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Abstract

:

Water scarcity is a critical abiotic stress factor for plants in arid and semi-arid regions, impacting crop development and production yield and quality. Monitoring water stress at finer scales (e.g., farm and plant), requires multispectral imagery with thermal capabilities at centimeter resolution. This study investigates drought stress in pistachio trees in a farm located in Yazd province, Iran, by using Unmanned Aerial Vehicle (UAV) images to quantify evapotranspiration and assess drought stress in individual trees. Images were captured on 10 July 2022, using a Matrix 300 UAV with a MicaSense Altum multispectral sensor. By employing the Surface Energy Balance Algorithm for Land (SEBAL), actual field evapotranspiration was accurately calculated (10 cm spatial resolution). Maps of the optimum crop coefficient (Kc) were developed from the Normalized Difference Vegetation Index (NDVI) based on standard evapotranspiration using the Food and Agriculture Organization (FAO) 56 methodology. The comparison between actual and standard evapotranspiration allowed us to identify drought-stressed trees. Results showed an average and maximum daily evaporation of 4.3 and 8.0 mm/day, respectively, in pistachio trees. The real crop coefficient (Kc) for pistachio was 0.66, contrasting with the FAO 56 standard of 1.17 due to the stress factor (Ks). A significant correlation was found between Kc and NDVI (R2 = 0.67, p < 0.01). The regression model produced a crop coefficient map, valuable to support precise irrigation management and drought prevention, considering the heterogeneity at the farm scale.






Keywords:


UAV; SEBAL algorithm; crop water stress; irrigation management; arid region












1. Introduction


Water shortage is one of the main factors limiting the development of agriculture in arid and semi-arid regions. Water losses through evaporation and transpiration (ET) are an important part of the water cycle, and thus measuring and modeling these variables are very important [1,2]. Measuring ET is crucial in planning and managing water resources, optimizing crop production, and identifying crop drought/water scarcity stress [1,3]. ET can be measured using direct and indirect methods. Among the direct methods, one can refer to the use of lysimeters and water balance [4]. Traditional methods of measuring ET (e.g., lysimeter, eddy covariance, Bowen’s ratio, FAO 56) are generally complex, costly, time-consuming, and point based [5,6]. Satellite data and remote sensing methods are increasingly employed for indirect ET measurements [7,8,9,10]. These data offer broad coverage, capturing heterogeneity and changes, while remaining cost-effective and featuring suitable time sequences and computer processing capabilities [11].



Numerous algorithms have been developed in recent decades for estimating ET using satellite image and remote sensing data. Surface Energy Balance System (SEBS) [12], Surface Energy Balance Algorithm for Land (SEBAL) [13], Surface Energy Balance Index (SEBI) [14], Metric [15], and the Two-Source Energy Balance (TSEB) [16] are notable examples. The SEBAL algorithm, extensively utilized to calculate instantaneous surface energy balance in each satellite image pixel [17], is among the most widely adopted. The accuracy of the SEBAL algorithm in determining actual ET rates has been demonstrated in Iran [7,18,19,20] and studies worldwide [21,22,23,24,25].



While satellite images offer advantages in calculating ET, their use in assessing plant water stress, particularly in agriculture systems, has certain limitations. Notably, satellite images often exhibit low spatial resolution, especially in the thermal band range, limiting their suitability for precision agriculture and environmental applications [26]. Additionally, satellite transit times may not always align with research needs [4,27]. To address these limitations, Unmanned Aerial Vehicles (UAVs) or drones emerge as a promising platform for short-range remote sensing. Drones can operate in favorable weather conditions, providing flexibility in data collection, not always feasible with satellites. For example, the presence of clouds in satellite images is also an important challenge [28,29]. In this context, UAVs do not face this problem with flexibility in flight time and flying under cloud cover. Equipped with red, green, and blue wavelengths (RGB) cameras, multispectral cameras, and infrared thermal cameras, drones can capture images with significantly high spatial resolution, down to the centimeter scale. This enhanced resolution is crucial for detecting temporal and spatial changes in crops, allowing for precise observation of tree-level variations in water use and stress indicators, such as signs of water stress [26]. Furthermore, UAV images enable more accurate delineation of crown pixels from the soil background, overcoming some of the challenges associated with satellite imagery [30].



