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Abstract: Remote sensing and GIS approaches have provided valuable information on modeling
water resources, particularly in arid regions. The Sahara of North Africa, which is one of the driest
regions on Earth, experienced several pluvial conditions in the past that could have stored significant
amounts of groundwater. Thus, harvesting the stored water by revealing the groundwater prospective
zones (GWPZs) is highly important to water security and the management of water resources which
are necessary for sustainable development in such regions. The Shuttle Radar Topography Mission
(SRTM) digital elevation model (DEM), Advanced Land Observing Satellite (ALOS)/Phased Array
type L-band Synthetic Aperture Radar (PALSAR), Tropical Rainfall Measuring Mission (TRMM),
and Landsat-8 OLI data have all successfully revealed the geologic, geomorphic, climatic, and
hydrologic features of Wadi El-Tarfa east of Egypt’s Nile River. The fusion of eleven predictive GIS
maps including lithology, radar intensity, lineament density, altitude, slope, depressions, curvature,
topographic wetness index (TWI), drainage density, runoff, and rainfall data, after being ranked and
normalized through the GIS-based analytic hierarchy process (AHP) and weighted overlay methods,
allowed the GWPZs to be demarcated. The resulting GWPZs map was divided into five classes: very
high, high, moderate, low, and very low potentiality, which cover about 10.32, 24.98, 30.47, 24.02,
and 10.20% of the entire basin area, respectively. Landsat-8 and its derived NDVI that was acquired
on 15 March 2014, after the storm of 8–9 March 2014, along with existing well locations validated
the GWPZs map. The overall results showed that an integrated approach of multi-criteria through a
GIS-based AHP has the capability of modeling groundwater resources in arid regions. Additionally,
probing areas of GWPZs is helpful to planners and decision-makers dealing with the development of
arid regions.
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1. Introduction

Groundwater is a natural resource that is necessary for sustaining life, particularly
in arid/hyper-arid zones, which are characterized by a scarcity of rainfall and surface
water [1,2]. Securing additional water resources in such areas of severe climatic conditions
is necessary due to the increase of the population and economic activities [2–5]. This is
because the lack of rainfall and surface water in the Saharan countries requires exploring
new water resources. This also includes Egypt, which will probably suffer from water
deficiencies in the future if it does not find additional water resources [2]. Hence, mapping
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groundwater potential zones (GWPZs) is essential to afford water security in residential
areas and other localities [6,7]. Increase in the demand for freshwater worldwide calls
for revealing new water resources through applying geological, geophysical, and remote
sensing techniques. It is a great challenge to secure additional source of waters as they relate
to climatic, hydrologic, and topographic conditions [8]. Climate change has been noticeably
realized worldwide [9,10] and it impacts the spatial distribution of rainfall intensity, as
climate conditions and geomorphic and physical characteristics of the catchments [11–13]
control the occurrence of water resources.

Since the first launching of the Earth Resources Technology Satellite (ERTS-1) in
July 1972, which was later named Landsat-1, advances have been achieved in exploring
and monitoring the Earth’s resources. Optical and microwave satellite remote sensing
(SRS) data provided precious data for revealing and predicting prospective areas of water
resources in different environmental conditions around the world [14–19]. The progress
in SRS allowed different features of the hydrological conditions to be probed [20] and
promising areas of water resources to be predicted using multi-criteria [3]. Synthetic
aperture radar (SAR) microwave remote sensing data are essential to revealing hidden
geologic features, fluvial deposits, and hidden paleochannels that were masked by sand
deposits [6,21,22]. Radar waves have an ability to image the desert surface at any time
irrespective of weather conditions and proved to be a significant approach in characterizing
the past fluvial deposits which were masked by sand sheets and dunes before further field
investigations [1], as radar waves have the capability to probe the subsurface to the depth
of many meters [23,24]. Several studies successfully applied radar data, e.g., Radarsat-1,
ALOS/PALSAR, and SRTM, in finding water resources [2,6,7].

The knowledge-driven analytic hierarchy process (AHP) method [25,26], based on ge-
ographic information systems (GIS) and weighted overlay analysis, are tested in the present
study to generate a GWPZs map. The hierarchical tree of different levels includes purpose,
criteria, and choices, and its level of criteria is divided into various sub-criteria [4]. This
kind of multi-criteria decision-making approach has been widely applied in several predic-
tive studies [4,5,18,19,27,28] to find a solution for complex decision analysis depending on
ordering criteria in hierarchical orders [5].

Several geomorphic, geologic, and hydrologic factors, e.g., lithology, geologic struc-
tures, altitude, slope, drainage density, rainfall, and runoff, influence the existence of
groundwater and aid in finding GWPZs [2,15,17,29]. Fusion of these multi-evidential
layers (derived from remote sensing and conventional maps through GIS approaches) has
facilitated predicting the prospective sectors for GWPZs, characterizing infiltration and
recharging capacity, and revealing the best areas for well-abstraction [17,30–32].

Lithologic characteristics control the permeability and porosity, which hold groundwa-
ter and influence infiltration capacity [3,7,33]. Formations of high permeability and porosity
induce the percolation and recharging of water into the aquifers below. On the other hand,
impermeable massive rocks promote surface runoff [6,34]. Moreover, lineaments, includ-
ing faults/fracture zones, represent the conduits of water flow between the surface and
subsurface strata. They reveal below lithologic and geomorphic features that have positive
relationships to the occurrence of groundwater [35]. In addition, the altitude is also an
important index of controlling the occurrence of the groundwater as it is widely employed
in mapping GWPZs [2,36] and is extremely necessary for groundwater prospection studies.
The areas of low elevations are positively related to infiltration, particularly depression
areas [2,7]. The variation in elevations generates slope, which is an important factor in
controlling the runoff, and infiltration capacity for revealing GWPZs due to its indication
of the gradient in the elevations of the catchments [8,13], the speed of runoff, and infiltra-
tion capabilities [2,8]. Moreover, land surface curvature represents the morphology of the
land surface, which is an important factor that is connected to accumulation, infiltration,
and runoff on the slope [8,37,38]. The topographic wetness index (TWI) is also utilized
to evaluate topographic influences in understanding hydrological conditions. The TWI
was presented by Moore et al. [39]. The physical properties of the catchments and the
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density of drainage networks provide effective information regarding the infiltration and
runoff characteristics of precipitated water during heavy rainfall [7,30,40]. The quantitative
morphometric parameters derived from the Shuttle Radar Topography Mission (SRTM)
digital elevation model (DEM) data [2,12,41] also present valuable information regarding
the geometry, texture, and relief of the morphometric characteristics of the basins that
control the runoff and infiltration capacity and thus the occurrence of groundwater.

Despite the fact that integrating remote sensing and GIS-based mapping of ground-
water quality is beneficial for sustainable development, only a few studies have been con-
ducted to evaluate groundwater occurrences in arid regions. However, few published works
in Egypt’s deserts have used geospatial and statistical modelling techniques in conjunction
with GIS. Furthermore, the impact of geological, extracted depressions and morphometric-
geometric characteristics on groundwater occurrences has received little attention.

The present study aimed to (1) test the knowledge-driven GIS-based AHP technique
for preparing, normalizing, and fusing various groundwater-related factors derived from
remote sensing data using overlay techniques to delineate accurately and effectively the
prospective areas of groundwater; (2) characterize the hydrologic, climatic, geologic, and
morphometric characteristics of the catchments using optical and radar remote sensing
data; and (3) test the use of SRTM DEM-related parameters as model inputs for modeling
groundwater potential zones in an arid area of the eastern Sahara using remote sensing
data and GIS-based AHP.

