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A B S T R A C T   

The study aims to estimate forage yield and quality parameters by fusing field spectroscopy data and crop height 
with regression-based mathematical models. Field experiments were carried out to obtain canopy spectral 
reflectance (CSR) of grass and clover mixtures. Additionally, grass height (Hgrass) and clover height (Hclover) were 
used as auxiliary explanatory variables with CSR to estimate forage yield and quality. Variable importance in 
projection (VIP) was utilized for sensitive wavelength selection. Two chemometric methods, namely partial least 
squares regression (PLSR) and support vector machine (SVM), were implemented to build models using full 
spectra and sensitive wavelengths for estimating dry matter yield (DMY), in vitro true digestibility (IVTD), 
neutral detergent fiber (NDF), neutral detergent fiber digestibility (NDFD), acid detergent fiber (ADF), acid 
detergent lignin (ADL), crude protein (CP), crude protein yield (CPY), and botanical composition (BC). Of the 
total 235 samples, 157 samples were randomly selected for model calibration while the remaining 78 samples 
were used for model validation. Results showed that both PLSR and SVM could reasonably estimate forage yield 
and quality variables, although performances of PLSR were more stable in terms of R2 and relative root mean 
square error (RRMSE) for both calibration and validation. Prediction performances of models using only full 
spectra data (PLSRspec) and models also using crop height information (PLSRspec+H) as model inputs were 
compared in this study. PLSRspec+H presented higher R2 and lower RRMSE than PLSRspec models (e.g. R2 

improved from 0.83 to 0.90 for NDF and from 0.56 to 0.73 for IVTD, and RRMSE decreased from 8.14% to 6.58% 
for NDF and from 2.55% to 2.02% for IVTD). In addition, PLSR that used sensitive wavelengths and crop height 
(PLSRwave+H) as model inputs also had good performance, although slightly worse than PLSRspec+H. The results 
suggest that there is good potential to predict forage biomass and nutritive value by combining spectral and 
height variables with chemometric methods.   

1. Introduction 

Quality of animal products is largely affected by the nutritive qual-
ities of forage that animals feed on, which is a function of species, 
environment, and management (Safari et al., 2016). In Sweden, the most 

widely sown crop is ley (Frankow-Lindberg et al., 2009), which is a mix 
of forages, cultivated in rotation with annual crops. Leys are important 
not only for providing feed for ruminants, but also for maintaining soil 
structure and organic matter (Zhou et al., 2019). Forage are harvested, 
ensiled, and fed to ruminants to produce primarily milk and meat. There 
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are various decision points during ley management where the conse-
quences can greatly affect productivity and profitability. The first is 
nitrogen fertilization (Thilakarathna et al., 2016), where applying ni-
trogen according to the crop requirements optimizes growth and reduces 
wastage. The second is harvesting time, when farmers balance 
increasing production with decreasing quality. Accurate estimation of 
forage characteristics is needed to guide decision making on fertilization 
and harvesting schedules for farmers. 

It is a common practice to estimate forage nutritive value by labo-
ratory analysis (Starks et al., 2015), which limits in-field decision 
making. Field spectroscopy offers a nondestructive approach to obtain 
crop biochemical information by measuring and analyzing canopy 
spectral reflectance (CSR). Field spectrometers capture the variation of 
CSR over the visible and near infrared regions with a high spectral 
resolution, resulting in abundant information. This information can then 
be used to assess the yield and quality of forages, including N content 
(Gao et al., 2019) and dry matter yield (DMY) (Zhou et al., 2019) using 
appropriate chemometric tools. Leaf area index (LAI) and chlorophyll 
estimation for heterogeneous grasslands was reported by Darvishzadeh 
et al. (2008). Duranovich et al. (2020) estimated the nutritive value 
(including organic matter digestibility, metabolizable energy, crude 
protein, neutral detergent fiber, and acid detergent fiber) of ryegrass- 
white clover mixed herbage by analyzing CSR (with a spectral range 
of 350–2500 nm) using the first derivative of absorbance and partial 
least squares regression (PLSR). All R2 values were below 0.80. 

