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Abstract

:

The characterization of vineyard soil is a key issue for crop management, which directly affects the quality and yield of grapes. However, traditional laboratory analysis of soil properties is tedious and both time and cost consuming, which is not suitable for precision viticulture. For this reason, a fast and convenient soil characterization technique is needed for soil quality assessment and precision soil management. Here, spectroscopy appears as a suitable alternative to assist laboratory analysis. This work focuses on estimating soil properties by spectroscopy. Our study was carried out using 96 soil samples collected from three vineyards in Rias Baixas Designation of Origen (Galicia, Spain). The soils that were characterized include nitrogen (N), organic matter (OM) and clay content (Clay). The presented work compared two regression techniques (partial least squares (PLSR) and random forest (RF)) and four spectral ranges: visible—VIS (350–700 nm), near infrared—NIR (701–1000 nm), short wave infrared—SWIR (1001–2500 nm) and VIS-NIR-SWIR (350–2500 nm) in order to identify the more suitable prediction models. Moreover, the effect of pre-treatments in reflectance data (smoothing Svitzky–Golay, SG, baseline normalization, BN, first derivative, FD, standard normal variate, SNV, logarithm of 1/reflectance or spectroscopy (SP) and detrending, SNV-D) was evaluated. Finally, continuous maps of the soil properties were created based on estimated values of regression models. Our results identified PLSR as the best regression technique, with less computation time than RF. The data improved after applying transformation in reflectance data, with the best results from spectroscopy pre-treatment (logarithm of 1/Reflectance). PLSR performances have obtained determination coefficients (R2) of 0.69, 0.73 and 0.52 for nitrogen, organic matter, and clay, respectively, with acceptable accuracy (RMSE: 0.03, 1.06 and 2.90 %) in a short time. Furthermore, the mapping of soil vineyards generates information of high interest for the precision viticulture management, as well as a comparison between the methodologies used.
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1. Introduction


The soil properties in a vineyard are a key factor to consider for practicing precision viticulture, which directly influences the development of the plants, as well as the production, which implies more friendly and sustainable practices in a modern viticulture [1].



Organic matter (OM) and nitrogen (N) play substantial roles in soil chemical, physical and biological processes. They are also a good indicator of fertility, productivity and nutrient availability [2]. Maintaining soil fertility is the basis of all forms of sustainable soil use and requires preservation of OM, physical properties and nutrient levels. In most cases, the leading factor involved in soil fertility is nutrient status.



Acidic soils (Galicia, Spain) generally imply a high OM content in the soil [3]. The variability and change in the soil characteristics in the vineyards have a direct impact on plant development, as well as on the wine characteristics, influenced by the different soil properties that the vineyard may present [4].



Thus, in order to characterize its spatial variability, it is essential to collect and analyze a large number of samples, which is time consuming and expensive using traditional soil analysis methods [5]. Therefore, it is necessary to find a cost-effective approach that is suitable and reliable to estimate the spatial distribution of soil nutrients in the vineyard. Advances of soil spectroscopy have a significant impact in many soil science fields; for instance, quantitative spectroscopy is being used in the evaluation and monitoring of soil quality, and soil function, soil fertility, soil degradation, soil mapping, classification and soil contamination are nowadays examined using hyperspectral remote sensing, enlarging the soil spectroscopy into a spatial domain [6]. In recent decades, numerous studies have used Digital Soil Map (DSM) approaches to predict the spatial distribution of soil classes or properties that help the winegrower to visualize the heterogeneity of their vineyard to apply precision viticulture that allows them to improve the vineyard management [7]. However, to be more efficient, spectroscopy has the potential to provide inexpensive, fast and robust quantitative characterization of the different physicochemical properties [8].



Spectral information is obtained from the energy reflected as the interaction with the constituents of the object. This energy results from the interaction of four factors: organic matter content, soil moisture, minerals and texture [9]. Spectral data are usually pre-processed through approaches to accentuate features and remove signal noise [10]. The soil spectra that are processed facilitate identification, and the accuracy of mineral soil prediction is greatly improved through the use of various pre-processing methods. Previous studies have used pre-processing methods for spectra analysis and their relations with soil properties [11].