2. Study Area

The area of Wadi El-Tarfa (W. El-Tarfa) occurs east of the northern section of the
Nile; it drains westward to the Nile at El-Minya and catches the rainwater from the
highlands to the east during rainstorms. The W. El-Tarfa catchment area covers ~10,605 km2

that stretches between latitudes 27◦31′10′′ to 37◦31′41′′ N and longitudes 30◦50′00′′ to
32◦29′26′′ E (Figure 1a,b). It is covered by a Cretaceous/Tertiary sedimentary sequence
with small exposures of Paleozoic that unconformably overlay the basement rocks to the
east. The Paleozoic–Lower Tertiary sediments consist of different varieties of sandstone,
shale, and carbonates that are intercalated with chalk and shale. The oldest sedimentary
rock in the present basin is the Samr el-Qa Formation (Figure 2a,b belongs to Lower
Carboniferous and consists of fluvial sandstone with marine intercalation) [42]. It is
followed by exposures of Lower Cretaceous sediments, e.g., the Wadi Qena Formation,
which mainly consists of fluvial massive white sandstone. These formations are followed
by Upper Cretaceous/Paleocene sediments which comprise fluvial and marine sediments
of marl, shale, and chalky limestone. The Eocene rocks built-up of two groups. Thebes and
Mokattam, consist of thinly bedded chalk, chalky limestone rich in cherty bands, and open
marine limestone and marl intercalated with clay and shale. The wadi bed is covered by
Quaternary wadi deposits as the wadi is incised through the Ma’aza plateau that is capped
by hard massive limestone [42]. These deposits are sand, gravel, and fanglomerate that
are derived from weathering and erosion of the pre-existing rocks. Structurally, the area
is shaped by the uplift from the northeast and dominated by NW-SE and NE-SW trends.
Hydrologically, the area is situated in an arid environment that receives a lesser amount of
rainfall during the year (Figure 1a) that drains the Nile River in recharging the groundwater
aquifers of W. El-Tarfa.
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Figure 1. Location maps: (a) rainfall distribution map of Africa, which displays the arid conditions of
the Great Sahara, and (b) Landsat mosaic of Egypt overlain by W. El-Tarfa basin in a red polygon.
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3. Data Used and Methods

Several satellite radar and optical data were collected to characterize the prospective
area of groundwater in the W. El-Tarfa basin. The SRTM DEM data were selected to
map the topographic characteristics and compute the catchment’s parameters. Landsat-8
Operational Land Imager (OLI) data were also utilized to validate the GWPZs (Figure 3).
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Figure 3. Flow chart displays the data used and methods included in revealing GWPZs.

The SRTM DEM data (~90 m cell size) were obtained as an international collaboration
between NASA, the U.S. National Geospatial-Intelligence Agency, the Italian Space Agency,
and the German Aerospace Center. The SRTM DEM data are available for download from
the U.S. Geological Survey (USGS). These data were utilized to delineate the watershed,
drainage networks, altitude, slope, surface curvature, topographic wetness index (TWI),
depressions, stream density, and morphometric parameters. The latter parameters, such as
bifurcation ratio, elongation ratio, form factor, circularity ratio, drainage texture, stream
frequency, drainage density, length of overland flow, infiltration number, basin relief, relief
ratio, and ruggedness (Appendices A and B), were calculated using the mathematical
formula as depicted in the literature of Abdelkareem [15]. The Deterministic-8 (D-8)
algorithm [43] was used to perform the automatic delineation of stream extractions. The
stream orders were identified [44,45] and used to calculate other parameters.

The Landsat Operational Land Imager (OLI) optical sensor with 9 spectral bands
carried by Landsat-8 was launched on 11 February 2013. Two scenes of Level 1 (175/041
and 176/040) OLI data were acquired on 24 March 2014, and 15 March 2014. The obtained
scenes were mosaicked and linked to the coordinate system of UTM Zone 37 N. The
Landsat-8 OLI was employed here to perform image transformation and enhancement
approaches such as composite bands 7, 5, and 3 to reveal water signatures in cyan and
vegetated areas using the normalized difference vegetation index (NDVI). This index is
calculated using the visible infrared bands of the Landsat satellite: NDVI = NIR (band 5) −
R (band 4)/NIR (band 5) + R (band 4). The high values close to +1 (white tone) of NDVI
refer to vegetated areas while low values close to −1 (dark tone) indicate probable water
signatures [5,46]. In the present study, NDVI values of the wet areas that display evidence
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of water signatures range from −0.015 to 0.07, and the vegetated areas range from 0.11
to 0.55.

The presented GIS-based model is primarily based on topography (e.g., altitude, slope,
depressions, and curvature), hydrologic (TWI and drainage density), climatic (rainfall), and
morphometric (runoff) parameters along with geological data including lithologic units
and lineaments that were derived and digitized from the geological map of Conoco [42].
The hillshade and extracted drainage networks derived from the SRTM DEM were also
utilized in digitizing the lineaments. Mapping GWPZ susceptible areas requires complex
data sets to characterize the catchment properties to get the output map. Modeling of
GWPZs requires more information.

ALOS/PALSAR-2, an advanced Japanese land observation satellite equipped with
a radar sensor and the forerunner of the JAXA L-SAR device launched in 2014, is an
active microwave sensor with an incident angle ranging from 8◦ to 70◦ [47]. It operates
on the L-band (1257.5 MHz; = 22.9 cm). Within 24 h, the devices are widely used for
land observation in all meteorological conditions. The JAXA PALSAR mosaic “PALSAR-2
Global Forest/Non-forest 2017 Map” was used in this study due to the large study area [48].
The data were preprocessed and are available in two polarizations (HH and HV). This
research makes use of HH polarization, which is used for direct viewing. A subset of
ALOS/PALSAR-2 mosaic with a seamless global of 25 m spatial resolution was extracted
using the Wadi El-Tarfa watershed and employed to distinguish the fine-grained deposits
in a dark tone due to specular reflection from the rough surface and bed rocks in white [49].

The average rainfall data was acquired from TRMM satellite records. The obtained
average rainfall data cover the period between 1 January 1998 and 30 November 2015 and
many discontinuous storms on 29 December 2010, 17 to 18 January 2010, 8 to 9 March 2014,
and in 2015. The data are available at the following website: https://giovanni.gsfc.nasa.
gov/giovanni/ (accessed on 10 February 2021).

The applied knowledge-driven AHP model in the present study is based on parameters
derived from remote sensing, e.g., topographic, hydrologic, climatic, and geologic data, and
the relative importance of each observation is decided on by the user. The GIS approach uses
the raster combination in which each pixel of each layer has the same geographic location.
This makes the combination process more appropriate for integrating characteristics of
several data sets into an output layer.

