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Performance of the Two-Source Energy Balance (TSEB) Model as a Tool for Monitoring the Response of Durum Wheat to Drought by High-Throughput Field Phenotyping
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The current lack of efficient methods for high throughput field phenotyping is a constraint on the goal of increasing durum wheat yields. This study illustrates a comprehensive methodology for phenotyping this crop's water use through the use of the two-source energy balance (TSEB) model employing very high resolution imagery. An unmanned aerial vehicle (UAV) equipped with multispectral and thermal cameras was used to phenotype 19 durum wheat cultivars grown under three contrasting irrigation treatments matching crop evapotranspiration levels (ETc): 100%ETc treatment meeting all crop water requirements (450 mm), 50%ETc treatment meeting half of them (285 mm), and a rainfed treatment (122 mm). Yield reductions of 18.3 and 48.0% were recorded in the 50%ETc and rainfed treatments, respectively, in comparison with the 100%ETc treatment. UAV flights were carried out during jointing (April 4th), anthesis (April 30th), and grain-filling (May 22nd). Remotely-sensed data were used to estimate: (1) plant height from a digital surface model (H, R2 = 0.95, RMSE = 0.18m), (2) leaf area index from multispectral vegetation indices (LAI, R2 = 0.78, RMSE = 0.63), and (3) actual evapotranspiration (ETa) and transpiration (T) through the TSEB model (R2 = 0.50, RMSE = 0.24 mm/h). Compared with ground measurements, the four traits estimated at grain-filling provided a good prediction of days from sowing to heading (DH, r = 0.58–0.86), to anthesis (DA, r = 0.59–0.85) and to maturity (r = 0.67–0.95), grain-filling duration (GFD, r = 0.54–0.74), plant height (r = 0.62–0.69), number of grains per spike (NGS, r = 0.41–0.64), and thousand kernel weight (TKW, r = 0.37–0.42). The best trait to estimate yield, DH, DA, and GFD was ETa at anthesis or during grain filling. Better forecasts for yield-related traits were recorded in the irrigated treatments than in the rainfed one. These results show a promising perspective in the use of energy balance models for the phenotyping of large numbers of durum wheat genotypes under Mediterranean conditions.
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INTRODUCTION

Wheat is a staple food for humans, providing 18% of the daily human intake of calories and 20% of protein (http://www.fao.org/faostat/). Durum wheat (Triticum turgidum L. subsp. durum [Desf.] Husn) represents about 6% of a global wheat production of about 740 million tons per year (FAO, 2017). Wheat production per unit area needs to double by 2050 to meet the projected food demand of a global population forecast to be 9.22 billion. Achieving this objective is a significant challenge that will require increasing the current global yield increase rate of 1.3–2.4% y−1 (Ray et al., 2013), whilst at the same time minimizing the use of resources and the environmental impact (Tilman et al., 2011; Lal, 2016). Besides, in the current scenario of global climate change, the success of sustainable agriculture in many regions of the world is totally reliant on water availability. The Mediterranean region –the largest durum wheat producing area worldwide, the largest consumer of durum wheat products and the most important import market–, is one of the most sensitive to the effects of climate change, with projections forecasting a precipitation decrease of 4–27% during the cropping season (Flato et al., 2013). The development of high-yielding cultivars adapted to water-limited conditions is therefore critical to guarantee food security.

There is a general agreement that yield increases can only be achieved by improving the efficiency of large-scale breeding programs, particularly for suboptimal environments (Moshelion and Altman, 2015). One of the major challenges facing breeding programs centered on drought-prone areas is to develop tools capable of quantifying the actual water use of plants under different water regimes. The development of wheat varieties with improved water use efficiency (WUE, yield as a function of water used in transpiration) is seen as a way to increase yield in rainfed environments (Condon, 2004; Condon and Maxwell, 2014). The major challenge for fast genetic progress is to connect genetic variants (genotype) to their expression in observable traits (phenotype), and to predict plant phenotypes from genetic information (Cobb et al., 2013). The enormous advances in the genome sequencing of plants are providing massive genomic datasets, but the lack of efficient methods to rapidly collect large volumes of high quality phenotypic data has become a bottleneck in genomics-assisted breeding (White et al., 2012). Until now, given the complexity of measuring actual transpiration or water status in a large number of plots under field conditions, the difficulty of measuring the phenotypic response of plants to water use constraints has limited the goal of higher yields in breeding programs. Given this difficulty, evaluations of plant transpiration have relied mostly on surrogate traits, although this has most likely resulted in over-dependence on the surrogates (Vadez et al., 2014). Moreover, traditional phenotyping in germplasm evaluation activities under field conditions requires substantial investments in time, labor, and cost.

There is growing scientific interest in the application of remote sensing for high throughput phenotyping (HTP), particularly in breeding and germplasm evaluation activities (Furbank and Tester, 2011, Fiorani and Schurr, 2013; Walter et al., 2015). HTP through remote sensing allows the assessment of plant phenotypes on a scale and with a level of precision and speed that are unattainable with traditional methods (Dhondt et al., 2013). Numerous studies have used either RGB, fluorescent, thermal, hyperspectral, or 3D imaging to estimate morphological traits, biomass, plant growth, yield, water status, canopy temperature, or disease symptoms in many breeding programs and crops (Deery et al., 2014; Haghighattalab et al., 2016; Watanabe et al., 2017; Yang et al., 2017, 2020; Sagan et al., 2019). In addition, crop growth rates and spatial mapping of crop height variations have been obtained in wheat at field scale, as well as in individual plots, from images obtained with an RGB camera mounted on an unmanned aerial vehicle (UAV) (Holman et al., 2016). Madec et al. (2017) obtained a reliable assessment of the height of wheat plants with a digital camera with a 6,000–4,000 pixel sensor mounted on a hexacopter. Shi et al. (2016) developed empirical models to estimate the leaf area index (LAI) and percent canopy cover of winter wheat. Bendig et al. (2014) estimated fresh and dry above-ground biomass in barley from RGB images captured from a small UAV. Chapman et al. (2014) estimated crop lodging in wheat plots of a breeding program from images taken by cameras mounted on a customized robotic helicopter. Detailed reviews on remote sensing tools and platforms available for HTP in a plant breeding context can be found in Araus and Cairns (2014) and Araus et al. (2018).

Water status has been assessed in different crops by HTP thermography (Costa et al., 2013; Leroux et al., 2016; Perich et al., 2019). In many studies, different approaches have been used to calculate the so-called crop water stress index (CWSI) (Jackson et al., 1981; Jones, 1999; Gonzalez-Dugo et al., 2015). However, when the CWSI is calculated either empirically through non-water stress baselines or with reference panels, comparison between cultivars can only be achieved in a relative way. This is because the CWSI depends, among other factors, on the stomatal response to the vapor pressure deficit (VPD), which varies between cultivars and crop developmental stages. Therefore, it is too complex to determine this response for large collections of cultivars. Surface energy balance (SEB) models have also been widely used for assessing the actual evapotranspiration and water status of many crops at different scales, mostly using satellite imagery (Bastiaanssen et al., 1998; Allen et al., 2007; McShane et al., 2017). Among the different SEB models, the two-source energy balance (TSEB) modeling scheme allows the estimation of transpiration and evaporation separately (Norman et al., 1995). However, if very high resolution thermal imagery is available, in which case it is possible to directly retrieve soil (Tsoil) and canopy (Tc) surface temperatures, the model can also be used, obtaining in some cases higher accuracies (Nieto et al., 2018; Bellvert et al., 2020). As far as we are aware, only Bellvert et al. (2021) have used this model to date for field-based phenotyping (of a collection of almond rootstocks in their work), but this present work is the first to evaluate the feasibility of TSEB in a set of durum wheat cultivars.

The primary objective of this research was to determine the suitability of using the TSEB model for the assessment of actual evapotranspiration and its components in a collection of spring durum wheat cultivars grown under contrasting water regimes in a Mediterranean environment. The specific objectives were: (1) to quantify the yield penalty caused by a reduction of water availability, (2) to determine the crop growing stage most suitable for assessing important agronomic traits through remote sensing images, and (3) to identify the agronomic traits that can be reliably assessed by remote sensing images and the best performing indicators for them.



MATERIALS AND METHODS


Experimental Setup

The field experiment was conducted at Sucs, Spain (41°41′49″N, 0°25′46″E, 285 m elevation) during the 2018–2019 growing season. The site has a typical Mediterranean climate, with a rainfall and reference evapotranspiration (ET0) of 177 and 603 mm, respectively, during the growing season. Soil has a fine-loamy texture with a field capacity of 27% and wilting point of 13% as calculated from the Saxton's soil hydraulic calculator (Saxton et al., 1986). Fourteen durum wheat (Triticum turgidum ssp. durum) commercial varieties (Anvergur, Athoris, Burgos, Calero, Carpio, Claudio, Don Ricardo, Don Sebastián, Eunoble, Euroduro, Grador, Iberus, Sculptur, and Tussur) and five inbred lines from the IRTA durum wheat breeding program (05D278, 07D057, 08D010, 09D066, 09D069) were evaluated under three contrasting irrigation treatments. Irrigation treatments were as follows: (i) 100%ETc, irrigated 100% of the seasonal crop evapotranspiration (ETc), (ii) 50%ETc, irrigated 50% of seasonal ETc, and (iii) Rainfed, which was not irrigated (Figure 1). In each irrigation treatment, genotypes were planted following an incomplete block design with four replications and plots of 9.6 m2 (eight rows 8 m long and 0.15 m apart). Sowing was carried out on December 4th 2018 at a density of 450 seeds/m2. Due to the low precipitation received from December to February (29 mm) all plots were evenly irrigated on March 1st with 20 mm to guarantee the plants' survival. Irrigation was scheduled on a weekly basis and water was applied during 2–3 days of the week. Sprinklers were installed in a grid of 18 × 18 m and water flow discharge was 7.8 l/h/m2 for the 100%ETc and 3.9 l/h/m2 for the 50%ETc treatments. Weekly irrigation was scheduled following a water balance model (Allen et al., 1998). ETc was calculated as a product of the Penman-Monteith ET0 (Allen et al., 1998) and crop coefficients (Kc). The used crop coefficients were derived from FAO-56 (Allen et al., 1998), and started from 0.7 at the vegetative growth stage to 1.07 at the beginning of the mid-season stage. During the late season (from June 11th), the Kc decreased and reached a value of 0.6. In addition, 0.8 was used as a coefficient of efficiency of the sprinkler irrigation system (Savva et al., 2001). Meteorological data was gathered from an automated weather station belonging to Catalonia's official network of meteorological stations (SMC, www.ruralcat.net/web/guest/agrometeo), which is located around 3 km from the study site. The amount of water applied through irrigation in each treatment during the entire growing season was also measured with digital water meters (CZ2000-3M, Contazara, Zaragoza, Spain). Before sowing, the field was fertilized with 162 u P2O5 and 360 u K2O ha−1 and top dressed twice with ammonium nitro-sulfate at rates of 118 kg N/ha at the end of tillering and 50 kg N/ha at mid-jointing. The field was maintained free of weeds, diseases and pests by chemical treatments.