Presently, UAVs are widely and successfully employed in agricultural research, addressing areas such as water stress [31,32], weed separation [33,34], and pest control [35]. Numerous studies utilize drones for calculating ET. For example, Park et al. [26] measured the evapotranspiration of a peach orchard using multispectral and thermal images captured by a drone. The findings revealed a robust linear relationship (explanatory coefficient of 0.89) between estimated ET and leaf transpiration. The daily ET measured by UAV data differed by 5.50 mm from the crop’s ET (6.35 mm), as determined by meteorological methods at the study site, representing a daily variation of 0.85 mm [26]. In a study focused on almond farms, ET was determined using UAV images and an integrated approach with Landsat 8 images employing the Metric algorithm. The results indicated a strong correlation between ETa_UAV and Landsat 8-based METRIC [36]. Niu et al. [37] explored ET in pomegranate tree using multispectral drone images and lysimeter data. The crop coefficient (Kc) values were calculated based on actual ET from the lysimeter and the reference ET from the weather station. A linear regression model between Kc and the Normalized Difference Vegetation Index (NDVI) demonstrated the ability to estimate tree-level ET with a coefficient of determination (R2) of 0.91 and mean absolute error (MAE) of 0.39 mm per day. Ortega-Farías et al. [38] investigated ET in olive orchard based on multispectral and thermal sensors on a UAV, along with the remote sensing energy balance (RSEB) algorithm. The results indicated a 13% overestimation of ET by RSEB compared to the eddy covariance (EC) method, with a root mean square error (RMSE) and average absolute error of 0.43 mm per day. Tang et al. [39] forecasted ET in corn using Kc derived from UAV multispectral images through the FAO 56 dual vegetation coefficient approach, yielding an RMSE of 0.95 mm per day. The current study aims to determine the actual ET rates of pistachio trees, and advances in the state of the art by identifying trees experiencing drought stress by using high spatial accuracy multispectral and thermal drone images. The outcomes of this research have practical implications for precision irrigation management by averting drought stress at the individual tree level within agricultural systems. This is of utmost importance to support crop yield in water-scarce areas and mitigate the impact of climate change.




2. Materials and Methods


2.1. Study Area


This study focuses on a pistachio farm situated in the southwest of Yazd province, Iran (Figure 1), at a latitude of 31°15′15″ and longitude 53°23′43″ from the prime meridian. The farm spans 477.5 ha and exclusively features the pistachio species (Pistacia vera L.). According to the meteorological station located in the farm, the average annual rainfall is 70 mm, the average annual temperature is 18.7 °C and the minimum and maximum temperature are −12 °C and 44 °C, respectively, based on records from 2019 to 2023.




2.2. Data Collection with Drone


In the investigated farm, a plot of 207 ha (Figure 1D) was surveyed using a UAV on 10 July 2022. Images of the pistachio farm were captured using the DJI Matrice 300 RTK drone, equipped with the MicaSense Altum multispectral sensor (Figure 2). The MicaSense Altum sensor features five spectral bands spanning the blue, green, red, red edge, and near-infrared wavelengths, in addition to a thermal band (Table 1). Installed on the stabilizer system of the Matrix 300 UAV, the sensor facilitated automated image capture with predefined flight paths and areas stored in the UAV controller. The flight parameters included a longitudinal and transverse image overlap of 80% and 40%, respectively, at a flight altitude of 60 m. Although the longitudinal overlap does not affect the UAV’s battery consumption, the increase in the transverse overlap enhances the flight lines and as a result increases the battery consumption. Longitudinal overlap was considered greater than transverse overlap. Additionally, to reach a pixel size of 40 cm for the thermal band, a height of 60 m was chosen for the flight. Flying at an altitude of 120 m resulted in a pixel size of 80 cm for the thermal band, which was not accurate enough for small trees. Due to the extent of the surveyed plot and UAV battery limitations, the entire study area was photographed in six separate flights, each lasting approximately 25 min.



Reflectance calibration panels were recorded before and after each flight to obtain coefficients for converting pixel values to reflection values based on weather conditions. The imaging took place from 10:30 a.m. to 13:30 p.m. This time range was chosen to minimize shadows in the images, taking advantage of the sun’s angle, maximum air temperature, and stable air and soil surface temperatures. The selection aimed to ensure minimal half-hourly changes in the images, aligning with this study’s objectives of estimating tree ET and assessing drought stress under consistent sun positioning and temperature stability.