In this model, the weighted values are given to the spatial predictor maps and their
categories (sub-classes). The thematic layers’ control factor of groundwater occurrence,
interactions, and precipitations are weighted corresponding to Saaty’s (1–9) scale [26]. A
numeric value given to each layer (Li) promotes the synergetic method and gives a new
grade to each pixel in the output cell. A high value, e.g., 9, indicates extreme probability,
but, e.g., 2 and 1 indicate weak to equal importance, 3 indicates moderate importance,
4 indicates moderate plus, 5 indicates strong importance, 6 indicates strong plus, 7 indicates
very to extreme importance, and 8 indicates very-very strong, respectively [26]. Subse-
quently, the predictor layers have been matched with each other in a pair wise comparison
matrix (Table 1) that allows ordering and organizing criteria in hierarchical order to calcu-
late consistency ratio (Table 2). Moreover, the sub-classes of each layer are given a weight
(Fi) based on their relative importance given by the users based on their knowledge and
opinions in predicting the water resources through using the natural breaks re-classification
method (Table 3). Subsequently, each sub-class is correlated and normalized to its coun-
terparts (Table 3), for example, in Table 3 the sub-class of very high lineament density is
given a weight of “7” but the very low is given a “2”. The uncertainty in this approach can
be assessed through the principal eigenvalue and consistency index (CI). In this model,
calculating the consistency ratio (CR) can be accomplished (Table 2) by determining the
principal eigenvalue (λ) that was computed by the eigenvector approach and consistency
index (CI). The latter can be computed from the following equation:

CI =
(λmax − 1)
(n− 1)

(1)

https://giovanni.gsfc.nasa.gov/giovanni/
https://giovanni.gsfc.nasa.gov/giovanni/
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where λmax represents the principal eigenvalue and n is the number of factors.

CR =
CI

RCI
(2)

where RCI = random consistency index value, whose values were obtained from Saaty’s
standard:

CI =
(11− 11)
(11− 1)

= 0 (3)

The CR of the present study is 0/1.51 = 0, that is, acceptable for conducting the
analysis as a CR of 0.10 or less is acceptable to continue the analysis [28,50] as it measures
the consistency between the pair wise comparison matrix.

Table 1. Pair wise matrix of eleven indices.

Litho Rad Lin Top Dep Sl Cur TWI Dd Ruf Rain

Litho 1.00 0.71 0.83 0.83 0.71 0.71 1.25 1.00 1.00 1.25 0.83

Rad 1.40 1.00 1.17 1.17 1.00 1.00 1.75 1.40 1.40 1.75 1.17

Lin 1.20 0.86 1.00 1.00 0.86 0.86 1.50 1.20 1.20 1.50 1.00

Top 1.20 0.86 1.00 1.00 0.86 0.86 1.50 1.20 1.20 1.50 1.00

Dep 1.40 1.00 1.17 1.17 1.00 1.00 1.75 1.40 1.40 1.75 1.17

Sl 1.40 1.00 1.17 1.17 1.00 1.00 1.75 1.40 1.40 1.75 1.17

Cur 0.80 0.57 0.67 0.67 0.57 0.57 1.00 0.80 0.80 1.00 0.67

TWI 1.00 0.71 0.83 0.83 0.71 0.71 1.25 1.00 1.00 1.25 0.83

Dd 1.00 0.71 0.83 0.83 0.71 0.71 1.25 1.00 1.00 1.25 0.83

Ruf 0.80 0.57 0.67 0.67 0.57 0.57 1.00 0.80 0.80 1.00 0.67

Rain 1.20 0.86 1.00 1.00 0.86 0.86 1.50 1.20 1.20 1.50 1.00

Sum 12.40 8.86 10.33 10.33 8.86 8.86 15.50 12.40 12.40 15.50 10.33

Abbreviations: Litho—lithology; Rad—radar intensity; Lin—lineaments; Top—altitude; Dep—depression;
Sl—slope; Cur—curvature; TWI—topographic wetness index; Dd—drainage density; Ruf—runoff; Rain—rainfall.

Table 2. Calculating consistency ratio.

Litho Rad Lin Top Dep Sl Cur TWI Dd Ruf Rain Weighted
Sum

Criteria
Weights λmax

Litho 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.887 0.081 11

Rad 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 1.242 0.113 11

Lin 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 1.065 0.097 11

Top 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 1.065 0.097 11

Dep 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 1.242 0.113 11

Sl 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 0.113 1.242 0.113 11

Cur 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.710 0.065 11

TWI 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.887 0.081 11

Dd 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.081 0.887 0.081 11

Ruf 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.710 0.065 11

Rain 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 0.097 1.065 0.097 11
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Table 3. Evidential factors contorting the occurrence of groundwater.

Assigned
Weight Sub-Classes Rank Grade Normalized

Rank Area %

Lithology 5

Quaternary deposits 6 High 0.55 11.78

Eocene sediments 3 Moderate 0.27 82.21

Paleozoic/L-Tertiary 2 Low 0.18 6.01

Radar intensity 7

22–44 8 Very high 0.44 27.74

44–85 5 High 0.28 47.18

85–173 3 Moderate 0.17 21.17

173–255 2 Low 0.11 3.91

Lineaments
(km/km2) 6

0–15.27 2 Very low 0.29 14.50

15.27–27.63 4 Low 0.25 27.51

27.63–39.27 5 Moderate 0.21 27.30

39.27–52.73 6 High 0.17 21.45

52.73–92.73 7 Very high 0.08 9.23

Altitude (m) 6

27–264 8 Very high 0.31 25.45

264–413 7 High 0.27 24.65

413–574 5 Moderate 0.19 19.27

574–736 4 Low 0.15 20.91

736–1260 2 Very low 0.08 9.71

Depression (m) 7

−31 to −2.64 8 High 0.50 2.64

−2.64 to −0.72 5 Moderate 0.31 7.42

−0.72 to 0 3 Low 0.19 89.94

Slope (degree) 7

0–3 5 Very high 0.33 54.72

3 to 5 4 High 0.27 26.48

5 to 10 3 Moderate 0.20 14.95

10 to 15 2 Low 0.13 2.68

>15 1 Very low 0.07 1.18

Curvature
(radians/100 m) 4

−2.66 to −0.0889 2 Low 0.2 25.84

−0.0889 to 0.139 3 Moderate 0.3 27.11

0.139 to 2.8339 5 High 0.5 47.05

TWI 5

4.78 to 8.07 1 Very high 0.09 27.92

8.07 to 9.48 2 High 0.18 41.58

9.84 to 11.31 3 Moderate 0.27 20.62

11.31 to 17.69 5 Low 0.45 9.88

Drainage density
(km/km2) 5

6.55 to 47.79 2 Very low 0.10 9.1

47.79 to 66.80 3 Low 0.14 22.35

66.80 to 83.17 4 Moderate 0.19 31.66

83.17 to 100.60 5 High 0.24 25.39

100.60 to 141.27 7 Very high 0.33 11.51
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Table 3. Cont.

Assigned
Weight Sub-Classes Rank Grade Normalized

Rank Area %

Runoff 4

24.49–25.95 5 Very high 0.33 10.86

25.97–29.23 4 High 0.27 23.82

29.24–33.15 3 Moderate 0.20 33.79

33.16–40.43 2 Low 0.13 20.91

40.44–46.87 1 Very low 0.07 10.62

Rainfall
(mm/day) 6

0.0120 to 0.0174 2 Low 0.20 70.31

0.0174 to 0.0307 3 Moderate 0.30 18.08

0.0307 to 0.0874 5 High 0.50 11.61

In the applied overlay analysis, every pixel of each thematic layer corresponds to the
same location. That means it is appropriate to fuse many aspects for the input eleven layers
into an output groundwater prospective zones (GWPZs) map. It is worth noting numeric
ranks are given to each layer and sub-class, letting the user mathematically fuse the layers
and appoint a new rank to each pixel in the output GWPZs map. Thus, in this model, the
GWPZs map of the study area which represents the weighted average of the combined
data-based maps (multi-criteria) was combined with the minimum inputs cell size (~90 m)
in a GIS-based weighted overlay approach using the following equation:

GWPZs =
n

∑
i=1

Li × Fi (4)

where Li indicates the normalized weight of an evidential layer of the i parameter and
Fi relates to the power of the inter-map (sub-class) features. This allows all of the eleven
thematic maps to be combined on a pixel basis related to the above equation.