Several studies have focused on measuring soil properties using spectroscopy methodology, analyzing the effect of the spectra reflectance affected by soil properties [12] or using the reflectance to predict total organic C, N and moisture content [13]. Other authors focused on the reflectance spectrum in the VIS-NIR-SWIR regions in the mechanism of soil–radiation interactions [14] or to obtain a polynomial function to characterize the organic matter content between 400 and 1600 nm [15]. Other applications are the study of different spectral patterns between 400 and 2500 nm to determine organic matter, iron, silt, sand and clay content [16] and to determine the spectral information that can be used for soil classification because they present statistically significant differences between spectral profiles [17]. Similar studies have been carried out; however, the analysis of this application on the cultivation of the vineyard, in a wine-growing area such as the study, in which there are not data at the intra-plot level, is studied in this work in a methodological way to obtain the flowchart to apply in subsequent studies [18].



The main goal of this study is to establish a flowchart for the treatment of spectral data, which allows us to obtain a good methodology that allows for the use of spectroscopy as an efficient method for the estimation of soil properties, as well as to generate maps of the variability of the soil properties, which allow the winegrowers to apply effective precision viticulture.




2. Materials and Methods


2.1. Description of the Study Areas


The study was conducted in three different locations/plots (Northwest of Spain, Figure 1), within the ‘Rías Baixas’ Designation of Origin (DO): (A) Lobeira (42°34′7.47″N, 8°45′17.37″W; 119 m.a.s.l.; 7.98 ha); (B) Monteveiga (42°45′6″N, 8°28′10″W; 131 m.a.s.l.; 12.04 ha); (C) Ribadulla vineyards (42°46′13″N, 8°24′40″W; 66 m.a.s.l.; 9.36 ha). the three vineyards were planted in 2004, with Vitis vinifera cv. ‘Albariño’ and a 2.50 × 3 m vine by row spacing.



The trellis system consisted of a thumb rod trained for vertical shoot positioning; the rootstock was 110 Ritcher, and the vineyards utilize drip irrigation throughout the cultivated areas. The soil at this site is developed upon granite bedrocks and is classified as an Anthrosol (IUSS Working Group WRB, 2015, n.d.). The geography of Rias Baixas includes a set of heterogeneous inlets that are considered according to the hydrodynamic and sedimentological characteristics, which are grouped according to the wine sub-zone that shares geographic characteristics. In this case, two of the vineyards are located under the ‘Ribeira do Ulla’ sub-zone (Monteveiga and Ribadulla), with a main geological class being migmatite (metamorphic boulder), and the Lobeira plot is located under the ´Val do Salnés´ subzone, in which the granodiorite boulder predominates. The geological characteristics of each vineyard are different and can be visualized using IGME maps (IGME. Geological and Mining Institute of Spain. Web Site, n.d.).
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Figure 1. Study area locations—Galicia (Spain): (A) Lobeira (Vilagarcía de Arousa), (B) Monteveiga (Vedra) and (C) Ribadulla (Vedra). Soil sampling points are shown as red points. 
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2.2. Soil Sampling and Laboratory Analysis


A total of 96 soil samples were collected from the three plots, 32 samples per vineyard. At each site, samples were taken from the surface horizon (0–40 cm depth) in a regular grid (separated by 30 × 30 m) in the month of June 2020 (Figure 1). The same number and samples were used for the classical laboratory analysis and for the spectroscopy analysis. A GNSS-RTK receiver (Hi-Target V200, Guangzhou, China) was used to georeference the measurement points.



The samples collected were oven dried (60 °C) and sieved at 2.00 mm to separate the fine soil fraction, the physical–chemical analysis were determined according to standard methods [19]. The soil properties analyzed in this case were as follows: clay content, of interest in terms of the water retention [20], and N and OM content, fundamental parameters in terms of the vineyard fertility, which directly affect the nutrition of the plants and therefore their vegetative development and production [21].



