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Abstract:

 In this study, we develop a spectral method for assessment of pasture quality based only on the spectral information obtained with a small number of wavelengths. First, differences in spectral behavior were identified across the near infrared–shortwave infrared spectral range that were indicative of changes in chemical properties. Then, slopes across different spectral ranges were calculated and correlated with the changes in crude protein (CP), neutral detergent fiber (NDF) and metabolic energy concentration (MEC). Finally, partial least squares (PLS) regression analysis was applied to identify the optimal spectral ranges for accurate assessment of CP, NDF and MEC. Six spectral domains and a set of slope criteria for real-time evaluation of pasture quality were suggested. The evaluation of three level categories (low, medium, high) for these three parameters showed a success rate of: 73%–96% for CP, 72%–87% for NDF and 60%–85% for MEC. Moreover, only one spectral range, 1748–1764 nm, was needed to provide a good estimation of CP, NDF and MEC. Importantly, five of the six selected spectral regions were not affected by water absorbance. With some modifications, this rationale can be applied to further analyses of pasture quality from airborne sensors.
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1. Introduction

Rangelands play a socioeconomic role in semiarid zones as they support the economy and culture of pastoral societies [1]. Furthermore, rangelands are under constant threat of encroachment by humans, invasion by noxious plants, degradation and erosion processes and drought. Therefore, it is particularly crucial to monitor pasture quality in these regions.

The quality of plants consumed by livestock in pastures is an important factor for their productivity. The potential food’s quality is assessed by indicators, such as: crude protein (CP) concentration, cell-wall components (NDF—neutral detergent fiber and ADF—acid detergent fiber), digestibility, and metabolic energy concentration (MEC). The most widely accepted method for assessing these indicators is chemical analysis [2,3,4]. However, chemical measurements are relatively expensive and time-consuming.

Near infrared reflectance spectroscopy (NIRS) is a rapidly developing analytical technology that can provide information on the composition and properties of materials or manufactured products such as polymers, drugs, agricultural products and beverages (e.g., [5,6,7,8,9]). The constituents and properties of soils and/or sediments which have been analyzed by reflectance spectroscopy (in the laboratory or in situ) and by remote sensing, combined with multivariate calibration modeling include, for example: moisture, iron oxides, contents of organic and clay matter, organic C, N, P, S, K, Ca, aggregate size and soil crust [10,11,12,13,14,15,16,17,18,19]. The method is based on the interaction between electromagnetic radiation and matter. The energy that is absorbed or reflected from vegetation is wavelength-dependent and affected by chemical and physical chromophores. A chemical chromophore is a component or chemical group in a certain material that absorbs incident radiation at discrete energy levels by three mechanisms: (1) overtones of the fundamental vibration that occurs at 2500–10,000 nm; (2) combination bands of the fundamental vibrations and/or overtones; (3) absorbed radiation due to electronic transitions from the ground state to higher excited levels that usually occur at ultraviolet (UV) wavelengths but sometimes also in the near infrared (NIR) region (780–1100 nm) [11,20,21,22]. Physical chromophores affect the intensity of the radiation reflected from an object, and in plants, depend on leaf structure, angle and intensity of the incident radiation, color and moisture [23,24]. Vegetation is spectrally active throughout the visible (VIS)–near infrared (NIR)–shortwave infrared (SWIR) domain (400–2500 nm), but most of the absorption bands occur in the NIR–SWIR spectral region. For example: absorption of C–H bonds (910, 930, 1040, 1120, 1200, 1420, 1450, 1690, 1730, 1780, 2200, 2300 nm), N–H bonds (1020, 1470–1490, 1500, 1980, 2010–2060, 2180, 2300 nm) and O–H bonds (1200, 1400, 1450, 1490, 1500–1600, 1900, 2000, 2250 nm) [20,21,22,25].

Due to the enormous complexity of organic materials, the effect of a plant’s composition on its spectrum makes it difficult to identify the contribution of each component, i.e., to relate specific absorption bands to specific components (protein, cellulose, etc.). In fact, today, NIRS is combined with numerous statistical approaches to identify the chemical composition of plants [8,25,26]. Moreover, high-precision spectroscopic instruments are required, and the technique is dependent on laborious calibration procedures, complex choice of data treatment and lack of sensitivity for minor constituents [27]. Nevertheless, NIRS offers a number of important advantages over traditional chemical methods: it is a non-destructive and multi-analytical technique, i.e., several determinations can be made simultaneously.

While the use of NIRS in feed analysis has gained recognition because its level of accuracy, Landau et al. [8] suggested that the definition of measurement accuracy with respect to the quality of grazing animals’ diets is trickier because NIRS is calibrated against values that are also estimates, rather than directly measured. The selective behavior of small ruminants, which are often stocked in heterogeneous environments, makes reference values undependable for calibration. Hence, they concluded that the bottleneck in developing this process is the establishment of reliable data sets, with adequate variability, for calibration [8].

