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Abstract Thirty-three bituminous coal samples were uti-
lized to test the application of laser-induced breakdown
spectroscopy technique for coal elemental concentration
measurement in the air. The heterogeneity of the samples
and the pyrolysis or combustion of coal during the laser–
sample interaction processes were analyzed to be the main
reason for large fluctuation of detected spectra and low
calibration quality. Compared with the generally applied
normalization with the whole spectral area, normalization
with segmental spectral area was found to largely improve
the measurement precision and accuracy. The concentra-
tions of major element C in coal were determined by a
novel partial least squares (PLS) model based on dominant
factor. Dominant C concentration information was taken
from the carbon characteristic line intensity since it contains
the most-related information, even if not accurately. This
dominant factor model was further improved by inducting
non-linear relation by partially modeling the inter-element
interference effect. The residuals were further corrected by
PLS with the full spectrum information. With the physical-
principle-based dominant factor to calculate the main
quantitative information and to partially explicitly include

the non-linear relation, the proposed PLS model avoids the
overuse of unrelated noise to some extent and becomes
more robust over a wider C concentration range. Results
show that RMSEP in the proposed PLS model decreased to
4.47% from 5.52% for the conventional PLS with full
spectrum input, while R2 remained as high as 0.999, and
RMSEC&P was reduced from 3.60% to 2.92%, showing
the overall improvement of the proposed PLS model.
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Introduction

Laser-induced breakdown spectroscopy (LIBS) is an atomic
emission spectroscopy technique that employs laser-
induced plasma as both the sample volume and the
excitation source, dissociating all molecules and fine
particulates within the highly energetic micro plasma. The
resulting plasma emission can be associated with the
elemental concentration in the sample. Because of LIBS’
advantages, such as not needing pretreatment of the
material, the speed of analysis and the possibility of in situ
analysis, LIBS is attractive for industrial applications in a
variety of fields [1–10].

In recent years, more and more researchers have focused
on LIBS application in field monitoring for coal analysis
and related issues in the coal-fired power plants. On-line
determination of coal chemical composition prior to
combustion is vitally important for a power plant to obtain
optimal boiler control. The coal constituents not only
impact pollutant emissions, but also the boilers, affecting
combustion stability, corrosion, ash deposition and disposal
[11]. However, current commercially available on-line
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techniques such as X-ray fluorescence (XRF) and prompt-
gamma neutron activation analysis have strict requirements
and difficulties in analyzing low atomic elements such as C
and O [12]. Therefore LIBS, which offers fast and
simultaneous multi-element analysis, has great potential
for on-line coal measurement.

A number of studies have already probed the applica-
bility of LIBS in coal analysis. Yin et al. [12] designed a
LIBS system for quality analysis of pulverized coal and the
measurement errors were less than 10%. Wallis et al. [13]
investigated lignite samples and obtained detection limits of
Ca, Al, Na, Fe, Mg and Si. Body et al. [14] developed a
LIBS instrument for analysis of pressed coal and the
measurement accuracy for inorganic components (e.g. Al,
Si, and Mg) was typically within ±10%. Blevins et al. [15]
applied LIBS to detect elements such as Na, K, Ca in the
flue gas of a power generation boiler. Ctvrtnickova et al.
[16, 17] demonstrated the capability of LIBS for character-
ization of coal fly ash components and the regression
coefficients of calibration curves for elements such as Ba,
K, Mg were in the range of 0.86–0.99. Many other
applications have also been reported [18–24]. However, as
far as we know, the extension of the quantitative method to
a wide elemental concentration range still appears to be
problematic and few publications have focused on the
determination of major elements, such as C, in coal—a task
with important implications for coal quality.