[image: Figure 1]
FIGURE 1. (A) Study site location; (B) Layout of the field experiment showing the three irrigation treatments: 100%ETc (blue), 50%ETc (yellow), and rainfed (red).




Image Acquisition Campaign

Images were acquired with the Cóndor UAV hexacopter (Dronetools, https://www.dronetools.es/) (Figure 2) on April 4th (121DAS, days after sowing), April 30th (147DAS), and May 22nd (169DAS) in 2019, coinciding with the crop developmental stages of mid-jointing, around anthesis and grain filling, respectively (Figure 3). The vapor pressure deficit (VPD) and air temperature (Ta) at the moment of image acquisition were respectively, 5.5 KPa and 9.9°C for 121DAS, 12.0 KPa and 18.8°C for 147DAS, and 11.0 KPa and 19.7°C for 169DAS. Flights were always conducted in sunny conditions and with a wind speed below 12 m/s. The UAV was equipped with a multispectral and a thermal camera. The former was a Micasense RedEdge-M (Micasense, 1300 N Northlake Way, Seattle, USA), which has five spectral bands located at the wavelengths 475 ± 20 nm (blue), 560 ± 20 nm (green), 668 ± 10 nm (red), 717 ± 10 nm (red edge), and 840 ± 40 nm (near infrared), and a field of view (FOV) of 47.2°. The thermal camera was a FLIR Vue PRO (FLIR Systems, Wilsonville, OR, USA) with a resolution of 336 × 256 pixels and a 6.8 mm focal length, with a FOV of 45 × 35°. The spectral response was in the range of 7.5–13.5 μm. All flights were conducted at ~12:00 h solar time. The UAV flew over at a height of 50 m agl (above ground level), capturing images with a resolution of 0.02 and 0.10 m per pixel for the multispectral and thermal cameras, respectively. Flight planning had 80/60 frontal and side overlap, respectively. During image acquisition, in situ measurements were conducted for different targets in order to correct the atmospheric contribution to the signal. Temperature measurements were continuously recorded for hot and cold targets (black and white panels, bare soil, and vegetation) with a fixed IR-temperature sensor (Calex PC151LT-O, Pyrocouple series, Calex Electronics Limited, Bedfordshire, UK). The radiometric calibration of the multispectral sensor was conducted through an external incident light sensor that measured the irradiance levels of light at the same bands as the camera. In addition, in situ spectral measurements for ground calibration targets were performed using a Jaz spectrometer (Ocean Optics, Inc., Dunedin, FL, USA). The Jaz has a wavelength response from 200 to 1,100 nm and an optical resolution of 0.3 to 10.0 nm. During spectral collection, spectrometer calibration measurements were taken with a reference panel (white color SpectralonTM) and dark current before and after taking readings from radiometric calibration targets. Geometrical correction was conducted using five ground control points (GCP), and measuring the position in each with a handheld global positioning system (GPS) (Geo7x, Trimble GeoExplorer series, Sunnyvale, CA, USA). All images were mosaicked using the Agisoft Photoscan Professional version 1.6.2 (Agisoft LLC., St. Petersburg, Russia) software and geometrically and radiometrically terrain corrected with QGIS 3.4 (QGIS 3.4.15).


[image: Figure 2]
FIGURE 2. Unmanned aerial vehicle (UAV) and cameras used in the study. (A) UAV, (B) Multispectral Micasense Rededge, and (C) Thermal Flir Vue Pro cameras.
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FIGURE 3. Pictures of each irrigation treatment for the different dates of image acquisition (April 4th, April 30th, and May 22nd).




Measurements of Agronomic Traits

Crop development was monitored on three replications per treatment on a twice-weekly basis from booting to record the following growth stages (Zadoks et al., 1974): GS55 (heading), GS65 (anthesis), and GS87 (physiological maturity). A plot was considered to have reached a given developmental stage when ~50% of the plants exhibited the stage-specific phenotypic characteristics. For each UAV flight date, on-ground key crop biophysical parameters were measured as follows. Plant height (PH, cm) was measured in three plants per plot of one replication for each irrigation treatment. PH was also measured at GS87 in three main stems per plot in three replications from the tillering node to the top of the spike, excluding the awns. The LAI was obtained on the same days and in the same plots using a portable linear ceptometer (AccuPAR model LP-80, Decagon Devices Inc., Pullman, WA, USA). Measurements were conducted from 12:00 to 15:00 h (local time) in one replicate of each irrigation treatment. In total, 63 plots were measured for each flight event. Photosynthetically active radiation (PAR) below the wheat was measured placing the ceptometer in a horizontal position at ground level and recording five PAR readings in each plot. A fixed tripod connected to the sensor allowed collection of the incident radiation above the plants. Then, the LAI calculator provided by AccuPAR-L80 (LAI-calculator, METER Group) was used to estimate LAI. Concomitant to image acquisition, in three leaves per plot of one replication in each irrigation treatment, leaf transpiration was also measured with an infrared gas analyzer (IRGA) (LI-7500, LI-COR Inc., Lincoln, NE). Plots were harvested mechanically at ripening and yield (kg/ha) expressed as dry weight. From a random sample of the plants contained in a 0.5-m-long stretch from a central row of each plot of three replications at ripening, the number of spikes/m2 (NSm2) and the number of grains/spike (NGS) were assessed. Thousand kernel weight (TKW) was estimated as the mean weight of three sets of 100 grains per plot. Grain filling rate (GFR, mg/day) was obtained as the quotient between grain dry weight and grain-filling duration (GFD) considered to be the number of days between anthesis and physiological maturity.



Remotely-Sensed Estimates of Biophysical Traits

The three-dimensional plant height (H) was estimated from the photogrammetric point cloud of multispectral images. The digital surface model (DSM) and the digital terrain model (DTM, bare soil surface devoid of plants) were both obtained through automatic aerial triangulation, bundle block adjustment, and camera calibration methods using the Agisoft PhotoScan version 1.6.2 (Agisoft, 2020; St. Petersburg, Russia) software. A classification of bare ground pixels was used to obtain the DTM of the field. Then, a raster corresponding to heights was obtained by subtracting the DTM from the DSM using the band math tool of the QGIS software (Figure 4). LAI was estimated from spectral vegetation indices. In particular, this study used the improved modified triangular vegetation index (MTVI2) (Yao et al., 2017), which was calculated as:

[image: image]

The fractional vegetation cover (fc) of each plot was also calculated by adapting the equation proposed by Gutman and Ignatov (1998). Instead of the normalized difference vegetation index (NDVI), we used the MTVI2 due to its low saturation at high LAI values:

[image: image]

where

MTVI2i corresponds to the value on the target plot;

MTVI2soil corresponds to the value of bare soil; and

MTVI2veg corresponds to the value of pure vegetation.


[image: Figure 4]
FIGURE 4. Schematic workflow used to estimate crop height. Digital terrain model (DTM) and digital surface model (DSM) obtained through automatic aerial triangulation. Plant height (H) estimated above ground surface.




Remotely-Sensed Estimates of Evapotranspiration

Actual crop evapotranspiration (ETa) and its partition components were retrieved from the two-source energy balance (TSEB) model (Norman et al., 1995; Kustas and Anderson, 2009). Two-source models partition the surface energy fluxes and the radiometric temperature (Trad) between nominal soil and canopy sources. The approach is therefore able to estimate canopy transpiration (T) and soil evaporation (E) separately. However, because direct measurements of canopy (Tc) and soil (Tsoil) temperatures are rarely available with satellite imagery, in most applications these component temperatures are estimated in an iterative process in which it is first assumed that green canopy (expressed as the function of LAI that is green) transpires at a potential rate based on the Priestley-Taylor formulation (Priestley and Taylor, 1972). On the other hand, if very high resolution thermal imagery is available, it is possible to obtain Ts and Tc directly, without the need to compute an initial canopy transpiration (Nieto et al., 2018; Bellvert et al., 2021). In this study, Tsoil and Tc were individually obtained for each plot from the thermal imagery. The model also requires other inputs such as plant height, LAI and fc, the retrieval of which has been described above. Meteorological inputs were obtained from Catalonia's official network of meteorological stations. For more information, the full python script is available online (https://github.com/hectornieto/pyTSEB, last accessed 20.08.2020) and additional details of the TSEB model are provided by Norman et al. (1995); Kustas and Norman (1999), and Nieto et al. (2018).



Statistical Analyses

Analyses of variance (ANOVAs) were conducted following a split-plot design. Means were compared with a Tukey test at P < 0.05. Linear regression equations and Pearson correlation coefficients were used to analyze the relationship between variables.




RESULTS


Effect of Irrigation Treatments on the Agronomic Performance of Durum Wheat

The amount of irrigation water applied throughout the growing season in the 100%ETc and 50%ETc treatments was 340 and 180 mm, respectively (Figure 5). When also considering the rainfall from sowing to physiological maturity, the total amount of water received was 450, 285, and 122 mm for the 100%ETc, 50%ETc, and rainfed treatments, respectively. The ANOVAs showed statistically significant differences among irrigation treatments for all of the evaluated agronomic traits (Table 1). Yield ranged between 7,274 and 10,446 kg/ha in the 100%ETc, between 5,910 and 8,469 kg/ha in the 50%ETc and between 3,905 and 5,972 kg/ha in the rainfed treatments (Table 1 and Supplementary Table 1). The effect of the total amount of water applied on yield was huge, as the 50%ETc and rainfed treatments reduced yield on average by 18.3 and 48.0%, respectively, in comparison to the treatment meeting all crop water requirements. While the 50%ETc treatment did not diminish the NSm2, it did decrease the NGS and TKW. The absence of irrigation resulted in larger reductions in NGS than in NSm2 and TKW. The grain filling rate increased steadily as consequence of water shortage. Plant height was reduced 6.5 and 11.9% in the 50%ETc and rainfed treatments in comparison with 100%ETc.


