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Abstract— Indonesia has rainy and dry seasons sequentially from April to October and October to March. In the dry season, water 

availability in the soil gradually decreases, especially from June to October, when the peak of drought occurs, causing many agricultural 

lands to be left uncultivated. However, a small portion of agricultural land can still be planted for crops such as maize and groundnut. 

However, limited water availability causes crop growth to be disrupted because the amount of water absorbed by crop roots is less than 

the amount of evapotranspiration water. Therefore, an accurate evapotranspiration estimation technique is needed to make the water 

supply efficient. This study aims to evaluate the reliability of the technique of estimating crop coefficient (Kc) of maize and groundnut 

and temperature at the research location. A linear relationship between the Normalized Difference Vegetation Index (NDVI) from 

sentinel two imagery and Kc-FAO was used to estimate Kc. Meanwhile, a linear relationship between LST from Landsat 8 imagery and 

the results of interpolating temperature data from 4 climatological stations were used to estimate the temperature at the research site. 

The results of estimation showed that Kc of maize and groundnut were very accurate with the determinant coefficients (R2) respectively 

0.8791 and 0.9352. This is similar to the results of the temperature estimation of the research location, showing a very accurate R2 is 

0.9073. The results of this study are expected to be used for future research to improve water crop management. 
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I. INTRODUCTION

The dry season in Jember Regency, Indonesia, happens 

from June to October. Farmers crop corn and groundnuts in 

the dry season, considering that these two crops do not require 

much water (stagnant water). However, the calculation of water 

needs to be considered so that the water supply for crops is efficient. 
The limited availability of water in the soil will cause the 

growth of corn and groundnuts to be not optimal because of 

the inhibition of leaf stomata opening, which impacts crop 

metabolism and physiological processes. On the other hand, 

excessive water supply will decrease crop growth and 
production processes. Considering that water resources 

decrease during the dry season, it is necessary to calculate 

water so that the water supply for crops is more efficient.  
The availability of water in the soil affects crop growth. 

Water functions as a constituent of the crop body, a solvent 

and a medium of biochemical reactions, a transport medium 

for compounds, a turgor for cells (indispensable for cell 

division and enlargement), a raw material for photosynthesis, 
and keeps crop temperatures constant. The availability of 

water in the soil is very dependent on rainwater. Part of the 

rainwater that falls on the ground becomes runoff, partly seeps 

into the ground, and is stored in it. However, the water in the 

ground will become more limited when the dry season arrives, 

and the rate of evaporation and transpiration increases.  

Evapotranspiration is a combination of evaporation and 

transpiration. Evaporation is the evaporation of water into the 

atmosphere through the soil surface, while transpiration is the 

process of evaporating water into the atmosphere through the 

stomata of living crops. Evapotranspiration in crops occurs 

due to climate change. This climate change is often identified 
based on the increase in temperature. Along with this increase 

in temperature, evapotranspiration also increases [1]. 

Evapotranspiration is also influenced by seasons, where for 

areas that experience flooding, the evaporation rate is higher 

when compared to areas with dry conditions [2]. On dry land, 

evapotranspiration is influenced by soil moisture, rainfall, and 

groundwater depth [3]. The duration of solar radiation, air 
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temperature, and wind speed also positively affect potential 

evapotranspiration, while relative humidity negatively affects 

potential evapotranspiration  [4]. Meanwhile, the factors that 

affect evaporation are temperature differences, irradiation 

time, wind speed, and rainfall [5] 

This evapotranspiration can be used to estimate crop water 

requirements. In the field of agricultural irrigation, 

evapotranspiration is divided into reference 

evapotranspiration (ETo) and crop evapotranspiration (ETc). 

ETo is atmospheric evaporation based on climatic parameters, 
while ETc refers to evapotranspiration from well-managed 

and well-watered land so that crops reach full production 

under certain climatic conditions [6]. ETo calculates crop 

evapotranspiration with single and multiple crop coefficients 

or the Shuttleworth-Wallace method [7]. 

The estimation of evapotranspiration can be done using 

empirical methods and the application of data analysis 

technology based on remote sensing. This remote sensing 

technology makes it easy to estimate parameters related to 

evapotranspiration [8]. Remote sensing can also be used to 

detect the status of water content in crops by calculating the 
visible and near-infrared (VIS/NIR) spectral index [9]. 

