
Original research article

A data-driven near infrared calibration process
including near infrared spectral thumbprints

Sharon Nielsen1, Kenneth G Russell2, Alison Kelly1,3 and Glen Fox1

Abstract
Near infrared spectra are highly correlated, complex and noisy, and potentially have many more predictor variables than are

required to estimate a parsimonious calibration equation. It is difficult to appreciate the implication of pre-processing

choices that are made during calibration, especially in connection with the relationship between the transformed data and

the reference values. Graphical methods can be used to understand these relationships better and decisions made during

the calibration process can be based on the data alone. In this paper, new graphical tools are introduced to help the

researcher better understand these complex relationships in the data. When combined with the proposed algorithm to

explore spectra in relation to calibration, these tools enable a parsimonious calibration model to be formed. The results

from two different (diesel and wheat) near infrared spectra show that it is possible to form successful calibration equations

based on the proposed algorithm, which includes the two new graphical tools. There is a high level of correlation between

the results of the different transformations considered, suggesting that in terms of parsimony, developing a calibration using

the raw spectra could provide the most judicious outcome.
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Introduction

The most common aim of collecting near infrared
(NIR) spectra is to form a calibration, modelling the
relationship between the spectra and a quality or refer-
ence value (usually measured in a laboratory). As the
relationship between the product chemistry and NIR
spectra is highly complex, it is important to explore
the data to gain an understanding of the relationships
inherent in the data, so that appropriate data trans-
formations can be made, and suitable methods of
analysis can be used in the calibration process.

The NIR scanning technology is improving con-
stantly and the absorbance values can now be measured
across thousands of wavelengths. The absorbances at
different wavelengths define the multivariate nature of
the data and, as such, dictate the need for appropriate
statistical techniques that make plausible assumptions
about the underlying properties of the data. The nature
of the spectra makes using simple statistical methods,
like linear models, inappropriate due to the collinearity
in absorbance values between wavelengths.1–3

An important part of the calibration process is pre-
processing the spectra,4 so that the data are in a suitable
form for identifying the relationship between the spec-
tra and the reference values.5 Rinnan et al.6 caution

‘While it is difficult to find the best pre-processing, it
is indeed possible to use wrong pre-processing.’ The
decision regarding which pre-processing method to
use can be based on experience and knowledge, or on
the ‘favourite’ or usual pre-processing method, or on
some other (usually) subjective process. The aim of this
process is to achieve more parsimonious models that
are interpretable.6 It is common to use the results
from the calibration model (usually the root mean
standard error of cross validation7 (RMSECV)) to jus-
tify the choice of pre-processing method.

The statistical methods used in the calibration pro-
cess have been developed specifically to analyse this type
of spectral data. However, it is difficult to appreciate the
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complexity of the data, the implication of the pre-pro-
cessing choices that are made to transform the data and
the relationship between the transformed data and the
reference values. Graphical methods can be used to
understand these relationships better and help to
ensure that the process is driven by information in the
data, rather than selecting a method of choice and not
graphically exploring patterns in the data.

Researchers routinely using NIR will be familiar
with the plots of the spectra, with the wavelengths on
the horizontal (x-) axis and the absorbance values
(or reflectance values) on the vertical (y-) axis. These
graphs are available during scanning and the calibra-
tion processes from current NIR software. In addition,
during the calibration process the correlation (at each
of the wavelengths) between the reference values and
the absorbance values can be displayed in a simple line
graph.

Researchers using Grams IQ software (Thermo
Fisher Scientific, Waltham, MA) can view spectral pro-
files (SPs) and the correlation between the reference
values and the spectra on a single screen during the
calibration process. A limitation of these graphs is
that it is impossible to see the relationships between
the absorbance values at different pairs of wavelengths.
It is possible there is hidden structure in spectra that
may be important to understand and account for in the
calibration process. Another limitation of these graphs
is that they do not assist the understanding of the effect
of pre-processing on the relationship between the trans-
formed data and the reference values.

A 2D correlation graph was introduced by Bax and
Lerner8 for nuclear magnetic resonance spectroscopy
and has been subsequently used in the NIR arena by
a number of authors.9 The 2D correlation graph is
reported10 to display ‘additional useful information,
which is not readily available from the conventional
one-dimensional spectrum’.

The aim of this study is to explore the use of a new
spectral analysis approach, called the near infrared
spectral thumbprint (NiRsT) that displays this infor-
mation in a single graph. After all spectral data trans-
formations have been considered, the correlations
between the reference values and the transformed
data can all be displayed in the second new graph devel-
oped by the authors, called the transformation ribbon
stack (TRiS). The use of the NiRsT technology and
other existing graphical techniques not commonly
implemented in chemometrics are presented here to
inform the decision-making process during calibration.
An algorithm to explore spectra in relation to calibra-
tion is proposed to include these new graphs into the
calibration process.

