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Abstract


Estimating wheat traits based on spectral reflectance measurements and machine learning remains challenging due to the large datasets required for model training and testing. To overcome this limitation, a simulated dataset was generated using the radiative transfer model (RTM) PROSAIL and inverted based on an artificial neural network (ANN). Field experiments were conducted in Eastern Austria to measure spectral reflectance and destructively sample plants to measure the wheat traits plant area index (PAI), nitrogen yield (NY), canopy water content (CWC), and above-ground dry matter (AGDM). Four ANN-based RTM inversion models were setup, which varied in their spectral resolution, hyperspectral or multispectral, and the inclusion or exclusion of background soil spectra correction. The models were also compared to a simple vegetation index approach using Normalized Difference Vegetation Index (NDVI) and Normalized Difference Red-Edge (NDRE). The RTM inversion model with hyperspectral input data and background soil spectra correction was the best among all tested models for estimating wheat traits during the vegetative developmental stages (PAI: R2 = 0.930, RRMSE = 17.9%; NY: R2 = 0.908, RRMSE = 14.4%; CWC: R2 = 0.967, RRMSE = 17.0%) as well as throughout the whole growing season (PAI: R2 = 0.845, RRMSE = 27.7%; CWC: R2 = 0.884, RRMSE = 20.0%; AGDM: R2 = 0.960, RRMSE = 13.7%). Many models presented in this study provided suitable estimations of the relevant wheat traits PAI, NY, CWC, and AGDM for application in agronomy, breeding, and crop sciences in general.
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1. Introduction


Traditionally, measurements of wheat traits (Triticum aestivum L.) are often destructive and time-consuming. An alternative is the estimation of traits using remote sensing, i.e., the measurement of the reflected or emitted electromagnetic radiation of objects, which is non-destructive, faster, and less labor-intensive than destructive sampling [1,2,3].



A common approach to estimate plant traits based on remote sensing is the application of vegetation indices, which are calculations based on spectral reflectance data of vegetation. This technique is simple and generally provides good results [4,5,6,7,8]. The calculation of vegetation indices, however, is usually based on only two or three spectral bands, i.e., regions of the electromagnetic spectrum defined by their wavelength in nm. Therefore, not all collected spectral data are used [9,10].



An alternative approach is the use of machine learning algorithms [11,12], i.e., the development of model algorithms including training and testing. This technique can utilize all available spectral data, but usually requires large datasets for model training [13]. To overcome this limitation of machine learning, Reinosch et al. [14] proposed to train models with empirically collected data augmented by simulated data, which are generated with existing mechanistic models. In the context of estimating plant traits based on spectral data, radiative transfer models (RTMs) can be utilized as the mechanistic models, as suggested by Reinosch et al. [14].



In general, RTMs simulate the spectral reflectance of leaves and canopies (RTM output), which requires information on various leaf and canopy traits (RTM input). To estimate plant traits based on spectral data, however, the inputs and outputs of RTMs need to be inverted [9,15,16]. This can be achieved by, e.g., look-up tables [17,18] or machine learning algorithms [19,20,21]. With this approach, all available spectral data can be used for estimating plant traits [16], similar to classic machine learning. Additionally, the limitation by scarce empirical data in traditional machine learning is offset by the inclusion of simulated data based on mechanistic models, e.g., inverted RTMs [14]. Furthermore, the use of mechanistic models allows for a wider generalization of the results and, thus, reduces the need for recalibration for different cultivars or environments [16].



The RTM inversion approach results in complex models that require specific training for the individual spectral resolution of a given sensor, e.g., the position, width, and number of spectral bands [20]. The simulation of canopy reflectance spectra is also substantially affected by the soil background reflectance [22]. This effect is especially prevalent when the canopy cover is low, e.g., at early and late developmental stages [16]. Furthermore, the soil background reflectance varies greatly across and within seasons and locations [23,24]. Therefore, wheat traits were estimated in this study using the spectral reflectance of both canopies and underlying soil combined to adequately account for soil background effects.



In this study, the traits plant area index (PAI, m2 m−2), nitrogen yield (NY, g m−2), canopy water content (CWC, g m−2), and above-ground dry matter (AGDM, g m−2) were estimated in wheat using an artificial neural network (ANN)-based inversion of the RTM PROSAIL [25]. The models were further trained and tested with data on destructively sampled plants as well as spectral reflectance, which were collected from wheat field experiments in Eastern Austria for two seasons. Different aspects of these field experimental data were investigated in previous studies. Koppensteiner et al. [26] presented a detailed yield and yield component analysis. Bernas et al. [27] conducted a life cycle assessment to find the environmentally optimal N fertilization rate in wheat. Furthermore, Moitzi et al. [28] studied the effects of sowing time and nitrogen fertilizer rate on energy efficiency.



The objectives of this study were to conduct (1) the ANN-based RTM inversion and (2) estimate wheat traits based on the RTM inversion models to present the feasibility of this approach and provide a guide for setting up similar models also for different crops or other spectral sensors. Furthermore, this study evaluated certain aspects of model performances: the differences between varying spectral resolutions, i.e., hyperspectral and multispectral, the effects of including or excluding the background soil spectra correction, as well as the comparison of performances between complex RTM inversion models and simple vegetation index models.




2. Materials and Methods


2.1. Overview


In this section, an overview of the main steps conducted in this study is presented. In the following sections, the individual steps are presented in detail.



Firstly, field experimental data (Section 2.2) were collected in two seasons, which consists of reflectance measurements and destructive plant samples. Secondly, the RTM PROSAIL (Section 2.3) was used to create a simulated dataset (Section 2.4). Thirdly, an ANN (Section 2.5) was trained on the simulated dataset to achieve the RTM inversion. The model input was reflectance data. The model output consisted of the leaf and canopy traits of the RTM PROSAIL. Fourthly, the experimentally collected reflectance data were processed (Section 2.5) and then used by the RTM inversion model to calculate wheat trait estimates. Furthermore, the same experimental reflectance data were applied to calculate the vegetation indices NDVI and NDRE.



Finally, simple regression models were created for model evaluation (Section 2.6). The model inputs were the wheat trait estimates by the RTM inversion models or vegetation indices. The model outputs were the target wheat traits PAI, NY, CWC, and AGDM, which were measured destructively in the field experiments. The regression models were trained on one season of the field experimental data and tested on the field experimental data of the other season.




2.2. The Field Experimental Dataset


Field experiments were performed in the growing seasons of 2019/20 and 2020/21 at the Experimental Farm Groß-Enzersdorf of the University of Natural Resources and Life Sciences, Vienna (48° 11′N, 16° 33′E) in Eastern Austria. The soil at the experimental site was classified as chernozem of alluvial origin, which is rich in calcareous sediments and has a pHCaCl2 of 7.6 and 2.3% soil organic carbon [29].



The mean annual temperature and the mean annual precipitation sum from 1980 to 2018 were 10.9 °C and 546 mm, respectively. The two experimental seasons showed highly varying environmental conditions with low amounts of precipitation in March and April for both seasons and in June 2021, high temperature in March 2020, as well as low temperature in April and May 2021. Further detailed information on the temperature and precipitation during the growing periods of the conducted field experiments can be obtained from Koppensteiner et al. [26].



In both experimental seasons, the preceding crop was winter barley. A tine cultivator was used for primary soil tillage to 20 cm depth. Seedbed preparation was conducted using a power harrow at a shallow tilling depth.



The field experiments were established in a split-plot design. The experimental factors were the sowing time with two factor levels, autumn- and spring-sowing, as well as nitrogen fertilization consisting of five levels of 0, 5, 10, 15, and 20 g N m−2. The main plot factor sowing time was set up in complete blocks, while the sub-plot factor nitrogen fertilization was randomized among sub-plots within the main plots. The field experiments were conducted in three replications.



The facultative wheat cultivar Lennox was sown with 300 germinable seeds m−2 on 17 October 2019 and 10 March 2020 as well as 27 October 2020 and 8 March 2021 using an Oyjard plot drill seeder at 4 cm depth. Plot dimensions were 12 × 3 m (36 m2). Row spacing was 12.5 cm. Nitrogen fertilizer was applied as stabilized urea (46% nitrogen, ALZON 46®, SKW Piesteritz, Lutherstadt Wittenberg, Germany) on 10 March 2020 and 10 March 2021. Weeds, pests, and diseases were controlled according to good agricultural practice. Details on plant protection measures were presented in Koppensteiner et al. [26].



In both seasons, data on crop development, plant area index (PAI, m2 m−2), above-ground dry matter (AGDM, g m−2), nitrogen yield (NY, g m−2), and canopy water content (CWC, g m−2) were collected at approximately 14-day intervals from March until harvest in July.



Crop development was recorded according to the BBCH scale [30,31]. Plants were sampled by manually cutting 0.6 m2 per plot at soil surface during the growing season except for the final harvest date, when 1.2 m2 per plot were cut. The plant area index (m2 m−2) of fresh plant material was measured using the LI-3100C Area Meter (LI-COR Inc., Lincoln, OR, USA).



