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Abstract: This study shows how remote sensing methods are used to support and provide means
for improving agricultural water management (AWM) in Jordan through detailed mapping of irri-
gated areas and irrigation water consumption (IWC). Digital processing and classification methods
were applied on multi-temporal data of Landsat 8 and Sentinel-2 to derive maps of irrigated areas
for the period 2017–2019. Different relationships were developed between the normalized differ-
ence vegetation index (NDVI) and the crop coefficient (Kc) to map evapotranspiration (ET). Using
ground data, ET maps were transferred to IWC for the whole country. Spatial analysis was then
used to delineate hotspots where shifts between ET and groundwater abstraction were observed.
Results showed that the applied remote sensing methods provided accurate maps of irrigated areas.
The NDVI-Kc relationships were significant, with coefficients of determination (R2) ranging from
0.89 to 0.93. Subsequently, the ET estimates from the NDVI-Kc relationships were in agreement with
remotely sensed ET modeled by SEBAL (NSE = 0.89). In the context of Jordan, results showed that
irrigated areas in the country reached 98 thousand ha in 2019, with 64% of this area located in the
highlands. The main irrigated crops were vegetables (55%) and fruit trees and olives (40%). The
total IWC reached 702 MCM in 2019, constituting 56% of the total water consumption in Jordan,
with 375 MCM of this amount being pumped from groundwater, while reported abstraction was
only 235 MCM. The study identified the hotspots where illegal abstraction or incorrect metering of
groundwater existed. Furthermore, it emphasized the roles of remote sensing in AWM, as it provided
updated figures on groundwater abstraction and forecasts for future IWC, which would reach 986
MCM in 2050. Therefore, the approach of ET and IWC mapping would be highly recommended to
map ET and to provide estimates of present and future IWC.
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1. Introduction

Agricultural water management (AWM) includes the management of water used in
crop production (both rainfed and irrigated), livestock, and inland fisheries to sustain food
production, while preserving natural resources [1,2]. Due to world population growth, it is
anticipated that in the next few decades, the agricultural sector will remain the dominant
user of water [3]. This calls for improved AWM that goes beyond the improvement of
irrigation system efficiency at farm level towards the assessment and monitoring of large-
scale irrigation schemes [4]. Improved AWM on a large scale can be achieved by the
adoption of innovative approaches and interventions, supported by effective governance
and strong institutions that employ different tools to monitor agricultural water use. The
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technological developments of remote sensors, with improved spatial and/or temporal
resolution, provide the opportunity to use remote sensing (RS) tools for monitoring and
assessment of agricultural water use. This can be achieved by mapping agricultural crops
and irrigation water consumption (IWC) and hence assessing water withdrawal for crop
irrigation. The use of artificial intelligence algorithms to develop digital image classification
methods provides cost-effective and accurate means to derive maps of irrigated crops [5,6].
Analysis of these maps, in addition to ground data, within a geographic information
system (GIS) provides important information on levels of agricultural water consumption
in relation to water supply. Furthermore, it can show hotspots where water consumption
is high and periods when water demand is at its peak. At present, monitoring of water
consumption is considered a key element in the artificial intelligence (AI) models used in
the advanced AWM, as it forms part of the smart water management systems [7,8]. The
components of these systems include leak management, flow monitoring, overuse and
contamination, and devising of strategies [8]. Therefore, RS can play an important role
in advanced AWM as it provides data on agricultural water requirements and available
sources of water.

The use of RS to map irrigated areas and IWC contributes to advanced AWM, as irriga-
tion is the principal consumer of freshwater resources [9,10]. Data from different RS sources
provide the means to monitor IWC and water resources through mapping of crop evap-
otranspiration (ET) [11], which is a major component of crop water consumption [12,13].
The use of in situ instruments to measure ET for large areas is impractical, implies high
investment and maintenance costs [14,15], and requires homogeneous surfaces [16]. The
methods of ET estimation, on the other hand, require good spatial distribution of climatic
data and the availability of detailed information on crop management. Therefore, differ-
ent RS-based methods have been developed to map ET with minimum ground data [17].
These include the surface energy balance models [18–20], the reflectance-based basal crop
coefficients methods [17,21], and the Penman–Monteith method [12], adapted to remote
sensing input data [22].

The mapping of ET from remote sensing data has the advantages of large spatial
coverage and minimum climatic and ground data [23,24], providing that calibration for ET
is made to minimize uncertainties in ET estimates [24–26]. Among the RS-based models
that provide ET estimates from Landsat data are the single-source surface energy balance
models known as METRIC (mapping evapotranspiration with internalized calibration) [19]
and SEBAL (surface energy balance algorithm for land) [20]. The level of accuracy for ET
maps from SEBAL, METRIC, and other RS-based ET models depends on several factors.
These include the environmental conditions of the irrigated area, crop type, irrigation
management, the model itself, and the quality of data used in the model [27–37]. Variations
between modeled and measured ET are usually observed in inter-seasonal and daily ET
estimates [28,33], while errors in modeled ET average out for large areas and for annual
time steps [38].

Remote sensing maps of irrigated crops and ET are important for AWM as they provide
spatial information on annual IWC and identify periods when agricultural water demand
and consumption are high. Such information is important for making decisions related to
planning of agricultural water resources, particularly in countries like Jordan, where water
resources are scarce and depleted. Considering renewable freshwater resources and the
gross domestic product (GDP), Jordan is ranked the second country worldwide in terms of
water scarcity [39]. In Jordan, irrigated agriculture consumes more than half of the available
water resources [40–42]. Therefore, the application of RS-based methods to map irrigated
areas and IWC is highly important for planning water resources. The importance of using
RS to support AWM stems from the fact that information on IWC in Jordan is uncertain,
as updated maps of irrigated areas do not exist [43]. The figures of IWC are also based on
estimates and do not consider illegal abstraction and access to water resources by farmers.
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In addition, the inaccurate metering of water abstraction and consumption at farm and
basin levels contribute to uncertainties in reported figures of IWC [44]. The incorrect figures
of IWC make it difficult for Jordan’s Ministry of Water and Irrigation (MWI) to plan the
present and future water supply and demand. Therefore, geospatial techniques of RS and
GIS have been adopted by the MWI to update figures of IWC and groundwater abstraction.

In the context of water management in Jordan, the use of RS to monitor IWC and to
predict future demand is very important. Although previous studies [45–47] showed that
the water scarcity problem cannot be remedied only through improved water management,
the use of RS-based methods to monitor water resources is crucial for better governance and
decentralization of water management. In terms of governance, the use of RS contributes to
efforts of the MWI in controlling the illegal access to water, which results in intermittency
of the public water network [48], and in reducing groundwater abstraction. Both aspects
contribute to the increased volume of non-revenue water, which is considered as a major
shortcoming in water governance in Jordan [45]. In terms of groundwater abstraction for
irrigation, the rates or volumes are higher than what the MWI data suggest [43,44,49,50].
Calculation of these volumes, therefore, is important for decentralized water management.
Furthermore, it will provide the MWI with information needed for supply-based water allo-
cation and for controlling groundwater abstraction in areas where abstraction is exceeding
the safe yield.

Although the water insufficiency emphasizes factors external to the responsibility of
the Jordanian government [46,47], control of non-revenue water will indirectly increase
water supply. This can be achieved by possible water savings that can be reached by the
use of RS to uncover illegal abstraction of groundwater [44]. The improvements in spatial,
spectral, and temporal resolutions of the free data of RS can contribute to these aspects of
water management in Jordan and in water-scarce countries. The challenge, however, will be
the use of methods that require minimum ground data. Therefore, this study shows how RS
data were used to map irrigated crops and IWC in Jordan during 2017–2019, a period that
had detailed water budgets prepared by the MWI [40–42]. The study has multidimensional
objectives that include accurate estimates of IWC and spatial maps of irrigated crops and
hotspots where groundwater is depleted. In terms of RS methods, the study makes a novel
contribution by presenting detailed methods that enable accurate mapping of irrigated
crops and IWC. The novel contribution also includes the development of relationships
that correlate the normalized difference vegetation index (NDVI) with the crop coefficient
(Kc). These relationships are important to derive ET, which in turn can be converted to
IWC using ground data. The study also utilizes present and historical RS data to provide
forecasts for IWC in the future (year 2050). The work of crop mapping started in 2017 and
commenced by 2020, while analysis of data extended to 2021.

