydrometeorological networks and remotely sensed images are commonly
used for monitoring the spatial extent of the floods and even for forecasting and warning [8,9]. In spite
of the good spatial and temporal resolutions of multispectral images, their use is limited in tropical
areas as they are vulnerable to cloud cover and unable to detect water under dense vegetation cover.
In the Guayas Basin, the almost permanent cloud cover during the rainy season does not allow the
use of multispectral images, even the high frequency daily or the 8-day composite MODIS reflectance
products, to monitor the temporal variations of the flood extent. Synthetic Aperture Radar (SAR)
images, that provide useful information under all-weather conditions, including cloud cover, have been
widely used for flood mapping and wetland delineation, especially at L-band as this microwave
frequency band is able to penetrate dense vegetation cover e.g., [10–13]. Nevertheless, L-band images
acquired by sensors such as JERS-1, PALSAR onboard ALOS (repeat-period of 46 days), did not have
a sufficient temporal resolution to be used for flood monitoring. Images from PALSAR-2 on-board
ALOS-2, available since May 2014, were not considered as they only cover two rainy seasons in the
Guayas watershed. Several studies showed that SAR images acquired at the higher C-band frequency
can also be used for detecting floods in less vegetated areas e.g., [14–17]. SAR images acquired in
Wide Swath (WS) mode by the Advanced SAR (ASAR) onboard ENVISAT, at a spatial resolution of
150 m, were widely used for the monitoring of flood dynamics from local to regional scales [16–19].
Only 29 ASAR images were acquired in WS mode between November 2002 and March 2012 and just
14 during the rainy seasons due to acquisitions in other modes. No images were acquired during the
2004, 2005 and 2009 rainy seasons, and only two or three the other years, for a rainy season that last
6 months. The low number of available ASAR WS images is insufficient to allow the monitoring of
the time variations of the flood in the Guayas watershed. Images acquired by ASAR in Scan SAR
Global Monitoring (GM) mode at coarse spatial resolution (1 km), for a temporal resolution generally
better than one month, offered the opportunity to monitor inundation extents from regional to global
scales [20–22]. Before the launch of Sentinel-1 that has been providing high resolution images (20 m of
spatial resolution) with a temporal sampling of a few days since April 2014, ASAR images acquired in
GM mode had the advantages to provide frequent (twice or third a month) observations of the same
scene and to provide a complete observation of medium-size watershed in one acquisition.

In this study, we used ENVISAT ASAR images acquired in GM mode to monitor the floods
in the Guayas watershed between 2005 and 2008. We first present the study area and the datasets.
Then, we describe the change detection method used for determining the inundation extent in each
image. The last part presents a sensitivity analysis of the change detection method, the spatio-temporal
variations of the flood extent and the relationship between the time-series of rainfall and inundation
extent during the observation period.

2. Study Area

The Guayas River Basin, located in the southwestern part of Ecuador, is the largest tropical
agricultural watershed and estuarine system of the Pacific slope of South America. It extends between
latitudes 0◦ S and 3◦ S, and longitudes 81◦ W and 78◦ W and covers an area of 32,300 km2 (Figure 1).
Its watershed represents 13% of the total area of Ecuador where 40% of the Ecuadorian population
lives [23]. It corresponds to the most productive region of Ecuador for agriculture and aquaculture [24].
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Figure 1. The Guayas Basin (boundary in purple) is located in the southwest Pacific slope of Ecuadorian
Andes. The lowland (boundary in red) occupies 15,000 km2 of the 32,300 km2 of the watershed area,
and the floodplain 5000 km2. The mean annual rainfall isohyets map was elaborated for the 1963–2009
period using cokriging method.

Its climate is characterized by the occurrence of the rainy season from December to May.
The average precipitation in the Guayas basin for the 1963–2009 period is 1849 mm during the
hydrological year and 1130 mm during the rainy season. This value increased respectively to 4769 mm,
2412 mm and 6786 mm for the El Niño episodes of 82–83, 91–92 and 97–98, corresponding respectively
to ratios El Niño/Normal events of 2.6, 1.3 and 3.7 [25].

The altitude of this drainage basin ranges from sea level to 6310 m at Mount Chimborazo in the
Andes Cordillera. The lower plain of the Guayas Basin is the region corresponding to altitudes lower
than 200 m. Its area is ~15,000 km2 [23], i.e., ~46% of the surface of the watershed. In this lower plain,
the region likely to be affected by floods corresponds to almost flat areas (slopes ≤ 5%). They represent
30% of the lower plain or ~5000 km2.

