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Pre-processing of soil visible and
near infrared spectra taken in
laboratory and field conditions to
improve the within-field soil
organic carbon multivariate
calibration
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Introduction
Calibration methods

The relationship between SOC and reflectance
is used to constuct statistical regression
models.

Multivariate regression methods: PLSR, PCR,
RT, ANN...

Most common method: PLSR (Wold, 1966)
Most effective method for total carbon
estimation: PLSR (Vasques et al., 2008).
Aadvanced machine learning techniques
yielded better results than PLS regression
(Viscarra Rossel and Behrens, 2010). Methods
for large datasets.

Study area

Chlewiska study site in Poznan Lakeland

Introduction
Soil reflectance

Introduction

Pre-processing

Pre-processing — transformations — pretreatment
Pre-processing of data is an important step in
multivariate calibration and its application improve
the acuracy of prediction models (Boysworth and
Booksh, 1988)

Chang et al. (2001) concluded that the main
challenge limiting application of NIRS for the
evaluation of soil properties, is finding suitable data
pre-treatment and calibration strategies.
Preprocessing of spectral data for SOC estimation:
Sorensen and Daalsgard (2005), Brunet et al.
(2007), Stevens et al. (2008), Vasques et al.
(2008).
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Measurement methods Measurement methods

Laboratory Field conditions

Spectral measurement
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min 51 14 2 694 501 414 57 58 6 085 253 148 265 098
mean 713 214 74 1710 686 635  22.9 , - - .
e e e number of bservatians, ? number of PLS latent variables
max 83 37 15 3054 7.84 743 596

std? 60 42 3.0 6.70 0.79 0.92 15.4
T number of observations, T standard deviation

Untreated data

The spectrally modeled SOC content map the
Walkley Black reference SOC content map and the
difference




The sample spectra of Gleyic Chernozems (GC, dark
lines) and Haplic Luvisols (HL, bright lines) taken in
the laboratory (dashed) and field (solid) conditions
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The sample spectra of Gleyic Chernozems (GC, dark
lines) and Haplic Luvisols (HL, bright lines) taken in
laboratory (solid) and field (dashed) conditions
transformed by the min-max normalization.
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Conclussions

The use of the pre-processing methods allows
reducing the uninformative variance from the soil
spectra taken in laboratory and field conditions.

The application of the pre-processed field spectra
allows producing the soil maps of the accuracy,
corresponding to the maps derived from the
laboratory spectroscopy.

The comparison between the results of this study and
the previously published results indicates that the
selection of the best performing pre-processing
method is dataset dependant.

Therefore, the future research on automated and
unsupervised procedures using a large number of pre-
processing methods in multivariate modeling is
desired.

The accuracy of the SOC calibration using raw and
pre-processed spectra from laboratory and field
spectral measurements.

Laborator
1 : RMSE
nonv @R ESE
raw reflectance 0.86_2.53

absorbance (ABS) 0.33 223
Kubelka Munk 0.9 223

min-max (MMN) 09 21
0.89 2.24

continuum removal 68 0.85 26
Sav.Gol. derivative(SGD) 0.86  2.47

mean centering 3 0.83 287
median cent. (MEC) 0.86  2.52

ABS_MEC 0.88 233
ABS_MMM .89 2.24
ABS_MMN_SGD_MEC 9 214
ABS_MMN_MEC 9 213

* number of latent variables

SOC content mapped using the reference Walkley-
Black method (a), and the multivariate calibration on
raw reflectance spectra (b) and min-max pre-
processed spectra and the respective difference maps
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