2. Materials and Methods
2.1. Study Areas

The study covered all irrigated areas in Jordan, which has a total area of 89.5 thou-
sand km2 and altitudes ranging from –425 m at the Dead Sea up to 1750 m at Jebel Rum in
the south. The country has three distinguished climatic zones (Figure 1). The first zone is
Jordan Valley (JV), which is situated below the mean sea level and has a subtropical climate
with warm winters and hot summers. In this zone, irrigation is managed by JV Authority
(JVA) who supplies water to farmers to irrigate citrus, date palm, fruit trees, and vegeta-
bles (during winter and spring). Irrigation water sources include surface water, treated
wastewater (TWW) mixed with freshwater, and groundwater. The second zone includes the
Mediterranean highlands east of JV, where precipitation is in the range of 200 to 600 mm.
In this zone, irrigation is practiced in spring and summer using groundwater (main source)
and TWW in a few locations. The third zone is known as the “Badia” and includes arid
and hyper-arid areas (desert), where rainfall decreases from 200 mm in the west and north
to less than 70 mm in the east and the south.
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Figure 1. Locations of the study areas’ groundwater irrigation wells in Jordan.

2.2. Collection and Pre-Processing of Data

Remote sensing data of Landsat 8 and Sentinel-2 images were used to map irrigated
crops and IWC. The data of Landsat have a spatial resolution of 30–100 m and a temporal
resolution of 16 days [51], while the data of Sentinel-2 have a resolution of 10–60 m
and a temporal resolution of 5 days [52,53]. Both datasets were downloaded “https:
//earthexplorer.usgs.gov/” (accessed on 28 November 2022) for years 2017, 2018, and
2019 and used to map irrigated crops. Cloud-free images of Landsat 8 (Appendix A) were
used in the SEBAL model to derive ET, while Landsat 7 images were only used when
cloud-free images of Landsat 8 were not available. Images of Landsat were transformed
into NDVI layers using the red and near-infrared (NIR) bands. These were bands 4 and 5

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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for Landsat 8 and bands 3 and 4 for Landsat 7. For Sentinel-2, NDVI layers were derived
from bands 8 and 4 and were used to map some irrigated crops in JV, as described by
Al-Bakri et al. [54]. Depending on the location of irrigated area and cloud cover, the number
of Landsat NDVI layers processed for each year during 2017–2019 ranged between 18 to 21
images (Appendix A).

Hourly and daily climatic data for years 2017, 2018, and 2019 were obtained from
the MWI and from the Jordan Meteorological Department (JMD). Both climatic data and
Landsat images were used in SEBAL to derive maps of ET. GIS layers for farm units in JV,
springs and licensed groundwater wells, wastewater treatment plants (WWTPs), and water
reservoirs were obtained from MWI and JVA. These maps aided in identifying irrigated
areas or locations where irrigation might be practiced. Data for irrigated farm units in JV
included the code of each farm unit, crop type, areas of irrigated crops inside each farm
unit, and the annual amount of water pumped to that unit. Ground surveys were also
carried out to verify maps of irrigated crops and volumes of water used for irrigating some
crops, particularly vegetables grown under plastic houses. The methodology used in this
study is summarized in Figure 2.
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2.3. Mapping of Irrigated Crops

Due to variations in climate, crop type, and cropping calendars among the irrigated
areas, different methods were used to map irrigated crops and IWC. The methods were
based on the use of different digital image classification techniques and visual interpretation
to derive crop maps from the multi-temporal satellite images of Landsat 8 and Sentinel-2.
For each year during 2017–2019, multi-temporal images of Landsat were transformed to
NDVI layers that covered all growing seasons. Digital image processing techniques were
applied to derive maps of irrigated crops grown in open fields. Visual interpretation of
Sentinel-2 was used to map vegetable crops grown under plastic houses. Ground surveys
and JVA data were used to assess and improve the accuracy of mapping.

The most commonly used techniques of digital classification for land cover and crop
mapping are the parametric methods of supervised and unsupervised clustering applied
to a single multispectral image [55,56]. More advanced techniques include non-parametric
machine learning, which utilizes ground data and knowledge of the classifier [5]. For
irrigated crops, methods that combine parametric and non-parametric algorithms of multi-
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temporal RS data can improve the accuracy of mapping [5,55,57,58]. The methods used
in this study included the use of unsupervised classification, decision-tree- or knowledge-
based classification that utilized NDVI during the growing season, and density slicing of
the annual sum or composites of maximum NDVI. Outputs from classification included
irrigated and non-irrigated areas. Maps of SEBAL-ET, ground data, and GIS layers of
farm units (only in JV) were used to identify the type of irrigated crop. Accuracy of
classifications were assessed using class agreement for the irrigated parcel or fields rather
than using the time-consuming confusion matrices applied for classified pixels [59,60].
Visual interpretation of Sentinel-2 was applied using onscreen digitizing to delineate plastic
houses where vegetable crops were grown, both in JV and the highlands. Manual editing
for borders of irrigated parcels was carried out, and ground observations were used to
correct misclassified irrigated areas. The map of 2017 served as the base for the map of 2018,
which was in turn used as the base for the map of 2019. More details on crop mapping for
the different irrigated areas are included in the following subsections.

2.3.1. Mapping of Irrigated Crops in Jordan Valley

The area of JV included the north Jordan Valley (NJV), the middle-south JV (MSJV),
Ghor As-Safi, and Wadi Araba. The NJV and MSJV are also known as the northern and
middle Ghor areas. The main source of irrigation water for NJV and MSJV is King Abdulla
Canal (KAC), which carries transboundary surface water, about 17–20 million cubic meters
(MCM), from Mukheiba wells and water stored in Al-Wehdah (Unity) dam and dams on the
side wadis east of JV. The irrigated areas in MSJV receive lower rainfall than NJV and extend
from the southern edge of NJV to the Dead Sea. The MSJV irrigated area depends on surface
water and TWW delivered to KAC from King Talal Dam and privately owned groundwater
wells (Figure 1). Irrigation in Ghor As-Safi depends on surface water conveyed from dams
on the side wadis, while irrigation in Wadi Araba depends on groundwater.

The NJV has most of the irrigated citrus in Jordan, in addition to fruit trees of grapes
and date palm, open fields of irrigated vegetables, and a small area of banana and plastic
houses. The area has a relatively high rainfall that exceeds 500 mm in its northern parts and
drops down to 300 mm in its southern parts. Irrigation of citrus is usually practiced during
March-November. Mapping of irrigated areas in NJV included the use of unsupervised
classification with the iterative self-organizing data analysis technique (ISODATA) [56]
applied on the multi-temporal layers of NDVI, derived from the Operational Land Imager
(OLI) of Landsat 8. The output from ISODATA (Figure 3) showed 15 distinct spectral classes
that represented irrigated areas and land cover types. Irrigated fields of citrus and trees
were well represented by classes 14 and 15 and were in agreement with data of farm units
provided by JVA. Three images of Sentinel-2 were used to improve mapping accuracy. The
first image, acquired in March, was used to derive the layer of NDVI that represented
irrigated vegetables, citrus, and fruit trees. The second image, acquired in August, was used
to derive the NDVI layer that represented irrigated citrus and date palm, when vegetables
were not grown. The third image, acquired in November, was used to derive the NDVI
layer and represented irrigated citrus, date palm, and vegetables. Ground surveys and JVA
data were used to verify mapping results and to separate parcels of irrigated cereals and
fodders from other crops.