Combining CSR and chemometrics has been reported by numerous 
studies (Thorp et al., 2017; Bhadra et al., 2020), however, less attention 
has been paid to forage crop quality parameters. For example, Kawa-
mura et al. (2013) used an ASD FieldSpec to measure CSR of grass/ 
legume mixtures and linked this reflectance to the legume content of the 
sward using a PLSR model. Biewer et al. (2009) built regression models 
based on CSR data to estimate forage quality of legume-grass swards. 
Zhou et al. (2019) compared PLSR and support vector machine (SVM) 
models in terms of their capacity to estimate yield and nitrogen con-
centration of leys using Yara-N sensor data in the 400–1000 nm wave-
length range. Their results suggest that SVM has better potential for in- 
field estimation of yield and protein concentration. However, prediction 
models solely using spectral data (e.g. vegetation indices) may be prone 
to saturation when estimating agronomic parameters when canopy 
closes (Sharma et al., 2015). 

Crop height is an important agronomic parameter that is closely 
associated with forage quality, which commonly declines with 
increasing height (Parsons et al., 2009). The combined use of canopy 
spectral reflectance and crop height can improve the estimation of fiber 
and protein content in heterogeneous pastures (Thomas et al., 2017) 
when compared to spectral information alone. The combination of 
spectral sensor and crop height data could be a promising tool to assess 
forage yield and quality in the field. 

Therefore, the objectives of this study were to estimate forage 
biomass and nutritive value by analyzing CSR data and crop height in-
formation using PLSR and SVM, with special interest in whether 
including grass and clover height as model input variables could 
improve prediction performance. 

2. Materials and methods 

2.1. Site description and data collection 

Two years of field data collection were carried out during 2018 and 
2019 at Röbäcksdalen (63◦48′ N, 20◦14′ E), Northern Sweden. The soil is 
characterized as silt loam with 1% clay, 53% silt, and 46% sand. Field 
sites that contained mixtures of timothy (Phleum pratense L.) and red 
clover (Trifolium pratense L.) were randomly chosen for sampling and 
spectroscopy measurement. At each selected sample point, a round hoop 
(80 cm in diameter) was placed to delineate the sample areas for the 
collection of data and samples, and plants within the hoop were cut to a 

7 cm stubble height. A total of 235 samples were collected across two 
years in this study. The samples represented a wide range of composi-
tions (0–93.4% clover), grass height (20–80 cm), and clover height 
(0–70 cm). Canopy grass height (Hgrass) and clover height (Hclover) were 
measured using a meter ruler. 

The clover and grass fractions were separated manually in the lab-
oratory, and oven dried at 60 ◦C for 48 h until constant weight was 
reached. DMY was the sum of dry weight yield of grass and clover. 
Botanical composition (BC), specifically the clover composition, was 
expressed as the ratio of clover dry matter weight to total dry matter 
weight. The dried samples were ground and passed through a 1 mm 
sieve, and analyzed using wet chemistry methods. In vitro true di-
gestibility (IVTD) and neutral detergent fiber digestibility (NDFD) were 
determined using modified ANKOM procedures, as described by Val-
entine et al. (2019) using the Daisy II 200/220 incubator (ANKOM 
Technology, Fairport, NY) and subsamples incubated in F57 ANKOM 
digestion bags at 39 ◦C for 48 h. Neutral detergent fiber (NDF) was 
obtained from the dried subsamples by using sodium dodecyl sulfate in 
the ANKOM system according to the methodology proposed by Van 
Soest et al. (1991). Cetyl trimethylammonium bromide was then used 
for extraction of acid detergent fiber (ADF). Acid detergent lignin (ADL) 
was acquired after treatment with sulfuric acid. Nitrogen was analyzed 
using a Leco FP-528 N analyzer (Leco Corp., St. Joseph, MI) (AOAC, 
1990) and multiplied by 6.25 to obtain CP, and CPY was calculated by 
multiplying DMY and CP. DMY, IVTD, NDF, ADF, CPY, and BC are re-
ported as fractions of dry matter, whereas NDFD and ADL are reported as 
fractions of NDF. 