Laboratory analyses were carried out for clay content based on the method from [22]. Total organic carbon (C) and nitrogen (N) contents were measured with an elemental analyzer (TruSpec-CHNS, LECO Corporation, St. Joseph, MI, USA). Organic matter (OM) was computed from the carbon content [23] using Equation (1).


   OM     %  =  C     %  × 1.724    



(1)








2.3. Spectral Data Acquisition and Pre-Processing


The spectral reflectance of the soil samples was measured under laboratory conditions using a portable spectroradiometer, ASD FieldSpec®4 Standard-Res (Analytical Spectral Devices, Inc., Boulder, CO, USA). This equipment captures radiance or reflectance values from 350 nm to 2500 nm (spectral resolution of 10 nm) and collects light passively with a fiber optic cable.



To manage the process of reflectance measurements, the RMS3TM v.6.3.0 software (Boulder, CO, USA) was used. The protocol for capturing reflectance was the following: (1) system optimization, (2) sensor calibration by the white panel (Spectralon®, North Sutton, NH, USA) and (3) spectral signature measurement of each soil sample. Three reflectance values were taken at three different positions of the sample in order to obtain a more representative spectral signature of each soil sample.



The raw spectral data were processed: first, averages of the three measurements were calculated for each soil sample; second, an exploratory statistical analysis was carried out to detect possible outliers (any anomalous signature was detected). Then, pre-processing techniques were applied in order to reduce noise or unwanted signal artifacts and to highlight the spectral features related to the studied soil properties [24].



The pre-processing consisted of applying the transformation to raw spectral data. We applied six transformations: signal smoothing by Savitzky-Golay (SG), baseline normalization (BN), first derivative (FD), standard normal variate (SNV), logarithm of 1/reflectance or spectroscopy (SP) and standard normal variate and detrending (SNV-D). All selected transformations are frequently used and defined in the literature [11] and were applied to try to improve the subsequent exploratory analysis and classification and calibration models [25]. Transformations were calculated using the software Unscrambler® X 11 (CAMO Software Inc., Woodbridge, Norway), whose calculation procedures are detailed in [26].



Finally, four different spectral subsets were defined regarding the wavelength ranges used as prediction variables: VIS: (350–700 nm), NIR: (701–1000 nm), SWIR: (1000–2500 nm) and full range: (350–2500 nm).




2.4. Prediction Models


To predict the soil data, several techniques were developed in the study. Figure 2 includes the flow chart with the process followed from soil samples performing the classic laboratory analyses and spectroscopy measurements, in which different pretreatments have been studied to finally map the results comparing both methods, which is explained in detail in the following sections.



2.4.1. Regression Analysis: Calibration and Validation


The soil properties (predicted variables) were estimated from the spectral data (predictor variables) by partial least square regression (PLSR) and random forest (RF). For both regression techniques, several models were fitted using the four spectral subsets of raw and transformed reflectance. These transformations were carried out in order to compare and identify which was more suitable for predictions of soil properties (Figure 2).



Two subsets of soil were randomly defined with an equal distribution between the three study fields: one for training (n = 63; 21 samples per plot) and the other one for validation (n = 33; 11 samples per plot).




2.4.2. Partial Least-Squares Regression (PLSR)


PLSR is a widespread modeling technique used in chemometrics and is commonly used for quantitative spectral analysis. The PLSR algorithm selects successive orthogonal factors that maximize the covariance between predictors and response variables [27]. The CV (cross-validation) method is often preferred to assess PLSR models for datasets with fewer than 50 samples [28,29,30]; however, we validated the calibrated models using an independent dataset. All PLSR analyses were performed using the Unscrambler® v. 11 (CAMO Analytics AS, Oslo, Norway).




2.4.3. Random Forest (RF)


Random forest (RF) is a nonparametric and ensemble model based on a regression tree algorithm [31]. The total results of all single trees are gathered to build a singular prediction. Parameters of the final model are selected by voting or averaging the value of the parameter in all calculated models [32]. In addition, RF is capable of ranking variables according to their relative importance for prediction based on the regression prediction error. The number of trees and the number of variables used at each split when building the tree are the most important parameters to tune in RF models [33].