Plant samples were weighed fresh and after drying at 105 °C for 24 h (UNE 600, Memmert GmbH & Co. KG, Schwabach, Germany). Weight before drying corresponds to above-ground fresh matter (AGFM, g m−2). Weight after drying is referred to as AGDM gravimetric canopy water content (CWC, g m−2) and is calculated as:


  C W C   g     m   − 2     = A G F M   g     m   − 2     − A G D M ( g     m   − 2   )  



(1)







Plant material was milled to pass through a 1 mm sieve and dried at 105 °C for 24 h. Milled plant samples were analyzed for nitrogen concentration by the Dumas combustion method [32] using an element analyzer (vario MAX cube CNS, Elementar Analysesysteme, Langenselbold, Germany). The resulting nitrogen concentration values (NC, %) were multiplied by AGDM to calculate the nitrogen yield (NY, g m−2):


  N Y   g     m   − 2     = A G D M   g     m   − 2     × N C   %   ×   10   − 2    



(2)







Autumn-sown wheat was harvested on 6 July 2020 and 13 July 2021. Spring-sown wheat was harvested on 20 July 2020 and 26 July 2021.



Furthermore, the destructively measured PAI values were linearly interpolated to achieve a time series of daily PAI values for each plot from the first sampling date until harvest for both seasons. The daily PAI values were then integrated over time to calculate the plant area duration (m2 m−2 d):


  P A D     m   2       m   − 2     d   =   ∫  a   b    P A I   t   d t    



(3)




where a is the first day of sampling in a given season, b is the last day of sampling in the same season, and t is the integration variable time in days.



Spectral reflectance measurements on wheat canopy were conducted using the spectroradiometer FieldSpec Handheld 2 (ASD Inc., Lincoln, OR, USA). This sensor is passive and non-imaging, and it provides hyperspectral reflectance data from 325 to 1075 nm with a wavelength accuracy of ±1 nm, a spectral resolution of <3 nm at 700 nm, a sampling interval of 1.5 nm, and a field of view of 25 degrees. Spectral reflectance was measured on sampling dates at solar noon under clear sky conditions in the nadir position. The sensor was mounted on a tripod and positioned 1 m above the canopy. The diameter of the resulting measurement area was 44.3 cm. A 99% Spectralon calibration panel (Labsphere Inc., North Sutton, NH, USA) was used to convert measured data into spectral reflectance values. Per plot and sampling date, six reflectance measurements were conducted across the whole plot area. Then, the average spectral reflectance per plot was calculated. The measured spectral reflectance was interpolated to achieve 1 nm increments using ViewSpecPro software version 6.0 (ASD Inc., Lincoln, OR, USA).




2.3. The Radiative Transfer Model PROSAIL


The RTM PROSAIL consists of the two RTMs: PROSPECT and SAIL.



The RTM PROSPECT simulates the spectral reflectance of leaves from 400 to 2500 nm in 1 nm increments using information on leaf characteristics. It requires the following input parameters: leaf structure index (N, unitless), chlorophyll a + b content (Cab, µg cm−2), carotenoid content (Ccx, µg cm−2), brown pigment content (Cbp, unitless), leaf mass per area (LMA, g cm−2), and equivalent water thickness (EWT, g cm−2) [16,33,34].



The RTM SAIL simulates the spectral reflectance of vegetation canopy, which requires information on leaf reflectance and transmittance, leaf area index (LAI, m2 m−2), average leaf inclination angle (ALIA, degrees), hot-spot effect (Hot, m m−1), the fraction of diffuse illumination (skyl, %), as well as viewing geometry [25]. The Hot parameter refers to the hot-spot effect, which is explained in detail by Kuusk [35]. In the RTM SAIL, the Hot parameter is described by the ratio of leaf width to canopy height. The fraction of diffuse illumination is set to 23% for standard clear sky conditions [36]. For more information, Spitters et al. [36] also provides equations and detailed analysis on the estimation of direct and diffuse components of irradiance. Viewing geometry includes information on the sun and observer zenith angles (SZA and OZA, degrees) as well as the relative azimuth angle between sun and sensor (rAA, degrees). The spectral reflectance of background soil (ρsoil, % reflectance) can be adapted in the RTM SAIL. Furthermore, a soil reflectance factor (αsoil, unitless) is used to simulate effects of varying soil moisture on soil reflectance [37].



The necessary data on leaf reflectance and transmittance for the RTM SAIL were provided by the previously mentioned RTM PROSPECT. The combination of the RTMs PROSPECT and SAIL is generally referred to as the RTM PROSAIL. The RTM PROSAIL simulates the spectral reflectance of vegetation canopy at a spectral resolution of 400 to 2500 nm at 1 nm increments [16,25]. Table 1 provides an overview of PROSAIL input parameters, including respective ranges specific to wheat, from the literature [24,36,38]. This study utilized the RTM PROSAIL (version 5B) in the package hsdar (version 1.0.3) for the R programming language (version 4.1.1).




2.4. The Simulated Dataset


A simulated dataset consisting of 100,000 observations was created for model training and testing. Each observation included a set of PROSAIL input parameter values, which were randomly selected from uniform distributions within the wheat-specific ranges of the PROSAIL parameters N, Cab, Ccx, Cbp, LMA, EWT, LAI, ALIA, Hot, and SZA (Table 1). Spectral measurements in field experiments were conducted in the nadir, i.e., downward vertical, position. Thus, OZA and rAA were set to 0 degrees, while SZA was randomly selected from a uniform distribution between 0 and 90 degrees. Furthermore, spectral reflectance for background soil was varied among observation in the simulated dataset. Thus, the available data on soil reflectance by the ICRAF-ISRIC Soil MIR Spectral Library of the International Soil Reference and Information Centre (ISRIC) were used. Measurements on soil reflectance were conducted at the World Agroforestry Centre (ICRAF) Soil and Plant Spectral Diagnostic Laboratory [39]. It was downloaded using the Open Soil Spectral Library developed by the project Soil Spectroscopy 4 Global Good (Falmouth, MA, USA) [40]. This soil reflectance dataset includes 3717 soil reflectance spectra in the visible and near infrared range from 350 to 2500 nm in 2 nm increments. The spectral resolution was reduced to the range from 400 to 1000 nm and interpolated linearly to match the spectral resolution of the RTM PROSAIL ranging from 400 to 2500 nm with 1 nm increments. For each observation in the simulated dataset, 1 of the 3717 soil reflectance spectra was randomly selected as spectral reflectance of background soil. The soil brightness factor was set to 0. The hyperspectral canopy reflectance was simulated using the RTM PROSAIL for each observation in the simulated dataset based on the randomly selected PROSAIL input parameter set and the randomly selected background soil reflectance.



In summary, each of the 100,000 observations in the simulated dataset consisted of a set of randomly selected PROSAIL input parameters, a randomly selected background soil reflectance, and the simulated canopy reflectance based on the RTM PROSAIL.



Additionally, a second simulated dataset was set up. This second simulated dataset was identical to the first one; however, it excluded the previously mentioned background soil spectra. Instead, each observation of this second simulated dataset included a standard soil spectrum and a value for the soil brightness factor, αsoil, which was randomly selected from a uniform distribution ranging from 0 to 1 (Table 1). This second dataset was used to evaluate the relevance of background soil spectra correction for estimating wheat traits.



Both simulated datasets, including and excluding background soil spectra, were divided into a train and a test set in a 9 to 1 ratio for model training (90,000 observations) and testing (10,000 observations).




2.5. The Artificial Neural Network and Spectral Data Processing


The approach proposed in this study was based on an artificial neural network (ANN). General information on ANNs presented in this section and further detailed information are presented by Stanford University [41]. This ANN consists of multiple layers. The first layer provides the input data. The final layer produces an output. In between, there are multiple layers comprising artificial neurons. Each individual artificial neuron is provided with input data from the previous layer, processes this information using an activation function, and forwards the resulting output to the next layer. An activation function is required to decide whether a neuron should be activated or not, i.e., to introduce non-linearity to the model. A neural network without the activation function is more similar to a linear regression model. There are many different types of activation functions. In general, they follow this formula:


  y = A c t i v a t i o n (   ∑  i = 1   n          x   i     w   i       + b )  



(4)




where y is the neuron output, xi is the ith input to the neuron from the previous layer, wi is the weight parameter for the ith input to the neuron, and b is the bias parameter of the neuron. In this study, the widely used ReLU activation function was applied. Furthermore, all layers were fully connected, i.e., all input values or neuron outputs from the previous layer were used as input values for all neurons in the subsequent layer.



To determine the performance of this model, a cost function is required. Many different cost functions exist. In this study, the mean squared error was used:


  M S E =    1   n      ∑  i = 1   n    (   y   i     −     y  ^    i   )   2      



(5)




where n is the sample size, yi is the measured value for the ith observation, and       y  ^    i     is the estimated value for the ith observation.



Finally, to optimize the cost function, an optimization algorithm is required. In this paper, the adaptive optimizer algorithm Adam was applied. To avoid overfitting, the number of neuron parameter training epochs was set to a maximum of 500 with early stopping at 20. To set up the ANN, Google Colaboratory (Google LLC, Mountain View, CA, USA), an available Keras implementation in Python (version 3.8), was used. All parameter settings not mentioned above, e.g., learning rates, regularization, and cross validation, were set to default values.