The same approach of unsupervised classification was used to map irrigated crops in
MSJV and Ghor As-Safi. In these areas, results of digital classification showed 12 distinct
spectral classes of irrigated crops and land cover. Classes that represented irrigated crops
(Figures 4 and 5) were identified using JVA and ground data. The overall accuracy of
mapping was 74% in MSJV and 79% in Ghor As-Safi. Different GIS functions of clipping
and intersection were applied to remove non-irrigated parcels and to finalize the maps.
Furthermore, misclassified irrigated farm units were corrected using JVA data and Sentinel-
2 layers of NDVI, following the same procedure used in NJV.
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map of irrigated crops (b) for NJV in 2017.

Irrigated areas in Wadi Araba included farms of vegetable crops of tomatoes and
watermelon and two farms of date palm. Two images of Sentinel-2, acquired in the periods
of peak growth in April and November, were used to map irrigated farms in this area.
Both images were transformed to NDVI layers that represented vegetation in this dry area.
Manual editing was used in GIS to remove parcels that represented natural vegetation
in three wadis to the south of Graigrah and Feinan villages. For all irrigated areas in the
JV area, a majority filter with a 3-by-3 kernel was applied on the outputs from digital
classification. This noise removal filter was applied to remove isolated pixels (islands) and
to have homogenous parcels of irrigated areas.
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Figure 4. Mapping of irrigated crops in MSJV. (a) Multi-temporal NDVI layers covering the whole 
year; (b) Results of the unsupervised classification of the NDVI images; (c) Final map of irrigated 
crops after editing, merging of ground data, and applying different GIS overlay functions. 
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year; (b) Results of the unsupervised classification of the NDVI images; (c) Final map of irrigated
crops after editing, merging of ground data, and applying different GIS overlay functions.
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2.3.2. Mapping of Irrigated Crops in the Mediterranean Highlands

Irrigated areas in the Mediterranean highlands depend mainly on groundwater and
to a lesser extent on springs, TWW, and surface water. Irrigated crops of vegetables are
cultivated in two seasons: February to June and July to October. Forage crops of alfalfa are
also cultivated near WWTP, while fruit trees are irrigated during May-September. Generally,
no irrigation takes place during December-February, while little supplemental irrigation
may take place during March. Mapping of irrigated areas in the highlands was based on
the unsupervised classification of the Landsat NDVI multi-temporal layers that covered
the period of March-October. Initial results of classification (Figure 6) showed 10 spectral
classes that were identified and separated based on ground data and layers of SEBAL-ET.
The use of SEBAL to derive the ET map for the spring and summer months, i.e., outside the
rainy season, enabled the separation of irrigated areas from the rainfed areas, as irrigated
areas were characterized by relatively high ET compared to rainfed areas. For most of the
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irrigated areas in the Mediterranean highlands, the annual ET was more than 700 mm for
fodder, 400–700 mm for fruit trees, and 200–400 mm for vegetables.

Remote Sens. 2023, 15, 235 10 of 33 
 

 

 

2.3.3.  Mapping Irrigated Crops in the Badia 
Irrigation in Badia is mainly practiced in the arid area of Mafraq (Figure 7) and in the 

hyper-arid (desert) areas of Azraq, Hallabat, south and southeast of Queen Alia Interna-
tional Airport (QAIA), Jafr, and Quwayrah-Disi (Figure 8). An obvious expansion in irri-
gation took place in the Badia, especially in Mafraq, where fruit trees (peaches, apricots, 
olives, and grapes) and vegetables are grown. In terms of crop mapping, previous work 
in this area [43] showed that the use of unsupervised classification did not enable the full 
detection of all irrigated areas. Therefore, a decision tree (knowledge-based) classification 
was used for mapping irrigated crops in this area. Layers of seasonal sum and maximum 
NDVI were used to identify the type of crop. Results showed that the maximum NDVI 
value was the best identifier for irrigated crops. These were characterized by an NDVI-
maximum value larger than 0.30 for the period May-November (Figure 7). Decision on 
the type of crop was based on conditional statements that included the range of NDVI 
value during the growing seasons [43]. Mapping of irrigated crops in the desert areas of 
the Badia was based on the unsupervised classification of multi-temporal NDVI layers, 
density slicing of the annual sum of NDVI, maps of SEBAL-ET, and ground surveys. Gen-
erally, irrigated areas in these desert areas were accurately detected using the aforemen-
tioned methods. Errors in mapping were only observed in areas with dense vegetation in 
the waterways. These were manually removed in GIS. 

 
Figure 6. An example of mapping irrigated crops in the Mediterranean highlands for the area of 
Irbid-Ramtha. (a) Results of the unsupervised classification of the multi-temporal NDVI images for 
the period March-October; (b) SEBAL-ET map for March-October; (c) Map of irrigated crops after 
merging digital classification with SEBAL-ET. 

Figure 6. An example of mapping irrigated crops in the Mediterranean highlands for the area of
Irbid-Ramtha. (a) Results of the unsupervised classification of the multi-temporal NDVI images for
the period March-October; (b) SEBAL-ET map for March-October; (c) Map of irrigated crops after
merging digital classification with SEBAL-ET.

2.3.3. Mapping Irrigated Crops in the Badia

Irrigation in Badia is mainly practiced in the arid area of Mafraq (Figure 7) and
in the hyper-arid (desert) areas of Azraq, Hallabat, south and southeast of Queen Alia
International Airport (QAIA), Jafr, and Quwayrah-Disi (Figure 8). An obvious expansion in
irrigation took place in the Badia, especially in Mafraq, where fruit trees (peaches, apricots,
olives, and grapes) and vegetables are grown. In terms of crop mapping, previous work
in this area [43] showed that the use of unsupervised classification did not enable the full
detection of all irrigated areas. Therefore, a decision tree (knowledge-based) classification
was used for mapping irrigated crops in this area. Layers of seasonal sum and maximum
NDVI were used to identify the type of crop. Results showed that the maximum NDVI
value was the best identifier for irrigated crops. These were characterized by an NDVI-
maximum value larger than 0.30 for the period May-November (Figure 7). Decision on
the type of crop was based on conditional statements that included the range of NDVI
value during the growing seasons [43]. Mapping of irrigated crops in the desert areas of the
Badia was based on the unsupervised classification of multi-temporal NDVI layers, density
slicing of the annual sum of NDVI, maps of SEBAL-ET, and ground surveys. Generally,
irrigated areas in these desert areas were accurately detected using the aforementioned
methods. Errors in mapping were only observed in areas with dense vegetation in the
waterways. These were manually removed in GIS.
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covering the whole year; (b) Detection of irrigated parcels through density slicing of maximum NDVI
value during May-November; (c) Final map of irrigated crops.
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Figure 8. Mapping of irrigated crops in the desert of Badia in the Quwayrah-Disi area. (a) SEBAL-
ET map displayed over the multi-temporal NDVI layers of 2017; (b) Classification of crops based
on the annual sum of NDVI; (c) Final map of irrigated crops merging maps of ET and classified
annual NDVI.
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2.3.4. Mapping Historical Changes in Irrigated Areas

Historical changes in irrigated areas were mapped and analyzed to identify possible
expansion and recession in irrigated areas in the future. This was carried out to calculate
future agricultural water demand and to keep future changes in the context of water man-
agement. The challenge for mapping these areas was the limited historical multispectral
data of satellite imagery and the lack of archived multi-temporal images. The RS data that
covered the whole country included Landsat 5 and 7 for years 1987 and 2002, respectively.
The approach of mapping was based on transforming images of 1987 (acquired in April
and May) and 2002 (acquired in March) to NDVI layers using bands 3 (red) and 4 (NIR).
The NDVI layers were converted to shapefiles that represented vegetated and rainfed areas.
Decisions on irrigated areas were based on visual interpretation, data of water source,
agricultural census from the Department of Statistics (DOS) [61], and the data of JVA, in
addition to data and findings from previous studies [62–64]. The rate of change in irrigated
area in the future was based on the rate of change during the period 2002–2017, following
the enforcement of water law in Jordan. Modifications to future irrigated areas inside
the different zones were carried out, depending on the availability of water resources
in the future.