In this study, the RF model was calculated using the R package “RandomForest” to assess the performance of the models with the same spectral data [34]. RF has been applied as a regression technique here. We used two approaches: the first approach (RF) was to apply the random forest method to the reflectance data and the transformed reflectance; the second approach (PC-RF) was to apply the principal components method (using four principal components), and on these principal components we used the method of random forest.




2.4.4. Statistics Estimating Model Performance


The performance of the models was evaluated using the following indicators to determine predictive qualities: the coefficient of determination (R2), the root-mean-square error (RMSE), the standard error of prediction (SEP), the residual prediction deviation (RPD) and the number of PLS factors [35]. Our criteria to select the best prediction models were highest R2, lowest standard error (SEP) and highest RPD.



R2 (Equation (2)) was used to assess the precision of the models:


   R 2  = 1 −   ∑      Y i    −     Y ′  i     2    ∑      Y i    −    Y ′     2     



(2)







The RMSE and SEP were used to reflect the inaccuracy of the prediction models (Equations (3) and (4), respectively).


  RMSE =    1 n  ∑      Y i    −     Y ′  i     2       



(3)






  SEP =     ∑       Y i    −      Y ′  i     2    n − 1      



(4)




where n is the number of samples, Yi is the observed value for the sample and Y′i is the predicted value for the sample.



RPD (Equation (4)) was calculated to assess the predictive ability of the VIS-NIR-SWIR prediction models.


  RPD =   SD   RMSE    



(5)




where SD is the standard deviation of the variable’s reference values.



While RMSE and SEP use the same measurement units as the variable, the R2 and RPD values are dimensionless so that they can be compared similarly between models for different properties. Higher values for the RPD indicate more accurate models. The RMSE should be lower than the SD, and the RPD should ideally be four or higher. The number of PLS factors is an indicator of the potential effectiveness of the calibration. In practice, most successful PLSR calibration equations indicate no more than six to eight factors. If the system uses 12–15 factors, this usually indicates some uncertainty in the computation [36].





2.5. Mapping for Soil Characterization


Characterization of vineyards soils from data captured by spectroscopy techniques is a very useful tool for vineyard management, which allows for the analysis of the state and of the behavior of the vineyard [37].



Mapping has been carried out by thin-plate splines (TPS) (Figure 2), also referred to as “minimum curvature” [38], which are implemented in the R “fields” package [39]; this is a quick way to see the distribution of a variable in space as a surface with an empirical method that adjusts locally to the data. In this method, there is no internal measure of prediction error, which is because there is no knowledge of the target variable’s spatial structure, which is fitting a surface (as in the trend surface) but adjusting to local observations. This method is not “geostatistical” in the sense that there is no assumed model, other than the requirement that the fitted surface be in some sense “smooth”. It fits a regional trend with local variations from the trend dependent on the observations [40].



The general method is to minimize the residual sum of squares (RSS) of the fitted function, subject to a constraint that the function be “smooth” in some sense; this is expressed by a roughness penalty or smoothing parameter (λ), which balances the fit to the observations with smoothness. This parameter was fitted by Generalized Cross-Validation (GCV) with the “fields” packages in R.



Previous studies in spectroscopy methodology allowed for mapping the plots with the variables of interest, which provides the farmer with information of high interest, to visualize the effects of fertilization and the performance of a precise agriculture by applying nutrients according to the needs required for the vineyards [41,42].



In this case, maps have been made in relation to the contents of the studied elements (N, OM and clay) in three ways: (1) using the complete dataset from laboratory analysis (32 data points per plot), (2) using the dataset estimated by PLSR with spectroscopy transformation (21 per plot, calibration data) and (3) difference of the estimation in both methodologies.





3. Results and Discussion


The basic statistics of the variables show, in global terms, that the Ribadulla plot had the lowest values of N and OM, but the highest average clay content. Conversely, Monteveiga plots obtained the highest values of N and OM, with Lobeira in an intermediate position. The results show a wide range of data for the three variables studied, with a low standard deviation (Table 1).