In this study, an ANN was set up to achieve the inversion of the RTM PROSAIL. Firstly, this ANN was trained and tested using the simulated dataset. The model inputs were SZA as well as background soil reflectance and canopy reflectance, both from 400 to 1000 nm in 1 nm increments. The model outputs were the PROSAIL parameters N, Cab, Ccx, Cbp, EWT, LMA, LAI, ALIA, and Hot. For the second simulated dataset excluding background soil spectra, the PROSAIL parameter αsoil was an additional model output.



Spectral measurements in field experiments were conducted in the nadir position. Therefore, OZA and rAA were set to 0 degrees. The spectral resolutions of background soil reflectance, simulated canopy reflectance, and spectral measurements conducted with the spectroradiometer FieldSpec Handheld 2 in the field experiments were matched. This resulted in a spectral resolution from 400 to 1000 nm in 1 nm increments. All experimentally measured hyperspectral reflectance data of both canopy and background soil were smoothed using the Savitzky–Golay filter in the R package hsdar (version 1.0.3). The filter length was set to 25, and a third-order polynomial was applied.



Additionally, all hyperspectral data of canopy and background soil spectra, both simulated and measured experimentally, were transformed to multispectral data in accordance with the Sentinel-2A spectral response functions for the bands from 1 to 9 including band 8A [42]. As a result, spectral data were available at two spectral resolutions, hyperspectral (400 to 1000 nm in 1 nm increments) and multispectral (according to Sentinel-2A bands 1 to 9 including 8A).



The PROSAIL parameters, i.e., the ANN outputs, showed highly varying ranges (Table 1). Therefore, the PROSAIL parameter values were normalized before the training of the ANN using minimum–maximum normalization [43]. After ANN training, all PROSAIL parameter data were transformed back to their original range.



The ANN consisted of three fully connected layers with 150 neurons each for hyperspectral input data and two fully connected layers with 25 neurons each for multispectral input data. The number of layers and neurons were determined through grid search within feasible layer and neuron number ranges.



Estimations of LAI, Cab, and EWT using ANN-based inversions of the RTM PROSAIL are presented. Experimentally measured PAI, NY, and CWC were estimated using LAI, LAI × Cab, and LAI × EWT estimations. Four different RTM inversions were used varying in the spectral resolution of input data, i.e., hyper- and multispectral, as well as including or excluding background soil spectra correction. This was conducted to simulate the performance of sensors with different spectral resolution, i.e., multi- and hyperspectral, as well as models of varying complexity, i.e., including or excluding background soil spectra correction.



To compare complex RTM inversion models with standard vegetation index models, the normalized difference vegetation index (NDVI) and the normalized difference red-edge (NDRE) were calculated. This was performed based on the measured canopy reflectance spectra with multispectral resolution:


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



(6)






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



(7)




where NIR is near-infrared reflectance (Sentinel-2A band 8, central wavelength 842 nm), RED is red reflectance (Sentinel-2 band 4A, central wavelength 665 nm), and RE (Sentinel-2A band 7, central wavelength 783 nm) is red-edge reflectance.




2.6. Model Training and Testing


Six different models were tested for estimating PAI, NY, CWC, and AGDM. These models used varying inputs: NDVI, NDRE, or trait estimates of four different RTM inversions, which differed in their spectral resolution of input data, i.e., hyper- and multispectral, and the inclusion or exclusion of background soil spectra correction. The RTM inversion outputs for estimating PAI, NY, and CWC were LAI, LAI × Cab, and LAI × EWT, respectively.



In accordance with previous studies, the nitrogen content and water content of plants were calculated as ground area-based traits, i.e., NY (g m−2) and CWC (g m−2) [22,44].



The field experimental data of the season 2020/21 were applied for model training. The resulting estimations on PAI, NY, and CWC using NDVI, NDRE, as well as four different RTM inversions were then tested with the field experimental data of the 2019/20 season. The 2020/21 season featured a higher range in PAI, NY, and CWC values compared to the 2019/20 season. Therefore, it was more suitable to use the 2020/21 season for model training and the 2019/20 season for model testing to avoid extrapolation in the model testing step.



For model training, the values of NDVI, NDRE, and RTM inversion estimates were fitted to measured PAI, NY, and CWC using linear regression (8), quadratic regression (9), or exponential function (10). Based on the visual assessment of the model fit, the best regression type for model training was selected.


  y = a + b x  



(8)






  y = a + b x +   c x   2    



(9)






  y = a   e   z x    



(10)




where x is the predictor variable, y is the response variable, a is the intercept, b is the first order regression coefficient, c is the second order regression coefficient, and z is the exponential coefficient.



To estimate AGDM, the traits PAD, NDVI integral, and leaf area duration (LAD, m2 m−2 d) were applied. In Section 2.2, the calculation of PAD based on destructively measured PAI values was presented. Accordingly, NDVI values as well as RTM inversion-based LAI values were linearly interpolated to achieve a time series of daily NDVI and LAI values for each plot from the first sampling date until harvest for both seasons. Daily NDVI values as well as daily RTM inversion-based LAI values were then integrated over time to calculate LAD (11) and NDVI integral (12), respectively:


  N D V I   i n t e g r a l =   ∫  a   b    N D V I   t   d t    



(11)






  L A D     m   2       m   − 2     d   =   ∫  a   b    L A I   t   d t    



(12)




where a is the first measurement day in a given season, b is the last measurement day in the same season, and t is the integration variable time in days. Model training and testing to estimate AGDM were conducted analogous to the estimations of PAI, NY, and CWC.



Regression functions were calculated based on the estimated marginal means of model inputs, i.e., NDVI, NDRE, and RTM inversion estimates, and model outputs, i.e., measured values of PAI, NY, CWC, and AGDM. Thus, all model inputs and outputs were fitted using a linear mixed model based on the lme function of the R package nlme (version 3.1-164). As mentioned in Section 2.2, the field experiments were set up in a split-plot design. The main plot factor sowing time (ST) was established in complete blocks (BLOCK). The sub-plot factor nitrogen fertilization (NF) was completely randomized among sub-plots (SUB) within the main plots (MAIN). A mixed model analysis was conducted to adequately account for several random sources of variation in the split-plot design [45]. The factors ST and NF were implemented in the statistical model as fixed factors. The following mixed model specification was applied:




SD + NF + SD.NF: BLOCK.MAIN + BLOCK.MAIN.SUB



(13)





The colon separates fixed and random effects. The residual is underlined. Then, estimated marginal means for each nitrogen fertilization level of autumn- and spring-sown wheat in both seasons were calculated using the emmeans functions of the R package emmeans (version 1.10.0).



Finally, model performance was evaluated using coefficients of determination (R2, 14) as well as relative root mean square error (RRMSE, 16), which is based on the root mean square error (RMSE, 15):


    R   2   =    1   n           ∑  i = 1   n        (   y   i   −     y  ^    i   )   2         ∑  i = 1   n        (   y   i   −   y  ¯  )   2         



(14)






  R M S E =     1   n        ∑  i = 1   n        (     y   i   −     y  ^    i   )   2       



(15)






  R R M S E   %   =    R M S E     y  ¯     ×   10   − 2    



(16)




where n is the sample size,     y   i     is the measured value for the ith observation,       y  ^    i     is the estimated value for the ith observation, and     y  ¯    is the mean value. Model performance was evaluated based on the testing dataset (2019/20 season).



Calculations and regression models were conducted in Microsoft Excel (version 16.0). Graphs were created using SigmaPlot (version 14.5).





3. Results


3.1. Radiative Transfer Model Inversion


Table 2 presents the coefficients of determination (R2) for PROSAIL parameter estimations based on the simulated test dataset using four different RTM inversions. The models differed in the spectral resolution of input data, i.e., hyper- and multispectral, as well as the inclusion or exclusion of background soil spectra correction.



The following estimations showed R2 values above 0.8: Cab (all), Ccx (hyperspectral input data), Cbp (all), EWT (hyperspectral input data), LAI (all), and ALIA (all). Furthermore, R2 was close to or above 0.7 for estimating Ccx (multispectral input data and no background soil spectra correction), EWT (multispectral input data), and LMA (hyperspectral input data and background soil spectra correction).



In general, the R2 values of RTM inversions using hyperspectral input data were higher compared to those of models using multispectral input data. The difference between the R2 values of RTM inversions with hyper- and multispectral input data varied substantially among PROSAIL parameters. The R2 values of Cab estimations, for example, showed low variation between hyper- (0.947 and 0.953) and multispectral input data (0.891 and 0.900), while EWT estimations differed substantially in R2 depending on the spectral resolution (hyperspectral: 0.906 and 0.881; multispectral: 0.699 and 0.777).



Furthermore, RTM inversion without background soil spectra correction showed higher R2 values compared to models with background soil spectra correction for many PROSAIL parameters. Exceptions were, for example, EWT (hyperspectral input data) as well as LMA and LAI (hyper- and multispectral input data). The differences in R2 between RTM inversions with and without background soil spectra correction, however, were generally low. An exception was the highly varying R2 of LMA estimations using the RTM inversion with hyperspectral input data and including background soil spectra correction (0.770) compared to the model with hyperspectral input data and excluding background soil spectra correction (0.590).