The Daule, Babahoyo and Quevedo Rivers are the largest tributaries of western and eastern parts
that merge downstream to form the Guayas River and subsequently the Guayas Estuary that flow
into the Gulf of Guayaquil (Figure 1). The mean discharge to the sea of the Guayas River varies from
200 m3/s during the dry season to 1600 m3/s at the peak of flow [26,27]. It can reach up to 5000 m3/s
during strong ENSO events as 1982/1983 or 1997/1998 [26].

3. Datasets

3.1. ENVISAT ASAR GM Mode Images

ENVISAT mission was launched on 1 March 2002 by the European Space Agency (ESA). It orbits
at an average altitude of 790 km, with an inclination of 98.54◦, on a sun-synchronous orbit with a
35-day repeat cycle. It carried 10 scientific instruments including ASAR operating at a central frequency
of 5.331 GHz (C-band). This sensor offered multiple acquisition modes for SAR images at various
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spatial and temporal resolutions and alternating polarizations. Among them, the ScanSAR GM mode
acquired images in a swath of 405 km at a spatial resolution of 1 km and temporal resolution between
four and seven days when no other acquisition in a different mode was ordered [28]. This mode is very
useful for the monitoring of dynamic processes, such as soil moisture or floods, from regional to global
scales e.g., [20–22,29,30]. In this study, we used 92 ASAR images acquired in GM mode, with HH
polarization and 1 km spatial resolution, from December 2004 to September 2008, that encompass the
whole Guayas Basin (Figure 2). HH polarization is the more adequate polarization for flood mapping
on ASAR [31]. During the rainy season, there is generally one acquisition every two weeks at least that
covers the whole basin.
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Figure 2. Acquisition dates of ENVISAT ASAR images in GM mode over the Guayas Basin
between December 2004 and September 2008 for dry (orange squares) and rainy (blue dots) seasons.
These images were made available by ESA through the EOLi (Earth Observation Link) Earth
Observation Catalogue and Ordering Services [32].

3.2. Land Cover Map of Ecuador

A land cover map of the Ecuador was produced by the Ecuadorian Ministry of Agriculture
(Ministerio de Agricultura, Ganadería, Acuacultura y Pesca—MAGAP) in 2002 over the whole country
at the spatial scale of 1:250,000 using Landsat TM multispectral images acquired between 1999 and
2001 validated with a ground control assessment performed in 2001–2002. The main land cover types
present in the Guayas watershed are the following:

(i) forests (native and cultivated) occupying an area of 9206 km2 (29% of the watershed area),
permanent crops including banana, sugar cane, fruit trees, plantain, African palm, cacao,
and coffee occupying an area of 6087 km2 (20% of the watershed area),

(ii) annual crops including corn, rice, soybeans, and vegetables occupying an area of 9181 km2

(29% of the watershed area),
(iii) pastures occupying an area of 4130 km2 (13% of the watershed area), water bodies occupying an

area of 487 km2 (2% of the watershed area), urban areas occupying an area of 223 km2 (1% of the
watershed area).

More details about intra-class land cover repartition can be found in [33].

3.3. Surface Water Record from the Dartmouth Flood Observatory

The Dartmouth Flood Observatory (DFO) provides a unique source of information on floods due
to its global coverage [34]. It comprises the Surface Water Record (SWR), a comprehensive record of
satellite-observed changes in the Earth’s inland surface waters. This dataset compiles the observed
history of flooding, starting in the year 2000. Extent of surface water is mostly derived from NASA’s
MODIS Terra and Aqua sensors with, in some cases, additional information from Radarsat, ASTER,
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or other higher spatial resolution data [35]. Water areas are accumulated over 10 days to minimize the
effect of cloud cover. Inundation maps are made available at a spatial resolution of 250 m on 10◦ × 10◦

tiles. A color code indicates maximum flood extent each year. It is important to note, that using this
representation mode, it is impossible to know how many times a pixel was inundated during the
observation period. Besides, this dataset does not allow the monitoring of the variations of flood extent
during the hydrological cycle. A specific color indicates the reference water status (February, 2000,
from the Shuttle Radar Topography Mission Water Body—SWBD data). In the case of the Guayas
Basin, MODIS images during the rainy season cannot be used due to the cloud cover. So, this dataset
is limited to SWBD in this specific area completed with the inundation extent observed during the
two large flood events of 1998 and 2002. In our study, it is used as static information on the maximum
flood extent in the Guayas Basin. The flood extent image encompassing the eastern part of the basin
(east of 80◦ W of longitude) was downloaded at the Flood Observatory [36]. No data are available for
the western part that corresponds to the western tributaries of the Daule River and a part of its stream.

