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Abstract

:

This study aimed to identify the optimal sets of spectral bands for monitoring multiple grapevine nutrients in vineyards. We used spectral data spanning 400–2500 nm and leaf samples from 100 Concord grapevine canopies, lab-analyzed for six key nutrient values, to select the optimal bands for the nutrient regression models. The canopy spectral data were obtained with unmanned aerial systems (UAS), using push-broom imaging spectrometers (hyperspectral sensors). The novel use of UAS-based hyperspectral imagery to assess the grapevine nutrient status fills the gap between in situ spectral sampling and UAS-based multispectral imaging, avoiding their inherent trade-offs between spatial and spectral resolution. We found that an ensemble feature ranking method, utilizing six different machine learning feature selection methods, produced similar regression results as the standard PLSR feature selection and regression while generally selecting fewer wavelengths. We identified a set of biochemically consistent bands (606, 641, and 1494 nm) to predict the nitrogen content with an RMSE of 0.17% (using leave-one-out cross-validation) in samples with nitrogen contents ranging between 2.4 and 3.6%. Further studying is needed to confirm the relevance and consistency of the wavelengths selected for each nutrient model, but ensemble feature selection showed promise in identifying stable sets of wavelengths for assessing grapevine nutrient contents from canopy spectra.






Keywords:


imaging spectroscopy; unmanned aerial systems; vineyard; nutrients












1. Introduction


Grapes grown on over 920,000 acres (~372,000 hectares) in the United States for wine, raisins, fresh market, and juice products have a multi-billion dollar production value [1]. Macro- and micronutrients are often applied as fertilizers in vineyards to optimize the vine size and fruit quality. Nitrogen, in particular, is an important component of proteins, nucleic acids, and chlorophyll [2]. It is commonly applied to vineyards, since it plays a major role in the growth and development of shoots and leaves, which photosynthesize to support the subsequent fruit development. Too little N results in depressed vegetative growth, while too much results in excessive vegetative growth [3]. Therefore, an accurate and precise assessment of grapevine leaf blade or petiole (i.e., leaf stem) contents of nutrients is required to guide the judicious application of fertilizers to optimize both the quantity and quality of grapes. Additionally, the application of appropriate amounts of N, as well as other nutrients, will allow for minimized detrimental impacts in the vineyard (e.g., soil acidification), as well as off-site impacts (e.g., groundwater pollution and the eutrophication of nearby waterways) [4].



While nondestructive remote sensing applications have been developed to improve the nutrient management of other crops, the current methods of collecting and measuring grapevine nutrients are destructive, time-consuming, and costly (~$25 per sample). Typically, a grower will manually collect leaf blades or petioles from many vines, combine them to form one representative sample of a vineyard block several acres in size, and mail the sample to a lab for analysis. This standard practice is spatially inadequate to effectively map nutrient deficiencies, particularly in vineyard blocks with a high variability in the soils and/or vine growth. Rather than applying localized fertilizer amendments, growers use their sparse data to guide their application of fertilization to many acres of their vineyards with a common prescription, resulting in suboptimal growth and unnecessary leaching and runoff of nutrients.



An increase in the affordability of unmanned aerial system (UAS) imaging capabilities has prompted several studies estimating the nutrient status (especially N) in a variety of crops using these platforms. These include hyperspectral and multispectral imaging systems used for nitrogen estimations in wheat [5,6], rapeseed [7,8], barley [9], rice [10,11,12], corn [6], potatoes [13], and sunflowers [14]. The advantage of a UAS platform is the ability to obtain high spatial and temporal resolution at a low cost [15], while the disadvantage is related to difficulty in scaling the results to larger areas.



UAS-based crop nutrient studies and all alternative field, lab, airborne, satellite, or synthetic spectral studies use a variety of methods to model the nitrogen status. These can include parametric regressions with sets of bands or derivative spectra; vegetation indices (VI); spectral transformations (such as continuum removal [16]); chemometric methods like the principal component analysis (PCA) [17]; partial least squares regression (PLSR) [18] and stepwise multiple linear regression (SMLR) [19]; or machine learning methods like random forest (RFR) [20], support vector machines (SVM) [21], and gaussian process regression [18]. Overall, these studies utilize a variety of experimental designs, predictor variable selections, nutrient measurement standards, regression or classification methods, prediction error estimation techniques, and vary in their reported accuracies. However, all of these methods face a number of challenges inherent to estimating the nutrient status from spectral data, highlighted in the recent review papers by Berger et al. [22] and Fu et al. [23] on the spectral monitoring of crop nitrogen.



The major impediments to finding correlated spectral responses to vegetation traits using hyperspectral data are the redundancy in their high data dimensionality and the propensity of a limited sample (i.e., fewer than the number of potential predictor variables) to cause overfitting, preventing the development of robust generalized models [24]. This is why many studies use well-known or empirically derived vegetation indices consisting of just a small number of bands [25] while others combine a variety of machine learning feature selection methods to build models utilizing only the most target-relevant features [26,27]. Feilhauer et al. [28] found that an ensemble of SVR, RFR, and PLSR machine learning methods achieved consistent wavelength selections between different datasets in good agreement with known spectral absorption features compared to the standard partial least squares regression technique for spectral band selection related to leaf biochemistry [29].