[image: Figure 5]
FIGURE 5. Amount of water applied, rainfall, and reference evapotranspiration (ET0) corresponding to the different irrigation treatments (100%ETc, 50%ETc, and rainfed) from March 2019 (87 DAS, days after sowing) to May 2020 (177 DAS).



Table 1. Mean values ± SE and ranges (between brackets) for yield and yield-related traits of the 19 durum wheat genotypes included in the study.

[image: Table 1]

Reductions in the amount of water applied also significantly shortened the crop cycle (Table 1). In comparison with 100%ETc, the 50%ETc treatment resulted in decreases of 3 (2.2%), 4 (2.8%), and 6 (3.3%) days in the length of the periods from sowing to heading, anthesis, and maturity, respectively. The rainfed treatment additionally shortened between 4 and 7 days the periods needed to reach each of these growth stages. In consequence, a significant drop was observed in the duration of the grain-filling period.



Remotely-Sensed Estimates of the Biophysical Parameters and Evapotranspiration Components

The ANOVA showed statistically significant differences between flights, irrigation treatments and their interaction (Table 2). This interaction was of a cross-over nature due to the opposite trend observed in the first flight compared with the second and third ones, as shown in Table 3. Genotypes also differed for all remotely-sensed traits. The interactions of genotype with flight date and irrigation treatment were significant with the exception of the flight date × genotype interaction for H and ETa (Table 2).


Table 2. P-values of the ANOVAs for the traits estimated through remote sensing.

[image: Table 2]


Table 3. Mean values ± SE for LAI, daily evapotranspiration (ETa), and daily transpiration (T) assessed by remote sensing imagery for each flight date and for each water input treatment.

[image: Table 3]

The MTVI2 vegetation index (VI) was linearly related with LAI when aggregating data from the three flight dates (R2 = 0.78, P < 0.001, Figure 6A). Also, this regression was significant for each specific date, with R2 values of 0.20, 0.77, and 0.87 for April 4th, April 30th, and May 22nd, respectively. The one-to-one relationship between observed and estimated LAI showed an RMSE of 0.63 (Figure 6B). Average remotely-sensed estimated LAI values significantly increased from April 4th to April 30th, but slightly decreased at the third acquisition date (May 22nd) (Table 3). Differences in LAI between irrigation treatments were also significant for all image acquisition dates (P < 0.001). In contrast with the values observed for flights conducted at anthesis (April 30th) and grain-filling (May 22nd), the LAI values of the rainfed treatment at the jointing stage (April 4th) were the highest. Estimates of plant height through remote sensing were significant, with R2 of 0.95 and RMSE of 0.18 m when aggregating data from the three dates (Figure 6C). Averaged observed values of PH ranged from 0.40 to 0.96 m, respectively, for the first (April 4th) and last (May 22nd) flights. In all dates, the remotely-sensed assessments underestimated the actual PH. Estimates of canopy transpiration (T) obtained through the TSEB model were compared against those measured at leaf level. The regression obtained aggregating data from the three dates was significant (R2 = 0.50, P < 0.001) with an RMSE of 0.24 mm/h (Figure 6D). Differences in ETa and T between irrigation treatments were also significant for all dates (Table 3). Similarly to LAI, the highest and lowest values of ETa and T were respectively identified in the 100%ETc and rainfed treatments, with the partial exception of the flight conducted on April 4th (jointing stage), when the values were inverted.


[image: Figure 6]
FIGURE 6. Relationships between (A) leaf area index (LAI) and the MTVI2 spectral vegetation index, (B) observed and estimated LAI by the MTVI2, (C) observed and estimated plant height by the photogrammetric 3D point cloud, and (D) observed leaf transpiration with the IRGA device and estimated plant transpiration (T) through the TSEB model. Different colors indicate different dates of image acquisition (n = 171). RMSE, root mean square error. ***P < 0.001; **P < 0.01; *P < 0.05.




Relationships Between Agronomic and Remotely-Sensed Traits

Regression analyses were carried out using the aggregated yield of the three irrigation treatments as dependent variable and each of the four traits assessed by remote sensing in each flight event as explanatory ones (Figure 7). The results show that LAI, estimated at jointing, could not predict yield. However, the relationships between yield and H, ETa, and T were negative and statistically significant in this first flight (Figure 7A). Significant and positive relationships were obtained between yield and remotely-sensed estimated traits on the other two image acquisition dates. With the exception of H, R2 tended to be slightly higher on the last date (May 22nd), accounting for between 82 and 90% of yield variability (Figure 7C). ETa was the parameter which showed the highest R2 with yield for the last two image acquisition dates. Although the R2 of the yield vs. T regressions were also high, the values were slightly lower in comparison with those obtained between yield and ETa.


[image: Figure 7]
FIGURE 7. Relationships between estimated plant height, LAI, actual evapotranspiration (ETa), and transpiration (T) assessed from remote sensing imagery and yield for the three irrigation treatments (full circles, 100%ETc; empty circles 50%ETc; +, Rainfed) for each image acquisition event: (A) April 4th (jointing), (B) April 30th (anthesis), and (C) May 22nd (grain filling). Each point represents the mean value of a genotype across replications (n = 57). ***P < 0.001; **P < 0.01; *P < 0.05.


For a deeper analysis, the same relationships were examined for each irrigation treatment separately. Significant associations (P < 0.05) between remotely-sensed traits and yield were only found for the 100%ETc treatment (Figure 8). The non-significant relationships of other irrigation treatments were probably due to the lower range of yield values obtained in them, as shown in Table 1. In addition, the relationships between H and yield in the 100%ETc treatment were also not significant (data not shown). The accuracy of fitting yield to LAI, ETa, and T varied between dates (Figure 8). The only trait significantly related with yield in the three dates was ETa, which at anthesis and grain filling accounted for 68% of yield variations (Figures 8B,C). On the other hand, the relationship between T and yield was also slightly lower in comparison with ETa.
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FIGURE 8. Relationships between estimated LAI, actual evapotranspiration (ETa), and transpiration (T) assessed from remote sensing images and yield for the 100%ETc treatment for each image acquisition event: (A) April 4th (jointing), (B) April 30th (anthesis), and (C) May 22nd (grain filling). Each point represents the mean value of a genotype across replications (n = 19). Relationships involving predicted plant height are not shown because P > 0.05 in the three image acquisition dates. ***P < 0.001; **P < 0.01; *P < 0.05.


Most of the relationships between traits estimated through remote sensing (ETa, T, H, and LAI) and the agronomic traits other than yield were statistically significant when the data of the three irrigation treatments were aggregated for the analyses (Table 4). The second and third flights led to the largest number of significant and positive correlation coefficients, in contrast with the negative associations obtained in the first flight, as observed previously for the relationships with yield. The largest Pearson correlation coefficients (r > 0.80, P < 0.001) corresponded to the relationships between ETa, T, and LAI with DH, DA, and DM, particularly during the third image acquisition data (grain filling) (Table 4). Correlation coefficients between the four remotely-sensed traits and PH were also positive and significant in the two later flights. For the yield components, the largest correlation coefficients appeared for the relationships between ETa, T, and LAI with NGS, and between H and both PH and TKW. Traits assessed from remote sensing could not properly estimate GFR when data of the three irrigation treatments were analyzed at once. Strong relationships were observed between remotely-sensed and phenological traits (Table 4).


Table 4. Pearson correlation coefficients (r) for the relationships between traits assessed through remote sensing and agronomic traits other than yield for each image acquisition event across irrigation treatments (n = 57).

[image: Table 4]

On the other hand, the correlation coefficients calculated for each irrigation treatment separately showed a completely different picture. The number of statistically significant associations between remotely-sensed traits and yield-related traits was much larger for the 50 and 100%ETc treatments than for the rainfed treatment (Table 5). The largest r value obtained for the non-irrigated treatment corresponded to the relationship between LAI and PH during the flight carried out on April 4th (r = 0.65, P < 0.01), but this relationship was not confirmed in the subsequent image acquisition dates. ETa was negatively and significantly associated with NGS on the first and second image acquisition dates, but this relationship was not significant on the third date (Table 5). Moreover, positive and significant correlation coefficients appeared between ETa and PH on the first and third dates, but not the second. For the 50%ETc treatment, significant correlation coefficients were found for all yield-related traits on at least one image acquisition event, with the exception of the NSm2 and GFD which were not associated with any remotely-sensed estimated trait on any date (Table 5). Predicted plant height (H) was significantly and negatively correlated with NGS and positively with GFR on the three image acquisition dates and T was significantly correlated with DH and DA on the second and third dates. No significant relationships were found between remotely-sensed traits assessed at jointing and yield-related traits in the 100%ETc treatment, but H estimated on the second and third dates was significantly related with NGS, TKW, GFR, and PH (Table 5). ETa was positively associated with PH, DH, and DA but negatively with GFD on the second and third dates. GFD was significantly and negatively correlated with the four remote sensing traits on the third date, and with ETa and LAI on the second.


Table 5. Significant (P < 0.05) Pearson correlation coefficients (r) for the relationships between traits assessed through remote sensing and yield, yield-related traits and crop phenology for each irrigation treatment and each image acquisition event (n = 19).

[image: Table 5]



Assessment of Genotypic Differences

Figure 7 shows that the largest difference between genotypes for the remotely-sensed traits was recorded in the third flight. The comparison of genotypic values for each trait and irrigation treatment for that flight event showed that, although genotypes differed in their yield at each irrigation treatment, the discrimination power of the remotely-sensed traits varied depending on the water available for the crop (Table 6). Genotypic differences were not statistically significant for H in the rainfed treatment in which significant differences were obtained for LAI, Eta, and T. Genotypes did not differ in ETa and T in either of the irrigated treatments and in LAI in the 50%ETc treatment. In agreement with the positive relationships between yield and either LAI, Eta, and T (Figure 8), the genotypes that reached the highest yields in the 100%ETc treatment (Euroduro, Anvergur, Grador, and others shown in Table 6) tended to have superior values for these three traits, while the lowest yielding ones showed low values for them. However, this trend was not observed for the 50%ETc treatment, where the significant differences detected for yield between the Sculptur and Claudio cultivars, which obtained the highest yields, and the Don Sebastian cultivar, which gave the least yield, were not associated with specific values of the remotely-sensed traits. Even though the rainfed treatment had the highest discrimination power between cultivars, genotypic differences in remotely-sensed traits were also independent of yield variations.