In arid zones it is challenging to monitor pasture quality in situ. Specifically, the vegetation in the northern Negev Desert in Israel reaches the minimum threshold biomass that is viable for livestock pasture (10 kg per acre) in mid-February–beginning of March, which is the time that herds are turned out to pasture (until the end of May). Due to the short grazing period and because the chemical analysis results are obtained three to four weeks after submission of the vegetation samples to the laboratory, results only become available at a later stage of the grazing season. It might thus be too late to allocate the pasture lands among shepherds based not only on biomass, but also on pasture quality estimation. Another problem is the wide range and dynamic variability of values for each chemical property (e.g., quality indicators such as protein, MEC, NDF, etc.) in each plant species, as well as for plant diversity and abundance. Furthermore, grassland and pastures have higher spatial and temporal heterogeneity than other areas due to the diversity of species, natural environmental conditions and management practices. As such, they pose a challenge for conventional multispectral remote-sensing technologies. Hyperspectral (HS) sensors can overcome issues of spatial and temporal variability and provide much more accurate estimates of pasture composition rapidly and non-destructively. In-situ measurements, although spatially restricted, allow direct and highly accurate field-data analyses, being a main ground-truth reference for airborne HS measurements. Therefore, combining both, HS and in-situ, is highly potential for research. In fact, several successful applications of the combination of airborne HS sensor and in-situ measurements to assess the chemical composition of pasture quality have been reported [28,29,30,31,32,33,34,35,36,37,38]. For example, Schellberg et al. [28] suggested that a sensor with high spectral and spatial resolution is a basic requirement for high-precision estimation of pasture quality. Pullanagari et al. [29,30] showed the ability of HS sensors to predict pasture quality parameters in research carried out on New Zealand dairy pastures. Sanches [31] and Mutanga and Skidmore [32,33] found relationships between nitrogen concentration and in-situ spectral reflectance of the vegetation. Pimstein et al. [34] found relationships between potassium and phosphorus concentrations and in-situ reflectance of the vegetation, while Mutanga et al. [35] identified relationships for these components as well as for calcium and magnesium concentrations. However, several studies have highlighted the problem of water interference with some biochemical and other parameters [29,31], which impacts the accuracy of the model estimates.

Therefore, the main objective of the present study was to develop a spectral method for the qualitative assessment of pastures based only on spectral information obtained from a small number of wavelengths. Such a method would enable evaluating the quality of various types of vegetation in pastures, as well as measure and analyze a large number of samples in a short time. We assumed that changes in the spectral structure would reflect changes in the vegetation’s composition, enabling use of the spectral slope as an indicator of qualitative information.



2. Materials and Methods


2.1. Study Area

The study area was Patish basin (31°22'N, 34°40'E), spanning an area of 230 km2. This is a semiarid region located in the northern Negev Desert of Israel. One of its main land uses is as a natural pasture; others include grazing on wheat fields after harvesting, bare loess soil plains and planted forest. The climate is mostly Mediterranean, with rainfall from November to April averaging 200–300 mm per year (The Israel Meteorological Service [39]) Average daily minimum winter temperatures are 6 °C–8 °C and average daily maximum summer temperatures are 32 °C–34 °C [38]. The area is hilly, with an average height of 200 m above sea level. The soil on the slopes is 1-m deep loess with a sandy loam texture, consisting of 14% clay, 27% silt and 59% sand (USA classification: Calcixerollic, Xerochrepts) on Eocene bedrock [40].

In these shrublands, the gentle slopes are characterized by a continuous matrix of flat soil surface covered with a biological soil crust consisting of bacteria, cyanobacteria, algae, moss and lichen [41]. This crusted intershrub matrix is interspersed with patches associated with shrubs and other large perennials. The natural vegetation includes woody shrubs (<1 m high) and annuals. The dominant perennial species in the research area are the shrubs Atractylis serratuloides (Asteraceae), Noaea mucronata (Chenopodiaceae) and Thymelaea hirsute (Thymelaeaceae), and the geophyte Asphodelus ramosus (Liliaceae). The main annual species are Reboudia pinnata (Brassicaceae), Avena sativa (Poaceae), Stipa capensis (Poaceae) and Hordeum glaucum (Poaceae) [42]. The Patish basin site is moderately grazed by Bedouin-owned herds of Awasi sheep. The grazing season is from mid-February to mid-May, when the annuals are at their peak of growth, to mid-spring (March–April) when they are subjected to dry conditions [43].



2.2. In-Situ Sample Collection and Spectral Measurements

Chemical and spectral data for the vegetation samples from the pasture area were obtained from the Agricultural Research Organization (ARO) archives at the Volcani Center, Israel (courtesy of Dr. Serge Yan Landau). The samples had been collected during the grazing season in the years 2002–2011 from the natural pasture area in Patish basin and from sown pasture in experimental farms (Migda and Karei-Deshe’, located in the northern Negev and eastern Galilee, respectively) in Israel [44,45,46]. The samples were collected from the vegetative bulk of each species.

The samples were oven-dried for 72 h at 60 °C and ground to pass through a 1-mm sieve [47]. Spectral measurements and chemical analysis of CP, NDF and digestibility were performed. The samples were scanned using a Foss NIRS system model 5000 NIR reflectance monochromator spectrometer (Hoganas, Sweden) at 1104–2492 nm in 2-nm increments (700 bands), set to collect NIR spectra as log(1/R) where R is the reflectance [44]. Each spectral measurement represented an average of 25 spectral readings. The spectra of two replicates for each vegetation sample were averaged.