Before each sampling for yield and quality analysis, canopy spectra 
of sample points were acquired using a spectroradiometer (ASD Field-
Spec® 4 Standard-Res, Inc., USA). The spectral range is 350–2500 nm, 
covering the wavebands of 350–700 nm with 3 nm resolution and the 
other wavebands with 10 nm resolution. The sensor has a 25◦ field of 
view, and was placed at an approximate height of 1.5 m in the nadir 
direction to match the sampling area. Spectral measurements were 
carried out on sunny and windless days between 11:30 AM and 2:00 PM 
to ensure comparability. A white Spectralon reference reflectance panel 
(Labsphere, Inc., USA) reading was taken every 5 min or whenever 
required considering the changes in illumination conditions and used to 
convert digital number readings to reflectance. 

Due to noise interference resulting from the leaf water and water 
vapor, spectral data ranging between 1340–1475 nm, 1770–1965 nm, 
and 2425–2500 nm were removed (Fig. 1). 

2.2. Data analysis 

A total of 235 samples were randomly divided into 157 samples for 
calibration and 78 samples for validation. In order to verify whether 
introducing crop height variables as model inputs could improve esti-

Fig. 1. Spectral curves after removing noise wavebands. Each curve with a 
specific color corresponds to the spectra of a sample. 
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mation performance of biomass and quality parameters, two types of 
datasets were created, with one dataset only including full spectra 
(Dspec), and the other dataset also including crop height data as an 
auxiliary variable (Dspec+H). In order to avoid scale effects, a Z-score 
standardization was applied to spectral and height data before building 
models, as described in Eq. (1). 

x*
n,w =

xn,w − xw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

n=1
(xn,w − xw)

2

N− 1

√ (1) 

where N is the number of samples, n = 1, 2, …, N, W is the number of 
explanatory variables, w = 1, 2, …, W, xn,w represents explanatory 
variable value at the position (n, w), xw indicates the average value for 
all samples at the wth explanatory variable, and x*

n,w expressed stan-
dardized spectral data. Both standardized Dspec and Dspec+H were used as 
inputs for PLSR and SVM models, which were named PLSRspec, 
PLSRspec+H, SVMspec, and SVMspec+H, respectively. 

Variable importance in projection (VIP) is used for visualization of 
the contribution of each explanatory variable, which can be calculated 
during building of PLSR models. The specific principle is described in 
Chong and Jun (2005). VIP values greater than or equal to one is usually 
used as a criterion for explanatory variable selection (Alma and Bulut, 
2012). The sensitive wavelengths were determined according to the VIP 
values from the optimal model using full spectra. A dataset was created 
by combining sensitive wavelengths with crop height data, which was 
named Dwave+H. The standardized Dwave+H was then used as input var-
iables to PLSR and SVM models, represented by PLSRwave+H and 
SVMwave+H, respectively. 

In PLSR, the optimal number of latent variables was identified by 
searching minimum mean squared error for the cross validation. SVM 
were built using a radial-basis kernel, and a grid-search operation was 
carried out to obtain the optimal hyper-parameters of the models. These 
models were established for estimating DMY, IVTD, NDF, NDFD, ADF, 
ADL, CP, CPY, and BC variables. 