2.4. Mapping of ET and IWC

Mapping of ET was carried out using the SEBAL model, which incorporated Landsat
and hourly and daily climatic data. SEBAL computes the components of energy balance
from the incoming solar radiation for each pixel. ET is derived in terms of instantaneous
latent heat flux or λET (W m−2), and it is computed as the residual of the surface energy
balance equation at the moment of satellite overpass on a pixel-by-pixel basis as follows [20]:

λET = (Rn − G − H) (1)

where Rn is net radiation (W m−2), G is the soil heat flux (W m−2), and H is the sensible
heat flux (W m−2).

The steps for deriving the components in equation 1 are described by Bastiaanssen
et al. [20]. In summary, the main output from SEBAL is the evaporative fraction (ETrF),
which is calculated as follows:

ETrF = ETinst/ETr (2)

where ETinst is the instantaneous ET (mmh−1) and ETr is the standardized 0.5 m-tall alfalfa
reference ET (mmh−1) at the time of the image [19,20]. ETrF is similar to the well-known
Kc and corresponds to the actual rather than the theoretical Kc.

The total ET for each pixel and for the period represented by each Landsat scene (16 days)
was calculated by summing ETr for this period and multiplying it with ETrF [19,20]. The
annual ET maps were derived by summing all layers of ET generated by SEBAL for every
16 days. Since hourly climatic data, needed to run SEBAL, were not available for all irrigated
areas, the model was run for areas where hourly data were available. Outputs were used
to develop relationships between NDVI and Kc or ETrF. The NDVI-Kc relationships for
the different irrigated crops were then used to derive ET maps for areas that lacked hourly
climatic data in the year 2017 and for all irrigated areas for the years 2018 and 2019. The
relationship of NDVI-Kc for different crops was developed using data for farms with
well-watered crops. The farms included the crops of alfalfa in Azraq and Jafr, fruit trees
and vegetables in Mafraq and JV, citrus in NJV, and mixed crops in Azraq.

Maps of SEBAL-ET were converted to maps of IWC using ground data of water
consumption at the farm level (Appendix B). The advantage of this approach over the
conventional approach that converts the net irrigation water requirement (NIWR) to gross
irrigation water requirement (GIWR) is that it does not require intensive ground measure-
ments of soil water balance and farm irrigation efficiency. Instead, it converts ET directly
to IWC based on actual consumption or abstraction of water used by farmers. The data
for converting ET to IWC were obtained from JVA, governmental irrigation projects, and
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private farms that purchased groundwater from private or governmental groundwater
wells. Furthermore, it included locations where TWW is used to irrigate fodder crops.
Appendix B includes examples of these locations and information on crops and the ET-IWC
conversion factors in the different irrigated zones in Jordan. Data on IWC for vegetables
grown under plastic houses in the highlands were obtained from farmers in Irbid-Ramtha
and in the area south of Amman-QAIA.

Results for irrigated areas and IWC were summarized for the period 2017–2019, using
descriptive statistics. Two performance metrics (statistical parameters) were used to assess
the degree of correlations between the ET modeled from NDVI-Kc relationships with
SEBAL-ET. These were the root mean square error (RMSE) and the Nash–Sutcliffe model
efficiency coefficient (NSE), as shown in the following equations [65,66]:

RMSE =

[
n−1

n

∑
i=1

(
Ysim

i − Yobs
i

)]0.5

(3)

NSE = 1 −

 ∑n
i=1

(
Ysim

i − Yobs
i

)2

∑n
i=1
(
Yobs

i − Ymean
)2

 (4)

where Ysim
i is the ith simulated value (ET from the NDVI-Kc relationship), Yobs

i is the ith
observed value (SEBAL-ET), Ymean is the mean of observed data (SEBAL-ET), and n is the
number of observations. NSE ranges between −∞ and 1.0 (1 inclusive), with NSE = 1 being
the optimal value. Values between 0.0 and 1.0 are generally viewed as acceptable levels of
performance, whereas values <0.0 indicates unacceptable performance [66].

2.5. Application of Spatial Analysis

In order to identify hotspots where shifts in ET and water consumption were evident,
GIS was used to convert maps of ET and groundwater abstraction to density maps that
show levels of ET and abstraction in mm/km2. Spatial interpolation was used to convert
maps of groundwater wells (Figure 1) to maps of groundwater abstraction using the
attribute of annual volumes pumped by farmers. The inverse distance weighted (IDW)
method, an exact interpolator [67], was used with a squared exponent of distance to give
more weight to the location of the groundwater well. Density analysis [68] was applied on
maps of annual ET to derive amounts of consumptive use per unit area. The point kernel
method of density mapping was carried out using a neighborhood circular distance of 5 km.
The distance was based on field observations and previous work [43], which showed that
many farmers in the highlands were selling and/or conveying water for long distances that
reached 5 km. In the context of AWM, the aim of the density analysis was to show areas
where ET was concentrated so that zones with high water consumption were identified and
delineated for future planning of water supply and demand. In addition, overlaying the
ET density map with the groundwater abstraction map showed areas where shifts between
both maps existed. These locations were identified as hotspots where farmers might have
illegal access to water sources. Maps and coordinates of hotspots were provided to the
MWI so that campaigns were oriented towards these locations to uncover and to control
illegal access to water. An example of one of the hotspots in Azraq is presented in this study.
Volumes of water savings from the non-revenue water are included in reports provided to
MWI (e.g., [42]), while results in this study present the total water savings at the levels of
irrigated zones and the country.

3. Results
3.1. Accuracy of Mapping Irrigated Crops from Remote Sensing Data

Table 1 summarizes the accuracy of the methods applied to map irrigated crops in
Jordan. In general, mapping accuracy was relatively high, particularly in the desert areas
of the Badia, where little mixing occurred among the classes of irrigated crops. In NJV,
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spectral mixing between vegetables and cereal crops resulted in lowering the accuracy of
mapping for vegetables to 78%, while citrus was mapped with an overall accuracy of 92%.
Mapping accuracies in MSJV and Ghor As-Safi were 85% and 89%, respectively. Accuracy
of maps for irrigated crops in Wadi Araba reached 92%. In Badia, mapping accuracy ranged
between 81% in Mafraq to 94% in Quwayrah-Disi.

Table 1. Summary of digital classification methods and their accuracy.

Method Areas Applied in
for Mapping

Class Accuracy
Range (%)

Data Used to Improve
Accuracy and Finalize Maps

Unsupervised classifi-
cation of NDVI layers

NJV, MSJV, and
Ghor As-Safi 78–89 GIS layers of JVA,

Sentinel-2 NDVI layers

Highlands 82–87 SEBAL-ET, GIS layers of
water resources

Density slicing of NDVI
images of Sentinel-2 Wadi Araba 89–92 GIS layers of

groundwater wells

Density slicing of
annual sum of

OLI-NDVI layers and
decision tree based on

NDVI profiles

Badia 81–94 SEBAL-ET, GIS layers of
groundwater wells

3.2. Irrigated Areas in Jordan

Results showed that the total irrigated areas in Jordan were 96 thousand ha in 2017,
95 thousand ha in 2018, and 98 thousand ha in 2019 (Table 2). On average, irrigated areas
in the highlands formed 65% of the total irrigated area in Jordan. Analysis of the maps of
irrigated crops (Figure 9) showed that the total area of lands where irrigation was practiced
during 2017–2019 was 133 thousand ha. Irrigated areas slightly increased in the year 2019
when compared with 2018 and 2017. Analysis of irrigation maps showed that vegetable
crops and trees constituted 55% and 41% of the total irrigated area, respectively (Table 2).
Variations in cropping patterns were observed among the different irrigated zones in both
JV and highlands. In highlands, most of the irrigated areas were concentrated in the area of
Mafraq and to the south of Amman.