Several crop spectrum indices to estimate evapotranspiration 

include the Normalized Difference Vegetation Index (NDVI), 

Soil Adjusted Vegetation Index (SAVI), and Enhanced 

Vegetation Index (EVI). The spectrum index is often used to 

measure the absorption level of vegetation pigments 

(chlorophyll) in the red spectral area, and the level of 

reflection in the near-infrared spectral area is NDVI [10]. The 

NDVI principle relies on the fact that due to the spongy 

coating found on the backside, leaves reflect a lot of light in 

near-infrared, a stark contrast to most non-crop objects. When 
crops become dehydrated or stressed, the spongy layer floats, 

and the leaves reflect less NIR light but the same amount in 

the visible range. Thus, combining these two signals can 

mathematically help differentiate crops from non-crops and 

healthy crops from sick crops [11]. 

NDVI-based evapotranspiration estimation can be done by 

making a scatter plot as a triangle between the Land Surface 

Air Temperature (LST) and NDVI [12]. NDVI can also be 

used to estimate the value of crop coefficients (Kc) through 

the NDVI and Kc relationships from the ASCE 70 manual 

[13]. This study aims to evaluate the reliability of remote 

sensing-based crop coefficient estimation (Kc) and Land 
Surface Temperature (LST) in calculating crop 

evapotranspiration (ETc) on maize and groundnuts using 

Sentinel 2 and Landsat 8 Oli imagery. 

II. MATERIAL AND METHODS

A. Study Area

The research was conducted on agricultural land located in

Arjasa District, Jember Regency, East Java, Indonesia, with 

average rainfall from April to October of 84.71 mm (low 
rainfall). This condition causes limited water resources for 

irrigation, so some agricultural lands are left empty, and some 

others are planted with maize, groundnut, and other secondary 

crops. However, limited water resources can interfere with 

crop growth if the existing water resources are not managed 

properly. Therefore, accurate estimation of 

evapotranspiration and crop coefficients (Kc) will take a good 

solution to manage agricultural water resources well and 

efficiently.  

Fig. 1  Study area

B. Datasets

This study uses satellite image datasets, including Sentinel

2 and Landsat 8 Oli (Table 1), as well as temperature data. 

The data period of sentinel 2 was June 2020 to November 

2020. Sentinel 2 was used to calculate NDVI by utilizing band 

8 (NIR) and band 4 (red), and it has been widely used by 

researchers [14], [15], [16], [17].    Sentinel 2A and Sentinel 

2B were used in this study.  

TABLE I 

SENTINEL 2 AND LANDSAT 8 IMAGERY DATA 

No Recording 

date 

Satellite 

Name 

Using  

1. Jun. 24, 2020.

Jul. 4 and 24,
2020.

Sentinel 

2B 

NDVI analysis of maize 

crops   

2. Aug.8 and 18,
2020.

Sept. 17,
2020.

Oct 17. 2020

Sentinel 
2A 

NDVI analysis of maize 
crops   and groundnut crops  

3. Jul. 24, 2020

Aug.23, 2020

Sept.12, 2020

Oct.2, 2020

Sentinel 
2B 

NDVI analysis of maize 
crops and groundnut crops   

4. Apr. 26, 2020

May 5 to 12,
2020

Aug. 9 to 25,
2020

Sept. 10,
2020.

Landsat 8 Calculation of LST 

Table 1 above shows that the two sentinels are not much 

different except that the recording time at the same location 

has a difference of 5 days alternately [18]. Thus, the use of 

sentinels 2A and 2B together provides a greater opportunity 
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to observe the ground surface that is not covered by clouds 

[19]. Meanwhile, the Landsat 8 Oli and temperature data 

period is April 2020 to October 2020. The Data Landsat 8 Oli 

was used to calculate Land Surface Temperature (LST) [20]. 

The difference in data period of Sentinel 2 with Landsat 8 Oli 

and temperature was because the research location on Landsat 

8 imagery is covered in clouds, so a longer data period is 

needed to obtain many Landsat 8 Oli image data minimum 

required to result in temperature predictions with very good 

accuracy. The temperature data used to calibrate the LST 
value was the average temperature on 4 Meteorology, 

Climatology, and Geophysics Agency (BMKG) stations in 

Banyuwangi, Sumenep, and Malang Regencies. The average 

temperature data were interpolated using the kriging method 

to produce the average temperature data at the study site. 