Following the image collection, the images from each flight underwent conversion to reflectance values with the reflection calibration panel for pixel values of bands 1 to 5. It is important to note that the thermal band of the MicaSense Altum sensor is calibrated and does not require specific corrections. All bands of the images from the six flights in the study area were mosaiced. To standardize the pixel sizes of the thermal band with the spectral bands and alleviate the computational load, the pixel size for all measuring bands was adjusted to 10 cm.




2.3. Methodology


Generally, this study can be described in four steps. In the first step, the actual evapotranspiration (ETa) is calculated using the SEBAL algorithm (Section 2.3.1). The second step is to calculate the reference evapotranspiration of the plant and determine the relationship between NDVI and the instant crop coefficient (KCint) obtained through the SEBAL algorithm (Section 2.3.2 and Section 2.3.3). The third step consists of obtaining the standard evapotranspiration through the relationship between the crop coefficient and NDVI (Section 2.3.3). And the fourth step is to obtain the drought stress map of the field by determining the difference between actual evapotranspiration with the standard (Figure 3). In general, these steps were developed in MATLAB R2023a software and maps were prepared using ArcGIS 10.8 software.



2.3.1. The SEBAL Algorithm for the Calculation of Real Evapotranspiration


The basis of the SEBAL algorithm is the use of energy balance equation and surface energy balance (Equation (1)). A comprehensive and complete explanation of each part of this algorithm, including its main parameters, are presented in Allen et al. [40]. In the SEBAL algorithm, the instantaneous value of latent heat of evaporation (λETinst), is calculated as the remainder of the energy balance equation (Equation (1)) for each pixel [13].


  λ E  T  i n s t   =  R n  −  G 0  − H  



(1)




where λETinst is the latent heat flux of evapotranspiration (W/m2), Rn is the net solar radiation (W/m2), G0 is the soil heat flux (W/m2), and H is the sensible heat flux (W/m2).



Net Solar Radiation (Rn)


In the SEBAL algorithm, net solar radiation is calculated from the balance of four radiation fluxes, which include incoming short-wave radiation (RS↓), outgoing short-wavelength reflection (RS↑), incoming long-wavelength radiation (RL↓) and emission long-wavelength radiation from the surface (RL↑). Instantaneous net radiation per unit area is calculated using Equation (2).


  R = ( 1 − α )  R  S ↓   +  R  L ↓   −  R  L ↑   − ( 1 −  ε 0  )  R  L ↓    



(2)




where α is the surface albedo and ε0 is the surface emissivity. ε0 is obtained according to the surface vegetation conditions.



In the present study, the albedo of the surface was calculated using Equations (3) and (4) based on data collected with the Altum MicaSense sensor [35].


  α = 0.526 × V I S + 0.474 × N I R ,        f o r        N D V I < 0.25  



(3)






  α = 0.526 × V I S + 0.362 × N I R + 0.112 ( 0.5 × N I R ) ,        f o r        N D V I ≥ 0.25  



(4)




where VIS is the reflectance of the visible bands and NIR is the reflectance of the near infrared band. Equation (3) is applied in areas with NDVI value lower than 0.25, whereas Equation (4) is used for areas with NDVI value higher than 0.25. NDVI was calculated according to Equation (5) [41].


  N D V I =   N I R − R E D   N I R + R E D    



(5)




where NIR and RED are spectral reflectance of the near infrared and the red band, respectively. The obtained range of this index varies from −1 to +1. Negative values indicate clouds and water, positive values near zero indicate bare soil, values ranging from 0.1 to 0.5 indicate sparse vegetation and values ≥0.6 specify dense green vegetation [40].




Ground Heat Flux (G0)


It is difficult to directly calculate ground heat flux using satellite images. In this regard, the relationship between G0/Rn ratio and parameters such as NDVI and surface temperature (Ts) are used to calculate ground heat flux. In SEBAL method, the G0/Rn ratio in half a day is calculated using the empirical relationship provided by Equation (6) [17,40].


     G 0    R n   =   T s  α  ( 0.0038 α + 0.0074  α 2  ) ( 1 − 0.98 N D V  I 4  )  



(6)




where Ts is the surface temperature (°C), α is the surface albedo and NDVI is the normalized difference index of vegetation cover.