4. Factors Influencing GWPZs
4.1. Lithology

The exposed lithologic units that are highly permeable would catch and capture sur-
face water flow versus the impermeable ones. The lithologic map was digitized from the
geological map of Conoco [42]. It was classified and normalized as listed in Table 3. The
lithological formations of the Wadi El-Tarfa basin area (Figure 1a,b) consist of a plateau
of limestone. This belongs to the Mokattam Group of Eocene age that covers the Creta-
ceous/Tertiary sedimentary succession. The latter is exposed to the east as a result of uplift.
The lithologic map is classified into three simple geologic units, viz., Paleozoic-L Tertiary,
Eocene sediments, and Quaternary deposits that give weights 2 (low), 3 (moderate), and
6 (high), respectively (Table 3). These units cover 6.01, 82.21, and 11.78%, respectively, of
the entire study area (Table 3). The occurrence of Quaternary sand deposits being highly
porous yields the recharging capability; thus, they are labeled with high potentiality and
are considered to be “high” to “very high” for groundwater recharge.

4.2. Radar Intensity

Using ALOS/PALSAR data (Figure 4a), the alluvial deposits appear in dark tones.
These deposits are extremely important in characterizing the prospective locations of
GWPZs, as they indicate the amount of water flow during the past hydrologic processes.
Moreover, these deposits are characterized by high permeability and porosity, acting
as a suitable location for accumulating and storing groundwater [1,6,7]. Thus, areas of
sand accumulation would be considered the prime zones of water accumulation as they
lose sediments that hold the amount of precipitated water during rainy storms in arid
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regions [2,7]. Therefore, the present study classified data, by Arc GIS software (Esri,
Redlands, CA, USA) packages, into four zones, viz., low (2), moderate (3), high (5), and
very high (8). It is worth noting that the classes from lower to higher potentiality cover
3.91%, 21.17, 47.18, and 27.74% of the entire area (Figure 4b; Table 3).
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Figure 4. Radar data vs. optical Landsat-8 (a) ALOS/PALSAR data displaying the physical character-
istics of Wadi El-Tarfa basin and (b) ALOS/PALSAR data classified into four prospective zones; the
black polygon refers to the counterpart area in (c). (c,f,i) Subsets of Landsat-8 reveal unrecognized
channels filled with alluvial deposits in the downstream area that is clearly recognized in subsets
(d,g,j) of ALOS/PALSAR and DEM (e,h,k).

It is worth noting that the ALOS/PALSAR L-band intensity of backscattering data
provided interesting information regarding the existence of paleochannels, fluvial deposits,
and soil texture, which is a significant factor in recharging and infiltration. Unlike Landsat-8
OLI images (Figure 4c,f,i), radar data unveiled the cover of sand and characterized the dark
tone that belongs to fluvial deposits of probable paleochannels (Figure 4d,g,j), which agrees
with DEM (Figure 4e,h,k) and is difficult to realize in OLI data (Figure 4c,f,i).
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4.3. Lineaments

Lineaments induce permeability and secondary porosity and have a valuable task in
controlling the recharge potentiality. The lineaments (Figure 5a) were extracted using geo-
logical map [42], ALOS/PASAR, SRTM, and Landsat data. Delineating of these lineaments
displays that the main trend is NW-SE and NE-SW that they control the wadi. Under-
standing the density of lineaments is also significant [51]. Lineament density (Figure 5b),
is estimated as the lengths of lineament segments in a particular region per its area using
Arc GIS software. Most of the areas of high density are located in the eastern part asso-
ciated with the Thebes Group. The density data of W. El-Tarfa was reclassified into five
zones including very low (2), low (4), moderate (5), high (6), and very high (7). The high
ranks were assigned to high lineament density based on the dense zones of lineaments,
considered the prospective zones of groundwater recharging [4,19] that promote high well
yield [52]. The fractures and faults are depicted using DEM and ALOS/PASAR data and
topographic profiles (Figure 5c–h). More than 30% of the basin is characterized by high
lineament density, which favors the circulation of the precipitated water into the strata
below. However, zones of low and very low density characterized 40% (Table 3).
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Figure 5. (a) Lineament map of W. El-Tarfa and (b) lineament density map; polygon labeled “c”
is the same area in (c–e) and polygon labeled “f” corresponds to area in (g,h). (c) Landsat-8 band
composite 7, 5, and 3 displays linear feature-like fault; (d) SRTM-DEM displays contrast in altitude;
(e) ALOS/PALSAR displays the ridge in white tone; (f) Landsat-8 displays drainage masked by sand;
(g) elevation classification of SRTM-DEM data overlain by topographic profiles C–D, E–F, and G–H
reflecting structural features; and (h) ALOS/PALSAR image displays the drainage lines that are
masked by sand in the area.
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4.4. Altitude

It is often difficult to prospect water resources in areas of high elevation as water flows
from the up-streams of the mountains and links in down streams with low elevations and
high recharge probability [17]. Correspondingly, low elevation areas probably harvest
surface water during heavy storms that drain through stream networks. This has an
inverse impact on the occurrence and infiltration of groundwater potential as water tends
to accumulate and store in areas of lower elevations than areas of higher elevations [53,54].
The altitude of the studied basin ranges from 27 m to 1260 m, with the higher elevation
areas to the east and the lower to the west. An altitude map based on SRTM DEM data
categorized five groups based on holding water, viz., very high, high, moderate, low, and
very low, given weights of 8, 7, 5, 4, and 2, respectively, and covering 25.45, 24.65, 19.27,
20.91, and 9.71% of the entire area, respectively (Figure 6a,b; Table 3).

4.5. Slope

The slope has positive relationships to runoff and hence has an inverse influence on
infiltration and recharge capacity. With the increase of the slope angle values, the high
velocity of overland flow will increase [55,56]. With a decreasing slope angle, the infiltration
increases; hence, more surface water would penetrate to the aquifers below [2,3,30]. Areas
of flat terrain allow precipitated water to infiltrate and percolate, but the steep slope areas
produce fast overland flow and runoff from the uplands and control the small amount of
water for groundwater recharge. It can be observed that the slope degree map of Wadi
El-Tarfa ranges from 0 to 57.35 degree and is classified into five classes based on their
importance for infiltration and groundwater occurrences [53,57,58]. Therefore, the slope
angle classes are classified based on groundwater infiltration capability to very high, high,
moderate, low, and very low 0–3, 3–5, 5–10, 10–15, and 15–57.35, respectively (Figure 6c,d),
covering 54.72, 26.48, 14.95, 2.68, and 1.18% of the area, respectively (Table 3).
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4.6. Depressions