C. Single Crop Coefficient (Kc) Transformation Using the

Normalized Difference Vegetation Index (NDVI)

Kc transformation using NDVI is carried out by looking for

the relationship between the NDVI generated from the NDVI 

map and the single crop coefficient (Kc) value from the FAO 

table. NDVI can be used to estimate the value of Kc in the 

field at all crop phases [21]. Previous research also stated that 

the NDVI value has a trend that tends to be the same as the 

Kc [22]. Based on this description, the relationship between 

Kc and NDVI in this study uses the Generalized crop 

coefficient curve for the single crop coefficient approach 

(Figure 2) [6].  

Fig. 2  The single crop coefficient approach from crop coefficient curve 

generalization 

Linear regression was used to know the relationship 

between NDVI and Kc [13], [23]. Meanwhile, the NDVI 

calculation using the sentinel 2 image is written in equation 1 

below. 

���� = ���	
����
���	���� (1) 

NIR and Red waves are selected in the NDVI calculation 

because leaf chlorophyll or pigment in leaves optimally 

absorbs light at a wavelength of 0.4 – 0.7 μm during the 

photosynthesis process. Meanwhile, the leaf cell structure 

strongly reflects NIR light at a wave of 0.7 – 1.1 μm [24].   

D. Transformation of Air Temperature Using Land Surface

Air Temperature (LST)

Landsat 8 has two thermal infrared bands suitable for the

Land Surface Air Temperature (LST) algorithm [25]. LST is 
important in hydrology, land cover, and global climate 

change. LST can be transformed using Landsat 8 band ten 

imagery. Metadata on the Landsat 8 band 10, namely thermal 

constant (K1 = 1321.08 and K2 = 777.89), rescaling factor 

(ML = 0.000342 and AL = 0.1), and correction value (Oi = 

0.29) are transformed into Brightness Air Temperature (BT) 

with equation 2 and  3 [26]. 

BT = ��
��[���

����]
− 273.15 (2) 

#$ = %&
 (�[�)*/����.��], (3) 

Ts is the LST in oC, � is the wavelength of light (10,895). 

The Peak Value of the atmospheric spectral light (L�) 

generated from the Landsat 8 Band 10 was converted to the 

TOA Radiance spectral spectrum using the luminous 

resistance factor with the equation from the U.S. webpage 

Geological Survey (USGS). 

-� = ./ ∗  1234 + 6/ − 78  (4) 

Qcal is a calibrated and quantized standard product pixel value 

(DN). Meanwhile, emissivity (��) [27]. 

  �� =  �9:9 +  �;�1 − :9� + <� (5) 

�v is the emissivity of the crop, �s is the emissivity of the soil,

d� is the effect of reflection on the earth’s surface (C = 0 for

flat surfaces) and C = 0.02 for forests.

:9 = � =>?�
 =>?�@
=>?�A
 =>?�@

�
�

(6) 

Pv is the proportion of NDVIv crops is 0.5, and NDVIs is 0.2 

for global conditions [28]. 

Previous research has shown a correlation between LST 

and air temperature [29]. Thus, the transformed LST from the 

Landsat 8 TIRS satellite image can be calibrated with air 

temperature to produce a calibration equation to calculate the 

LST data in the same period as the Kc data. Therefore, LST 
can be used to estimate the ETo value [30]. 

E. Estimation of Reference Evapotranspiration and Crop

Evapotranspiration

Estimating reference evapotranspiration (ETo) using the

Blaney-Criddle (BC) method. BC is very well used with very 

limited availability of climate data. The BC method was 

chosen because of its excellent performance in predicting 

evapotranspiration [31]. However, BC is not very accurate for 

predicting evapotranspiration with few parameters [32]. The 

Blaney-Criddle method can be written with equation 7 below. 

B#C = D�0,46#IJ3� + 8,13� (7) 

ETo is the reference evapotranspiration (mm / day), and p is 

the duration of exposure based on the FAO provisions. 

Meanwhile, crop evapotranspiration (ETc) is written by the 

following equation [6]. 

B#L = ML ∗ B#N (8) 
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ETc is crop evapotranspiration (mm / day), Kc is cropping 

coefficient, and ETo is reference evapotranspiration (mm / 

day).  

