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ABSTRACT

In water budget assessment, evapotranspiration (ET) proved as one of the most significant features
whose reputation boosts in arid climates. Indirect approaches to estimate ET are complex in their
calculation requiring different algorithms but an indirect approach was taken in this study which
enables us to develop relationships, which are less complex and less time-consuming. In this study,
an association between ET, observed by the Global Land Data Assimilation System of National
Aeronautics and Space Administration and vegetation indices (VI) taken by Landsat 8 images
were generated. Quarterly images were taken for the period of two years (2018-2019) to make an
empirical relationship by linear regression analysis between ET and VI's specifically named as,
soil adjusted vegetation index (SAVI), normalized difference vegetation index (NDVI), and nor-
malized difference water index (NDWI). The resultant equation represents the relationship in
terms of R? enabling to evaluate each index with ET. NDVI was found averagely associated with ET
estimation because of its low regression value, in general, it goes minimum up to 0.56 for August
2019. However, it remains approximately consistent between 0.60 and 0.65 for all month except
October 18 in which its values go to 0.72. Similarly, SAVI was also analyzed and got much better
correlation for both years sustaining near or above 0.65 with a maximum value of 0.78, so this index
performed well then NDVI. Likewise, to other indices, NDWI was also studied and got very splen-
did results of correlation than other two indices. This index sustains its values of R* among 0.85-0.91
for maximum months of the years indicating its highest relationship with ET. It can be concluded

that NDWI derived relations were more promising than the other two for ET calculation.
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1. Introduction

Evapotranspiration (ET), which involves the process of
moisture transfer from the earth-cum-plants to the biosphere
throughout the day and night, is one of the fundamental
processes in integrated water management. ET is caused
by a differential in vapor pressure between the non-boring
atmosphere and the evaporating surface. The phenome-
non of ET also considered a fundamental part of consump-
tive use estimation in the field of agriculture. In the same
manner, estimation of ET directly relates to water use effi-
ciency, enhancing its importance in water resources [1]. The
introduction of ET into the hydrologic cycle is influenced
by local weather variables such as radiation, ambient tem-
perature, soil moisture, wind speed, rainfall, and humidity
[2]. Techniques to estimate ET mainly of field scale includ-
ing, pan evaporation, Penman—-Monteith, eddy covariance
(EC), and lysimeter systems [3]. These field procedures
have different constraints like expensiveness to setup espe-
cially in underdeveloped areas, also in those areas where
the weather condition is severe. Other than these direct
estimations indirect techniques are there which involve
empirical approach of ET calculation by providing the
ability to overcome the limitation which came in the direct
ET estimation and also such type of work does not require
global scale parameters. Empirical approaches are primarily
based on the notion of energy balance, which may be bro-
ken down into three basic components: temperature, solar
radiation, and empirical approach equations. Although,
these techniques have the accuracy of estimation but such
methods are not capable of providing data with capability
of fine spatial and temporal resolution, specifically where
climate is harsh [4]. Remote sensing (RS) techniques have
been proven to be very promising as a result of these factors,
particularly because studies have introduced a wide range
of wave bandwidths [5-7]. Satellite-based remote sensing
provides high special and temporal resolution, so their
use in estimation of ET enhances data measurement accu-
racy for other hydrological processes. Similarly, the Global
Land Data Assimilation System (GLDAS) was established
to obtain better accuracy in findings by combining ground
and satellite observation. This setup combines a model of
the land surface as well as ground simulation procedures
to offer flux of the land surface and their states [8]. GLDAS
provide data with spatial resolution of 0.25° and temporal
resolution of 3 h to overcome various limitation in direct
ET measuring practices. The assimilation data have already
been used for water shortage studies by many research-
ers [9,10]. Validation of evapotranspiration of GLDAS
was practiced by Hongwei for the river basin of Heihe in
which he integrates Taylor equation with Ts-NDVI [11-13].