To evaluate the performances of models, coefficient of variation 

Fig. 2. Statistics of 11 agronomic and nutritive value variables measured from 235 grass-clover mixtures over 2018 and 2019. The horizontal lines indicate the 
minimum, 25% quartile, median, 75% quartile, and maximum of the dataset, respectively. Circles represent the mean value. 
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(CV), R2, and relative root mean square error (RRMSE) were used and 
described as: 

CV =
1
O
×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N − 1

×
∑N

n=1

(
On − O

)2

√
√
√
√ × 100% (2)  

R2= 1−
∑N

n=1(Pn − On)
2

∑N
n=1

(
O − On

)2 (3)  

RRMSE =
1
O
×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
×
∑N

n=1
(Pn − On)

2

√
√
√
√ × 100% (4) 

where O represents the mean of observed values, N is the number of 
samples, and On and Pn stand for laboratory-estimated and 
spectrometry-derived values of the nth sample, respectively. 

Data pre-processing, analyzing, and visualization were completed on 
a work station with a 3.60 GHz processor, 64 GB RAM, 11 GB GPU using 
the Windows 10 system. All data analyses were performed in Matlab 
R2021a (The Math Works, Natick, MA, USA). 

3. Results 

3.1. Statistics of observed variables 

Statistics of yield and quality variables measured by wet chemistry 
analysis and field measurement are shown in Fig. 2. The wide range of 
values offered ideal datasets for building PLSR and SVM models. 

Visualization of Pearson’s correlation coefficients (r) among 
different agronomic and nutritive value variables is presented in Fig. 3. 
Interestingly, the r value between DMY and CPY was 0.91. IVTD was 
highly correlated with NDF and ADF, with r value of − 0.74 and − 0.8, 

respectively. The correlation between Hgrass and quality variables was 
strong, especially for the variables DMY (r = 0.91), NDF (r = 0.68), ADF 
(r = 0.69), CPY (r = 0.83), and IVTD (r = − 0.59). 

3.2. Regression models based on full spectra 

For PLSR based on full spectra, the curve of estimated mean squared 
prediction error converged at the 10th component after 10-fold cross 
validation. Therefore, the optimal number of latent variables was set to 
10 for all models. For SVM model, the optimal C and γ hyper-parameters 
were determined from 2− 30 to 230 and ε in loss function was set to 10− 2. 

Results of model performances for calibration are shown in Fig. 4. R2 

values of PLSRspec were between 0.70 and 0.91, whereas R2 values of 
SVMspec were between 0.74 and 0.95. When adding grass and clover 
heights as auxiliary variables during model building, R2 values were in 
the range of 0.77–0.92 for PLSRspec+H models and 0.78–0.96 for 
SVMspec+H models. RRMSE values of PLSRspec+H were all lower than 
those of PLSRspec (Fig. 4c). For SVM models, the benefit from adding 
crop height as a variable was limited to DMY, IVTD, NDF, CP, and BC 
(Fig. 4b and d). 

Model performance with the validation dataset is shown in Fig. 5. 
Significant improvements through introducing the auxiliary variables of 
Hgrass and Hclover as PLSR and SVM model inputs were found. The linear 
regression relationships between estimated and measured variables 
based on PLSR and SVM are presented in Fig. 6 and Fig. 7, respectively. 
In sum, both PLSR and SVM achieved high estimation accuracy for 
forage yield and quality variables. PLSR models showed excellent 
generalization abilities for estimating all variables. Satisfactory esti-
mation was presented using PLSRspec+H, especially for NDF (R2 of 0.90 
and RRMSE of 6.58%), ADF (R2 of 0.82 and RRMSE of 6.21%), DMY (R2 

of 0.87 and RRMSE of 16.10%), and CPY (R2 of 0.82 and RRMSE of 
17.20%) with high R2 values and low RRMSE values. In addition, 

Fig. 3. Pearson’s correlation coefficient (r) among 
measured variables. Blue and orange correspond to 
positive and negative correlations, respectively. 
DMY is total dry matter yield of clover and grass, 
IVTD is in vitro true digestibility, NDF is neutral 
detergent fiber, NDFD is neutral detergent fiber di-
gestibility, ADF is acid detergent fiber, ADL is acid 
detergent lignin, CP is crude protein, CPY is crude 
protein yield, BC is botanical composition, and 
Hgrass and Hclover represent the crop heights of grass 
and clover, respectively.   
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PLSRspec+H also accomplished reasonable prediction of IVTD variable 
with R2 of 0.73 and RRMSE of 2.02%. 