In addition, the study explores the use of the NiRsT
and TRiS in conjunction with typical NIR calibrations
pre-processing. Examples of a NiRsT are provided with
an explanation of the interpretation of these new
graphs through the analyses of two publicly available
NIR data sets.

Materials and methods

NiRsTs

The NiRsT is a new tool for visualising the patterns
inherent in NIR spectra and is developed using the stat-
istical computer package R.11 The NiRsT combines
three separate graphs into one. The NiRsT outline
(Figure 1) shows the individual graphs which are
aligned above one another, and the correlation key
strip, which is positioned to the right of the graphs.
The combination of these three graphs together in
one graphic allows researchers to gain a better under-
standing of the NIR spectra in relation to the calibra-
tion process, as they can compare the spectra to the
reference values while assessing the inherent structure
within the spectra. The major (top) portion of the graph
displays the correlations between the spectral values
from different samples paired by wavelengths (correl-
ations between absorbance values paired by wave-
lengths: CAW). The SPs are shown in the bottom
section of the graph. The correlations between the ref-
erence values and the absorbance values paired by
wavelengths (CRVAW) are positioned in the middle
of the graph. Each correlation value is calculated
across all samples.

Figure 1. Basic NiRsT outline showing the correlations of

absorbance values between each wavelength in the CAW, and

between each wavelength and the reference values in the CRVAW.

CRVAW: correlations between the reference values and the

absorbance values paired by wavelengths.
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The graph requires two separate Pearson’s correl-
ation matrices.1 The correlation values

1. in the CAW are between the absorbance values of
pairs of wavelengths across the samples,

2. in the CRVAW are between the reference values and
the absorbance values of each wavelength across the
samples.

The code for this R11 function can be found in the
supplementary material. The grid.imageFun function
was written by Paul Murrell12 and the tick labels are
assigned according to an algorithm suggested by Paul
Heckbert.13 The format of the data requires the absorb-
ance values of each sample scan to be stored in a sep-
arate row of a data frame. Each column in the same
data frame represents a different wavelength. The ref-
erence values and the wavelength numbers (1, 2, . . . ,m)
are required in vector form, as two separate vectors –
where m is the number of wavelengths in the data.

The spectra are set up in an n�m data frame (or a
matrix) called spect.dat. There are two vectors, one for
the reference values (n elements or samples) and the
other for the wavelength values, called rvals and wave-
lengths, respectively.

To demonstrate the NiRsT, the publicly available
NIR data of Diesel Fuels, obtained from the
Eigenvector Research website14 is used. The spectral
range of the data was 750–1550 nm. The samples were
diesel fuels (n¼ 784) and the target reference value for
the graph presented in this paper is the total aromatics
in the fuel, measured as % mass. The target reference
value was only measured on 395 of the samples. The
spectra were imported into R11 as a data frame, called
absorb, and the reference values and the wavelengths
were stored separately as vectors. The call to the NiRsT
(Figure 2) was

nirst dat ¼ absorb, rvdat ¼ total,ð

nmW ¼ wavelengthsÞ

Having created the NiRsT, consideration is now
given to understanding and interpreting the graph.

In Figure 2, the correlation key is on the right and
shows that correlation values vary from �1 (red) to 1
(blue) with white showing a zero correlation. Starting
with the SPs at the bottom of the graph, the usual pat-
terns are evident. There are obvious sections (wave-
lengths) where the spectra are very similar and then
other sections where the spectra diverge, particularly
toward the left- and right-hand sides of the graph.
There is a peak around 1230 nm and the beginning of
a larger peak around 1550 nm.

The CRVAW is the middle section of the graph.
This shows the correlation between the total aromatics
and the spectra by wavelength. There are sections of
strong correlation (both positive and negative) and
other sections of lighter colour, showing correlations

close to zero. The strength of correlation is not consist-
ent across the range of wavelengths. There is a section
of strong positive correlation toward the right-hand
side of the graph.

In the top section of the graph (CAW), the correl-
ations between the spectral values are paired by wave-
lengths. This section is symmetric about the line y ¼ x,
and this diagonal line shows perfect correlation. (It is
the correlation of the spectra with itself.) There are sec-
tions in this graph demonstrating the strong correlation
that is known to be a feature of NIR spectra – these are
the darker blue block-like sections in the CAW. There
are some sections where there are moderate to strong
negative correlations between the spectral values paired
by wavelengths (these are the red sections in the CAW).
Interestingly, in the wavelengths above 1470, there are
many sections of spectra that show only a weak correl-
ation with other values across the spectral range.
If the researcher knew the relevant chemical bonds
for the calibration then, armed with the information
from the NiRsT, the calibration could be targeted to
place more attention on the relevant information in the
spectra, which might help to create a more parsimoni-
ous model.