Table 2. Summary of area (ha) for irrigated crops in Jordan during 2017–2019.

Crop Highlands (HL) Jordan Valley (JV) 1 Min.2 Max. Mean S.E. C.L. % of the Crop

Vegetables—
open fields

Open fields cultivated
with tomato, watermelon,

melon, pepper, potato,
and other vegetables.

Farm units cultivated with
tomato, eggplant, pepper,
potato, onion, okra (NJV),

and other vegetables.

HL 24,837 27,332 26,312 755 3250 27.3

JV 15,159 18,760 17,302 1095 4710 17.9

Total 42,491 45,528 43,615 962 4137 45.2

Vegetables—
plastic houses

Tomato, cucumber, and
other crops grown under
plastic houses in spring

and summer.

Tomato, cucumber,
strawberry, beans, and

others. Includes nurseries
and multi-spans.

HL 1642 2548 2101 262 1126 2.2

JV 3958 4083 4027 37 158 4.2

Total 5725 6589 6128 251 1080 6.4

Trees

Olives, deciduous trees of
stone fruits, peaches,

apricot, date palm, apples,
and grapevines.

Citrus, date palm and
grapevines, fruit trees,

olives, and banana.

HL 24,615 25,102 24,893 145 623 25.8

JV 11,336 12,103 11,597 253 1089 12.0

Total 36,314 36,718 36,490 119 514 37.8

Mixed crops

Farms cultivated fruit
trees and vegetables,

olives and alfalfa,
and nurseries.

Parts of farm units
cultivated with fruit trees,
vegetables, and cereals. It

also includes nurseries.

HL 4220 5397 4955 370 1592 5.1

JV 367 529 438 48 206 0.5

Total 4637 5777 5393 378 1626 5.6

Fodders
and cereals

Open fields cultivated
with fodder, forage, and

cereal crops.

Farm units cultivated with
wheat and barley under

supplementary irrigation or
alfalfa with full irrigation.

HL 3949 4596 4344 200 860 4.4

JV 290 580 438 84 360 0.5

Total 4239 5066 4782 272 1169 4.9
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Table 2. Cont.

Crop Highlands (HL) Jordan Valley (JV) 1 Min.2 Max. Mean S.E. C.L. % of the Crop

Totals for Jordan
HL 61,573 63,256 62,605 522 2245 64.7

JV 32,039 35,149 33,802 922 3965 35.3

Total 95,295 98,135 96,407 876 3768 100

1 Figures for Jordan Valley include Ghor As-Safi and Wadi Araba. 2 Min. = minimum, Max. = maximum,
S.E. = standard error, C.L. = confidence level (95%).
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3.3. Remote Sensing of ET and IWC in Jordan

Variations were observed in the spatial distribution of remotely sensed ET in the
different climatic zones in Jordan. The map of ET density for the year 2017 (Figure 10),
therefore, was utilized to delineate the main irrigated zones in Jordan. Analysis of ET maps
for the irrigated zones showed that JV and Mafraq zones were the main consumers of
irrigation water in Jordan. The map of ET showed other important irrigated zones where
hotspots with high ET existed. These were in Azraq, Zarqa, Amman-Madaba, Irbid-Ramtha,
and Quwayrah-Disi. Similar spatial distributions of ET were also observed for ET maps
of 2018 and 2019. Analysis of ET maps showed high levels of ET in desert areas and in
JV. The average annual ET in Azraq in the year 2017, for example, was 935 mm, and the
estimated annual IWC was 1438. The maximum annual ET for alfalfa farms in this area
was more than 2400 mm. On the other hand, the average annual ET for the irrigated
Mediterranean highlands was less than 500 mm. The annual ET for irrigated potatoes in
the Irbid-Ramtha zone was less than 300 mm, while the annual ET for alfalfa in this zone
was around 1500 mm. In JV, the annual ET was in the range of 750 mm for two seasons of
vegetables and up to 1000 mm for the crops of date palm and citrus.
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In terms of NDVI-Kc correlations, the study showed significant (p < 0.05) linear
relationships between NDVI and Kc for the different irrigated crops in Jordan (Table 3).
An example on the relationship between NDVI and ETrF is shown in Figure 11. The
relationship between ET derived from NDVI-Kc with ET derived from SEBAL was also
significant (p < 0.05). The value of RMSE for this relationship was relatively low (42.7), and
the value of NSE was 0.89, which indicated a high performance of the NDVI-Kc model as a
predictor for ET.

Table 3. Summary of the relationships between Landsat OLI-NDVI and Kc for the irrigated crops
in Jordan.

Regression Parameter Vegetables Tree Crops Mixed Crops Alfalfa

Observations 47 36 34 48
Intercept (a) −0.123 −0.080 −0.216 −0.158

Slope (b) 1.034 1.048 1.636 1.216
R2 (Coefficient of determination) 0.887 0.912 0.928 0.918

Standard Error 0.047 0.059 0.039 0.0629
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Figure 11. An example of the relationships used to derive ET. (a) NDVI-Kc relationship for vegetable
crops; (b) NDVI-Kc-based ET vs. SEBAL-ET.

Results showed that IWC varied during the year and among the different irrigated
zones (Figure 12). For example, the peak water consumption in NJV was in June, while
in the Irbid-Ramtha irrigated zone, most of the water consumption took place during
March-April, when irrigated potatoes reached their peak growth. In the Mafraq irrigated
zone, the highest water consumption occurred during May, when vegetables were at the
end of midseason. High levels of IWC in Mafraq extended during May-August, reflecting
the high IWC for the cropping pattern which included both fruit trees and vegetables.
Table 5 includes a detailed analysis for cropping patterns in the different irrigated zones,
with a summary for irrigated areas and IWC during 2017–2019. At the level of Jordan, the
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average IWC was in the range of 716–722 mm, while the total IWC for all irrigated zones
reached 702 MCM in 2019. This figure represented 56% of the total water consumption in
the country.
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3.4. Remote Sensing and Groundwater Monitoring

Analysis of ET and IWC results in relation to recorded groundwater abstraction [40–42]
and available surface water [69] showed that IWC estimated from RS methods was higher
than the records of groundwater abstraction reported by the MWI. Detailed calculations of
IWC and recorded groundwater volumes used in irrigation during 2019 is shown in Table 4.
Results showed that IWC for all irrigated zones in Jordan was higher than the volumes
reported by MWI (Table 4). The average IWC from groundwater resources exceeded the
safe yield of the renewable groundwater (275 MCM). For the year 2019, RS estimates of
IWC were higher than the recorded abstraction by 140 MCM, indicating high levels of water
abstraction and non-revenue water, particularly in the highlands. Both remote sensing
and MWI records were close to each other for the irrigated zone of Quwayrah-Disi, where
groundwater wells were supervised by the MWI.

