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Abstract

Mapping time-series evapotranspiration for
agricultural applications

Erik Jan Bootsma

Fresh water provides a range of essential services and is often used for irrigation
purposes. Decreasing precipitation and increasing temperatures caused by climate
change together with increased usage by humans has put these resources under
stress, especially in relatively dry areas. This project takes a closer look at the
irrigation of agricultural areas in the Guadalquivir river basin in southern Spain. An
indication of irrigation intensity is attained by estimating the evapotranspiration using
the S-SEBI method. This method is based on the surface energy balance and uses
Landsat satellite images as its main input. Secondarily, a random forest classifier is
trained to differentiate between irrigated and non-irrigated agricultural areas.
Evaluation of these implementations produced a Root Mean Squared Difference of 0.8
mm/day for daily actual evapotranspiration and an overall accuracy close to 80% for
classification of irrigated areas. The results indicate that both the level of
evapotranspiration and the irrigated agricultural surface area were stable over the
period 2000-2020. This should not be taken to indicate that current freshwater
management is therefore sustainable. This project shows the value of
cloud-computing services such as Google Earth Engine for remote sensing research.
With this tool evapotranspiration estimation and irrigation classification was
performed on an unprecedented temporal and spatial scale.
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1. Background

Water is essential for a wide variety of uses central to human life, including energy
production, transport, commercial fishing, drinking water, manufacturing and tourism.
Maintaining the quantity and quality of freshwater resources is therefore crucial. There
are however serious concerns about the management of these resources across the globe.
According to a fact sheet for the EU Water Framework Directive, water scarcity affects at
least 17% of EU territory and droughts in Europe have increased since the 1980s. Climate
change is expected to put further stress on scarce resources by lowering rainfall and
raising summer temperatures, especially in drought sensitive areas such as the southern
and eastern parts of the EU.[1,2]

The Mediterranean basin is an area which is especially sensitive to changes in the climate.
Effects of global warming have been more pronounced here than elsewhere in Europe.
Available water resources in the Mediterranean basin for varying uses are already scarce
and are mainly dependent on streamflow of rivers in the region.[3,4] Due to the changes in
temperature and precipitation, the volume of river streamflows are expected to decrease,
especially during summer time.[5] Expectations for reduction in some streamflows are as
high as 80% by the end of the century.[6,7]

Irrigation in agricultural areas is one of the main ends of fresh water usage. The amount
of water used for irrigation differs between countries and areas. Spain and the Nether-
lands both have important agricultural sectors, but respectively used 16 billion and 64
million cubic meters of water for irrigation purposes in 2010.[8,9] Countries around the
Mediterranean have a relatively high loss of irrigation water through evapotranspiration
(ET).[10] ET constitutes the release of water to the atmosphere from the Earth’s surface
through evaporation and from plants through transpiration.[11,12] Estimations of ET can
inform efficient water management by assisting in drought monitoring and informing ir-
rigation scheduling and water budgeting.[13] ET is highly variable over space and time
and is influenced by local weather conditions, land usage and management practices.[12]

Attaining reliable estimations of this product from agricultural areas could be a major
help in increasing the efficiency of water usage. Previous research on ET has taken place
in Spain, Italy, Tunisia and southern France.[14–21]

Spain is an interesting country to investigate due to issues with water scarcity, the eco-
nomic importance of irrigated farmland and the increased threat of droughts due to
climate change. In Spain 14% of farmland is irrigated, but this land produces more
than 60% of the total value of agricultural output.[1] The decrease in the volume of river
streamflows is especially pronounced in central-southern basins in the country.[22] This is
due to the aforementioned effects of climate change, reforestation and increasing water
demands.[23] This project will focus on the Guadalquivir river basin located in the south-
ern part of the country. New insights into irrigation usage and ET in agricultural areas in
this region could help improve water management throughout the Mediterranean.

ET can be computed through the Bowen ratio technique, which uses data gathered by
specialized ground based measurement tools.[24,25] Unfortunately, ground measurements

1
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are limited to a specific time and place.[12] In contrast, ET estimation methods relying
on Remotely Sensed (RS) multi-spectral imagery can cover large areas for extended
periods of time at a high spatial (and sometimes temporal) resolution.[12] These methods
are generally more economical than ground measurements to investigate the spatial and
temporal variability of ET.[26–28] Furthermore, they have played an important role in
agricultural water management research for several decades.[27,29,30]

There are several categories of algorithms which can be used to estimate ET. One
common approach is the Penman-Monteith method and its variations (e.g. FAO-56
method).[10,21,31,32] The potential evapotranspiration (ETp) or reference evapotranspira-
tion (ETo) is computed using local meteorological measurements like temperature, wind
speed, humidity and solar radiation.[33] ETp and ETo are an approximation of the ET
assuming a reference surface type for the study region.[34] Satellite data is then used to
derive the reflectance based crop coefficient (Kc), which is combined with the ETo to
compute the actual evapotranspiration (ETa).[35,36]

The Surface Energy Balance (SEB) is the basis of another category of ET estimation
methods. This equation contains all the incoming and outgoing energy fluxes (W/m2)
related to the Earth’s surface and is presented in (1). The soil heat flux (G) represents
energy in the form of heat which is absorbed by the soil. The sensible heat flux (H)
stands for energy released as heat to the air just above the surface. The remaining
term, the latent heat flux (λE), is comprised of energy associated with evaporation from
surface water and transpiration from plants. This final term can easily be converted into
ETa.[36]

λE = Rn −G−H (1)

The net surface radiation (Rn) is computed by subtracting the incident (i.e. incoming)
from the reflected and emitted (i.e. outgoing) radiation. Equation (2) illustrates the
need to compute the incident shortwave radiation (RSi), the incident longwave radiation
(RLi) and the emitted longwave radiation (RLo). Furthermore, two products which
represent the interaction between incoming radiation and the Earth’s surface are also
required. The albedo (r0) determines the reflection of incoming shortwave radiation and
the surface thermal emissivity (Eo) determines the effectiveness in emitting energy as
thermal radiation from a certain surface. A graphical overview of all the components
which make up the SEB is found in figure 1.

Rn = incoming − outgoing

= RSi +RLi − r0 ×RSi − (1− Eo)×RLi −RLo

= (1− r0)×RSi + Eo ×RLi −RLo

(2)

2



Erik Bootsma • Master thesis report • Uppsala University

Figure 1: A graphical overview of all the components presented in equations (1) and
(2). Blue and red arrows symbolize incoming and outgoing radiation fluxes respectively.
Striped arrows are part of the SEB. Modified from figures by Waters et al.[37]

Detection of long-term ET rates is used to analyse irrigation practices in the past and
present, but also inform water management in the future.[15,27] Temporal descriptions
of ET can take around ten years, including information about both extreme dry and
wet periods.[29] The goal of this thesis project is to aid management of scarce water
resources within the Guadalquivir basin area. Improvements are best realized with a clear
understanding of past and current crop water consumption. Therefore this project focuses
on analyzing ETa rates in agricultural areas for the past twenty years. A computational
method dependent on RS images is implemented to analyse ET over a large spatial and
temporal scale. Ideally, this method should rely on a limited number of environmental
variables so that the implementation can easily be adapted to other relevant regions.
Time series models are used to detect past trends in the ET estimations and create a
forecast for the near future. This information is useful to evaluate current irrigation
practices and counsel on future water management. A secondary goal is to detects
changes in irrigated area size through the analysis of annual mappings. Figure 2 displays
the workflow of the project, which includes the implementation, evaluation and result
producing sections.

2. Study region

The Guadalquivir river runs around 650 km, making it the longest river in southern
Spain. It originates in the mountains and exits next to the Doñana National Park into
the Atlantic Ocean. The total basin (figure 3) covers an area of approximately 58,000
km2 and over 4 million people live within its borders. The basin has an annual flow of
7,100 hm3 in surface water and 2,576 hm3 in groundwater.[38] More information on the
hydrology, agricultural practices and evapotranspiration rates in the Guadalquivir river
basin can be found in the literature.[7,15,39–44]

3
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Figure 2: Workflow of implementation, evaluation and production of results. Rectangles
with sharp corners display operations on the GEE online platform and rectangles with
rounded corners display operations on a local device.

2.1. Irrigation and agriculture

The Guadalquivir river basin contains about 25% of Spain’s irrigated land.[38] According
to a report from 2010, the total area of irrigated land in the basin changed from 410,000
ha in 1992 to 845,000 ha in 2008. In the same time frame the total water consumption
increased annually by 1.5%.[45] A paper from 2013 states that the irrigated area comprises
of around 881,960 ha.[15] In table 1 the extraction of water from the basin and its usage
is detailed for 2008. Irrigation is and will continue to be the main user of water in the
basin in the foreseeable future.[45]

4
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Figure 3: Guadalquivir river basin area. Adapted from Confederación Hidrográfica del
Guadalquivir (Guadalquivir River Basin Authority): www.chguadalquivir.es.[46,47]

Origin of water Irrigation Urban+industry Total

Regulated rivers 2,165.5 358.9 2,524.4
Non-regulated rivers 347.0 0.0 347.0

Groundwater 830.0 136.8 966.8
Recycled 30.0 0.0 30.0

Total 3,372.5 495.7 3,868.2

Table 1: Water volume [hm3] abstracted in the Guadalquivir basin in 2008.[45]

Label Primary category 1990 2000 2006 2012 2018

1 Artificial Surfaces 59,996 71,691 107,549 118,453 119,019

2 Agricultural areas 3,543,215 3,564,671 3,566,181 3,562,576 3,563,405

3 Forest and semi-natural areas 2,033,288 1,994,510 1,959,558 1,943,706 1,942,004

4 Wetlands 43,034 44,097 38,350 41,510 41,470

5 Water bodies 89032 93,597 96,933 102,323 102,670

Table 2: Total area [ha] of the primary category of land use classes in the study region
according to CLC. Values are computed through summation of data in table 22.

5
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Types Cultivated Area Irrigation Farming
[ha] [% of total area] [ha] [relative % of type]

Arable Crops 1,564,387 49.1 322,620 20.6
Olive Groves 1,358,757 42.7 359,366 26.5

Fruit Cultivation 229,515 7.2 105,649 46.0
Vineyards 26,299 0.8 2,837 10.8

Other 4,609 0.2 2,560 46.9
Total 3,183,567 100 793,032 24.9

Table 3: Table from 2018 paper. "Main agricultural cultivation of Andalusia, Spain. The
category of ’arable crops’ comprises the cultivation of vegetables and cereals."[48]

Land use in the study region in fairly heterogeneous, probably partly due to elevation
differences. Table 22 presented in section 12.2 displays the surface area used for different
land uses according to CLC mappings (see section 4.5.1). Table 2 aggregates these results
per primary category. Land uses which together make up the category ’Artificial surfaces’
greatly increase, especially between 2000 and 2006. The total area of all ’Agricultural
areas’ together seems fairly consistent. However, table 22 shows that fruit plantations
and permanently irrigated land increased in area over the past thirty years at the expense
of for instance non-irrigated arable land. Something similar is the case with the primary
category ’Forest and semi-natural areas’. The total area that is covered by this category
is fairly consistent over the years, but forested land use types increased in surface area
while sparsely vegetated and shrub area decreased.

It is difficult to assess exactly which agricultural fields are irrigated. Table 3 shows the
area of agricultural crops in Andalusia, an autonomous community in southern Spain
which largely overlaps with the Guadalquivir river basin. Almost half of the area taken
by fruit cultivation is irrigated, while a quarter of the total agricultural area is irrigated.
This clearly shows that irrigated area can not be identified solely based on land use, since
there are no crop types for which one can assume that it’s always irrigated. Nonetheless,
a 2013 paper confirmed a correlation between the spatial pattern of seasonal ET and the
location of crop types. Irrigated land in the eastern part of the basin is dominated by
olive orchards, which have a relatively low demand of water. Meanwhile, the western
part of the basin features a concentration of rice, which is a high water demanding
crop. It should therefore come as no surprise that ETa is estimated to be substantially
higher in the west than in the east. ETa rates are generally highest during the summer
months, especially in July, which coincides with high demands for irrigation. However,
this seasonal pattern can vary depending on crop type.[15]

Table 4 displays the irrigated area for different years in the basin according to SIOSE
(see section 4.5.2). Contrary to the information presented so far, the total irrigated area
between 2005 and 2014 is fairly constant. Figure 4 visualizes the irrigated areas according
to SIOSE and shows that the distribution of irrigated area hardly changes.

6
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Figure 4: Summation of the three SIOSE raster mappings (2005, 2011 and 2014) with
irrigated areas. A pixel is considered irrigated if at least 50% of the area of the original
SIOSE polygon belongs to an irrigated land use type. Pixels not belonging to any agri-
cultural class in any of the CORINE editions from 2000-2018 are masked out. Red areas
are non-irrigated according to all three SIOSE editions, while blue areas are considered
irrigated in all editions. Image created with GEE. Map data c©2021 Google, Instituto
Geográfico Nacional.

Year Area [ha] Irrigated area [ha] Polygon items Irrigated items
2005 5,768,768 625,223 380,865 30,463
2011 5,777,207 604,892 386,333 30,145
2014 5,873,947 612,065 415,219 47,625

Table 4: Statistics on irrigation derived from analysis of SIOSE polygons. A polygon
has to completely fall within the Guadalquivir basin to be used in this analysis and is
considered irrigated if at least 50% of its area belongs to an irrigated land use type.

2.2. Water availability

Water availability varies widely from year to year due to precipitation. Rainfall in the
basin ranges from 260 mm to 983 mm per year, with an average of 630 mm. Although
an average of 7,043 hm3 freshwater per year is needed to fulfill current requirements,
the actual availability varies from 372 hm3year-1 to 21,530 hm3year-1. A series of 65
dams is partly able to negate the effect of extreme events (droughts and floods) due to a
capacity to regulate 7,500 hm3. However, even when coupled with the natural regulation
of 2,270 hm3year-1 due to storage by groundwater, these reserves are not enough when the
region is faced with more than two consecutive dry years.[38] Often the water allocated
for irrigation purposes fails to meet the requirements.[15] Droughts limit agricultural

7
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production and also cause aquifer salination and environmental stress.[45]

Since it is very unlikely that additional reservoirs will be build, the basin water au-
thorities have placed more emphasis on improving water management.[15,38] There is
a growing pressure on water resources due to irrigation in high-value agriculture like
olives and fruits. However, there has also been a remarkable increase in water use ef-
ficiency. In the pasts there have already been substantial investments in water-saving
measures and technologies.[42] While about 6,893 m3 of water was used per ha in 1992,
this amount was reduced to 3,991m3 per ha in 2008.[38] In 2008, 64% of irrigation systems
consisted of drip irrigation, while sprinkler and surface irrigation made up 14% and 27%
respectively.[45]

Based on the information presented so far we can hypothesize that the total amount of
ET in the basin has increased over time due to an increase in irrigation. Similarly, an
increase in the total area of irrigated agriculture is also likely. However, locally there
might be decreases in ET due to improved irrigation practices. Furthermore, during the
study period there could be strong fluctuations due to dry and wet periods.

3. Tools

GEE is the primary tool used in this project. This service provides a free platform on
which to analyze RS data. Due to its cloud computing setup users have the benefit
of high processing speeds. Within the GEE environment a large number of publicly
available RS data sets are stored in a data catalogue and can be accessed easily. An
online web interface is provided running JavaScript scripts and there is also an API
available for Python.[49] Another advantage of GEE is its capacity to store images and
data permanently and the possibility of users to upload data files (up to 250 GB). User
registration is required before access to the application and data catalog is provided. Over
the last few years multiple studies from the field of geoscience have been published which
made use of GEE. The service has however also been criticized for a lack of transparency
of its internal code and the working of its build-in methods.[44]

Earth Engine Evapotranspiration Flux (EEFlux) is an implementation of the Mapping
EvapoTranspiration with Internalized Calibration (METRIC) method, used to create
evapotranspiration mappings from thermal imagery collected by Landsat and Moderate
Resolution Imaging Spectroradiometer (MODIS) satellites (see section 4.1). It currently
exists as a online application and computes both daily actual evapotranspiration (ETd)
and several other products. EEFlux allows the user to select a single Landsat scene by
specifying a date range and a location of interest. The different products (i.e. data-
layers) can be downloaded from EEFlux one at a time as geo-tiff files.[50] EEFlux has
been unstable in the past and currently limits downloads to selected square subsections
of images. Although the application is based on GEE, no user registration is required
and anyone can use it instantly. More information on the METRIC method can be
found in section 5.1.2.
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4. Data

This section contains an overview of the data sources used in the project.

4.1. Satellite imagery

The main source of data used in this project are RS sensed scenes captured by Landsat
satellites. Satellites from the Landsat project have been orbiting the globe since 1972 and
have in that time provided a constant source of RS images of the Earth’s land surface.
Different portions of the electronic spectrum are captured by the different bands in the
images. With new satellites came improved imaging sensors and technology together
with an increased number of spectral bands. Information on the bands is captured at a
spatial resolution of 30 meters, except for the thermal bands. which is captured at 100
meters. These scenes are classified as tier 1, indicating high quality, and tier 2, indicating
lower quality.