The nitrogen content has been studied more than any other nutrient, mainly because of its universal importance to crop productivity. Its abundance in foliage occurs primarily in proteins and chlorophylls [30]. However, the known nitrogen absorption features are relatively weak [31] and overlap with the dominant water absorption features and abundant signatures of the other organic compound constituents (cellulose, lignin, protein, oil, sugar, starch, etc.) [32]. In fact, VIs utilizing wavelengths in the visible and near-infrared (VNIR) regions of the spectrum, related to chlorophyll absorption and red-edge position, are more widespread than SWIR-based nitrogen indices, designed to sample specific N-H stretching and bending overtones [22,23]. Unfortunately, the use of the chlorophyll content as a proxy for nitrogen is limited by seasonal variations and can be misconstrued when other deficiencies occur [33]. For example, Rustioni et al. [34] found that iron, magnesium, nitrogen, and potassium deficiencies all produced chlorotic symptoms in the grapevine canopy. The review of nitrogen monitoring studies conducted by Berger et al. [22] recommended including a combination of the VNIR and SWIR domains to improve the models for nitrogen by sampling both the chlorophyll-N and protein-N-related spectral regions.



In a recent study, Camino et al. [35] used airborne combined VNIR and SWIR imagery to model the nitrogen concentration in wheat. They found that indices modified to use reflectance at 1510 nm (N-H stretch, first overtone) in the place of 670 nm resulted in higher correlations than traditional canopy structural indices (e.g., R2 of 0.69 vs. 0.63 for the modified chlorophyll absorption reflectance index—MCARI). Additionally, their optimal model paired solar-induced chlorophyll fluorescence with the biophysical canopy parameters estimated from physical models [36,37], achieving a leave-one-out cross-validation (LOOCV) root mean squared error (RMSE) of 0.2% nitrogen in samples ranging from 2 to 5% nitrogen. Nasi et al. [17] combined UAS-based hyperspectral imagery and canopy height measurements derived from an RGB camera to model the nitrogen content in barley with a LOOCV RMSE of 0.59% nitrogen in samples ranging in nitrogen contents from 1.71 to 4.23%. In grapevines, specifically, Friedel et al. [25] found that the red-edge inflection point index (REIP) had the lowest RMSE (~0.17% nitrogen by dry mass in samples ranging from 2.18 to 2.58%) when comparing the vegetation indices derived from handheld spectral data. Conversely, Omidi et al. [26] determined the optimal handheld spectral bands of the leaf samples centered at 596, 611, 401, 1619, 825, and 1386 nm to be the most important for the classification of high and low nitrogen content grapevines. Moghimi et al. [38] modeled the nitrogen content for the same vines using UAS-based five-band multispectral imagery with a RMSE (hold-out test set) of 0.23% nitrogen in samples with contents ranging from 2.25 to 4.25% nitrogen.



In the late summer of 2020, we began a multiyear study using UAS-based imaging spectroscopy (hyperspectral imaging) to determine the optimal wavelengths to estimate the N content and other essential macro (P, K, Ca, and Mg) and micro (B) grapevine nutrients in upstate New York, USA. The novel use of UAS spectral imaging serves as a practical bridge between more typical in situ spectral sampling and UAS multispectral imaging. This paper details our first season of observations, including both VNIR and SWIR spectral imagery coincident with leaf and petiole sampling for a nutrient lab analysis occurring at the veraison growth stage (start of rapid fruit ripening). At this late growth stage, the concentrations of some nutrients, like potassium, are more stable and correlate with the vine performance than at bloom, but near full bloom sampling is typically better for assessing the N and a majority of plant nutrients [39]. Future efforts will include cumulative data from investigations of both growth stages over multiple seasons to assess the nutrient status and determine the optimal bands and growth stages for image acquisition.



The study was motivated by the need for an accessible and data-driven solution to quantifying the grapevine nutrient content with the goal of better guiding management. There is a potential to capitalize on the low cost of high-resolution multispectral imaging on small UAS (sUAS) by tailoring imaging systems with appropriately tuned bands for each nutrient. The specific objectives of this study are to (i) build predictive regression models using optimized combinations of VNIR and SWIR wavelengths, determined with ensemble feature selection, (ii) compare our results to PLSR, and (iii) assess the practicality of monitoring individual nutrients and create nutrient specific benchmarks for comparisons with future observations.




2. Materials and Methods


The complete process, including data collection, preprocessing, and data analysis, is summarized in a flowchart in Figure A1.



2.1. Study Area


The experimental study area was a 0.43-ha (1 acre) Concord grape (vitis labruscana) vineyard block located within the Cornell Lake Erie Research Extension Laboratory (CLEREL) in Portland, NY, USA. The block contains 23 rows of grapevines, each 72.5 m long, with 29 consecutive grapevines, as shown in Figure 1. From north to south, the block was designed to induce five rows each of nitrogen-deficient, control, potassium-deficient, and low-pH grapevines, with a single buffer row between each of the four treatment zones. The control rows received 56 kg/ha (50 lb/acre) of N fertilizer, 2242 kg/ha (1 ton/acre) of lime, and 224 kg/ha (200 lb/acre) of potash. The same prescription was applied to each of the deficient rows, with some specific exceptions. In addition to omitting N fertilizer in the N-deficient rows, weeds were allowed to grow between the rows to allow for competition with the vines for the available N. In the K-deficient rows, a second dose of lime was used to drive up the soil pH, and no potash was applied. Finally, in the low-pH rows, 1681 kg/ha (1500 lb/acre) of ground sulfur was used in place of lime to decrease the soil pH from 6.0 to 4.5.