The application of LIBS to accurately predict the major
elemental constituents in coal, though, faces many obstacles
that currently restrict its use in on-line coal analysis. A
fundamental difficulty is that coal is a relatively heteroge-
neous sample containing minerals like carbonates, sulfides
and oxides, which cause a strong matrix effect including
inter-element interference. Due to the many sources of
uncertainty, more accurate coal analysis requires further
improvement of the calibration model. Multivariate tech-
nique partial least squares (PLS) is such a useful method to
utilize the abundant spectral information to compensate for
different deviations [25–30]. To our knowledge, there is
little work on coal analysis using LIBS with PLS. However,
the fundamental flaw in PLS application directly to spectra
is that the method neglects any underlying physical
principles, focusing purely on mathematical data correlation
instead. As a result, the predictions from a PLS model have
limited accuracy if the matrix of the measured samples
varies away from that of the calibration sample set [25].
Another limitation is that PLS may not satisfactorily model
the non-linear relationship between the spectrum and the
species concentration, such as the saturation effects of self-
absorption [27].

The main philosophy of our approach is to induct non-
linear factor to PLS thereby to partially overcome the
intrinsic linear correlation deficiency of the PLS approach

in modeling non-linear relationship. Specifically, a PLS
model with dominant factor based on the physical princi-
ples is proposed for C concentration determination in coal
samples. The characteristic line intensities are applied to
establish the dominant factor reflecting the elemental
concentration in typical LIBS measurements, while PLS is
used to minimize the residuals of the calibration model to
effectively utilize spectral information to compensate for
fluctuations of plasma properties. The model combines
advantages of the physical-principle-based univariate model
and PLS approach, reducing the possibility of overfitting
and thus improving the accuracy.

The detailed model description is given in the next
section. To prove the efficacy of the proposed PLS model
based on dominant factor, an experiment was conducted to
test the proposed model’s accuracy against the conventional
PLS model. Then, the paper discusses several major factors
contributing to the inaccuracy of the raw LIBS data
obtained from the experiment. The final sections present
and discuss the experiment results, highlighting the gains in
prediction accuracy from using the newly proposed model.

Model descriptions

In LIBS measurement, under the conditions of stoichio-
metric and local thermodynamic equilibrium, the relation-
ship between the elemental concentration and intensity
should be linear when plasma properties are constant, as in
the traditional univariate model [31]. However, deviations
from different sources would deteriorate the theoretical
relationship. Due to the intrinsic plasma characteristics and
mechanisms, self-absorption is often unavoidable in LIBS
measurement if the concentration of the measured species is
high. The emission may be absorbed by cool atoms of the
same species in or around the plasma, which leads to a
pronounced non-linear relationship between the line inten-
sity and elemental concentration. Furthermore, inter-
element interference due to line overlap and matrix effects
is also very common, so that the intensity of one special
line might not only result from one specific element, but
also from other element number densities present in the
plasma. Besides, many other factors and processes can alter
the measured characteristic line intensity, such as the spatial
and temporal heterogeneity of the plasma. These distorting
processes shift the line intensity simultaneously, indicating
that it is difficult to separate them physically and the only
practical way is to apply data processing technology to
partially compensate for these deviations.

Due to the above deviations, the detected intensity of the
characteristic line may not accurately reflect the elemental
concentration, but it still contains the basic information for
elemental concentration. Considering this, a potential way
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is to extract the major concentration information from these
characteristic lines and further correct the model by taking
the full-range spectrum into account to compensate for the
residual errors. A dominant factor model, in which the
characteristic lines of the measured or other elements are
explicitly extracted to explain the major part of elemental
concentration and PLS is further applied to correct the
model, is presented in the paper for carbon concentration
measurement in coal. The explicitly extracted expression
which takes a dominant portion of the final model results is
called “the dominant factor”. The procedure of model
establishment can be described as follows.

The first step is to extract the main relationship, f (Ii)
between the characteristic intensity Ii of the measured
element i and elemental concentration Ci, which could be
non-linear under conditions that self-absorption effect
cannot be neglected, as in Eq. 1.