2.3. Chemical Reference

We used % CP, % NDF and MEC as indicators of pasture quality. The chemical analysis for CP was performed by automated Kjeldahl method, for NDF according to Goering and Van Soest [4,47] and for in vitro dry matter digestibility according to Tilley and Terry [46,48]; MEC was calculated as (4.4 × digestibility × 0.82)/100 [49,50].



2.4. Slope Calculation and Data Analyses

To simplify the spectral signals, thereby ensuring stable calibration, and to improve the predictive ability of the final model, we applied different pretreatments to the spectral domain. The spectral data were considered in reflectance and absorbance (−log10R). In addition, continuum removal (CR) spectra were calculated. The commonly used CR technique [18,35,51,52,53] normalizes reflectance spectra and enhances the spectral differences, enabling the distinction and highlighting of individual absorption features from a baseline. On the one hand, it emphasizes the absorption features of the chemical chromophore and on the other, it reduces the physical chromophore effect [53]. In this algorithm, the monotonous spectra are characterized by a reflectance signal value of one, and absorption features are presented relative to a continuum of interpolated reflectance values that connect the two absorption edges. Then, slopes are calculated with the following equation:
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(1)




where the x axis represents wavelength and the y axis represents CR data.
To develop an algorithm to assess pasture quality, we first used CR spectra to visually inspect the spectral behavior versus chemical information on the vegetation. Then, the differences in spectral behavior as a function of wavelength, which are indicative of changes in chemical properties, were identified, yielding six spectral ranges (see Section 3.2). The slopes across these spectral ranges, and their changes, were then calculated.



2.5. Data Processing and Analyses

At a first stage, calculated slopes were correlated with the changes in CP, NDF and MEC values. The data were analyzed for the distribution values of CP, NDF and MEC versus slope, to locate the thresholds for each parameter. Three categories were defined: high, medium and low, for each chemical reference and its corresponding slopes. The slope threshold for each spectral range was used as a criterion to evaluate pasture quality.

Next, Partial least Squares (PLS) regression analysis was used to identify which spectral ranges are optimal for predicting CP, NDF and MEC values. Finally, to investigate the feasibility of using the developed method for imaging data, all data set was resample from Foss NIRS system with 700 bands to AISA sensor. AISA, hyperspectral airborne sensor, with high special resolution (0.52 m from high of 1000 m), covers the full VIS-NIR-SWIR (400–2500 nm) range, which the SWIR region (970–2500 nm) include 109 bands [54].



2.6. PLS Data Analyses

The PLS regression is generally based on latent variable decomposition of two blocks of variables, the X and Y matrices, which contain spectral data and any reference chemical variable, respectively. The objective of the regression is to locate small numbers of PLS components that efficiently predict Y when X is used [55]. PLS regression has advantages over other regression techniques, such as stepwise multilinear regression, principal component regression and multiple linear regression. It not only works with multicollinear variables, but also when the number of independent variables is greater than the number of observations, which is generally the case for NIRS analyses [56].

The ultimate goal of multivariate regression analysis is to create a calibration equation (or series of equations), which, when applied to data of “unknown” samples measured in the same manner, will accurately predict the quantities of the constituents of interest [55]. The multivariate calibration models were generated using PLS regression, with the goal of defining a relationship between the NIR–SWIR spectra of pasture samples and each chemical reference (i.e., CP, NDF and MEC values):
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(2)




where Y is the chemical reference of a sample, A is an empirical coefficient, and X is the spectral reflectance at a specific wavelength.
Different spectral ranges were identified based on the criteria described in Section 2.5. Numerous PLS regression models were constructed using two spectral criteria: (1) each spectral range was considered separately in the model, (2) the whole set of spectral ranges was considered in the model (53 bands, as will be explained in Section 3.3).

Cross validation was then performed. Statistical parameters for the calibration model were calculated by leave-one-out cross validation (only one sample at a time is kept out of the calibration and used for prediction). The performance and relevance of the PLS regression models were further evaluated by computing different statistics. The difference between the predicted values and measured chemical reference values was expressed as the root mean square error of prediction (RMSEP) or the root mean square error of cross validation (RMSECV). RMSEP is defined as the square root of the average of the squared differences between the predicted and measured values of the validation objects [55]:
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where Xm is the chemically measured value of a sample, Xp is the predicted value of the sample based on the spectral analysis, and nv is the number of samples in the calibration stage.



3. Results and Discussion


3.1. Chemical Reference: CP, NDF, MEC

The range of CP, NDF and MEC values was broad: 2.5%–32% (225 samples, average 9.46% and STD (standard deviation) 6.9%), 28%–76% (235 samples, average 59.24% and STD 10.95%) and 1.06–3.12 (166 samples, average 2.04 and STD 0.55), respectively.