The PROSAIL parameter αsoil could only be estimated by models excluding background soil spectra correction.



Figure 1 presents the estimations of LAI, Cab, and EWT using the RTM inversion with hyperspectral input data and including background soil spectra correction. These estimations, based on the simulated test dataset, resulted in RRMSE values of 18.5% for LAI (RMSE = 0.743 m2 m−2, mean = 4.008 m2 m−2), 14.5% for Cab (RMSE = 5.81 µg cm−2, mean = 40.15 µg cm−2), and 13.8% for EWT (RMSE = 0.00352 g cm−2, mean = 0.02560 g cm−2).



When LAI was 0, the estimations of Cab and EWT in Figure 1B,C showed random scattering around the respective mean values.




3.2. Estimating Wheat Traits


Table 3 provides an overview of data collected in field experiments on individual sampling dates in the 2019/2020 and 2020/21 seasons. It presents developmental stages as well as estimated marginal means and standard deviation values of PAI, NY, CWC, and AGDM for autumn- and spring-sown wheat across five nitrogen fertilization levels from 0 to 20 g N m−2.



The mean PAI of the sampling dates ranged from 0.037 m2 m−2 (2019/20, spring-sowing, BBCH 11) to 3.751 m2 m−2 (2020/21, autumn-sowing, BBCH 57). The average AGDM of the sampling dates was the lowest in 2020/21 for spring-sown wheat at BBCH 10 (2.4 g m−2) and the highest also in 2020/21 for autumn-sown wheat at harvest, i.e., BBCH 89 (1151.9 g m−2). The mean NY of the sampling dates ranged from 0.13 g m−2 (2020/21, spring-sowing, BBCH 10) to 14.21 g m−2 (2020/21, autumn-sowing, BBCH 89). The lowest average CWC of the sampling dates was 7.4 g m−2 (2019/20, spring-sowing, BBCH 11), while the highest CWC was 2099.5 g m−2 (2020/21, autumn-sowing, BBCH 57).



Table 4 presents the results of estimating PAI, NY, and CWC using NDVI, NDRE, and four different RTM inversions during vegetative developmental stages from leaf development (BBCH 10) until the start of anthesis (BBCH 60). The models differed in the spectral resolution of input data and the inclusion or exclusion of background soil spectra correction. The traits PAI, NY, and CWC were estimated by the RTM inversion outputs LAI, LAI × Cab, and LAI × EWT, respectively. For model training based on the field experimental data of the 2020/21 season, regression types (linear, quadratic, and exponential), regression coefficients (a, b, c, and z) as well as R2 values are presented in Table 4. Model testing was based on the field experimental data of the 2019/20 season and included linear regression coefficients (a and b), R2 values, and RRMSE values. In all regression models, the estimated marginal means were used for model inputs and outputs.



Regarding PAI, all models showed high R2 for model training ranging from 0.869 (RTM inversion with multispectral input data and no background soil spectra correction) to 0.964 (NDRE). In model testing, R2 values were lower, but still close to or above 0.8 for all models except for RTM inversion with multispectral input data and no background soil spectra correction (R2 = 0.521). The testing RRMSE was the lowest for RTM inversion with hyperspectral input data and background soil spectra correction (RRMSE = 17.9%, RMSE = 0.215 m2 m−2, mean = 1.200 m2 m−2). Other models that showed good testing PAI estimationss were NDVI (R2 = 0.893, RRMSE = 22.4%, RMSE = 0.269 m2 m−2) and RTM inversion with multispectral input data and background soil spectra correction (R2 = 0.792, RRMSE = 24.4%, RMSE = 0.293 m2 m−2).



The results on NY show high training R2 from 0.911 (RTM inversion with hyperspectral input data and no background soil spectra correction) to 0.970 (NDRE). In model testing, however, there were only two models with high R2 and low RRMSE. These were the RTM inversion with hyperspectral input data and background soil spectra correction (R2 = 0.908; RRMSE = 14.4%, RMSE = 0.608 g m−2, mean = 4.223 g m−2) and NDRE (R2 = 0.904; RRMSE = 23.0%, RMSE = 0.971 g m−2).



Lastly, in Table 4, CWC estimations also resulted in high training R2 for all models ranging from 0.826 (NDVI) to 0.944 (RTM inversion with hyperspectral input data and background soil spectra correction). In model testing, however, only the RTM inversion with hyperspectral input data and background soil spectra correction showed both high R2 (0.967) and low RRMSE (17.0%, RMSE = 82.2 g m−2, mean = 483.0 g m−2).



Figure 2 graphically presents the model training and testing of the RTM inversion with hyperspectral input data and background soil spectra correction for the estimation of PAI, NY, and CWC during the vegetative developmental stages.



Table 5 presents the results of PAI and CWC estimations throughout the growing season from leaf development (BBCH 10) until harvest (BBCH 89) using NDVI, NDRE, and the four different RTM inversions. For both PAI and CWC, one model featured the highest training and testing R2 as well as the lowest testing RRMSE. This was the RTM inversion with hyperspectral input data and background soil spectra correction. Estimations of PAI using the RTM inversion with hyperspectral input data and background soil spectra correction resulted in a training R2 of 0.922, a testing R2 of 0.845, and a testing RRMSE of 27.7% (RMSE = 0.364 m2 m−2, mean = 1.317 m2 m−2), while CWC estimations showed a training R2 of 0.927, a testing R2 of 0.884, and a testing RRMSE of 20.0% (RMSE = 115 g m−2, mean = 574 g m−2). All other models for PAI and CWC featured lower training and testing R2 values as well as higher testing RRMSE values. Figure 3 visually presents the training and testing of PAI and CWC estimations throughout the growing season based on the RTM inversion with hyperspectral input data and background soil spectra correction. Severe deviations from the 1:1 line in model testing for PAI and CWC estimations in Figure 3B,D occurred partially for data collected at harvest (BBCH 89).



Estimating NY from leaf development (BBCH 10) to harvest (BBCH 89) was tested; however, R2 values were low and RRMSE values were high for all models.



Finally, AGDM estimations throughout the growing season from leaf development (BBCH 10) to harvest (BBCH 89) were conducted based on PAD, NDVI integral, as well as LAD (Table 6). PAD was calculated using destructively measured PAI. LAD was calculated using LAI estimations based on the RTM inversion with hyperspectral input data and background soil spectra correction. Accordingly, the integral over time was also calculated for NDVI. Models were trained using the field experimental data of the 2020/21 season and tested using the field experimental data of the 2019/20 season. All three models, PAD, NDVI integral, and LAD, showed high training and testing R2 as well as low testing RRMSE. Training R2 values were similar ranging from 0.965 (RTM inversion-based LAD) to 0.972 (measured PAD). Testing R2 was the lowest for measured PAD (0.914) and highest for RTM inversion-based LAD (0.960). Testing RRMSE was 18.1% (RMSE = 77.0 g m−2, mean = 426.0 g m−2) for the measured PAD, 24.3% (RMSE = 103.3 g m−2) for NDVI integral, and 13.7% (RMSE = 58.6 g m−2) for RTM inversion-based LAD.



The training and testing of the RTM inversion-based LAD model with hyperspectral input data and background soil spectra correction are presented visually in Figure 4.





4. Discussion


4.1. Radiative Transfer Model Inversion


The RTM inversion was successful for the relevant traits in this study, i.e., LAI, Cab, and EWT, as shown by high R2 (Table 2) and low RRMSE for the PROSAIL parameter estimations based on the simulated test dataset (Section 3.1.). Furthermore, the estimations of other PROSAIL parameters also featured high R2 in the simulated test dataset, e.g., Ccx, Cbp, ALIA, and LMA. These additional traits, however, could not be analyzed further, because no field experimental data on these traits were available.



The estimations of LAI based on a simulated test dataset were similar or superior to the results reported by Atzberger [19] (R2 = 0.85, RMSE = 0.59 m2 m−2), Weiss and Baret [22] (RMSE = 0.89 m2 m−2), Bacour et al. [46] (R2 = 0.80, RMSE = 1.15 m2 m−2), and Verger et al. [47] (RMSE = 0.91 m2 m−2). Furthermore, Atzberger [19] showed similar performance for the estimations of Cab (R2 = 0.83, RMSE = 7.8 µg cm−2) and EWT (R2 = 0.92, RMSE = 0.003 g cm−2) based on the simulated test data. These studies, however, simulated varying spectral resolutions and did not limit their dataset to a specific crop. In this paper, the spectral resolution was limited to the spectral range from 400 to 1000 nm in 1 nm increments, i.e., hyperspectral, or Sentinel-2A bands 1 to 9, including 8A, i.e., multispectral.



The use of hyperspectral input data resulted in superior trait estimations compared to multispectral input data (Table 2). This is in accordance with Baret and Buis [9], Atzberger et al. [10] and Weiss et al. [48], who reason that an increase in the number of spectral bands can improve trait estimations in terms of noise sensitivity, robustness, generalization, and reproducibility.