2.2. Aerial Imaging Systems


The imaging data were captured with two UAS platforms via visual and near-infrared (VNIR) and short-wavelength infrared (SWIR) push-broom style (hyperspectral) imaging spectrometers. The VNIR imagery was collected with a Headwall Photonics Nano-Hyperspec imaging spectrometer (272 spectral bands from 400 to 1000 nm), while the SWIR imagery was collected with a Headwall Photonics Micro-Hyperspec M384 imaging spectrometer (170 bands from 900 to 2500 nm). Each spectrometer was mounted on a separate DJI Matrice 600 Pro UAV, each paired with an Applanix GPS/IMU for a pixel georeferencing accuracy of 1–3 cm. The VNIR UAS payload also included a MicaSense RedEdge-M 5-band (blue, green, red, red edge, and near-infrared) multispectral camera for both the reference imagery and further investigations. The multispectral imagery results in a cleaner mosaic for scene display purposes than the push-broom style flight line spectral imagery.




2.3. Imaging Campaign


The Rochester Institute of Technology (RIT) drone team collected imagery of the study area on 6 September 2020 between 10:30–11:30 a.m. EST. At the time of flight, the sky conditions were fair, with no clouds blocking the sun throughout the flights, and the wind was below 5 m/s. The flight altitude for the VNIR and SWIR flights were 48 m and 30 m, respectively, each flying at 2 m/s to achieve a ground sampling distance (GSD) of approximately 3 cm in both hyperspectral modalities.




2.4. Sampling Plan


The CLEREL team collected grapevine petiole and leaf samples for the nutrient analysis from the study area on 4 September 2020. Unfortunately, the timing of optimal sampling for the veraison growth stage (start of rapid fruit maturation) and the weather prevented same-day sampling and imaging campaigns. This could raise concerns, because this work explores relationships between the canopy imagery and nutrient levels from samples obtained two days apart. However, during veraison, the N and K levels are relatively stable compared to the bloom growth stage [39], but the same is not true for other nutrients like Mg [40].



The samples were collected from 100 individual vines in the vineyard block, including 25 vines from each subblock, shown in Figure 1. For each vine, we collected a composite sample of 50 leaf blades separated from their petioles. The leaf samples were washed in deionized water and dried in an oven at 60 °C until the sample weight stabilized, ground through a 1-mm sieve, and sent to the Penn State Agricultural Analytical Services Laboratory for a standard tissue nutrient analysis using acid digestion and multielement analysis by inductively coupled plasma (ICP) emission spectroscopy [41]. The final nutrient results were for six nutrients of interest to viticulture management (N, P, K, Ca, Mg, and B) for each vine.



In addition, two leaf sample spectra were taken of each study vine using a Spectra Vista Corp. (SVC) field spectroradiometer (model HR-1024i) with a leaf clip coincident with the UAS flights. The instrument captures spectral data from 335 to 2500 nm in 987 bands. The dataset was too limited to be considered representative of individual vines but was a useful reference to compare with the lower spectral resolution UAS-based spectral imagery (see Discussion and Figure 5).




2.5. Data Preprocessing


The data preprocessing steps included radiometric correction, vine region-of-interest (ROI) creation, vegetation segmentation, and spectral extraction.



2.5.1. Radiometric Correction


The VNIR and SWIR instruments both captured spectral imagery of two sets of black, dark gray, medium gray, and light gray calibration panels laid out on the west side of the vineyard block. The calibration panel spectra from both the VNIR and SWIR imagery were extracted using ENVI version 5.5 [42]. These panels had well-characterized ground truth reflectance spectra collected via a Spectra Vista Corporation (SVC) spectroradiometer (model HR-1024i) that were used to convert the radiance flight imagery into reflectance. The Empirical Line Method (ELM) [43] tool in ENVI was used to determine the relationship between the calibration panel UAS radiance spectra and their true reflectance spectra and determined the linear coefficients to convert between radiance and reflectance at each wavelength. This process removes both the solar irradiance and atmospheric path radiance. However, this cannot be reliably accomplished at all SWIR bands, due to the deep water absorption features where the SWIR detector did not detect photons. Thus, we removed the spectral bands in the water absorption band regions 1340–1470 nm, 1790–2020 nm, and from 2365 nm onward to avoid the possibility of nonsensical ELM coefficients. Additional wavelengths were removed near the edges of both instruments’ wavelength ranges where sharp drop-offs in signal-to-noise (SNR) occurred. These wavelengths were those at <460 nm and >900 nm for VNIR and <950 nm and >2270 nm for SWIR.




2.5.2. Vine Image Extraction


Rectangular images were extracted for each grapevine, measuring 2.5 m long by 3 m wide, prior to canopy segmentation. No field markers were used to mark the study vines, but the row length was divided into evenly spaced vines based on the known consistent vineyard block row length and vine spacing. The row center lines were created using the QGIS (V. 3.12) advanced digitizing tool for precise length and angle-of-row center line. The vector geoprocessing tools were used to create a buffer from the row center line resulting in a polygon row feature, then divided with the split polygon plugin to evenly separate the 72.5-m-long row into 29 vine polygons. The vine vector feature shapefiles were then imported as ENVI ROIs for extraction using the ENVI Subset Raster task. Finally, the Spectral Python—SPy [44] library was used to load the ENVI hyperspectral vine imagery into NumPy arrays for all further image processing. The vine extents for the 100 study vines are subset from their consecutive neighboring vines in Figure 1.




2.5.3. Canopy Segmentation and Spectral Extraction


A combination of techniques was used to separate the grapevine canopy pixels from the neighboring soil, shadow, and grass pixels. Grass was allowed to grow in the spaces between the nitrogen-deficient rows to further induce deficiency in the grapevines, which complicated the efforts to use a single vegetation index threshold to mask the grapevine canopy alone. The final canopy mask for VNIR imagery was a combination of a normalized difference vegetation index (NDVI) threshold, an excessive greenness index (EGI) threshold, and spectral angle mapper [45] (SAM) binary masks. For SWIR, a combination of a normalized difference nitrogen index (NDNI) threshold and SAM binary masks was used. The vegetation index mask(s) were multiplied and combined with the SAM mask to generate a primary mask for the vegetation segmentation of each vine. Further, the application of a morphological erosion operator (3 × 3 matrix of ones) to the primary mask removed mixed pixels from the canopy edge [46]. The results of each masking step are shown in Figure 2.