NiRsT can be used in conjunction with other graphs
and tools in the calibration process to inform the deci-
sion-making process. For example, it might indicate
what pre-processing method should be used, or how
many latent variables (LVs) should be retained in the
model.

The calibration toolbox

The development of a calibration equation linking the
spectra to the reference values, using principal compo-
nents regression15 (PCR) or partial least squares regres-
sion7 (PLSR), involves deciding on

(i) the ‘best’ transformation/s of the spectra to use,
and

(ii) the number of LV that will provide the most par-
simonious model.

Many subjective decisions are used to complete this
process, but numerous existing statistical tools can sup-
port this process. The NiRsT is another tool that can be
added to the calibration toolbox to aid the researcher to
decide on the appropriateness of the transformation.

Parallel coordinates plot (PCP)

The PCP is a multivariate graph that is used in many
discipline areas16–18 and is a useful tool for visualising
multivariate data. These plots help the researcher to
identify correlation between pairs of variables and iden-
tify outliers.19 It is now considered as an additional tool
to inform the decision on the number of LVs to retain
in the model. A sample PCP, based on simulated data,
can be found in Figure 3. In this example there are five
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vertical lines (one for each dimension) and each sample
is visualised as a line that crosses each axis at its cor-
responding coordinates. Data that are similar will clus-
ter throughout the graph, while dissimilar data will not
be clustered. Line segments that are not clustered may
be interpreted as outliers.

Each line in the graph represents an individual
sample. The strong positive correlation between vari-
ables v1 and v2 can be seen in the left-most segment of
the graph as there are relatively few lines crossing over
each other. The medium negative correlation between
v4 and v5 can be seen in the last segment where there is
a large amount of crossover of the lines. As Wegman20

indicates, the concentration of the lines is an indication
of the distribution of sample values. By looking ‘for the
most intense flow through the diagram’20 the user can
get a sense of the distribution of the data. As a result,
any outliers are apparent in the PCP as lines outside of
the flow. The PCP can be used in the NIR calibration
context to investigate the relationships between the LVs
in a PCR and/or a PLSR and identify outliers in
spectra.

Once these different tools have been employed for all
the transformations under consideration, a TRiS can be
used to check the soundness of the pre-processing tech-
niques employed.

TRiS

TRiS take the CRVAW sections for all the different
pre-processing methods that have been considered
and align them one on top of the other, such as
shown in Figure 4. For a successful calibration model
to be found, some spectral regions of transformed data
need to be positively related to the chemical properties
under investigation.

An algorithm to explore spectra in relation
to calibration

After analysing many NIR data sets, it was found that
following the process below is useful for deciding the
transformation required and the number of LVs to
retain in the calibration model.
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Figure 2. NiRsT of total aromatics in diesel fuel (raw data) showing (a) The correlations of absorbance values between each wavelength

in the CAW, (b) the correlations of absorbance values between each wavelength and the reference values in the CRVAW and (c) the NIR

spectra profiles across all wavelengths.
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1. Create a NiRsT of the raw data.
2. Use the NiRsT to choose the pre-processing method.
3. Transform the data.
4. Create a NiRsT of the transformed data and

assess whether there is a reasonable relationship

between the reference values and the transformed
spectra:

a. Stronger colours show where the correlations are
greater in absolute value.

b. Look for structures in the CAW.
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Figure 4. TRiS of total aromatics in diesel fuel showing correlation across all samples between references values and the absorbance

values paired by wavelengths. The labels on the left-hand axis represent different pre-processing methods. MSC: multiplicative scatter

correction; RAW: no transformation; SG1: Savitzky–Golay first derivatives; SG1SNV: Savitzky–Golay first derivatives followed by SNV; SG2:

Savitzky–Golay second derivatives; SG2SNV: Savitzky–Golay second derivatives followed by SNV; SNV: standard normal variate; SNVSG1:

SNV followed by Savitzky–Golay first derivatives; SNVSG2: SNV followed by Savitzky–Golay second derivatives.
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Figure 3. The PCP of simulated data showing the average correlation between each pair of variables. v1:v2 r¼ 0.8, v2:v3 r¼ 0.6, v3:v4

r¼ 0.3 & v4:v5 r¼�0.4.
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5. Form the calibration model if the strength of the
correlation in the CRVAW improves compared to
the raw graph.

6. If using PCR or PLSR, decide on the number of LVs
to include in the model. This can be done by using
numerous tools to inform the decision, including:

a. loading plots of the important LVs,
b. the scree plot,
c. the PCP – also screen for outliers,
d. the scatterplot matrix to assess the relationship

between the reference values and the LVs,
e. the LVs that explain a significant proportion of the

total variation – in this article it is set to more than
1% of the total variation, and

f. the RMSECV.
7. Decide on the number of LVs to include in the model.
8. Repeat Steps 3–7 for as many pre-processing meth-

ods as appropriate.
9. Create a TRiS of all considered transformations and

check that the transformation is consistent with the
chemistry in the data.