Table 6. Comparison of estimated plant height (H), leaf area index (LAI), actual evapotranspiration (ETa), actual transpiration (T), and yield in each genotype on May 22nd (grain filling).
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DISCUSSION

The present study provided a quantifiable assessment of UAV imagery for the purpose of obtaining an accurate estimation of the agronomic performance of durum wheat from the field phenotyping of 19 durum wheat genotypes grown under three contrasting water regimes. The proposed method employs the TSEB model to estimate differences between irrigation treatments and genotypes in actual crop evapotranspiration (ETa) and transpiration (T). The biophysical parameters of the vegetation, such as LAI and canopy height (H) were respectively estimated through spectral vegetation indices and photogrammetry. The feasibility of using this methodology for high-throughput field phenotyping has been demonstrated, since it is robust, repeatable and time, and cost efficient compared with measurements made at ground level.


Effect of Water Availability on Durum Wheat Field Performance

The experimental site is representative of the Mediterranean climate, with a long-term mean temperature of 10.4°C and average rainfall of 248 mm from November to June. This mean temperature was recorded for the 2018–2019 growing season, but rainfall was slightly lower than average. This water scarcity allowed the testing of three contrasting irrigation treatments. Results indicate that a water input of 450 mm (rainfall + irrigation), most of which was supplied during the spring, was enough to cover all the evapotranspiration needs of the durum wheat crop (Figure 5). A reduction of 36.7% in the water supplied (285 mm) covered half of these needs (50%ETc), while the non-irrigated treatment (122 mm of rainfall) represented 27.1% of the water needed to meet evapotranspiration needs. The analyses of the effects of water constraints on grain yield revealed that supplying 63.3% (50%ETc) or 27.1% (rainfed treatment) of the water needed to cover the whole crop evapotranspiration needs, resulted in yields that corresponded to 81.7 and 52.0%, respectively, of the yield obtained in the full irrigation treatment (100%ET). Karam et al. (2009) obtained yield decreases between 25 and 28% in rainfed and half-irrigated durum wheat compared with a full-irrigated treatment. These results suggest that durum wheat could be an alternative for irrigated areas with low seasonal water availability, since a reduction of 36.7% in water input decreased yield by only 18.3%, and a water reduction of 72.9% diminished yield by 48.0%. In terms of water productivity (WP), the values were 2.05, 2.64, and 3.93 kg of DM grain/m3 of water applied in the 100%ETc, 50%ETc, and rainfed treatments, respectively. These results reflect the efforts made by breeders to improve drought tolerance of modern durum wheat cultivars adapted to drought-prone environments (Araus et al., 2003), where yield differences between drought-tolerant and drought-sensitive ideotypes are evident (Senapati et al., 2019).

The 18.3% yield reduction observed in the 50%ETc treatment when compared with the 100%ETc was a consequence of decreases of 15.0% in NGS and 3.8% in TKW, as the NSm2 was not affected. In addition, the 48.0% yield decrease of the rainfed treatment in comparison with the fully-irrigated one was due to a reduction of 33.7% in NGS, 9.8% in NSm2, and 7.7% in TKW. In this study, the larger LAI values estimated for the rainfed treatment at the jointing stage suggest that the tiller number was probably not strongly affected by drought, which is in agreement with the low reduction of NSm2 observed in the rainfed treatment. Our results agree with the assumption that NGS is typically the yield component that is most sensitive to drought stress due to severe competition for nutrients during stem elongation (Richards et al., 2001; Kilic and Yagbasanlar, 2010; Liu et al., 2015). Decreases in the NGS from 12.4 to 58.7% have been found in durum wheat under drought stress compared to well-irrigated conditions (Vahamidis et al., 2019).

When compared with the fully-irrigated treatment, the cycle shortening observed in this study ranged between 3 days (2.2%) for DH in the 50%ETc treatment to 13 days (7.1%) for DM in the rainfed treatment. Similar reductions have been reported in the literature (Liu et al., 2015; Varga et al., 2015). The reductions observed in DA and DM in the 50%ETc and rainfed treatments suggest that water stress likely accelerated leaf senescence, which is a common response to water shortage (Ihsan et al., 2016; Pour-Aboughadareh et al., 2020). In relative terms, the greatest shortening was observed in GFD (up to 12.5%), which could not be compensated by the increase of 5.7% in GFR. Decreases of 14% in the duration of grain filling have been reported previously in durum wheat subjected to pre-anthesis drought (Liu et al., 2015). It is well-known that the reduced grain-filling period directly affects grain number and grain size, which largely accounts for the decrease in wheat yields (Dolferus et al., 2011). Plant height decreased 6.5 and 12.0% in the 50%ETc and rainfed treatments, respectively, which is in agreement with the biomass reduction caused by drought shown by previous studies (Pour-Aboughadareh et al., 2020 and references herein).



Predicted vs. Observed Traits

Spectral vegetation indices (VI) assessed from ground level though field spectrometry have been widely used to estimate several wheat traits such as growth status, biomass, yield, or photosynthesis (Aparicio et al., 2000, 2002; Magney et al., 2016). Moreover, UAV-derived VI [e.g., NDVI, soil adjusted VI (SAVI) and optimized soil adjusted VI (OSAVI)] have also been used to estimate the same traits (Yue et al., 2019; Marino and Alvino, 2020), but with the advantages over field spectrometry of generating surface maps in real time, higher flexibility and more convenient operation for estimating plant traits from large numbers of plots at a time (Lelong et al., 2008; Maimaitijiang et al., 2017). UAV high-resolution VI may detect changes of plant status, thus helping to improve crop monitoring, nitrogen management, and crop yield estimation (Cabrera-Bosquet et al., 2011). However, the relationships between existing VI and biophysical parameters of the vegetation, such as LAI, usually generate an error, in part because some of them saturate at medium-to-high canopy covers, are sensitive to the chlorophyll content or to internal factors such as canopy geometry, leaf and soil optical properties (Baret and Guyot, 1990; Zhou et al., 2017). In this study, the MTVI2 showed a linear relationship with LAI, with an R2 of 0.78 (Figure 6A). This positive linear regression could be attributable to the MTVI2 having a center wavelength located at the red-edge region (717 nm), which is mainly influenced by the plant's structural characteristics and chlorophyll content (Guyot et al., 1992; Yao et al., 2017; He et al., 2020). This suggests that the MTVI2 is not as sensitive to canopy structure as other indices which only use bands at the red and near-infrared regions.

Crop height (H) estimates through photogrammetry were regularly underestimated by 0.18 ± 0.05 m. According to Lechner et al. (2009) and Hengl (2006), the image spatial resolution has to be at least half of the size of the target object to be accurately discriminated though photogrammetric analysis. Therefore, it is possible that the low leaf width of durum wheat, similar to the pixel size (0.02 m), provoked this systematic underestimation (Figure 6C). Probably, increasing the number of images acquired from different viewing angles, with a higher overlap, could help to improve H estimates. However, these results are in agreement with those obtained in previous studies at the same spatial resolution in wheat (Holman et al., 2016; Demir et al., 2018), and olive trees (Caruso et al., 2019). Since plant height is one of the necessary ancillary data of the TSEB model, a precise estimation of H is essential to assess plant evapotranspiration.

Estimates of canopy transpiration were validated against leaf transpiration measurements (Figure 6D). Although remotely-sensed estimates of T were higher than the measured ones, the relationship had an R2 of 0.50. The higher T rates assessed through remote sensing were because they were calculated at plot level, whereas the others were calculated only at leaf level. Differences could also be attributable to the likelihood that the partitioning of ET into T and E contains a substantial bias error.



Relationships Between Traits Assessed From Remote Imagery and Agronomic Traits

The sign of the correlation coefficients between remotely-sensed traits and most of the agronomic characteristics were negative in the first flight and positive in the subsequent ones. This was due to the high initial vegetative growth of the plots subjected to the rainfed treatment, as revealed by the LAI, ETa, and T values shown in Table 3, which likely reflects the effect of soil variations on the growth of seedlings. It is probable that soil water holding capacity was higher in the area were the rainfed treatment was located. As the season evolved, this trend was reversed and the fully-irrigated treatment showed the highest evapotranspiration rates which previous studies have associated with higher stomatal conductance and photosynthetic rates (Fischer et al., 1998). The highest ETa and T values observed in the 100%ET treatment are in agreement with high yielding wheat cultivars showing higher rates of transpiration (Shimshi and Ephrat, 1975; Reynolds et al., 1994) and with the strong association existing between T and LAI (Blum, 2011).

When the analyses of the relationships between grain yield and the four traits assessed from remote sensing images (H, ETa, T, and LAI) were conducted using the aggregated data of the three irrigation treatments for each flight event, the results clearly show that forecasts were much more accurate at anthesis and grain filling than at jointing (Figure 7). Except for H, the correlation coefficients were in general slightly higher in the third flight (May 22nd) than in the second (April 30th), thus suggesting that yield predictions were more accurate when images were captured during grain filling than around anthesis. A lower correlation in LAI was observed at flowering (2nd flight date, 147DAS) in comparison to grain filling (3rd flight date, 169DAS). This can probably be explained by an early senescence reached in some of the genotypes (Table 1). Greater variability may explain an increase in the correlation with respect to the second flight date. The analyses conducted for the yield-related traits confirmed that measurements at advanced crop stages were better, as demonstrated in previous studies (Hassan et al., 2018). This was an expected result, as only the potential number of spikes and spikelets per spike are defined at jointing (Simane et al., 1993), while grain setting, grain weight and final yield are determined in subsequent developmental stages (Giunta et al., 1993). NGS, PH, DH, DA, and DM and GFD could be properly assessed through remotely acquired estimates of ETa, T, H, and LAI during grain filling (Table 4). The highest R2 to estimate yield components was observed in ETa rather than with T. It is crucial for ET partitioning to retrieve reliable estimates of canopy and soil temperatures, net radiation, and aerodynamic roughness, with the latter usually obtained from vegetation structural parameters. Therefore, any bias in those estimates could be a source of error when attempting to obtain accurate estimates of T. In addition, the higher range of variability of ETa values in comparison to T contributed to obtaining the highest R2 when it was regressed with yield. This is because ETa also uses the soil temperature (Tsoil) of each individual plot and irrigation treatment, with important differences in Tsoil between irrigated and rainfed plots. On the other hand, predicted plant height (H) was also a good estimator of DH, DA, DM, GFD, PH, and TKW at anthesis, although the values were slightly lower in comparison to the evapotranspiration components. While in this study H was estimated from photogrammetry using multispectral imagery, the advantages of using H instead of ET estimates include the need for fewer inputs, and the lower cost and amount of time needed. Plant height is an essential trait in wheat as it determines the architecture of the plant canopy and has a strong effect on grain number, harvest index and final grain yield (Maccaferri et al., 2008; Liu et al., 2015). The relationships between plant height and yield are environmentally dependent as positive associations have been reported under optimal water conditions and negative associations in water stress environments (Royo et al., 2008; Dogan, 2009; Talebi et al., 2010). Plant height has been proposed as a potential indicator of tolerance to drought stress under Mediterranean conditions (Liu et al., 2015).