3.4. Rainfall

Monthly rainfall records from 310 meteorological stations located over the Pacific slope of the
Ecuadorian Andes (5◦ S–1.5◦ N and 77.5◦ W–81◦ W) were provided by INAMHI (National Institute of
Meteorology and Hydrology of Ecuador) from 1963 to 2009. A careful quality check of this data was
performed using the regional vector method similarly to what was performed in [3,4]. This dataset
was interpolated at a spatial resolution of 1 km using a co-kriging method as in [4].

4. Methods

The methodology used to process the time series of SAR images is composed of the following
three main steps: the preprocessing of the SAR images, the classification of the SAR images acquired
during the dry season for land cover purposes and assessment of the characterization of the radar
backscattering response between open water and non-inundated surfaces during the dry season,
and the flood detection during the dry season (Figure 3).
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Figure 3. Schematic view of the processing of the ENVISAT ASAR images acquired in GM mode
between December 2004 and September 2008. The method is composed of three steps: a pre-processing
of the images, a supervised classification to determine the land cover using the images acquired during
the dry season (July–September), the change detection method applied to monitor the flood extent
during the wet season (December–May).
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4.1. ENVISAT ASAR GM Mode Images Preprocessing

The ASAR GM images were preprocessed with respect to the following steps: radiometric
calibration, incidence angle normalization, speckle reduction and geometrically correction using the
Next ESA SAR Toolbox (NEST) [37]. Images of radar backscattering coefficients (σ0 or sigma naught)
at the incidence angle θ of acquisition of each image were derived from the brightness amplitudes
expressed in Digital Numbers (DN) in the ASAR GM products using:

σ0(θ) =
DN2

K
sin θ (1)

where K is the absolute calibration constant [38].
The effect of the incidence angle on the surface backscattering was taken into account through a

normalization procedure [39]. The normalized backscatter coefficient is given by:

σ0
norm =

σ0(θ)

F(θ)
(2)

where F(θ) is a peculiar function to the target environmental conditions that has the following
form [39,40]:

F(θ) = cosα θ (3)

where α is a coefficient depending on the predominant scattering mechanism and the sensor
condition [41].

In the following, σ0
norm is noted σ0 for simplification.

Finally, the radar images were spatially filtered to reduce speckle effects using a classical Lee
filter [42] with a window size of 5 by 5 pixels. Examples of resulting images are presented in Figure 4a,b
for dry and rainy seasons, respectively.
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Figure 4. Images of backscattering obtained after the pre-processing of ENVISAT ASAR images in GM
mode acquired during the (a) dry (14 July 2005); and (b) rainy (9 February 2006) seasons in the Guayas
Basin lowland. The boundary of the lowland is represented using a red line and open water appears
in blue.

4.2. Land Cover during the Dry Season Using a Supervised Classification

The change detection method used to identify flooded pixels during the wet season requires a
well-defined initial state corresponding to the backscattering during the dry season. It is necessary to
check the separability of the class corresponding to water from the other classes. Eleven supervised
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classifications were performed on 37 ASAR images acquired during the dry seasons, from July to
September, over 2005–2008 and not only the maximum of likelihood technique as done previously
in [43].

The feature space consists of all dry season backscattering coefficients for each given pixel.
Classifiers thus work in a large dimensional vector space and discriminate seasonal patterns of each
of the five classes present in the Guayas watershed according to the Landsat TM-based land use
map: water bodies (lakes, rivers), permanent crops (palm trees, cocoa, bananas, coffee), seasonal
crops (rice, corn, soy), grazing fields, cities. The training data were chosen using the land use map
defined in 2002 using Landsat TM images. The selected training sites (2292 pixels randomly selected
in the land use map) correspond to the five classes present in the Guayas watershed according to the
Landsat TM-based land use map. A 10-fold cross-validation was used to set the meta-parameters
(e.g., K in k-nearest neighbors) and report the corresponding accuracy as the performance metric for
each classifier in Section 5 (Results). As the results of the classification during the dry season are used
in the followings for detecting changes in backscattering related to floods, it is necessary to choose the
method that provides the best results in terms of accuracy. The separability between the classes was
assessed using:

(i) the M-statistics, originally introduced to discriminate burned and unburned pixels in
multi-spectral images [44], was also applied to SAR images in land use applications [45]. It is
computed as follows:

M =
µi − µj

σi − σj
(4)

where σk and µk are the mean and standard deviation of the kth class respectively. M values
greater than 1 indicate a reasonable separability increasing with the value of M.