Sensible Heat Flux (H)


To estimate the sensible heat flux in the SEBAL algorithm, two threshold pixels are selected. One of these pixels, which is called a cold pixel, is associated with an area completely covered with plants and irrigated, where land surface temperature is close to the air temperature, and ET is equivalent to the ET of the reference plant. The second pixel, which is called a warm pixel, is an agricultural land without vegetation and dry. Therefore, the latent heat flux of evaporation in this pixel is assumed to be zero. In SEBAL method, according to Equation (1) and based on the values of ET of the mentioned two pixels, the sensible heat flux is calculated in these two pixels and then the sensible heat flux of other pixels is estimated. The amount of sensible heat flux is estimated by Equation (7) [40].


  H =   ρ ×  C P  × d T    R  a h      



(7)




where ρ is the air density (kg/m3), CP is the specific heat of air (J/kg/k = 1004), dT is the air temperature difference near the surface (k) and Rah is the aerodynamic resistance for heat transfer (s/m).




Calculation of Instantaneous and Daily Evapotranspiration


After calculating the main parameters of the SEBAL algorithm, the instantaneous value of the latent heat flux of ET is calculated for each pixel according to Equation (1). Then, the instantaneous value of ET is obtained using Equation (8).


  E  T  i n s t   = 3600   λ E  T  i n s t    λ   



(8)




where ETins is instantaneous evapotranspiration (mm/hr), λ is the latent heat of evapotranspiration (J/kg), and the number 3600 is the time conversion factor from seconds to hours.



After calculating ETins, the reference ET fraction is calculated using Equation (9). Then, the actual daily evaporation is obtained by multiplying the reference ET fraction by the daily ET value of the reference plant (Equation (10)).


  E T r F =   E  T  int     E  T  r − int      



(9)






  E  T  24 h   = E T r F × E  T  r _ 24    



(10)




where ETrF is the fraction of reference evapotranspiration, ETr-int is instantaneous reference plant evapotranspiration (mm/hr), ETr-24 is daily reference plant evapotranspiration (mm/day) and ET24h is actual daily evapotranspiration (mm/day).





2.3.2. Estimation of Reference Evapotranspiration of the Plant


The ET of the reference plant can be calculated via different methods. In the present study, the Penman–Monteith method from FAO (Equation (11)) was used since it has been approved by many researchers as a standard method for calculating the reference evapotranspiration [42]. This method was also used to measure reference plant evaporation in the study area and showed the lowest error when compared to other methods such as Hargreaves [43].


  E  T ο  =   0.408 Δ (  R n  −  G 0  ) + γ    C n    T + 273    U 2  (  e s  −  e a  )   Δ + γ ( 1 +  C d   U 2  )    



(11)




where ETo is reference evapotranspiration (mm/day), Rn is the net radiation on the plant surface (MJ/m2.day), G0 stands for soil heat flux (MJ/m2.day), T is average air temperature at a height of 2 m (°C), U2 is wind speed at a height of two meters (m/s), es is saturated vapor pressure (kPa) and ea is actual vapor pressure (kPa), Δ is slope of the vapor pressure curve (kPa/°C), γ is psychrometric constant coefficient (kPa/°C), Cn and Cd are constant coefficients determined according to the type of reference plant and the calculation period, respectively. In the present study, the parameters needed to calculate ETins are obtained from the meteorological station located in the field.




2.3.3. Estimation of Standard Evapotranspiration


According to the FAO 56 guidelines, evapotranspiration of plants can be measured under standard or non-standard conditions. In standard conditions, there is no limitation on plant growth or evapotranspiration under the influence of salinity and water stress, low crop density, pests and diseases, weeds or low soil fertility [42]. The standard plant evapotranspiration (ETc) is calculated by multiplying the reference evapotranspiration (ETo) by the plant coefficient (Kc) according to Equation (12) [42].