Vegetation indices (VI), which are based on green plant
density, are another method of forecasting ET [14]. These
indices employ visible and infrared bands with wave-
lengths ranging from 850 to 850 nm, which are commonly
found on satellite products [15]. Numerous investigations
were conducted to examine the relationship between
VI and ground parameters such as ET and crop coeffi-
cient (Kc) from ground level to big scale satellite [16,17].
The main objective of VI relation is to enforce the argu-
ment that ET can be measured by alternative technique of
VI as per indicated in preceding researches. Normalized

difference vegetation index (NDVI) act as vegetation indi-
cator which can be measured by numerous techniques of
remote-sensing providing traces to approximate ET. NDVI
has a strong linkage to calculate different parameters, like
fractional vegetation cover which helps in finding ET for
mixed landscape [18,19]. Higher values of NDVI indicate
higher stomatal activity which indirectly indicates the
higher level of vegetation, while by longer study it can
estimate the crop yield and drought assessment [20,21].
It also used to derive crop coefficients for different agri-
cultural fields which helps to determine water stress con-
ditions [22,23]. The empirical relationship between NDVI
and reference evapotranspiration was constructed and
validated, yielding strong linear regression coefficients
[24]. Satellites from which direct ET has been computed is
off larger pixel extent which covers large spatial area, so
instead of this, Landsat 8 satellite provides resolution of
30 m x 30 m with near-infrared (NIR) and red band pro-
viding high spatial resolution value of NDVI [25]. So, the
relation among courser and high pixel products could lead
to a better result in water management. Normalized differ-
ence water index (NDWI) have strong relativeness to plant
water content which leads to estimate plant water stress
[6,26]. According to Jovanovic et al. [25], who researched
the relationship between NDWI and ET using several
remote sensing techniques and validating them with
ground measurements in 2014, the co-relation coefficient
can reach 0.90, suggesting their substantial relativeness
[27]. Soil adjusted vegetation index (SAVI) had been devel-
oped to reduce the impact of soil brightness. Generally,
a correction factor of 0.5 has been considered for normal
environmental conditions, while it may vary on provisional
basis. In a comparative study of VI in the Kuwait region
0.9 value was proposed [28]. Caturegli et al. [24] analyzed
ET_, relations with several VIin 2019 and discovered a very
promising correlation, from which SAVI performed con-
siderably better and gave R? of 0.90. Likewise, Chowdhury
and Al-Zahrani [29] also researched the linkage between
ET and different VI's for the area of Southwestern
USA and resulted in a high correlation among each
other and similar researches can be seen in these articles.
The major goal of this study is to look at the relation-
ship between three main indices (NDVI, NDWI, and SAVI)
obtained from Landsat 8 and the GLDAS based ET model.
The novelty of this study is to seeks understanding of sea-
sonal behavior of the ET-VI relationship in arid climates and
to determine which index perform well in temperate cli-
mates. This study will also encourage the use of relational
estimation of ET rather than sophisticated energy balance
calculations [42]. For further research, various combinations
of indices can be used to find strong relativeness with ET.

2. Material and methods
2.1. Study area description

Saudi Arabia (24°N, 45°E) is largest state situated of
western Asia. This country has 2.15 million km? with very
minor (112 mm/y) amount of precipitation [30]. Cereals,
vegetables, and fodder crops, primarily alfalfa, make up the
majority of kingdoms crops.
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Saudi Arabia’s water demand is extremely competi-
tive, with agricultural accounting for 83%-90% of total
demand [31]. Therefore, non-precise application of water
could lead to water unbalance among different sectors,
for that (ET) can play a vital role [30]. The selected area
is located in north-western part of Saudi Arabia between
29°-32° N to 36°-40° E and one of the highly agricultural
province named Al-Jawf [32]. Most of the area has been
cultivated under center pivot irrigation system by commer-
cial growers (Fig. 1). Developed techniques such as center
pivot have increased the agricultural area in this region
from zero to 1,500 km? in a few years, primarily irrigated
by groundwater, and the province has cultivated more
than 0.8 million ha of alfalfa, accounting for 54% of total
alfalfa cultivated in Saudi Arabia [33].

2.2. Methodology

The main data sets were acquired from Landsat 8
OLI satellite and GLDAS. Geological Information System
(GIS) based ArcMap 10.6 software was used to process all
images and perform raster calculations.

Pre-processing included importing appropriate file for-
mats, sub-setting band layers, and re-projecting all of the
imagery. Then, using the techniques outlined in section
2.3.2, vegetation indices (NDVI, SAVI, and NDWI) were
generated. Sample values were then extracted for statistical
analysis and estimation of agreement between both variables
(Fig. 2 representing general methodology).