Spatial analysis of ET and groundwater abstraction maps showed 12 hotspots within
the different irrigated zones in Jordan (Figure 9). In all of these hotspots, IWC was higher
than the recorded abstraction of groundwater. Therefore, results of the spatial analysis
for the ET and groundwater abstraction maps of 2017 and 2018 were utilized by the MWI
to guide its campaigns against unlicensed groundwater wells and/or illegal access to
the water network and surface water. An example for a hotspot (Hazeem) inside Azraq
irrigated zone is shown in Figure 13. In this hotspot, the IWC in 2017 was 6.5 MCM, while
the recorded abstraction was only 1.7 MCM. As a result of the MWI campaign, the IWC
in 2018 decreased to 1.8 MCM. Similar analysis for the hotspots in the irrigation zones
of Azraq showed that possible savings could reach 11 MCM if MWI would apply RS-
based groundwater monitoring [44]. Similar findings with different levels of water savings
were also observed for other hotspots. The total volumes of non-recorded groundwater
abstraction in these areas during 2019 reached 127 MCM. Considering both IWC and
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groundwater use by other sectors [40–42], the levels of groundwater abstraction were
summarized for all groundwater basins in the country, as shown in Figure 14. Obviously,
groundwater is over-abstracted in all basins, except Sirhan and Hamad basins, where
groundwater yield is marginal.

Table 4. Irrigated area, IWC, estimated (EGW), and recorded (RGW) groundwater abstraction for the
different irrigated zones during 2019.

Zone Area (ha) IWC (MCM)
Irrigation Water Sources (MCM)

Surface * TWW EGW RGW

North JV 11,120 96.2 76.5 – 19.7 18.2 **
Middle-South JV 17,265 164.5 126.6 – 37.9 15.4

Irbid-Ramtha 4116 33.4 5.7 5.7 22.0 4.0
Jarash-Ajloun 1468 13.8 7.3 2.9 3.6 3.6

Mafraq 17,939 116.5 7.5 4.5 104.5 65.0
Balqaa 1079 9.4 4.0 3.2 2.2 2.0
Zarqa 6705 32.0 6.5 6.1 19.4 13.8

Amman-Madaba 13,100 71.3 12.9 3.9 54.5 36.7
Azraq 5280 38.6 2.7 – 35.9 16.4

Ghor As-Safi 5161 42.0 37.1 – 4.9 1.3
Karak-Tafileh 3348 15.2 9.2 1.4 4.6 4.8
Wadi Araba 1603 6.4 – 0.50 5.9 5.5
Jafr-Shoubak 6269 25.0 1.9 1.2 21.9 12.4

Quwayrah-Disi 3682 37.6 – – 37.6 35.7
Total 98,135 702 298 29 375 235

* Including the flow from side wadis and springs and TWW for irrigated areas in JV. ** The figure includes
amounts from Mukheiba wells which provided KAC with 16.7 MCM.
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Figure 13. Application of spatial analysis to identify hotspots with illegal access to water resources:
an example from Azraq irrigated zone. (a) Overlay of groundwater abstraction map with the map of
ET-density of 2017 to identify and delineate hotspots; (b) Analysis of changes in irrigated area and
water consumption in the area of Hazeem after implementation of a campaign by MWI in 2018 to
shutdown illegal wells.
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Table 5. Summary of irrigated areas, IWC, and cropping patterns in the irrigated zones in Jordan during 2017–2019.

Area (ha) IWC (MCM) Cropping Pattern (%)

Zone Min. * Max. Mean S.E. C.L. Min. Max. Mean S.E. C.L. Vegetables Trees Mixed Fodders and Cereals

1- North JV 10,796 11,120 10,962 94 403 90.7 96.2 93.6 1.59 6.8 34.7 61.5 2.0 1.8
2- Middle-South JV 14,784 17,265 16,207 739 3180 157.2 168.3 163.3 3.26 14.0 71.3 26.4 1.3 1.0
3- Irbid-Ramtha 3769 4116 3974 105 452 29.3 33.4 31.8 1.27 5.4 83.9 14.3 0.4 1.3
4- Jarash-Ajloun 1401 1468 1431 20 84 13.8 14.9 14.2 0.34 1.5 25.6 53.9 18.9 1.7
5- Mafraq 17,939 18,596 18,243 191 823 101.5 118.2 112.1 5.31 22.8 32.1 62.0 4.9 1.0
6- Balqaa 1079 1185 1149 35 150 6.8 9.4 8.2 0.76 3.3 48.0 38.7 12.7 0.7
7- Zarqa 6131 6923 6586 236 1016 28.6 34.0 31.5 1.58 6.8 51.3 26.5 6.4 15.9
8- Amman-Madaba 12,530 13,100 12,820 165 708 67.0 71.3 69.2 1.24 5.3 54.2 36.3 6.0 3.5
9- Azraq 5004 5391 5225 115 495 38.6 45.3 42.1 1.94 8.3 20.3 38.4 18.7 22.5
10- Ghor As-Safi 5077 5161 5125 25 108 32.8 42.0 37.1 2.67 11.5 90.1 8.4 0.2 1.3
11- Karak-Tafileh 2786 3348 3072 162 698 15.2 16.5 15.9 0.38 1.7 48.7 17.5 22.2 11.6
12- Wadi Araba 1382 1603 1507 65 282 5.8 6.9 6.4 0.32 1.4 87.3 12.0 0.3 0.4
13- Jafr-Shoubak 6011 6429 6236 122 524 25.0 34.0 28.8 2.69 11.6 52.1 32.5 6.5 9.1
14- Quwayrah-Disi 3682 4122 3868 131 566 36.8 43.7 39.4 2.18 9.4 55.0 22.1 10.2 12.7

Jordan 95,295 98,135 96,407 876 3768 688 702 694 4.26 18.3

* Min. = minimum, Max. = maximum, S.E. = standard error, C.L. = confidence level (95%).



Remote Sens. 2023, 15, 235 22 of 31
Remote Sens. 2023, 15, 235 25 of 33 
 

 

 
Figure 14. Groundwater basins in Jordan with levels of abstraction and safe yield. 

3.5. Historical Changes and Future Trends of Irrigated Areas and IWC 
Results showed an obvious expansion in irrigation during 1987–2019, with a rela-

tively higher rate of change during 1987–2002 compared to 2002–2019. Prediction of future 
irrigated lands showed that the irrigated area would reach 137 thousand ha by 2050 if the 
same trends of expansion would continue (Table 6). The zones which would have signif-
icant expansions in irrigation would be Irbid-Ramtha, Amman-Madaba, and JV. In these 
zones, the expansion would be mainly attributed to the increased amounts of TWW. Ex-
pansion of irrigation in the desert areas (Mafraq, Azraq, Jafr) would put more pressure on 
the existing fragile and over-pumped groundwater resources (Figure). Therefore, deep 

Figure 14. Groundwater basins in Jordan with levels of abstraction and safe yield.

3.5. Historical Changes and Future Trends of Irrigated Areas and IWC

Results showed an obvious expansion in irrigation during 1987–2019, with a relatively
higher rate of change during 1987–2002 compared to 2002–2019. Prediction of future
irrigated lands showed that the irrigated area would reach 137 thousand ha by 2050 if
the same trends of expansion would continue (Table 6). The zones which would have
significant expansions in irrigation would be Irbid-Ramtha, Amman-Madaba, and JV. In
these zones, the expansion would be mainly attributed to the increased amounts of TWW.
Expansion of irrigation in the desert areas (Mafraq, Azraq, Jafr) would put more pressure
on the existing fragile and over-pumped groundwater resources. Therefore, deep aquifers
of groundwater might be used by farmers to meet demands on food. Due to limitations of
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data on historical cropping patterns and irrigation efficiency, historical IWC values were
calculated assuming similar cropping patterns and levels of ET. Subsequently, the historical
IWC was estimated at 390 MCM and 528 MCM in the years 1987 and 2002, respectively.
The future water demand would be 849 MCM in 2034 and 986 MCM in 2050.

Table 6. Summary of irrigated areas (ha) in Jordan during 1987–2019 and in the future.

