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Comparisson of three multivariate analysis
techniques during N content prediction
using NIR spectroscopy

Comparación de tres técnicas de análisis
multivariable durante la predicción
del contenido de nitrógeno del suelo usando
la técnica de espectroscopía

Annia Garcia Pereira1 and  Antihus Hernández Gómez2

ABSTRACT. Multivariate Calibration techniques are considers important and valuable tool for quantitative spectral analysis. Partial Least
Squares (PLS), Principal Component Regression (PCR) and Múltiple Linear Regression (MLR) methods have been applied indistinctly for
quantitative infrared analysis in the present and past. In this research work was evaluated the accuracy of PLS, PCR and MLR methods to obtain
the prediction models for Nitrogen content using NIR spectroscopy technique. The N content data obtained from laboratory analysis was related
with the spectral data collected (400 to 2400 nm) through PLS, PCR and MLR techniques to obtain the prediction models. During the analysis,
several data pretreatments were used in order to improve each model performance. The obtained models show a slight superiority of PLS above
PCR and MLR being not significant between PLS and PCR with correlation coefficient over 0.92 in both cases. The N content prediction by
means of NIR spectroscopy using PLS, PCR and MLR calibration techniques was successful.

Keywords: multivariate, partial squares, principal component, linear regresión, spectroscopy.

RESUMEN. Las técnicas de análisis multivariable son consideradas una importante y valiosa herramienta para el análisis espectral cuantitativo.
Los Últimos Cuadrados Parciales (PLS), análisis de Regresión de los Componente Principales (PCR) y la Regresión Lineal Múltiple (MLR) son
métodos que han sido indistintamente aplicados para el análisis infrarrojo cuantitativo en el pasado y presente. En este trabajo de investigación
fue evaluada la exactitud de técnicas como PLS, PCR y MLR durante la obtención de los modelos de predicción para el contenido de nitrógeno,
usando la espectroscopía. Durante el análisis los datos obtenidos de N, provenientes del laboratorio, fueron relacionados con los datos espectrales
(400 to 2 400 nm) a través de las técnicas antes mencionadas, además fueron usados varios pretratamientos de los datos para mejorar la actuación
de cada modelo. Los resultados obtenidos muestran una ligera superioridad de PLS sobre PCR y MLR no siendo significativa la diferencia entre
PLS y PCR con  coeficiente de correlación superior a 0,92 en ambos casos. La predicción del contenido de N con la espectroscopía fue exitosa
usando las tres variantes de análisis multivariable estudiadas.

Palabras clave: multivariable, cuadrado parcial, componente, regresión lineal, espectroscopía.
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INTRODUCTION

Partial least-squares (PLS) methods for spectral analysis
are related to other multivariate calibration methods such as

Classical least-square (CLS), Inverse Least Square (ILS) and Prin-
cipal component regression (PCR) (BRERETON, 2000; MILES
and SHEVLIN 2001). All these methods have been applied for
quantitative infrared analysis in the present and past.
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PLS is capable of being a full-spectrum method and

therefore enjoys the signal averaging advantages of other
full-spectrum method such as PCR and CLS (Martens and
Naes, 1989). This method is one of several factor analysis
methods that are available along with PCR and CLS (although
CLS is not commonly presented as a factor analysis method),
as well as, it has characteristics and advantages of the ILS
method which is limited in the number of spectral frequencies
that can be included in the analysis. Most of the recent
quantitative infrared studies involving multivariate statistical
methods have made use of two basic statistical approaches,
these are PLS and PCR. MLR has been widely used in the last
two decades for NIR’s prediction (Fox, 2000a, 2000b). PLS,
PRC, and MLR exhibit different properties and each method
has its own set of advantages and disadvantages. Several of
the advantages and disadvantages of each method have been
outlined by  Creaser and Davies, 1998a, 1998b; Brereton, 2000;
Tabachnick and Fidell, 2001; Pasquini, C.; 2003.