Furthermore, RTM inversions excluding the background soil spectra correction featured a superior R2 compared to RTM inversions including the background soil spectra correction (Table 2). The two simulated datasets, i.e., one including and one excluding background soil spectra correction, drastically differed in their variability in background soil spectra. The standard soil spectrum in the simulated dataset excluding background correction was generated using a single default soil spectrum for all observations and a randomly selected soil brightness factor αsoil. In comparison, the soil spectrum in the simulated dataset including background soil spectra correction was randomly selected from the 3717 highly varying soil spectra of the ICRAF-ISRIC Soil MIR Spectral Library [40] for each observation. Therefore, the variability in soil spectra was substantially higher in the simulated dataset including background soil spectra correction. The ANN models that were trained on the two variants of the simulated dataset were of identical structure, i.e., number of layers and neurons. Therefore, the model tested on the simulated dataset of lower variability, i.e., excluding background correction, showed superior performance compared to the model tested on the highly variable simulated dataset, i.e., including background correction.



Furthermore, Cab and EWT could not be estimated when LAI was 0 in the simulated test dataset. In these cases, the reflectance spectra were only dependent on the underlying soil spectra. Thus, the resulting estimations for Cab and EWT defaulted to their respective mean values in the simulated dataset (Figure 1).




4.2. Estimating Wheat Traits


The empirically collected data showed high variation in PAI, NY, CWC, and AGDM (Table 3) due to two distinct sowing times, autumn- and spring-sowing, two seasons with substantially differing weather conditions, 2019/20 and 2020/21, as well as five nitrogen fertilization rates from 0 to 20 g N m−2 and a high number of sampling dates within seasons. Therefore, the available field experimental data were a suitable, highly diverse empirical dataset for model training and testing.



The RTM inversion with hyperspectral input data and background soil spectra correction was the best model for the estimation of PAI, NY, and CWC during the vegetative stage from BBCH 10 to BBCH 60: PAI: train R2 = 0.955, test R2 = 0.930, RRMSE = 17.9%, RMSE = 0.215 m2 m−2, mean = 1.200 m2 m−2; NY: train R2 = 0.961, test R2 = 0.908, RRMSE: 14.4%, RMSE = 0.608 g m−2, mean = 4.223 g m−2; CWC: train R2 = 0.944, test R2 = 0.967, RRMSE: 17.0%, RMSE = 82.2 g m−2, and mean = 483.0 g m−2 (Table 4). These trait estimation results were similar or superior compared to the literature. Herrmann et al. [49], for example, estimated LAI in wheat during the vegetative stage using Partial Least Squares Regression based on Sentinel-2 bands with an R2 of 0.903 and a RMSE of 0.62 m2 m−2. Estimations of NY in wheat during the vegetative stage were conducted by Fitzgerald et al. [44] (R2 = 0.97, RMSE = 0.65 g m−2) and Palka et al. [8] (R2 = 0.9, RMSE = 1.84 g m−2) using the CCCI-CNI approach. Zhang et al. [50] reported CWC estimations in wheat throughout the growing season using the vegetation index NDWI (Normalized Difference Water Index) with an R2 of 0.68 and an RMSE of 148 g m−2.



Other RTM inversions in this study showed worse estimations of PAI, NY, and CWC for the empirical test dataset. For RTM inversions with multispectral input data, the decrease in model performance can be attributed to the reduction in spectral resolution and thus lower noise sensitivity, robustness, generalization, and reproducibility [9,10,48]. The inversions of the RTM without background soil spectra correction were not able to handle the highly varying soil spectra among sampling dates in an adequate way, which resulted in worse trait estimations. Weiss and Baret [22] as well as Danner et al. [24] also highlighted the importance of accounting for background soil spectra variation in RTM inversion. Nevertheless, PAI estimations using the RTM inversion with multispectral data and background soil spectra correction were adequate (train R2 = 0.922, test R2 = 0.792, RRMSE = 24.4%, RMSE = 0.293 m2 m−2, mean = 1.200 m2 m−2) (Table 4).



The simple approach using vegetation indices showed promising trait estimations during the vegetative stage based on the empirical test dataset, e.g., PAI estimations using NDVI (train R2 = 0.915, test R2 = 0.893, RRMSE = 22.4%, RMSE = 0.269 m2 m−2, mean = 1.200 m2 m−2) and NY estimations using NDRE (train R2 = 0.970, test R2 = 0.904, RRMSE = 23.0%, RMSE = 0.971 g m−2, mean = 4.223 g m−2). Estimations of CWC using the vegetation index approach, however, showed poor results.



The best model to estimate PAI and CWC from BBCH 10 to harvest (BBCH 89) was also the RTM inversion with hyperspectral input data and soil correction (PAI: train R2 = 0.922, test R2 = 0.845, RRMSE = 27.7%, RMSE = 0.364 m2 m−2, mean = 1.317 m2 m−2; CWC: train R2 = 0.927, test R2 = 0.884, RRMSE = 20.0%, RMSE = 115 g m−2, mean = 574 g m−2) (Table 5). Model performance, however, was generally worse compared to estimations limited to the vegetative stage (BBCH 10 to 60). Nevertheless, the performance of this model, i.e., hyperspectral input data and inclusion of the background soil spectra correction, was substantially better than all other models tested in this study. Other models based on vegetation indices and RTM inversions using multispectral input data or excluding background soil spectra correction featured a lower performance, especially in model testing. In Figure 3B,D, estimations at harvest (BBCH 89) showed severe deviations from the 1:1 line in model testing for PAI and CWC.



The presented estimations on PAI and CWC throughout the season were similar or superior to the results reported in the literature: Atzberger et al. [51], for example, conducted an ANN-based RTM inversion using hyperspectral input from 450 to 2500 nm data to estimate LAI (R2 = 0.86%, RMSE = 0.83 m2 m−2) in wheat throughout the growing season. Vuolo et al. [52] reported LAI estimations using RTM inversion based on Sentinel-2 bands across different crops with an R2 of 0.83 and an RMSE of 0.32 m2 m−2. Pan et al. [53] conducted trait estimations in wheat throughout the season using a look-up table-based RTM inversion approach on Sentinel-2 bands resulting in an RRMSE of 11% for LAI and 32% for CWC. Wu et al. [54] estimated CWC in wheat throughout the season using vegetation indices based on multispectral data. The vegetation index NDWI1940 resulted, for example, in CWC estimations with an R2 of 0.83.



The estimation of NY throughout the growing season (BBCH 10 to 89) was evaluated; however, the results were generally poor for all models. This can be explained by the change in the allocation of nitrogen from the vegetative to the generative stage. From germination to flowering, the available nitrogen is generally used to produce chlorophyll, which can be detected spectrally. From the start of the generative stage onwards, however, the nitrogen in chlorophyll is translocated to the grains for storage proteins. Thus, NY can be estimated by the chlorophyll content during the vegetative stage; however, the chlorophyll content is not a good predictor of NY during the generative stage [55].



Finally, there were three models tested for estimating AGDM: measured PAD, NDVI integral, and RTM inversion-based LAD. All three models showed a suitable performance; however, the results of the RTM inversion with hyperspectral input data and background soil spectra correction (RTM inversion-based LAD) were superior to the other models tested in this study (train R2 = 0.965, test R2 = 0.960, RRMSE = 13.7%, RMSE = 58.6 g m−2, mean = 426.0 g m−2). This is especially noteworthy, since one of the alternative models was based on destructively measured PAI values (train R2 = 0.972, test R2 = 0.914, RRMSE = 18.1%). The comparatively simple NDVI integral approach also showed good results for AGDM estimations (train R2 = 0.969, test R2 = 0.927, RRMSE = 24.3%). In comparison, Tucker et al. [56] were among the first to correlate spectral data with AGDM in wheat and achieved an R2 of 0.79. Mistele and Schmidhalter [57] determined dry matter yields in maize using curvilinear models between spectral indices and AGDM with R2 ranging from 0.67 to 0.91 in three seasons. Fabbri et al. [58] tested various vegetation indices to estimate AGDM in durum wheat. The best performing index for AGDM was EVI2 (R2 = 0.951, RRMSE = 17.9%) during the vegetative stage.



The presented model performances are promising; nevertheless, it needs to be mentioned that these models also feature certain limitations. The selected RTM PROSAIL is a basic RTM that features a simplified description of canopy architecture compared to more complex RTMs [25]. Furthermore, the field experimental dataset is limited in the following aspects: limited data variability, i.e., solely one crop (wheat) was investigated in one region (Eastern Austria) in two seasons; limited dataset size, i.e., a modest number of data points; and limitations of the applied spectral sensor, i.e., no spatial variation and limited spectral resolution from 400 to 1000 nm. In the context of CWC estimations, for example, the spectral reflectance above 1000 nm is of substantial importance [54]. To offset the limitation of the small field experimental dataset, a simulated dataset based on an RTM inversion was introduced in this study. The extensive use of simulated data as well as the previously mentioned aspects on the limitations of the RTM PROSAIL and the field experimental dataset, however, limit the generalizability of the proposed models.