10. Using all the information gathered, decide on the
most appropriate transformation and model.

There is no prescribed optimal way to select the
number of LVs to include in the model (Step 6). As
such, it is a subjective process. The tools to inform
the decision process outlined in Step 6 (a–f) have been
suggested as options to inform the decision-making
process only. For example, the RMSECV is not the
best way to select the number of LVs but it is a reason-
able way to assess if one model is better than another.
This process will be demonstrated using two different
publicly available NIR data sets. The first data set is
based on the diesel fuel data referred to in the
‘Materials and methods’ section, obtained from the
Eigenvector Research website.14 Again, the total
aromatics in the fuel form the reference values for the
calibration process. Only wavelengths from the NIR
region of the spectrum are used in this analysis
(1100–1550 nm). No information was provided on the
spectrometer, resolution or the number of scans aver-
aged in the process. The second data set considered is a
NIR wheat data set,21 downloaded from the
Chemometrics World22 website. These data were col-
lected in Denmark on 151 ground wheat samples. The
spectra were collected using the NIR Systems 6500
spectrometer over wavelengths ranging from 1004 to
2494 nm. The reference value is protein % dry matter.
The data were divided into a training set (a random
selection of 101 samples) and a testing set (the remain-
ing 50 samples).

The transformations that will be considered in these
analyses are:

1. No transformation (Raw)
2. Standard normal variate (SNV)23

3. Multiplicative scatter correction (MSC)24

4. Savitzky–Golay25 first derivatives (SG1)

5. Savitzky–Golay first derivatives followed by SNV
(SG1SNV)

6. SNV followed by Savitzky–Golay first derivatives
(SNVSG1)

7. Savitzky–Golay second derivatives (SG2)
8. Savitzky–Golay second derivatives followed by SNV

(SG2SNV)
9. SNV followed by Savitzky–Golay second derivatives

(SNVSG2)

All Savitzky–Golay treatments adopt a window size
of 11 and a polynomial of order 3. The window size and
the order of polynomial used in a Savitzky–Golay
transformation are other subjective decisions that are
made during the calibration process. This transform-
ation averages over trend to remove error. The
window size can be adjusted to improve signal-to-
noise ratio but runs the risk of losing real variation.26

Many different window sizes are reported in journal
articles. Window sizes ranging from 3 to 11127,28

points have been described in this journal during the
past two years, with five of 33 articles using a window
size of 11 points. Other window sizes could have been
considered in this article but being mindful of the
length of this paper it was decided to work with this
window size only.

Many more transformations are possible but trans-
formations 1–9 above are those most commonly used.
All graphs for each transformation are shown in the
Supplementary Material – only a few selected trans-
formations are demonstrated for each example. The
calibration is conducted in R11 using the pls package.29

Results

Diesel fuel data

The NiRsT of the raw diesel spectra can be found in
Figure 2. In the SP section, the spectral lines for each
sample were more variable after 1450 nm. This is an
indication of heterogeneity in the spectra. Otherwise,
in the SP, there was little variability across or between
the samples. There is a small double peak around
1250 nm and a larger peak just below 1550 nm. In the
CAW, there are low to strong positive correlations in
the spectral values between paired wavelengths below
1460 nm. From 1470 nm onwards, there is a mixture of
positive and negative correlations in the spectral values
between paired wavelengths across all samples. In terms
of calibration, the relationship between the reference
values and the spectra is relevant. In the CRVAW
(Figure 2), the correlations range from strongly nega-
tive to strongly positive. This is an indication that there
is some information in the spectra that is related to the
chemical structure of the diesel fuel.

To help determine the number of factors to retain in
this analysis, the scree plot, scatterplot matrix and PCP
will now be considered (Figure 5). A graph of the first
five loadings from the PLSR analysis across the spectral
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wavelengths can be seen in Figure 5(b). All factors
whose loadings are shown in this graph appear to
have information associated with them, as assessed by
the regular patterns in the curves. The largest loadings
(or weights) for all these LVs (components) are found
at wavelengths greater than 1500 nm. In Factors 4 and
5, there are also larger loadings around 1250 nm.

The ‘elbow’ in the scree plot (Figure 5(a)) coincides
with the third factor, which has a cumulative percent-
age variance explained of 97%. Considering the
relationship between the first five factors and the
reference values (in Figure 5(d)), the correlation
between the reference value and the first factor is
0.88. Factors 2 and 4 have a much lower correlation
with the reference value (r¼ 0.28), while Factor 3 is
lower again. Outliers can be seen in the plots between
the reference values and Factors 2 and 3. Under normal
circumstances these should be investigated. The scatter-
plot matrix (Figure 5(d)) and the PCP (Figure 5(c))
both highlight outliers well. In the PCP (Figure 5(c)),
the outliers are evident through to the fifth factor. In
this graph, the ‘flow’ is evident from Factor 1 to 4.
After Factor 4 the ‘flow’ is less evident. The informa-
tion in Table 1 summarises the PLSR information of
the raw data analysis.