2.3. Data description and collection
2.3.1. Global Land Data Assimilation System

This system is ajoint collaboration between the National
Aeronautics and Space Administration (NASA), National
Oceanic and Atmospheric Administration (NOAA),
National Centers for Environmental Prediction (NCEP).
GLDAS provides global data with a wide range of variables
at high resolution by combining satellite and ground obser-
vation data with a land surface model and data assimilation
approach. The above technique been used in simulation
of water flux and energy balance among the atmosphere
and land surface [8]. Datasets for this study were obtained
from the Goddard Earth Sciences Data and Information
Services Centre (GES DISC) website, which provide
GLDAS NOAH 025 3H v2.1 evapotranspiration at spatial
resolution of 0.25° with 3 h interval in GeoTIFF format on
which the VI's was calculated (website: https://giovanni.
gsfc.nasa.gov, accessed on October-2020). After obtaining
the data then converted to mm/d for batter comparison.
Because of insufficient monitoring of ET, it’s estimation at
a regional scale is problematic. In this case, satellite-based
remote sensing is typically utilized to calculate energy
balance based on surface temperature measurements [34-
36]. In this approach, a satellite called Gravity Recovery
and Climate Experiment (GRACE) was used to estimate
water storage with a difference of 30-d observation and
implemented to drainage basin water balance equation as
given:

Source: Esfl, MaxaiNGeo
oo graphics, GNESIAN
GS,

. AeroGRID, IGN, 2
Gommunity s
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Fig. 1. Study area in Al-Jawf Province, Saudi Arabia.
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Storage is represented by S, precipitation by P, evapo-
transpiration by ET, and basin discharge by Q, which is the
integral of the observation time. As a result of the simplifica-
tion, the equation may be written as:

1 N D2+n-1

AS=5> 3 (R-ET,-Q) @)

n=1d=D1+n

where AS indicates variation in water storage on average
basis, N is number of observing days, D,d represents first
and observation day respectively. Owing to non-consecutive
and varying length of GRACE Eq. (2) would be expanded as:

D+N—1d_D D-1
AS= Y — (P,-ET,-Q,)+ Y, (P,—ET,-Q,)
d=D d=D+N
D+N-1 D+N—d
+ ;) (Pd—ETd—Qd)T 3)

In order to attain ET, Eq. (3) must be divided by effec-
tive observation days N [Eq. (4)]. As, AS approximate the
variation in storage by GRACE satellite but normally it’s not
used in hydrology, due to this model was made for identi-
cal GRACE periods by equating the right side of Eq. (5)
divided by N, with the P and Q terms set to zero.

N, -1 N, -1
N:{(2)+[Dz—(D2+N1)]+(2)} @)
1 2.2 212 2 2
VET=7p_Q_AS\/Vp PP+ V2QR + VEAS ®)

where V. indicates the relative error with 95% confidence
interval, V, AS represents absolute error of monthly water
storage by GRACE. It also comprises of errors coming from
GRACE instrument and signal retrieval, atmospheric mass
variation and leakage.

2.3.2. NDVI, SAVI & NDWI by Landsat 8

The remote sensing images of Landsat 8 were acquired
from United States Geological Survey (USGS) website for
2018-2019 (website: https://earthexplorer.usgs.gov, accessed
on October-2020). It was priorities to select no cloud images
for study to avoid image corrections. The images taken
by the satellite (Landsat 8) have fine spatial resolution of
30 m x 30 m with temporal resolution of 8 d. All images were
acquired with row 37 and path 172 with WGS-1984 projec-
tion system. Furthermore, time of acquisition, cloud cover,
sun elevation is presented in Table 1.

NDVlIis a widely used for water resource and hydrologic
applications, with values range between +1 to -1, indicating
area covered by vegetation and non-vegetative proportion
respectively. Some of the negative values can be observed
for NDVI which might indicate water bodies, cloud cover,
complete desert, or snow [37]. Spectral response of soil
with barren lands and rocks normally approaches to zero
[38,39]. This index can be calculated by the reflectance of the
near-infrared and red band using the following equation:

NDVI = pNIR —-pRed ©)
pNIR +pRed

Likewise, to NDVI, another index namely SAVI was
used in the research which decreases reflectance of soil
influence on vegetation. This index enables the researchers
to develop a global model for the dynamic soil-vegetation
system and can be calculated by using the formula [35]:
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Table 1
Satellite image parameters
Image number Parameters
Satellite Date Sun elevation (°) Time (GMT)
1st 09-01-18 33.99 7:59
2nd 14-03-18 50.64 7:58
3rd 04-07-18 67.90 7:58
4th 08-10-18 48.40 8:05
5th Landsat 8 11-12-18 34.44 7:59
6th 18-04-19 62.33 7:59
7th 07-07-19 67.79 7:59
8th 09-09-19 58.82 8:00
9th 30-12-19 33.57 7:53
PNIR — pRed NDVI values while .surrounding .neg.ative Valy?s indicatir}g
SAVI=—"——— " — (1+L) (7)  the strong desert climate. The scientists classified NDVI in