(ii) the Jeffries-Matusita distance defined as follows [46]:

dJ−M(i, j) =
√

2(1− e−α) (5)

with

α =
1
2
(
µi − µj

)T
(Ci + Cj

2

)−1(
µi − µj

)
+

1
2

ln

 1
2

∣∣Ci + Cj
∣∣√

|Ci|
∣∣Cj
∣∣
 (6)

where Ck is the covariance matrix of the kth class. It varies from 0 (no separation) to
√

2–1.41
(complete separation).

4.3. Flood Detection

A change detection method was applied to the ASAR images acquired during the rainy seasons
between 2005 and 2008. For each pixel of coordinates (λ, ϕ) of any 55 ASAR images acquired during
the wet season at time t, we computed the following normalized anomaly of σ0 (γ), defined as follows:

γ(λ, ϕ, t) =
σ0(λ, ϕ, t)− 〈σ0(λ, ϕ, t)〉dry

std(σ0(λ, ϕ, t))dry
(7)

where <σ0(λ,ϕ,t)>dry and std(σ0(λ,ϕ,t))dry are the average and the standard deviation of σ0 during the
2005–2008 dry seasons, respectively.

Flooded pixels present lower backscattering than bare soil or vegetation covered ones as the
radar electromagnetic wave is specularly reflected by water surfaces. As a consequence, the lower
γ is, the more inundated the pixel is. As the vegetation cover in the lowland of the Guayas Basin is
not composed of forests, but of pastures, seasonal and permanent crops, the presence of water under
vegetation will cause a decrease in radar backscattering e.g., [14]. The risk to have std(σ0(λ,ϕ,t))dry close
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to zero is limited at the spatial resolution of 1 km. The only available external source of information on
the flood in the Guayas watershed is the SWR from the DFO. Most of the flooded areas present in the
SWR since 2000 have their extent included in the previous large flood events of 2002, and especially
1998. This dataset is commonly used for estimating flood extent limits when processing other remotely
sensed observations e.g., [47,48]. Our goal is to determine a threshold to discriminate changes caused
by the floods from changes in land cover, due to the vegetation growth, or due to the presence of soil
moisture. We determined the number of inundated and falsely inundated pixels in this watershed
using the surface water extent 2000–2014 from the DFO SWR for each value of γ varying from −1 to
−3 with a step of 0.05 as follows:

(i) for each ASAR image, a binary image representing the flood extent at time t is obtained: all ASAR
pixels with values lower or equal to γ are considered flooded and pixels with values greater than
γ not flooded.

(ii) annual maps of maximum flood extent are then obtained. In these maps, a pixel is considered to
be well identified as flooded if it is also inundated in the SWR whereas it is badly identified as if
it is not also identified as inundated in the SWR.

(iii) annual ratios of good and false detections are determined as the numbers of well and falsely
detected as inundated pixels divided by the numbers of pixels identified as inundated and
non-inundated in the DFO SWR, respectively.

Thresholds on good and false detections allow the determination of the value of the threshold on γ.
For every value of γ, the inundated area S is then estimated as follows:

S(t) = R2
e ∑

i∈A
δ(λi, ϕi, t) cos(ϕi)∆λ∆ϕ (8)

where Re the radius of the Earth equals 6378 km, λi and ϕi are the longitude and latitude of the ith
pixel inside the Guayas watershed of area A, δ(λi,ϕi,t) equals one if the pixel is inundated and 0 if not,
∆λ and ∆ϕ are the grid steps in longitude and latitude, respectively, that are equal to 0.0045◦.

4.4. Relative Frequency of Inundation

A relative frequency of inundation (RFI) map, based on the time-series of inundation map derived
from the ASAR images acquired between December 2004 and June 2008, was estimated for the Guayas
Basin floodplain. Following a method similar to the one proposed by [49], the RFI, expressed in %, of a
pixel of geographical coordinates (λ;ϕ) is defined as follows:

RFI(λ; ϕ) =

N
∑

n=1
δ(λ, ϕ, n)

N
× 100 (9)

where N is the number of images acquired during the rainy season over the whole study period and
δ(λ,ϕ,n) equals one if the pixel is inundated and 0 if not.