Using the information from these three graphs,
between three and five factors should be selected. The
chemistry of diesel fuel involves many hydrocarbon
molecules, typically C12H23 but they can range from
C10H20 to C15H28.

30 The C–H bonds have a second

overtone around 1220–1250 nm. As the loading plot
(Figure 5(b)) clearly shows a peak in this area of the
spectrum, it is decided to retain five LVs in the raw
data model.

SG1 transformed data

The data were transformed using SG125 based on a
window size of 11 using a polynomial of order 3. The
NiRsT of the SG1 diesel spectra can be found in Figure
6. In the SP section, the spectral lines for each sample
are more variable, compared to the raw data shown in
Figure 2, after 1450 nm. There is also an increase in the
variability between 1200 and 1330 nm, compared to the
raw data shown in Figure 2. In the CAW, the

Figure 5. Diesel raw spectra graphs from partial least squares analysis: (a) Scree plot, (b) loading plot, (c) PCP and (d) scatterplot matrix.

LV: latent variable; RMSECV: root mean standard error of cross validation; RMSEP: root mean standard error of prediction.

Table 1. Partial least squares regression information of the raw

data analysis of total aromatics in diesel fuel.

Assessment tool Number of LVs Value

Loading plot 5 or more

Scree plot 3

Scatterplot matrix 4

PCP 4

Variation> 1% 4 1.6%

RMSECV 5 1.99

LV: latent variable; PCP: parallel coordinates plot; RMSECV: root mean

standard error of cross validation.
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correlations are stronger throughout, with increased
levels of switching between strong negative and strong
positive values, compared with Figure 2. In the
CRVAW the correlations overall are stronger than
those seen in Figure 2. This is an indication that the
relationship between the transformed spectra and
chemical structure in the diesel fuel is stronger for
this transformation.

The graph of the first five loadings from the PLSR
analysis across the spectral wavelengths can be seen in
Figure 7(b). The loadings in this plot, compared to
those in Figure 5(b) for the raw data, are generally
larger, especially through 1175–1325 nm and beyond
1450 nm. The information contained in these loading
curves could be relevant to the calibration. To

determine the number of factors to retain in this ana-
lysis, the scree plot, scatterplot matrix and the PCP will
now be considered (Figure 7).

The ‘elbow’ in the scree plot (Figure 7(a)) coincides
with the fourth factor, which has a cumulative per-
centage variance explained of 98.6%. Now consider
the relationship between the first five factors and the
reference values in Figure 7(d). The correlation
between the reference value and the first factor is
0.91. Factor 3 has a much lower correlation with the
reference value (r¼ 0.30), while the correlations for
the other factors are lower again. The outliers can
be seen in the plots between the reference values and
Factors 2–5. In the PCP (Figure 7(c)), the outliers are
evident through to the fifth factor. In this graph, the
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Figure 6. NiRsT of total aromatics in diesel fuel (SG1 data) showing (a) the correlations of absorbance values between each wavelength

in the CAW, (b) the correlations of absorbance values between each wavelength and the reference values in the CRVAW and (c) the NIR

spectra profiles across all wavelengths.

NIR: near infrared.
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‘flow’ is evident from Factors 1–4. After Factor 4 the
‘flow’ is less evident.

The information in Table 2 summarises the PLSR
information of the SG1 data analysis.

Using this information four factors should be
selected.

SNVSG2 data

The data were transformed using SNV followed by SG2
based on a window size of 11 using a polynomial of
order 3.

The NiRsT of the SNVSG2 diesel spectra can be
found in Figure 8. The spectral lines in the SP section

show greater variability between 1180 and 1300 nm,
and above 1475 nm, when compared to Figure 2. In
the CAW, the relationships have been disrupted when
compared to the relationships in Figure 2. The colours
switch between red and blue throughout the whole
CAW part of the NiRsT. The correlations are weaker
throughout, with high levels of switching between nega-
tive and positive values. The strength of the correlation
overall in the CRVAW is stronger than that seen in the
CAW. This is an indication that this transformation
could be useful for calibration of the transformed spec-
tra of the total aromatics in the diesel fuel.

The graph of the first five loadings from the PLSR
analysis across the spectral wavelengths can be seen in
Figure 9(b). The loadings are oscillating between posi-
tive and negative values. The ranges with the higher
loadings are between 1200 and 1300 nm and above
1450 nm. This is similar to the previous loading plots
(Figures 5(b) and 7(b)). To determine the number of
factors to retain in this analysis, the scree plot,
scatterplot matrix and the PCP will now be considered
(Figure 9).