The Landsat 5 (LT5) satellite carries the Thematic Mapper (TM) sensor and was active
from March 1984 till January 2013. Images captured by this sensor are only available
until mid-2012 in the GEE Data Catalog. Although Landsat 6 was launched in 1993, it
failed to achieve orbit. Landsat 7 (LE7) carrying the Enhanced Thematic Mapper Plus
(ETM+) sensor on board was launched in 1999 but suffered from an issue known as the
Scan Line Corrector (SLC) anomaly in May 2003. This has caused distortions in the
form of stripes of missing data throughout all scenes, thereby reducing the amount of
data by 22%. The remaining spectral information in the scenes is of the same quality
as images acquired before the occurrence of this anomaly.[51] Several research papers
investigate the utility and accuracy of gap-filling algorithms to reduce the amount of
missing data.[52–55] In this project the LE7 scenes are used as they are available in the
GEE data catalogue without attempts to fill in missing data. The Landsat 8 (LC8)
satellite and its improved Operational Land Imager (OLI) and Thermal Infrared Sensor
(TIRS) sensors was successfully launched in February 2013 and is still active today. Table
5 provides an overview of the names and ranges of the Landsat spectral bands.

The Landsat scenes fall into a grid, meaning that roughly speaking the scenes captured for
a specific location always cover the same area. Figure 5 shows the positions of Landsat
scenes which are relevant for the study region. In the Worldwide Reference System
(WRS) these six positions correspond to combinations of paths 200, 201 and 202 and
rows 033 and 034. The Landsat satellites have a recurrence rate of sixteen days, meaning
they should in theory provide almost two scenes per month for any particular location.
However, this is seldom the case due to issues such as failure of communication links.
This means that the actual acquisition rate of the satellite sensors often fail to reach
their potential.[56] Figure 6 displays the number of Landsat scenes within the previously
mentioned six path/rows combinations during the study period.

Each RS images captured by a Landsat satellite contains a large amount of properties
indicating a wide range of variables, from acquisition time to percentage of cloud-cover.
These properties can be used to sort or filter image collections. Each scene also includes
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Figure 5: The square geometries outlining six LT5 TM scenes. These geometries are
slightly larger than the RS images but clearly show the six grid position in which the
Landsat scenes over the study region fall. The positions are labeled from left-to-right
and top-to-bottom by path/row codes 202/033, 201/033, 200/033, 202/034, 201/034
and 200/034 in the WRS. Image created with GEE. Map data c©2021 Google, Instituto
Geográfico Nacional.

Figure 6: Bar graph displaying the number of usable Landsat scenes for the study region
per year. Scenes are captured by sensors on board the LT5, LE7 and LC8 satellites.
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Band name LT5 TM LE7 ETM+ LC8 OLI/TIRS
Blue (B) B1 [0.45-0.52] B1 [0.45-0.52] B2 [0.45-0.51]

Green (G) B2 [0.52-0.60] B2 [0.52-0.60] B3 [0.53-0.59]

Red (R) B3 [0.63-0.69] B3 [0.63-0.69] B4 [0.64-0.67]

Near-Infrared (NIR) B4 [0.77-0.90] B4 [0.76-0.90] B5 [0.85-0.88]

Shortwave Infrared-1 (SWIR-1) B5 [1.55-1.75] B5 [1.55-1.75] B6 [1.57-1.65]

Shortwave Infrared-2 (SWIR-2) B7 [2.09-2.35] B7 [2.08-2.35] B7 [2.11-2.29]

Thermal (T) B6 [10.40-12.50] B6 [10.40-12.50]
B10 [10.60-11.19]

B11 [11.50-12.51]

Table 5: Relevant Landsat bands with their wavelength range in square brackets. The
thermal band of LT5 and LE7 scenes is acquired at 120 meters and re-sampled to 30
meters. LC8 thermal bands are acquired at 100 meters and re-sampled to 30 meters. A
full overview is available in the ’Landsat - Earth Observation Satellites’ report.[57]

a quality band: ’BQA Bitmask’. This band indicates certainty of cover by snow, cloud
and shadow for each individual pixel.

The solar energy captured by the sensors on the Landsat satellites are stored as Digital
Numbers (DN). These are quantized and calibrated standard product pixel values. For
LT5 and LE7 scenes the data has been scaled into an 8-bit DN, meaning the values fall
on a range between 0 and 255. For LC8 the data is scaled into 16-bit DNs with a range
from 0 to 65536 due to the more sensitive OLI sensor.

The DN values can be converted into useful several products.[58] Within the GEE data
catalog all Landsat imagery can be found, with different products being grouped into
different image collections. In the case of LC8, GEE contains an image collection ’LAND-
SAT/LC08/C01/T1’ which stores the DN values of Landsat scenes. Other Landsat image
collections store products which are directly computed from the DNs. Examples are the
top-of-atmosphere (TOA) spectral reflectance (’LANDSAT/LC08/C01/T1_TOA’) and
the surface reflectance and brightness temperature (’LANDSAT/LC08/C01/T1_SR’).
More information on these products is found in section 6.1.

The MODIS instrument is carried aboard North American Space Agency (NASA)’s
Terra and Aqua satellites. These satellites were launched in 1999 and 2002 respectively
and orbit the globe from north to south. Images captured with this instrument have
spatial resolutions of 250, 500 and 1000 meters and a revisit time of once per day.[59]

MODIS imagery has been the bases for ET estimation efforts in the past.[60–62] How-
ever, considering the high heterogeneity of the study region this project relies mostly on
Landsat scenes because of their higher spatial resolution.

4.2. Environmental data

Mappings of environmental products are needed to compliment Landsat scenes. The
water vapor content (w) indicates the amount of water vapor in the atmosphere. It
is sometimes referred to as the precipitable water column, which is the height of the
water column which would be created by pressing all the water vapor into liquid form.
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Ground-based estimates of w are not always available, in which case data computed from
RS images can be used instead.[63] Within the GEE data catalog several image collections
are available which provide a water vapor product. For this project the ’NCEP/NCAR
Reanalysis Data, Water vapor’ GEE image collection is used. This data source might
have a relatively large spatial resolution (2.5 degrees), but it is available from 1948 to
the present day and therefore covers the entire study period. The data has a 6-hour
temporal resolution, which means that four images are available for every day. The
image representing 1200 UTC is used since it is closest to the Landsat scene capture
time (usually around 11:30AM). Although this product is expressed in kg m-3 it can be
converted to g cm-2 (i.e. water column height in cm) through division by a factor 10.
Similarly, the ’NCEP/NCAR Reanalysis Data, Surface Temperature’ collection is used
for near-surface air temperature (To), the temperature around 2m above the Earth’s
surface.

Precipitation and temperature mappings are used as input for the irrigation classifier.
Finding meteorological data on a high spatial resolution is challenging. For this project
images of about 1×1 km resolution were used which were the result of downscaling the
0.25 degree E-OBS (European Observations) gridded climate data set.[64] Images of total
yearly precipitation and annual averages of temperature are freely available online.[65]

Elevation information is directly available in GEE using the ’NASA SRTM Digital Ele-
vation 30m’ image. The slope is derived from this elevation image using the GEE method
ee.Terrain.slope().

4.3. In-situ measurements

In-situ measurements are needed to validate model results. Data on climate variables
(e.g. precipitation, temperature) is captured by weather stations, which are located
all over Spain.[66,67] Unfortunately, these meteorological stations lack the hardware to
measure radiation fluxes and ETa. For this purpose specialized flux instruments on eddy
co-variance towers are generally used.[28,68–70] Eddy covariance is a micro-meteorological
technique where gas, energy and momentum fluxes between different atmospheric layers
are measured using a combination of instruments.[71,72] The websites of FLUXNET[73]

and the European Fluxes Database Center (EFDC)[74] provide flux measurements for
a large variety of variables and for a multitude of locations. Unfortunately, many of
the sites in the study region are located in non-agricultural areas (e.g. swamps, barren
ground). The data set used in this project is recorded on site ES-Cnd [37.914998 (lat),
-3.227659 (long)], whose location is shown in figure 25. According to SIOSE this station
is situated in an unirrigated olive grove (label LOLsc) in the eastern part of Guadalquivir
basin and is surrounded by irrigated olive groves (label LOLrr). The data set contains
data from 2016 till the present for all relevant variables.

4.4. FAO data on irrigated areas

The Food and Agriculture Organization of the United Nations (FAO) provides several
documents indicating the size of irrigated areas in different communities and munici-
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palities within the study region. This data is used to validate the classified irrigation
mappings produced in this project.[75]

4.5. Land use mappings

This project makes use of two different land use classification products.

4.5.1 CORINE

The Co-ORdinated INformation on the Environment (CORINE) program was created
with the purpose of producing a land cover overview for the entirety of Europe. Many
of the agricultural classes in this system do not specify the (non-)usage of irrigation.
CLC editions have been released for the years 1990, 2000, 2006, 2012 and 2018 and are
available as 100 meter resolution raster/grid mappings and as sets of vector polygons.
The polygon version uses a Minimum Mapping Unit (MMU) of 25 ha for the classification
of an area as a particular land use class. In this project the raster mappings are used
since these are easy to work with and are directly available in the GEE data catalogue.
The CLC labeling system consists of 45 different classes (see table 21), meaning a pixel
is labeled with a single land use class.

The program aims for a thematic accuracy of over 85% for its CLC products. Most
European countries produce CLC through visual interpretation of high resolution satellite
imagery such as Landsat. However, sometimes semi-automatic classification is applied
using RS images and other sources of information.[76,77] CLC has been criticized for a
lack of spatial detail and for its labeling system[78], although its overall accuracy has also
been positively reviewed.[79,80]

4.5.2 SIOSE

SIOSE is a land use database of Spain. According to the project’s website products
are provided for the years 2005, 2009, 2011 and 2014. Unfortunately no traces of where
to download the 2009 release could be found. Unlike CLC, SIOSE is only available as
polygon vectors, not as a raster mapping. SIOSE has a MMU of 0,5 to 2 ha, depending
on the type of coverage, meaning the product has substantially more geometric detail
than CLC. SIOSE also has more semantic information than CLC due its detailed labeling
system. SIOSE often assigns more than one coverage type to a polygon. Each of the
coverage types within the polygon’s label has its own information on the percentage of
area cover and additional attributes. For example, the code "R(95LOLrr_05LOCsc)"
refers to an area composed by a "Regular mosaic" of two land use classes: olives (LOL)
and woody crops (LOC). These two classes respectively cover 95% and 5% of the area
and are irrigated (rr) and non-irrigated/dry land (sc). The SIOSE polygons are drawn
through visual interpretation of SPOT5 (2.5 and 5 meter resolution) satellite images
aided by other reference sources. Downsides of SIOSE are its infrequent releases and
the mostly Spanish documentation.[81,82] In this project the SIOSE polygons have been
converted into 30× 30 raster mappings.
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5. Methods

This section presents background information on theorems and methods relevant to or
implemented as part of this project.

5.1. Evapotranspiration mapping

There exists a variety of methods which use the SEB to compute ET. The SEB equation
is solved at a regional scale which means that for each individual pixel a separate value is
computed. These models often dependent on dynamic field and weather observations[12]

and tends to differ in the way in which the H term is estimated.[36] Overviews of the
different SEB methods are found in the literature.[26,27,83] Three methods are discussed
and compared in the following sections.

5.1.1 SEBAL

The Surface Energy Balance Algorithms for Land (SEBAL) method was developed
in 1998 by Prof. Dr. W.G.M. Bastiaanssen and lays the groundwork for many SEB
methods.[14,84] Relevant products are computed from RS images and meteorological data.
It is assumed that climate conditions within the study region are uniform. If this is not
the case the user may need to consider splitting the RS image into two or more parts
and apply the method to each part separately.

SEBAL uses anchor pixels chosen from the study region to illustrate extreme/boundary
conditions of the energy balance. The cold pixel represents areas where the maximum
amount of available energy is consumed by evapotranspiration. The land surface temper-
ature (TS) and To is similar at this pixel, which indicates a minimum amount of sensible
heat. This pixel should be selected from a well-irrigated crop surface with vegetation
fully covering the ground. The hot pixel represents areas where the minimum amount
(or non at all) of available energy is consumed by evapotranspiration. In these areas a
relatively high amount of energy is used by the sensible heat flux, meaning a rise in the
To. Hot pixels should be selected from dry and bare agricultural fields. It is best to select
the anchor pixels from large and homogeneous areas. Using the extreme conditions at
the anchor pixels a linear relationship between difference between the air temperature at
0.1 m and at 2 m above the zero plane displacement height (dT ) and TS is established,
after which dT and thereby H is computed for every pixel. The residual energy flux left
after subtracting H and G from Rn is used to compute ETa.[37]

Considering that the quality of the ETa estimation in SEBAL depends on a careful
selection of the anchor pixels, sufficient skill and practice is required from the user. Since
its first inception the method has been subject to improvements by several research teams.
The SEBAL-A method presented in 2015 has greater performance than vanilla-SEBAL

in arid areas.[85] The SEBAL-I method was proposed to make it easier to apply SEBAL

to regions lacking soil-related data sets.[86–88] This last model was recently implemented
in GEE as SEBALIGEE.[89]
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5.1.2 METRIC

METRIC was first presented in 2007 as an improvement over SEBAL. ETa is calcu-
lated as a residual of the SEB, but internal calibration based on ground reference ET is
used. This reduces computational biases inherent to solving the SEB with RS data.[90]

Comparisons of the METRIC and SEBAL methods have lead to the conclusion that
the METRIC method is generally more accurate. One paper concluded that application
of the METRIC method results in a higher accuracy for the estimations of both H as
well as ETa. Although both methods do not accurately estimate H compared to in-situ
measurements, the METRIC model seems to compensate for this issue using the other
components of the SEB, thereby helping to reduce the error in ETa estimation.[2] How-
ever, unlike the SEBAL method,METRIC requires hourly weather data, which makes it
less applicable in cases where data is sparse. The EEFlux application presented in section
3 is based on METRIC. It makes use of global gridded weather data for its calibration
and contains an automated selection of the anchor point pixels.

5.1.3 S-SEBI

The Simplified Surface Energy Balance Index (S-SEBI) method was first presented in
1999 as a new method for deriving energy fluxes from RS images. Compared to the orig-
inal Surface Energy Balance Index (SEBI) method, S-SEBI uses the assumptions that
the study region has constant atmospheric conditions and contains a sufficient variation
in surface hydrological conditions. Due to these assumptions the method is relatively
simple and requires minimal additional sources of meteorological data. The SEBAL and
METRIC methods choose wet and dry pixels from the RS images to represent extreme
hydrological condition. The S-SEBI method instead uses the variation of extreme tem-
peratures over the spectrum of changing albedo values to identify dry and wet conditions
for the study region.[91,92]

In contrast to SEBAL and METRIC, S-SEBI does not depend on a direct estimation of
H but instead computes a variable called the evaporative fraction (Λ) on a pixel-by-pixel
basis. Λ is the ratio of the latent heat flux to the sum of the latent and sensible heat
fluxes, characterizing the energy partition over land and computed using (3).[93]

r0 and TS values of pixels are plotted and two straight lines are fitted. The bottom edge
represents conditions in which the effect of ET is at its maximum. Here the latent heat
flux is much larger than the sensible heat flux, temperature is at its minimum (TλE)
and Λ approaches value 1. This edge is called the wet edge (or λE-edge), since pixels
lying close to this edge are wet enough to be strongly affected by ET. Pixels on this edge
could be from surface water or well irrigated areas. The top edge represents conditions
in which the effect of ET is at its minimum. Here the sensible heat flux is much larger
than the latent heat flux, temperature is at its maximum (TH) and Λ approaches values
0. The edge is called the dry edge (or H-edge), due to generally dry conditions. For data
points on both the wet and dry edges we can simplify the SEB due to the absence of
sensible and latent heat flux respectively. A linear equation with a a and a b coefficient
(the Λ-coefficients) are used to express the behavior of the edges. After the formulas of
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the dry and wet edges are estimated, Λ is computed according to equation (3).[92,94] The
theoretical framework is represented in figure 7.

Figure 7: Representation of relationship between TS and albedo as envisioned within the
S-SEBI method. Modified from figure by Roerink et al.[92]

Λ =
λE

λE +H
=

λE

Rn −G
=

TH − TS

TH − TλE

TH = aH × r0 + bH

TλE = aλE × r0 + bλE

(3)

The computation of the Λ is one of the most important aspects of the S-SEBI method.
Studies differ widely on the size of the study region, pre-processing of RS images, selection
of data points for the scatter plot and the method of edge detection. In section 6.7 in the
appendices differing implementations of S-SEBI from the literature are presented.

A comparison between the METRIC and S-SEBI spoke favourably of the accuracy of
the first method. S-SEBI is a good choice for situations in which meteorological data
is scarce.[85] Other publications further acknowledge this by stating that while SEBAL

might show slightly higher accuracy for ETd, S-SEBI is easier to implement, has less
requirements for environmental data and is well suited for ET estimations in relatively
dry situations.[17,94,95]

5.2. Time series analysis

Part of this project consist of fitting Seasonal AutoRegressive Integrated Moving-Average
(SARIMA) models to ET time series data. A time series data set consists of data points
separated by a time interval of a consistent length. Analysis of this data set is done
by separating two elements which make up the series: the deterministic and stochastic
components. The deterministic component consists of increasing or decreasing trends
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as well as stable cyclical components which are independent of chance. The stochastic
component consists of irregular oscillations and random effects around the deterministic
trend dependent on chance. Time series analysis is used to detect trends and patterns
in order to understand the data set and create forecasts of the future.