5. Results

5.1. Land Cover from ASAR GM Images during the Dry Season

The performances of the 11 different techniques (i.e., k-nearest neighbors, linear and Gaussian
SVM, random forest, extremely random trees, adaboost, naive Bayes, logit, linear and quadratic
discriminants, ridge regression) were assessed in terms of multi-class accuracy (5 classes). Among them,
the k-nearest neighbor classification appears to be the most efficient and the most robust for
discriminating the classes based on their temporal patterns in the dry season with an accuracy
of 98.2% ± 0.7%. In the followings, all the results are presented for this supervised classification.
The resulting land cover map derived from the k-nearest neighbor method is presented in Figure 5.
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Figure 5. Land use from ENVISAT ASAR GM images acquired during the dry seasons (June to
November) between 2005 and 2008, as determined by k-nearest neighbors supervised classification.
The resulting classes are the followings: open water (blue), permanent crops (green), seasonal crops
(orange), grazing fields (yellow), cities (pink). The boundary of the lowland is represented using a
black line. Background image is from Google Maps.

The five classes correspond to open water (lakes and reservoirs) as the Guayas river stream
and its tributaries cannot be identified at a spatial resolution of 1 km, permanent crops composed of
tropical arboriculture (banana, oil palm, coffee and cacao trees), seasonal crops (mostly rice, corn, soya,
and shrubby vegetation), mostly pastures and sugar cane, towns, respectively.

The results of the class separability are presented in Table 1. It appears clearly that the different
classes are well separated from one another using both criteria, especially using the Jeffries-Matusita
distance. The Jeffries-Matusita distance between each pair of classes is higher than 1.40 except
between permanent crops and seasonal crops. In this case, its value is 1.34 which corresponds to a
good separation between the two classes as this value is quite close to the maximum value of the
Jeffries-Matusita distance (

√
2). Very good separability is also observed using the M-statistics (M > 1),

except for the separability with cities class, due to the large standard deviation (see Table 2) observed
in this class, a consequence of the low spatial resolution of the ENVISAT ASAR GM images (1 km).
However, even for this class, the M-statistics present values close to 1 or a little bit higher (Table 1).
In all cases, a good separability is observed between open water and the other classes.

Table 1. Results of the separability between classes obtained from a k-nearest neighbors
supervised classification performed on ENVISAT ASAR GM images acquired during the dry season
(July–September) between 2005 and 2008 using the M-statistics and the Jeffries-Matusita distance.

Separability between Classes Open
Water

Permanent
Crops

Seasonal
Crops

Grazing
Fields Cities

Open water M-statistics - 6.67 2.14 4.37 1.08
J-M - 1.41 1.41 1.41 1.41

Permanent crops M-statistics - - 1.55 2.91 0.98
J-M - - 1.34 1.41 1.41

Seasonal crops M-statistics - - - 1.20 0.90
J-M - - - 1.41 1.41

Grazing fields M-statistics - - - - 0.93
J-M - - - - 1.41

Cities
M-statistics - - - - -

J-M - - - - -
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Table 2. Results of the k-nearest neighbors supervised classification performed on ENVISAT ASAR
GM images acquired during the dry season (July–September) between 2005 and 2008. For each class,
average backscattering (dB), associated standard deviation (dB), and percentage of the watershed area
(%) are given.

Dry Season Classification
Class Name

Average
Backscattering (dB)

Standard Deviation of
Backscattering (dB)

Percentage of the
Watershed Area (%)

Open water −11.30 1.68 0.9
Permanent crops −8.63 1.29 15.0
Seasonal crops −6.19 1.70 54.0
Grazing fields −7.65 1.29 29.0

Cities −1.87 2.74 1.1

Using the results from the k-nearest neighbors supervised classification, land cover in the Guayas
watershed is dominated by seasonal crops (54%), characterized by σ0 = −6.19 ± 1.70 dB, followed by
grazing fields (29%), with σ0 = −7.65 ± 1.29 dB, permanent crops (15%), with σ0 = −8.63 ± 1.29 dB,
cities (1.1%), with σ0 = −1.87 ± 2.74 dB and open water (0.9%), with σ0 = −11.30 ±1.68 dB (Table 2
and Figure 6).
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Figure 6. Average backscattering coefficient (dB) and associated standard deviation (dB) for each
class resulting from a k-nearest neighbors supervised classification performed during the dry season
(July–September) between 2005 and 2008: open water (blue), permanent crops (green), seasonal crops
(orange), grazing fields (yellow), cities (pink).