3.2. Spectral Slope Analyses

Figure 1 shows the CR spectra of seven vegetation samples with different percentages of CP. Changes in slope across the different spectral ranges as a function of different CP contents could be seen at: 1748–1764 nm, 1766–1794 nm, 2070–2088 nm, 2278–2286 nm, 2316–2330 nm and 2334–2344 nm (Figure 1a,b). The spectral assignments for the main absorbance values of the vegetation were taken from Curran [20] and Schwanninger et al. [25]. Figure 1c shows an example of this relationship by zooming in on the 1748–1764 nm spectral range, where the slope is seen to increase with increasing CP content. Increases or decreases in spectral slope as function of CP content were also obtained for the other spectral ranges (Figure 1b).

Figure 1. (a) Continuum removal (CR) reflectance spectra of vegetation samples with different percentages of crude protein (CP). Note the variability in the slopes across the different spectral ranges: 1748–1764 nm, 1766–1794 nm, 2070–2088 nm, 2278–2286 nm, 2316–2330 nm, 2334–2344 nm. (b) Visualization of the slope’s tendency to increase or decrease as a function of different CP contents. Up-pointing arrow indicates a slope increase with CP content increase; down-pointing arrow indicates a slope decrease with CP content increase. (c) Zooming in on the 1748–1764 nm spectral range to demonstrate the changes in the slope with changes in CP concentration.
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The distribution of CP, NDF and MEC values is shown in Figure 2a, and that of the slopes for the six spectral ranges is shown in Figure 2b. Significant variability in the spectral slopes was obtained, presumably due to differences in chemical composition and the chromophores, which differ for each spectral range.

Figure 2. Distribution of (a) CP, neutral detergent fiber (NDF), metabolic energy concentration (MEC) and (b) slope values for six spectral ranges.
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To gain additional insight into the relationship between spectral slopes and chemical constituents, different ranges of CP conditional on slope ranges were divided into three main classes: slope less than zero (Figure 3a), between 0 and 0.001 (Figure 3b), and above 0.001 (Figure 3c). The negative slope was found to correspond to low CP values (Figure 3a). Thus, by knowing only the slope’s sign (negative/positive), it is possible to quantitatively assess the amount of CP in a sample. Specifically, slopes in the range of 0–0.001 corresponded to CP values of around 6%–15% (Figure 3b), whereas slopes above 0.001 corresponded to high CP values (around 15%–30%, Figure 3c).

Figure 3. Distribution of CP values for slopes (between 1748–1766 nm) of: (a) <0; (b) 0–0.001; (c) >0.001.
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In light of these results, the data distribution of CP, NDF and MEC versus slopes were analyzed and three main categories were found: (1) low, representing about 25% of the data, when CP ≤ 4.5%, NDF ≥ 67% and MEC ≤ 1.6; (2) medium, representing about 50% of the data, when 4.5% < CP < 13%, 53% < NDF < 67% and 1.6 < MEC < 2.5; (3) high, representing about 25% of the data, when CP ≥ 13%, NDF ≤ 53% and MEC ≥ 2.5. For each category of CP, NDF and MEC and for each spectral domain, the range of slope values was identified and defined to assess pasture quality according to the above three categories (summarized in Table 1). For example, the CP level was classified as low, medium or high when the slope value between 1748 and 1764 nm was ≤−0.0008, between −0.0008 and 0.001 or ≥0.001, respectively (Table 1).


Table 1. Slope-based criteria for assessment of pasture quality using three levels of crude protein (CP), neutral detergent fiber (NDF) and metabolic energy concentration (MEC).



	
%CP




	
Spectral Range

	
Low (≤4.5%)

	
Medium (4.5%–13%)

	
High (≥13%)




	
1748–1764 nm

	
Slope ≤ −0.0008

	
−0.0008 < Slope< 0.001

	
Slope ≥ 0.001




	
1766–1794 nm

	
Slope ≤ 0.005

	
0.005 < Slope< 0.008

	
Slope ≥ 0.008




	
2070–2088 nm

	
Slope ≤ −0.0065

	
−0.0065 < Slope< –0.003

	
Slope ≥ −0.003




	
2278–2286 nm

	
Slope ≥ 0.0058

	
0.0025 < Slope < 0.0058

	
Slope ≤ 0.0025




	
2316–2330 nm

	
Slope ≤ 0.003

	
0.003 < Slope < 0.008

	
Slope ≥ 0.008




	
2334–2344 nm

	
Slope ≥ 0.0048

	
0.0034 < Slope < 0.0048

	
Slope ≤ 0.0034




	
%NDF




	
Spectral Range

	
Low (≥67%)

	
Medium (53%–67%)

	
High (≤53%)




	
1748–1764 nm

	
Slope ≤ −0.0008

	
−0.0008 < Slope < 0.001

	
Slope ≥0.001




	
1766–1794 nm

	
Slope ≤ 0.0052

	
0.0052 < Slope < 0.0076

	
Slope ≥ 0.0076




	
2070–2088 nm

	
Slope ≤ −0.0065

	
−0.0065 < Slope < −0.0032

	
Slope ≥ −0.0032




	
2278–2286 nm

	
Slope ≥ 0.0058

	
0.0026 < Slope < 0.0058

	
Slope ≤ 0.0026




	
2316–2330 nm

	
Slope ≤ 0.0032

	
0.0076 > Slope > 0.0032

	
Slope ≥ 0.0076




	
2334–2344 nm

	
Slope ≥ 0.005

	
0.005 > Slope > 0.0033

	
Slope ≤ 0.0033




	