Although the R2 of the relationships between the assessed parameters and NSm2 were significant, the weaker relationships obtained for this trait suggest that it cannot be considered a yield component that it is possible to properly estimate through remote imagery. GFR could not be assessed through any remotely-sensed trait, even when considering the aggregated data of the three irrigation treatments (Table 4). However, when the relationships between remotely-sensed estimated traits and yield-related traits were analyzed individually for each irrigation treatment, results showed higher accuracy in the irrigated treatments than in the rainfed one (Table 5). Although some r values obtained from the regressions between remotely-sensed estimated traits and the agronomic ones were significant under rainfed conditions, they did not show consistency among related traits nor across image acquisition dates. This suggests that they could be more casual than causal, and therefore do not demonstrate enough reliability to be recommended for accurate field assessments. This was probably related, as discussed previously, with the wider range of values observed for most traits in the irrigated treatments when compared with the rainfed treatment, as shown in Table 1, which increased the predictability of remote sensing imagery. The comparison of the number of significant correlation coefficients obtained in each irrigated treatment in the second and third flights and their values revealed that assessments made in the 100%ETc treatment showed more significant correlation coefficients and with higher values than the ones made in the 50%ETc treatment (Table 5). As regards the growth stage most appropriate for predicting yield-related traits, the number of significant correlation coefficients indicated that, as in the case of yield, the second (at anthesis) and third (during grain filling) image acquisition dates were the most suitable, but a higher number of positive associations were found for the third flight.

In relation to the agronomic traits that can be properly assessed by remote sensing imagery, the negative and significant correlation coefficients between H and NGS in the two irrigated treatments and the two later flights (r values from −0.53 to −0.73) suggest a causal and consistent association. Similarly, H showed a positive and significant association with GFR in the same four cases, with r values ranging from 0.59 to 0.71, thus indicating a good predictive value. The analysis of the relationships between predicted plant height and TKW showed less consistent results given that the correlation coefficient obtained for the third flight in the 50%ETc treatment was not statistically significant. DH and DA were among the phenological characteristics that were most consistently related with remotely-sensed traits, with ETa being the best predictor for them, mostly during the third flight. GFD was negatively and consistently related with the four remotely-sensed traits estimated from images acquired during the grain filling stage in the fully-irrigated treatment.

Remote sensing imagery has been widely used to assess yield-related traits under a wide range of phenotypical variations (Aparicio et al., 2002; Haghighattalab et al., 2016; Caruso et al., 2019). In the current study, when data of the three irrigation treatments were analyzed together, the yield ranged between 3,905 and 10,446 kg/ha. Previous studies showed that this very wide range of variability is exceptional for durum wheat genotypes grown in the same site where this study was carried out when subjected to a common agronomic management, under both irrigated and rainfed conditions (Aparicio et al., 2000). For this reason, we also decided to assess the suitability of remotely-sensed estimated traits within each irrigation treatment, given that such homogeneous environmental conditions are more representative of real-world cropping systems. In this case, the results showed that yield could only be properly forecasted in the 100%ETc treatment (Figure 8). The lack of water restrictions probably allowed the genotypes to express their potentialities, thus maximizing phenotypic differences as shown by the wider range of yields observed in the 100%ETc treatment (3,172 kg/ha) compared with the 50%ETc (2,559 kg/ha) and the rainfed treatment (2,067 kg/ha). Previous studies have also demonstrated that the capacity of spectral reflectance indices to forecast durum wheat grain yield was higher in locations where genotypes reached potential yields (Royo et al., 2003). Under full irrigation conditions (100%ETc), the results of this study also indicate that ETa was the best predictor of yield, particularly when image acquisition was performed around anthesis or during grain filling. On both dates, it accounted for about 68% of yield variations (Figure 8).



Capacity of Remotely-Sensed Traits to Discriminate Among Genotypes

The analysis of the data for each genotype provided by the remotely-sensed traits assessed during grain filling gave a wide range of values for all of them. However, in some cases the differences were not wide enough to be statistically significant (Table 6). For LAI, ETa, and T, the highest statistical significance was obtained in the rainfed treatment. Although the pattern behind these results was not totally clear, the relatively wider range of values recorded in the rainfed treatment when compared with the irrigated ones could partially explain these differences. Though the absolute values of LAI, ETa, and T were greater in the irrigated treatments than in the rainfed one, in relative terms the differences between the values of the genotypes showing the highest and the lowest value for each trait were largest in the latter. For instance, in the rainfed treatment, the T value of cv. Don Sebastian (2.92 mm/day) was 86% superior to that of cv. Grador, which showed the lowest estimate (1.57 mm/day). This relative difference, which was superior to that obtained in the 100%ETc (17.9%) and the 50%ETc (33.5%) treatments was large enough to prove statistically that these two genotypes differed for this trait. Similarly, the relative wider variations among the extreme values for ETa and LAI obtained in the rainfed treatment than in the irrigated ones support the differences obtained in statistical significances. In the case of H, the lack of differences between genotypes in the rainfed treatment could not be attributed to the same reason, as the relative difference in H values was 54%, larger than that observed in the irrigated treatments (23.7 and 27.4% in 100 and 50%ETc, respectively) where statistically significant differences were detected. In this case, the reason could likely be the low H values in the rainfed treatment resulting from the short plants, associated to drought environments (Madec et al., 2017), and the underestimation of actual plant height occasioned by the methodology employed which was in accordance with previous studies (Holman et al., 2016).

According to other studies that related durum wheat transpiration and yield (Medina et al., 2019), the genotypes with the highest yields in the fully-irrigated treatment showed superior LAI, ETa, and T values. A high LAI in durum wheat genotypes at the milk-grain growth stage denotes a delay of leaf senescence after anthesis, a characteristic that has been positively related with grain yield (Borojevic et al., 1980), thus underlining its importance as a grain yield determining feature. The high values for ETa and T in high-yielding genotypes are in agreement with the positive associations found between T and both leaf area and biomass in wheat grown in well-watered environments (Blum, 2011).




CONCLUSIONS

This study shows the feasibility of using the two-source energy balance (TSEB) with very high resolution imagery to assess differences in the evapotranspiration components of a durum wheat panel. For this purpose, biophysical parameters of the vegetation were successfully estimated from multispectral imagery. Plant height and LAI estimates gave RMSE values of 0.18 m and 0.63, respectively. Significant differences in durum wheat yield and yield components were observed between irrigation treatments. The 50%ETc and rainfed treatments accounted for respective yield reductions of 18.3 and 48.0% in comparison with the treatment that met all crop water requirements (100%ETc). ETa was the remotely-sensed parameter that, when estimated either at anthesis or during grain filling, showed a positive relationship and the highest R2 with yield, DH, DA, and GFD. When data were analyzed individually for each irrigation treatment, consistent and positive associations were found between ETa and yield, DH and DA and negative associations with GFD in the 100%ETc treatment, but not in the other treatments. The remotely-sensed traits that were assessed were able to discriminate among genotypes, but the significance of the differences depended on the irrigation treatment. As a conclusion, this study demonstrates that remotely-sensed estimates of ETa through the TSEB model are the best predictor of yield components. R2 values at the grain filling stage were higher in comparison with other remotely-sensed trait estimates such as height, LAI or spectral vegetation indices.
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ET, evapotranspiration; T, transpiration; H, predicted plant height; PH, observed plant height; DH, days from sowing to heading; DA, days from sowing to anthesis; DM, days from sowing to maturity; DAS, days after sowing; GFD, grain filling duration; NSm2, number of spikes/m2; NGS, number of grains/spike; TKW, thousand kernel weight; GFR, grain filling rate; GFD, grain filling duration.



REFERENCES

 Agisoft (2020). Agisoft (Agisoft PhotoScan User Manual Professional Edition) (2020). Version 1.6.2. Agisoft LLC. Available online at: http://www.agisoft.com/downloads/user-manuals/ (accessed October 10, 2020).

 Allen, R. G., Pereira, L. S., Raes, D., and Smith, M. (1998). Crop evapotranspiration guidelines for computing crop water requirements. Irrigation and Drainage Paper 56. FAO, Rome.