A threshold value for each vegetation index was chosen using an automated process of determining peaks and troughs in vegetation index pixel value histograms. The histograms represent the frequency of the vegetation index values for all of the non-nitrogen-deficient subblock vines to avoid a skewed threshold due to an abundance of grass pixels. For each vegetation index, a threshold was selected halfway between the detected peak vegetation signal corresponding to the grapevine canopy and the neighboring trough. For the spectral angle mapping approach, endmember spectra were extracted from manually selected canopy, grass, soil, and shadow pixels. Spectral angles with each of the endmember spectra were computed for all the image pixels using the SPy library spectral_angles function [44]. The spectral angle is an N-dimensional angle found by treating spectra as a vector in a space having a dimensionality equal to the number of bands. Individual pixels were classified as canopy pixels if their spectral angle with the canopy endmember spectra was smaller than with the other endmembers.



Finally, the mean canopy spectra of each vine image were extracted using the eroded canopy masks. A Savitzky–Golay (SG) filter (scipy.signal savgol_filter) was used to smooth the grapevine spectra using a window length of 15 bands [47]. The optimal window length was found by inspecting the Fourier-transform frequency spectra of both the sample vine’s raw spectrum and various window-length SG-filtered versions of the spectra. This reduced the high-frequency noise but maintained the pertinent spectral features. Further, the differences between the raw spectra and their corresponding filtered spectra were not to exceed the standard deviation of all the vine spectra at each wavelength. This requirement ensured that the chosen window length preserved the spectral variations between the vines. All SG-filtered grapevine spectra were then stored in a pandas DataFrame for the remaining analysis.





2.6. Data Analysis


A standard method was used to optimize the regression models for each of the 6 nutrients. For each model, this included an initial reduction in the independent variables to decrease the computation time and mitigate the spectral band multicollinearity issues. Next, the remaining features were ranked with an ensemble of filter, wrapper, and embedded feature rankers, and an optimal combination of the features drawn from the 10 highest-ranking features was determined. Feature selection was used, as opposed to feature extraction, for dimensionality reduction, because feature extraction methods like PCR require a new feature space where the reduced number of features is some combination of all the original input features [48]. Feature selection, in contrast, allowed us to achieve our objectives aimed at devising a multispectral sensor with a smaller subset of optimized bands. Feature selection also maintains the physical reflectance measurement at each wavelength and its relation to the grapevine nutrient status, which is desirable for consistent translation to a multispectral sensor.



2.6.1. Multicollinearity Assessment


A correlation threshold of 95% was used to reduce the number of redundant features and mitigate the multicollinearity. For any pair of bands that were linearly correlated with each other above 95%, the band having the lesser correlation with the target nutrient was removed [49]. This reduced the number of bands for subsequent use in the ensemble feature selection. For example, this step reduced the number of bands from 299 to 27 for the leaf N content dataset used in this study.




2.6.2. Ensemble Feature Selection Rankers


The ensemble feature selector used a combination of six feature rankers, similar to Omidi et al. [26] and Moghimi et al. [46]. Using a multimethod ensemble combines the advantages and disadvantages of a diverse set of methods to rank features. This arguably will yield a more reliable generalized set of spectral regions associated with leaf biochemistry [28]. For filter rankers, the sklearn.feature_selection (version 0.21.3) SelectKBest univariate feature selector was used with both the linear regression test (f_regression) and mutual information regression (mutual_info_regression). SelectKBest can be used to reduce a dataset into user-defined k features based on their ranking or to report the complete rankings of all the input features using a number of possible classification or regression scoring functions. f_regression scoring ranks each feature based on their F-scores and p-values with the target variable. Mutual information regression scores each feature based on a measurement of the nonparametric dependency with the target variable [50,51]. A linear kernel support vector regression recursive feature eliminator (SVR-RFE) [52] and a forward sequential feature selector (SFS-forward) [53] wrapper for standard multiple linear regression (MLR) were used for the wrapper methods. Finally, the least absolute shrinkage and selection operator (Lasso) [54] and random forest regression (RFR) [55] were included as the embedded methods to rank the input features.




2.6.3. Ensemble Feature Selection Method


The remaining data, i.e., after removing the bands with the multicollinearity assessment, were fed into an ensemble feature ranking loop for 50 iterations of the feature ranking, using a different random split of 90% of the data for each iteration. After the ranking loop completed, the 50 iterations of the six feature rankings (300 rankings for each band) were averaged to determine the overall band rankings. This is essentially bootstrap aggregation, or bagging of the feature ranks to improve the stability and reduce the variance of the ranking results. Leave-one-out cross-validation (LOOCV) scores were used to assess the optimal number of bands. To do this, an RFE wrapper selected the subsets of the top 10 remaining bands from 1 to 10, calculating the LOOCV-adjusted coefficient of determinations (R2) and root mean squared errors (RMSE) for the MLR-RFE models. The minimum LOOCV-RMSE score for the explored combinations defined the optimal number and combination of the top-ranking bands used to construct the final model for each nutrient.




2.6.4. PLSR Comparison


For all nutrients, the results were compared to the standard PLSR approach, similar to Feilhauer et al. [28]. First, redundant features were eliminated, as described in Section 2.6.1. While PLSR is not itself a feature selection implementation, several methods to select features based on PLSR results have been proposed and are commonly used [56]. PLSR transforms the input wavelength features into latent variables that are linear combinations of the original features and are statistically independent from one another [56]. Regression is then performed between the resulting latent variables and the target variable.