	
MEC




	
Spectral Range

	
Low (≤1.6)

	
Medium (1.6–2.5)

	
High (≥2.5)




	
1748–1764 nm

	
Slope ≤ −0.0005

	
−0.0005 < Slope < 0.0016

	
Slope ≥ 0.0016




	
1766–1794 nm

	
Slope ≤ 0.0053

	
0.0053 < Slope < 0.0091

	
Slope ≥ 0.0091




	
2070–2088 nm

	
Slope ≤ −0.0062

	
−0.0062 < Slope < −0.0022

	
Slope ≥ −0.0022




	
2278–2286 nm

	
Slope ≥ 0.0057

	
0.0018 < Slope < 0.0057

	
Slope ≤ 0.0018




	
2316–2330 nm

	
Slope ≤ 0.003

	
0.003 < Slope < 0.0093

	
Slope ≥ 0.0093




	
2334–2344 nm

	
Slope ≥ 0.0048

	
0.0031 < Slope < 0.0048

	
Slope ≤ 0.0031













The slope trends presented in Figure 2 and Figure 3 strongly suggest that the spectral reflectance properties of pastures with similar components can provide information regarding the amount of CP, NDF, MEC.

Assessing pasture quality using only slope-based criteria (Table 2), we found that in general, the total success rates were good for: (1) CP at 72%–80% (low), 50%–74% (medium) and 84%–98% (high); (2) NDF at 6%9–77% (low), 37%–72% (medium) and 79%–94% (high), (3) MEC at 56%–87% (low), 46%–60% (medium) and 79%–89% (high). Rating the overall success rate (“Total” row in Table 2) for the three categories in each spectral range showed that the best slope criteria for CP were in the 1748–1764 nm and 2278–2286 nm spectral ranges, for NDF in the 1748–1764 nm and 2278–2286 nm ranges, and for MEC in the 2316–2330 nm and 1748–1764 nm ranges. Importantly, the p-value was highly significant between number of identifications per category for all categories (p < 0.05), indicating that the slopes are highly associated with CP, NDF and MEC contents and their association is not due to random variation.


Table 2. Success rates of pasture-quality evaluations using slope algorithm. Note that chemical data were used as reference.



	
% CP

	
Total Per Category Based on Chemical Data

	
Total Per Category Based on Slope Algorithm




	
1748–1764 nm

	
1764–1794 nm

	
2070–2088 nm

	
2278–2286 nm

	
2316–2330 nm

	
2334–2344 nm






	
Low (≤4.5%)

	
54

	
41

	
76%

	
39

	
72%

	
41

	
76%

	
41

	
76%

	
43

	
80%

	
43

	
80%




	
Medium (4.5%–13%)

	
114

	
83

	
73%

	
57

	
50%

	
84

	
74%

	
79

	
69%

	
72

	
63%

	
68

	
60%




	
High (≥13%)

	
57

	
55

	
96%

	
48

	
84%

	
49

	
86%

	
56

	
98%

	
55

	
96%

	
49

	
86%




	
Total

	
225

	
179

	
80%

	
144

	
64%

	
174

	
77%

	
176

	
78%

	
170

	
76%

	
160

	
71%




	
% NDF

	




	
Low (≥67%)

	
64

	
49

	
77%

	
49

	
77%

	
44

	
69%

	
48

	
75%

	
46

	
72%

	
45

	
70%




	
Medium (53%–67%)

	
109

	
79

	
72%

	
40

	
37%

	
72

	
66%

	
71

	
65%

	
57

	
52%

	
64

	
59%




	
High (≤53%)

	
62

	
54

	
87%

	
51

	
82%

	
49

	
79%

	
56

	
90%

	
58

	
94%

	
50

	
81%




	
Total

	
235

	
182

	
77%

	
140

	
60%

	
165

	
70%

	
175

	
74%

	
161

	
69%

	
159

	
68%




	
MEC

	




	
Low (≤1.6)

	
39

	
30

	
77%

	
26

	
67%

	
25

	
64%

	
30

	
77%

	
34

	
87%

	
22

	
56%




	
Medium (1.6%–2.5)

	
80

	
44

	
55%

	
41

	
51%

	
42

	
53%

	
48

	
60%

	
47

	
59%

	
37

	
46%




	
High (≥2.5)

	
47

	
42

	
89%

	
41

	
87%

	
41

	
87%

	
40

	
85%

	
41

	
87%

	
37

	
79%




	
Total

	
166

	
116

	
70%

	
108

	
65%

	
108

	
65%

	
118

	
71%

	
122

	
73%

	
96

	
58%











Overgaard et al. [57] showed that one or two years of spectral measurement are insufficient to build fully operational models for cereal property predictions. In this regard, our study employed 10 years (2002–2011) of observations, and should thus adequately represent the expected range of conditions in our study area. Furthermore, Givens et al. [27] and Pullanagari [58] argued that high-precision spectroscopic instruments, spectral resolution and number of wavelengths are crucial for determining pasture quality with high accuracy. However, this study shows that highly accurate estimates of pasture quality using spectral slopes that require only two wavelengths are possible.