Ci ¼ f Iið Þ ð1Þ

Inter-element interference may be a major source for the
difference, called as “residual”, between the real element
concentration and the value calculated with Eq. 1. However,
the mechanism of inter-element interference is complicated
and remains unclear. In the present work, the second step is
to model the inter-element interference to further minimize
the residuals using best curve-fitting technology with non-
linear equation. After this process, the expression of the
dominant factor is as in Eq. 2,

C
0
i ¼ f Iið Þ þ g Ij

� � ð2Þ

where C
0
i is the calculated elemental concentration of the

dominant factor that considers self-absorption and inter-
element interference, Ij is the characteristic line intensity of
the influencing element j and g(Ij) is the function to
describe inter-element interference. After dominant factor
extraction, the remaining difference may come from the
imperfectness of the dominant factor, other unknown
deviation factors and even signal fluctuations, making it
difficult to explicitly model these effects. Considering the
entire spectrum contains useful information of the deviation
sources, it is logical to utilize the full spectrum to further
minimize the deviations. Thus, the powerful multivariate
PLS method is applied to compensate for the residual error
using the entire spectrum information.

In essence, PLS is a technique for modeling a linear
relationship between input variables and output variables.
The PLS approach first creates uncorrelated latent variables
which are linear combinations of the original input
variables. A least squares regression is then performed on
the subset of extracted latent variables [32]. Because PLS
utilizes all spectral information to implicitly and partially

compensate for the signal deviation due to fluctuations of
plasma temperature, electron number density, inter-element
interference and other factors using linear correlations, it
normally yields better calibration results than conventional
univariate model.

The distinction in the present approach is that the general
PLS approach uses linear relation to directly model non-
linear spectra-to-concentration relationships, whereas the
newly proposed model only uses linear PLS to fit the much
smaller non-linear spectra-to-residual relationship, theoret-
ically leading to better model results. In addition, the model
performance is further improved by explicitly extracting
part of the non-linear relation between the spectra and the
concentration in the dominant factor since PLS correction
only needs to handle less non-linear dependence. Please
refer to Wang et al. for details on the approach [33].
Equation 3 shows the final expression of the model.

C
0 0
i ¼ f Iið Þ þ g Ij

� � þ b0 þ b1x1 þ ::: þ bnxn ð3Þ

where C
0 0
i represents the final calculated elemental concen-

tration of PLS model based on the dominant factor, x1, x2,…,
xn are the spectral intensities at different wavelengths, and b0,
b1, b2,…,bn are the regression coefficients. Compared with
the general PLS model, the PLS model based on dominant
factor should be more applicable for a wider matrix range as
it is bound to the physical principles and capitalizes on the
advantages of the multivariate PLS approach to compensate
for residuals.

Experiment setup

Thirty-three standard powdery bituminous coal samples,
which contain C over a wide range of concentration values,
were certified by the China Coal Research Institute (CCRI)
and used in the experiments. A list of samples is given in
Table 1, including the element names and the concentration
values (in percentage of weight).

Spectrolaser 4000 from XRF in Australia was used in the
experiment. Feng et al. [10] described components of the
detection system in details. A Q-switched Nd:TAG laser
source with the wavelength of 532 nm was applied and laser
repetition rate was set to be 1 pulse/s, while the integration
time was fixed at 1 ms. Four Czerny–Turner spectrometers
and CCD detectors covered the spectral range from 190 to
940 nm with a nominal resolution of about 0.09 nm. About
3 g of powder of each coal sample were placed into a small
aluminum pellet die (30 mm diameter), and then pressed
with the pressure of 20 tons. The sample was placed on an
auto-controlled X–Y translation stage and exposed to air. It
was found that longer warm-up time greatly reduced signal
fluctuations, so the warm-up time was set to be more than
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half an hour before analysis. The analysis laser energy and
delay time was optimized to be 120 mJ/pulse and 2 μs,
respectively. Such parameters could produce spectra with
negligible Bremsstrahlung radiation and without saturating
line intensity to the spectrometer. A laser pulse of 150 mJ
was applied to burn off any contaminants before each
analysis pulse. For precision calculation, the spectra of 40
replications at different locations on the sample surface
were taken to calculate the relative standard error (RSD),
while for accuracy modeling, an averaged spectrum of 40
spectra after normalization was obtained for each sample in
order to partially average out the experimental parameter
fluctuations and the sample heterogeneity.

For the purpose of reducing the influence of the
background signal, the instrumental and environmental

noise was recorded with a long enough delay time and a
laser pulse with much lower energy and subtracted from the
spectra. Additionally, the spectra were corrected for the
efficiency of the detection system to minimize the line
intensity distortion from the wavelength dependant effi-
ciency of collecting optics, lenses and fiber optics, the
spectrometer gating, the detector sensor and intensifier.