  E  T c  =  K c  × E  T ο   



(12)







Two methods for calculating crop standard ET are stated in the FAO 56 guidelines [41]: the one-component plant coefficient method (Equation (12)) and the two-component method. In the one-component method, ET of plants is obtained by multiplying reference evapotranspiration (ETo) by the crop coefficient (Kc), whereas in the two-component method, two separate factors are presented to describe the difference between the evaporation from the soil surface (Ke) and transpiration from the plant surface (Kcb) [41]. Therefore, evaporation and transpiration are determined by the two-component method using Equation (13). Considering that irrigation in the farm is performed by the bubbler pressure irrigation system, the evaporation and transpiration from the soil surface or empty space between trees is close to zero. As a result, Ke is zero in the present study. So, using Equation (12) or (13) does not make a difference in the studied farm.


  E  T c  = (  K  c b   +  K e  ) × E  T ο   



(13)







The two-component crop coefficient method has more calculation steps compared to the one-component method. Under non-standard conditions, with the reduction in ground water potential energy below the threshold value, the plant is subject to water stress. The effect of water stress on evaporation and transpiration is shown by multiplying the water stress coefficient (Ks) by the basic crop coefficient (Kcb) following Equation (14) [42].


  E  T  c _ a d j   = (  K s  ×  K  c b   +  K e  ) × E  T ο   



(14)







Based on Equation (12), it is possible to obtain the real Kc value in the form of an image by dividing the actual instant evapotranspiration (ETins) obtained from the SEBAL algorithm on the day of the satellite passage by the ETo on that day.



According to Equation (9), in the SEBAL algorithm the reference evaporation fraction (ETrF) can be defined as the instantaneous crop coefficient (Kc-int), because when ETrF is multiplied by the evapotranspiration of the reference plant (ETo), the actual amount of evapotranspiration (ETins or ETa-ins) will be obtained. When the actual evapotranspiration is calculated through the SEBAL algorithm (ETa) and the standard evapotranspiration based on the FAO 56 guidelines (ETc), the trees under drought stress can be identified by examining the difference between both values. As mentioned, the crop coefficient (Kc) is needed to calculate standard evaporation (ETc). The crop coefficient varies according to plant type, climate and plant development stages [42].



Although the study farm is covered with pistachio plant species, due to the difference in canopy percentage, leaf area index, plan age and height, albedo, aerodynamic conditions, etc., it is not possible to consider the same crop coefficient for the entire farm. To solve this limitation, in the present study, the relationship between ETrF (Kc-int) and NDVI is used. Through this relationship, the optimum crop coefficient (Kc) and then standard evaporation were calculated. The optimum crop coefficient is actually the same linear regression relationship between NDVI and Kc-int, which shows how much Kc should be for each NDVI level. The minimum crop coefficient for each NDVI shows the basic crop coefficient (Kcb).






3. Results


3.1. Evapotranspiration in the Pistachio Farm


The actual ET map obtained through the SEBAL algorithm is shown in Figure 4. According to this map, in surfaces without pistachio trees, the actual ET is less than 2 mm/day. ET close to zero in the areas without trees is consistent with the bubbler pressure irrigation system in the farm. The maximum ET of 8 mm/day was obtained on 10 July 2022, in pistachio surface cover. The average daily ET from the pistachio trees was 4.3 mm/day, but the reference ET of this plant on this day was 6.7 mm/day. The different results are driven by the fact that the FAO 56 method multiplied the reference ET by the crop coefficient (Equation (12)).



Considering the phenology stage of pistachio trees (middle stage of growth), the weather and FAO 56 guidelines, the value of the crop coefficient (Kc) on the date of imaging was 1.17 for the whole farm. In general, according to the FAO 56 guidelines, the standard ET for this farm should be 7.8 mm/day. According to Figure 4, ET ranged between 7 and 8 mm/day in some pistachio rows, but it was less than 7 mm/day in some trees. Therefore, ET is different in each tree depending on, e.g., canopy cover and the leaf area index. As a result, it is necessary to first prepare a standard ET map and then compare the ET of each tree with the optimal ET value of the same tree.




3.2. The Crop Coefficient in the Pistachio Farm


The instantaneous crop coefficient map (ETrF in the SEBAL algorithm) is shown in Figure 5. According to this figure, the average crop coefficient in the entire farm with pistachio tree cover was 0.66, with a minimum of ~0.3 and a maximum of 1. According to Equation (12), based on the FAO 56 guidelines, the standard crop coefficient for the farm (1.17) and the average real crop coefficient of the farm (0.66), the stress factor (Ks) of the study area was 0.55. Hence, there exists water stress in the farm. However, to determine the areas with the highest stress, the relationship between NDVI and the crop coefficient was used.