The PLSR method optimized the LOOCV scores via an exhaustive exploration of the number of latent variables less than 10 and the optimal number of input features used to create the latent variables. The number and order of the increasing input features tested were filtered by the band-specific regression coefficients or the coefficients mapping each input variable to the number of latent variables being explored. The regression coefficients are a standard output of sklearn.cross_decomposition PLSRegression implementation.






3. Results


The LOOCV score results for the ensemble and PLSR methods for leaf blade nutrients are shown in Table 1, along with the final number of bands selected in each case. The PLSR method resulted in slightly higher adjusted R2 for all the models, but it did not distinctly outperform our ensemble method in terms of the RMSE in all cases. The majority of the ensemble models required fewer wavelengths to achieve comparable RMSE. For example, the nitrogen models exhibited identical RMSE, but the ensemble model used half the features of the PLSR model. In fact, in several of the PLSR models, the optimal number of wavelengths was the maximum imposed by our limit of 10 latent variables and 10 top-ranking wavelengths.



Figure 3 shows the selected wavelengths for both methods pertaining to the nitrogen content in relation to the average grapevine spectra for reference. A complete record of all the selected wavelengths for all the nutrient models are included in Appendix A. The ensemble and PLSR models for nitrogen shared wavelengths at 606, 641, 1168, and 1494 nm. The ensemble model used just one additional blue–green wavelength, while the PLSR model used two additional wavelengths in the visible range (red and green) and four additional wavelengths in the SWIR range.



The selected wavelengths are plotted for all the nutrients as a histogram in Figure 4 to show the frequency of wavelengths chosen from regions of the vegetation spectrum in 25-nm-width bins. The histogram for the ensemble and PLSR methods is displayed along with the average spectra and vertical bars denoting the MicaSense RedEdge five-band multispectral camera bands for reference. A number of observations can be made based on Figure 4: (i) with the exception of blue, the selected bands cover the visible region of the spectrum, while there are distinct peaks in the blue–green and deep red for both methods; (ii) an orange peak and peak at the top of the red edge are also present for the ensemble method; (iii) there is a lack of bands selected in the NIR plateau range, especially around the typical NIR multispectral band centered at 840 nm; and (iv) the selected wavelengths in the SWIR region favored the edges of the strong water absorption features, although the PLSR method also selected wavelengths at a high frequency near 2125 nm.




4. Discussion


4.1. Methodological Considerations


The multicollinearity threshold filter to eliminate redundant wavelengths was effective at reducing the initial number of bands (299 bands remained after removal of the noisy and water absorption features) to less than 30 in all cases before applying the feature selection methods. A more extensive search could explore varying the multicollinearity threshold to increase or decrease the number of redundant wavelengths allowed into the selection procedure. However, a more lenient threshold will increase the computation time.



The ensemble feature ranking followed by MLR-RFE method and the standalone PLSR method each achieved comparable performances in terms of the LOOCV-RMSE, but both may be further improved by exploring alternatives. For example, in the case of ensemble ranking, alternative rankers might prove superior, or the recursive elimination of rankers might be used to optimize the regression results [26]. Additionally, other parent regression methods, such as SVR or RFR, may yield lower RMSE than MLR. This was not true in the initial testing of the ensemble method for nitrogen, so MLR was used to improve the computational speed when testing the method on several nutrient targets. Several alternative methods of feature selection using PLSR that could improve selection stability were presented by Mehmood et al. [56].



The maximum number of wavelengths in each selection method was limited to 10, because this is a practical limit for the existing sUAS multispectral systems. However, an even stricter limit may be appropriate for tailoring a set of bands to a particular platform.



Ultimately, ensemble feature selection has been found to be more stable than PLSR when using spectral data to assess the leaf biochemistry across multiple datasets [28]. Even if the regression scores were less accurate on a particular dataset, we expect the wavelengths selected with the ensemble method to be more stable and accurate across different grapevine datasets.




4.2. Regression Model Performance


Obtaining only 100 samples from a single growth stage and season proved insufficient to determine the regression models with high correlations between the grapevine nutrient contents and variations in the canopy spectra using either the ensemble or PLSR selection methods (see Table 1). This is likely a result of the similarity in the spectral responses due to various nutrient stresses and the variety of deficiencies that resulted in the study sample. In fact, the major limitation of using vegetation spectra for individual nutrient assessments is that most stresses (both abiotic and biotic) in vegetation result in a decreased chlorophyll concentration in the leaves [34]. As a result, multiple correlated nutrient deficiencies may exhibit a mixed response, diminishing the correlations to any individual nutrients at the relevant spectral regions. Due to this, and a lack of individual nutrient regression models beyond nitrogen to compare to in the literature, we have limited the further discussion of specific wavelength selections and model results to nitrogen. Some further comments concerning the physiological significance of the overall wavelength selections are included in Section 4.4.



Despite an increased use of UAS imagery in viticulture [57], few studies have been conducted to assess the grapevine nutrient status in vineyards and fewer with remote sensing imagery [58,59,60], specifically. Most studies involving the nutrient content in vineyards limit regression modeling to the associated chlorophyll content [59,60] or nitrogen [38,60]. Moghimi et al. [38] recently observed grapevine canopy reflectance with a multispectral imager aboard an unmanned aerial system (UAS) and were able to estimate the N content to within 0.23% among 150 samples with 2–4% N. Similarly, using UAS-based multispectral imagery, Retzlaff et al. [60] found an RMSE of 0.26% N for samples with 1.5–3.5% N. Our slightly improved RMSE of 0.17% for leaf nitrogen among samples with a similar range of N contents suggests that there is only a modest potential for a tuned multispectral system to significantly improve the nitrogen status monitoring. Indeed, the R2 found in these analogous studies (Moghimi: R2 = 0.56 and Retzlaff: LOOCV R2 = 0.52) were slightly higher than the model presented here (LOOCV R2 = 0.44). While the N range of 2–4% is appropriate for different cultivars and regions [3,61,62], ground truth sampling at a much larger scale (>100 samples) may be necessary for the greater refinement of optimal bands to improve the nitrogen regression model accuracy.