3.3. Analysis of sensitive wavelengths relevant to forage yield and quality 

For the PLSRspec+H model, the VIP values for spectra are plotted in 
Fig. 8 and the VIP values for crop heights are summarized in Table 1. 

Compared with spectral wavebands, crop height variables had notice-
ably higher VIP values. Many sensitive wavelengths were distributed in 
the spectral range of 350–750 nm and around 2400 nm. Among the 
visible wavebands, NDF and ADF contained two obvious peaks at 419 
nm and 725 nm. For CPY, the estimation effect was directly influenced 
by spectral wavebands around 395 nm, 538 nm, 712 nm, 865 nm, 1072 
nm, 1660 nm, and 2423 nm. DMY presented more uniform VIP 

Fig. 4. Performance of partial least squares regression (PLSR) and support vector machine (SVM) using full spectra or full spectra plus crop height variables for 
estimation of agronomic and nutritive value variables with the calibration dataset (157 samples). For abbreviations refer to Fig. 3. 

Fig. 5. Performance of partial least squares regression (PLSR) and support vector machine (SVM) using full spectra or full spectra plus height variables for estimation 
of agronomic and nutritive value variables with the validation dataset (78 samples). For abbreviations refer to Fig. 3. 
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distribution in the spectral range than CPY. In brief, crop height, the 
visible spectrum, and parts of the near infrared spectrum contributed 
significantly to the estimation of forage biomass and nutritive value in 
PLSR models. 

Performances of PLSRwave+H and SVMwave+H using the validation 
dataset are shown in Table 2. Both PLSRwave+H and SVMwave+H had 
slightly lower R2 and higher RRMSE than models using all of the 
wavebands. Compared with SVMwave+H, the performance of PLSRwave+H 
was slightly superior, with R2 ranging from 0.66 to 0.88. 

4. Discussion 

4.1. Performance of PLSR and SVM 

In this study, performance of SVM was satisfactory, especially for 
estimating NDF and CPY, although model overfitting was evident for the 
estimation of IVTD and ADL using SVM. This overfitting phenomenon is 
probably due to the fact that the C and γ values obtained with the grid 
search show extreme values, which are known to reduce the general-
ization ability of the SVM (Marabel and Alvarez-Taboada, 2013). The 
PLSR-based models showed a tendency to be more consistent between 

Fig. 6. Validation of partial least squares regression using full spectra (PLSRspec) or full spectra plus height variables (PLSRspec+H) for estimating (a) dry matter yield, 
(b) in vitro true digestibility, (c) neutral detergent fiber, (d) neutral detergent fiber digestibility, (e) acid detergent fiber, (f) acid detergent lignin, (g) crude protein, 
(h) crude protein yield, and (i) botanical composition. Black solid and dashed lines signify the linear regression fitting lines of PLSRspec+H and PLSRspec, respectively. 
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calibration and validation in terms of R2 and RRMSE, compared to SVM. 
Advantages of PLSR include its stability for agronomic and nutritive 
value variables prediction using relatively few samples (Wang et al., 
2020), and the ability to identify the most important wavelengths by 
using VIP scores. 

4.2. Effects of forage crop heights on agronomic and nutritive value 
variable estimation 

Crop height is known to be a good proxy for the estimation of 
biomass and nutritive value of forages. For instance, Parsons et al. 
(2012) used crop height information to establish DMY and NDF esti-
mation models of orchard grass, reed canary grass, and timothy, 
demonstrating the importance of crop height and the tallest height as 
explanatory variables of forage yield and quality prediction. 