3.1. Spectral Signatures and Main Variables


The methodology used in the present work allowed for us to capture the spectral signatures of the 96 samples from the three plots under study (Figure 3).



The spectra of all the soils were similar, with minor features in the visible and near-infrared ranges of the spectrum. Due to the broad and overlapping bands, VIS-NIR spectra contained fewer absorption than the SWIR range, which can be more difficult to interpret [43]. According to the literature, these wavelengths are where the concentrations of elements in the soil are located [44]. In the same way as [45], the spectra showed absorption bands at wavelengths between 1400 and 2500 nm, related to the chemical bonds of the soil elements.



From the set of variables studied, the elements N, OM and clay presented the best relationships with the full wavelength reflectance (with R2 values greater than 0.5 in all of the methodologies studied).
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Figure 3. Spectral signatures of the 96 analyzed soil samples (spectral signature), and average spectral signatures of Lobeira (Mean Lo), Monteveiga (Mean Mo) and Ribadulla (Mean Ri). 
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3.2. Partial Least-Squares Regression (PLSR) and Random Forest (RF) Analysis


The results obtained from the processing of the variables (N, OM and clay), show how, in the methodologies used, the correlations depend on the data processing technique. Results using all the spectral ranges for RF demonstrated that models based on raw data improved determination coefficients (R2) and reduced the estimation errors (RMSE) in comparison with the principal components models, despite having a higher computation time. For this reason, data without principal components were used (Table 2).



Table 3 shows the data obtained from the processing with PLSR and RF (applied to the reflectance data). Most of the best correlations were captured in the SWIR and NIR range, and the highest correlation observed was in the OM content (R2 = 0.84).



However, if we analyze the factors that define the models studied, a simpler model can be observed with the smallest errors between the predicted and observed values (RMSE), as well as typical validation error (SEP), RPD error and a reasonable number of factors. The calibration errors obtained are within the ranges that define robust prediction models, as well as RPD values (within the range 1.4–2.0), as established by the authors [46,47].



Other authors, who have studied the results obtained in the different wavelength ranges, obtain the best results when these are captured in the visible and near-infrared (VIS and NIR) range [48], as well as the study of soil properties with predictive variables that present a good correlation in the SWIR wavelength bands [49].



Regarding the methodology used for prediction of the soil variables, the PLSR was slightly higher in R2 than RF. Other studies compared the methodologies used with more calibration variables for soil parameters, such as in terms of exchangeable cations in precision agriculture, with the results in the data obtained with the PLSR adjustment models being better than using other methodologies [50].
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Table 3. Statistics of PLSR and RF regression models using the four spectral subsets as prediction variables.
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PLSR

	
RF






	

	
Nitrogen

	
Nitrogen




	

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
All r.

	
0.53

	
0.04

	
0.04

	
1.64

	
3

	
0.57

	
0.04

	
0.04

	
1.49




	
VIS

	
0.53

	
0.04

	
0.04

	
1.64

	
1

	
0.61

	
0.04

	
0.04

	
1.58




	
NIR

	
0.50

	
0.04

	
0.04

	
1.67

	
1

	
0.53

	
0.04

	
0.04

	
1.41




	
SWIR

	
0.53

	
0.04

	
0.04

	
1.64

	
4

	
0.43

	
0.05

	
0.05

	
1.27




	

	
Organic matter

	
Organic matter




	

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMS

	
SEP

	
RPD




	
All r.

	
0.61

	
1.29

	
1.28

	
1.62

	
4

	
0.68

	
1.18

	
1.20

	
1.74




	
VIS

	
0.57

	
1.35

	
1.36

	
1.66

	
1

	
0.68

	
1.16

	
1.18

	
1.77




	
NIR

	
0.84

	
0.79

	
0.80

	
1.39

	
6

	
0.57

	
1.36

	
1.38

	
1.51




	
SWIR

	
0.65

	
1.22

	
1.22

	
1.59

	
7

	
0.53

	
1.44

	
1.46

	
1.43




	

	
Clay

	
Clay




	

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
All r.