pNIR + pRed + L

where p is spectral reflectance of Landsat image band and
L is the constant factor. NDWI is the third index which have
been used to estimate ET and it found suitable to identify
water within an image. This index also ranges between
+1 to -1, where higher values representing water-logged
areas and the lower values associated with vegetation cover
[40]. Landsat 8 have band 3 (green) and band 5 (NIR) which
are used in the NDWTI calculation as indicated in Eq. (3).

NDWI = Ps =P (8)
pG + pNIR

where p is spectral reflectance of Landsat image, G rep-
resents band 3 (green) while NIR (near infrared) as band 5.
The relationship between vegetation indices and evapotrans-
piration were analyzed with 9 quarterly images (2018-2019).
Regression analysis was performed using Eq. (9) for all the
images and indices, by taking numerous random points to
understand the relation among ET and vegetation indices in
ArcGIS 10.6 software.

Y=a+pxX O

where Y representing dependent variables (NDWIL, SAVI,
NDVI), B is slope, X is independent variables (evapotrans-
piration) and o is intercept. The intercept can be removed
by set intercept and get relation between two different vari-
ables and Pearson’s correlation was also computed using
Microsoft-Excel 2018.

3. Results
3.1. Relational study of NDVI and ET

NDVI and ET was calculated as per discussed technique
in methodology section and regression analysis was found
for all the images. Fig. 3 represents the spatial distribution
of NDVI for images of 2019, illustrating the concentration of
vegetation in study area. Most of the vegetation cover was
found in the central and north-eastern part as per higher

different categories but most of them indicated two major
divisions: vegetation cover with positive values (>0.19) and
negative pixels with non-vegetation [41].

The maximum NDVI values were evident through-
out the timespan associating lush green vegetation in the
selected areas [42]. Detailed maximum and minimum val-
ues of all seasons NDVI are presented in Table 2. In every
year, values increased during summer while it reduced
somehow in winter season [43].

Likewise, the minimum (negative) values got their peak
in summer and lowest in winter, which mainly due to strong
arid climate (desert) of the region [37]. Also, most of the
study area cultivated under high efficiency irrigation system
due to which, vegetative proportion (positive values) get
approximately constant. However, due to non-availability
of water in other parts of study area, reduction of vegetative
proportion (high negative value) was resulted, especially in
summer when no rainfall occurs [44].

3.1.1. Regression analysis of NDVI and ET

The relationship between NDVI and ET was investi-
gated by regression and correlation of all selected images.
Specific trend was observed which varies throughout
the year with a maximum value of R? (0.72) in October-18
and minimum of 0.56 for December-19. In winter sea-
son, R? values remains at 0.61 and 0.57 for both the years,
though it got increased to 0.63 and 0.62 in spring respec-
tively. Likewise, to spring season, regression value did not
exceed in summer and gone upto 0.62 and 0.60 in both years.
However, in autumn regression values gone to 0.72 and
0.67 which was the highest during complete study period
(Fig. 4). Overall, the association between both the variables
remains consistent up to the mid of the year and then gets
enhance in the end. Generally, the relation between NDVI
and ET sounds good for the whole period which indicates
that this study can be used for approximation purposes.

3.2. Relational study of SAVI and ET

The study area mostly consisted of desert, which implies
higher reflectance from the soil causing inverse impact on
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Fig. 3. NDVI map of study area for images of 2019.

Table 2

Maximum and minimum values of NDVI for all images
Acquisition Date NDVI values

NDVI NDVI__

09-01-18 -0.12 0.52
14-03-18 -0.23 0.63
04-07-18 -0.11 0.55
08-10-18 -0.036 0.57
11-12-18 -0.33 0.55
18-04-19 -0.28 0.63
07-07-19 -0.046 0.67
09-09-19 -0.08 0.63
30-12-19 -0.19 0.54

reflected digital number (DN) [45]. In order to account for
bare soil, correction factor (L) was taken as 0.5 as suggested
by numerous researchers for different vegetation covers [46].
Graphical representation of SAVI maps indicated higher
values in the central and north-eastern part of study area,
however some traces was also seen in the north-western side
as shown in Fig. 5. The index showed highest values in the

month of march and April 2018-2019 while minimum for
January-18 respectively.