The ‘elbow’ in the scree plot (Figure 9(a)) coincides
with the fifth factor, which has a cumulative percentage
variance explained of 96.6%. Consider the relationship
between the first five factors and the reference values in
Figure 9(d). The correlation between the reference
value and the first factor is 0.93. Factor 2 has a much
lower correlation with the reference value (r¼ 0.23),

Figure 7. Diesel SG1 data spectra graphs from partial least squares analysis: (a) Scree plot, (b) loading plot, (c) PCP and (d) scatterplot

matrix.

LV: latent variable; RMSECV: root mean standard error of cross validation; RMSEP: root mean standard error of prediction.

Table 2. Partial least squares regression information of the

Savitzky–Golay first derivative data analysis of total aromatics in

diesel fuel.

Assessment tool Number of LVs Value

Loading plot 5 or more

Scree plot 4

Scatterplot matrix 3

PCP 4

Variation> 1% 4 2.1%

RMSECV 4 1.39

LV: latent variable; PCP: parallel coordinates plot; RMSECV: root mean

standard error of cross validation.
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while the correlations of the other factors are lower
again. The outliers can be seen in the plots between
the reference values and Factors 2–5. In the PCP
(Figure 9(c)), the outliers are evident only in the first
two factors. In this graph, the ‘flow’ is evident through-
out, however at Factor 5 the ‘flow’ is less evident.

The information in Table 3 summarises the PLSR
information of the SNVSG2 data analysis.

Using the information from these three graphs, five
factors should be selected.

The results from the remaining transformations can
be seen in the supplementary material. A summary of
the number of factors required and the RMSECV from
the analyses is recorded in Table 4.

The TRiS can be found in Figure 4. The wavelengths
around 1450 nm have a consistent positive correlation
with the spectra through all transformations. There is
no other region where the relationship between the ref-
erence values and the spectra is consistent. This indi-
cates that the transformations are changing where the
important chemical information is in relation to the
reference values.

Processing all this information, it appears that pre-
processing the data using SG2 provides the most par-
simonious model for the diesel fuel data. To examine
the results further a correlation matrix graph of the
fitted values from the PLSR analysis of each of the
transformations considered is shown in Figure 10.
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Figure 8. NiRsT of total aromatics in diesel fuel (SNVSG2 data) showing (a) the correlations of absorbance values between each

wavelength in the CAW, (b) the correlations of absorbance values between each wavelength and the reference values in the CRVAW and

(c) the NIR spectra profiles across all wavelengths.

NIR: near infrared.

178 Journal of Near Infrared Spectroscopy 26(3)



The graph in the ith row and the jth column (i> j) of
the matrix plots are the fitted values from the ith trans-
formation against those from the jth transformation.

The correlation values between the fitted values for
pairs of transformations are very high (ranging from
0.95 to 1.00).

Wheat example

The NiRsT of the raw data (Figure 11) is starkly
different to that of the raw diesel data presented in
Figure 2, as expected, as the chemistry of the two
types of samples is very different. The peaks in the
wheat spectra below 2000 nm are associated with

water (peaks around 1140, 1440 and 1940 nm) and the
two peaks beyond 2000 nm are associated with carbo-
hydrate/starch (2100 nm) and cellulose (2300 nm). Even
though it is known that NIR energy interacts with pro-
tein and carbohydrates at the lower wavelengths31 in
this wheat spectra, the water peaks dominate.

The CAW is filled with a strong blue colour through-
out, indicating a strong positive correlation in spectral

Figure 9. Diesel SNVSG2 spectra graphs from partial least squares analysis: (a) Scree plot, (b) loading plot, (c) PCP and (d) scatterplot

matrix. LV: latent variable; RMSECV: root mean standard error of cross validation; RMSEP: root mean standard error of prediction.

Table 4. RMSECV summary from partial least squares regression

from analysis of total aromatics in diesel fuel.

Transformation Number of factors RMSECV

Raw 5 1.87

SNV 3 2.08

MSC 4 2.09

SG1 4 1.39

SG1SNV 4 1.62

SNVSG1 5 1.36

SG2 5 1.15

SG2SNV 5 1.21

SNVSG2 5 1.37

MSC: multiplicative scatter correction; RAW: no transformation; RMSECV:

root mean standard error of cross validation; SG1: Savitzky–Golay first

derivatives; SG1SNV: Savitzky–Golay first derivatives followed by SNV;

SG2: Savitzky–Golay second derivatives; SG2SNV: Savitzky–Golay second

derivatives followed by SNV; SNV: standard normal variate; SNVSG1: SNV

followed by Savitzky–Golay first derivatives; SNVSG2: SNV followed by

Savitzky–Golay second derivatives.