Although the proposed models show certain limitations, they nevertheless resulted in suitable model performances for estimating PAI, CWC, and AGDM throughout the growing season as well as NY from leaf development (BBCH 10) to anthesis (BBCH 60) for wheat in Eastern Austria. The presented models can be used in future studies for quick and non-destructive measurements of PAI, CWC, NY, and AGDM based on spectral measurements of wheat in Eastern Austria during the aforementioned developmental stages. This can reduce the required workload drastically. Furthermore, when applied jointly, the proposed models for estimating PAI, CWC, NY, and AGDM can improve the evaluation of stress conditions in wheat canopies, e.g., nitrogen deficiencies and drought. Additionally, the models and methods proposed in this study can be used as templates for setting up models for additional wheat cultivars, crops, regions, or target traits in the future. Furthermore, the approach presented in this study can be adapted to establish models for different spectral resolutions and spatial resolutions of other sensors that can be mounted on a tripod or a tractor for proximal measurements, on a drone, an airplane, or also satellites. The proposed methodology can also be advanced by applying more complex RTMs, e.g., 4SAIL2 [59,60] and SCOPE [61], or different machine learning algorithms, e.g., random forests, support vector machines, more complex ANNs, and gradient boosting or convolution neural networks for object detection. More complex methodologies can additionally introduce a comparison of performances across different models or investigate the model interpretability, e.g., explainable artificial intelligence [62].





5. Conclusions


The results indicate that both differences in spectral resolution, i.e., hyperspectral versus multispectral, as well as the inclusion versus exclusion of background soil spectra correction substantially affected the model estimations of the simulated dataset as well as the field experimental dataset.



Many RTM inversion-based models presented in this study resulted in suitable estimations of wheat traits. Thus, the approach proposed by Reinosch et al. [14], which combines empirically collected data with mechanistic models, e.g., RTMs, was successful in building models based on machine learning with a limited experimental dataset. The RTM inversion with hyperspectral input data and background soil spectra correction was the best among all tested models to estimate PAI, NY, and CWC during the vegetative stages (BBCH 10 to 60) as well as PAI and CWC throughout the growing season (BBCH 10 to 89). Additionally, this model was also the best for estimating AGDM based on the integral of estimated LAI values over days, i.e., the LAD. Furthermore, this model was equivalent or superior compared to similar trait estimation results reported in the literature.



With this study, a promising new model to estimate PAI, NY, CWC, and AGDM was established. This model was specifically designed for the available spectroradiometer with a spectral resolution from 400 to 1000 nm in 1 nm increments. Going forward, this combination of sensor and model can now be applied in wheat field experiments to reduce labor and costs for analyzing PAI, NY, CWC, and AGDM. Nevertheless, the simple approach using vegetation indices also showed good results, especially for the estimation of PAI and NY during vegetative stages (BBCH 10 to 60) as well as the estimation of AGDM using NDVI integral. The estimations of PAI throughout the growing season and CWC in general, however, were substantially worse using vegetation indices compared to the RTM inversion with hyperspectral input data and including background soil spectra correction.



Many models presented in this study, both vegetation index as well as RTM inversion-based, provided suitable estimations of the relevant wheat traits PAI, NY, CWC, and AGDM for various applications in, for example, agronomy, breeding, and crop sciences in general.
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Figure 1. True leaf area index (LAI, m2 m−2, (A)), chlorophyll content (Cab, µg cm−2, (B)), and equivalent water thickness (EWT, g cm−2, (C)) versus estimated values using the simulated test dataset. Estimations were compiled by an artificial neural network-based inversion of the radiative transfer model PROSAIL. Hyperspectral input data were used, and background soil spectra correction was included. Coefficients of linear or quadratic regression (a, b and c) as well as respective coefficients of determination (R2) are presented. 
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Figure 2. Estimating plant area index (PAI, m2 m−2, (A,B)), nitrogen yield (NY, g m−2, (C,D)), and canopy water content (CWC, g m−2, (E,F)) using artificial neural network-based radiative transfer model inversion (RTMI) during the vegetative stages from leaf development (BBCH 10) to the start of anthesis (BBCH 60). This RTMI used hyperspectral input data and included background soil spectra correction. The outputs of RTMI were leaf area index (LAI, m2 m−2, (A)), LAI multiplied by chlorophyll content (LAI × Cab, g m−2, (C)), and LAI multiplied by equivalent water thickness (LAI × EWT, g m−2, (E)). For training, the field experimental data of the 2020/21 season was used (A,C,E). The model testing was performed with the field experimental data of the 2019/20 season (B,D,F). 
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Figure 3. Estimating plant area index (PAI, m2 m−2, (A,B)) and canopy water content (CWC, g m−2, (C,D)) using artificial neural network-based radiative transfer model inversion (RTMI) throughout the growing season from leaf development (BBCH 10) to harvest (BBCH 89). This RTMI used hyperspectral input data and included background soil spectra correction. Outputs of RTMI were leaf area index (LAI, m2 m−2, (A)) and LAI multiplied by equivalent water thickness (LAI × EWT, g m−2, (C)). For training, the field experimental data of the 2020/21 season was used (A,C). The model testing was performed with the field experimental data of the 2019/20 season (B,D). 
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Figure 4. Estimating above-ground dry matter (AGDM, g m−2) throughout the growing season from leaf development (BBCH 10) to harvest (BBCH 89) using artificial neural network-based radiative transfer model inversion (RTMI). This RTMI used hyperspectral input data and included background soil spectra correction. Leaf area duration (LAD, m2 m−2 d) is the integral of leaf area index (LAI, m2 m−2) over time. Values of LAI were estimated by the RTMI. For training, the field experimental data of the 2020/21 season was used (A). Model testing was performed with the field experimental data of the 2019/20 season (B). 
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Table 1. Input parameters for the radiative transfer model PROSAIL (version 5B), which consists of the two radiative transfer models PROSPECT and SAIL. Names, symbols, units, and typical variable ranges for wheat published by Danner et al. [24], Spitters et al. [36] and Kong et al. [38] are presented.
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Radiative Transfer Model PROSPECT




	
Parameter

	
Symbol

	
Unit

	
Wheat-Specific Ranges






	
Leaf structure index

	
N

	
unitless

	
1.0 to 2.5




	
Chlorophyll a + b content

	
Cab

	
µg cm−2

	
0 to 80




	
Carotenoid content

	
Ccx

	
µg cm−2

	
1 to 24




	
Brown pigment content

	
Cbp

	
unitless

	
0 to 1




	
Leaf mass per area

	
LMA

	
g cm−2

	
0.001 to 0.02




	
Equivalent water thickness

	
EWT

	
g cm−2

	
0.001 to 0.05




	
Radiative transfer model SAIL




	
Parameter

	
Symbol

	
Unit

	
Wheat-specific ranges




	
Leaf area index

	
LAI

	
m2 m−2

	
0 to 8




	
Average leaf inclination angle

	
ALIA

	
degrees

	
20 to 90




	
Hot-spot parameter

	
Hot

	
m m−1

	
0.01 to 0.5




	
Fraction of diffuse illumination

	
skyl

	
%

	
23




	
Sun zenith angle

	
SZA

	
degrees

	
0 to 90




	
Observer zenith angle

	
OZA

	
degrees

	
0 to 90




	
Relative azimuth angle

	
rAA

	
degrees

	
0 to 90




	
Soil reflectance

	
ρsoil

	
%

	
*




	
Soil brightness factor

	
αsoil

	
unitless

	
0 to 1








* Soil reflectance refers to the spectral reflectance of the underlying soil.













 





Table 2. Coefficients of determination for estimating PROSAIL parameters using the simulated test dataset. Estimations were compiled by the artificial neural network-based inversions of the radiative transfer model PROSAIL. Four different models were tested. They differed in the spectral resolution of input data, i.e., hyper- and multispectral, as well as the inclusion or exclusion of background soil spectra correction. Investigated PROSAIL parameters were leaf structure index (N, untiless), chlorophyll content (Cab, µg cm−2), carotenoid content (Ccx, µg cm−2), brown pigments (Cbp, unitless), equivalent water thickness (EWT, g cm−2), leaf mass per area (LMA, g cm−2), soil reflectance (αsoil, %), leaf area index (LAI, m2 m−2), average leaf inclination angle (ALIA, °), and hot-spot parameter (Hot, m m−1).
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	Spectral

Resolution
	Background

Correction
	N
	Cab
	Ccx
	Cbp
	EWT
	LMA
	αsoil
	LAI
	ALIA
	Hot





	Hyperspectral
	Included
	0.546
	0.947
	0.885
	0.922
	0.906
	0.770
	−
	0.885
	0.892
	0.108



	Hyperspectral
	Excluded
	0.605
	0.953
	0.936
	0.936
	0.881
	0.590
	0.320
	0.872
	0.928
	0.215



	Multispectral
	Included
	0.227
	0.891
	0.607
	0.806
	0.699
	0.556
	−
	0.848
	0.847
	0.030



	Multispectral
	Excluded
	0.305
	0.900
	0.740
	0.839
	0.777
	0.439
	0.260
	0.808
	0.834
	0.022










 