Following the experiment, the data were further adjusted
to account for unique phenomena in LIBS coal analysis as
discussed below in Special issues in coal analysis with
LIBS section. Next, the data were analyzed using both the
general PLS method and the new PLS model based on the
dominant factor.

Special issues in coal analysis with LIBS

Figure 1 shows the appearance of the sample surface after
analysis. As the image displays, the color of the surface
around the laser analysis craters changed, which might result
from tar or ash produced by the pyrolysis or combustion of
coal. Because these products are chemically distinct from the
original coal contents, this might add to the matrix effect in
coal analysis with LIBS. Additionally, the laser–sample
interaction process will be altered when volatiles in the coal
are evaporated after the laser strikes the target. Some of the
evaporated volatiles may react with oxygen in the air to
produce a flame that can influence the emitted intensity of
elemental characteristic lines. This situation should be
avoided in future work by optimizing the detection environ-
ment, such as using inert gas protection.

Fig. 1 Appearance of the sample No. 1 surface after analysis (colored)

No. C (%) H (%)

1 81.45 3.52

2 81.54 3.70

3 78.98 4.95

4 79.80 3.80

5 47.12 2.48

6 67.28 3.68

7 58.12 3.40

8 55.14 2.79

9 54.21 2.53

10 72.94 4.46

11 79.22 3.28

12 75.96 4.52

13 60.03 3.73

14 78.78 5.01

15 74.70 4.47

16 76.69 4.42

17 77.28 4.42

18 78.58 4.59

19 52.61 3.45

20 53.42 3.50

21 59.91 3.90

22 67.77 4.25

23 55.67 3.22

24 70.45 3.40

25 77.03 4.70

26 44.60 2.78

27 50.83 3.00

28 59.18 3.07

29 36.90 2.27

30 45.88 3.20

31 39.58 2.05

32 39.53 1.96

33 36.67 2.68

Table 1 Element concentrations
of the coal samples from CCRI
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Further analysis revealed another imperfection in coal
sampling that likely leads to greater spectral uncertainty.
Local variation in the sample’s physical properties and
mineralogical characteristics, such as surface texture,
caused the morphology of craters formed by the pulse to
vary from pulse to pulse. To closely observe the laser
impact, several photographs using the environmental
scanning electron microscope (ESEM) were taken (Table 2,
see also Electronic Supplementary Material). The morphol-
ogy of the craters shows significant variation, indicating
that the ablation mass and the morphology of the plasma
fluctuated greatly between each pulse. Such fluctuation in
properties can add to the intensity variations among pulses.

The special conditions for coal analysis by LIBS will
lead to large discrepancies in the data. Generally, normal-
ization with whole spectral area was applied to minimize
the spectrum uncertainty before establishing the calibration
model for LIBS measurement. However, the results showed
not much improvement for the spectra obtained from coal
samples. As seen in Table 3, the RSD of the line intensities
after whole spectral area normalization are still very high.
The lack of effects is likely a result of the many
imperfections discussed above that prevented accurate
representation of fluctuations in plasma properties using
the whole spectral area.

Furthermore, in the typical resulting spectra from coal
analysis as shown in Fig. 2, only few atomic emission lines
free of overlap for the major element C were observed. This
reduces the possibility of selecting an appropriate charac-
teristic line for traditional univariate calibration model.
Compared with LIBS analysis for standard metal samples,
elemental measurement of coal definitely requires more
study for accuracy.

Moreover, the calibration results of the traditional
univariate model with the whole spectral area normalization
were also not satisfactory. For instance, the data points of
intensity C(I) 247.856 nm line versus known C concentra-
tion as shown in Fig. 3 are scattered, further indicating the
necessity in searching for a suitable data processing method
for coal measurement using LIBS.