III. RESULT AND DISCUSSION

A. Estimation of Kc for Maize and Groundnut

The crop coefficient (Kc) is a description of crop

characteristics. The characteristics of a crop will change as the 
crop grows. Likewise, different types of crops have different 

characteristics. One of the crop characteristics used to detect 

Kc is leaf color. The greenness index value of this leaf can be 

calculated using the Normalized Difference Vegetation Index 

(NDVI) equation, which is the difference between reflected 

near-infrared (NIR) waves and red waves. The results of the 

calculations show that the NDVI value in maize tends to 

increase with the age of the crop, where the maximum NDVI 

value occurs at 63 days of age. NDVI values tend to decrease 

until the crops are ready to harvest (Figure 3). However, 

NDVI on groundnut crops showed a maximum value at the 
crop age of 91 days and was constant until harvest at 96 days. 

(Figure 4). The same thing was stated by Reyes-gonzález et 

al. [13] that the NDVI value in forage crops cropped in the 

spring was quite low until the third week after planting and 

reached the maximum NDVI value at 11-12 weeks after 

planting. 

Figure 5 shows that the NDVI Value curve and the single 

crop coefficient (Kc) curve listed in FAO 56 show relatively 

the same trend. The NDVI and Kc values for maize tended to 

increase and reached a maximum value at 63 days of planting, 

then NDVI and Kc decreased until the end of the planting 

season. Meanwhile, groundnut crop NDVI and Kc values 

increased and reached a maximum value at 96 days of the 

planting season. Based on this description, the value of Kc can 
be estimated using a graph of the relationship between the 

NDVI and Kc values from Table 12 FOA56. This method can 

be used as an alternative method of estimating the Kc value 

of crops at the research location (Figure 6). 

Figure 6 shows that the correlation between NDVI and Kc 

of maize crops shows a very strong positive correlation with 

a value of R2 = 0.8791, meaning that the NDVI value is very 

influential in estimating Kc of 87.91%. The correlation 

between NDVI and Kc of groundnut crops also shows a very 

strong positive correlation with a value R2 = 0.9352, meaning 

that the NDVI value is very influential in estimating Kc of 
93.52%. Thus, it can be argued that the NDVI value can be 

used to estimate the value of Kc in corn and groundnut crops 

grown in the Arjasa District, Jember Regency, East Java.  

Fig. 3  Changes in NDVI value at cropping age of maize crops 
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Fig. 4  Changes in NDVI values at cropping age of groundnut crops 

Fig. 5  The trend of NDVI value and single crop coefficient (Kc) in maize (a) and groundnut (b). 
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Fig. 6  The linear relationship between NDVI and Kc for  maize (a) and groundnut (b) 

 

B.  Transformation and Land Surface Calibration Air 

Temperature  

The transformation of the value of Land Surface Air 

Temperature (LST) with units of degrees Celsius (oC) based 

on remote sensing uses Landsat 8 band ten satellite imagery. 

The LST transformation uses Open-Source Quantum GIS 

(QGis) Software. The recording period of Landsat 8 imagery 
used was six periods of data recording, as shown in Figure 7. 

The selection of 6 image data for the recording period was 

based on the consideration that the selected image indicated 

that the research location was free from clouds. Cloud cover 

at the research location will affect the accuracy of the LST 

transformation results. In cloudy conditions, the LST value 

does not describe the air temperature conditions of the study 

location. Based on the results of the LST transformation on 

cloudy images, the LST value is low; this indicates that the 

result of the analysis of the resulting LST value comes from 

clouds. This is similar to the income stated by Akinyemi, 

Ikanyeng, and Muro [33] that the decrease in LST analysis 
results in images with cloud cover may occur due to the 

inclusion of cloud temperature in the surface temperature 

analysis.  

The LST transformation image is cropped according to the 

research location, so it is easier to present the air temperature 

of the research location. To determine the accuracy of the LST 

transformation results, it is necessary to calibrate with air 

temperature data measured by the Meteorology, Climatology, 

and Geophysics Agency (BMKG), the official government 

agency for managing and surveying climate data. Air 

temperature data were taken at 4 BMKG station locations in 
the East Java region, the closest station to the research 

location. 

The four BMKG stations include the Banyuwangi 

Meteorological Station located in Banyuwangi Regency, 

Malang Climatology Station located in Malang Regency, 

Pasuruan Geophysical Station located in Pasuruan Regency, 

and Kalianget Meteorological Station located in Sumenep 

Regency, Madura Island. Therefore, the air temperature data 

from the four stations were interpolated using the kriging 

method to produce combat data at the research location, as 

shown in Figure 8.  