	
0.68

	
2.34

	
2.31

	
1.55

	
7

	
0.50

	
2.91

	
2.95

	
1.41




	
VIS

	
0.37

	
3.34

	
3.31

	
1.79

	
3

	
0.51

	
3.01

	
3.06

	
1.36




	
NIR

	
0.67

	
2.34

	
2.33

	
1.55

	
5

	
0.56

	
2.70

	
2.74

	
1.51




	
SWIR

	
0.68

	
2.33

	
2.35

	
1.56

	
7

	
0.47

	
3.00

	
3.05

	
1.36








R2 (coefficient of determination); RMSE (root-mean-square error); SEP (standard error); SD (standard error of reference data); RPD (residual prediction deviation); F (Number of model factors). VIS: (350–700 nm), NIR: (701–1000 nm), SWIR: (1000–2500 nm) and All r.: (350–2500 nm).











One method used to evaluate the spectral response for a soil property is to study the relationship between wavelength and the weighted regression coefficients values of the soil property. In Figure 4, N content had similar responses, but the response of the clay content was unique. N is the main element in soil, where OM and N are highly correlated. In contrast, clay content had a unique response.



These same patterns are contrasted in the research by [51], in which the behavior of C and N in vineyard agroecosystems was studied, with spectral signatures similar to those obtained in Galician soils.
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Figure 4. Weighted regression coefficient distribution over the spectral range obtained from PLSR. Black dotted lines represent zero correlation and have an offset by 1.0 units for clarity of presentation. 
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3.3. Transformations


With the spectral pre-treatments defined, it was observed how the transformations that were carried out with signal smoothing (SG) maintain the R2 values but increase the number of factors used in the model. Baseline normalization (BN) maintains the range of values of R2 with a slight reduction in the value, improving the number of factors. The first derivative (FD) slightly lowers the value of R2, but it significantly reduces the number of factors. Standard normal variate (SNV) keeps the R2 values slightly lower and reduces the number of factors used. Finally, spectroscopy (SP) slightly increases the value of R2 and reduces the number of factors, being therefore the transformation and correction of data that provides the best results, improving the prediction model used, except for the clay (Table 4).



However, several authors [52,53,54] note the benefit of transforming spectra before further analyses and determined that PLRS is a powerful regression technique that uses the full spectral range and thus finds the necessary information in all kinds of spectra. RF is another good tool that improves the correlations according to the wave range that is analyzed.



Furthermore, authors that studied different spectral ranges [55] have determined that pre-treatment might emphasize the information in all spectral data, so transformations that enhance spectral features generally have little impact on the visible and beginning of the NIR region because absorption features in this region are very broad. In our case, most of the best correlations were determined in the SWIR and NIR range, with which the studied spectral pre-treatments were defined.



Authors such as [56] that study soil fertility also obtained good values with FD and SG transformations. However, the soil analyzed carried out in agricultural plots by [57] found that the SG and SNV transformations were the ones that best fit the results obtained from the spectral signatures of the soil samples.
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Table 4. Statistics of PLSR and RF regression models using the different transformations of spectral data as prediction variables. Transformations were applied to full spectral range (350–2500 nm).
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PLSR

	
RF






	
No transformation (NT)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.53

	
0.04

	
0.04

	
1.64

	
3

	
0.57

	
0.04

	
0.04

	
1.49




	
OM

	
0.66

	
1.29

	
1.28

	
1.62

	
4

	
0.68

	
1.18

	
1.20

	
1.74




	
Clay

	
0.68

	
2.34

	
2.31

	
1.55

	
7

	
0.50

	
2.91

	
2.95

	
1.41




	
Signal smoothing by Savitzky-Golay (SG)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.67