AutoRegressive Integrated Moving-Average (ARIMA) models are common in time series
analysis and are build up from several components. The AutoRegressive (AR) model
in (4) attempts to predict the value of a variable at a particular point in time (Xt)
through the addition of historic elements, consisting of a previous state of the variable
multiplied by a scalar coefficient (∅). Added is a random error or noise component (ε).
The Moving-Average (MA) model in (5) attempts a prediction through the addition
of historic errors associated with the forecast, each multiplied by a scalar coefficient
(θ). Both AR and MA models therefore take the shape of linear functions and are
combined into the AutoRegressive Moving-Average (ARMA) model in (6). Both AR and
MA models assume that the time series is stationary, which entails that the mean and
variance are constant over time and that there is therefore no trend or seasonal component
in the data. To achieve this it might be necessary to apply differencing, referred to as
integrating. This means the substitution of raw data by the difference between a current
data value and a previous value.

Xt = ∅1Xt−1 + ...+ ∅pXt−p + εt (4)

Xt = εt − θ1εt−1 + ...+ θqεt−q (5)

Xt =

p
∑

i=1

∅iXt−1 + εt +

q
∑

j=1

θjεt−j (6)

The p and q elements in equations (4), (5) and (6) and in the ARIMA(p, d, q)(P,D,Q)s
model refer to the number of AR and MA terms respectively. The d element stands
for the order of integration. In order to capture seasonal patterns in the time series a
seasonal part is added to the model, which has the same structure as the non-seasonal
part. The s dictates the number of periods needed to cover a complete seasonal pattern.
P and Q elements refer to the number of seasonal AR and MA terms and D stands for
the order to seasonal integration. Further information of ARIMA models can be found
chapter four of the book by Shumway and Stoffer.[96]

5.3. Irrigation mapping

To research water management in agricultural areas it must be clear which fields are
irrigated. Due to the high heterogeneity of the Guadalquivir river basin a high resolution
mapping of irrigated agricultural land is required. Ideally this should be updated regu-
larly during the study period to keep up with land use changes. The CLC and SIOSE
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mappings presented in sections 4.5.1 and 4.5.2 have sufficient spatial resolutions, but
neither have annual releases. Meanwhile, global irrigation mappings, such as developed
by the FAO, have insufficient spatial resolution (e.g. 5 arc-minutes).[97,98]

This project will create a custom-build classifier to detect irrigated fields from agricultural
areas. This classifier will not differentiate between different crop types, as is sometimes
done in other research projects.[15,17,99] Classification of agricultural and/or irrigated ar-
eas is common in the literature.[100–114] Many of these research studies advice the usage
of Random Forest (RF) classifiers, an ensemble machine learning algorithm that assign
one of several possible labels to data based on input variables. The model consists of
multiple decision tree classifiers, each of which is trained on a exclusive and randomly
selected part of the training data. The results of all these classifiers are averaged to
produce the model results, a process referred to as bagging. Furthermore, each of the
decision trees only uses a selection of the input variables.[115] In geoscience research the
input variables are mostly environmental and often derived from RS images.[11,112,116]

An important factor for distinguishing irrigated areas is the effect of irrigation on the
greenness of the surface in contrast to possibly (semi-)arid surroundings. This is espe-
cially the case during late summer months. Seasonality should therefore be taken into
account for at least some of the input layers.[111]

6. Implementation

Section 5.1 featured three important for computing ET from RS images. The SEB and
METRIC methods have been used extensively in ET research. However, the S-SEBI

method is implemented in this project due to its ease of use and low requirements, making
it possible to estimate ET over a large study region and for a long period of time. In
this section a full implementation of this method is presented. A conceptual model of
the implementation is visible in figure 8. Implementations of time series analysis and
irrigation classification is also discussed. A link to a GitHub repository with all the
scripts of this project is provided in section 12.1.

Before the various products can be computed the Landsat scenes are pre-processed:

• Use only TIER 1 data (Landsat scenes of the highest quality) and filter out those
images which have a total cloud cover of 90% or higher.

• Cut out all pixels which fall outside the Guadalquivir river basin.

• Mask all cloud, snow and shadow pixels from the Landsat scenes using the ’high
confidence’ indicator for these conditions in the BQA bitmask band.

• Some projects remove the low-quality pixels at the edges of Landsat scenes.[113,114]

This option is implemented in the GEE code, but is not used in this project.

• Remove all open water surfaces using the ’MOD44W.005 Land Water Mask Derived
from MODIS and SRTM’ image available in the GEE data catalogue.

• Select only those pixels which correspond to agricultural areas. Do this by making
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use of the relevant CLC editions. For example, in the case of a Landsat scene
from 2015, use the CLC editions from 2012 and 2018. When computing the Λ-
coefficients, remove all pixels which do not belong to an agricultural category in
any of the relevant CLC editions. When computing the ETa it is sufficient that
pixels are labeled as agricultural in only one editions.

• Cut out all pixels with a relatively high elevation and/or slope. From visual in-
spection of the study region it seems that pixels higher than 850 meters or with a
slope above 20 degrees can be removed, since most of the agricultural fields lie in
relatively flat and lower lying areas. This is needed because higher areas tend to
be cooler and decreases in temperature not due to ET, but instead due to height
will distort the results.

Figure 8: Conceptual model of S-SEBI implementation. Grey diamonds represent in-
putted data sources, light-blue ellipses represent constant parameters and pink boxes
represent the computed variables. The symbols are explained in the abbreviations sec-
tion.

19



Erik Bootsma • Master thesis report • Uppsala University

The following sections demonstrate how to compute the intermediary variables on the way
to produce ETa. A lot of the presented formulas are also relevant to other SEB methods
and a wide variety of methods can be used for computing the different products, not all
of which are presented here. This implementation strove to select methods which use as
few data sources besides RS images as possible.

6.1. Spectral radiance, spectral reflectance and brightness temperature

In section 4.1 it is stated that the solar energy captured by the sensors on Landsat
satellites is stored in DN values. This raw data is converted into the top of atmosphere
(TOA) spectral radiance (Lλ) [Wm-2sr-1µm-1], a more meaningful product. The radiance
is computed using the radiometric rescaling coefficients provided in the metadata of
Landsat files. In the case of Landsat scenes in the GEE data catalogue, the coefficients
are stored in the image properties. Equation (7) shows that to compute radiance both
a multiplication (M) and an addition factor (A) are required. The lambda symbol (λ)
indicates that the conversion from DN to radiance is dependent on wavelength. This
is why for each band in the Landsat scene a unique set of conversion coefficients is
available.[58,63,117]

The computation of the TOA spectral reflectance (ρλ) is done through equation (8).
Compared to the computation of radiance, an additional factor is added to account for
solar angle (θSE) which attempts to account for the distorting effect of the atmosphere
and is unitless.[118] Finally, the TOA/at-sensor brightness temperature (TB) is computed
using the spectral radiance and conversion coefficients. In (9) these coefficients K1 and
K2 are constants available from Landsat image metadata (see table 6). In the S-SEBI

method the spectral reflectance of the visible, Near Infrared (NIR) and shortwave infrared
(SWIR) bands and the brightness temperature of the thermal band(s) are used.

Lλ = ML ×DN +AL (7)

ρλ =
Mρ ×DN +Aρ

sin(θSE)
(8)

TB =
K2

ln (K1

Lλ
+ 1)

(9)

Landsat edition Band K1 K2

LT5 Band 6 607.76 1260.56
LE7 Band 6 666.09 1282.71
LC8 Band 10 1321.08 777.89
LC8 Band 11 1201.14 480.89

Table 6: Coefficients to compute TB for thermal bands of Landsat scenes.
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6.2. Normalized Difference Vegetation Index

The Normalized Difference Vegetation Index (NDVI) is an indicator of the presence of
green vegetation. It is the normalized difference between the NIR and the red (R) bands
of RS images. Implementations in the literature differ in exactly which product is used
for these bands. Some papers refer simply to using the red and NIR bands[12,117,119,120],
the original S-SEBI paper uses the planetary albedo[92] while others use the spectral
reflectance.[94,121] I chose to go with the last option, see (10). More information on
NDVI is found online.[122]

NDVI =
ρNIR − ρR

ρNIR + ρR
(10)

6.3. Surface albedo

Albedo (r0) refers to the reflectance of solar energy from the earth’s surface. Land types
with a relatively high albedo, e.g. ice and sand, absorb a relatively low fraction of
incoming radiation while those with a lower albedo, e.g. open water surfaces and dense
forest, absorb a relatively high fraction. The absorption of shortwave radiation is an
important factor in SEB methods, since it impacts radiation of long-wave energy from
the earth surface and the availability of energy for the latent and sensible heat fluxes.[123]

Broadband surface albedo can be computed through various methods.[12,92,121,124,125]

Equation (11) converts the spectral reflectance of Landsat narrow-bands to broadband
surface albedo. Since r0 expresses the fraction of reflected radiation, all values are forced
to fall within the range [0, 1] in the GEE implementation.

r0 = 0.356ρB + 0.13ρR + 0.373ρNIR + 0.085ρSWIR-1

+ 0.072ρSWIR-2 − 0.0018
(11)

6.4. Land surface emissivity

The land surface emissivity (E) is generally understood to be the ratio of radiance emitted
by a certain object compared to the radiance if that same object was a black body.[63]

E is computed for the thermal band(s) of Landsat scenes. While images captured by
the TM and ETM+ sensors of LT5 and LE7 have one thermal band, the OLI sensor of
LC8 captures two thermal bands. This means different methods to handle these different
cases are needed.

A NDVI-based emissivity method (NBEM) is based on NDVI thresholds, with different
NDVI values representing different cases. In the case of bare soil (NDVI < 0.2), the E is
computed directly from the reflectance values of the red band. In the case of a mixture of
bare soil and vegetation (0.2 < NDVI < 0.5), the E is computed using the emissivity of
vegetation (Ev) and the emissivity of soil (Es). In the case of fully vegetated areas (NDVI
> 0.5), the E can be considered a high constant or is computed using the emissivity of
soil. NBEMs are used in equations 13 and 14. Both use the fractional vegetation cover
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(i.e. vegetation fraction) (Pv), computed using the NDVI and displayed in (12). In this
equation NDVImin and NDVImax refer to 0.2 and 0.5 respectfully, which denote minimum
and maximum NDVi levels.[63,126]

Pv =

(

NDVI − NDVImin

NDVImax − NDVImin

)2

(12)

6.4.1 Single thermal band

The single-band method is displayed in (13) and computes the E for RS images with one
thermal band (i.e. band 6 in LT5 and LE7 scenes).[127] The values of constant coefficients
associated with the thermal band are stated in table 7.

E =















a× ρR + b if NDVI < 0.2

Ev × Pv + Es if 0.2 ≤ NDVI ≤ 0.5

0.99 if NDVI ≥ 0.5

(13)

Thermal band a b Ev Es
Band 6 -0.035 0.979 0.004 0.986
Band 10 -0.047 0.973 0.9863 0.9668
Band 11 -0.0026 0.984 0.9896 0.9747

Table 7: Constant coefficients needed to compute the E for thermal bands of LT5 TM
and LE7 ETM+ scenes (band 6)[127] and of LC8 OLI scenes (bands 10 and 11).[128]

6.4.2 Two thermal bands

In contrast to LT5 and LE7 images, LC8 images have two bands covering the thermal
spectrum (bands 10 and 11). Equation (14) shows how to compute the E for each of these
bands.[128] The values of constant coefficients associated with the two thermal bands can
be found in table 7.

One of the variables in this method is a cavicty term (Ci) which takes the effect of
surface roughness into effect and can be considered 0 at flat surfaces.[128] This term can
be computed using (15).[129] The F’ term is a geometrical shape factor which is assumed
to be 0.55.[130,131]

Ei =















a× ρR + b if NDVI < 0.2

Ev,i × Pv + Es,i × (1− Pv) + Ci if 0.2 ≤ NDVI ≤ 0.5

Ev,i + Ci if NDVI ≥ 0.5

(14)

Ci = (1− Es,i)× Ev,i × F ′ × (1− Pv) (15)
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6.5. Atmospheric transmission

This section will discuss an important variable present in several steps of our implemen-
tation. A 2002 SEBAL manual defines atmospheric transmissivity (τsw) as the fraction
of incident (i.e. incoming) radiation that is passed through (i.e. transmitted) by the
atmosphere instead of being absorbed or reflected. It is said to included "both direct so-
lar beam radiation and diffuse (scattered) radiation to the surface". Equation (16) from
the FAO-56 report is used to compute this variable.[32] It is dependent on the elevation
above sea level (z) [m] and assumes a clear sky and relatively dry conditions.[37] τsw is
used by the manual to compute short-wave and long-wave radiation fluxes according to
equations presented in sections 6.8 and 6.9.

τsw = 0.75 + 2× 10−5 × z (16)

A variable referred to as the atmospheric transmittance (τ) of the Landsat thermal bands
is used in the Mono-window algorithm (MWA) (section 6.6.1). This variable is directly
computed from w and its computation is dependent on distinct scenarios. In the case of
LT5 TM and LE7 ETM+ scenes the thermal band is band 6. The general water vapor
range of 0.4 to 4.0 g cm-2 [equivalent to cm] is divided into two cases: 0.4 to 1.6 g cm-2

and 1.6 to 3.0 g cm-2. Furthermore, two situations concerning the To are considered: low
temperature (18◦C) and high temperature (35◦C). In the context of this project this has
been interpreted as four different cases, which are presented in equations 17a.

In the case of LC8 OLI scenes there are two thermal bands, bands 10 and 11. For
both these bands a τ needs to be computed. Which equation one uses depends on the
atmospheric profile of the study region. In a 2004 study on the application of the MWA
in Spain the researchers used the "Mid-latitude Summer Region" profile.[131] This same
profile will be used in this project. The resulting formulas are found in equations 17b
and 17c.[128]

τ6 =



























−0.11523w + 1.031412 if T0 ≥ 300K and w ≥ 1.6cm

−0.08007w + 0.974290 if T0 ≥ 300K and w < 1.6cm

−0.14142w + 1.053710 if T0 < 300K and w ≥ 1.6cm

−0.09611w + 0.982007 if T0 < 300K and w < 1.6cm

(17a)

τ10 =

{

−0.0164w2 − 0.04203w + 0.9715 if 0.2 ≤ w ≤ 3.0cm

−0.00168w2 − 0.1329w + 1.127 if 3.0 ≤ w ≤ 6.0cm
(17b)

τ11 =

{

−0.01218w2 − 0.07735w + 0.9603 if 0.2 ≤ w ≤ 3.0cm

−0.0918w2 − 0.2137w + 1.181 if 3.0 ≤ w ≤ 6.0cm
(17c)

It seems that generally speaking τ and τsw refer to the same thing, namely the ability of
the atmosphere to allow radiation to pass through. Values close to 1 represent cases where
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almost all radiation is able to pass through, while values close to 0 indicate cases where
almost all radiation is blocked.[132] While τ presented in equations 17 refers specifically
to the thermal bands of Landsat scenes, the τsw in (16) seems to refer to a more general
quality of the atmosphere. It is clear that atmospheric transmission is strongly influenced
by the level of water vapor. Although the assumptions of clear sky and (relatively) dry
conditions might not always hold up, equations are used as they are presented in the
literature. This means that τ is used in the next section to compute TS and τsw is used
to compute radiation fluxes in later sections.

6.6. Land surface temperature

There are a wide variety of methods available to compute the TS [Kelvin] from RS
imagery. Many of these use E as an important input variable. The accuracy of several
methods were compared in a 2020 report. The report states that for images captured by
sensors on the LT5, LE7 and LC8 satellites, the single-band method presented in section
6.4.1 is the most accurate for computing E . In order to compute TS from E , the MWA
was reported to have the best results for LT5 and LC8 scenes, while being second best in
the case of LE7 scenes. Although a combination of the single-band method and the MWA
for computing E and TS respectively had the best results, I could find no indication of
how to apply these methods to LC8 scenes. LC8 scenes after all have two bands covering
the thermal spectrum, while these methods assume a single thermal band. Furthermore,
the 2020 report also states that the combination of the two-band method from section
6.4.2 and the split-window algorithm (SWA) also resulted in satisfactory results for LC8
scenes.[133]

A paper from 2019 applies the S-SEBI method using LC8 OLI/TIRS scenes. In this
application only the first thermal band (band 10) is used in a Single Channel Algorithm
(SCA) to compute the TS .[12] This corresponds to the announcement by the United
StatesGeological Survey (USGS) to be cautious caution in using the second thermal
band of LC8 (band 11) due to calibration uncertainties.[57]

Considering the clear conclusion from the 2020 report this project will be using the single-
thermal band method for E and the MWA method for TS in the case of LT5 TM and
LE7 ETM+ scenes. There remains some unclarity about how to apply these methods on
LC8 OLI scenes. Furthermore, from the literature it is clear that the SWA has produced
satisfactory results with LC8 images in the past.[63,128,134,135] This is why the combination
of the two-thermal bands method for E and the SWA for TS is used in the case of LC8
scenes instead by this project.

6.6.1 Mono window algorithm

The MWA was first presented in 2001 as a way to compute the TS from LT5 TM
scenes[136], but can also been applied to LE7 ETM+ scenes.[133] The algorithm is de-
pendent on several parameters such as the previously mentioned E and the at-sensor TB

of the thermal band. The full method is presented in (18).
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mean atmospheric temperature (Ta) is computed from To. The exact formula to do
this depends on the standard atmosphere of the study region. As indicated before,
this project uses the "Mid-latitude Summer Region" profile, for which equation (19) is
applicable.[136] τ represents the atmospheric transmittance of the (single) thermal band
and was discussed in section 6.5. In the case of band 6, (17a) is used to compute τ.