Zone Year 1987 Year 2002 Year 2018 Year 2034 Year 2050

Jordan Valley 26,294 30,274 25,580 30,580 36,580
Irbid-Ramtha 1159 1200 4038 7191 11,247
Jarash-Ajloun 930 1121 1401 1681 1913

Mafraq 4085 10,621 18,596 22,315 23,803
Balqaa 816 983 1185 1386 2253
Zarqa 1875 3954 6923 8308 9452

Amman-Madaba 4076 6827 12,829 15,908 19,252
Azraq 1690 3460 5391 6847 8135

Ghor As-Safi 5081 5081 5077 5081 5081
Karak-Tafileh 2174 2589 3082 3575 3966
Wadi Araba 359 704 1382 2061 2790
Jafr-Shoubak 1039 2498 6011 9524 9500

Quwayrah-Disi 4847 4292 3800 3800 3800
Total 54,625 73,804 95,295 118,637 137,771

4. Discussion
4.1. Remotely Sensed Irrigation Maps

The study showed that maps derived from digital classification of multi-temporal
NDVI layers enabled the accurate mapping of irrigated crops. The levels of mapping
accuracy varied among the different climatic regions, with relatively higher accuracy of
mapping for irrigated areas in desert areas than in JV and the Mediterranean highlands. The
levels of mapping accuracy were in agreement with results reported by previous studies
in Jordan [43,70]. The study showed that different methods could be used for mapping
irrigated areas. The levels of accuracy would improve by the use of ancillary data which
might include locations of groundwater wells and water sources, irrigated farm units and
cropping patterns, and observations from ground surveys.

In general, the method of density slicing of the annual sum of NDVI layers was
able to detect irrigated farms in the desert areas of Jafr-Shoubak and Quwayrah-Disi
with high accuracy. In both zones, irrigated areas with an NDVI annual sum of 3.0 and
above represented irrigated areas. An annual NDVI sum of 13 and above represented
irrigated areas cultivated with alfalfa. In Mafraq, the method of mapping which enabled
the separation of irrigated and rainfed crops included the use of the maximum NDVI
during May-November and knowledge-based classification that utilized ranges of NDVI
during the growing seasons. The irrigated areas with long growing seasons were classified
into two groups of NDVI-maximum (0.31–0.49 and 0.50–1.00), while vegetable crops with
a short growing season were characterized by a lower NDVI-maximum (0.20–0.30). The
method of unsupervised classification (ISODATA) for NDVI multi-temporal layers was
able to detect and classify irrigated areas in JV and the Mediterranean highlands. In JV
irrigated areas, Sentinel-2 images were needed to separate citrus from vegetable crops and
cereals. In the highlands, the use of SEBAL-ET layers for March-October was needed to
refine classification results and to improve classification accuracy.

In terms of total irrigated areas, results from this study were compared with figures
reported from detailed land cover mapping carried out by the Food and Agriculture
Organization of the United Nations (FAO) [70] and data of DOS [61]. The work of FAO used
an Object-Based Image Analysis (OBIA) of multi-temporal Sentinel-2 layers of vegetation
indices (Ratio Vegetation Index (RVI) and NDVI). Results of FAO showed that the total
irrigated area in Jordan in 2019 reached 1068 thousand ha, with an overall mapping accuracy
of 88–94%. The area of irrigated crops, reported by FAO, is quite close to the figure obtained
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by this study (981 thousand ha in 2019). The differences in both figures could be attributed
to the methods of classification, remote sensing data, and the classification scheme. In this
study, the classification scheme included five categories of irrigated crops, while the study
of FAO included two categories of irrigated crops: orchards and vegetables.

Comparing the study results with data of DOS [61] showed that irrigated areas ob-
tained from this study were higher than the areas reported by DOS. According to DOS,
the total irrigated areas in Jordan were 86 thousand ha in 2017, 84 thousand ha in 2018,
and 80 thousand ha in 2019. These figures are less than the results obtained in this study
and the study of FAO [70]. The variations between DOS figures and our study could be
attributed to the fact that DOS figures were based on statistical methods of sampling that
included structured interviews with farmers, while remote sensing methods used in this
study had the strength of spatial dimension that covered the whole country. This fact was
supported by the total area of landholdings where irrigation was practiced. The figure
obtained from this study showed that the total area of lands where irrigation was practiced
during 2017–2019 was 133 thousand ha. This area was slightly higher than the 122 thousand
ha reported by DOS for the year 2017.

4.2. Remote Sensing of ET and IWC

Outputs from ET mapping showed that remotely sensed ET from SEBAL and its
NDVI-Kc-derived relationships were useful in studying the spatial dimension of ET and
in providing solid and accurate figures on IWC. The approach of converting ET to IWC,
however, would require ground data on water delivered to farmers, as in the cases of JV and
the highlands. The derived relationships of NDVI-Kc were significant and were in agree-
ment with previous studies carried out in different agro-climatological zones [21,71,72].
Therefore, the NDVI-Kc relationships would be highly beneficial to derive ET maps for
large irrigation schemes. Furthermore they could be used to schedule irrigation at the
farm level [73], particularly in areas where no weather data would be available. In the
context of Jordan, the contribution of ET mapping through NDVI-Kc and SEBAL will be
the improvement of IWC estimates used in the annual reports of Jordan’s water budget, as
remote-sensing-based ET will provide the actual data for all the irrigated areas in Jordan.
The country-wide remote sensing assessment reported in this study, which confirmed
findings of a previous study [74], concluded that illegal groundwater abstractions were
much higher than the figures reported by the MWI.

Outputs from ET mapping could also be used to assess the levels of irrigation efficiency
in Jordan. This could be obtained from the conversion factor between remotely sensed ET
and IWC (Appendix B), which was the range of 0.60 to 0.76. This range is in agreement with
results reported for JV [75], where the overall efficiency of application and conveyance is
65%. The level of irrigation efficiency in th highlands is also in agreement with groundwater
assessment in Jordan [76], which shows observed substantial decline in groundwater levels
exacerbated by increased abstraction to address the increased water demand.

The contribution of RS to AWM was indicated by the results of this study, which
showed that ET estimates of IWC were higher than MWI estimates. The difference between
RS estimates and MWI figures was 140 MCM, indicating high levels of IWC and ground-
water depletion in the country (Figure 14). The implications of this figure would be the
possible solutions for water scarcity. Although insufficiencies in water supply would be
seen as main factors that contributed to water scarcity in the country [46,47], empowerment
of water auditing and monitoring would contribute to water governance by reducing the
non-revenue water [45]. Results from this study emphasized the use of RS as part of AI
and smart water management systems. Analysis of ET and irrigated crops would show
hotspots with high water consumption.

4.3. Future Planning of Irrigated Agriculture

Outputs from this study reflected the important contribution of remote sensing in
predicting changes in irrigated areas, while considering available water resources in each
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irrigated zone. The use of remotely sensed ET and maps of irrigated crops aided in
identifying irrigated zones that consumed most of the irrigation water in Jordan. These
were JV, Mafraq, JV, and Amman-Madaba. During 2019, the zones of JV and Mafraq
consumed 54% of irrigation water in Jordan. In terms of groundwater consumption, the
irrigated area of Mafraq consumed 28% of the total groundwater used in irrigation. Such
information would be crucial for planning water allocation in the future, as expansion in
irrigated agriculture would enable MWI to develop additional water resources for irrigation.
In JV, expansion of the irrigated area would be possible, as the present TWW effluent of
178 MCM would increase to 250 MCM in 2025 and would double by 2050 [77]. Most of
TWW would be disposed to KTD and other reservoirs on the side wadis of JV. Therefore,
expansion in irrigation would be possible in the highlands where TWW would be available
and in MSJV, as well.