The relationship between the instantaneous crop coefficient (Kc-int) and the NDVI crop coefficient is shown in Figure 6. Considering that pixel size of the UAV images is 10 cm, the points in Figure 6 are very dense and scattered. However, it should be noted that there is a significant linear relationship between NDVI and Kc-int (R2 = 0.67, p < 0.01). The relationship between Kc-int and NDVI helps to determine the minimum, average and maximum value of the crop coefficient for each NDVI value. In the present study, the average value or linear regression model was considered as the optimum crop coefficient (Kc).



By substituting the NDVI value in the relationship between the crop coefficient (Kc-int) and NDVI, the crop coefficient map was obtained in the optimal state for the farm, and by multiplying the crop coefficient map by the reference ET value of the pistachio (6.7 mm/day), the standard ET map was obtained (Figure 7). In Figure 7, in fact, the ET of each tree has been obtained according to the coverage level (i.e., NDVI). The minimum ET in areas without vegetation should be zero and the maximum in large trees, with high NDVI, should be 7 mm/day.




3.3. Drought Stress in the Pistachio Farm


The drought stress map of the study area on 10 July 2022, is shown in Figure 8. This map is the difference between the actual evapotranspiration map (Figure 4) and the standard evapotranspiration (Figure 7). In Figure 4 and Figure 7 the farm soil is placed in the class 0–2 mm of evaporation and transpiration (image background), and thus in Figure 8, the areas without pistachio trees or the field soil (NDVI < 0.2) are displayed as background to clearly show the trees and improve the accuracy of drought stress map. According to Figure 8, although in general the ET of the farm is close to normal conditions and the actual evapotranspiration (ETa) is higher than the standard evapotranspiration (ETst), drought stress conditions are observed in some rows and trees (negative values with yellow, orange and red colors). In the present study, some of the stress points in the map were further investigated through field visits. For example, in point 1, a row of trees with stress is shown (Figure 8). According to the field visits, signs of stress (e.g., small and sunburned leaves) were observed in this row, which was caused by the failure of the irrigation system and the high intensity of the pistachio psyllium pest (Figure 9A,D). At point 2, a semi-dried and stressed tree was observed, which according to the field visits was caused by the strain of the irrigation system (Figure 9B,C).





4. Discussion


UAVs have been widely and successfully used in precision agriculture research [44,45,46]. In the present study, actual evapotranspiration on 10 July 2022 was obtained using the SEBAL algorithm. In general, the average evapotranspiration in pistachio trees within the farm was 4.3 mm/day and the maximum was 8 mm/day. The reference ET of pistachio on the collected images was 6.7 mm/day, and considering the standard crop coefficient according to the FAO 56 guidelines (1.17), the standard evapotranspiration for this farm was 7.8 mm/day. The standard evapotranspiration value according to the FAO 56 guidelines corresponds to the actual maximum evapotranspiration value on the farm. In other words, in areas and trees where the farm conditions are close to the standard ET conditions, the actual evapotranspiration of SEBAL is in full compliance with the FAO 56 guidelines. However, in the present study, measured evaporation data (e.g., through lysimeters) were not available to validate the results of the SEBAL algorithm. Numerous studies have been conducted in Iran to evaluate the accuracy of the SEBAL algorithm. In farms located at the edge of the Abarkoh desert, in Yazd province (the same study area; Figure 1), in an area extending over 3160 ha, the actual evapotranspiration of pistachio trees was 6 mm/day based on Landsat 8 satellite images taken from 1 to 15 July 2017 [43]. The difference between the values obtained in the present study (4.3 mm/day) and the study by Ghafarian et al. [43] is due to the modification in the spatial resolution of Landsat 8 images and the UAV image, and the difference in the irrigation system in the studied farm (flood irrigation vs. bubbler pressure irrigation systems). In Semnan province, Iran, evapotranspiration of pistachio trees estimated to be 5 and 6 mm/day when using the SEBAL algorithm and Landsat 8 images, respectively, in July 2013 and 2016 [47]. In Markazi province, Iran, evapotranspiration values of pistachio trees were 3.8 and 4.1 mm/day when using the SEBAL algorithm and Landsat 8 images, measured on 15 and 31 July 2018, respectively [48].