TS =
(a× (1− C −D) + (b× (1− C −D) + C +D)× TB −D × Ta

C

a = −67.355351

b = 0.458606

C = E × τ

D = (1− τ)× (1 + τ× (1− E))

(18)

Ta = 0.92621× To + 16.0110 (19)

6.6.2 Split-window algorithm

The SWA requires two thermal bands and can therefore only be applied to LC8 OLI
scenes. In formula (20), the brightness temperature of the two thermal bands are referred
to as TB10

and TB11
. The Eavg is the mean of the E of the two thermal bands E10 and

E11, while ∆E represents the difference between these two variables. The values of the
constant C parameters of this equation can be found in table 8.

TS = TB10
+ C1 × (TB10

− TB11
) + C2 × TB10

− TB11
)2 + C0

+ (C3 + C4 + w)× (1− Eavg) + (C5 + C6 + w)×∆E
(20)

Constants C0 C1 C2 C3 C4 C5 C6

Value -0.268 1.378 0.183 54.300 -2.238 129.200 16.400

Table 8: Constant coefficients for computing TS using the SWA for LC8 OLI scenes.[137]

6.7. Evaporative fraction

Computing the Λ is an important aspect of the S-SEBI method (see section 5.1.3). The
coefficients in equation (3) are found by fitting the dry and wet edges in a TS-albedo
scatter plot. It can be challenging to separate the data points in this plot between those
belonging to one of the edges and those which are outliers.[138] If the edges are placed too
close to the center of the mass (i.e. the dry edge too low and the wet edge too high) a lot
of points in the plot fall outside the acceptable range. This will result in either a negative
ET due to Λ lower than 0 or a very high ET due to Λ higher than 1. There are also issues
regarding the effect of region and sample size on the computation of these coefficients
which are explored and evaluated in section 12.3. To summarize, the influence of region
and sample size is less important than the (random) selection of particular data points
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as input for a automated edge detection algorithm. Furthermore, in this project a large
amount of Landsat scenes are inspected and large sample sizes increase the computation
time.

Taking these facts into account, a set of 100.000 data points are randomly selected
for every single Landsat scene. From these pixels six Λ-estimations are created using
the automated edge detection algorithm: thrice by splitting the data set into exclusive
selections of 33.000 points, twice by splitting the data set into exclusive selections of
50.000 data points and once for the complete data set of all 100.000 points. These six
estimations are then averaged in order to find one set of Λ-coefficients for the Landsat
scene. The Λ-value of the pixels in the scene are then computed using (3). Negative
outliers are forced to 0 and positive outliers are forced to value 1 in order to force data
points to conform to the possible Λ-range. An example of a scatter plot is found in figure
9. What is striking is in scatter plots in the literature the dry edge is less steep than the
wet edge.[92,94,95,139] In figure 9 this is reversed.

Figure 9: Example of r0-TS scatter plot with automated edge detection. 33.000 randomly
selected data points of a LC8 image from the 30th of June 2015 are used. The products
are computed using the S-SEBI implementation of this project.

6.8. Short-wave radiation

The incoming short-wave radiation is computed from several parameters using (21). In
the literature it is stated that the variable consists of a singular value which is represen-
tative for an entire RS image, instead of having a unique value for every pixel. However,
this does not correspond with the fact that the one of the input variables, τsw, is an
image and not a single value. Therefore the result of the computation will also be an
image. The remaining parameters are single value variables. These are the solar inci-
dence angle (from nadir) (θ), the inverse squared relative earth-sun distance (dr) and
the solar constant (GSC). The first two can be derived from Landsat image properties,
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the parameter is equal to 1367 W/m2. The value of the incoming short-wave radiation
generally falls within the range of 200 to 1000 Wm-2.[37]

RSi = GSC × cos(θ)× dr × τsw (21)

6.9. Long-wave radiation

The formulas for RLi and RLo are quite similar, both being based on the Stefan-Boltzman
law. The Stefan-Boltzmann constant (σ) is equal to 5.67 × 10-8 Wm-2K4. The incoming
radiation depends on the To while the outgoing radiation depends on the TS . In the
presentation of the METRIC method it is suggested that TS can be used as a substitute
for the To.[90] This substitution is applied in this project. Due to the heterogeneous
nature of the study region the benefits of using the TS mapping with its higher spatial
resolution is expected to outweigh inaccuracies caused by the substitution.

For the "broad-band" Eo the E of the first thermal band (E10 in the case of LC8 and E6 in
the case of LT5 and LE7) is used. The formula to compute atmospheric emissivity (Ea)
is found in (24). The values of the incoming and outgoing longwave radiation variables
generally fall within the respectively ranges of 200-500 and 200-700 Wm-2.

RLi = Ea × σ× T 4

o (22)

RLo = Eo × σ× T 4

s (23)

Ea = 0.85× (− ln τsw)
0.09 (24)

6.10. Net surface radiation

Section 1 discusses how the Rn is computed from various terms of incoming and outgoing
radiation. Since all these terms have been computed in the previous steps, (2) can now
be used to compute Rn. Like with the computation of outgoing long-wave radiation, the
E of the first thermal band is used as a stand in for Eo.

6.11. Soil heat flux

In the S-SEBI method it is not necessary to compute G as step to produce ETa. However,
as part of the SEB it is nonetheless interesting to evaluate the results of this variable.
Equation (25) uses products from previous sections to compute the ratio between the soil
heat flux and the net radiation. G can then easily be computed through multiplication
with Rn.[92,93] However, this ratio is also an interesting product in its own right since
it indicates land cover type. Values between 0.04 and 0.15 generally indicate crops,
while higher ratio values indicate bare soil and values above 0.5 show clear water and/or
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snow.[90] Furthermore, this ratio can vary throughout the year with higher ratio values
often occurring during the summer.[12]

G

Rn
=

Ts

r0
(0.0074r0

2 + 0.0038r0)(1− 0.98NDVI4) (25)

6.12. Sensible heat flux

In the S-SEBI method the H, indicating the transfer of heat between the ground and
the atmosphere, is calculated with (26).[92]

H = (1− Λ)(Rn −G) (26)

6.13. Latent heat flux

In the S-SEBI method the λE, indicating the energy used for ET, is calculated with
(27).[92] To compute instantaneous ET, division by the latent heat of evaporation (L),
which is equal to 2.45 MJ kg-1 = 2.45 × 106 J kg-1 is needed. From the literature it is
clear that like the latent heat, ET reaches its maximum around midday and its minimum
overnight. During the year ET is highest in the summer months and lowest during the
winter.[140,141]

λE = Λ× (Rn −G) (27)

6.14. Daily net surface radiation

The energy fluxes described in the previous sections all refer to instantaneous variables,
meaning a description of energy fluxes at the time of Landsat scene acquisition. From now
on these variables are therefore referred to as instantaneous soil heat flux (Gi), instanta-
neous sensible heat flux (Hi), instantaneous latent heat flux (λEi) and instantaneous net
surface radiation (Rni

). The intensity of different fluxes vary throughout the day, with
maxima being reached around noon.[142] This means that in order to compute an energy
flux over a full day extrapolation from the instantaneous variable is needed.

Landsat scenes from southern Spain are generally captured between 11:00 AM and 12:00
AM. The Rni

from section 6.10 can be extrapolated into the daily net surface radi-
ation (Rnd

) [Wm-2] through multiplication by the unit-less conversion element ratio
between instantaneous and daily net radiation (Cdi) (see equation (28)). The litera-
ture provides different methods to compute this element. Some sources report that the
ratio is relatively constant during the day, regardless of the acquisition time or date:
Cdi = 0.30 ± 0.03.[12,95,143] Meanwhile, a 2002 paper shows that the ratio does vary
throughout the year and depends on the solar zenith angle and therefore on the acqui-
sition date of the images. The ratio appears to vary between 0.01 and 0.3 throughout
the year, following a sinusoidal law.[144] Since the coefficients of this law are not pro-
vided, the pattern was recreated by manually tweaking the coefficients in (29) until a
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curve was created which matched the pattern in the paper. More advanced examples of
curve-fitting are present in the literature.[18]

Rnd = Rni × Cdi (28)

Cdi = amplitude × sin

(

2× π × (DOY + middle day)
days in year

)

+ amplitude + minimum

= 0.125× sin
2× π × (DOY + 273.15)

365
+ 0.125 + 0.05

(29)

A 2014 paper uses (30) to compute the ratio element using the acquisition time and the
time of sunrise and sunset.[145] Implementing of both methods for computing a dynamic
Cdi showed that the 2014 method has far higher results, leading to an overestimation of
ETd by a large margin. For this reason equation (29) is used in this project.

Cdi =
2× (tset − trise)

π × sin
(

t−trise
tset−trise

× π
) (30)

Figure 10: Recreation of the sinusoidal law between day of the year and Rnd
to Rni

ratio
.

6.15. Daily evapotranspiration

The final product of the S-SEBI is ETd [mmd-1]. The λEi from section 6.13 can be
integrated over the whole day and then converted into ETd through division by L. One
assumption which has to be made is that the Λ at the daily scale is approximately equal
to the (instantaneous) Λ derived in section 6.7.[93,95]

λEd

λEi
=

ΛEd

Λi

(Rnd −Gd)

(Rni −Gi)
≈

(Rnd −Gd)

(Rni −Gi)
(31)
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Equation (32) is derived by assuming that the daily soil heat flux (Gd) is close to
zero.[95,143] This means that in order to compute the ETd the Λ, the Cdi factor and
the Rni

are required. Instructions for the computation of these variables is provided in
previous sections.

ETd = λEi
Rnd

L(Rni −Gi)
=

ΛdRnd

L
=

Λi × Cdi ×Rni

L
(32)

6.16. Time series analysis

Application of ARIMA models in analysis of ET time series data has been implemented
in earlier studies.[146,147] After collecting all the estimated ETd over the region of in-
terest these values are aggregating these into monthly averages to maintain constant
time intervals between data points. The number of ARIMA elements can be determined
visually by plotting the Autocorrelation Function (ACF) Partial Autocorrelation Func-
tions (PACF) of the time series. These require data series without any missing values.
Linear interpolation is used on a copy of the time series data used, filling in missing
values,thereby making the data set suitable for ACF and PACF analysis. The resulting
plots feature a series of lag points and it is possible to pick out lag points which show
sudden outliers in the positive or negative axis. A spike at a particular lag in a ACF
graph indicates the presence of a MA component for that particular lag, while spikes
in a PACF graph indicate a AR component. After deciding on a combination of ele-
ments which will make up the SARIMA model, one needs to find the coefficient values
of these elements. In this project the SARIMAX method from the stasmodels Python
module is used to fit a seasonal ARIMA model a time series data set of ETd. This is
the original data set, so before linear interpolation was applied to aid ACF and PACF
analysis. The optimal coefficient values are found through using the modified Powell
method[148], which is applied by using the ’powell’ argument to the method parameter
in the of the statsmodels.api.tsa.statespace.SARIMAX Python function. A maximum of
100 iterations is allowed. Since the time series starts at the beginning of a year, and
ETa levels are close to zero in winter months, no constant coefficient, i.e. intercept with
y-axis, is included in the model.

The goodness of fit of an ARIMA model for a time series is illustrated using Akaike’s
Information Criterion (AIC)[149], Bayesian Information Criterion (BIC)[150], the Mean
Squared Error (MSE) between data points and model results (i.e. the residuals) and the
log likelihood. Generally speaking, a lower value of the first three and a higher value of
the last criteria implies a better fit. The ARIMA models for all combinations of 0-3 for
the p, q, P , Q components and 0-1 for the d and D components will be tested. This way
the models with the best scoring criteria can be found, we will not depend solely on ACF
and PACF plots for getting an indication of which components can be used to create a
suitable SARIMA model.

After selecting a model which appears suitable three statistic tests are used to indicate
whether the model needs to be adjusted. Each of the AR and MA elements is investigated
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to determine whether they have a statistically significant effect on the outcome of the
model. In other words, whether it can be shown that the value of the coefficient differs
from 0. The null-hypothesis is that this is not the case, so a probability value smaller
than 0.05 is needed to indicate that the element should be kept in the model. The second
test investigates the variance of the residuals, which should be normally distributed with
variance σ2 and a mean of 0. The null-hypothesis is that this is not the case, so again
a probability smaller than 0.05 is required. Finally, the Ljung-Box test[151] is used to
see whether the residuals are independently distributed. The null hypothesis is that this
is the case, so a probability lower than 0.05 is not desired in this case, since it would
illustrate auto-correlation in the residuals time series and a lack of fit on part of the
model.

The time series model is used to create an in-sample prediction and an out-of-sample
forecast. In this context, a prediction covers the same time frame as the data which was
used to fit the ARIMA model (2001-2019) while a forecast covers the time frame after
this data (2020-2022). Due to the seasonal nature of the time series the first year needs
to be omitted from the prediction. Both the prediction and the forecast use a one-step
ahead method in which the model recursively produces a value for a new time step based
on prior data. For more information on time series analysis see the book by Shumway
and Stoffer.[96]

6.17. Irrigation mapping

Two papers which both apply a RF irrigation classifier are used as inspiration for the
implementation. One project created a single irrigation mapping for 2012 for the entirety
of the continental US.[113] The other project created annual mappings for a 30-year period
for one aquifer within the US.[114] A difference between the two applications is that in
the first project an agricultural mask of the study year is applied to filter out all non-
agricultural pixels. In the second project no agricultural masks are used, partly due
to the fact that these masks are not annually available. Likewise, CLC and SIOSE

editions are also not annually available. However, section 2.1 stated that in this project
the assumption is made that agricultural areas are relatively constant between CLC
editions.

In this project the ee.Classifier.smileRandomForest() function from the GEE library is
used to create a RF classifier. This classifier is trained on a FeatureCollection, data points
with one class property and several input properties. Through training the classifier
learns which values in the input properties best fit the different categories in the class
properties. There are two categories or classes, namely non-irrigated and irrigated. The
labels for the training data are derived from SIOSE. As mentioned in section 4.5.2, the
SIOSE polygons have a complex coding system which can indicate multiple land cover
classes for one area. To ensure that training data points labeled as irrigated actually
correspond with an irrigated area, only pixels which correspond to polygons covered by
at least 99% irrigated area are used for this purpose. Likewise, training data points
labeled as non-irrigated correspond to polygons covered by no more than 1% irrigated
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area. Other pixels are discarded for training purposes. This insurance of ’pure’ irrigated
and non-irrigated training data from SIOSE is a innovation within this project as I no
similar application of SIOSE could be found in other publications.

A trained RF classifier on the GEE platform can produce several products. The prob-

ability product consists of float values in the range [0, 1] to indicate the probability of
irrigation. By using a 0.5 threshold on this product the classification layer is created,
labeling pixels as being either non-irrigated or irrigated.[152] The outputs have a 30 me-
ter resolution. The classifier is trained on a random selection of around 100,000 training
points. Half of these are irrigated and the other half are not irrigated according to SIOSE

labeling. As in other RF implementations in GEE, the implemented classifier consists of
100 decision trees due to limits in processing time.[44] The number of variables per split
is equal to the square root of the total number of variables. For the years 2000-2011 a
classifier is trained on data derived from LT5 scenes and the SIOSE mapping from 2011.
For the years 2013-2020 a classifier is trained on data derived from LC8 scenes and the
SIOSE mapping from 2014.

Table 27 in appendix 12.4 contains a list of variables which are considered as input, many
of which are derived from Landsat scenes. Some variables consist of a single (annual)
layer, while for other inputs several layers are used. The variables produced with the
S-SEBI method were initially aggregated into monthly mean images. This means that
for each of these variables 12 input layers are produced. Unfortunately, a lack of Landsat
scenes and an abundance of unwanted areas (e.g. clouded) in these scenes means that
monthly aggregated images often contain masked pixels. These masked pixels reverberate
to the classifier output, causing large areas in the resulting mappings to be missing. Even
when using trimonthly means, meaning 4 layers per year, this issue persisted for some
study years. This is why S-SEBI results are aggregated into just two seasonal layers:
one mean product for the winter period (Jan, Feb, Mar, Oct, Nov, Dec) and one mean
product for the summer period (Apr, May, Jun, Jul, Aug, Sep). Variables which have not
been mentioned so far are the Normalized Difference Water Index (NDWI), the Enhanced
Vegetation Index (EVI) and the Greenness Index (GI).

Figure 11a shows the probability product of the 2011 irrigation mapping over the entire
Guadalquivir basin. Non-agricultural areas are masked. This image is produced using
LT5 TM scenes and a limited selection of input variables (see table 27). The lower figures
illustrate different results for the area covered by a black rectangle displayed in the upper
figure. Figure 11b is a close-up of 11a and shows a detailed mapping over the terrain.
Figure 11c is produced using the complete list of input layers in table 27. The result
shows that using products with a resolution larger than 30 meters leads to a ’blocky’
image with less spatial detail. The high heterogeneity of the study region demands that
the results are spatially detailed. This is why variables with a relatively large resolution
will not be used as RF input. Figure 11d shows the result created for 2011 when using
LE7 ETM+ scenes. Artifacts of the SLC anomaly are visible as a pattern of regular
striping throughout the irrigation mapping. Due to this effect only variables computed
from LT5 and LC8 scenes are used as input for the RF classifier from now on.
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(a) Results produced with a selection of input variables using LT5 TM images. Image created
with GEE. Map data c©2021 Google, Instituto Geográfico Nacional.