5.2. Flood Detection during the Rainy Season

Normalized anomalies of backscattering γ were computed for the 55 ASAR images acquired
during the rainy season using (7). We determined the number of pixels whose value is beyond the
threshold for each rainy season from 2005 to 2008 for threshold values varying from −1 to −3 with a
step of −0.05. These pixels are then considered as flooded and can be used to estimate annual maps of
inundation when stacking the binary images of floods during each year’s rainy season. The range of
the threshold values corresponds to intervals of confidence varying from 68.3% to 99.7% compared
to its value during the dry season, according to the three-sigma rule of thumb assuming a normal
distribution of the data.
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Examples of resulting maps for different threshold values are presented in Figure 7 for 2008
that was the wetter year of the observation period. Compared to the SWR from DFO (Figure 7a),
lower threshold values led to flooded areas in excess (for instance, thresholds of −1.0 and −1.5
in Figure 7b,c), whereas flood maps obtained using higher threshold values present very limited
inundated areas (for instance, thresholds of −2.5 and −3.0 in Figure 7e,f). The map obtained using γ

equals to −2.0 exhibits a similar pattern as the SWR (Figure 7a,d, respectively). To more accurately
determine the thresholds value, we compared the SWR and γ maps pixel by pixel. A pixel is considered
to be well identified as flooded if its value is below the threshold and is inundated in the SWR whereas
it is poorly identified as flooded if its value is lower or equal to the threshold but it is not identified as
inundated in the SWR. The results of the change detection method limited to the floodplain area are
presented on Figure 8. We fixed the following thresholds: as no large ENSO was recorded between 2005
and 2008, we considered that the minimum threshold value for inundated pixels should correspond
to a number of pixels higher than 50% of the number of inundated pixels of the SWR in the Guayas
floodplain during the wettest year of the study period. According to Figure 8a, it corresponds to
a minimum value of γ higher than −2.35. The corresponding ratios are 10.8%, 30.9%, 12.1% and
50.2% for 2005, 2006, 2007, and 2008, respectively. Similarly, the number of pixels falsely detected as
inundated should be lower than 10% of the number of inundated pixels of the SWR in the Guayas
watershed during the wetter year, considering the possible missed detection of flooded areas in
this dataset. According to Figure 8b, it corresponds to a maximum value of γ lower than −2.25.
The corresponding ratios are 3.7%, 7.1%, 2.2% and 9.5% for 2005, 2006, 2007, and 2008, respectively.
Using these criteria, γ varies between −2.25 and −2.35. Converted (7) into dB, it means that the
difference between (i) the change in backscattering between the dry season and the time t during the
rainy season; and (ii) the standard deviation of the backscattering during the dry season is greater
than 3.52, 3.63 and 3.71 dB for threshold values of −2.25, −2.30, and −2.35, respectively. According to
Table 2, these values are larger than the standard deviation of any of the five classes considered in this
study. As these classes were found be well separated, it is reasonable to consider that these thresholds
can be used for separating inundated and non-inundated pixels. Maximum annual flood extent
obtained using thresholds of −2.25, −2.30, −2.35 between 2005 and 2008 are presented in Figure 9.
Very similar patterns are observed with the flood extent decreasing with γ. The pattern of inundated
areas is very consistent with the hydrological characteristics of the Guayas floodplain. Areas detected
as flooded are present along the major tributaries to the Guayas (i.e., Babahoyo, Quevedo, Daule)
or in the wetlands such as the RAMSAR site Abras de Mantequilla wetland, located between the
Quevedo and Daule rivers, which plays a role in flood attenuation and streamflow regulation [50].
Large interannual variability can also be observed during the 2005–2008 time-span. A more detailed
analysis of the results is provided in Section 5.3.
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Figure 7. Inundation in the Guayas watershed using the SWR from DFO (a). Normalized anomalies of
backscattering coefficients (γ) lower than a given threshold appear in light blue. The threshold values
equal −1.0 (b); −1.5 (c); −2.0 (d); −2.5 (e); and −3.0 (f) for 2008. Background image is from Google
Maps. Permanent water bodies appear in blue.
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Figure 9. Maps of annual normalized anomalies of backscattering coefficients lower than a given
threshold (light blue) in the Guayas floodplain (black line). The threshold values γ equals to −2.25
in 2005 (a); 2006 (d); 2007 (g); and 2008 (j); −2.30 in 2005 (b); 2006 (e); 2007 (h); and 2008 (k); −2.35 in
2005 (c); 2006 (f); 2007 (i); and 2008 (l). Background image is from Google Maps. Permanent water
bodies appear in blue.