Depressions that are low elevated areas that are surrounded by high relief collect,
capture, and store precipitated water during the runoff of heavy storms in areas of
arid/hyperarid climatic conditions. Areas that accumulate water can be inundated by water
until it evaporates and infiltrates through the strata and into the aquifers underneath [2,7].
These depressions can be filled with precipitated water until the water elevation reaches
a level at which the flow would pour out of the depression. These areas are promising
for water resources as they inundate the low altitudes. This can be extracted from SRTM
DEM (Figure 7a,b) using spatial analysis of Arc Map v. 10.5 (Esri, Redlands, CA, USA) by
subtracting the original DEM from the filled-DEM in what is called “fill-difference” [2].
The depressions are validated using elevation profiles derived from SRTM DEM and
ALOS/PALSAR data (Figure 7c–f). The resulting map is classified into three classes, which
are −31 to −2.64 (high), −2.64 to −0.72 (moderate), and −0.72 to 0 (low), based on the
ability to collect and accumulate precipitated water that would infiltrate to the ground-
water aquifers, and they cover 2.64%, 7.42%, and 89.94%, respectively, of the entire basin
(Figure 7b; Table 3).
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Figure 7. (a) Depression map and (b) depression classes map. (c) DEM depicted in (b) displays low
elevated areas as shown in X-Y profile; (d) ALOS/PALSAR data for same area in “c” displays low
elevated areas in dark tone; and (e) DEM displays depressions as indicated in profile C-D and marked
in ALOS/PALSAR data in dark tone in (f).

4.7. Surface Curvature

Land surface curvature represents an important factor related to accumulation and
infiltration capacity. The land surface curvature layer is derived from the DEM and labeled
into three classes: concave, convex, and flat (Figure 8a,b). Land surface curvature (radi-
ans/100 m) characterizes the areas that would capture water resources derived from the
precipitation. Curved and flat areas more easily accumulate water and yield infiltration
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capacity than convex areas. Water tends to accumulate in the concave and flat land surfaces;
hence, the areas of high curvature values were given high weight values and vice versa [18].
The results of the curvature map range are from three classes, viz., low (−3.774 to −0.0888),
moderate (0.0888–0.1397), and high (0.1397–2.8339), covering 25.84%, 27.11%, and 47.05%
(Table 3), respectively, as curvature positively relates to water accumulation.

4.8. Topographic Wetness Index (TWI)

The TWI refers to the size of flow accumulation at a certain point in the watershed
and the tendency of water to flow downslope under the force of gravity [39,59], which
accelerates water flow accumulation and can also describe the wetness conditions of a
region [18,60]. Several studies have implemented the TWI in mapping potential areas of
groundwater [18,19,61].

The TWI can be estimated by the following equation:

TWI = ln (Ac/tanS) (5)

where Ac is the specific catchment area (m2/m) and S is the slope gradient (in degrees).
TWI values of the W. El-Tarfa basin ranged between 4.78 and 17.69 as displayed in

Figure 8c,d. The TWI is classified into four sub-classes which are very high (11.31–17.69),
high (9.84–11.31), moderate (8.07–9.48), and low (4.78–8.07) (Table 3). The TWI is positive
to recharge potentials and GWPZs as high values of TWI were given higher weights and
vice versa [18,27].
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4.9. Drainage Density

The drainage network density reflects surface-to-subsurface formation and is inversely
related to the rate of permeability and recharge processes, as the high values of Dd yield
surface runoff [7,18,32,35,62,63]. However, drainage networks that catch sizable quantities
of precipitation would promote infiltration and recharging potentiality as a greater quantity
of water results in more water recharging and infiltration. Hence, zones of high Dd
are favorable zones for recharging groundwater, particularly in highly dissected land
surfaces [2,3,64,65]. Thus, drainage density is estimated as the total length per unit area of
the stream network, Dd = Σ Ls/A.

Based on the Dd map (Figure 9a), the high Dd values were given a high grade of 5
and discriminated into 5 classes: very low, low, moderate, high, and very high, based on
holding, recharging, and controlling the groundwater availability and covering areas of
9.10, 22.35, 31.66, 25.39, and 11.51%, respectively (Figure 9a; Table 3). The zones with high
Dd density promote more infiltration and GW recharge [64].
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4.10. Runoff Using Physical Characteristics of Catchments

Basin catchments that receive water from annual rainfall represent the main sources in
arid/hyperarid regions that recharge the groundwater aquifers, and the harvested amount
behind dams is utilized in agricultural activities. The quantitative morphometric character-
istics of the catchments are calculated based on the SRTM DEM data [2,12,41] that control
the runoff and infiltration capacity (Appendix A). The W. El-Tarfa watershed, covering
about 10,605 km2 with a perimeter of 962 km and a stream order of 7 (Figure 10a), is here
subdivided into 26 sub-basins to estimate runoff potential (Figure 10b,c). In this basin, the
extracted stream number is 4749 with a total length of about 10,597 km. The areas of the sub-
basins range from 52 to 790 km2, and perimeterfrom68 to 318 km. Based on the topographic
data derived from the analysis of DEM, the computed twelve quantitative morphometric
indices display variation from one sub-basin to another (Appendices A and B).
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Figure 10. (a) Stream order for Wadi El-Tarfa basin; (b) sub-basins of Wadi El-Tarfa basin, the detached
lines represent the division of sub-basins; (c) values of runoff for sub-basins; and (d) classes of runoff
values for sub-basins.

The bifurcation ratio (Rb) and the length of overland flow (Lg) have positive relation
to infiltration and a negative relation to runoff [2,12]. The Rb of the studied sub-basins
ranges from 3.41 to 6.14 with an average of 3.97 (Appendix A). The lowest values of Rb
imply the highest water flow and a low infiltration capacity [12,41]. The Lg values extend
between 0.26 and 0.33 with an average of 0.50. In contrast to Rb and Lg, there are 10 other
factors positively related to runoff. Three of these factors characterizing the geometric
shape (either circular or elongated) are the elongation ratio (Re), circularity ratio (Rc), and
form factor (Rf). The computed Re [66] values range from 0.31 to 1.22 with an average
of 0.65 (elongated). The highest values were recorded in #b6; however, the lowest was in
#b12. The Rc ranges from 0.07 (#12) to 0.26 (sub-basins #b10 and b11) with an average of 0.14,
referring to an elongated rather than a circular shape [12]. In addition to Re and Rc, the Rf [67]
ranges from 0.08 (sub-basin #b12) to1.16 (sub-basin #6) with an average of 0.34, implying an
elongated rather than a circular form. In addition to the shape of catchments, the drainage
texture (Rt), stream frequency (Fs), and infiltration factor (If) are of crucial importance in
understanding the distribution of streams with the basin and hence in estimating the runoff
potential [12,41]. The Rt describe the relationships of stream numbers and the perimeter (p)
of a selected sub-basin [64]; thus, the Rt ranges from 1.04 to 5.56 with an average of 4.93 that
implies a medium to coarse texture [12]. Additionally, the Fs [67] ranges from 1.21 (#b2) to 1.57
(#b25) with an average of 0.45, reflecting a low to medium relief [12]. The calculated If [68]
characterizes the infiltration properties that directly influence runoff and ranges between 1.84
(#b2) and 2.89 (#b22) with an average of 0.45 (Appendix A).

The basin relief (Bh) [44,69] of W. El-Tarfa, which characterizes the contrast between
the highest and lowest elevation points, ranges from 0.16 to 0.67. Two other factors derived
from Bh are the relief ratio (Rh) and ruggedness number (Rn), which contribute to runoff
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capabilities [2,12,41]. The Rh reflects the influence of the runoff by the slope gradient, and
it extends between 0 and 0.02. The Rn values extends between 0.26 (#b25) and 1.06 (#b7).