(b) Close up of figure 11a. (c) Result for all input bands. (d) Result for LE7 ETM+.

Figure 11: Probability product of the 2011 irrigation mapping produced using the RF
irrigation classifier. Top figure shows the result for the complete Guadalquivir river
basin. The bottom figures show close-ups for the black rectangle area. Contrast is drawn
between using the full list or a selection of input variables and using LE7 ETM+ instead
of LT5 TM scenes.

7. Evaluation

In this section the products computed with the S-SEBI and the EEFlux METRIC

implementations are compared to in-situ measurements. The annual irrigation mappings
produced with the RF classifier are also evaluated, partly by using data from an outside
source.

7.1. Evaluation of SEB products

For the evaluation of SEB products it is necessary to derive a single value for distinct
dates. This is achieved by averaging the results of the Landsat scenes over the area
surrounding the measurement station. The size of this area can have an effect on the
outcome.[12] In this project the olive grove field in which the ES-Cnd station is located
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Figure 12: Graph plotting the ETd as computed from in-situ λEi measurements (with
30-minute intervals) for a period of 10 months in 2015.

(see figure 25) is used for averaging. Unfortunately the online EEFlux app does not enable
the user to download all the relevant intermediate SEB products. A full investigation of
TS as computed by EEFlux was dropped due its results being extremely similar to the
results as computed by S-SEBI. The only product computed with METRIC which was
included in the evaluation is ETd.

Although in-situ data is used as ground truth for evaluation purposes, it should not
be assumed that this data is a perfect representation of reality. The eddy covariance
system should be taking one measurement every 30 minutes. However, data for these
measurement moments is often not available. In the case of instantaneous variables this
causes missing values. In the case of ETd, where a daily average from the available
measurements is used, this can cause values to be ’skewed’. If measurements during
times with generally low ET (e.g. during the early morning) are missing, this causes
the computed daily value to be skewed upward. This is due to the increased impact of
measurements during times with generally high ET (e.g. afternoon). The outliers in
figure 12 could be caused by this ’skewing’ effect.

All in-situ data from station Es-Cnd was captured between 2015 and 2020. Due to this
time period, only results created from LC8 OLI/TIRS scenes are used in this section.
Evaluation is performed through visual inspection of plotted graphs and by using the
coefficient of determination (R2), Mean Bias Error (MBE) a.k.a. bias, Mean Standard
Deviation (MSD) a.k.a. scatter, Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), Root Mean Square Difference (RMSD) and the Nash-Sutcliffe Coefficient of
Efficiency (NSCE) statistical parameters (see section 12.5), similar to other research
projects.[2,16,17,43,94,95,99,138,139] An overview of the results of these parameters is found
in table 9. Be aware that results for the same parameter can not always be compared
between different variables.
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Variable Method Size R2 MBE MSD MAE RMSE RMSD NSCE

r0 S-SEBI 80 0.227 -0.094 0.004 0.096 0.112 0.094 -1.587
TS S-SEBI 85 0.876 -12.08 126 13.33 16.45 126.9 0.556
λEi S-SEBI 73 0.000 47.25 19169 118.83 145.4 19169 -0.767
Gi S-SEBI 85 0.523 36.22 1701 46.83 54.71 17022 0.066
Hi S-SEBI 74 0.215 -106.7 13355 135.8 156.7 133552 -0.581
Rni

S-SEBI 80 0.451 -353.2 42624 376.0 408.5 42625 -1.567

ETd

S-SEBI 79 0.219 0.036 0.796 0.609 0.887 0.797 -0.179
METRIC 78 0.013 -0.539 1.102 0.972 1.174 1.227 -1.064

Table 9: Statistical indicators results indicating the success of the S-SEBI and METRIC

methods at estimating the in-situ measurements of several variables. The Size column
refers to the number of used data points.

Figure 13: Scatter and time plots where r0 as computed by S-SEBI is compared with
in-situ measurements at ES-Cnd station.

7.1.1 Albedo

From the time plot in figure 13 it is clear that the results of the S-SEBI method capture
the general trend of albedo. However, the estimations consistently underestimate the
measured values, especially at the higher values which often occur during the summer.
This conclusion is confirmed by the scatter plot in figure 13 and the negative bias value.
Furthermore, the R2-value falls below 0.5 which indicates that the model results are
ill-fitting.[2]

7.1.2 Land surface temperature

TS is an important variable in SEB methods and its estimation is commonly discussed in
research papers. A 2018 report shows that TS in southern Spain varies greatly throughout
the year, around 10◦C and 50◦C in winter and summer respectively. In July temperatures
generally fall between 300 to 330 degrees Kelvin.[153] A similar pattern is seen in figure 15,
which displays the estimation of TS for July 2018 using the SWA from section 6.

Figure 14 shows a comparison between the in-situ data and the results computed by S-
SEBI. The model results consistently underestimates the in-situ measurements, especially
in the summer months. This observation is confirmed by the negative MBE. However, like
with r0, the general trend of the variables is captured quite well. This is backed up by a R2

value of 0.876. The NSCE ranges from negative infinite to 1 and values above 0 generally
indicate an acceptable performance level.[154] The NSCE of 0.556 should therefore also
be considered as an indication of a high performance of the TS estimations.
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Figure 14: Scatter and time plots where TS as computed with the SWA is compared with
in-situ measurements from ES-Cnd station.

Figure 15: Monthly average of estimated TS , derived for July 2018 from LC8 OLI scenes.
Image created with GEE. Map data c©2021 Google, Instituto Geográfico Nacional.

7.1.3 Energy fluxes

This section will evaluate estimations of different energy fluxes by the S-SEBI method.
The Gi plots in figure 16 show that the estimated values roughly follow the trends of
the measurements. Contrary to the other products, the estimates produced with S-

SEBI overestimate the in-situ measurements. Liek with Gi, the Hi and Rni
estimates

featured in figures 17 and 18 capture the general trends in in-situ data. However, a clear
underestimation is visible, especially among the higher in-situ values. MBE-values for
these last two variables are relatively negative.

Figure 19 displays λEi according to the in-situ data and the S-SEBI implementation.
In-situ measurements are very erratic, but seem to indicate that this variable is generally
higher during the summers. The estimations created with S-SEBI meanwhile show an
even more erratic pattern. From the scatter plot it seems that there is no clear relation-
ship between the in-situ and estimated data. λE is the worst approximated variable.
This is also confirmed by the extremely low R2-value, which closely approximates the
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minimum 0.

Figure 16: Scatter and time plots where Gi as computed by S-SEBI is compared with
in-situ measurements from ES-Cnd station.

Figure 17: Scatter and time plots where the Hi as computed by S-SEBI is compared
with in-situ measurements from ES-Cnd station.

Figure 18: Scatter and time plots where the Rni
as computed by S-SEBI is compared

with in-situ measurements from ES-Cnd station.

A 2005 implementation of S-SEBI in southern France also provided an evaluation of the
energy fluxes using in-situ data. The MBE for Rni

, Gi and λEi were respectively 16, 35
and 2 Wm-2, all indicating an overestimation. The RMSE were respectively 40, 48 and
90 Wm-2.[95] This is lower than the 408.5, 54.71 and 145.4 Wm-2 which are reported in
table 9.
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Figure 19: Scatter and time plots where the λEi as computed by S-SEBI is compared
with in-situ measurements from ES-Cnd station.

7.1.4 Daily evapotranspiration

Figure 20 shows the average results of ETd derived from Landsat OLI/TIRS scenes taken
in July 2018 using teh S-SEBI methods. Results are highest around the rice fields in the
south-western part of the basin and in the river valley. Figure 21 displays estimations and
in-situ measurements of ETd. There are clear outliers during the summer of 2019, but
overall the S-SEBI results align relatively well with the measurements in the time series
plot. The scatter plot shows that although there are noticeable outliers, most points are
located close to the diagonal line illustrating perfect alignment.

Figure 22 displays ETd estimates as computed with the METRIC method implemented
in the EEFlux application. Compared to the S-SEBI results, these estimates are less
closely aligned to the trends in the in-situ data. Furthermore, the METRIC estimates
are far more erratic and in the scatter plot more outliers are visible. The data in table
9 shows that the S-SEBI method has a better score for the statistical indicators than
the METRIC method. The METRIC method estimates some ETd values during the
summer period to be close to zero (e.g. on the 11th of July 2019). No explanation for this
phenomenon could be found, but it does not bode well for the accuracy of the EEFlux
implementation.

An evaluation of SEBAL and METRIC in the literature resulted in R2-values of 0.80
and 0.98 respectively.[2] The results of the S-SEBI and METRIC method used in this
project do not score as high (see table 9). However, the RMSD of around 0.8 mm d-1 is an
improvement compared to previous research, such as a 2005 implementation of S-SEBI

which reported a RMSD of 1 mm d-1.[17]

7.2. Evaluation of irrigation mapping

Together with the training data (see section 6.17) a random data set of identical size and
distribution is used for testing of RF classifier results. The two sets are exclusionary,
meaning they do not share any data points. The metrics from a classifier trained and
tested on data from 2011 are displayed in table 10. In this case the classification product
of the resulting mapping is used. The training data is almost perfectly classified. The
overall accuracy of the testing data is about 78%, lower than the 90 and 95% accuracy of
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Figure 20: Monthly average of estimated ETd, derived for July 2018 from LC8 OLI/TIRS
scenes. Image created with GEE. Map data c©2021 Google, Instituto Geográfico Na-
cional.

Figure 21: Scatter and time plots where the ETd as computed by S-SEBI is compared
with in-situ measurements from ES-Cnd station.

Figure 22: Scatter and time plots where the ETd as computed by METRIC is compared
with in-situ measurements from ES-Cnd station.
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previously mentioned studies.[113,114] Of the almost fifty thousand non-irrigated points,
83% are correctly classified. Of the irrigated data points 73% are correctly classified.
These values are referred to as the producers accuracy. The consumers accuracy states
the fraction of correctly classified data points compared to the total number of points
given that label. In this case the value for the irrigated label is higher. These metrics
indicate that the classifier tends to underestimate the amount of irrigated area.

Topic Label Training Testing

Size data set
Total 100,529 99,471

Non-irrigated 50,255 49,745
Irrigated 50,274 49,726

Overall accuracy 0.999 0.783

Confusion matrix

[0/0] 50,184 41,415
[0/1] 71 8,330
[1/0] 68 13,236
[1/1] 50,206 36,490

Consumers accuracy
0 0.999 0.758
1 0.999 0.814

Kappa 0.997 0.563

Producers accuracy
0 0.999 0.834
1 0.999 0.734

Table 10: Evaluation metrics of a RF irrigation classifier trained for 2011. Label 0
indicates no irrigation and label 1 indicates irrigation. The four categories in the confu-
sion matrix are identified using these two labels between square brackets: [actual cate-
gory/predicted category ].

Table 11 provides an overview of the importance of the different input layers for the
decision making process. The TS and ET variables play a relatively important role in
the classification. This makes sense since irrigated fields should have a higher ET and
therefore a lower temperature. Elevation and slope are also important variables. This
can be explained by irrigated fields often being located in lower and comparatively flat
areas such as river valleys.

Another random selection of data points is used to continue the evaluation of the irriga-
tion classifier. In section 6.17 it was stated that the classification product is created using
a 0.5 threshold on the probability product. It might be possible to find a more optional
threshold level. The probability product is combined with information from SIOSE.
SIOSE polygons have a detailed code which provides information on the sometimes mul-
tifaceted land use. The points in the data set are labeled with one of three categories,
dependent on the SIOSE polygon from which they’ve been derive. ’Not-irrigated’ in-
dicates polygons covered by less than 10% irrigated area, ’unsure’ indicates polygons
covered by between 10 and 90% irrigated area and ’irrigated’ indicates polygons covered
by over 90% irrigated area. Meanwhile, the irrigation probability product created by the
RF classifier transformed into percentages and bracketed into 11 categories.
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Layer Annual mean
Annual extremes Period means

min max range winter summer

Blue 5645
Green 5349
Red 5361
NIR 5550

SWIR-1 5524
SWIR-2 5612
NDVI 5991 5353 5547
NDWI 5910 5610 5556
EVI 5563 5302 5437
GI 5661 5592 5663

Albedo 5662 5608
TS 6226 6137
ETd 6142 6128

Elevation 6474
Slope 6077

Table 11: Importance of input layer in the decision making process of the RF classifier.
Values are the sum of decreases of the impurity criterion over relevant nodes in all decision
trees, higher values indicate higher importance. This table is concerned with the 2011
implementation.

Figure 23 displays the resulting bar graph for 2011. There are few data points which fall
into the ’unsure’ category. Most of the data points which are labeled as non-irrigated by
SIOSE are ascribed an irrigation probability of between 10 and 60% by the classifier.
The number of pixels in this category decreases as the probability level increases. In the
bar graph the amount of data points which are irrigated according to SIOSE increase
as the probability level goes up. These patterns are encouraging. However, there is
unfortunately also a significant overlap between the two classes, with for instance more
than half of the data points in the 90% probability category actually consisting of non-
irrigated pixels. It was previously mentioned that the RF classifier uses a threshold
of 50% probability between the two classes to form the classification product. From
these graphs there doesn’t appear to be a clear threshold level where the two classes can
easily be split into irrigated and non-irrigated data without creating a large number of
misclassified data points.

The same data set is used to investigate this point. SIOSE information and classifier
results are transformed into two classes: ’non-irrigated’ (0) and ’irrigated’ (1). For the
SIOSE data this is based on a 0.5 fraction of irrigated land cover. Table 12 provides
the accuracy metrics of both the 50% and 60% probability thresholds for classification.
These results reveal a different impression of the RF classifier compared to the results in
table 10. The accuracy is substantially lower and the classifier seems to overestimate, not
underestimate, the amount of irrigated area. When the probability threshold is raised
to 60% the overall accuracy increases, but the producers accuracy of class 1 decreases.
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This is due to the fact that the classifier decreases the number of points labeled as
irrigated. Section 12.6 provides the results for the same experiment using for the years
2005 and 2014. Generally speaking, using these results leads to the same conclusion. The
default 50% probability threshold setting is kept to avoid underestimation of irrigated
areas.

Figure 23: Bar graph comparing the probability product of the RF classifier for 2011 to
that years’ labelling according to SIOSE.

Topic Label Validation-1 Validation-2

Size data
Total 524,122

Non-irrigated 424,031
Irrigated 100,091

Threshold 0.5 0.6
Overall accuracy 0.705 0.767

Confusion matrix

[0/0] 298,536 342,742
[0/1] 125,495 81,289
[1/0] 28,863 40,743
[1/1] 71,228 59,348

Consumers accuracy
0 0.912 0.894
1 0.362 0.422

Kappa 0.304 0.347

Producers accuracy
0 0.704 0.808
1 0.712 0.593

Table 12: Evaluation metrics of a RF irrigation classifier trained for 2011. Label 0
indicates no irrigated and label 1 indicates irrigation. The four categories in the confu-
sion matrix are identified using these two labels between square brackets: [actual cate-
gory/predicted category ]. The threshold level indicates the minimum irrigation probabil-
ity required in the RF probability product for a pixel to be assigned to to label 1.
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(a) Irrigation mapping of Spain for 1999 produced using the RF classifier. Red and blue
denote non-irrigated and irrigated areas respectively. Image created with GEE. Map data
c©2021 Google, Instituto Geográfico Nacional.

(b) Bar graph illustrating the irrigated area for 1999 for each of the Spanish provinces.

Figure 24: Evaluation of RF irrigation classifier using FAO data as ground truth.
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The RF classifier is further evaluated using the irrigated area data provided by the FAO
(see section 4.4). Information for 1999 is provided for each of the Spanish provinces. An
irrigation mapping for the entirety of Spain created for this year is displayed in figure 24a.
The amount of irrigated area according to the two different sources is extracted for the
southern provinces and featured in figure 24b. The complete data overview and a map
of Spanish provinces are found in table 34 and figure 37 in the appendices. For several
provinces (e.g. Badajoz, Murcia and córdoba) the two data sources report about the
same number of irrigated hectares. For other provinces (e.g. Granada and Ciudad Real)
there are quite large discrepancies. Granada, a province which is especially relevant due
to its overlap with the study region, seems to fall between these two scenarios.

8. Results

In section 7 the reliability of two SEB methods for estimating ETd in the Guadalquivir
basin was investigated. The GEE implementation of the S-SEBI method is regarded
to be sufficiently able to approximate in-situ measurements. In this section time series
models are fitted to the resulting data to evaluate trends. The section ends with an
overview of results generated by the RF irrigation classifier.

Figure 25: Relevant areas used for time series analyses: 1. Olive grove field, 2. Rice
fields, 3. River valley. Complete dark blue area illustrates the Guadalquivir region.
Image created with GEE. Map data c©2021 Google, Instituto Geográfico Nacional.

8.1. Evapotranspiration time series

ETd estimates from 2000 till 2020 are produced for several relevant areas within the
Guadalquivir basin (see figure 25). As mentioned in section 4.1, there are no Landsat
satellites which provide data for the entire study period. This is why images taken
by three satellites are needed to provide continuous data. The data is aggregated into
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monthly averages in order to fit seasonal time series models. The goal of the time analysis
is to find the models with the highest metric scores and which pass all statistical tests.
An overview of relevant models ordered according to AIC score are shown in table 13.
The following sections detail time analysis for different areas. To keep the size of the
report within bounds this process is only fully detailed for the first area. Section 12.8 of
the appendices includes the figures not featured here.