4.3. Nitrogen Wavelength Selections vs. Spectral Features


The selected wavelengths of both methods indicate that differences between the spectral responses of low and high nitrogen contents are the result of biochemical changes related to the leaf chlorophyll concentrations. Table 2 shows the ensemble and PLSR-selected wavelengths for nitrogen, along with the nearby known strong absorptions related to chlorophyll, nitrogen, proteins, and water. In particular, the selection of SWIR bands near to the nitrogen-related absorption features at 1510 nm and 2180 nm were noted as strong absorptions by Curran [32]. The chlorophyll absorption-related wavelengths in the VNIR region were consistent with the most frequently selected bands found by Fu et al. [23] in their review of the crop nitrogen status using hyperspectral remote sensing. Our selection of 606 nm fell right between 596 nm and 611 nm, a spectral region noted by Omidi et al. [26] in their study of grapevine leaf handheld spectral data using an ensemble ranking method for the classification of nitrogen deficiency.



Figure 5 shows the VNIR spectrum of a typical nitrogen-deficient vine divided by a typical healthy vine spectrum to emphasize the spectral regions where nitrogen-deficient vines differ from healthy vines using an approach similar to Friedel et al. [25]. The green ratio spectrum (lower) is the ratio of the average spectra extracted from UAS hyperspectral imagery of the ten-lowest and ten-highest nitrogen content vines. The blue ratio spectrum (upper) is the equivalent gathered with a handheld SVC field spectroradiometer using a leaf clip. Vertical lines mark the wavelengths selected by the ensemble and PLSR methods from the UAS data separated from each other for clarity.



While the handheld spectra were limited to just two leaf spectra per vine, they have considerably improved radiometric properties, because the leaf clip uses its own standard light source and internal calibration target. If the spectra of the healthy and nitrogen-deficient vines were equivalent, the ratio spectrum would be a horizontal line with a value of 1 at all wavelengths. However, there were distinct differences between the average healthy and nitrogen-deficient spectra, expressed as deviations from 1, in their ratio spectrum. This is well-represented in the handheld ratio spectrum but less clear for the UAS-derived ratio spectrum, which was attributed to slight differences in the illumination conditions during the UAS flight lines over the healthy and nitrogen-deficient vines and the calibration panels (more on this in Section 4.5). Nevertheless, both ratio spectra shared a similar overall trend and indicated relative increases in the reflectance for the nitrogen-deficient vines from 500 to 675 nm and at 700 nm.



The overall increase in reflectance at the mid-visible wavelengths was attributed to reduced chlorophyll absorption. In particular, the reduced absorption is centered at green–yellow wavelengths, and blue absorption is less diminished by a low N content than red absorption, similar to the findings of Moghimi et al. [38] and Rustioni et al. [34]. This can be explained by a relative stability or increase of carotenoids and greater decrease in chlorophyll b compared to chlorophyll a [34]. Another result of a low N concentration is the known shift in the red-edge position to shorter wavelengths associated with the decline in chlorophyll absorption [63].




4.4. Overall Wavelength Selection Spectral Regions


The frequency of the spectral regions selected for the six nutrient models suggests that the visible spectrum may be most informative for quantifying grapevine nutrient deficiency during veraison. This is consistent with Rustioni et al. [34], who found that iron, magnesium, nitrogen, and potassium deficiencies all exhibited chlorotic symptoms in the grapevine canopy. The only physiological associations identified between the selected spectral bands and nutrients beyond nitrogen were with an abundance of bands in the visible and red edge. The wavelengths around 700 nm (red edge) and those from 530 to 680 nm (green to red) are generally associated with stress-induced chlorophyll deficiency [64] and can be due to a variety of nutrient deficiencies (N, P, K, Ca, Mg, and B) [34,39,65]. This is illustrated by the high frequency of the band selections in the visible region of the spectrum in Figure 4 and the specific bands noted in Table A1. In fact, much of the nutrient content was correlated among the samples, as shown in the heatmap in Figure 6. In particular, N, P, K, and B were mutually correlated and distinct from correlated Ca and Mg, similar to the findings of Gil-Pérez et al. [58] in airborne vineyard imagery. This emphasizes the reality of a mixed spectral response due to multiple potential nutrient deficiencies. However, the peaks in the selected wavelength histogram (Figure 4) did occur outside of the typical bandwidths of a five-band VNIR multispectral camera. This suggests that a multispectral system with fewer than 10 bands could potentially be better optimized for individual nutrient monitoring once the signals from individual nutrients are isolated in a larger dataset.



While many bands were selected in the SWIR range, these bands will be highly variable due to the differences in water stress and imperfect atmospheric compensation. The higher frequency of selected bands near the edges of the removed spectral bands is particularly worrisome. In multiple linear regression models with limited samples, these particularly variable bands may slightly improve the regression by chance while not actually being related to the target nutrient. Some studies of nitrogen contents using hyperspectral data obtained with handheld spectrometers have demonstrated improvements with nitrogen-related SWIR bands [66,67]. However, SWIR bands may be impractical and cost-prohibitive to the development of a multispectral sensing UAS solution for the grapevine nutrient status, given the need for more expensive detector materials and even cooling requirements [23].