 Allen, R. G., Tasumi, M., and Trezza, R. (2007). Satellite-based energy balance for mapping evapotranspiration with internalized calibration (METRIC)–Model. J. Irrig. Drain. Eng. 133, 380–394. doi: 10.1061/(ASCE)0733-9437(2007)133:4(380)

 Aparicio, N., Villegas, D., Araus, J. L., Casadesús, J., and Royo, C. (2002). Relationship between growth traits and spectral reflectance indices in durum wheat. Crop Sci. 42, 1547–1555. doi: 10.2135/cropsci2002.1547

 Aparicio, N., Villegas, D., Casadesús, J., Araus, J. L., and Royo, C. (2000). Spectral vegetation indices as non-destructive tools for determining durum wheat yield. Agron. J. 92, 83–91. doi: 10.2134/agronj2000.92183x

 Araus, J. L., Bort, J., Steduto, P., Villegas, D., and Royo, C. (2003). Breeding cereals for Mediterranean conditions: ecophysiological clues for biotechnology application. Ann. Appl. Biol. 142, 129–141. doi: 10.1111/j.1744-7348.2003.tb00238.x

 Araus, J. L., and Cairns, J. E. (2014). Field high-throughput phenotyping: the new crop breeding frontier. Trends Plant Sci. 19, 52–61. doi: 10.1016/j.tplants.2013.09.008

 Araus, J. L., Kefauver, S. C., Zaman-Allah, M., Olsen, M. S., and Cairns, J. E. (2018). Translating high-throughput phenotyping into genetic gain. Trends Plant Sci. 23, 451–466. doi: 10.1016/j.tplants.2018.02.001

 Baret, F., and Guyot, G. (1990). Potentials and limits of vegetation indices for LAI and APAR assessment. Remote Sens. Environ. 35, 161–173. doi: 10.1016/0034-4257(91)90009-U

 Bastiaanssen, W. G. M., Pelgrum, H., Wang, J., Ma, Y., Moreno, J. F., Roerink, G. J., et al. (1998). Remote sensing surface energy balance algorithm for land (SEBAL): 2. Validation. J. Hydrol. 212, 213–229. doi: 10.1016/S0022-1694(98)00254-6

 Bellvert, J., Jofre-Cekalović, C., Pelechá, A., Mata, M., and Nieto, H. (2020). Feasibility of using the two-source energy balance model (TSEB) with Sentinel-2 and Sentinel-3 images to analyze the spatio-temporal variability of vine water status in a vineyard. Remote Sens. 12:2299. doi: 10.3390/rs12142299

 Bellvert, J., Nieto, H., Pelechá, A., Jofre-Cekalović, C., Zazurca, L., and Miarnau, X. (2021). Remote sensing energy balance model for the assessment of crop evapotranspiration and water status in an almond rootstock collection. Front. Plant Sci. 12:608967. doi: 10.3389/fpls.2021.608967

 Bendig, J., Bolten, A., Bennertz, S., Broscheit, J., Eichfuss, S., and Bareth, G. (2014). Estimating biomass of barley using crop surface models (CSMs) derived from UAV-based RGB imaging. Remote Sens. 6, 10395–10412. doi: 10.3390/rs61110395

 Blum, A. (2011). Plant Breeding for Water-Limited Environments. New York, NY: Springer, 255. doi: 10.1007/978-1-4419-7491-4

 Borojevic, S., Cupina, T., and Krsmanovic, M. (1980). Green area parameters in relation to grain-yield of different wheat genotypes. Zeitschrift fur Pflanzenzuchtung 84, 265–283.

 Cabrera-Bosquet, L., Molero, G., Stellacci, A., Bort, J., Nogués, S., and Araus, J. (2011). NDVI as a potential tool for predicting biomass, plant nitrogen content and growth in wheat genotypes subjected to different water and nitrogen conditions. Cereal Res. Commun. 39, 147–159. doi: 10.1556/CRC.39.2011.1.15

 Caruso, G., Zarco-Tejada, P. J., González-Dugo, V., Moriondo, M., Tozzini, L., Palai, G., et al. (2019). High-resolution imagery acquired from an unmanned platform to estimate biophysical and geometrical parameters of olive trees under different irrigation regimes. PLoS ONE 14:e0210804. doi: 10.1371/journal.pone.0210804

 Chapman, S., Merz, T., Chan, A., Jackway, P., Hrabar, S., Dreccer, M. F., et al. (2014). Pheno-copter: a low-altitude, autonomous remote-sensing robotic helicopter for high-throughput field-based phenotyping. Agronomy 4, 279–301. doi: 10.3390/agronomy4020279

 Cobb, J. N., DeClerck, G., Greenberg, A., Clark, R., and McCouch, S. (2013). Next-generation phenotyping: requirements and strategies for enhancing our understanding of genotype–phenotype relationships and its relevance to crop improvement. Theor. Appl. Genet. 126, 867–887. doi: 10.1007/s00122-013-2066-0

 Condon, A. G. (2004). Breeding for high water-use efficiency. J. Exp. Bot. 55, 2447–2460. doi: 10.1093/jxb/erh277

 Condon, L. E., and Maxwell, R. M. (2014). Groundwater-fed irrigation impacts spatially distributed temporal scaling behavior of the natural system: a spatio-temporal framework for understanding water management impacts. Environ. Res. Lett. 9:034009. doi: 10.1088/1748-9326/9/3/034009

 Costa, J. M., Grant, O. M., and Chaves, M. M. (2013). Thermography to explore plant–environment interactions. J. Exp. Bot. 64, 3937–3949. doi: 10.1093/jxb/ert029

 Deery, D., Jimenez-Berni, J., Jones, H., Sirault, X., and Furbank, R. (2014). Proximal remote sensing buggies and potential applications for field-based phenotyping. Agronomy 4, 349–379. doi: 10.3390/agronomy4030349

 Demir, N., Sönmez, N. K., Akar, T., and Ünal, S. (2018). Automated measurement of plant height of wheat genotypes using a DSM derived from UAV Imagery. Proceedings 2, 1–5. doi: 10.3390/ecrs-2-05163

 Dhondt, S., Wuyts, N., and Inzé, D. (2013). Cell to whole-plant phenotyping: the best is yet to come. Trends Plant Sci. 18, 428–439. doi: 10.1016/j.tplants.2013.04.008

 Dogan, R. (2009). The correlation and path coefficient analysis for yield and some yield components of durum wheat (Triricum turgidum spp. durum L.) in west Anatolia conditions. Pak. J. Bot Pakistan Botanical Society. 41, 1081–1089.

 Dolferus, R., Ji, X., and Richards, R. A. (2011). Abiotic stress and control of grain number in cereals. Plant Sci. 181, 331–341. doi: 10.1016/j.plantsci.2011.05.015

 FAO (2017). Food Outlook: Biannual Report on Global Food Markets. Available online at: http://www.fao.org/3/a-i7343e.pdf (accessed March 24, 2020).

 Fiorani, F., and Schurr, U. (2013). Future scenarios for plant phenotyping. Annu. Rev. Plant Biol. 64, 267–291. doi: 10.1146/annurev-arplant-050312-120137

 Fischer, R. A., Rees, D., Sayre, K. D., Lu, Z. M., Condon, A. G., and Saavedra, A. L. (1998). Wheat yield progress associated with higher stomatal conductance and photosynthetic rate, and cooler canopies. Crop Sci. 38, 1467–1475. doi: 10.2135/cropsci1998.0011183X003800060011x

 Flato, G., Marotzke, J., Abiodun, B., Braconnot, P., Chou, S. C., Collins, W. J., et al. (2013). Evaluation of climate models. Clim. Change 5, 741–866. doi: 10.1017/CBO9781107415324.020

 Furbank, R., and Tester, M. (2011). Phenomics–technologies to relieve the phenotyping bottleneck. Trends Plant Sci. 16, 635–644. doi: 10.1016/j.tplants.2011.09.005

 Giunta, F., Motzo, R., and Deidda, M. (1993). Effect of drought on yield and yield components of durum wheat and triticale in a Mediterranean environment. Field Crops Res. 33, 399–409. doi: 10.1016/0378-4290(93)90161-F

 Gonzalez-Dugo, V., Hernandez, P., Solis, I., and Zarco-Tejada, P. J. (2015). Using high-resolution hyperspectral and thermal airborne imagery to assess physiological condition in the context of wheat phenotyping. Remote Sens. 7, 13586–13605. doi: 10.3390/rs71013586

 Gutman, G., and Ignatov, A. (1998). The derivation of the green vegetation fraction from NOAA/AVHRR data for use in numerical weather prediction models. Int. J. Remote Sens. 19, 1533–1543. doi: 10.1080/014311698215333

 Guyot, G., Baret, F., and Jacquemoud, S. (1992). “Imaging spectroscopy for vegetation studies,” in Imaging Spectroscopy: Fundamentals and Prospective Applications, eds F. Toselli and J. Bodechtel (New York, NY: Kluwer Academic), 145–165.

 Haghighattalab, A., Perez, L. G., Mondal, S., Singh, D., Schinstock, D., Rutkoski, J., et al. (2016). Application of unmanned aerial systems for high throughput phenotyping of large wheat breeding nurseries. Plant Methods 12:15. doi: 10.1186/s13007-016-0134-6

 Hassan, M., Yang, M., Rasheed, A., Jin, X., Xia, X., Xiao, Y., et al. (2018). Time-series multispectral indices from unmanned aerial vehicle imagery reveal senescence rate in bread wheat. Remote Sens. 10:809. doi: 10.3390/rs10060809

 He, L., Ren, X., Wang, Y., Liu, B., Zhang, H., Liu, W., et al. (2020). Comparing methods for estimating leaf area index by multi-angular remote sensing in winter wheat. Sci. Rep. 10:13943. doi: 10.1038/s41598-020-70951-w

 Hengl, T. (2006). Finding the right pixel size. Comput. Geosci. 32, 1283–1298. doi: 10.1016/j.cageo.2005.11.008

 Holman, F. H., Riche, A. B., Michalski, A., Castle, M., Wooster, M. J., and Hawkesford, M. J. (2016). High throughput field phenotyping of wheat plant height and growth rate in field plot trials using UAV based remote sensing. Remote Sens. 8:1031. doi: 10.3390/rs8121031

 Ihsan, M., El-Nakhlawy, F. S., Ismail, S. M., Fahad, S., and Daur, I. (2016). Wheat phenological development and growth studies as affected by drought and late season high temperature stress under arid environment. Front. Plant Sci. 7:795. doi: 10.3389/fpls.2016.00795

 Jackson, R. D., Idso, S. B., Reginato, R. J., and Pinter, P. J. (1981). Canopy temperature as a crop water stress indicator. Water Resour. Res. 17, 1133–1138. doi: 10.1029/WR017i004p01133

 Jones, H. G. (1999). Use of thermography for quantitative studies of spatial and temporal variation of stomatal conductance over leaf surfaces. Plant Cell Environ. 22, 1043–1055. doi: 10.1046/j.1365-3040.1999.00468.x

 Karam, F., Kabalan, R., Breidi, J., Rouphael, Y., and Oweis, T. (2009). Yield and water-production functions of two durum wheat cultivars grown under different irrigation and nitrogen regimes. Agric. Water Manag. 96, 603–615. doi: 10.1016/j.agwat.2008.09.018

 Kilic, H., and Yagbasanlar, T. (2010). The effect of drought stress on grain yield, yield components and some quality traits of durum wheat (Triticum turgidum ssp. durum) cultivars. Not. Bot. Horti. Agrobo. 38, 164–170. doi: 10.15835/nbha3814274

 Kustas, W., and Anderson, M. (2009). Advances in thermal infrared remote sensing for land surface modeling. Agric. Forest Meteorol. 149, 2071–2081. doi: 10.1016/j.agrformet.2009.05.016