Region Size
ARIMA

coefficients
AIC BIC

Log
likelihood

MSE

Olive
growth

(0, 0, 0)(1, 1, 2) 234.87 248.12 -113.44 0.2617/0.1275
217/11 (3, 0, 3)(2, 1, 2) 241.05 277.33 -109.52 0.4460/0.1236

(0, 0, 0)(2, 1, 1) 247.81 261.09 -119.91 0.2503/0.1218
(0, 0, 0)(1, 1, 0) 339.27 346.02 -167.64 0.3016/0.1669

Agriculture in
river valley

(2, 0, 3)(2, 1, 3) 171.18 206.77 -74.59 0.2731/0.0843
215/12 (1, 0, 0)(2, 1, 3) 172.46 195.23 -79.23 0.3189/0.1086

(0, 0, 3)(1, 1, 2) 186.72 209.80 -86.36 0.1854/0.0670
(3, 0, 3)(3, 1, 1) 192.61 228.27 -85.30 0.2331/0.077

Irrigated
agriculture in
river valley

(3, 1, 3)(1, 1, 3) 180.66 216.20 -79.33 0.2936/0.0816
214/12 (0, 0, 3)(0, 1, 3) 183.60 206.26 -84.80 0.2381/0.0691

(0, 0, 3)(1, 1, 2) 190.84 213.93 -88.42 0.2156/0.0686
(3, 0, 3)(3, 1, 1) 208.32 243.98 -93.16 0.2256/0.0634

Rice
fields

(0, 0, 1)(2, 1, 3) 332.29 335.02 -159.15 0.5149/0.2442
214/12 (0, 0, 2)(2, 1, 3) 333.06 358.99 -158.53 0.5174/0.2379

(1, 0, 0)(2, 1, 3) 334.30 357.07 -160.15 0.5385/0.2411
(1, 0, 1)(3, 1, 1) 346.18 368.95 -166.09 0.4367/0.2221

All agriculture
in Guadalquivir

basin

(1, 0, 0)(1, 0, 1) -47.75 -34.05 27.87 0.0452/0.0243
227/12 (0, 0, 1)(1, 0, 1) -46.28 -32.60 27.14 0.0453/0.0244

(3, 1, 3)(0, 0, 0) -45.71 -21.49 29.85 0.0451/0.0284
(1, 0, 1)(3, 1, 1) -33.78 -11.02 23.89 0.0656/0.0185

Table 13: Seasonal ARIMA(p, d, q)(P,D,Q)12 time series models fitted to monthly ag-
gregated ETd results. For each of the investigated areas the results of several models are
displayed. The Size column details the number of data points for the prediction time
frame (2001-2019) and part of the forecast time frame (2020).

8.1.1 Olive grove field

The first location is the aforementioned olive growth field which contains the ES-Cnd
measuring station. This relatively small area is located in the eastern part of the
Guadalquivir river basin. Figure 26a displays the estimation of ETd derived from the
Landsat scenes which overlap with this area. For each unique date one average value
over the area is produced. These values are then aggregated into monthly averages and
displayed in the top left graph in figure 26b. The data here is not yet stationary, there is
a clear seasonal effect. Since there are 12 months in the year, differentiation by a lag of 12
is applied. The bottom-left graph displays the data after this differencing. It seems that
the data is now stationary, there are no obvious (seasonal) trends left and the data has a
stable mean and variance. The ACF and PACF graphs created from this data are shown
on the bottom row and provide an insight into which AR and MA components could be
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included in the time series model. The ACF has a significant value at the first lag and a
smaller value at the second lag. This indicates the possible inclusion of a non-seasonal
MA(1) element. There is a clear ’spike’ at the 12th lag, indicating a seasonal MA(1), i.e.
MA(12), element. The PACF graph shows a possible non-seasonal AR(1) element and
significant values at the 12th and 24th lags.

Some of the best scoring models are shown in table 13. ARIMA(0, 0, 0)(1, 1, 2)12 has
the lowest AIC and BIC scores, but P-values in table 14 show that not all of the coeffi-
cients have a significant impact The ARIMA(0, 0, 0)(2, 1, 1)12 model includes all the ele-
ments which the ACF and PACF plots hinted at. This model has relatively poor scores
and furthermore several of the components are not significant (see table 15). Finally,
ARIMA(0, 0, 0)(1, 1, 0)12 presented in table 16 has a significant P-score for the single
component and also shows that the variance of the residuals is normally distributed.
This model has worse scores for the used metrics compared to the other tested models in
table13. However, the Ljung-Box produces a P-value of 0.28, indicating that there is no
auto-correlation in the residuals which could be detected. This is further indicated by the
plots in figure 27b. The residuals are normally distributed around 0 and the correlation
plot in the bottom-right corner shows no significant values at any of the lags.

The lack of a d term and the presence of a D term shows that while there is no clear
increasing or decreasing trend, there is a significant seasonal trend in the time series
data. The prediction and forecast produced in figure 27a shows that the results of the
model closely matches the monthly aggregated data, almost all the measured values fall
within the 95% confidence interval of the model results.

Element Coefficient value Standard error z P>|z|

AR.S.12 -0.7693 0.058 -13.279 0.000
MA.S.12 -0.1155 1.662 -0.069 0.945
MA.S.24 -0.8909 1.466 -0.608 0.543
sigma2 0.1677 0.282 0.592 0.554

Table 14: Coefficients of ARIMA(0, 0, 0)(1, 1, 2)12 model for olive grove.

Element Coefficient value Standard error z P>|z|

AR.S.12 -0.0054 0.052 -0.104 0.917
AR.S.24 -2.392e-07 0.065 -3.69e-06 1.000
MA.S.12 -0.9721 0.245 -3.974 0.000
sigma2 0.1877 0.042 4.478 0.000

Table 15: Coefficients of ARIMA(0, 0, 0)(2, 1, 1)12 model for olive grove.

Element Coefficient value Standard error z P>|z|

AR.S.12 -0.4805 0.047 -10.170 0.000
sigma2 0.22983 0.017 17.808 0.000

Table 16: Coefficients of ARIMA(0, 0, 0)(1, 1, 0)12 model for olive grove.
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(a) ETd collected for period 2000-2020 and averaged over olive grove field. Values are derived
using the S-SEBI method using scenes captured by Landsat satellites.

(b) Visualization of ETd aggregated into monthly means and illustration of correlations between
data points and their lagged values through correlation functions. Upper row uses undifferenced
data and lower row uses seasonally differenced data with lag of 12.

Figure 26: Illustration of daily evapotranspiration data over olive grove field.
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(a) Monthly aggregated ETd data and results of ARIMA model.

(b) Evaluation of ARIMA model through diagnostic plots of standardized residuals.

Figure 27: Evaluation and results of ARIMA(0, 0, 0)(1, 1, 0)12 time series model fitted to
ETd data of olive grove field.

8.1.2 Agriculture in river valley

Much of the area around the Guadalquivir river is used for agriculture. A site to the
south of Cordoba and located in the centre of the basin is used as a representation for the
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general state of these agricultural fields. Only those fields corresponding with SIOSE

polygons with an agricultural label are selected. The figures illustrating the ETd averaged
over the relevant area and the correlation functions are displayed in figures 38a and 38b
in the appendices. The ACF and PACF plots seem to indicate a ARIMA(3, 0, 3)(3, 1, 1)12
model, while ARIMA(2, 0, 3)(2, 1, 3)12 is the model with the best scoring metrics in table
13. However, these two models resulted in coefficients which failed the significance test.
ARIMA(0, 0, 3)(1, 1, 2)12 is chosen instead. The Ljung-Box test on this model provides
a P-value of 0.73, which is well above the threshold needed to indicate that no auto-
correlation is present in the residuals. Table 17 shows that some elements could not be
shown to be significant. However, removing these resulted in a model which failed the
Ljung-Box test. Forecast and prediction graphs are shown in figure 28.

Element coefficient value Standard error z P>|z|

MA.1 0.2717 0.069 3.954 0.000
MA.2 0.0904 0.068 1.324 0.185
MA.3 -0.1350 0.080 -1.681 0.093

AR.S.12 -0.6132 0.092 -6.652 0.000
MA.S.12 -0.0416 0.124 -0.336 0.737
MA.S.24 -0.4978 0.102 -4.873 0.000
sigma2 0.1411 0.013 10.896 0.000

Table 17: Coefficients of ARIMA(0, 0, 3)(1, 1, 2)12 model for agriculture in river valley.

Figure 28: Monthly aggregated ETd data of agricultural fields in river valley area and
results of ARIMA(0, 0, 3)(1, 1, 2)12 model.
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8.1.3 Irrigated agriculture in river valley

The same centrally located river valley area is used again, this time only selecting fields
which correspond with irrigated agricultural areas according to SIOSE. Figure 29 dis-
plays the prediction and forecast created with the ARIMA(0, 0, 3)(1, 1, 2)12 model. This
model passed the Ljung-Box test with a P-value of 0.50, its coefficients are illustrated in
table 18. Figure 39 shows the remaining graphs for the time series analysis of this area.
There area a lot of similarities with the previous section, which is not surprising since
the area of that section includes the fields analyzed here.

Element Coefficient value Standard error z P>|z|

MA.1 0.2598 0.075 3.468 0.001
MA.2 0.0488 0.073 0.672 0.501
MA.3 -0.2013 0.089 -2.262 0.024

AR.S.12 -0.7606 0.036 -21.121 0.000
MA.S.12 0.1372 0.074 1.863 0.062
MA.S.24 -0.5988 0.07 -8.537 0.000
sigma2 0.1416 0.013 11.089 0.000

Table 18: Coefficients of ARIMA(0, 0, 3)(1, 1, 2)12 time series model for irrigated agricul-
ture in river valley.

Figure 29: Monthly aggregated ETd data of irrigated agricultural fields in river valley
area and results of ARIMA(0, 0, 3)(1, 1, 2)12 model.
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8.1.4 Rice fields

An area in the south-western part of the Guadalquivir basin is primarily used for rice
production. This area is very noticeable in ETd mappings (e.g. figure 20) due to the
relatively high values found there. These high ETd values are also visible in figure 40a.
The ARIMA(0, 0, 1)(2, 1, 3)12 model scores best on AIC and BIC and also scores well on
log likelihood. The results in table 19 shows that all the important elements pass the
test of significance and that the variance of the residuals is normally distributed. The
Ljung-Box test creates a P-value of 0.87, showing that there is no auto-correlation left
in the residuals. A prediction and forecast are provided in figure 30.

Element Coefficient value Standard error z P>|z|

MA.1 0.3221 0.060 5.363 0.000
AR.S.12 -0.0213 0.065 -0.326 0.745
AR.S.24 -0.7341 0.051 -14.266 0.000
MA.S.12 -0.9841 0.093 -10.618 0.000
MA.S.24 0.9485 0.208 4.559 0.000
MA.S.36 -0.8077 0.177 -4.560 0.000
sigma2 0.2959 0.045 6.541 0.000

Table 19: Coefficients of ARIMA(0, 0, 1)(2, 1, 3)12 time series model for rice fields.

Figure 30: Monthly aggregated ETd data of rice fields and results of
ARIMA(0, 0, 1)(2, 1, 3)12 model.
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8.1.5 All agriculture in Guadalquivir basin

The previous four sections dealt with ETd in specific locations within the study region.
This final paragraph analyzes all agricultural areas within the Guadalquivir basin to-
gether. These areas are located using the relevant CLC editions (2000, 2006, 2012 and
2018), by selecting all pixels which have an agricultural label. Average ETd estimates
over this large region are found in figure 41a. There are several contenders for best fitting
ARIMA model. ARIMA(1, 0, 0)(0, 1, 1)12 is chosen since it has the best fitting scores for
AIC, BIC and MSE. The prediction and forecast in figure 31 closely match the time
series data, which almost never leaves the 95% confidence zone of the model results. The
P-values in table 20 show that both the non-seasonal AR(1) and the seasonal MA(1) are
significant. The Ljung-Box test provides a P-value of 0.87.

Element Coefficient value Standard error z P>|z|

AR.1 0.1861 0.059 3.159 0.002
MA.S.12 -0.8498 ‘ 0.040 -21.218 0.000
sigma2 0.0439 0.003 13.482 0.000

Table 20: Coefficients of ARIMA(1, 0, 0)(0, 1, 1)12 time series model for all agricultural
fields in the Guadalquivir basin.

Figure 31: Monthly aggregated ETd data of all agricultural fields in the Guadalquivir
basin and results of ARIMA(1, 0, 0)(0, 1, 1)12 model.
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Figure 33: Graph illustrating the total (irrigated) agricultural area within the
Guadalquivir basin over the study period.

Figure 32: Summation of the classification product of the annual irrigation mappings.
Non-agricultural areas are masked. Red indicates a location which is never classified as
irrigated, blue indicates a location which is always classified as being irrigated. Image
created with GEE. Map data c©2021 Google, Instituto Geográfico Nacional.

8.2. Irrigation mappings

Using the RF classifier an irrigation mapping of the complete Guadalquivir basin is
produced for each year. Annual irrigation mappings of 2000 till 2011 are produced from
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LT5 TM scenes, with 2003 missing due to insufficient availability of images. Mappings
for 2013 till 2020 are produced from LC8 OLI/TIRS scenes. The annual mappings,
which use a value of 1 to denote irrigated pixels and 0 to denote non-irrigated pixels, are
summed together in figure 32. The high values around the rice fields and the main river
indicate that these areas are consistently classified as being irrigated. Figure 33 plots the
total and irrigated area in the annual mappings over time. This data is found in table 35
in the appendices. Section 2.1 stated the irrigated area for 2008 and 2013 to be around
845 and 881 thousand ha respectively. The RF results meanwhile indicate around 810
and 745 thousand ha of irrigated area for these years.

9. Conclusions

This project successfully implemented the S-SEBI method and a RF irrigation classifier
into GEE. Section 6 provides a clear manual and a multitude of references that should
prove useful for future research. The evaluation of various products confirmed the viabil-
ity of the S-SEBI implementation. Especially the RMSD of around 0.8 mm/day for ETd

can be considered a success. It should be kept in mind that the evaluation depended
mostly on in-situ measurements from one eddy-covariance flux station. The S-SEBI

method was shown the be the better choice in this case through a comparison with the
EEFlux METRIC implementation.

ETd is generally stable over the study period for the complete Guadalquivir basin area
as well as the four specified sub-locations. The analysis of aggregated monthly data
through the selection of a fitting time series model clearly showed that all the data sets
contain a strong seasonal pattern. However, no increasing or decreasing trends in ETd

could be detected either visually or through time series analysis. The results from the RF
irrigation classifier show that the annual irrigation mappings are fairly consistent. Areas
in the western part of the study region and around the major river branches are often
classified as being irrigated. Meanwhile, agricultural fields on the border of the study
region are never classified as irrigated and other fields appear to fluctuate between these
states. The overview of irrigated area over time shows no clear increases or decreases in
the amount of irrigated area contrasting to the total agricultural area.

The conclusion is that the intensity and scope of irrigation in the Guadalquivir river basin
appear to be stable. Both the average amount of ETd and the total amount of irrigated
area fluctuate over time, but no upward or downward trends could be distinguished.
The hypothesis that the total amount of ETd in the basin has increased over time due
to an increase in irrigation appears disproven from these results. It should however be
considered that ET is only an indicator of irrigation intensity. The water which is lost
from agricultural areas is often provided from a combination of precipitation, groundwa-
ter and irrigation. This means that fresh water usage through irrigation could still have
increased despite constant ETa. An increase in irrigation might have been necessary to
substitute declining precipitation and groundwater levels. It is therefore more accurate
to state that the results of this project show that the ’wetness’ of agricultural areas in
the study region appear to have been relatively constant over the past 20 years.
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10. Discussion

This project follows up on previous efforts to compute ET using SEB methods and RS
images. Its innovation lies in the application of the S-SEBI method to a large area and
for a large time frame using modern cloud-computing resources. Furthermore, the imple-
mented RF classifier is able to create annual irrigation mappings on a relatively detailed
spatial scale. Using the resulting aggregated ET images and irrigation mappings it is
possible to visually differentiate between different agricultural fields. This is incredibly
important for heterogeneous landscapes such as are present in the Guadalquivir basin.
Result like these can help water authorities specify on which areas they should focus
for irrigation optimization. Since the data sources used as input in this project are not
limited to the study region, the produced GEE-code can be easily altered for use on other
relevant areas.

Despite the availability of numerous research papers which make use of the S-SEBI

method, no guide or full implementation could be found in the literature. A clear step-
by-step description to implement this method was therefore included in this report, which
did reveal some issues. The Λ-coefficients are computed by placing edges inside albedo-
TS scatter plots. Pixels which fall outside these get assigned extreme ET values, even
when this is not suitable because of the effect of other factors besides ET. Elevation
for instance severely impacts this TS , since areas which are located higher tend to have
lower temperatures regardless of the level of ET. This effect on temperature is nonetheless
interpreted by S-SEBI as there being a high amount of ET. This meant that areas with
a relatively high elevation had to be masked out of the study region.

For S-SEBI it is important to use areas with homogeneous environmental conditions
when computing the Λ-coefficients. This could not be guaranteed due to the usage of
over 4000 Landsat scenes. One set of Λ-coefficients was derived from a Landsat scene
regardless of the environmental conditions in the area covered by the images. Another
downside of the current S-SEBI implementation in GEE is the inability to create a
continuous analysis pipeline. Data of the albedo and TS variables has to be exported
from the online JavaScript application to a local computer. This data is then used by the
automated edge detection algorithm implemented in a Python script for the computation
of the Λ-coefficients. These coefficients are uploaded to GEE where they are used to
compute other products.