PLS, PCR and MLR have been utilized in a way or another
in near-infrared or UV analysis for constituent quantitative
prediction where a wide variability in results has been
obtained. This research work is focused in to evaluate the
accuracy of PLS, PCR and MLR methods to obtain the
predict ion models for  Ni trogen content  using NIR
spectroscopy technique.

MATERIALS AND METHODOLOGIES

A total of 165 samples of a loamy mixed soil air dry 40 oC
divided in two sets were used in the research, set (I) with 135
samples was used to develop the calibration model while set
(II) with 30 samples was used for the prediction. Spectral data
collection was performed using a spectrophotometer (ASD
FieldSpec Pro FR (350~2 500 nm)/A110070). The soil was set
in a petri dish and then was carefully flushed the superficie to
prevent interference. From each sample, reflectance
measurement of monochromatic light was complete from 350–
2 500 nm,  wavelength  increment  2 nm, see,  Figure 2.1. Three
reflectance spectra  were  taken over the central  area of  a
petri  dish with a diameter of 90 mm and a maximum depth of
15 mm, rotating the sample in between each scan approximately
120 º. For each reflectance spectra the scan number were 20 at
exactly the same position, a total scan for each sample were
60, fixed scanning time 0,1 s. All spectra recoded were checked
visually and averaged, using ViewSpec pro version 2,14 (from
ASD) and were properly stored for its further analysis.

Methodology for obtaining N content prediction
models using PLS, PCR and MLR

All the spectra recorded were exported to multivariate
analysis software, The Unscrambler 8.0 (CAMO ASA,
Norway). Using set (I) (for calibration, 135 samples), the
spectral reflectance data in units of optical reflectance [log
(1/R)] were first reduced by smoothing over several adjacent
spectral points (gap sizes) (3, 9, 11, 19, 39) to produce 666,
222, 182, 105  and 51 new data points, respectively.
Multiplicative Scatter Correction (MSC) technique was used

as pretreatment to reduce the effect of scattering. Calibration
equations were developed firstly using Principal Component
Analysis (PCA), later Partial Least Square technique (PLS)
(Martens and Naes, 1989) and Principal Components
Regression (PCR). PLS and PCR regression analyze techniques
were used to relate the reflectance spectra (400-2 400 nm)
with measured soil constituent values. Leave-one–out cross–
validation was performed on the calibration set to determine
the optimum number of factors (F). The F giving the smallest
RMSECV (Root Mean Square Error of Cross-Validation)
between measured and predicted values were chosen for the
PLS and PCR regression calibration models; however, to avoid
over-fitting, F was always <1/10 of the number of samples in
the calibration set (Rousseeuw and Van, 2000).

Using MLR technique is not possible to relate more
wavelengths than the number of samples used for the
calibration set (135 samples). For this reason it was necessary
to perform PLS and then using the histogram given by
UNSCRAMBRER 8.0 software for the regression coefficient,
were established these wavelengths simply related with the
N concentration (wavelengths in which lightly higher peaks
can be found across the histogram). Because a range of
wavelengths have to be selected, higher peaks in the
histogram was chosen as criteria. Four ranges of wavelengths
were selected as outstanding and were later used for the
analysis 550-615; 1 350-1 450; 1 860-1 920 and 2 035-2 150 nm.
Thus, MLR was used to obtain the calibration model fallowing
the options given by Unscrambler 8.0 software, for each range
separately. MSC technique was also used as pretreatment
using gap sizes 3, 9, 11, 19, 39. Were not applied 1st and 2nd

derivatives in this analysis.
The calibration was completed when one equation was

selected as giving the best results. The best calibrations is
the one with lowest Root Mean Square Error of Calibration
(RMSEC), Root Mean Square Error of Cross- Validation
(RMSECV), Standard Error of Cross- Validation (SECV) or
Standard Error of Prediction (SEP), and the highest r
(coefficient of correlation).