 Kustas, W. P., and Norman, J. M. (1999). Evaluation of soil and vegetation heat flux predictions using a simple two-source model with radiometric temperatures for partial canopy cover. Agric. Forest Meteorol. 94, 13–29. doi: 10.1016/S0168-1923(99)00005-2

 Lal, R. (2016). Beyond COP 21: potential and challenges of the “4 per Thousand” initiative. J. Soil Water Conserv. 71:20A. doi: 10.2489/jswc.71.1.20A

 Lechner, A. M., Stein, A., Jones, S. D., and Ferwerdac, J. G. (2009). Remote sensing of small and linear features: quantifying the effects of patch size and length, grid position and detectability on land cover mapping. Remote Sens. Environ. 113, 2194–2204. doi: 10.1016/j.rse.2009.06.002

 Lelong, C., Burger, P., Jubelin, G., Roux, B., Labbé, S., and Baret, F. (2008). Assessment of unmanned aerial vehicles imagery for quantitative monitoring of wheat crop in small plots. Sensors 8, 3557–3585. doi: 10.3390/s8053557

 Leroux, L., Baron, C., Zoungrana, B., Traore, S. B., Lo Seen, D., and Begue, A. (2016). Crop monitoring using vegetation and thermal indices for yield estimates: case study of a rainfed cereal in semi-arid West Africa. IEEE J. Select. Topics Appl. Earth Observ. Remote Sens. 9, 347–362. doi: 10.1109/JSTARS.2015.2501343

 Liu, H., Searle, L. R., Mather, D. E., Able, A. J., and Able, J. A. (2015). Morphological, physiological and yield responses of durum wheat to pre-anthesis water-deficit stress are genotype-dependent. Crop Pasture Sci. 66, 1024–1038. doi: 10.1071/CP15013

 Maccaferri, M., Sanguineti, M. C., Corneti, S., Ortega, J. L. A., Salem, M. B., and Bort, J. (2008). Quantitative trait loci for grain yield and adaptation of durum wheat (Triticum durum Desf.) across a wide range of water availability. Genetics 178, 489–511. doi: 10.1534/genetics.107.077297

 Madec, S., Baret, F., de Solan, B., Thomas, S., Dutartre, D., Jezequel, S., et al. (2017). High-throughput phenotyping of plant height: comparing unmanned aerial vehicles and ground LiDAR estimates. Front. Plant Sci. 8:2002. doi: 10.3389/fpls.2017.02002

 Magney, T. S., Eitel, J. U. H., Huggins, D. R., and Vierling, L. A. (2016). Proximal NDVI derived phenology improves inseason predictions of wheat quantity and quality. Agric. For. Meteorol. 217, 46–60. doi: 10.1016/j.agrformet.2015.11.009

 Maimaitijiang, M., Ghulam, A., Sidike, P., Hartling, S., Maimaitiyiming, M., Peterson, K., et al. (2017). Unmanned Aerial System (UAS)-based phenotyping of soybean using multi-sensor data fusion and extreme learning machine. ISPRS J. Photogramm. 134, 43–58. doi: 10.1016/j.isprsjprs.2017.10.011

 Marino, S., and Alvino, A. (2020). Agronomic traits analysis of ten winter wheat cultivars clustered by UAV-derived vegetation indices. Remote Sens. 12:249. doi: 10.3390/rs12020249

 McShane, R. R., Driscoll, K. P., and Sando, R. A. (2017). Review of Surface Energy Balance Models for Estimating Actual Evapotranspiration with Remote Sensing at High Spatiotemporal Resolution over Large Extents. Scientific Investigations Report. Department of the Interior and U.S. Geological Survey, Reston, VA, United States. doi: 10.3133/sir20175087

 Medina, S., Vicente, R., Nieto-Taladriz, M. T., Aparicio, N., Chairi, F., Vergara-Diaz, O., et al. (2019). The plant-transpiration response to vapor pressure deficit (VPD) in durum wheat is associated with differential yield performance and specific expression of genes involved in primary metabolism and water transport. Front. Plant Sci. 9:1994. doi: 10.3389/fpls.2018.01994

 Moshelion, M., and Altman, A. (2015). Current challenges and future perspectives of plant and agricultural biotechnology. Trends Biotechnol. 33, 337–342. doi: 10.1016/j.tibtech.2015.03.001

 Nieto, H., Kustas, W. P., Torres-Rúa, A., Alfieri, J. G., Gao, F., Anderson, M. C., et al. (2018). Evaluation of TSEB turbulent fluxes using different methods for the retrieval of soil and canopy component temperatures from UAV thermal and multispectral imagery. Irrigation Sci. 37, 389–406. doi: 10.1007/s00271-018-0585-9

 Norman, J. M., Kustas, W. P., and Humes, K. S. (1995). Source approach for estimating soil and vegetation energy fluxes in observations of directional radiometric surface temperature. Agric. Forest Meteorol. 77, 263–293. doi: 10.1016/0168-1923(95)02265-Y

 Perich, G., Hund, A., Anderegg, J., Roth, L., Boer, M. P., Walter, A., et al. (2019). Assessment of multi-image UAV based high-throughput field phenotyping of canopy temperature. Front. Plant Sci. 11:150. doi: 10.3389/fpls.2020.00150

 Pour-Aboughadareh, A., Mohammadi, R., Etminan, A., Shooshtari, L., Maleki-Tabrizi, N., and Poczai, P. (2020). Effects of drought stress on some agronomic and morpho-physiological traits in durum wheat genotypes. Sustainability 12:5610. doi: 10.3390/su12145610

 Priestley, C. H. B., and Taylor, R. J. (1972). On the assessment of surface heat flux and evaporation using large-scale parameters. Monthly Weather Rev. 100, 81–92. doi: 10.1175/1520-0493(1972)100<0081:OTAOSH>2.3.CO;2

 Ray, D. K., Mueller, N. D., West, P. C., and Foley, J. A. (2013). Yield trends are insufficient to double global crop production by 2050. PLoS ONE 8:e66428. doi: 10.1371/journal.pone.0066428

 Reynolds, M. P., Balota, M., Delgado, M. I. B., Amani, I., and Fischer, R. A. (1994). Physiological and morphological traits associated with spring wheat yield under hot, irrigated conditions. Aust. J. of Plant Physiol. 21, 717–730. doi: 10.1071/PP9940717

 Richards, R. A., Condon, A. G., and Rebetzke, G. J. (2001). “Traits to improve yield in dry environments,” in Application of Physiology in Wheat Breeding, eds M. P. Reynolds, J. I. Ortiz-Monasterio, and A. McNab (Mexico: CIMMYT), 88–100.

 Royo, C., Aparicio, N., Villegas, D., Casadesus, J., Monneveux, P., and Araus, J. L. (2003). Usefulness of spectral reflectance indices as durum wheat yield predictors under contrasting Mediterranean environments. Int. J. Remote Sens. 24, 4403–4419. doi: 10.1080/0143116031000150059

 Royo, C., Martos, V., Ramdani, A., Villegas, D., Rharrabti, Y., and García del Moral, L. F. (2008). Changes in yield and carbon isotope discrimination of Italian and Spanish durum wheat during the 20th century. Agron. J. 100, 352–360. doi: 10.2134/agronj2007.0060

 Sagan, V., Maimaitijiang, M., Sidike, P., Eblimit, K., Peterson, K. T., Hartling, S., et al. (2019). UAV-based high resolution thermal imaging for vegetation monitoring, and plant phenotyping using ICI 8640 P, FLIR Vue Pro R 640, and thermomap cameras. Remote Sens. 11:330. doi: 10.3390/rs11030330

 Savva, A. P., Stoutjesdijk, J., Regnier, P. M. A., and Hindkjaer, S. V. (2001). Irrigation Manual Planning, Development Monitoring and Evaluation of Irrigated Agriculture with Farmer Participation Volume III Module 8. SAFR/AGLW/DOC/003 Food and Agriculture Organization of the United Nations (FAO) Sub-Regional, Sub-Regional Office for East and Southern Africa (SAFR), Harare, Zimbabwe.

 Saxton, K. E., Rawls, W. J., Romberger, J. S., and Papendick, R. I. (1986). Estimating generalized soil-water characteristics from texture. Soil Sci. Soc. Am. J. 50:1031. doi: 10.2136/sssaj1986.03615995005000040039x

 Senapati, N., Stratonovitch, P., Paul, M. J., and Semenov, M. A. (2019). Drought tolerance during reproductive development is important for increasing wheat yield potential under climate change in Europe. J. Exp. Bot. 70, 2549–2560. doi: 10.1093/jxb/ery226

 Shi, Y., Thomasson, J. A., Murray, S. C., Pugh, N. A., Rooney, W. L., Shafian, S., et al. (2016). Unmanned aerial vehicles for high-throughput phenotyping and agronomic research. PLoS ONE 11:e0159781. doi: 10.1371/journal.pone.0159781

 Shimshi, D., and Ephrat, J. (1975). Stomatal behaviour of wheat cultivars in relation to their transpiration, photosynthesis and yield. Agron. J. 67, 326–331. doi: 10.2134/agronj1975.00021962006700030011x

 Simane, B., Struik, P. C., Nachit, M. M., and Peacock, J. M. (1993). Ontogenic analysis of field components and yield stability of durum wheat in water-limited environments. Euphytica 71, 211–219. doi: 10.1007/BF00040410

 Talebi, R., Fayyaz, F., and Naji, A. M. (2010). Genetic variation and interrelationships of agronomic characteristics in durum wheat under two contrasting water regimes. Braz. Arch. Biol. Technol.? 53, 785–791. doi: 10.1590/S1516-89132010000400006

 Tilman, D., Balzer, C., Hill, J., and Befort, B. L. (2011). Global food demand and the sustainable intensification of agriculture. Proc. Natl. Acad. Sci. U. S. A. 108, 20260–20264. doi: 10.1073/pnas.1116437108

 Vadez, V., Kholova, J., Medina, S., Kakkera, A., and Anderberg, H. (2014). Transpiration efficiency: new insights into an old story. J. Exp. Bot. 65, 6141–6153. doi: 10.1093/jxb/eru040

 Vahamidis, P., Karamanos, A. J., and Economou, G. (2019). Grain number determination in durum wheat as affected by drought stress: an analysis at spike and spikelet level. Ann. Appl. Biol. 174, 190–208. doi: 10.1111/aab.12487

 Varga, B., Vida, G., Varga-László, E., Bencze, S., and Veisz, O. (2015). Effect of simulating drought in various phenophases on the water use efficiency of winter wheat. J. Agro Crop Sci. 201, 1–9. doi: 10.1111/jac.12087