The aforementioned factors are normalized using linear equations [70],
Equations (5) and (6), to estimate the runoff capability. All the parameters are nor-
malized using Equation (5), but the Rb and the Lg are normalized using Equation (6)
(Appendices A and B) as follows:

Hazard degree =
4(X− Xmin)

(Xmax − Xmin)
+ 1 (6)

Hazard degree =
4(X− Xmax)

(Xmin − Xmax)
+ 1 (7)

where X represents the value of parameters to be calculated for the flood potentials for each
sub-basin. It is worth noting that the potential runoff weights (Figure 10d; Appendix B)
range from 23.13 (sub-basin#1) to 43.17 (sub-basin#6).

4.11. Rainfall

During heavy storms, recharge often occurs, and the excessive amount of rainfall
within a very short period of time causes a flash flood [71]. The intensity and span of
rainfall control the amount of infiltration and runoff. Therefore, rainfall factor is extremely
important in studying the water accumulation and determining groundwater recharging as
it represents the source of water in arid regions [2,18]. Rainfall has a positive relationship
to groundwater recharging as the higher the annual rainfall, the higher the groundwater
recharge potentials [72].

Wadi El-Tarfa often receives heavy seasonal rainfall which is driven by elevation as
its upper stream (1260 m a.s.l) is a part of the elevated plateau of G. El-Galala El-Qibliya.
The Wadi El-Tarfa basin experienced heavy rainfalls during 29 December 2010, 17 to
18 January 2010, 8 to 9 March 2014, and 2015 (Figure 11a–d). The spatial distributions
of rainfall intensity are different from one storm to another, as illustrated in Figure 11.
Such storms replenish the magnitude of groundwater level by charging, particularly the
shallow aquifers, after inundating streams to add groundwater resources. Average daily
precipitated data were collected from the TRMM satellite during the period of 1 January
1998 to 30 November 2015 and were interpolated using the inverse distance weighted
(IDW) method in GIS to display the precipitation intensity in W. El-Tarfa (Figure 11a). The
average rainfall map with a range from 0.012 to 0.087 mm/daily (Figure 11e,f) is classified
into three classes, viz., low, moderate, and high (Figure 11b), covering 70.31, 18.08, and
11.61% of the area (Table 3). The high value of precipitation assigned a high weight and
high recharge potentials to groundwater. Based on the spatial distribution, the average
rainfall intensity is higher in the northeast (W. Ragala and W. Abu Ratam) and southwest
portions of the area (W. El-Dahasa) (Figure 11a,b).
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5. Groundwater Prospective Zones (GWPZs)

The output GWPZs map was created by combining 11 input evidential maps describ-
ing the geology, hydrology, topographic, and climatic conditions of Wadi El-Tarfa, such
as lithology, radar intensity, lineaments, elevation, slope, curvature, depressions, TWI,
drainage density, runoff, and rainfall.

Based on the variations on the input maps, eleven thematic maps were prepared
to increase the value and prediction of the output GWPZs map (Figure 12). The input
layers and sub-classes were normalized based on the APH method after assigning weights
depending on Saaty’s scale as displayed in Table 3. Once these layers were prepared and
given weighting coefficients, they were combined through the multi-criteria GIS-based
weighted linear combination method. The GWPZs were obtained using the process of the
thematic layers, which allows the accumulated weights of each pixel to be calculated after
assigning weights for each layer and sub-class, which can be calculated using Equation (3).

The GWPZs map (Figure 12) is grouped into five zones, which are very high, high,
moderate, low, and very low, covering 10.32%, 24.98%, 30.47%, 24.02%, and 10.20% of the
entire basin area, respectively. Based on the GWPZs map, zones of very high and high
occupy the most promising areas.
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Figure 12. (a) GWPZs overlain by well data (#1 and 2 [42], #3–7 [73]; (b,e,h) subsets of OLI that
were acquired on 15 March 2014 after storm on 8–9 March 2014; (c,g,i) NDVI of OLI subsets; and
(d,f) extracted depressions derived from SRTM DEM.

The GWPZs were verified with the observations of the Landsat-8 data 7, 5, and 3 in
R, G, and B that were acquired on 15 March 2014, after the storm of 8 to 9 March 2014.
This image revealed the presence of a surface water signature in cyan. Based on water
bodies having strong absorption in the visible/infrared wavelengths range, the water
bodies would appear in dark signatures of NDVI. Its values vary from −1 to 1; the higher
values of NDVI reflect dense greenery and the low values less than zero would reveal water
bodies [46] (Figure 12e,f,i). Therefore, water accumulated in lowlands as depicted by NDVI,
OLI, and the extracted depressions. The concordance between NDVI, OLI, and the extracted
depressions shows valuable results. The well data (#1, 2) derived from Conoco [42] and
#3–7 [73] are consistent with moderate to high groundwater potential zones, except #1,
which fits the low to very low zones (Figure 12a). The validation process confirms that the
GWPZs map prepared from GIS and AHP techniques is effective, represents the technique,
and can be used precisely and efficiently to determine the GWPZs.

6. Discussion

Wadi El-Tarfa, east of Egypt’s Nile River, covers ~10,605 km2 and is recognized as a
major target for groundwater exploitation, as it represents one of the most promising areas for
agriculture development. In this study, a groundwater potential map using the AHP-weighted
overlay model (Figure 12) was created by combining eleven input evidential maps describing
the geology, hydrology, topography, and climatic conditions of Wadi El-Tarfa. Based on
combining these data through GIS using Equation (3), the potential area of GWPZs covers
10.32% of the study area, representing the low elevation, high rainfall, and high lineament
and drainage density in areas of low slope and rich in alluvial deposits. Combining these
data through GIS-based AHP-overlay approaches [4,5,17,18,20,31,32] allowed the prediction
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of the prospective sectors for GWPZs with the AHP technique, which depends on extracting
ratio rates from the paired comparison and represents an easy solution for complex decision
analysis that successfully revealed potential areas of groundwater.

Topographic parameters, e.g., altitude, depressions, slope, and curvature, contributed
to predicting the possible locations of groundwater. The high altitudes of up to 1260 m (a.s.l)
and geomorphic features of Wadi El-Tarfa promote rainfall as precipitation is driven by
topography; it was shaped by the uplift which is caused due to subsurface convection
processes in the areas northwest of the Gulf of Suez [74]. Although areas of high altitudes
received high precipitation and runoff, areas of low altitudes in the downstream (25.45%)
allow for water infiltration and accumulation [2,32,53,54,75] as most of these areas are
classified as having high to very high potentiality (Figure 12a). Characterizing certain
low elevations that are surrounded by high relief, called “depressions”, they are highly
predicted areas for harvesting surface water accumulation during heavy storms as the
water of drainage networks tends to accumulate at lower elevations of the downstream
of W. El-Tarfa versus higher elevations [53,54]. Areas of depressions have signatures of
surface water resources as depicted by Landsat-8 and NDVI (Figure 12e–g). The variation
in elevation generates slope, which has a positive relationship to runoff and hence has an
inverse influence on infiltration and recharge capacity [38,55,56]. Thus, the areas of flat to
gentle slope [76] that totally cover ~54% of the basin are assigned the very high potentiality
and contributed to generating the GWPZs map because of high infiltration and low runoff
(Figure 12). Moreover, the curvature factor, which identifies the change in slope gradient,
contributed to the output map [77]. Thus, curvatures and flat surfaces allow for collecting
water and promote more infiltration capability than convex areas. Thus, high curvature
values were assigned high weight values that covered ~47% of the entire basin.