One of the simple and successful methods for determining the evaporation of plants and crops is the method mentioned in the FAO 56 guidelines [42]. However, it is difficult to estimate Kc, especially when the study area is heterogeneous in terms of variables such as coverage. In the present study, the relationship between the pistachio crop coefficient and NDVI was investigated. The results show a significant correlation between both (p < 0.01). Previous research has also shown significant correlation between the crop coefficient of different crops and crop coefficients in time (length of a growing season) and place (at the farm scale) [37,49,50,51,52,53]. In our study area, the crop coefficient of pistachio trees ranged between 0.3 and 1 according to the value of NDVI. The standard crop coefficient of pistachio in the middle period of growth, according to the FAO 56 guidelines, reaches 1.2 in the studied area [42]. However, the results of this study show that the average crop coefficient of pistachios in the investigated farm is 0.66. The difference between the standard crop coefficient and the actual crop coefficient in the farm can occur for two reasons. First, the pistachio crop coefficients based on the FAO 56 guidelines are not accurate for Iran’s conditions, and secondly, the difference in the standard and actual crop coefficients is because of the stress coefficient (Ks) (Equation (13)). In previous studies, the accuracy of different evaporation algorithms was evaluated using the FAO 56 without considering the stress coefficient (i.e., drought or salinity stress). It should be noticed that the stress coefficients must be considered to estimate the real ET values [31], but they are not accounting for the standard ET calculation (Equation (11)) although in many farms the ET conditions are far from the standard conditions of FAO 56. The lack of field measurements to validate the measured ET using imaging from UAV is a limitation of this study, and also common in similar studies [48]



In the pistachio farms of Yazd province, Iran, the study in [43] showed that there is a significant correlation between the crop coefficient and NDVI in different stages of pistachio growth (p < 0.01), using Landsat 8 images. In this study, the pistachio crop coefficient ranged between 0.3 and 0.9. Also, the relationship between Kc and NDVI during the growth development stage (1 June to 15 July) was obtained as Kc = 1.29 × NDVI + 0.338. Focusing on corn in Mongolia, the study in [32] showed a significant correlation between the vegetation factor and the crop coefficient when estimating the crop coefficient using UAV multispectral images. This study also demonstrated that the crop coefficient obtained from the regression models with the vegetation factors compared to the crop coefficient calculated from in situ measurements has a greater ability to evaluate irrigation management in terms of field and crop diversity. As mentioned, there is a correlation between the changes in the crop coefficient in time and place with most of the vegetation factors. However, the degree of correlation and regression model will be different for different crop coefficients, crops and regions. For example, the relationship between Kc and NDVI was Kc = 1.62 × NDVI − 0.14 and Kc = 2.11 × NDVI − 0.49 on corn and alfalfa crops, respectively [51]. In another study, the relationship between Kc and NDVI for different agricultural crops was obtained as Kc = 1.457 × NDVI − 0.17 [54].



Many studies have focused on measuring evaporation and transpiration from farming fields. However, improving water management is still a challenge, especially due to the need to identify the specific areas with drought stress at fine scale. By determining the relationship between vegetation indices and evaporation and transpiration, the minimum evaporation and transpiration or vegetation coefficient can be determined on the field at the plant scale, and by comparing the actual evaporation and transpiration values with the required minimum evaporation and transpiration we can assess drought stress of each tree. Since water evaporation is an energy-consuming process, increasing the rate of evaporation and transpiration causes a decrease in the surface temperature of leaves and plants. Based on this principle, the existence of thermal images is one of the most important requirements for estimating evaporation and transpiration and drought stress using the surface energy balance equation.



Generally, the use of correlation models between remotely sensed vegetation factors and the crop coefficient allows considerations about the heterogeneity and temporal and spatial changes in vegetation cover across relatively large scales (e.g., different farms and agricultural crops). It also provides crop coefficient maps of the study area, which are relevant to improve irrigation management and prevent plant stress effectively. The methodology developed can be used for different types of orchard farms in arid and semi-arid regions. This could provide a relevant contribution to improve water use efficiency, particularly relevant in water-scarce regions, and support crop yield and production quality under climate change conditions.