 Walter, A., Liebisch, F., and Hund, A. (2015). Plant phenotyping: from bean weighing to image analysis. Plant Methods 11:14. doi: 10.1186/s13007-015-0056-8

 Watanabe, K., Guo, W., Arai, K., Takanashi, H., Kajiya-Kanegae, H., Kobayashi, M., et al. (2017). High-throughput phenotyping of sorghum plant height using an unmanned aerial vehicle and its application to genomic prediction modelling. Front. Plant Sci. 8:421. doi: 10.3389/fpls.2017.00421

 White, J. W., Andrade-Sanchez, P., Gore, M. A., Bronson, K. F., Coffelt, T. A., Conley, M. M., et al. (2012). Field-based phenomics for plant genetics research. Field Crops Res. 133, 101–112. doi: 10.1016/j.fcr.2012.04.003

 Yang, G., Liu, J., Zhao, C., Li, Z., Huang, Y., Yu, H., et al. (2017). Unmanned aerial vehicle remote sensing for field-based crop phenotyping: current status and perspectives. Front. Plant Sci. 8:1111. doi: 10.3389/fpls.2017.01111

 Yang, W., Feng, H., Zhang, X., Zhang, J., Doonan, J. H., Batchelor, W. D., et al. (2020). Crop phenomics and high-throughput phenotyping: past decades, current challenges and future perspectives. Mol. Plant 13, 187–214. doi: 10.1016/j.molp.2020.01.008

 Yao, X., Wang, N., Liu, Y., Cheng, T., Tian, Y., Chen, Q., et al. (2017). Estimation of wheat LAI at middle to high levels using unmanned aerial vehicle narrowband multispectral imagery. Remote Sens. 9:1304. doi: 10.3390/rs9121304

 Yue, J., Yang, G., Tian, Q., Feng, H., Xu, K., and Zhou, C. (2019). Estimate of winter-wheat above-ground biomass based on UAV ultrahigh-ground-resolution image textures and vegetation indices. ISPRSJ. Photogrammetry Remote Sens. 150, 226–244. doi: 10.1016/j.isprsjprs.2019.02.022

 Zadoks, J. C., Chang, T. T., and Konzak, C. F. (1974). A decimal code for the growth stages of cereals. Weed Res. 14, 415–421. doi: 10.1111/j.1365-3180.1974.tb01084.x

 Zhou, H., Wang, J., Liang, S., and Xiao, Z. (2017). Extended data-based mechanistic method for improving leaf area index time series estimation with satellite data. Remote Sens. 9:533. doi: 10.3390/rs9060533

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Gómez-Candón, Bellvert and Royo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fpls-12-658357-t005.jpg
Trait

Irrigation treatment: 100%ETc
Number of spikes/m? (NSm?)
Number of grains per spike (NGS)
Thousand kemel weight (TKW)
Grain filing rate (GFR)

Plant height (PH)

Days to heading (DH)

Days to anthesis (DA)

Grain filing duration (GFD)
Irrigation treatment: 50%ETc
Number of grains per spike (NGS)
Thousand kernel weight (TKW)
Grain filing rate (GFR)

Plant height (PH)

Days to heading (DH)

Days to anthesis (DA)

Days to maturity (DM)

Rainfed

Number of spikes/m? (NSm2)
Number of grains per spike (NGS)
Thousand kemel weight (TKWY)
Plant height (PH)

Days to heading (DH)

Days to maturity (DM)

Grain filing duration (GFD)

April dth

ET, T H LAl

-050° -048" -057* -0.67"
052° 048
049" 051

-057*

050" 0,65

ETa

050"

0s1*
0s7*
065"

—071m

052"

-0.56*

April 30th
T H
-053"
063
059
072"
—0.73
063
059
0.63"
058"
-0.46
0.46*
054*

0.47*
0.49

—0.49"

0.48"
0.47*

0.63*
0.65"

ET.

0.59"

0.45*

0.48*
-0.59"

052
048"
070"

059

0.54*
0.59"

Traits with nonsignificant r values for any fight have been omilted. ET,, actual evapotranspiration; T, actual transpiration; H, estimated plant height,

P < 0.001; **P < 0.01 *P < 0.05.

May 22nd
T H LAl
0.48*
-0.69"
0,65
o7
079" 057
0.56*
0.58"
064" 059" 057"
—062"
053"
0.52"
058"
0.58"
0.65"





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Performance of the Two-Source Energy Balance (TSEB) Model as a Tool for Monitoring the Response of Durum Wheat to Drought by High-Throughput Field Phenotyping



		Introduction



		Materials and Methods



		Experimental Setup



		Image Acquisition Campaign



		Measurements of Agronomic Traits



		Remotely-Sensed Estimates of Biophysical Traits



		Remotely-Sensed Estimates of Evapotranspiration



		Statistical Analyses







		Results



		Effect of Irrigation Treatments on the Agronomic Performance of Durum Wheat



		Remotely-Sensed Estimates of the Biophysical Parameters and Evapotranspiration Components



		Relationships Between Agronomic and Remotely-Sensed Traits



		Assessment of Genotypic Differences







		Discussion



		Effect of Water Availability on Durum Wheat Field Performance



		Predicted vs. Observed Traits



		Relationships Between Traits Assessed From Remote Imagery and Agronomic Traits



		Capacity of Remotely-Sensed Traits to Discriminate Among Genotypes







		Conclusions



		Data Availability Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		Abbreviations



		References

















OPS/images/fpls-12-658357-t004.jpg
Trait
ETa
Number of spikes/m? (NSm?)  ~0.01

Number of grains/spike (NGS) —~0.74"**
Thousand kernel weight (TKW) —0.23

Grain filing rate (GFR) 028"
Plant height (PH) —0.40"
Days to heading (DH) 065"
Days to anthesis (DA) —067+
Days to maturity (OM) ~0.80™
Grain filing duration (GFD) ~ ~0.70"*

April 4th
T H
008 -002
—0.68" 0.4
-014 018
028" 039"
-020  -001
—0.48"* 024
-0.49"* -0.22
-0.63"" -0.34
—059*  —0.40"

LAI

0.25
-0.20
0.1
0.07
0.11
0.03
—-0.02
-0.01
0.01

ETa, actual evapotranspiration; T, actual transpiration; H, estimated plant height.

P < 0.001; **P < 0.01; *P < 0.05.

ETa

0.36"
0.69"**
0.38"
-0.19
0.66"*
0.80"**
0.78"*
090"
072"

April 30th
T H
038" 030"
049 0.41
027 050"
20 003
055" 064"
074 0.66™
0.67** 0.62*
0.76" 0.74
062" 063"

LAI

037
0.54
037
-0.16
0.64"*
0.82**
081"
089"
0.67

ETa

0.28"
0.64*
0.39"
-0.19

0.69"
1086
0.85™"
095"
074"

May 22nd
T H

035" 030"
063" 0.41%
037 042

-0.18  -0.04
067" 0627
085" 058
0.83 0.59
0.92 0.67"*
071" 0547

LAI

0.35*
0.65**

0.81"*
087
0.64"





OPS/images/math_1.gif





OPS/images/fpls-12-658357-t006.jpg
Genotype

EURODURO
ANVERGUR
GRADOR
07D057D4fba
BURGOS
CLAUDIO
ATHORIS
08D010D10cab
09D086D8cab
CARPIO
SCULPTUR
09D089D1dcf
DON RICARDO
IBERUS

DON SEBASTIAN
EUNOBLE
CALERO
06D278D1be
TUSSUR

H
(m)

0.94°
0.83%
0.92%
0.8430
0.87%
0.86%ce
0.78%!
0.88%4
0912
0.86%%
0.81%¢
088
0.92%
0.79%!
0.92%
0.89%
0.70'
0.83%0
076

100%ETe

LAl

4.08%¢
4.1
37420
3.78%c
4.43°
4442
3.76%°
4.07%¢
391
3.78%°
3.99%¢
3.73%c
3.53%¢
4472
4.26%
3317
2.98°
3.11%
301°

ETa

(mm/day) (mm/day)

7.45
7.45
7.35
7.32
7.46
41
7.26
713
7.38
7.28
7.06
6.70
7.16
7.46
7.16
6.96
6.48
6.85
6.46

T

5.63
5.74
5.45
5.52
592
5.60
5.61
5.56
547
5.60
5.56
5.26
5.48
596
5.58
5.24
4.87
4.93
491

Yield
(t/ha)

10.45°
10012
9.98%
9.95%°
9.75%
95204
9.45%c
9.39%
9.2
9.00%4
9.16%d
9,0gabcde
9,020
8,970
8,838
8.310%
8,109
7.82%
7.28°

Genotype

CLAUDIO
SCULPTUR
ATHORIS
09D066D8cab
ANVERGUR
EURODURO
07D057D4fba
GRADOR
CARPIO
IBERUS
08D010D10cab
09D069D1dcf
CALERO
BURGOS

DON RICARDO
05D278D1be
TUSSUR
EUNOBLE

H
(m)

0.86%°
0.80a>
0.78%
093
081
0.90%
0.86%°
0.86%°
0.87%¢
0.81%°
0.85%¢
0.86%¢
0.78°
0.84%°
0.89%
0.88%
0.78°
0.86%°

DON SEBASTIAN ~ 0.93%

50%ETc

LAl

(mm/day) (mm/day)

2.88
3.00
250
281
2.77
236
2.64
218
2.60
287
269
279
252
3.12
257
228
2.47
224
3.21

ETa

.00
5.97
523
5.60
520
5.43
5.76
5.40
533
6.18
5.33
5.46
5.82
5.60
5.29
5.18
5.34
5.21
5.69

T

501
525
426
463
4.49
430
465
4.00
451
495
459
495
447
487
440
4.14
4.18
398
483

Yield
(t/ha)

8.47%
827°
8.05%
7.90%
7.87®
7.85%
7.79%
7.75%
7.75%
7.62%
7.50%
7.50%
7.58%
7.54%
751
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6.64%
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Genotypes ordered by yield. Different letters in the same column mean significant differences between genotypes at p < 0.05 using Tukey's honest significant difference test.
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Means within columns and trait with different letters are significantly different for a Tukey test at P < 0.05.
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ETa, actual evapotranspiration; T, actual transpiration; H, estimated plant height.
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Means within rows with different letters are significantly different for a Tukey test at P < 0.05.
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