The accuracy of ETd as computed by S-SEBI might have been improved further by
managing the outliers in the in-situ data. Not included in this report were efforts to fill-
in missing measurement by using interpolation methods (i.e. SVD method), which did
not produce useful results. One might also simply remove these outliers from the process
altogether. Further evaluation can be done by using in-situ measurements collected from
one of the eddy covariance flux towers located in an agricultural field in southern Spain,
but outside of the Guadalquivir river basin.

This project depended heavily on the availability of RS images captured by Landsat
satellites. It is due to the 30 meter resolution of these images that the high spatial detail
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of the results was attained. Since the back catalogue of Landsat scenes is quite large,
this means that applying the implemented methods to a time period before the year 2000
is possible. The results indicated that LC8 scenes lead to better results than LT5 and
LE7 scenes. Table 13 for instance shows that the forecast, which is created using solely
LC8 due to its time frame, consistently has better results for the MSE statistic. The
time series graphs in the same section show that the final years of the prediction and the
forecast often seem to fit closer to the pattern in the in-situ data than the prediction in
earlier years.

There are however also issues with the dependence on Landsat scenes. Despite the
stated 16-day acquisition schedule, there is a distinct lack of images and unmasked (no
cloud cover) pixels for many periods. For example, in February 2018 there are only
seven LC8 OLI/TIRS images available over the complete basin, some of which have a
lot of obscured (i.e. unusable) pixels. Future research with SEB methods is therefore
advised to use other sources of RS images to complement the Landsat catalogue. Images
captured by the Sentinel-2 satellites, launched in 2015 and 2017 by the European Space
Agency (ESA), have very similar bands, are freely available and have a higher temporal
and spatial resolution. The downside of the ESA Copernicus project is that it started
launching satellites only a couple of years ago, which is why at this moment it cannot
provide a sufficiently large back catalogue for extensive time series analysis.

A RF classifier was used in this project to create annual irrigation mappings. This
classifier attained an overall accuracy close to 80 percent, which is lower than other
studies reached. This could be due to for instance the quality of the training data or
the heterogeneous landscape of the study region. To improve accuracy one could try to
change the setup of the RF classifier or add more input variables for training the classifier.
Unfortunately, GEE does have limitations on the computational cost of operations, which
poses restrictions on the number of decision trees and the number of data points used for
training and testing. Furthermore, there also appears to be a trade-off between focusing
to improve the overall accuracy and the RF classifier successfully finding all the irrigated
pixels. Future research could attempt to use other machine learning algorithms. One
example is boosting, in which a series of decision tree classifiers are training in succession
rather than independently of each other (as is the case with bagging), whereby later
models improve upon the errors made by earlier models. This can be implemented in
GEE by using the build-in ee.Classifier.smileGradientTreeBoost() function instead of
ee.Classifier.smileRandomForest() to construct a classifier.

Concerning the Guadalquivir river basin, it would be interesting to apply the current
implementation to estimate ET in Doñana National Park. This national park is located at
the end of the Guadalquivir river and its hydrological condition is known to be impacted
by irrigation measures further upstream. If ET in the park has decreased over the
years, this could indicate a decrease of available water resources, possibly due to lowered
drainage of the river. It would be interesting to link the usage of irrigation water in the
Guadalquivir basin area with the water situation in this park. The results of this project
seem to indicate that irrigation levels have been quite stable over the past 20 years. This

56



Erik Bootsma • Master thesis report • Uppsala University

might be due to efforts of the authorities to manage the water resources in a sustainable
way. Freshwater managers in the area should however stay vigilant for the effects of
climate change. Severe changes on the availability of fresh water in southern Spain are
expected due to higher summer temperatures, lower precipitation and more occurrences
of relatively dry years. This would have severe effects on the agricultural sector in the
Guadalquivir river basin, where the most productive and economically valuable fields are
dependent on irrigation.
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12. Appendices

12.1. Implementations and code

The S-SEBI method and the Random Forest irrigation classifier were both implemented in
the Google Earth Engine JavaScript web editor. A number of Python scripts are used to
further analyze results outside of GEE. The scripts are available together with a user man-
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ual on a GitHub repository: https://github.com/erikjan22/Evapotranspiration_Project.
All scripts were created by Erik Jan Bootsma for this project.

12.2. CORINE land use classes Guadalquivir

The CLC dataset provides a land classification system for the entirety of Europe. The
Guadalquivir basin area was cut from the available annual raster images (1990, 2000,
2006, 2012, 2018) and the aggregated area size for all the classes is presented in table 22.
A total summation of area per primary category is featured in table 2. The nomenclature
of the CORINE classification system is displayed in table 21.

12.3. Evaporative fraction in the S-SEBI method

This section will present interesting points from previous implementations of the S-SEBI

method. Studies differ widely on the size of the study region, pre-processing of RS images,
selection of data points for the scatter plot and the method of edge detection.

12.3.1 Evaporative fraction in the literature

The original S-SEBI paper states that the method works best in heterogeneous, but
somewhat dry areas, where its sure that some wet conditions also exists (e.g. a lake or
part of a sea). The high spatial resolution of Landsat scenes is ideal for S-SEBI, since
pixels of a larger resolution would often cover areas with mixed hydrological conditions.
No pixel selection based on land use classes is applied in the creation of albedo-TS

scatter plots.[92] A 2019 paper has a relatively small study region, a heterogeneous area
dominated by agriculture and allied sectors (e.g. agro forestry) in Northern India. Pixels
labeled as urban area, the second most common land use type, are not eliminated from
the image before estimation of the Λ-coefficients.[12]

A study from 2008 applied a modified S-SEBI method to the upstream of the Hanjiang
River Basin in Southwest China, a region large enough to span several Landsat scenes.
In total the study used seven LE7 ETM+ images acquired at different times and for
different Landsat paths.[138] In southern France the S-SEBI method was applied using
airborne PoLDER images instead of satellite images. The study site is 5 × 5 km and is
entirely comprised of Mediterranean agriculture. The authors make a relevant point on
the inaccurate estimation of a-coefficients from albedo-TS scatter plots. They show that
even a slightly incorrect estimation of these coefficients can lead to an error of 1 mm/day
in the estimation of ETd.[95]

All the papers referred to so far estimated one set of Λ-coefficients per RS image to
capture hydrological conditions. However, some state that this practice leads to a loss
of accuracy. Instead, the RS images should be split up into multiple tiles. Identification
of the ideal size of these tiles is a non-trivial task and might vary due to land use and
time of year. Ideally, the tile should be large enough to include pixels with a wide range
of hydrological conditions (i.e. include both dry and wet pixels). The selection of an
area too large would take in too many hydrological situations, thereby forcing the dry
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and wet edges outward too much. Application of masks to filter out pixels covered by
clouds, shading, sloping terrain, standing water, as well as irrelevant land use classes
from Landsat scenes is also mentioned to increase accuracy.[155]

Category 1 Category 2 Category 3 Label

Artificial
Surfaces

Urban fabric
Continuous urban fabric 111

Discontinuous urban fabric 112

Industrial,
commercial and
transport units

Industrial or commercial units 112

Road and rail networks and associated land 122

Port areas 123

Airports 124

Mine, dump and
construction sites

Mineral extraction sites 131

Dump sites 132

Construction sites 133

Artificial,
non-agricultural
vegetated areas

Green urban areas 141

Sport and leisure facilities 142

Agricultural
areas

Arable land
Non-irrigated arable land 211

Permanently irrigated land 212

Rice fields 213

Permanent crops
Vineyards 221

Fruit trees and berry plantations 222

Olive groves 223

Pastures Pastures 231

Heterogeneous
agricultural areas

Annual crops associated with permanent crops 241

Complex cultivation patterns 242

Land principally occupied by agriculture with sig-
nificant areas of natural vegetation

243

Agro-forestry areas 244

Forest and
semi-natural
areas

Forest
Broad-leaved forest 311

Coniferous forest 312

Mixed forest 313

Shrub and/or
herbaceous
vegetation
associations

Natural grasslands 321

Moors and heathland 322

Sclerophyllous vegetation 323

Transitional woodland-shrub 324

Open spaces with
little or no
vegetation

Beaches dunes sands 331

Bare rocks 332

Sparsely vegetated areas 333

Burnt areas 334

Glaciers and perpetual snow 335

Wetlands

Inland wetlands
Inland marshes 411

Peat bogs 412

Coastal wetlands
Salt marshes 421

Salines 422

Intertidal flats 423

Water bodies

Inland waters
Water courses 511

Water bodies 512

Marine Waters

Coastal lagoons 521

Estuaries 522

Sea and ocean 523

NO-DATA 999

Table 21: CORINE labeling system.
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Label Type 1990 2000 2006 2012 2018

111 Continuous urban fabric 32,351 34,202 32,886 34,216 34,256

112 Discontinuous urban fabric 10,098 13,306 25,830 31,394 31505

121 Industrial or commercial
units

6,625 9,731 19672 27319 27392

122 Road and rail networks and
associated land

241 659 1,834 3,953 4,667

123 Port areas 287 301 265 318 318

124 Airports 1,661 1,688 1,827 2,018 2,025

131 Mineral extraction sites 5,831 6,899 9,025 9,466 9,166

132 Dump sites 404 452 828 402 435

133 Construction sites 1,639 2,846 12,564 5,500 5,380

141 Green urban areas 484 606 1,080 1,430 1,464

142 Sport and leisure facilities 375 1001 1738 2437 2411

211 Non-irrigated arable land 1,302,734 1,198,152 973118 651,192 637,662

212 Permanently irrigated land 228,144 257,596 349,537 620,200 616,210

213 Rice fields 37,735 39,847 41,142 41,206 42,113

221 Vineyards 21,515 21,356 21,303 20,483 19,217

222 Fruit trees and berry planta-
tions

37,093 45,284 100,507 108,535 114,864

223 Olive groves 1,133,544 1,191,146 1,388,866 1,421,952 1,434,934

231 Pastures 0 0 32,874 48,505 47,583

241 Annual crops associated with
permanent crops

17,447 16,705 505 484 484

242 Complex cultivation pat-
terns

242,932 260,620 89,478 86,363 86,014

243 Land principally occupied by
agriculture with significant
areas of natural vegetation

82,330 81,656 49,888 51,589 51,622

244 Agro-forestry areas 439,741 452,309 518,963 512,067 512,702

311 Broad-leaved forest 321,495 311,335 357,407 353,914 353,998

312 Coniferous forest 355,344 366,370 322,158 316,469 306,104

313 Mixed forest 47,303 47,328 93,764 93,591 92,828

321 Natural grasslands 145,686 144,033 310,806 270,160 269,768

322 Moors and heathland 0 0 4,597 12,074 12,074

323 Sclerophyllous vegetation 481,272 455,376 586,050 570,456 568,802

324 Transitional woodland-shrub 587,634 579,626 235,022 280,895 285,945

331 Beaches dunes sands 4,861 4,170 4,805 5,203 5,148

332 Bare rocks 2,853 2,853 4,070 4,676 4,676

333 Sparsely vegetated areas 83,295 83,025 34,036 36,132 36,707

334 Burnt areas 3,545 394 6,843 136 5,954

335 Glaciers and perpetual snow 0 0 0 0 0

411 Inland marshes 36,696 37,668 31,852 1,072 1,032

412 Peat bogs 0 0 0 0 0

421 Salt marshes 1,370 1,370 1,913 35,837 35,837

422 Salines 4,968 5,059 4,585 4,601 4,601

423 Intertidal flats 0 0 0 0 0

511 Water courses 10,747 10,247 12,436 12,455 12,468

512 Water bodies 26,677 31,765 34,894 40,265 40,599

521 Coastal lagoons 0 0 0 0 0

522 Estuaries 2,347 2,347 373 373 373

523 Sea and ocean 49,261 49,238 49,230 49,230 49,230

999 NO-DATA 0 0 0 0 0

TOTAL 5,768,565 5,768,566 5,768,571 5,768,568 5,768,568

Table 22: Area [ha] of different land use types in Guadalquivir river basin (Spain) for
several years. Data is derived from CORINE images with 100m resolution, meaning that
one pixel corresponds to one hectare.
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12.3.2 Automated edge detection

While some studies appear to fit the dry and wet-edges manually in the r0-TS scatter
plot, while others use automated edge detection. Presented here is a slight alteration of
the automatic algorithm presented by Tang, which is applied in this project.[156] This
method is used to detect the dry edge, but the same list of steps can be used to detect
the wet edge by changing the < in points 5 and 10 with >.

1. Find the data points with the maximum and minimum albedo values and divide
the albedo range into M intervals evenly (M ≤ 20). Define a minimum number of
these intervals which need to be kept (Mmin).

2. Divide each of these intervals into N sub-intervals (N ≥ 5). Define a minimum
number of these sub-intervals which need to be kept (Nmin).

3. For each of the N sub-intervals in an interval find and store the data point with
the maximum LST value.

4. Compute the average and standard deviation of LST (LSTNavg and LSTNstd).

5. While the number of data points in an interval is larger than Nmin and LSTNstd is
larger than some set threshold, remove those data points from the interval for which:
LST < LSTNavg − LSTNstd. After removing data points recompute LSTNavg and
LSTNstd.

6. Compute the average LST and albedo for the remaining data points in each of the
M intervals and store this in a set of items.

7. Select those items with a albedo value higher than some threshold and find the
item with the maximum LST value. Discard those items which have a albedo value
lower than this selected item. This step ensures that all items which are not part
of the edge within the outline of the scatter plot are removed.

8. Compute the average LST value (LSTMavg) of the remaining items in the set.

9. Perform linear regression over the M items and compute the Root Mean Square
Error (RMSE).

10. While the number of items is larger than Mmin remove those items from the set for
which can be stated LST < LSTMavg − 2 ∗RSME. After removing items perform
the linear regression again and recompute the RMSE.

11. Perform linear regression one last time on the remaining items and select the coef-
ficients of the edge.

12.3.3 Investigating the evaporative fraction

The detection of the dry and wet edges from the albedo-LST scatter plot is a very
important part of the S-SEBI algorithm. These coefficients of these dry and wet edges
are used to compute the evaporative fraction for all the pixels in a RS image. This
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section investigates the effect of region and sample size on the detected Λ-coefficients. A
tier 1 Landsat 8 scene from the 30th of June 2015 with ID "LC82000342015181LGN01"
is used as an example. The Landsat scene has a cloud cover of (only) 0.45% over land.
This image is pre-processed as described in section 6. Within the Landsat image a point
of interest was chosen, the aforementioned station ES-Cnd [37.914998 (lat), -3.227659
(long)]. Around this location three random data sets of over 300.000 samples from the
Landsat pixels selected: two from circular areas (radii of 10 and 50 kilometer) around the
point and one from the complete Landsat scene. Each data set is then given the same
treatment: the data set is split into three equal parts, after which a new random sample is
taken of a certain size (33000, 50000, 100000). This way each region/sample size scenario
can be tested thrice in order to investigate variance between the estimations. Automated
edge detection is performed on all the data sets. The results for each of the three area
sizes are displayed in tables 23, 24 and 25. Average results for the nine scenarios are
presented in table 26.

Figure 34: Three scenarios for the selection of random data point: circular region with a
10 km radius around point of interest, circular region with a 50 km radius around point
of interest and finally the entire Landsat scene. The point of interest is displayed in
black, circles are displayed in red and the Guadalquivir river basin in displayed in blue.
Landsat pixels remaining after pre-processing are coloured (but slightly obscured due to
other objects).

Concerning the coefficients of the dry edge (aH and bH), it seems that the larger the
sample size, the lower the values of the coefficients. This indicates that the edge is getting
less steep. In case of the wet edge (coefficients aλE and bλE), the edge is usually steepest
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for the largest sample size. Clear trends regarding area size are less clear. From personal
experience it seems that larger sample sizes lead to a larger number of data points which
fall outside of the general trend of the scatter plot. Although these points might be
regarded as outliers, they do effect the detection of edges. An important observation
from the results is that the variation between the three tests for each scenario is quite
large. This indicates that the influence of the region and sample size is less important
than the (random) selection of particular data points as input for the edge detection
algorithm.

Sample size Sample aH bH aλE bλE

33000
1 -37.09 343.88 108.70 287.60
2 -36.69 343.00 74.36 297.43
3 -47.88 346.87 65.96 298.80

50000
1 -33.94 343.35 23.43 314.06
2 -23.76 339.01 78.01 295.89
3 -49.72 347.67 67.03 298.44

100000
1 -11.27 336.86 23.64 313.18
2 -31.29 341.67 77.76 295.61
3 -42.78 345.56 65.76 298.25

Table 23: Coefficients of dry and wet edges, detected from albedo-LST plot. Data was
randomly selected from a 10km radius around the point of interest.

Sample size Sample aH bH aλE bλE

33000
1 -61.97 347.75 60.18 300.29
2 -31.03 341.28 81.76 296.47
3 -58.42 348.87 97.05 288.88

50000
1 -62.31 348.28 63.82 298.93
2 -24.28 339.42 98.86 291.95
3 -47.65 345.71 35.95 309.13

100000
1 -65.31 350.28 64.61 298.20
2 -28.79 340.96 80.47 296.33
3 -25.99 339.18 104.83 286.11

Table 24: Coefficients of dry and wet edges, detected from albedo-LST scatter plot. Data
was randomly selected from a 50km radius around the point of interest.