Lineaments include faults and fracture zones caused by the response to tectonic
movements and the deformation of rocks [28] and reflect a crustal weakness zone with
prominent relationships to the movement, occurrence, and storing of groundwater [34].
These zones induce permeability and secondary porosity [78,79] as they have a valuable
task in controlling the recharge potentiality, particularly in the hard Eocene rocks of the
basin. It is worth noting that these zones are mostly coincident with drainage lines and
areas of fine deposits (Figure 5). Hence, areas with high lineament density facilitated water
infiltration and penetration [75], and therefore water accumulation and the prospective
for groundwater potential and vice versa [2,29,53,57]; it was depicted in the GWPZs
of the study area that the majority of areas of high to very high prospective zones are
consistent with high lineament density. More than 30% of the basin is characterized by
high lineament density, which favors the circulation of the precipitated water into the strata
below, particularly the northeastern and southwestern parts.

Classifying the backscatter intensity of ALOS/PALSAR data also contributed to revealing
the geomorphic features and surface roughness along with geological structures. This is
because it allowed for identification of the fluvial deposits that accumulated on the streams
and low elevation areas and appeared as a dark signature, covering about 27% of the basin
(Figures 4, 5h and 7d,f), mostly the downstream areas along the main drainages and along
faults which are difficult to recognize in OLI images (Figure 4). Sand and gravel accumulation
zones would be regarded as prime water accumulation zones [2,80] as revealed by the high to
very high GWPZs that are consistent with the dark signature of the radar data. These exposed
wadi deposits, which are highly permeable, would catch and capture surface water flow along
the main streams and downstream areas and prove the existence of groundwater [73,81].

The hydrologic factors (TWI, Dd, and runoff) clearly contributed to preparing the
GWPZs map. TWI has a positive relationship with recharge potentials and GWPZs, with
greater TWI values resulting in higher weights [27]. This is because the TWI factor identifies
the moisture characteristics [8,82]. Moreover, understanding the drainage networks allows
for the GWPZs and geomorphic characteristics to be revealed as the areas of the dendritic
pattern are developed in regions underlain by homogeneous rocks [78] as the plateau
of the studied basin is built up of limestone. The drainage networks that catch sizable
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quantities of precipitation would promote infiltration and recharging potentiality as a
greater quantity of water results in more water recharging and infiltration in the basin as
the majority of the basin is gentle slope. Hence, zones of high Dd that cover 11.51% of the
area contribute to recharging groundwater, particularly in gentle slope and highly dissected
land surfaces [2,3,64,65] and at the northern part of the present study (Figure 9b). This
clearly contributed to producing the output map, as the northern part of high Dd displays
a high to very high potentiality (Figure 12a). Furthermore, computing morphometric
parameters of 26 sub-basins showed that the runoff is inversely related to infiltration
(Appendices A and B). This is because these parameters characterized the morphometric,
geometric, and relief characteristics of the basin that correlated to infiltration capabilities [2].

Climatic conditions such as rainfall are also of high importance in predicting the
GWPZs [83]. During heavy rainfall, the W. El-Tarfa basin harvests a sizable amount of water
that recharges the shallow aquifers that would help in sustainable development. During the
1994 flood event, the W. El-Tarfa groundwater shallow aquifer recharged by 15.8 × 10 m
as the detected transmission losses ranged from 21 to 31% [84]. W. El-Tarfa received a
high amount of precipitation during storms on 29 December 2010; 17 to 18 January 2010;
and 8–9 March 2014, for example. The signature of the accumulated water was realized
by Landsat-8 and NDVI data that were acquired after the storm of 8–9 March 2014 as
water bodies have strong absorption in the visible/infrared EM regions and appear in
dark signatures of NDVI, which extends from −1 to 1. These areas of water signatures are
consistent with areas of moderate to very high groundwater potentiality (Figure 12a).

7. Conclusions

Groundwater is a vital source of water for sustainable development, particularly in arid
and hyperarid regions. The fusion of remote sensing data including SRTM, ALOS/PALSAR,
TRMM, and Landsat-8 OLI data through GIS approaches successfully allowed reconnais-
sance information for water resources to be revealed, assessed, and monitored in the present
study. Wadi El-Tarfa, which covers a ~10,605 km2 area, was tested to reveal promising
zones of groundwater potentiality using multi-criteria. Eleven predictive GIS maps repre-
senting geologic, geomorphic, climatic, and hydrologic conditions, e.g., geology, altitude,
slope, drainage density, topographic wetness index (TWI), curvature, and depressions,
were considered. In addition, morphometric characteristics, radar intensity, and rainfall
obtained from optical and radar satellite images were normalized and integrated using
AHP-weighted overlay techniques. The fusion was done using the eleven evidential maps
through the GIS-based overlay approach to demarcate promising areas of groundwater.
The obtained GWPZs map was then grouped into five classes, i.e., very high, high, mod-
erate, low, and very low potentiality. These areas cover 10.32%, 24.98%, 30.47%, 24.02%,
and 10.20%, respectively, of the study area. Overall, probing areas of GWPZs is helpful to
decision-makers of the study area, who are considering sustainability.
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Appendix A

Table A1. Morphometric parameters of Wadi El-Tarfa.

Basin# U-
Order Nu Lu Area

(km2) P (km) Lb
(km) Rb Re Rf Rc Rt Fs Dd Lg If Bh

(km) Rh Rn Cm W

1 5 403 469.10 301.93 146.68 41.04 4.30 0.48 0.18 0.18 2.75 1.33 1.55 0.32 2.07 0.26 0.01 0.40 0.64 14.19

2 5 469 588.46 387.68 141.07 35.89 4.54 0.62 0.30 0.24 3.32 1.21 1.52 0.33 1.84 0.27 0.01 0.41 0.66 16.71

3 5 812 952.20 599.45 191.78 44.01 5.09 0.63 0.31 0.20 4.23 1.35 1.59 0.31 2.15 0.38 0.01 0.61 0.63 19.25

4 6 624 775.99 492.72 173.37 38.91 3.79 0.64 0.33 0.21 3.60 1.27 1.57 0.32 1.99 0.38 0.01 0.60 0.63 19.02

5 6 681 832.26 533.35 177.33 42.77 3.74 0.61 0.29 0.21 3.84 1.28 1.56 0.32 1.99 0.41 0.01 0.64 0.64 18.72

6 5 526 642.08 361.41 144.44 17.65 4.50 1.22 1.16 0.22 3.64 1.46 1.78 0.28 2.59 0.40 0.02 0.71 0.56 32.26

7 6 775 886.75 559.80 181.24 35.71 3.80 0.75 0.44 0.21 4.28 1.38 1.58 0.32 2.19 0.67 0.02 1.06 0.63 22.63

8 5 270 318.49 198.50 131.28 34.82 4.05 0.46 0.16 0.14 2.06 1.36 1.60 0.31 2.18 0.48 0.01 0.77 0.62 11.24

9 5 495 642.66 390.41 193.40 53.41 4.58 0.42 0.14 0.13 2.56 1.27 1.65 0.30 2.09 0.52 0.01 0.86 0.61 15.81