5.3. Time Variations of Inundated Areas

Using the thresholds determined in Section 5.2, monthly variations of inundation extent were
estimated in the Guayas Basin. These monthly variations were obtained as the cumulated extent of the
inundated areas observed each month using ASAR images. Time variations of inundated areas during
the wet seasons (December–May) from 2005 to 2008 are presented in Figures 10 and 11 for γ = −2.30.
During the observation period, small and disseminated flooded areas were present in December
(Figure 10a,g and Figure 11a,g) and January (Figure 10b,h and Figure 11b,h). Largest flood area extents
are observed between February and May (Figures 10c–f and 11i–l) with a large interannual variability.
Floods generally started in February in the upstream part of the Daule River and the central part of
the Quevedo River (Figure 10c,i and Figure 11c,i). Then, floods were mainly located along the central
and downstream parts of the Quevedo and Babahoyo Rivers in March and April (Figure 10d,e,j,k and
Figure 11d,e,j,k). Floods of smaller extent were detected in May along the Quevedo and Daule Rivers
(Figure 10f,l and Figure 11f,l). Inundated areas are most frequently observed along the Babahoyo and
Quevedo Rivers and in the Abras de Mantequilla wetland (225 km2 at 79◦45′ W and 1◦30′ S). In 2006
and 2008, flooded areas were also detected in the upstream part of the Babahoyo River and along the
Daule River (Figures 10g–l and 11g–l). In 2008, very extensive floods were detected in March and April
along the Quevedo and Babahoyo river streams.
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Figure 10. Monthly maps of inundation for normalized anomalies of backscattering coefficients lower
than −2.30 (light blue) in the Guayas floodplain (black line) during the wet seasons of 2005 and 2006
(a–f) from December 2004 to May 2005; and (g–l) from December 2005 to May 2006. Background image
is from Google Maps. Permanent water bodies appear in blue.

Water 2017, 9, 12  15 of 20 

 

 

Figure 10. Monthly maps of inundation for normalized anomalies of backscattering coefficients lower 

than −2.30 (light blue) in the Guayas floodplain (black line) during the wet seasons of 2005 and 2006 

(a–f)  from December 2004  to May 2005; and  (g–l)  from December 2005  to May 2006. Background 

image is from Google Maps. Permanent water bodies appear in blue. 

 

Figure 11. Cont.



Water 2017, 9, 12 16 of 20
Water 2017, 9, 12  16 of 20 

 

 

Figure 11. Monthly maps of inundation for normalized anomalies of backscattering coefficients lower 

than −2.30 (light blue) in the Guayas floodplain (black line) during the wet seasons of 2005 and 2006 

(a–f)  from December 2006  to May 2007; and  (g–l)  from December 2007  to May 2008. Background 

image is from Google Maps. Permanent water bodies appear in blue. 

RFI maps of the Guayas floodplain were estimated using ENVISAT ASAR GM images acquired 

during the rainy seasons between December 2004 and June 2008 for the three threshold value used 

earlier. As they exhibit very similar patterns, only the one obtained using the −2.30 threshold value 

is presented in Figure 12. Four main areas of large flood occurrence (>25%): the junction between the 

Babahoyo and Quevedo Rivers, in the upstream north east of Guayaquil, the north and south banks 

of the Babahoyo River close to the city of Babahoyo, and the upstream eastern part of the floodplain. 

Secondary maxima (15%) can also be observed along the Daule River. 

 

Figure 12. RFI map derived  from  the ASAR‐based  inundation extent map  for  the  −2.30  threshold 

values applied to the normalized anomalies of backscattering coefficients (γ). 

Figure 13 shows  the  time variations of  flood extent and rainfall between 2005 and 2008. The 

hydrological years 2006 and 2008 are characterized by larger flood events (318 and 585 km2 occurring 

in March 2006 and April 2008, respectively, as detected using ASAR images) than 2005 and 2007 (53 

and 59 km2 occurring in January 2005 and March 2007, respectively). The total of rainfall for the wet 

season (December–May) over the whole Guayas Basin for the same time‐period were for 757, 1121, 

950 and 1366 mm 2005, 2006, 2007 and 2008 respectively. In other terms, these totals of rainfall are 

33%, 1% and 16% below the 1963–2009 average rainfall during the rainy season for 2005, 2006 and 

2007, respectively, and 20% above it in 2008, meaning that 2005 and 2007 were drier than usual wet 

seasons,  2006 was  a  normal wet  season  and  2008 was  a wetter  than  usual  rainy  season. When 

comparing  the  inundated  areas obtained using  the  change detection method  to  the  total  rainfall 

during the wet season, a good consistency between these two hydrological variables can be noticed. 