 

 
 

Fig. 7  LST transformed using Landsat 8 satellite imagery 
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Fig. 8  Interpolation of air temperature data from 4 BMKG stations 

Figure 8 shows that the resulting average air temperature is 
the average air temperature of the four BMKG stations with 

the same period as the Landsat 8 satellite image recording. It 

aims to calibrate the transfused LST data with air temperature 

data from the interpolated BMKG data. The research location, 

namely the Arjasa District area of Jember Regency, is 

displayed on the air temperature map so that the interpolation 

value at the research location can be determined easily. 

Furthermore, the air temperature data from the interpolation 

results were calibrated with LST data from remote sensing 

using linear equations, as shown in Figure 9. The relationship 
between the average LST   and the average air temperature at 

the study site shows a very strong negative correlation where 

the determinant efficiency value (R2) was 0.9073. This shows 

that if the air temperature rises 1oC, it will reduce LST by 

2.445 oC. Thus, it can also be argued that this average LST 

value can be used as average air temperature data to calculate 

reference evapotranspiration (ETo) with the FAO 56 Blaney-

Criddle equation.  
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Fig. 9  The relation between average  LST (oC) and average temperature (oC)

Fig. 10  Reference evapotranspiration (ETo) and crop evapotranspiration (ETc) in maize (a) and groundnut (b) 

C. Calculation of Crop Evapotranspiration (ETc)

The difference in the recording date of Sentinel 2 and

Landsat 8 images is very influential in calculating remote 

sensing-based ETo. Therefore, the average temperature 

(Tmean) data at the study location from BMKG was 
converted into LST using the equation LST = -2.445 Tmean 

+ 90.279. Thus, the LST data period can be adjusted to the

period of Kc data resulting from the NDVI conversion using

the equation MLOPCQ�R�QS = 1.4764���� + 0.3144  dan

MLI38TJ = 1.4196���� + 0.3245 . Next, an estimation of

reference evapotranspiration (ETo) is carried out using 

equation 7 on crops maize (DAP 13, 28, 38, 43, 63, and 98) 

and groundnuts (DAP 6, 26, 46, 61, 81, and 91). Meanwhile, 

the calculation of crop evapotranspiration uses equation 8. 

The results of ETo and ETc calculations can be seen in 
Figures 10 and 11 below. 

Figure 10 shows that the ETo-Blaney-Criddle on land 

cropped with maize (a) and groundnut (b) tends to decrease 

from the beginning of the season to the harvest time; this is 

because the average LST   has a climate parameter that has 

negative isolation to the average air temperature. Meanwhile, 

ETc in maize showed an increase during the growing period 

(DAP 28 - 63), ranging from 4.57 to 6.75 mm/day, and 

subsequently decreased until the harvest period (DAP 98) of 

5.90 mm/day. However, the ETc in groundnuts tended to 

increase from the growing period to the near-harvest period 
(DAP 26 - 96), ranging from 2.67 to 6.44 mm/day. This shows 

that the canopy cover during the growing period of corn and 

groundnuts affects the increase in ETc. This is similar to the 

opinion [13] that ETc is low in the early stages of vegetation 

and is higher until nearing harvest time, so the irrigation 

scheduling for dry and semi-arid areas must pay attention to 

the ETc value. 

IV. CONCLUSION

The method of estimating crop coefficient (Kc) on maize 

and groundnut crops based on remote sensing using Sentinel 

2 imagery is done by making a linear relationship between the 

NDVI value and the Generalized crop coefficient curve for 

the single crop coefficient approach. The estimation results 

show very accurate results where the correlation between 

NDVI and Kc of maize and groundnut crops shows a very 

strong positive correlation with R2 values of 0.8791 and R2 of 

0.9352. Meanwhile, the estimated average temperature at the 
study location using Landsat 8 imagery shows an 

extraordinarily strong negative correlation between the 

average temperature value and the Land Surface Temperature 

(LST) with R2 is 0.9073. Thus, the NDVI value can be used 

to estimate the Kc of maize and groundnut crops. At the same 

time, the LST value can be used to estimate the average 

temperature. Thus, the Kc value from the NDVI 

transformation results and the temperature value from the 

LST transformation results can be used to calculate the ETc 

value. The results of this study are expected to be used for 

future research to improve the efficiency of crop water 

management. 
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