4.5. Future Research and Potential Improvments


A major potential improvement to achieving optimized spectral models from hyperspectral imagery is the implementation of a hyperspectral downwelling light sensor. The current practice for radiometric correction is to use field-deployed calibration panels with well-characterized spectral properties as a reference in UAS imagery. The calibration panels cannot be present every moment the push-broom spectrometer is traversing the vineyard, so any variation in the illumination conditions that occurs between visits to the panels results in a radiometric correction error. Unfortunately, the best that can be done to mitigate this error is to manually choose the panel spectra most closely representing the conditions present during each swath of imagery when applying the empirical line method. A downwelling light sensor that obtains spectral data of the sky both spatially and temporally coincident with the imaging spectrometer is an ideal solution to mitigate this issue and improve UAS spectral imagery acquisition.



Future investigations should consider the impact of flight altitude on vineyard nutrition monitoring. The current experiment was designed to achieve an optimal GSD (~3 cm) and spatial coverage (one acre) within a flight time of about 15 min by using an oversized UAS payload designed for a variety of scientific endeavors. However, typical sUAS multispectral sensor platforms likely need to fly higher and cover more area (possibly several acres per hour) than the UAS used in this study to be practical. Once the optimal wavelengths are consistently identified, constraints on the required GSD (having sensor dependence on the altitude) should be explored.



Furthermore, rather than identifying bands that are most correlated with each nutrient, as these may be correlated with a number of nutrients, it may prove more effective to consider bands or indices that more effectively distinguish between and classify individual nutrient deficiencies. This strategy was recently explored by Debnath et al. [65] to classify deficiencies in grapevine leaves using the hyperspectral imaging of individual leaves in a lab. Future investigations might also benefit from using one of the consistently selected bands found here to normalize the input spectra and conduct feature selection from the resulting normalized band ratio spectra.



Future studies should continue to explore the consistency of SWIR band selections and their importance to grapevine leaf nutrients. However, the performance of VNIR-only band selection should be compared against combined VNIR and SWIR results [22,67]. If the SWIR bands provide inconsistent results and limited improvement, a VNIR system may be more practical, given its reliance on affordable silicon (Si) as a ubiquitous detector material.



Further investigation is also required to better characterize the relationship between grapevine leaf nutrients and the spectral response, particularly for nutrients beyond nitrogen. These relationships should be established at both the leaf level, using handheld spectrometer data with a leaf clip, and the canopy level, using UAS spectral imagery. Canopy-level spectra are more complex due to the structural trait impacts, atmosphere, soil, and non-leaf plant parts influencing the spectral response [68]. Nutrients that produce weaker spectral responses may be found in the leaf-scale spectra but are more difficult or impractical for identification at the canopy scale [16,69]. While a dried nutrient sample lab analysis is currently the standard practice guiding vineyard management [39], future investigations might consider alternative methods to sample nutrient data in situ to provide more consistent comparisons with remote sensing imagery. Regardless, this work and additional studies will provide useful benchmarks for comparisons and for reaching the goal of identifying consistent wavelengths for nutrient-specific management protocols and sensors.





5. Conclusions


The results of this Concord vineyard study showed that ensemble feature selection can identify wavelengths providing comparable prediction accuracy to PLSR feature selection for predicting key micro- and macronutrients in vineyard management. Many of the selected wavelengths for the grapevine leaf nitrogen content were consistent with the known absorption features related to nitrogen. These included well-known associations in the VNIR range related to the chlorophyll concentration, as well as SWIR bands related to nitrogen absorption in proteins. However, the regression model correlations for all the modeled nutrients were relatively low (LOOCV R2 < 0.50), thus indicating that a much larger dataset or alternative method is necessary to isolate the spectral response contributed by individual nutrients. Due to the correlations among individual nutrients and an overall common chlorotic spectral response, little can safely be speculated about the other nutrients (P, K, Ca, Mg, and B) based on their individual band selections. Further testing of the ensemble method with new datasets is needed to confirm the spatial and temporal consistencies of the wavelength selections and determine if there is improved model generalization and performance compared to PLSR. We concluded that the multicollinearity threshold and ensemble feature ranking approaches are promising methods that should be added to spectral preprocessing procedures to dramatically reduce the number of features for initial regression modeling. These methods should be explored further with new datasets to refine the informative bands for grapevine nutrient monitoring with optimized UAS multispectral sensing. This approach in general bodes well for the transition from research-grade hyperspectral imaging to the more affordable, operational use of multispectral sensing for precision agriculture in vineyard management. Regardless, the nitrogen-optimized bands selected here from hyperspectral imagery did not definitively outperform other studies using the standard multispectral imagery [38,60]. In fact, multispectral imagery may prove sufficient for nutrient assessments with more extensive study, allowing for a more readily available stream of data for nutrient quantification in vineyards.
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Appendix A


Figure A1 summarizes the steps in the methods from data collection to the final model selection.
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Figure A1. A flowchart of the steps used in the Methods section, from data collection to data analysis. 






Figure A1. A flowchart of the steps used in the Methods section, from data collection to data analysis.