5. Conclusions


This study uses high-resolution UAV multispectral and thermal images of a pistachio farm in Yazd province, Iran, to calculate evapotranspiration and assess drought stress of individual trees, and map the spatial heterogeneity at the farm scale. The use of remote sensing techniques (multispectral drone images) to calculate actual evapotranspiration through the SEBAL algorithm, in combination with reference evapotranspiration of the plant following the FAO 56 guidelines, is a suitable method to estimate evaporation and drought stress of pistachio at the level of a single tree, as confirmed by field observations.



This study showed that the minimum, maximum and average evaporation and transpiration of pistachio trees in the study farm were 3, 8 and 4.3 mm/day on 10 July 2022. In general, the amount of evaporation and transpiration in the field was lower than the recommended amount based on the FAO 56 guidelines (7.8 mm per day) in some trees, which indicates the existence of drought stress conditions in specific areas. Environmental heterogeneities of the field (such as soil texture), age and size of trees cause part of the difference in evaporation and transpiration values (from 3 to 8 mm/day). Therefore, field heterogeneity should be considered to identify trees under drought stress. The findings showed that it is possible to obtain the optimal or standard crop coefficient and evapotranspiration for each level of NDVI by using the regression model between NDVI and the crop coefficient.



Consequently, it is possible to prepare crop coefficient maps for heterogeneous surfaces using NDVI in different crop growth stages. Additionally, the standard evapotranspiration value of the crop can be obtained by multiplying the evapotranspiration value of the reference plant in the desired interval. However, it should be noted that these relationships are different for each crop and region. Evapotranspiration maps can be obtained with high resolution, and thus be used for precision agriculture. Providing real-time and high-resolution data on drought stress in farming systems is extremely relevant to improve irrigation management in water-scarce regions, such as arid and semi-arid areas.
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Figure 1. Location of the study area in Iran (A), Yazd province (B), pistachio orchards (C) and pistachio orchard investigated (D). 
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Figure 2. DJI Matrice 300 RTK drone (DJI, Frankfurt, Germany) and Altum MicaSense sensor used for image collection. 






Figure 2. DJI Matrice 300 RTK drone (DJI, Frankfurt, Germany) and Altum MicaSense sensor used for image collection.



[image: Horticulturae 10 00515 g002]







[image: Horticulturae 10 00515 g003] 





Figure 3. Methodological framework. 
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Figure 4. Actual evapotranspiration map obtained via the SEBAL algorithm on 10 July 2022, in the whole farm (top) and zooming in on the far plot (white box) (bottom). 
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Figure 5. The instantaneous crop coefficient (Kc-int) of the studied farm on 10 July 2022 (top) and zooming in on the white box (bottom). 
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Figure 6. Relationship between the instantaneous crop coefficient (Kc-int) and NDVI. 
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Figure 7. Standard evapotranspiration obtained through the relationship between Kc and NDVI on 10 July 2022, in the whole farm (top) and zooming in on the white box (bottom). 






Figure 7. Standard evapotranspiration obtained through the relationship between Kc and NDVI on 10 July 2022, in the whole farm (top) and zooming in on the white box (bottom).



[image: Horticulturae 10 00515 g007]







[image: Horticulturae 10 00515 g008] 





Figure 8. Farm drought stress map based on the difference between actual evapotranspiration and standard evapotranspiration, on 10 July 2022, in the whole farm (top) and zooming in on the white box (bottom). 
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Figure 9. Observation of drought stress for validation of sites identified in Figure 8. (A) signs of small and sunburned leaves and no new annual growth; (B) straining of the pressurized irrigation system; (C) semi-drying of the pistachio tree; and (D) the effect of psyllid pest (Agonoscena pistaci) on pistachio leaves. 
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Table 1. Characteristics of the Altum MicaSense sensor.
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	Band

Name
	Band Center
	Bandwidth
	No Column × Row
	Pixel Size at the Height of 60 m (cm)





	Blue
	475 nm
	32 nm
	2064 × 1544
	2.6



	Green
	560 nm
	27 nm
	2064 × 1544
	2.6



	Red
	668 nm
	14 nm
	2064 × 1544
	2.6



	Red Edge
	717 nm
	12 nm
	2064 × 1544
	2.6



	Near Infrared
	842 nm
	57 nm
	2064 × 1544
	2.6



	Thermal
	11 μm
	6 μm
	160 × 120
	40
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