On average basis, vegetation part presented SAVI index
approximately 0.8 indicating healthy vegetation in the area
[47]. Meanwhile most pixels other than vegetation area have
negative value which depicts the complete bare soil [48].

Detailed values of SAVI and difference between
NDVI and SAVI are presented in Table 3. The maximum
value difference of NDVI-SAVI showed average value of
0.29 showing stronger influence on DN values, likewise
NDVI-SAVI (min) presented much lower difference, exhib-
iting no effect of SAVI on complete bare soil [49,50].

3.2.1. Regression analysis of SAVI and ET

SAVI index consider the soil reflectance due to which
batter values of regression were observed for whole
period than NDVI. SAVI remain consistent for most of
the images with maximum values of R* = 0.78 for octo-
ber-18 and minimum 0.59 in December-2018. In summer
and spring season regression behavior was same (~0.65)
for both years however for winter it enhanced little to 0.67
(Fig. 6). Collectively, SAVI showed better behaviors with
ET than NDVI because of its consistency and higher value
for all months (>0.60). Regression analysis of NDVI and
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Fig. 5. SAVI map of study area for 2019 images.

Table 3

Maximum and minimum values of SAVI and their difference with NDVI for all images

Acquisition date SAVI SAVI_ NDVI-SAVI__ NDVI-SAVL -
09-01-18 -0.18 0.79 0.27 0.06
14-03-18 -0.34 0.94 0.31 0.11
04-07-18 -0.17 0.83 0.28 0.06
08-10-18 -0.05 0.85 0.28 0.014
11-12-18 -0.49 0.82 0.27 0.16
18-04-19 -0.42 0.98 0.35 0.14
07-07-19 -0.07 0.93 0.26 0.024
09-09-19 -0.12 0.94 0.31 0.04
30-12-19 -0.28 0.81 0.27 0.09
Average -0.23 0.87 0.29 0.078

SAVI indicated that SAVI has a more positive relationship
with evapotranspiration, mostly due to the soil correction
factor (0.5) used in its formula [46]. Decent behavior was
also due to the fact of healthy crop under Center Pivot
Irrigation System which accurately resembles the reflec-
tance from vegetation. Likewise, relation of SAVI was
precise just because of same crop, it may vary for mixed
landuse-landcover (LULC) [51]. Consequently, the relation

of NDVI could be wider in its application because of its
non-dependency on same LULC type [37].

3.3. Relational study of NDWI and ET

NDWTI is known for its considerable relationship with
water stress of plant, so it provide a good proxy to plant
water deficiency [50]. The detection values for index ranges
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NDWI (July-2019)

Fig. 7. NDWI map of study area for 2019 images.

between +1 to -1, if NDWI > 0 then it indicates water con-
tent, while NDWI < 0 directs the non-water content [52].
In the study area, central parts where vegetation exists
showed negative values representing water stress conditions
except April which may be due to precipitation events, while
surrounding pixels was approximately 0 indicating no water
body existence (Fig. 7).

By observing the maximum and minimum values of all
months we can access those positive values was lower in
the summer season while it enhanced for winter (Table 4).
Likewise, negative values were observed on the vegetation
cover which remain almost consistent for all seasons indicat-
ing that vegetation cover was not under stress and remain
same [52].

3.3.1. Correlation between NDWI and ET

NDWTI indicated higher regression values throughout
the study period. The spring and autumn of 2018 showed
highest regression value (0.90) among whole study period.
However, winter and summer season showed slight dec-
rement (R?> = 0.85) but overall good correlation between
NDWTI and ET.

Likewise in 2019 summer and winter season behave alike
(0.85) to preceding year but image from July and September
presented some decline to 0.71 and 0.64 respectively (Fig. 8).

Legend Legend
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Table 4
Maximum and minimum values of NDWI for all images

Acquisition date NDWI values
NDWI__ NDWI__

09-01-18 -0.11 0.45
14-03-18 -0.56 0.14
04-07-18 -0.51 0.04
08-10-18 -0.52 0.03
11-12-18 -0.48 0.30
18-04-19 -0.57 0.22
07-07-19 -0.59 0.06
09-09-19 -0.57 0.07
30-12-19 -0.48 0.19

Generally, NDWI performs much better for both the years
with overall average regression value of 0.85, indicating
more promising relation with evapotranspiration than
NDVI and SAVI. NDWI is sensitive to stomatal conductance
of plant so its use in water content estimation seems more
promising, therefore it performs well in dense vegetation
of desert climate [53]. NDVI provide evidence of chloro-
phyll content while NDWI enable to retrieve information of
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Fig. 9. (a) Map representing evapotranspiration based on NDVI-ET relationship, (b) SAVI-ET relationship and (c) NDWI-ET

relationship.

water content within the vegetation therefore it performed
well than other indices [54].