	
0.03

	
0.03

	
1.79

	
3

	
0.60

	
0.04

	
0.04

	
1.52




	
OM

	
0.70

	
1.12

	
1.13

	
1.82

	
3

	
0.68

	
1.18

	
1.19

	
1.75




	
Clay

	
0.49

	
2.99

	
3.01

	
1.39

	
3

	
0.50

	
2.92

	
2.96

	
1.40




	
Baseline normalization (BN)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.64

	
0.04

	
0.04

	
1.75

	
2

	
0.59

	
0.04

	
0.04

	
1.54




	
OM

	
0.69

	
1.15

	
1.15

	
1.79

	
2

	
0.62

	
1.29

	
1.31

	
1.59




	
Clay

	
0.47

	
3.04

	
3.05

	
1.37

	
6

	
0.39

	
3.38

	
3.43

	
1.21




	
First derivative (FD)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.62

	
0.04

	
0.04

	
1.70

	
1

	
0.53

	
0.04

	
0.04

	
1.44




	
OM

	
0.67

	
1.18

	
1.18

	
1.74

	
2

	
0.66

	
1.22

	
1.23

	
1.69




	
Clay

	
0.37

	
3.33

	
3.35

	
1.25

	
4

	
0.64

	
2.54

	
2.58

	
1.61




	
Standard normal variate (SNV)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.62

	
0.04

	
0.04

	
1.707

	
2

	
0.54

	
0.04

	
0.04

	
1.47




	
OM

	
0.68

	
1.15

	
1.16

	
1.784

	
3

	
0.61

	
1.30

	
1.32

	
1.58




	
Clay

	
0.44

	
3.14

	
3.16

	
1.333

	
4

	
0.43

	
3.11

	
3.16

	
1.31




	
Spectroscopy (SP)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.69

	
0.03

	
0.03

	
1.892

	
1

	
0.61

	
0.04

	
0.04

	
1.54




	
OM

	
0.73

	
1.06

	
1.06

	
1.938

	
3

	
0.69

	
1.16

	
1.18

	
1.77




	
Clay

	
0.52

	
2.90

	
2.91

	
1.444

	
3

	
0.52

	
2.85

	
2.90

	
1.43




	
Standard normal variate and detrending (SNV-D)




	
Variable

	
R2

	
RMSE

	
SEP

	
RPD

	
F

	
R2

	
RMSE

	
SEP

	
RPD




	
N

	
0.64

	
0.04

	
0.04

	
1.750

	
1

	
0.56

	
0.04

	
0.04

	
1.49




	
OM

	
0.70

	
1.13

	
1.13

	
1.821

	
2

	
0.62

	
1.28

	
1.30

	
1.61




	
Clay

	
0.39

	
3.26

	
3.28

	
1.283

	
7

	
0.54

	
2.93

	
2.98

	
1.39








R2 (coefficient of determination); RMSE (root-mean-square error); RPD (residual prediction deviation); F (number of model factors).











The relationship of the predicted and measured data shows how the pre-processed SP (spectroscopy transformation) adjusted the data obtained in the laboratory with data captured by spectroscopy (all data) that presented good relationships (N: 0.69, OM: 0.73 and Clay: 0.52, Figure 5). The relationships between predicted and observed values have also shown good results with similar methodologies in work that studied the characterization of soils in different areas and determined nutrient cotton plants [58].




3.4. Plot Mapping


The spatial variability of soil elements in the vineyard allows us to offer a visualization of their spatial distribution and the change in the content throughout the seasons as a useful technique for vineyard management using spectroscopy.



Soil mapping of the vineyards under study has allowed us to observe the heterogeneous distribution of soil properties in the plot, more irregularly in the Lobeira vineyard (Figure 6), following a similar pattern in Monteveiga and Ribadulla plots regarding N content. The Lobeira plot was the vineyard with the middle content of N and OM; however, it had low clay content. In the Monteveiga and Ribadulla plots, the lowest contents of the variables studied were found in the border areas of the plot. Additionally, the similarity between maps analyzed with the different methodologies (laboratory analysis and PLSR with SP transformation) can be observed, which shows a good result in terms of the methodology defined in this work (Figure 6).