[image: Remotesensing 13 04489 g0a1]





Table A1 shows a compilation of the selected wavelengths for each nutrient model. The wavelengths in bold were selected using both methods.
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Table A1. List of the selected wavelengths for all the nutrient models.
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	Nutrient
	#W a
	Ensemble b

Wavelengths (nm)
	PLSR b

Wavelengths (nm)





	N
	5 (10)
	526, 606, 641, 1168, 1494
	574, 606, 641, 677, 958, 1168, 1494, 2030, 2058, 2173



	P
	7, (9)
	677, 695, 730, 750, 879, 967, 2269
	517, 548, 677, 967, 1302, 1494, 2030, 2231, 2269



	K
	5, (10)
	730, 967, 1120, 1312, 2058
	519, 528, 552, 590, 672, 695, 967, 1513, 1762, 2058



	Ca
	9, (7)
	514, 661, 757, 772, 967, 1005, 1302, 2049, 2269
	514, 523, 661, 1005, 1494, 2049, 2269



	Mg
	7, (10)
	514, 603, 643, 668, 692, 996, 2125
	514, 523, 697, 704, 958, 996, 1790, 2058, 2125, 2269



	B
	8, (10)
	548, 719, 730, 764, 822, 977, 2231, 2269
	474, 519, 548, 695, 719, 730, 764, 822, 977, 2144







a Number of wavelengths listed as: # Ensemble, (# PLSR). b Wavelengths selected with both methods are in bold.
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Figure 1. MicaSense Rededge-M 5-band reference imagery (RGB channels shown; see Section 2.2) of the 1-acre Concord grapevine vineyard block located at CLEREL in Portland, NY, USA. The imagery was taken on 6 September 2021 at 10:55 a.m. EST. The 100 vine sampling locations are marked with red squares (2.5 m × 3.0 m). 
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Figure 2. Results of each masking of the grapevine canopy steps, including the threshold masks of multiple vegetation indices, a spectral angle mapper canopy classification mask, and a morphological erosion of the multiplied masks. For the VNIR imagery, the NDVI and EGI were used, and for SWIR, the NDNI was used for the vegetation mask thresholds (NDVI > 0.812, EGI > 0.0613, and NDNI > 0.175, respectively). In each case, the threshold value was quantitatively determined from a vegetation index pixel histogram. The final masks were used to extract the mean canopy spectra of each grapevine in the sample. 
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Figure 3. Average grapevine spectrum with the optimal wavelengths for nitrogen content prediction found using the ensemble (5 orange circles) and PLSR (10 magenta triangles) feature selection methods. The PLSR points are plotted on a spectrum shifted upward to differentiate between the wavelengths selected by the two methods. The location of the MicaSense RedEdge multispectral sensor blue, green, red, red-edge (brown), and near-infrared (gray) bands are noted in the VNIR for the context of a typical multispectral camera used in precision agriculture. 
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Figure 4. Frequency of the selected wavelengths from all the nutrient ensemble (orange hatch) and PLSR (magenta) models. An average grapevine spectrum is shown in green for interpretation of the relevant spectral regions. The location of the MicaSense blue, green, red, red-edge (brown), and near-infrared (gray) bands are noted in the VNIR for context. 
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Figure 5. Ratio of the mean spectra from the 10-lowest and 10-highest N-content grapevines. The green ratio spectrum is from the UAS imagery, and the blue (upper) is from the SVC handheld leaf clip spectra obtained from two sample leaves per vine. The vertical lines mark the locations of wavelengths selected from the UAS data for the ensemble (purple solid) and PLSR (orange dashed) methods. 
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Figure 6. Correlations between individual nutrients in the grapevine leaf samples are shown as a heatmap, with values for Pearson’s correlation, R. There are two primary groups of mutually correlated nutrients: N–P–K–B and Ca–Mg. 
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Table 1. Grapevine leaf nutrient LOOCV, adjusted R2, and RMSE for the ensemble and PLSR methods.
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Method:

	
Ensemble

	
PLSR




	
Nutrient

	
IMT a

	
# W b

	
      R  2     

	
     RMSE     c     

	
# W b

	
      R  2     

	
     RMSE     c     






	
N (%)

	
27

	
5

	
0.44

	
0.17

	
10

	
0.45

	
0.17




	
P (%)

	
26

	
7

	
0.34

	
0.02

	
9

	
0.51

	
0.02




	
K (%)

	
24

	
5

	
0.26

	
0.13

	
10

	
0.42

	
0.12




	
Ca (%)

	
25

	
9

	
0.33

	
0.19

	
7

	
0.38

	
0.18




	
Mg (%)

	
26

	
7

	
0.23

	
0.05

	
10

	
0.27

	
0.04




	
B (mg/kg)

	
25

	
8

	
0.46

	
3.08

	
10

	
0.46

	
3.08








a Number of wavelengths remaining after IMT—initial multicollinearity threshold. b #W—number of selected wavelengths. c Note: The RMSE units differ for macro and micronutrients; see the leftmost Nutrient column.
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Table 2. Selected wavelengths for nitrogen and the known nearby absorption features.
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	Selected (nm)
	Method
	Absorption (nm)
	Chemical
	Behavior a





	-
	-
	430
	Chlorophyll a
	Electron transition



	-
	-
	460
	Chlorophyll b
	Electron transition



	526
	Ensemble
	-
	-
	-



	574
	PLSR
	-
	-
	-



	606
	Both
	-
	-
	-



	641
	Both
	640
	Chlorophyll b
	Electron transition



	677
	PLSR
	660
	Chlorophyll a
	Electron transition



	958
	PLSR
	970
	Water
	O-H bend, 1st overtone



	1168
	Both
	-
	-
	-



	1494
	Both
	1510
	Protein, nitrogen
	N-H stretch, 1st overtone



	2030
	PLSR
	-
	-
	-



	2058
	PLSR
	2060
	Protein, nitrogen
	N=H bend, 2nd overtone/N=H bend/N-H stretch



	2173
	PLSR
	2180
	Protein, nitrogen
	N-H bend, 2nd overtone/C-H stretch/C-O stretch/C=O stretch/C-N stretch







a Absorption features related to foliar chemical concentrations identified by Curran [32].
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