In our case, the fusion of full spectral data and crop height data led to 

increasing estimation accuracies for all measured variables compared to 
models solely using full spectral data as inputs (Fig. 6). These results are 
consistent with those of Safari et al. (2016) and Thomas et al. (2017), 
who established modified PLSR models using normalized difference 
spectral index/WorldView-2 satellite waveband and crop height as input 
variables, and ultimately obtained increasing accuracy for the estima-
tion of ADF, crude protein, and DMY. These methods were only tested on 
forage biomass or a few nutritive value variables. Our study offers an 
alternative method by combining spectra with crop height, rather than 
developing different models for specific growth stages and status. The 
proposed approach had a reasonable prediction accuracy. 

Superior prediction performance of the models in our study could be 
derived from the fact that the correlations between Hgrass and agronomic 
and nutritive value variables were high. However, the r values from 
Hclover were significantly lower than those from Hgrass (Fig. 3). This was 
likely because grass was the predominant forage type in most of the 

Fig. 7. Validation of support vector machine using full spectra (SVMspec) or full spectra plus height variables (SVMspec+H) for estimating (a) dry matter yield, (b) in 
vitro true digestibility, (c) neutral detergent fiber, (d) neutral detergent fiber digestibility, (e) acid detergent fiber, (f) acid detergent lignin, (g) crude protein, (h) 
crude protein yield, and (i) botanical composition. Black solid and dashed lines signify the linear regression fitting lines of SVMspec+H and SVMspec, respectively. 
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Fig. 8. Scores of variable importance in projection (VIP) of spectral variables for (a) dry matter yield, (b) in vitro true digestibility, (c) neutral detergent fiber, (d) 
neutral detergent fiber digestibility, (e) acid detergent fiber, (f) acid detergent lignin, (g) crude protein, (h) crude protein yield, and (i) botanical composition using 
partial least squares regression models with the inputs of full spectra and crop height variables (PLSRspec+H). 

Table 1 
Scores of variable importance in projection (VIP) of Hgrass and Hclover variables using partial least squares regression models with full spectra and height variable inputs 
(PLSRspec+H).  

Variable DMY IVTD NDF NDFD ADF ADL CP CPY BC 

Hgrass  10.0  15.2  11.5  7.0  13.0  10.8  9.8  6.6  5.9 
Hclover  3.0  4.5  3.0  9.0  4.1  5.8  7.0  1.4  6.0 

DMY is total dry matter yield of clover and grass, IVTD is in vitro true digestibility, NDF is neutral detergent fiber, NDFD is neutral detergent fiber digestibility, ADF is 
acid detergent fiber, ADL is acid detergent lignin, CP is crude protein, CPY is crude protein yield, BC is botanical composition, and Hgrass and Hclover represent the crop 
heights of grass and clover, respectively. 

Table 2 
Performance of partial least squares regression (PLSR) and support vector machine (SVM) using sensitive wavelengths plus height variables for estimation of agro-
nomic and nutritive value variables with the validation dataset.  

Method Indices DMY (kg ha− 1) IVTD (g kg− 1) NDF (g kg− 1) NDFD (g kg− 1) ADF (g kg− 1) ADL (g kg− 1) CP (g kg− 1) CPY (kg ha− 1) BC (%) 

PLSRwave+H R2  0.87  0.73  0.85  0.70  0.78  0.66  0.66  0.82  0.88  
RRMSE (%)  17.74  2.01  7.77  3.70  6.82  18.27  10.57  17.56  52.05 

SVMwave+H R2  0.83  0.67  0.84  0.66  0.78  0.65  0.71  0.80  0.86  
RRMSE (%)  19.94  2.31  7.74  4.13  7.18  18.74  10.01  18.94  53.63 

For abbreviations refer to Table 1. 

S. Sun et al.                                                                                                                                                                                                                                      



Computers and Electronics in Agriculture xxx (xxxx) xxx

9

samples. Significant positive correlations between Hgrass and DMY, NDF, 
ADF, and CPY, ranging between 0.68 and 0.91, tend to confirm that 
height information is an important proxy for quantity and quality 
determination of forages, as highlighted by Parsons et al. (2012). With 
the increase of fiber and lignin as forages develop and become more 
mature, the aboveground biomass increases, whereas digestibility 
decreases. 