The chemometric approach essentially correlates the optical data with “reference” chemical constituents based on different statistical methods, enabling high-quality estimates of vegetation composition [8,9,26,59,60]. However, high-precision instruments with high spectral resolution are needed to use these methods, such as the Foss NIRS system model 5000 spectrometer. Furthermore, in HS remote sensing, it might not be possible to obtain such high-precision information due to atmospheric effects, a low signal-to-noise ratio, a varying field of view for every pixel, spectral instability and problems of spectral mixing [61]. Therefore, the developed method might overcome this limitation. Importantly, four of the six selected spectral regions were completely outside the spectral range of water absorbance (e.g., 1300–1650 nm, 1430–2230 nm). This result is encouraging, because it might expand the possibility of using the developed methodology with airborne HS or even multispectral sensors. Indeed, one needs only two wavelengths to calculate the slope data (e.g., the beginning of the spectral range and its last point), which are then incorporated into the model to assess the chemical constituents.

Next, to investigate the feasibility of our method for airborne HS sensor application, we resampled the spectral data from the Foss NIRS 5000 spectrometer (700 bands) to AISA, an airborne HS sensor with 109 bands between 1100 and 2363 nm. The procedure applied to the resampled data set was the same as that applied to the original data, i.e., CR spectra for visual inspection of spectral slope change vs. chemical data. Five spectral ranges (Table 3) were identified as candidates for the slope method, and a new set of slope criteria was defined (Table 3). The results are summarized in Table 4. Four of the five spectral ranges were similar to the four spectral ranges in the original data (Table 1 and Table 3) and an additional “AISA-fitted” spectral range (2306–2317 nm) was introduced. In general, the total success rates (Table 4) of the three categories were as good as those of the original data set (Table 2) for: (1) CP at 70%–91% (low), 58%–70% (medium) and 86%–100% (high); (2) NDF at 64%–95% (low), 33%–67% (medium) and 79%–92% (high); (3) MEC at 67%–85% (low), 46%–63% (medium) and 83%–94% (high).


Table 3. Slope-based criteria for assessment of pasture quality using three levels of CP, NDF and MEC, after resampling the spectral region of FOS-5000 (700 bands at 1100–2363 to spectral region of advanced imaging spectrometer for applications (AISA) (109 bands at 970–2500 nm).



	
% CP




	
Spectral Range

	
Low (≤4.5%)

	
Medium (4.5%–13%)

	
High (≥13%)




	
1747–1770nm

	
Slope ≤ 0.00025

	
0.00025 < Slope< 0.003

	
Slope ≥ 0.003




	
2061–2096 nm

	
Slope ≤ −0.014

	
−0.014 < Slope< −0.008

	
Slope ≥ −0.008




	
2270–2293 nm

	
Slope ≥ 0.01

	
0.01 > Slope> 0.0045

	
Slope ≤ 0.0045




	
2306–2317 nm

	
Slope ≤ −0.001

	
−0.001 < Slope< 0.0025

	
Slope ≥ 0.0025




	
2317–2328 nm

	
Slope ≤ 0.0045

	
0.0045 < Slope < 0.008

	
Slope ≥ 0.008




	
% NDF




	
Spectral Range

	
Low (≥67%)

	
Medium (53%–67%)

	
High (≤53%)




	
1747–1770nm

	
Slope ≤ 0.0005

	
0.0005 < Slope< 0.003

	
Slope ≥ 0.003




	
2061–2096 nm

	
Slope ≤ −0.014

	
−0.014 < Slope< −0.008

	
Slope ≥ −0.008




	
2270–2293 nm

	
Slope ≥ 0.01

	
0.01 > Slope> 0.0035

	
Slope ≤ 0.0035




	
2306–2317 nm

	
Slope ≤ 0.0004

	
0.0004 < Slope< 0.003

	
Slope ≥ 0.003




	
2317–2328 nm

	
Slope ≤ 0.0045

	
0.0045 < Slope < 0.008

	
Slope ≥ 0.008




	
MEC




	
Spectral Range

	
Low (≤1)

	
Medium (1.6–2.5)

	
High (≥2.5)




	
1747–1770nm

	
Slope ≤ 0.001

	
0.001 < Slope< 0.004

	
Slope ≥ 0.004




	
2061–2096 nm

	
Slope ≤ −0.013

	
−0.013 < Slope< −0.006

	
Slope ≥ −0.006




	
2270–2293 nm

	
Slope ≥ 0.01

	
0.01 > Slope> 0.001

	
Slope ≤ 0.001




	
2306–2317 nm

	
Slope ≤ −0.0005

	
−0.0005 < Slope< 0.0035

	
Slope ≥ 0.0035




	
2317–2328 nm

	
Slope ≤ 0.0045

	
0.0045 < Slope < 0.009

	
Slope ≥ 0.009










Table 4. Success rates of pasture-quality evaluations using slope algorithm. Note that chemical data were used as reference, after resampling the spectral region of FOS-5000 (700 bands at 1100–2363 to spectral region of AISA (109 bands at 970–2500 nm).