Table 3. Partial least squares regression information of the

Savitzky–Golay second derivative data analysis of total aromatics in

diesel fuel.

Assessment tool Number of LVs Value

Loading plot 5 or more

Scree plot 5

Scatterplot matrix 3

PCP 5

Variation> 1% 4 1.8%

RMSECV 6 1.14

LV: latent variable; PCP: parallel coordinates plot; RMSECV: root mean

standard error of cross validation.
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values between all paired wavelengths. This could be
interpreted as having only one dominant source of vari-
ation across all wavelengths, which is confirmed by the
PLSR analysis, as the first LV contains 99.5% of
the variance in the spectra. The relationship between
the reference value and the spectra, as seen in the
CRVAW, shows very weak (if any) correlation between
the protein (% DM) and the spectra by wavelength. It
appears that in this form, the calibration would be very
poor and of little use to predict protein (% DM) for
new samples from the same population.

After completing the analysis, the transformation of
choice would be SG1SNV or SNVSG1. The NiRsT for
SNVSG1 is shown in Figure 12. The spectra are no
longer unidimensional and the strengths of the correl-
ations between the RVs and the spectra are now much
stronger, as seen in the CRVAW. The strengths of col-
ours, hence correlations, in the CAW and the CRVAW
are now very similar, whereas in Figure 11, the strong
positive correlation shown in the CAW dominated the
pattern, with only weak correlations in the CRVAW.

The summary information from the analysis is
shown in Table 5 and all the graphs are available in
the supplementary material for the wheat analysis.

The TRiS is shown in Figure 13. Any of the
transformations that include MSC or SNV strengthen
the relationship between the RVs and the spectra.
Also, the relationships for the transformations

(excluding SG1 and SG2) remain reasonably consistent
across the wavelengths, indicating the chemistry
is likely to be driving the results – not the transform-
ations or some other unknown factor. Processing
all this information, it appears that pre-processing
the data using SG1SNV provides the most parsi-
monious model for the wheat data. To examine
the results further a correlation matrix graph of
the fitted values from the PLSR analysis of each
of the transformations considered is shown in
Figure 14.

The correlation values between the fitted values for
each of the transformations are very high (ranging from
0.92 to 1.00).

Discussion

One of the most important steps in the analysis of
quantitative data is to visualise the data in graphical
form. A graph will generally highlight patterns, as
well as anomalies, and help the researcher to explore
the distribution of the data and investigate the relation-
ships in the data.3 In fact it is recommended that,
before trying to fit a model to the data, a researcher
should visualise the data and look for potential rela-
tionships that may exist in the data, so that a sensible
statistical model can be formulated as a starting point
for the analysis.32

Figure 10. Correlation matrix graph of the fitted values from the PLSR analysis of the diesel fuel spectra.

MSC: multiplicative scatter correction; RAW: no transformation; SG1: Savitzky–Golay first derivatives; SG1SNV: Savitzky–Golay first

derivatives followed by SNV; SG2: Savitzky–Golay second derivatives; SG2SNV: Savitzky–Golay second derivatives followed by SNV;

SNV: standard normal variate; SNVSG1: SNV followed by Savitzky–Golay first derivatives; SNVSG2: SNV followed by Savitzky–Golay second

derivatives.
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Based on standard procedures for building calibra-
tion (particularly if standard commercial software is
used), the tools for visualisation are inadequate for
displaying the inherent correlation in spectra.
Certainly, there are software packages (for exam-
ple33,34) that would enable users to be able to scrutin-
ise the spectra as described in this paper but to the
best of our knowledge this is not happening in prac-
tice. During the past two years in this journal there is
evidence of investigations where the software being
used does not allow this level of scrutiny, with more
than 17% of the papers solely using software that
does not provide the facility to examine the spectra

in this way. The line graphs of the spectra show the
wavelengths where the samples are very similar (i.e.
the lines for these samples are almost overlapping)
and wavelengths where the samples differ. These dif-
ferences may be related to between-sample differences
in the quality of interest (reference value) or may be
due to other factors. Some calibration software dis-
plays the spectra aligned with another graph (usually
of a continuous curve), showing the correlation
between the reference values and the spectra across
the wavelengths. This is helpful as it is possible to
assess the spectra to find potential groups of wave-
lengths that may be useful when making a calibration.
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Figure 11. NiRsT of protein (%DM) in wheat (raw data) showing (a) the correlations of absorbance values between each wavelength in

the CAW, (b) the correlations of absorbance values between each wavelength and the reference values in the CRVAW and (c) the NIR

spectra profiles across all wavelengths.

NIR: near infrared.
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However, the relationships between the spectra at the
different wavelengths are not displayed at all.