Table 3. Developmental stage (BBCH) as well as estimated marginal means (Mean) and standard deviation (SD) of plant area index (PAI, m2 m−2), nitrogen yield (NY, g m−2), canopy water content (CWC, g m−2), and above-ground dry matter (AGDM, g m−2) for autumn- and spring-sown wheat across five nitrogen fertilization levels from 0 to 20 g N m−2 on individual sampling dates in 2019/20 and 2020/21.
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Date

	

	
Autumn-Sown Wheat, 2019/20 Season

	

	
Spring-Sown Wheat, 2019/20 Season




	

	
BBCH

	
PAI

	
NY

	
CWC

	
AGDM

	

	
BBCH

	
PAI

	
NY

	
CWC

	
AGDM




	

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD






	
9 March 2020

	

	
23

	
0.641

	
0.051

	
2.20

	
0.10

	
124.9

	
14.1

	
52.5

	
1.5

	

	

	

	

	

	

	

	

	

	




	
23 March 2020

	

	
24

	
1.050

	
0.261

	
3.31

	
0.59

	
265.6

	
64.9

	
85.6

	
19.3

	

	

	

	

	

	

	

	

	

	




	
6 April 2020

	

	
30

	
1.318

	
0.236

	
3.95

	
1.02

	
349.6

	
82.1

	
141.6

	
24.5

	

	
11

	
0.037

	
0.006

	
0.19

	
0.03

	
7.4

	
1.8

	
4.0

	
0.6




	
20 April 2020

	

	
32

	
2.447

	
0.439

	
6.58

	
1.70

	
801.6

	
165.0

	
285.1

	
43.0

	

	
13

	
0.110

	
0.023

	
0.55

	
0.11

	
32.1

	
8.3

	
12.8

	
2.6




	
4 May 2020

	

	
45

	
2.354

	
0.463

	
7.65

	
2.08

	
1112.0

	
217.7

	
503.1

	
72.3

	

	
30

	
0.342

	
0.101

	
1.38

	
0.35

	
87.8

	
30.0

	
33.1

	
8.4




	
17 May 2020

	

	
59

	
2.298

	
0.550

	
9.42

	
3.15

	
1198.4

	
260.6

	
691.1

	
82.2

	

	
37

	
0.809

	
0.189

	
3.62

	
0.71

	
272.7

	
72.3

	
107.0

	
20.8




	
1 June 2020

	

	
77

	
2.011

	
0.534

	
9.14

	
3.98

	
1224.0

	
256.1

	
794.3

	
123.5

	

	
51

	
1.349

	
0.238

	
5.97

	
1.29

	
774.3

	
138.5

	
257.3

	
37.6




	
15 June 2020

	

	
85

	
1.986

	
0.405

	
11.65

	
3.78

	
1296.5

	
276.5

	
1050.7

	
178.9

	

	
71

	
1.490

	
0.333

	
8.88

	
2.33

	
986.6

	
228.4

	
466.0

	
67.0




	
6 July 2020

	

	
89

	
1.535

	
0.283

	
10.74

	
3.70

	
106.7

	
19.2

	
1048.8

	
184.6

	

	
85

	
1.033

	
0.169

	
10.93

	
1.94

	
688.3

	
155.8

	
685.8

	
79.1




	
20 July 2020

	

	

	

	

	

	

	

	

	

	

	

	
89

	
1.034

	
0.160

	
9.94

	
2.05

	
73.1

	
7.8

	
725.1

	
88.9




	
Date

	

	
Autumn-sown wheat, 2020/21 Season

	

	
Spring-sown wheat, 2020/21 Season




	

	
BBCH

	
PAI

	
NY

	
CWC

	
AGDM

	

	
BBCH

	
PAI

	
NY

	
CWC

	
AGDM




	

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD

	
Mean

	
SD




	
9 March 2021

	

	
21

	
0.162

	
0.031

	
0.67

	
0.12

	
33.9

	
5.7

	
14.9

	
2.5

	

	

	

	

	

	

	

	

	

	




	
23 March 2021

	

	
22

	
0.224

	
0.035

	
0.90

	
0.14

	
40.2

	
7.0

	
21.1

	
2.9

	

	

	

	

	

	

	

	

	

	




	
6 April 2021

	

	
23

	
0.508

	
0.106

	
1.64

	
0.33

	
121.4

	
28.1

	
39.4

	
7.6

	

	
10

	
0.043

	
0.010

	
0.13

	
0.03

	
9.2

	
2.1

	
2.4

	
0.5




	
20 April 2021

	

	
30

	
0.795

	
0.106

	
2.76

	
0.42

	
198.4

	
31.0

	
67.5

	
8.9

	

	
12

	
0.074

	
0.016

	
0.31

	
0.05

	
14.8

	
4.1

	
6.4

	
1.2




	
2 May 2021

	

	
31

	
1.596

	
0.350

	
5.15

	
1.39

	
498.8

	
102.0

	
136.8

	
22.3

	

	
21

	
0.262

	
0.081

	
0.99

	
0.28

	
51.0

	
19.3

	
18.1

	
4.5




	
18 May 2021

	

	
41

	
3.116

	
0.598

	
9.59

	
2.75

	
1205.0

	
254.1

	
343.1

	
39.8

	

	
31

	
1.154

	
0.242

	
3.76

	
0.84

	
253.5

	
80.4

	
72.4

	
14.6




	
31 May 2021

	

	
57

	
3.751

	
0.962

	
11.42

	
3.69

	
2099.5

	
524.3

	
600.3

	
94.3

	

	
33

	
2.325

	
0.556

	
7.98

	
2.15

	
928.2

	
242.6

	
206.5

	
41.4




	
15 June 2021

	

	
75

	
3.204

	
1.003

	
13.82

	
4.47

	
1752.0

	
408.6

	
928.9

	
146.7

	

	
56

	
3.583

	
0.837

	
10.32

	
2.77

	
1608.2

	
331.8

	
497.2

	
79.4




	
27 June 2021

	

	
85

	
2.284

	
0.632

	
12.69

	
4.61

	
839.3

	
190.6

	
1144.2

	
242.5

	

	
75

	
2.460

	
0.510

	
11.07

	
2.77

	
1099.9

	
245.4

	
790.8

	
111.1




	
13 July 2021

	

	
89

	
2.187

	
0.568

	
14.21

	
4.53

	
141.9

	
26.8

	
1151.9

	
213.6

	

	
85

	
2.520

	
0.467

	
11.73

	
2.67

	
311.9

	
91.4

	
931.2

	
131.4




	
26 July 2021

	

	

	

	

	

	

	

	

	

	

	

	
89

	
2.609

	
0.336

	
11.95

	
2.48

	
106.0

	
11.6

	
887.4

	
92.3











 





Table 4. Estimating plant area index (m2 m−2), nitrogen yield (g m−2) and canopy water content (g m−2) using normalized difference vegetation index (NDVI), normalized difference red-edge (NDRE), and artificial neural network-based radiative transfer model inversion (RTMI) during the vegetative developmental stages from leaf development (BBCH 10) to the start of anthesis (BBCH 60). The four RTMIs differed in the spectral resolution of input data (hyper- or multispectral) and the inclusion or exclusion of background soil spectra correction. The following RTMI outputs were used for respective trait estimations: leaf area index (LAI, m2 m−2), LAI multiplied by chlorophyll content (LAI × Cab, g m−2), and LAI multiplied by equivalent water thickness (LAI × EWT, g m−2). Vegetation index values and RTMI outputs were trained using the experimental data of the 2020/21 season. For training, regression type (linear, quadratic, or exponential), regression coefficients (a, b, c, and z), as well as coefficient of determination (R2) are presented. Estimations of PAI, NY, and CWC based on the trained models using vegetation indices and RTMI outputs were tested with the experimental data of the 2019/20 season. For model testing, linear regression coefficients (a and b), coefficients of determination, and relative root mean square error (RRMSE) are provided.
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Model

	
Spectral

Resolution

	
Background Correction

	

	
Model Training (2020/21 Season)

	

	
Model Testing (2019/20 Season)




	

	
Regression Type

	
a

	
b

	
c

	
z

	
R2

	

	
a

	
b

	
R2

	
RRMSE






	
Plant area index (m2 m−2), before anthesis

	

	

	

	

	

	

	

	

	

	

	

	




	
NDVI

	
−

	
−

	

	
Exponential

	
0.0318

	

	

	
5.07

	
0.915

	

	
−0.049

	
1.112

	
0.893

	
22.4




	
NDRE

	
−

	
−

	

	
Linear

	
−1.0276

	
27.1640

	

	

	
0.964

	

	
−0.204

	
1.309

	
0.903

	
31.2




	
LAI (RTMI)

	
Hyperspectral

	
Included

	

	
Quadratic

	
0.0595

	
0.3723

	
0.0881

	

	
0.955

	

	
0.108

	
1.032

	
0.930

	
17.9




	
LAI (RTMI)

	
Hyperspectral

	
Excluded

	

	
Quadratic

	
−0.3313

	
0.2390

	
0.0917

	

	
0.898

	

	
0.270

	
1.231

	
0.852

	
46.9




	
LAI (RTMI)