	
% CP

	
Total Per Category Based on Chemical Data

	
Total Per Category Based on Slope Algorithm




	
1747–1770 nm

	
2061–2096 nm

	
2270–2293 nm

	
2306–2317 nm

	
2317–2328 nm






	
Low (≤4.5%)

	
54

	
48

	
89%

	
38

	
70%

	
45

	
83%

	
49

	
91%

	
46

	
85%




	
Medium (4.5%–13%)

	
114

	
72

	
63%

	
80

	
70%

	
66

	
58%

	
77

	
68%

	
66

	
58%




	
High (≥13%)

	
57

	
55

	
96%

	
49

	
86%

	
57

	
100%

	
55

	
96%

	
55

	
96%




	
Total

	
225

	
175

	
78%

	
167

	
74%

	
168

	
75%

	
181

	
80%

	
167

	
74%




	
% NDF

	

	

	

	

	

	

	

	

	

	

	




	
Low (≥67%)

	
64

	
42

	
66%

	
41

	
64%

	
51

	
80%

	
61

	
95%

	
46

	
72%




	
Medium (53%–67%)

	
109

	
73

	
67%

	
63

	
58%

	
63

	
58%

	
36

	
33%

	
57

	
52%




	
High (≤53%)

	
62

	
49

	
79%

	
49

	
79%

	
56

	
90%

	
53

	
85%

	
57

	
92%




	
Total

	
235

	
164

	
70%

	
153

	
65%

	
170

	
72%

	
150

	
64%

	
160

	
68%




	
MEC

	

	

	

	

	

	

	

	

	

	

	




	
Low (≤1.6)

	
39

	
33

	
85%

	
26

	
67%

	
28

	
72%

	
29

	
74%

	
33

	
85%




	
Medium (1.6–2.5)

	
80

	
39

	
49%

	
37

	
46%

	
50

	
63%

	
40

	
50%

	
45

	
56%




	
High (≥2.5)

	
47

	
44

	
94%

	
39

	
83%

	
44

	
94%

	
42

	
89%

	
42

	
89%




	
Total

	
166

	
116

	
70%

	
102

	
61%

	
122

	
73%

	
111

	
67%

	
120

	
72%











This “coarse” spectral resolution might be implemented in HS and/or multispectral remote-sensing sensors. In recent years, there has been an increase in the availability of images with high spatial resolution [1]. In this regard, our study might serve as a basic infrastructure for future directions in the use of this technology to determine pasture quality.





3.3. PLS Analyses

The results of PLS modeling of the CP, NDF and MEC values are presented in Table 5. Both the whole set of six spectral ranges (53 bands) and each individual spectral range was modeled, and both gave relatively accurate estimates of pasture quality. The best-fit model for the calibration set included all six spectral ranges (n = 53 wavelengths) in the model with R2 ranges from 0.83 for MEC to 0.96 for CP. Importantly, when only one spectral range was assessed in the model, the R2 was relatively high for all chemical constituents, with relatively high slope, and low RMSEP (Table 5). The best spectral domains for CP assessment were 1748–1764 nm and 1766–1794 nm (9 wavelengths and 15 wavelengths, respectively); for NDF assessment they were 2070–2088 nm and 2278–2286 nm (10 and 4 wavelengths, respectively), and for MEC assessment they were 2316–2330 nm and 2278–2286 nm (8 and 4 wavelengths, respectively).


Table 5. Partial least squares (PLS) regression model results of the correlations between different spectral regions and percentages of CP, NDF and MEC.



	
Spectral Range (nm) (Number of Bands)

	

	
CP Model’s Statistical Characteristics

	
CP Best Model

	
NDF Model’s Statistical Characteristics

	
NDF Best Model

	
MEC Model’s Statistical Characteristics

	
MEC Best Model




	

	
Prediction

	
Validation

	
Prediction

	
Validation

	
Prediction

	
Validation






	
1748–1764

(n = 9)

	
Slope:

	
0.934

	
0.933

	
2

	
0.856

	
0.850

	
4

	
0.789

	
0.792

	
5




	
Offset:

	
0.6

	
0.606

	
8.508

	
8.874

	
0.429

	
0.423




	
RMSE:

	
1.703

	
1.757

	
4.183

	
4.305

	
0.252

	
0.263




	
R2:

	
0.934

	
0.931

	
0.856

	
0.848

	
0.789

	
0.769




	
1766–1794

(n = 15)

	
Slope:

	
0.913

	
0.908

	
3

	
0.797

	
0.785

	
5

	
0.794

	
0.782

	
4




	
Offset:

	
0.79

	
0.834

	
12.045

	
12.750

	
0.418

	
0.445




	
RMSE:

	
1.954

	
2.02

	
4.977

	
5.098

	
0.248

	
0.259




	
R2:

	
0.913

	
0.909

	
0.797

	
0.792

	
0.794

	
0.783




	
2070–2088

(n = 10)

	
Slope:

	
0.897

	
0.899

	
5

	
0.865

	
0.859

	
2

	
0.716

	
0.700

	
7




	
Offset:

	
0.932

	
0.912

	
8.019

	
8.345

	
0.576

	
0.623




	
RMSE:

	
2.122

	
2.204

	
4.062

	
4.133

	
0.291

	
0.324




	
R2:

	
0.897

	
0.891

	
0.865

	
0.861

	
0.716

	
0.654




	
2278–2286

(n = 4)

	
Slope:

	
0.903

	
0.898

	
4

	
0.856

	
0.854

	
3

	
0.805

	
0.796

	
3




	
Offset:

	
0.871

	
0.9

	
8.499

	
8.677

	
0.395

	
0.419




	
RMSE:

	
2.051

	
2.096

	
4.181

	
4.217

	
0.241

	
0.251




	
R2:

	
0.904

	
0.902

	
0.856

	
0.855

	
0.805

	
0.795




	
2316–2330

(n = 8)

	
Slope:

	
0.892

	
0.889

	
6

	
0.782

	
0.761

	
7

	
0.812

	
0.802

	
2




	
Offset:

	
0.978

	
1.004

	
12.911

	
14.157

	
0.380

	
0.406




	
RMSE:

	
2.173

	
2.215

	
5.153

	
5.420

	
0.237

	
0.243




	
R2:

	
0.891

	
0.888

	
0.782

	
0.760

	
0.812

	
0.804




	
2334–2344

(n = 6)

	
Slope:

	
0.78

	
0.77

	
7

	
0.787

	
0.785

	
6

	
0.715

	
0.707

	
6




	
Offset:

	
1.987

	
2.05

	
12.629

	
12.736

	
0.579

	
0.594




	
RMSE:

	
3.09

	
3.17

	
5.097

	
5.219

	
0.292

	
0.302




	
R2:

	
0.78

	
0.77

	
0.787

	
0.778

	
0.715

	
0.703




	
All ranges

(n = 53)

	
Slope:

	
0.967

	
0.956

	
1

	
0.893

	
0.882

	
1

	
0.832

	
0.823

	
1




	
Offset:

	
0.32

	
0.39

	
6.310

	
6.850

	
0.340

	
0.368




	
RMSE:

	
1.246

	
1.355

	
3.604

	
3.858

	
0.224

	
0.241




	
R2:

	
0.964

	
0.958

	
0.893

	
0.878

	
0.833

	
0.809









A score plot of the samples from the PLS modeling demonstrated the excellent correlation between spectra and chemical constituents (CP, NDF and MEC), with an increase from left to right. The score plot for the CP model (Figure 4) indicated that most of the spectral variations observed in our field study were indeed related to the protein, as predicted by the PLS model (and were not influenced by unknown parameters). Furthermore, for the best CP, NDF and MEC models, the first two LV (latent variables) components in the PLS model explained 100% of the X variance (spectra), and 99%, 86%, and 79% (for CP, NDF and MEC, respectively) of the Y variance (chemical components). This indicated that most of the spectral variation in the six selected spectral domains is related to the CP, NDF and MEC components that were modeled by PLS.

Figure 4. A score plot for the partial least squares (PLS) CP model using the 1748–1764 nm spectral range.
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A comparison of the PLS and slope method results showed that the best PLS models for assessing CP, NDF and MEC are obtained with the spectral ranges of 1748–1764 nm, 2070–2088 and 2316–2330 nm, respectively, whereas using the slope method, only the 1748–1764 nm spectral range could be used to assess all parameters. Indeed, the PLS is a more accurate quantitative method, but requires chemical analysis to establish a calibration model; in contrast, the slope method provides a qualitative evaluation (three categories) with no need for chemical measurement of the samples.






4. Conclusions

In this study, we hypothesized that changes in spectral slopes can be used as an indicator for qualitative assessment of plant composition. Six spectral regions across the NIR–SWIR region were identified: 1748–1764 nm, 1766–1794 nm, 2070–2088 nm, 2278–2286 nm, 2316–2330 nm, 2334–2344 nm. Slopes across these ranges were calculated and correlated with the changes in CP, NDF and MEC. The good success rate using these slope criteria allowed evaluating three level categories (low, medium and high) for CP, NDF and MEC. PLS analysis supported these findings, showing a high correlation between the six spectral regions and the chemical information. An important finding was the valid assessment obtained using only one spectral range, whereas two and three ranges will provide a good estimate for all three studied parameters. The slope method can therefore be further adopted to evaluate the quality of various types of vegetation in pasture areas and can be used to measure and analyze a large number of samples in a short time, providing a basis for future monitoring of pasture quality using remote sensing.

The results of our study are especially encouraging since the selected spectral regions, excluding 2070–2088 nm, are not directly affected by atmospheric water vapor or water in the plants. Current method is restricted to pasture quality estimates based only on dry samples’ spectra. In the future, by adjusting the method for fresh vegetation, it could be further applied for in-situ analyses using a relatively inexpensive instrument with a specific set of detectors.

Another point that should be considered in future studies is the difference between laboratory NIR spectra (i.e., stable conditions with an artificial light source) and in-situ field canopy reflectance (i.e., impacted by species composition, canopy structure, and atmospheric effects, etc.). While during PLS modeling, different sources of variability can be included in the calibration data set, we think that combining two data sets (laboratory and field measurements) in one calibration model is the most advantageous approach to start with.
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