RESULTS AND DISCUSSION

Results developing calibration methods using PLS,
PCR and MLR indicated that NIRS was very good using
PLS and PCR for the entire data set with r value above
0,92, and reasonable successful using MLR with r values
above 0,70 in three of the four selected ranges at specifics
gab sizes. Nitrogen prediction with the three techniques
was successful, (see, Figure 1). The SECV shows that a
very good prediction could be expected using PLS and
PCR  with  values inferior to  3 mg/kg,  not  being  the
same way for MLR showing exactly the same behavior
that those obtained for r.   A noticeable  variability  was
found according  with  the gab  size during  the  data
pretreatment by moving average, despite a small  SECV
(less  than  7,4 mg/kg); when the calibration was performed
with the ranges 550-615, 2 035-2 150 nm; smoothed over 3
and 9 adjacent data points (gab size) for both ranges, and
1 860-1 920 nm with gab size equal 19. See, Figure 2. A
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wide variability is observed in the r and SECV for MLR
changing with the gab sizes, what could be a consequence
of a wrong wavelength range selection or the elimination
of important information during the data pretreatment
application. The smallest SECV for three of the four
selected ranges of wavelengths was obtained using 3 and
9 as gab sizes what justify in a way that, generally, when
MLR is applied is preferred use the spectra without be
smoothed, bu t is not completely avoided due to the
possibility that in some cases could improve the perfor-
mance of the model. In MLR the wavelengths selected
usually cannot be identified as known absorbers because
the actual  peaks absorbance may be lost  during
smoothing and derivation. Instead, the best wavelengths
for the calibration may be associated with the slopes of
peaks (Martin et al., 2003).

Its necessary takes into account that averaging makes
the computations less prone to roundoff and overflow
problems. However, it must be stressed that the result of
the PLS analysis depend on the nature of averaging and
scaling of the spectral data, and different results are to be
expected depending on how the spectral data are pretreated
(this is true of PCR also), (Walczak and Massart. 1995).
Averaging sometimes is desired cause it eliminates noises
that could affect the later prediction accuracy.

FIGURE 1. Correlation coefficient during N model building
using PLS, PCR and MLR.

FIGURE 2. Standard error of cross-validation during N model
building using PLS, PCR and MLR.

Calibration models obtained with PLS and PCR achieved
better statistic than those obtained with MLR, being PLS
slightly better than PCR, see Figure 3 with r of 0,938 and
0,932, as well as, SECV of 2,823 and 2,949 for each
multivariate calibration technique, respectively. Better
results were obtained smoothing over nine adjacent data
points for both PLS and PCR. A decrease of r and an increase
of SECV could be observed when increase the gab size
what is a consequence of some important absorbance peaks
may be lost during the smoothing by moving average.

FIGURE 3. Correlation coefficient and SECV for N calibration
models obtained with PLS and PCR regression techniques.

As general result, a correlation coefficient higher than
0,70 and SECV between 3,9 and 7,4 mg/kg indicate that
MLR was less successful than PLS and PCR, but also
could be used as a good technique for  N content
prediction. Until now is impossible be conclusive for
the result, whether PLS or PCR provide better prediction
than MLR of N in soil. Further investigation has to be
carried on dividing the whole spectra in ranges to be
analyzed using MLR (with a careful selection of each
range), and possible improvements could be made on
the calibration model.
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CONCLUSIONS

Nitrogen prediction using PLS, PCR and MLR was
successful indicating that NIRS has very good potential to
predict this consti tuent composition through these
techniques.
1. Calibration models obtained with PLS and PCR achieved

better statistic than those obtained with MLR, being
PLS slightly better than PCR, with r of 0.938 and 0.932,
as well as, SECV of 2.823 and 2.949 for each multivariate
calibration technique, respectively.

2. A noticeable variability was found according with the
gab size during the data pretreatment by moving avera-
ge, achieving better results when the data was smoothed
over 9 adjacent data points for both PLS and PCR.

3. According with this research work, PLS or PCR provide
better prediction than MLR of N in soil, but is impossible
be conclusive and further investigation has to be carried
on dividing the whole spectra in ranges carefu lly
selected and possible improvements could be made on
the calibration model.
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