These relationships are extremely important, as
they have driven the need for alternative analysis
methods like principal component regression and
PLSR to be applied to this type of data. Researchers
need to have a way of understanding this structure in
the spectra to support the decision-making processes
that need to occur when creating a calibration using
NIR spectra.

The NiRsT displays the complex relationships
within NIR spectra, helping the researcher to under-
stand the data in a way that has not been possible pre-
viously. Researchers will be able to use the NiRsT to

make informed decisions regarding transformations
and when building calibration models. Rather than
just using the methods normally used, as that is the
way it has been done previously or because it is a
‘favourite transformation’, the researcher can now
look at the data and make decisions based on the data
itself.5 Incorporation of other plots into the graphical
toolkit for calibration complement the information dis-
played in the NiRsT. Loading plots35 of the LVs from
the PCR or PLSR display noise in the data (related to
wavelength ranges that should be removed) and provide
information on the useful LVs to include in the calibra-
tion model. A scatterplot matrix36 including the refer-
ence values and scores from the PCR or PLSR highlights
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Figure 12. NiRsT of protein (%DM) in wheat (SNV SG1 data) showing (a) The correlations of absorbance values between each wavelength

in the CAW, (b) the correlations of absorbance values between each wavelength and the reference values in the CRVAW and (c) the NIR

spectra profiles across all wavelengths.

NIR: near infrared.
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outliers or possible structure in the data, while providing
more information about the important LVs for the cali-
bration model. A PCP20 shows similar information to
the scatterplot matrix but in a different way, confirming

the appropriate number of LVs to retain in the model.
Scree plots15 are traditionally used in PCR and PLSR to
identify the possible number of LVs to retain in the cali-
bration model. However, scree plots can be difficult to
interpret and in the NIR calibration context are not as
helpful as the other plots.

The NiRsT is novel in that it is the first graph used
for visualising NIR spectra that has displayed these
relationships. It is envisaged that the NiRsT can be
created to show the impact of multiple transformations
and highlight the dimensionality of the data. Ultimately
this should enable the researcher to develop a more
parsimonious calibration model that is data driven
rather than model driven.

However, if parsimony is to be considered then the
transformations need to be accounted for in this assess-
ment, as the transformations require between one and
three stages to complete. This adds to the complexity
of the analysis and hence the model. Considering the
results from the correlation matrix graph of the
fitted values from the PLSR analysis (correlations
between 0.92 and 1 for all transformations), a question
of the utility of data transformation in this context
must be raised. Surely with the statistical methodology
and computing power currently available, a more
parsimonious calibration method can be found that
does not require the data to be transformed prior to
analysis.
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Figure 13. Summary NiRsT of protein (%DM) in wheat showing correlation across all samples between references values and the

absorbance values paired by wavelengths. The labels on the left-hand axis represent different pre-processing methods.

MSC: multiplicative scatter correction; RAW: no transformation; SG1: Savitzky–Golay first derivatives; SG1SNV: Savitzky–Golay first

derivatives followed by SNV; SG2: Savitzky–Golay second derivatives; SG2SNV: Savitzky–Golay second derivatives followed by SNV;

SNV: standard normal variate; SNVSG1: SNV followed by Savitzky–Golay first derivatives; SNVSG2: SNV followed by Savitzky–Golay second

derivatives.

Table 5. Summary of the number of latent variables (and values)

from the partial least squares regression of the protein (%DM) in

wheat.

Data

Latent

variables Scree PCP SPM Var> 1% RMSECV

Raw 5 or more 4 3 3 2 (1.7%) 3 (1.17)

MSC 5 or more 3 4 2 4 (3.6%) 3 (0.56)

SNV 5 or more 3 4 2 4 (3.6%) 3 (0.56)

SG1 5 or more 5 5 4 3 (2.4%) 4 (0.60)

SG2 5 or more 5 3 3 3 (1.8%) 4 (0.53)

SNVSG1 5 or more 5 5 2 5 (1.1%) 5 (0.32)

SG1SNV 5 or more 5 5 4 5 (1.5%) 5 (0.33)

SNVSG2 5 or more 3 3 2 4 (3.0%) 4 (0.42)

SG2SNV 4 3 5 2 6 (1.3%) 5 (0.36)

MSC: multiplicative scatter correction; RAW: no transformation; RMSECV:

root mean standard error of cross validation; SG1: Savitzky–Golay first

derivatives; SG1SNV: Savitzky–Golay first derivatives followed by SNV;

SG2: Savitzky–Golay second derivatives; SG2SNV: Savitzky–Golay second

derivatives followed by SNV; SNV: standard normal variate; SNVSG1: SNV

followed by Savitzky–Golay first derivatives; SNVSG2: SNV followed by

Savitzky–Golay second derivatives; SPM: Scatterplot Matrix.
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