4.3. Sensitive wavelengths for estimation of forage yield and quality 

The scores of VIP obtained for PLSRspec+H indicated that the visible 
spectra and the crop height were the most important variables for 
building the models. The strong influence of the visible spectral range 
was reported in Pullanagari et al. (2012). This could be explained by the 
fact that it is mostly affected by the pigment content of the canopy, 
which is itself directly influenced by the phenological and morpholog-
ical developments of the plants. Smith et al. (2020) found that, although 
the reflectance values between 2430 nm and 2500 nm showed a high 
level of noise related to water vapor, they contained important infor-
mation associated with biophysical variables. Due to a combination of 
biophysical properties and water vapor, the wavelengths around 2420 
nm presented high VIP values in our study. For NDF and ADF, violet and 
red-edge wavebands contributed to accurate prediction (Fig. 8c and e). 
These results are confirmed in Biewer et al. (2009). VIP values at the 
wavelengths of 865 nm and 1072 nm were located at two peaks in the 
shortwave infrared region for CPY. Starks et al. (2006) found that the 
wavelengths at 875 nm and 1015 nm could be used for establishing a 
CPY estimation model. This result was in line with our finding. A 
prominent VIP response around the wavelength at 1660 nm for CPY was 
derived from the absorption of the C-H functional group, as confirmed in 
Deaville et al. (2000). Kawamura et al. (2010) verified that the wave-
lengths around 2300 nm are closely associated with protein molecule 
properties (e.g. N-H stretch and C-H bend). This is an important factor 
that resulted in a small VIP peak of CP around 2300 nm in our study. For 
DMY, apart from the height information, there were no strong peaks 
with high VIP values, however the model performance was good, indi-
cating that many wavelengths contributed to the result. 

The PLSRwave+H was a promising model with much less explanatory 
variables, although the validation performance of PLSRwave+H was a 
little worse than that of PLSRspec+H due to the removal of a large number 
of near-infrared wavebands. 

One constraint of this study is that the crop height of forage was 
measured manually. However, our results preliminarily confirmed that 
data measured by an ultrasonic sensor (UC 2000-30GM-IUR2, Pepperl 
and Fuchs, Mannheim, Germany) has great potential to approximate 
forage height (as shown in Appendix A.). In future research, ultrasonic 
sensors can be applied to approximate crop height, and thus can be 
combined with spectroscopy to achieve an efficient assessment of forage 
yield and quality. 

5. Conclusions 

This study demonstrated the feasibility of combining canopy spectra 

with auxiliary growth parameters (i.e. crop height) to estimate forage 
biomass and nutritive value using PLSR and SVM. In terms of R2 and 
RRMSE, SVM performed satisfactorily, especially for estimating NDF 
and CPY, although overfitting was evident in the estimation of some 
variables such as IVTD and ADL. Overall, PLSR showed stable prediction 
results between the calibration and validation sets. In addition, the 
performance of PLSRspec+H models using two types of explanatory var-
iables (i.e. full spectra and plant height) were superior to the PLSRspec 
models using only full spectra. PLSRwave+H had great potential to 
simplify estimation models by using fewer explanatory variables. The 
proposed method in this study showed reasonable accuracy for pre-
dicting DMY, IVTD, NDF, NDFD, ADF, ADL, CP, CPY, and BC variables. 
The results constitute a promising method for practical applications. It is 
reasonable to assume that the proposed methods could provide a reliable 
tool for producers and managers to assess the performance of grasslands 
and make timely fertilizer and harvesting decisions. 
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Appendix A. . Relationship between crop height, measured by using a meter ruler and an ultrasonic sensor. A total of 216 crop height 
datapoints were collected from June to August in 2017 and from June to July in 2018. The R2 and RRMSE values were 0.91 and 11.0%, 
respectively. 
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