Comparisons of soil characterization in both methodologies were contrasted with the maps, in which it can be observed how the values do not exceed 7 % between both methodologies (Figure 7).



The results obtained by [59,60] in mapping elements for the characterization of the soil (C, clay and pH), captured using spectroscopy techniques and analyzed with the PLSR method, have been able to zone subareas with great heterogeneity among them, with very high R2 values (0.92–0.93). The authors of [61] have also studied vineyards with differentiated subzones, with respect to the characterization of the vineyard soils, in this case, in relation with the topography parameters.
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Figure 6. Mapping of variables to study (OM, N and clay) in Lobeira (1), Monteveiga (2) and Ribadulla (3) obtained from laboratory analysis data (a) and spectroscopy data (PLSR and spectroscopy transformation data) (b). 
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Figure 7. Difference (%) in OM, N and clay content, from the comparison of laboratory analysis and spectroscopy data; (a) Lobeira, (b) Monteveiga and (c) Ribadulla. 
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4. Conclusions


The characterization of the vineyard soil is a key piece of information that can contribute to better soil management. The conventional technique of soil fertility evaluation based on laboratory analysis is both time and cost consuming, and, hence, it is not suitable for precision agriculture. Thus, spectroscopy provides a complementary tool for soil characterization that is more efficient.



The methodology used determined precise data in the full spectral range, which is necessary for carrying out pre-processing. PLSR methodology has long been the method that presents the best results for data processing, with spectroscopy transformation (SP) obtaining the best prediction values of N and OM. One of the applications of soil characterization by spectroscopy is the mapping of the analyzed variables, which allows us to observe the distribution and characterization of the plot to be taken into account for good precision agricultural management.



However, the research line defined in the present work remains open to replication, in which the analysis of a greater number of samples, as well as more areas under study, corroborates the conclusions obtained regarding acidic soils. This approach allows us to visualize a future technique in which the improvement of data collection and processing helps to optimize this methodology measurement to be made directly in the vineyard.
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Figure 2. Flowchart of the methodology used: random forest (RF) and partial least square regression (PLSR). 






Figure 2. Flowchart of the methodology used: random forest (RF) and partial least square regression (PLSR).



[image: Remotesensing 14 01326 g002]







[image: Remotesensing 14 01326 g005 550] 





Figure 5. Relationship between predicted and reference values with the best pre-processing transformation (spectroscopy transformation SP and PLSR methodology) (a) Nitrogen, (b) Organic matter and (c) Clay. 
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Table 1. Basic statistics for the soil samples data set (n = 96, 32 per plot). Results of laboratory analysis for N, OM and clay contents.
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N (%)

	
OM (%)

	
Clay (%)




	
Plot

	
Mean






	
Lobeira

	
0.20

	
4.28

	
21.01




	
Monteveiga

	
0.23

	
6.31

	
16.20




	
Ribadulla

	
0.13

	
2.57

	
22.94




	

	
Maximum




	
Lobeira

	
0.32

	
7.57

	
29.30




	
Monteveiga

	
0.39

	
11.05

	
19.53




	
Ribadulla

	
0.26

	
6.07

	
30.86




	

	
Minimum




	
Lobeira

	
0.11

	
2.07

	
15.51




	
Monteveiga

	
0.14

	
3.57

	
13.82




	
Ribadulla

	
0.06

	
1.01

	
15.58




	

	
Standard deviation




	
Lobeira

	
0.05

	
1.20

	
3.59




	
Monteveiga

	
0.06

	
1.62

	
1.48




	
Ribadulla

	
0.05

	
1.29

	
3.71
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Table 2. Statistics of random forest regressions using no transformed spectral data (RF) and calculating previously principal components (PC-RF).
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RF

	
PC-RF




	
R2

	
RMSE

	
R2

	
RMSE






	
N

	
0.57

	
0.04

	
0.49

	
0.04




	
OM

	
0.68

	
1.18

	
0.59

	
1.34




	
Clay

	
0.50

	
2.91

	
0.51

	
0.76








R2 (coefficient of determination); RMSE (root-mean-square error).
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