Sample size Sample aH bH aλE bλE

33000
1 -54.48 347.24 77.22 294.24
2 -45.68 343.87 75.54 294.56
3 -47.79 344.35 75.00 295.12

50000
1 -48.64 345.50 89.90 290.29
2 -39.64 342.47 46.83 303.37
3 -51.04 345.74 74.51 294.66

100000
1 -33.27 341.69 83.30 291.37
2 -52.81 347.24 92.10 288.98
3 -40.33 343.79 68.16 295.79

Table 25: Coefficients of dry and wet edges, detected from albedo-LST plot. Data was
randomly selected from the complete Landsat scene.
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Area size Sample size aH bH aλE bλE

Circle (10km radius)
33000 -40.55 344.58 83.01 294.61
50000 -35.81 343.34 56.16 302.80
100000 -28.44 341.36 55.72 302.35

Circle (50km radius)
33000 -50.47 345.97 79.66 295.21
50000 -44.75 344.47 66.21 300.00
100000 -40.03 343.47 83.30 293.55

Full Landsat scene
33000 -49.32 345.15 75.92 294.64
50000 -46.44 344.57 70.42 296.11
100000 -42.14 344.24 81.19 292.05

Table 26: Averages of the results in tables 23, 24 and 25.

12.4. Irrigation classifier inputs

Table 27 contains a list of features which were initially considered as input layers for
the RF irrigation classifier. For the NDVI, NDWI, EVI and GI variables the minimum,
maximum and range value over the annual composite are used. For the minimum and
maximum the 5th and 95th percentiles are used in order to eliminate the effect of uniden-
tified cloud and poor-quality pixels (others use 10th and 90th percentiles[113]). Other
environmental variables, namely those derived from MODIS images, are aggregated to
create monthly composites.

Section 7.2 describes how results computed using the S-SEBI method were initially
aggregated into monthly (12 layers) and trimonthly (4 layers), but how this is insufficient
due to a lack of information. Instead the results of the S-SEBI method are aggregated
into two layers according to two seasonal periods: the winter months (Jan, Feb, Mar,
Oct, Nov, Dec) and the summer months (Apr, May, Jun, Jul, Aug, Sep). Several input
variables in table 27 are not used due to the effect that they have on the spatial detail
of the resulting image.

MODIS image collections are available in the GEE data catalogue together with several
derived products. Examples are mappings of NDVI and TS computed from MODIS

imagery[157,158]. The MOD16A2 datasets were produced by the Numerical Terradynamic
Simulation Group NTSG using the Penman-Monteith equation. An 8-day global ter-
restrial evapotranspiration overview with a spatial resolution of 500m and 1km were
produced from MODIS scenery[159]. More information on these products can be found
in the literature[31,160].

12.5. Statistical parameters

The computation of the MBE, MAE, RMSE, NSCE, R2, MSD and RMSD statistical pa-
rameters is presented in equations 33, 34, 35, 36, 37, 38 and 39 respectively. O represents
the observed or measured values and P represents the predicted or estimated values. The
bar signs above certain variable symbols denote averages.[2,99]
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Variable Number

of images

Temporal

resolution

Spatial

resolution

Computation Data

source

Used

Band
composites

6 Annual 30 m Median compos-
ites of Landsat
bands

Landsat Yes

NDVI 3 Annual 30 m See section 6.2. Landsat Yes

NDWI 3 Annual 30 m Normalized dif-
ference between
NIR and R
bands.

Landsat Yes

EVI 3 Annual 30 m See online.[161] Landsat Yes

GI 3 Annual 30 m See table 3 in
paper.[162]

Landsat Yes

Albedo 2 Seasonal 30 m S-SEBI method
(see section 6).

Landsat Yes

TS 2 Seasonal 30 m S-SEBI method
(see section 6).

Landsat Yes

ETd 2 Seasonal 30 m S-SEBI method
(see section 6).

Landsat Yes

Water-
adjusted
green index

1 Annual 30 m See paper.[114] Landsat Yes

Aridity-
normalized
green index

1 Annual 30 m See paper.[114] Landsat Yes

MODIS ET 12 Monthly 250 m See section 12.4. MODIS No

MODIS NDVI 12 Monthly 250 m See section 12.4. MODIS No

MODIS LST 12 Monthly 250 m See section 12.4. MODIS No

Precipitation 1 Annual 1000 m See section 4.2. Import No

Air
temperature

1 Annual 1000 m See section 4.2. Import No

Elevation 1 Static 30 m See section 4.2. GEE Yes

Slope 1 Static 30 m See section 4.2. GEE Yes

Table 27: Variables which are considered as input for a random forest classifier used to
detect irrigated areas. Six Landsat band composites are used (Blue, Green, Red, NIR,
SWIR-1, SWIR-2). The annual environmental indicators (NDVI, NDWI, EVI, GI) have
three layers, namely the 5th percentile, the 95th percentile and the range between these
min and max values. For S-SEBI products (Albedo, TS , ETd) two seasonal layer are
used. These are composites over the winter and summer months. Variables derived from
MODIS images have 12 layers, one median value for every month. The annual mean
temperature, annual total precipitation, elevation and slope are also considered. Spatial
resolution indicates the original resolution of the data sources. The final column indicates
whether the variable ended up being used as input for the classifier.

MBE =
1

n

n
∑

i=1

|Pi −Oi| (33)

MAE =
1

n

n
∑

i=1

(Pi −Oi) (34)
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RMSE =

√

√

√

√

1

n

n
∑

i=1

(Pi −Oi)2 (35)

NSCE =

∑n
i=1

(Oi − Ō)2 −
∑n

i=1
(Pi −Oi)

2

∑n
i=1

(Oi − Ō)2
(36)

R2 =

(
∑n

i=1
(Oi − Ō)(Mi − P̄ )

)2

∑n
i=1

(Oi − Ō)2 ×
∑n

i=1
(Pi − P̄ )2

(37)

MSD =
1

n− 1

n
∑

i=1

(Pi −Oi − MBE)2 (38)

RMSD =
√

MBE2 + MSD2 (39)

12.6. Additional irrigation classifier evaluation

The RF irrigation classifier was evaluated in section 7.2 by presenting the accuracy
metrics for several 2011 data sets (e.g. training and testing) and also a description of the
importance of the classifier inputs. In this section these same results are featured, but
then for the years 2005 (figures 28 and 29) and 2014 (figures 31 and 32).

Topic Label Training Testing

Size data set
Total 100,057 99,943

Non-irrigated 50,087 49,913
Irrigated 49,970 50,030

Overall accuracy 0.998 0.799

Confusion matrix

[0/0] 49,989 41,398
[0/1] 98 8,515
[1/0] 62 11,557
[1/1] 49,908 38,473

Consumers accuracy
0 0.999 0.782
1 0.998 0.819

Kappa 0.997 0.598

Producers accuracy
0 0.998 0.829
1 0.999 0.769

Table 28: Evaluation metrics of a RF irrigation classifier trained for 2005. Label 0
indicates no irrigation and label 1 indicates irrigation. The four categories in the confu-
sion matrix are identified using these two labels between square brackets: [actual cate-
gory/predicted category ].
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Layer Annual mean
Annual extremes Period means

min max range winter summer

Blue 5373
Green 4993
Red 5057
NIR 5076

SWIR-1 5078
SWIR-2 5181
NDVI 5101 4918 4918
NDWI 5318 5146 5318
EVI 5109 4953 4990
GI 5141 5158 5296

Albedo 5360 5342
LST 5604 5565
ET 5525 5617

Elevation 5935
Slope 5614

Table 29: Importance of input layer in the decision making process of the RF classifier.
Values are the sum of decreases of the impurity criterion over relevant nodes in all decision
trees, higher values indicate higher importance. This table is concerned with the 2005
implementation.

Topic Label Validation-1 Validation-2

Size data set
Total 558,860

Non-irrigated 451,931
Irrigated 106,929

Threshold 0.5 0.6
Overall accuracy 0.710 0.786

Confusion matrix

[0/0] 320,064 378,265
[0/1] 131,867 73,666
[1/0] 30,086 46,104
[1/1] 76,843 60,825

Consumers accuracy
0 0.914 0.891
1 0.368 0.452

Kappa 0.313 0.369

Producers accuracy
0 0.708 0.837
1 0.719 0.569

Table 30: Evaluation metrics of a RF irrigation classifier trained for 2005. Label 0
indicates no irrigation and label 1 indicates irrigation. The four categories in the con-
fusion matrix are identified using these two labels between square brackets: [actual cat-
egory/predicted category ]. The threshold level indicates the minimum irrigation prob-
ability required in the RF probability product for a pixel to be assigned to to label
1.
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Topic Label Training Testing

Size data set
Total 100,139 99,861

Non-irrigated 50,185 49,815
Irrigated 49,954 50,046

Overall accuracy 0.998 0.784

Confusion matrix

[0/0] 50,070 41,885
[0/1] 115 7,930
[1/0] 76 13,604
[1/1] 49,878 36,442

Consumers accuracy
0 0.998 0.755
1 0.998 0.821

Kappa 0.996 0.569

Producers accuracy
0 0.998 0.841
1 0.998 0.728

Table 31: Evaluation metrics of a RF irrigation classifier trained for 2014. Label 0
indicates no irrigation and label 1 indicates irrigation. The four categories in the con-
fusion matrix are identified using these two labels between square brackets: [actual cat-
egory/predicted category ]. The threshold level indicates the minimum irrigation prob-
ability required in the RF probability product for a pixel to be assigned to to label
1

Figure 35: Bar graph comparing the probability product of the RF classifier for 2005 to
that years’ labelling according to SIOSE.
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Layer Annual mean
Annual extremes Period means

min max range winter summer

Blue 5575
Green 5470
Red 5415
NIR 5578

SWIR-1 5467
SWIR-2 5509
NDVI 5652 5360 5403
NDWI 5896 5694 5487
EVI 5623 5409 5377
GI 5692 5501 5628

Albedo 5789 5607
LST 6189 5916
ET 6134 5976

Elevation 6295
Slope 6204

Table 32: Importance of input layer in the decision making process of the RF classifier.
Values are the sum of decreases of the impurity criterion over relevant nodes in all decision
trees, higher values indicate higher importance. This table is concerned with the 2014
implementation.

Topic Label Validation-1 Validation-2

Size data set
Total 515,683

Non-irrigated 67,521
Irrigated 34,247

Threshold 0.5 0.6
Overall accuracy 0.803 0.849

Confusion matrix

[0/0] 355,040 391,042
[0/1] 67,521 31,519
[1/0] 34,247 46,444
[1/1] 58,875 46,678

Consumers accuracy
0 0.912 0.894
1 0.466 0.597

Kappa 0.313 0.455

Producers accuracy
0 0.840 0.925
1 0.632 0.501

Table 33: Evaluation metrics of the RF irrigation classifier. Results are concerning a
classifier trained for 2014, meaning Landsat 5 images as input. Label 0 indicates no
irrigated and label 1 indicates irrigation. The four categories in the confusion matrix
are identified using these two labels between square brackets: [actual category/predicted
category ].
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Figure 36: Bar graph comparing the probability product of the RF classifier for 2014 to
that years’ labelling according to SIOSE.

Figure 37: Map of the circa 50 provinces of Spain. Source: https://ontheworldmap.

com/spain/spain-provinces-map.html.
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Province Irrigated area [RF] Irrigated area [FAO]
Sevilla 407,324 261,363
Lugo 326,320 211,41

Huesca 324,368 176,363
Navarra 280,244 72,088

La Coruña 271,009 194,142
Zaragoza 249,906 177,281
Valencia 215,173 150,663

Valladolid 212,097 95,893
Lleida 206,359 140,311
Burgos 200,130 21,210
León 194,527 117,078

Asturias 191,538 8,231
Badajoz 187,322 140,492
Cádiz 180,665 50,102

Palencia 176,244 46,989
Murcia 162,785 170,150

Tarragona 141,815 61,019
Gerona 131,588 25,816

Pontevedra 123,442 18,815
Alicante 120,205 84,454
Toledo 118,506 91,069

Cantabria 116,584 1,263
Zamora 115,578 5,5916
Córdoba 114,862 92,290

Salamanca 99,365 39,043
Huelva 94,423 33,351

Albacete 91,916 140,995
Barcelona 89,553 10,272
Ourense 89,429 18,421
Cáceres 88,793 95,439
Baleares 83,244 17,814

Castellón de la lana 82,923 48,449
La Rioja 77,707 15,341
Madrid 71,172 25,765

Ciudad Real 67,394 18,4294
Málaga 63,262 48,502
Almería 57,865 52,476
Alava 46,620 9,429

Cuenca 42,287 37,311
Guadalajara 40,968 15,265

Granada 39,235 10,0325
Jaén 36,455 4,000

Guipúzcoa 28,757 445
Ávila 18,629 35,187

Segovia 18,552 17,137
Vizcaya 18,495 732
Teruel 15,569 24,041
Soria 4,905 10,438
Ceuta 0 0

Las Palmas 0 379
Melilla 0 0

Table 34: Irrigated area [ha] in 1999 according to the RF classifier and the FAO data.
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Year Total pixels Total area [ha] Irrigated pixels Irrigated area [ha]

2000 32,739,799 2,946,582 7,674,086 690,668
2001 35,751,057 3,217,595 8,890,675 800,161
2002 35,566,931 3,201,024 10,491,707 944,254
2004 35,753,100 3,217,779 7,652,086 688,688
2005 35,752,717 3,217,745 6,701,736 603,156
2006 32,678,327 2,941,049 6,456,006 581,041
2007 33,506,033 3,015,543 7,524,808 677,233
2008 33,351,341 3,001,621 8,999,759 809,978
2009 33,533,399 3,018,006 6,544,913 589,042
2010 33,500,994 3,015,089 7,732,736 695,946
2011 33,533,689 3,018,032 8,345,244 751,072
2013 32,927,535 2,963,478 8,281,033 745,293
2014 32,988,854 2,968,997 8,101,974 729,178
2015 32,991,281 2,969,215 6,568,494 591,164
2016 32,991,285 2,969,216 6,459,222 581,330
2017 32,991,309 2,969,218 6,518,688 586,682
2018 32,969,613 2,967,265 7,827,620 704,486
2019 32,969,603 2,967,264 7,036,212 633,259
2020 32,903,300 2,961,297 7,747,301 697,257

Table 35: Overview of annual results of the classification product created with the RF
irrigation classifier. The total number of pixels (and the corresponding area) corresponds
to the un-masked pixels in the annual mappings. These pixels are the agricultural areas
in the study region.

12.7. Additional irrigation classification results

Table 34 presents the irrigated area of all Spanish provinces in 1999 according to the
FAO and the irrigation classifier results. Figure 33 plots the results of annual irrigation
mapping for a 20 year period. This graph was created from the data in table 35. This
table displays the total number of pixels and total surface area in each of the irrigation
mappings. Also stated is how many of the pixels are labeled as irrigated and the surface
area this corresponds to.

12.8. Additional time series results

In this section the time series analysis figures are featured which were left out of section
8.1.

12.8.1 Agriculture in river valley

Additional figures of time series analysis of the data for agricultural fields in river valley
area are displayed in figure 38. Prediction and forecast results of the model are displayed
in figure 28.
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(a) Daily ET derived from Landsat scenes and averaged over relevant area.

(b) Visualization of daily ET aggregated into monthly means and correlations between
data points and their lagged values. Lag of 12 used for seasonal differencing.

(c) Diagnostic plots for standardized residuals of ARIMA(0, 0, 3)(1, 1, 2)12 model.

Figure 38: Time series analysis of daily ET for agricultural fields in river valley.
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12.8.2 Irrigated agriculture in river valley

Additional figures of time series analysis of the data for irrigated agricultural fields in
river valley area are displayed in figure 39. Prediction and forecast results of the model
are displayed in figure 29.

12.8.3 Rice fields

Additional figures of time series analysis of the data for rice fields are displayed in figure
40. Prediction and forecast results of the model are displayed in figure 30.

12.8.4 All agriculture in Guadalquivir basin

Additional figures of time series analysis of the data for all agricultural fields in the
Guadalquivir area are displayed in figure 41. Prediction and forecast results of the model
are displayed in figure 31.
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(a) Daily ET derived from Landsat scenes and averaged over relevant area.

(b) Visualization of daily ET aggregated into monthly means and correlations between
data points and their lagged values. Lag of 12 used for seasonal differencing.

(c) Diagnostic plots for standardized residuals of ARIMA(0, 0, 3)(1, 1, 2)12 model.

Figure 39: Time series analysis of daily ET for irrigated agricultural fields in river valley.
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(a) Daily ET derived from Landsat scenes and averaged over relevant area.

(b) Visualization of daily ET aggregated into monthly means and correlations between
data points and their lagged values. Lag of 12 used for seasonal differencing.

(c) Diagnostic plots for standardized residuals of ARIMA(0, 0, 1)(2, 1, 3)12 model.

Figure 40: Time series analysis of daily ET for rice fields.
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(a) Daily ET derived from Landsat scenes and averaged over relevant area.

(b) Visualization of daily ET aggregated into monthly means and correlations between
data points and their lagged values. Lag of 12 used for seasonal differencing.

(c) Diagnostic plots for standardized residuals of ARIMA(1, 0, 0)(0, 1, 1)12 model.

Figure 41: Time series analysis of daily ET for agricultural fields in Guadalquivir basin.
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