	
Multispectral

	
Included

	

	
Quadratic

	
0.4115

	
0.4479

	
0.0305

	

	
0.922

	

	
0.134

	
0.826

	
0.792

	
24.4




	
LAI (RTMI)

	
Multispectral

	
Excluded

	

	
Quadratic

	
−0.0034

	
0.1778

	
0.1028

	

	
0.869

	

	
0.534

	
0.783

	
0.521

	
53.1




	
Nitrogen yield (g m−2), before anthesis

	

	

	

	

	

	

	

	

	

	

	

	




	
NDVI

	
−

	
−

	

	
Exponential

	
0.127

	

	

	
4.791

	
0.920

	

	
0.356

	
0.889

	
0.747

	
31.5




	
NDRE

	
−

	
−

	

	
Linear

	
−3.076

	
83.888

	

	

	
0.970

	

	
−0.513

	
1.144

	
0.904

	
23.0




	
LAI × Cab (RTMI)

	
Hyperspectral

	
Included

	

	
Quadratic

	
0.306

	
2.292

	
0.132

	

	
0.961

	

	
0.524

	
0.871

	
0.908

	
14.4




	
LAI × Cab (RTMI)

	
Hyperspectral

	
Excluded

	

	
Linear

	
−0.118

	
3.061

	

	

	
0.911

	

	
−0.776

	
0.916

	
0.788

	
35.0




	
LAI × Cab (RTMI)

	
Multispectral

	
Included

	

	
Quadratic

	
1.440

	
2.404

	
0.186

	

	
0.950

	

	
0.553

	
0.756

	
0.740

	
28.2




	
LAI × Cab (RTMI)

	
Multispectral

	
Excluded

	

	
Linear

	
−0.143

	
3.635

	

	

	
0.943

	

	
0.096

	
0.992

	
0.766

	
29.8




	
Canopy water content (g m−2), before anthesis

	

	

	

	

	

	

	

	

	

	

	

	




	
NDVI

	
−

	
−

	

	
Exponential

	
4.578

	

	

	
6.17

	
0.826

	

	
76.30

	
0.78

	
0.664

	
40.8




	
NDRE

	
−

	
−

	

	
Quadratic

	
−69.214

	
−152.890

	
61,573.509962

	

	
0.929

	

	
−22.07

	
1.12

	
0.782

	
32.9




	
LAI × EWT (RTMI)

	
Hyperspectral

	
Included

	

	
Quadratic

	
−50.943

	
0.544

	
0.000219

	

	
0.944

	

	
−40.93

	
1.15

	
0.967

	
17.0




	
LAI × EWT (RTMI)

	
Hyperspectral

	
Excluded

	

	
Linear

	
−167.070

	
1.341

	

	

	
0.920

	

	
300.04

	
1.00

	
0.825

	
62.6




	
LAI × EWT (RTMI)

	
Multispectral

	
Included

	

	
Quadratic

	
62.502

	
0.404

	
0.000123

	

	
0.901

	

	
0.72

	
−2.58

	
0.818

	
31.5




	
LAI × EWT (RTMI)

	
Multispectral

	
Excluded

	

	
Quadratic

	
–33.379

	
0.316

	
0.000178

	

	
0.850

	

	
208.78

	
0.72

	
0.738

	
40.9











 





Table 5. Estimating plant area index (m2 m−2) and canopy water content (g m−2) using normalized difference vegetation index (NDVI), normalized difference red-edge (NDRE), and artificial neural network-based radiative transfer model inversion (RTMI) throughout the growing season from leaf development (BBCH 10) to harvest (BBCH 89). The four RTMIs differed in the spectral resolution of input data (hyper- or multispectral) and the inclusion or exclusion of background soil spectra correction. The following RTMI outputs were used for respective trait estimations: leaf area index (LAI, m2 m−2) and LAI multiplied by equivalent water thickness (LAI × EWT, g m−2). Vegetation index values and RTMI outputs were trained using the field experimental data of the 2020/21 season. For model training, regression type, regression coefficients (a, b, c, and z), as well as coefficient of determination (R2) are presented. Model testing was performed with the field experimental data of the 2019/20 season. For model testing, linear regression coefficients (a and b), coefficients of determination, and relative root mean square error (RRMSE) are provided.
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Model

	
Spectral

Resolution

	
Background Correction

	

	
Model Training (2020/21 Season)

	

	
Model Testing (2019/20 Season)




	

	
Regression Type

	
a

	
b

	
c

	
z

	
R2

	

	
a

	
b

	
R2

	
RRMSE






	
Plant area index (m2 m−2), all developmental stages

	

	

	

	

	

	

	

	

	

	

	

	




	
NDVI

	
−

	
−

	

	
Exponential

	
0.1629

	

	

	
3.1927

	
0.485

	

	
0.177

	
0.936

	
0.664

	
31.2




	
NDRE

	
−

	
−

	

	
Quadratic

	
−0.4831

	
28.2480

	
−32.7020

	

	
0.670

	

	
0.318

	
1.046

	
0.704

	
41.3




	
LAI (RTMI)

	
Hyperspectral

	
Included

	

	
Quadratic

	
0.0095

	
0.5158

	
0.0585

	

	
0.922

	

	
0.280

	
1.052

	
0.845

	
27.7




	
LAI (RTMI)

	
Hyperspectral

	
Excluded

	

	
Linear

	
−0.7270

	
0.7114

	

	

	
0.778

	

	
0.677

	
0.926

	
0.695

	
46.1




	
LAI (RTMI)

	
Multispectral

	
Included

	

	
Quadratic

	
0.6204

	
0.8408

	
−0.0508

	

	
0.830

	

	
0.559

	
0.898

	
0.723

	
39.9




	
LAI (RTMI)

	
Multispectral

	
Excluded

	

	
Quadratic

	
−0.0237

	
0.2212

	
0.0879

	

	
0.867

	

	
0.616

	
0.695

	
0.496

	
40.1




	
Canopy water content (g m−2), all developmental stages

	

	

	

	

	

	

	

	

	

	

	

	




	
NDVI

	
−

	
−

	

	
Exponential

	
13.855

	

	

	
5.053

	
0.756

	

	
117.54

	
0.67

	
0.566

	
42.7




	
NDRE

	
−

	
−

	

	
Linear

	
−526.450

	
12,335.294

	

	

	
0.891

	

	
14.27

	
0.96

	
0.710

	
39.0




	
LAI × EWT (RTMI)

	
Hyperspectral

	
Included

	

	
Quadratic

	
28.547

	
0.197

	
0.000363

	

	
0.927

	

	
77.87

	
0.89

	
0.884

	
20.0




	
LAI × EWT (RTMI)

	
Hyperspectral

	
Excluded

	

	
Linear

	
−168.710

	
1.189

	

	

	
0.785

	

	
340.33

	
0.80

	
0.739

	
44.9




	
LAI × EWT (RTMI)

	
Multispectral

	
Included

	

	
Linear

	
35.600

	
0.731

	

	

	
0.813

	

	
132.28

	
0.65

	
0.637

	
35.7




	
LAI × EWT (RTMI)

	
Multispectral

	
Excluded

	

	
Quadratic

	
29.498

	
0.017

	
0.000293

	

	
0.842

	

	
121.52

	
0.78

	
0.806

	
33.3











 





Table 6. Estimating above-ground dry matter (AGDM, g m−2) throughout the growing season from leaf development (BBCH 10) to harvest (BBCH 89) using plant area duration (PAD, m2 m−2 d), integral of normalized difference vegetation index (NDVI) over time, as well as leaf area duration (LAD, m2 m−2). The latter was calculated with an artificial neural network-based radiative transfer model inversion (RTMI). This RTMI applied hyperspectral input data and background soil spectra correction. The RTMI output was leaf area index (LAI, m2 m−2). The destructively measured plant area index (PAI, m2 m−2) was used to calculate PAD. The integral over time was calculated for measured PAI, NDVI, as well as RTMI-based LAI. The integrals of PAI and LAI over time are PAD and LAD, respectively. Values of PAD, NDVI integral, and LAD were trained using the experimental data of the 2020/21 season. For training, regression type, regression coefficients (a, b, and c), as well as coefficient of determination (R2) are presented. Model testing was performed with the field experimental data of the 2019/20 season. For model testing, linear regression coefficients (a and b), coefficients of determination, and relative root mean square error (RRMSE) are provided.
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Model

	

	
Model Training (2020/21 Season)

	

	
Model Testing (2019/20 Season)




	

	
Regression Type

	
a

	
b

	
c

	
R2

	

	
a

	
b

	
R2

	
RRMSE






	
PAD (measured)

	

	
Linear

	
11.80

	
5.24

	

	
0.972

	

	
−19.60

	
0.92

	
0.914

	
18.1




	
NDVI integral

	

	
Quadratic

	
−26.87

	
6.23

	
0.13

	
0.969

	

	
−77.38

	
1.27

	
0.927

	
24.3




	
LAD (RTMI)

	

	
Linear

	
–16.78

	
3.88

	

	
0.965

	

	
–21.29

	
1.12

	
0.960

	
13.7
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