Figure 11. Monthly maps of inundation for normalized anomalies of backscattering coefficients lower
than −2.30 (light blue) in the Guayas floodplain (black line) during the wet seasons of 2005 and 2006
(a–f) from December 2006 to May 2007; and (g–l) from December 2007 to May 2008. Background image
is from Google Maps. Permanent water bodies appear in blue.

RFI maps of the Guayas floodplain were estimated using ENVISAT ASAR GM images acquired
during the rainy seasons between December 2004 and June 2008 for the three threshold value used
earlier. As they exhibit very similar patterns, only the one obtained using the −2.30 threshold value is
presented in Figure 12. Four main areas of large flood occurrence (>25%): the junction between the
Babahoyo and Quevedo Rivers, in the upstream north east of Guayaquil, the north and south banks
of the Babahoyo River close to the city of Babahoyo, and the upstream eastern part of the floodplain.
Secondary maxima (15%) can also be observed along the Daule River.
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Figure 12. RFI map derived from the ASAR-based inundation extent map for the −2.30 threshold
values applied to the normalized anomalies of backscattering coefficients (γ).

Figure 13 shows the time variations of flood extent and rainfall between 2005 and 2008.
The hydrological years 2006 and 2008 are characterized by larger flood events (318 and 585 km2

occurring in March 2006 and April 2008, respectively, as detected using ASAR images) than 2005 and
2007 (53 and 59 km2 occurring in January 2005 and March 2007, respectively). The total of rainfall for
the wet season (December–May) over the whole Guayas Basin for the same time-period were for 757,
1121, 950 and 1366 mm 2005, 2006, 2007 and 2008 respectively. In other terms, these totals of rainfall are
33%, 1% and 16% below the 1963–2009 average rainfall during the rainy season for 2005, 2006 and 2007,
respectively, and 20% above it in 2008, meaning that 2005 and 2007 were drier than usual wet seasons,
2006 was a normal wet season and 2008 was a wetter than usual rainy season. When comparing the
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inundated areas obtained using the change detection method to the total rainfall during the wet season,
a good consistency between these two hydrological variables can be noticed. A correlation of 0.75 was
found between these two variables at monthly time-scale, with the total amount of rainfall preceding
the flood of one month (inundation extent was set to zero between June and November of each year).
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6. Conclusions

ENVISAT ASAR GM images were used to monitor the spatio-temporal dynamics of the flood
in the Guayas watershed between 2005 and 2008 applying a change detection method based on the
difference in backscattering at C-band between the wet and the dry seasons. First, a supervised
classification method was applied to determine the possibility to separate open water from the
other classes. Among the different supervised classification techniques applied to determine the
land cover in the Guayas Basin using ASAR images acquired during the dry season, the k-nearest
neighbors technique provided the better results with an accuracy of 98.2% ± 0.7%. Open water, with a
mean backscattering of −11.30 ± 1.68 dB, was clearly separated from the other classes for both the
M-statistics and the Jeffries-Matusita distance criteria. This allows the use of the change detection
method. In spite of the coarse spatial resolution of these SAR images, inundated areas detection
provides consistent results with the sparse information currently available on the distribution of the
floodplain in this watershed. Flood most frequently occurred in the eastern part of the floodplain
(Andean part), along the Babahoyo river stream, but also on the western part (coastal reliefs) during
normal and wetter than usual years. The large interannual variability in the inundation extent, with
larger inundated areas detected in 2006 and 2008, was also found to be consistent with the temporal
distribution of the rainfall during the wet season.

This study is the first step toward understanding the spatio-temporal (at seasonal and interannual
time scales) dynamics of the flood in the Guayas Basin using multi-sensors and multi-resolution
SAR images and their relationship with ENSO on a longer time-scale. With the recent launches of
Sentinel-1A in April 2014, Sentinel-2A in June 2015 and Sentinel-1B in April 2016, satellite SAR (C-band)
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and multispectral images are now globally available at an unprecedented spatio-temporal resolution
of a couple of tens of meters every few days. These new datasets will allow better monitoring of land
cover and flood locations in watersheds such as the Guayas Basin.
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