The use of remote sensing to predict irrigated areas and their IWC was important to
identify levels of water deficit in Jordan. Considering that 140 MCM of groundwater 2qw
over-abstracted in 2019, the total deficit would reach 422 MCM. A considerable part of
this deficit (about 300 MCM) will be compensated by TWW, while other sources shall be
investigated to compensate the remaining part of this deficit. An environmental assess-
ment showed that the reuse of TWW would also have positive impacts on groundwater
depletion with annual savings of 72.6 MCM [78]. At present, decentralized TWW is not
fully or efficiently utilized, while centralized WWTP would require expansion to receive an
additional influent of 5% per year [69]. The increased volumes of TWW will come from
domestic areas which will receive 350 MCM of water from the national desalination project,
expected to operate in 2027. These findings, in addition to the remote sensing assessment
presented in this study, were included in the new Water Master Plan (WMP) of Jordan [79],
which introduced, for the first time, a detailed water balance, including the forecast for
surface and groundwater resources over the planning horizon until 2040.

5. Conclusions

The study showed how remote sensing data from earth observation systems (EOSs)
could be used to provide spatial maps and information needed for AWM under scarce water
conditions. The methods of the unsupervised classification, density slicing NDVI, and
the knowledge-based classifier provided accurate maps for irrigated crops. The methods
of crop mapping emphasized the integration of remote sensing images of Landsat 8 and
Sentinel-2 with the ground data and ET maps to obtain accurate maps for irrigated crops.
The study developed relationships between NDVI and Kc to derive ET and to accurately
map IWC. The advantages of using these relationships over other remote-sensing-based
models were the rapid mapping of ET and the fact that they did not require hourly climatic
records, which were not available for all irrigated zones. Therefore, it is recommended
to use the methods developed by this study for the mapping of irrigated areas and ET.
The study indicated the important contribution of these methods to the AWM. Using
these methods would provide accurate estimates for the present consumption and the
future demand of irrigation water. In terms of water governance, the use of remote
sensing methods would provide estimates for non-revenue water and would increase water
savings. Furthermore, they would provide maps for locations where incorrect metering of
groundwater abstraction or illegal access to a water source might exist. In terms of AWM
in Jordan, the study showed that levels of IWC were high when compared with the safe
yield of groundwater and the available water resources in the country. Finally, the study
recommends the adoption of zoning followed for assessing IWC for the irrigated areas in
Jordan, as it will enable better planning of water supply and demand, which will contribute
to AWM in the country.
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Appendix A

Table A1. Examples of Landsat 8 images used for mapping irrigated crops in 2018 and sum of ETr
(mm) for the main irrigated area covered by each image.

No. Date—
DD/MM/YYYY

173/038
Azraq

173/039
Jafr

173/040
Disi

Date—
DD/MM/YYYY

174/037
NJV

174/038
Amman

174/039
Wadi Araba

1. 16 January 2018 Cloudy * 40.9 54.21 7 January 2018 7.5 9.1 16.6

2. 1 February 2018 90.4 45.8 54.52 23 January 2018 31.5 Cloudy ** Cloudy *

3. 17 February 2018 Cloudy * Cloudy * Cloudy * 8 February 2018 Cloudy ** Cloudy ** Cloudy *

4. 5 March 2018 143.5 101.0 166.72 24 February 2018 57.8 94.8 157.0

5. 21 March 2018 138.3 99.9 121.42 12 March 2018 42.6 50.1 81.51

6. 6 April 2018 136.4 97.8 138.9 28 March 2018 Cloudy * Cloudy * Cloudy *

7. 22 April 2018 141.8 Cloudy * 137.78 13 April 2018 132.6 171.8 206.0

8. 8 May 2018 Cloudy * 213.5 137.72 29 April 2018 72.7 93.3 116.1

9. 24 May 2018 328.5 Cloudy * 186.91 15 May 2018 90.9 103.5 143.1

10. 9 June 2018 200.5 269.0 169.45 31 May 2018 Cloudy * Cloudy * Cloudy *

11. 25 June 2018 232.1 138.3 190.1 16 June 2018 195.2 276.1 345.1

12. 11 July 2018 242.1 128.1 192.8 2 July 2018 109.6 125.5 177.6

13. 27 July 2018 224.2 151.7 180.2 18 July 2018 104.0 141.8 170.2

14. 12 August 2018 242.2 119.8 174.6 3 August 2018 Cloudy * 131.2 Cloudy *

15. 28 August 2018 197.6 103.3 166.5 19 August 2018 220.7 116.5 326.6

http://www.mwi.gov.jo/
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Table A1. Cont.

No. Date—
DD/MM/YYYY

173/038
Azraq

173/039
Jafr

173/040
Disi

Date—
DD/MM/YYYY

174/037
NJV

174/038
Amman

174/039
Wadi Araba

16. 13 September 2018 192.2 Cloudy * Cloudy * 4 September 2018 93.9 108.8 156.2

17. 29 September 2018 150.1 173.8 298.6 20 September 2018 88.7 94.9 131.8

18. 15 October 2018 138.8 85.5 113.5 6 October 2018 62.0 81.9 Cloudy *

19. 31 October 2018 129.8 60.2 Cloudy * 22 October 2018 44.6 60.7 214.3

20. 16 November 2018 Cloudy * 39.9 187.2 7 November 2018 81.8 98.8 122.7

21. 2 December 2018 125.4 Cloudy * Cloudy * 23 November 2018 Cloudy ** Cloudy ** Cloudy **

22. 18 December 2018 73.8 68.8 144.0 9 December 2018 73.6 71.9 Cloudy **

23. N/A 25 December 2018 36.3 37.3 161.5

Annual Total 3129 1937 2815 1546 1868 2526

Other irrigated areas
covered by the image Mafraq Disi Jafr Irbid-

Ramtha
Zarqa,
MSJV

Karak
-Tafileh

* Replaced by Landsat 7. ** Outside the irrigation seasons.

Appendix B

Table A2. List of conversion factors of SEBAL-ET- and NDVI-Kc-derived ET to IWC with examples
of sample locations used for deriving the conversion factor.

Zone ET-IWC Conversion Factor Crop (s)
Exmples on Locations (s)

Longitude (◦E) Latitude (◦N)

1- North JV 0.76
Citrus

Tomato
Banana

35.5707
35.6091
35.5850

32.4269
32.4456
32.3956

2- Middle-South JV 0.70 Date palm
Tomato

35.5965
35.5982

32.0900
32.1235

3- Irbid-Ramtha 0.65
Potato,

Mixed cropping
Alfalfa

35.9531
35.9616
35.9857

32.5447
32.5546
32.5947

4- Jarash-Ajloun 0.70 Fruit trees
Vegetables

35.6811
35.9962

32.3010
32.2403

5- Mafraq 0.74
Fruit trees (peaches)

Olives
Alfalfa

36.4825
36.2896
36.4582

32.3268
32.3461
32.2798

6- Balqaa 0.70 Vegetables, fruit trees 35.8230 32.0722

7- Zarqa 0.68
Alfalfa

Vegetables
Fruit trees

36.3958
36.5664
36.4108

32.1399
32.0425
32.0704

8- Amman-Madaba 0.75
Olives

Fruit trees
Alfalfa

36.0418
36.0271
35.8061

31.7448
31.6282
31.6915

9- Azraq 0.64

Fruit trees
Vegetables
Date palm

Barley

36.9209
36.9224
36.8004
36.9572

31.8374
31.8812
31.8065
31.8412

10- Ghor As-Safi 0.72 Tomato
Fruit trees

35.4441
35.5098

30.9120
31.2830
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Table A2. Cont.

Zone ET-IWC Conversion Factor Crop (s)
Exmples on Locations (s)

Longitude (◦E) Latitude (◦N)

11- Karak-Tafileh 0.75 Olives
Alfalfa

35.6070
35.4415

30.8420
30.4111

12- Wadi Araba 0.60 Tomato
Water melon

35.3908
35.3736

30.6319
30.5775

13- Jafr-Shoubak 0.60 Apples
Vegetables

35.5855
35.7478

30.4537
30.4332

14- Quwayrah-Disi 0.62
Vegetables

Alfalfa
Date palm

35.5533
35.5953
35.3274

29.6314
29.6110
29.7410
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