10 6 717 858.52 537.91 160.51 27.04 3.64 0.97 0.74 0.26 4.47 1.33 1.60 0.31 2.13 0.40 0.01 0.64 0.63 28.27

11 6 746 918.95 567.57 165.66 33.29 3.84 0.81 0.51 0.26 4.50 1.31 1.62 0.31 2.13 0.23 0.01 0.38 0.62 33.98

12 5 840 963.70 559.43 318.50 84.96 5.18 0.31 0.08 0.07 2.64 1.50 1.72 0.29 2.59 0.28 0.00 0.49 0.58 13.23

13 6 447 556.70 344.05 167.99 36.56 3.49 0.57 0.26 0.15 2.66 1.30 1.62 0.31 2.10 0.27 0.01 0.44 0.62 18.32

14 5 752 952.81 535.75 213.08 43.26 5.16 0.60 0.29 0.15 3.53 1.40 1.78 0.28 2.50 0.25 0.01 0.45 0.56 18.53

15 6 362 429.79 256.57 183.20 44.08 3.41 0.41 0.13 0.10 1.98 1.41 1.68 0.30 2.36 0.19 0.00 0.32 0.60 10.06

16 5 197 241.33 139.73 111.35 28.67 3.69 0.47 0.17 0.14 1.77 1.41 1.73 0.29 2.43 0.32 0.01 0.55 0.58 9.30

17 4 72 98.61 52.07 68.98 16.18 3.89 0.50 0.20 0.14 1.04 1.38 1.89 0.26 2.62 0.20 0.01 0.38 0.53 6.40

18 5 188 265.06 149.97 97.85 26.00 3.66 0.53 0.22 0.20 1.92 1.25 1.77 0.28 2.22 0.25 0.01 0.44 0.57 8.78

19 5 452 615.83 347.69 185.91 49.38 4.35 0.43 0.14 0.13 2.43 1.30 1.77 0.28 2.30 0.31 0.01 0.55 0.56 12.83

20 5 364 443.10 251.98 142.73 36.76 4.27 0.49 0.19 0.16 2.55 1.44 1.76 0.28 2.54 0.19 0.01 0.34 0.57 11.04

21 4 199 264.88 142.94 110.19 26.42 6.14 0.51 0.20 0.15 1.81 1.39 1.85 0.27 2.58 0.25 0.01 0.46 0.54 9.29

22 6 1202 1503.34 790.38 216.23 39.33 3.97 0.81 0.51 0.21 5.56 1.52 1.90 0.26 2.89 0.26 0.01 0.50 0.53 28.40

23 6 1030 1109.50 679.14 285.34 65.66 4.01 0.45 0.16 0.10 3.61 1.52 1.63 0.31 2.48 0.20 0.00 0.33 0.61 16.23

24 6 1096 1244.68 715.30 225.40 48.45 3.93 0.62 0.30 0.18 4.86 1.53 1.74 0.29 2.67 0.25 0.01 0.43 0.57 26.58

25 5 411 422.21 262.08 140.21 30.98 4.28 0.59 0.27 0.17 2.93 1.57 1.61 0.31 2.53 0.16 0.01 0.26 0.62 19.43

26 5 683 781.07 453.86 187.74 39.69 4.84 0.61 0.29 0.16 3.64 1.50 1.72 0.29 2.59 0.32 0.01 0.55 0.58 19.15

El-Tarfa 7 4749 10,597.40 10,611.68 962.35 177.89 3.97 0.65 0.34 0.14 4.93 0.45 1.00 0.50 0.45 1.24 0.01 1.23 1.00 123.81
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Appendix B

Table A2. Calculating runoff of Wadi El-Tarfa.

Basin # Rt Rb Lg Re Rf Rc Fs If Bh Rh Rn Runoff
Weight

1 2.51 3.69 1.46 1.73 1.38 2.93 2.39 1.90 1.76 1.67 1.71 23.13

2 3.02 3.34 1.00 2.35 1.83 4.58 1.00 1.00 1.83 1.91 1.73 23.59

3 3.83 2.54 1.88 2.39 1.86 3.62 2.62 2.19 2.72 2.15 2.72 28.52

4 3.26 4.43 1.72 2.46 1.92 3.64 1.63 1.60 2.74 2.40 2.71 28.51

5 3.48 4.50 1.54 2.31 1.79 3.82 1.75 1.59 2.95 2.34 2.89 28.96

6 3.30 3.41 3.88 5.00 5.00 3.92 3.74 3.84 2.85 5.00 3.23 43.17

7 3.86 4.43 1.83 2.92 2.34 3.84 2.95 2.35 5.00 4.23 5.00 38.75

8 1.90 4.06 2.07 1.63 1.32 2.17 2.68 2.31 3.48 3.19 3.52 28.33

9 2.34 3.28 2.54 1.46 1.22 1.84 1.65 1.95 3.82 2.38 3.98 26.46

10 4.03 4.65 1.97 3.90 3.43 5.00 2.37 2.10 2.85 3.39 2.87 36.56

11 4.06 4.36 2.24 3.19 2.61 4.94 2.17 2.10 1.56 1.81 1.58 30.62

12 2.41 2.41 3.35 1.00 1.00 0.36 4.26 3.84 1.95 1.06 2.13 23.77

13 2.43 4.87 2.23 2.15 1.66 2.37 2.00 2.01 1.86 1.90 1.89 25.37

14 3.20 2.43 3.90 2.29 1.77 2.26 3.16 3.50 1.72 1.58 1.95 27.76

15 1.83 5.00 2.86 1.43 1.20 1.00 3.24 3.00 1.22 1.26 1.29 23.33

16 1.64 4.59 3.40 1.67 1.34 2.10 3.23 3.27 2.24 2.66 2.45 28.59

17 1.00 4.29 4.93 1.84 1.45 2.00 2.93 3.96 1.31 2.92 1.60 28.23

18 1.78 4.63 3.80 1.96 1.53 3.42 1.49 2.44 1.68 2.34 1.89 26.96

19 2.23 3.61 3.83 1.50 1.24 1.73 2.01 2.77 2.18 1.67 2.45 25.22

20 2.33 3.74 3.71 1.77 1.40 2.43 3.62 3.67 1.24 1.45 1.39 26.75

21 1.68 1.00 4.58 1.87 1.47 2.25 3.04 3.82 1.68 2.31 2.00 25.7

22 5.00 4.17 5.00 3.19 2.60 3.80 4.47 5.00 1.79 1.74 2.18 38.94

23 3.27 4.12 2.40 1.59 1.30 1.21 4.42 3.43 1.30 1.00 1.33 25.37

24 4.38 4.24 3.53 2.37 1.84 2.94 4.60 4.14 1.68 1.42 1.85 32.99

25 2.67 3.72 2.14 2.22 1.72 2.72 5.00 3.61 1.00 1.45 1.00 27.25

26 3.30 2.90 3.34 2.29 1.78 2.58 4.29 3.85 2.25 2.03 2.45 31.06

Abbreviations: U—stream order; Nu—sum of streams; Lu—sum of stream lengths; P—perimeter; Lb—basin
length; Rb—mean bifurcation ratio; Re—elongation ratio; Rf—form factor; Rc—circularity ratio; Rt—drainage
texture; Fs—stream frequency; Dd—drainage density; Lg—length of overland flow; If—infiltration number;
Bh—basin relief; Rh—relief ratio; Rn—ruggedness no.; Cm—maintenance coefficient; w—width.
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