Regression model can be applied to estimate fine resolu-
tion ET as shown in Fig. 9. Vegetation indices showed prom-
ising results due to the homogeneity of the crop, covering
nearly 60% area with alfalfa and it may reduce for mixed
crops. This approach could be very useful in arid climate
where plant transpiration dominates.

4. Discussion

Variation in indices is caused by a variety of factors,
including meteorological conditions, vegetation propor-
tion, crop kind, soil moisture condition, and vegetation
reflectance. The correction factor (0.5) used in SAVI's for-
mula and the fact that most of the study area was covered
with alfalfa crop under Center Pivot Irrigation System
accurately resembled the spectral response. Regression
analysis of NDVI and SAVI revealed that SAVI has a
stronger positive relationship with ET. However, this rela-
tionship may be precise just for such a certain crop and
location, but because it varies, the percentage of accu-
racy may be thrown off. As a result, because NDVI is not
dependent on vegetation cover or kind, its use may be

broader. Similarly, canopy conductance is important in the
utilization of VI-based ET, which must remain constant
[55]. This can only be accomplished by applying consis-
tent water to the crop, which is met in the current study
region due to a high-efficiency irrigation system, result-
ing in a positive relationship. Because of the dominance
of plant transpiration and the less wet condition of the soil
in arid climates, this strategy could be highly effective.
Vegetation indices showed very promising results in this
study mainly due to the homogeneity of the crop, which
have been covered with alfalfa for more than 60% of the
selected area and this precision may reduce for mixed
crops due to difference in soil heat flux (Gn). Similar to the
VI-ET estimation normally affected by the satellite mea-
surement because of technique by which image acquisition
have done, it’s been taken for an instance and projected to
the whole day, or even part of the day (morning, evening
or mid of day). Hence, appropriate understanding must
be needed for promising estimation wither direct or by
VI's. NDWI known for strong relation with water stress of
plant leaves, so it provides good proximity to plant water
deficit and normalness. The research region is completely
under arid conditions, with only a little limited amount of
flora existing within the field. Also, because evaporation
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has a very low impact outside of the field area, so the left
factor is transpiration, so the NDWI for water content in
the leaves dominates more, indicating its ET interdepen-
dency for arid climate, which is the main reason why this
index leads more in the study. Moreover, NDWI values
provide quicker response to the crop water condition than
NDVI due to the reason that NDVI has limited capability
of water content retrieval information and only provide
information of chlorophyll content with no information
regarding water quantity within the vegetation.

New satellite sensors with higher spatial and spectral
resolution may enhance these relationships and can improve
assessment of ET which will assist the farmers about more
accurate irrigation management. VI studies for varied crop
conditions must be conducted so that long-term evapotrans-
piration may be calculated on a global scale and used in
regional and global models.

5. Conclusion

This study mainly focused on the strength of relationship
between GLDAS estimated evapotranspiration and Landsat
8 based vegetation indices. As, for the study region three
main vegetation indices were selected namely, NDVI, SAVI,
and NDWI. Evaluation in this study indicated that NDVI was
the least associated with evapotranspiration however, SAVI
behaves better throughout the study period. Most promising
results were obtained by NDWI which sustains the relation-
ship above 0.85 for most of the images. Hence, it is recom-
mended that for the arid climate like Al-Jawf where dense
vegetation was present, the most reliable relationship of
vegetation index to estimate ET by Landsat 8 is NDWI. This
study provides a better ability to get ET with relational work
rather than complex indirect techniques.

As future perspectives, new sensors with higher spatial
and spectral resolution (UAV’s) may enhance relationships
to estimate evapotranspiration indirectly. Similarly, studies
based on VI's has to be performed for mixed LULC, so that
it can be implemented on a global scale. In further studies
reflectance indices, especially lies under thermal infrared
band (NIR) of Landsat 8 can provide canopy temperature and
may provide good relationship. Moreover, vegetation can-
opy transpiration index (VCTI) can play vital role in excellent
correlation estimation with plant evapotranspiration.
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