The whole spectral area represents the total species
excitation energy in the laser-induced plasma. Normally,
larger whole spectral area usually indicates higher plasma
temperature and species concentration inside the plasma
caused by higher laser pulse energy and stronger laser–
sample interaction processes. Therefore, normalization with
the whole spectral area can partly remove the fluctuations
of LIBS spectra due to the variations of laser pulse energy,
total species, etc. However, as described above, this method
does not yield satisfying results for coal analysis, probably

Table 2 Photographs of ESEM for two laser analysis craters of sample No. 1

Magnification 

Crater 
100 500 2000 

Crater 1 

Crater 2 

C(I) wavelength (nm) RSD (whole spectral area
normalization, unit: %)

RSD (segmental spectral area
normalization, unit: %)

193.092 28.0 12.6

247.856 27.8 11.5

Table 3 RSD of C(I) line in-
tensity for sample No. 1 after
different normalization methods
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because the matrix of coal is too complicated. A certain
portion of the spectrum is not sensitive to the plasma
temperature or total species concentration variation possibly
due to the complicated interaction between different
elements, weakening the correlation between the whole
spectral area and the plasma temperature and total species
concentration. That is, the information of spectra fluctua-
tions due to the plasma temperature and total species
concentration variation contained in the whole spectral area
is partly canceled out due to the non-sensitive segment.
Therefore, applying only the area of sensitive segment of
the spectra, which should be more correlated with the
change of laser power than the whole spectral area, for
normalization would possibly yield a good result.

In the present work, as the first choice, the whole spectrum
was divided into four segments since naturally our LIBS
system used four Czerny–Turner spectrometers to measure the
whole spectrum with each spectrometers covering part of the

spectral range. The four segments were finally chosen to be
190.048–310.228, 310.228–560.025, 560.025–769.991, and
769.991–940 nm, respectively. The segmental spectral range
utilized for the available characteristic lines 193.092 nm and
247.856 nm was set to from 190.048 nm to 310.228 nm. It
was found that segmental spectral area normalization was
much more effective to reduce the RSD than normalization by
the whole spectral area. After segmental spectral area
normalization, the RSD values decreased greatly to about
10%, as seen in Table 3.

Furthermore, segmental spectral area normalization also
largely increased the calibration accuracy. For instance, as
shown in Fig. 4, R2 value of the calibration curve using C(I)
line at 247.856 nm after segmental normalization is 0.880,
which shows significant improvement in comparison with
the data points from normalization with the whole spectral
area in Fig. 3. The above results demonstrate that segmental
normalization of the spectra is preferable for samples with
complicated constituents, such as coal.

As shown by this experiment, a number of factors
contribute to the defects of coal analysis using LIBS. While
future opportunities exist to refine the experimental design
and procedures of analysis, uncertainties in raw LIBS data
will remain, requiring that the calibration and prediction
model for the composition of coal samples be as accurate as
possible. In advancing towards this aim, the section below
demonstrates the results from the new dominant factor
model with PLS correction.

Results and discussions

In the following sections, the proposed dominant factor
model was evaluated in terms of C concentration determi-
nation. The conventional PLS model with the full spectral

Fig. 4 Calibration results of the C(I) 247.856 nm line after segmental
spectral area normalization

Fig. 3 Calibration results of the C(I) 247.856 nm line after
normalization with the whole spectral area

Fig. 2 A typical LIBS spectrum of coal samples
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range input was chosen as the baseline against which to
clearly judge improvement in the new approach. The
software Unscrambler 10.0 (CAMO, Woodbridge, NJ)
was used to perform the PLS calculation. The calibration
and prediction performance of the model was assessed by
the coefficient of determination (R2) and root mean square
error of prediction (RMSEP), respectively. For an ideal
model, R2 should be close to 1 while RMSEP is close to 0.
Moreover, root mean square error of both calibration and
prediction samples (RMSEC&P) was proposed for assess-
ing the overall performance of the model. Smaller
RMSEC&P value indicates a better model quality. Nineteen
samples were selected to build the calibration model and 14
samples (Nos. 2, 3, 5, 8, 13, 15, 24, 25, 26, 28, 30, 31, 32,
and 33) were picked to test the model prediction. Since C
concentrations of samples No. 2 and 33 are out of range
of the calibration set and the C concentrations of other
prediction samples are within the calibration set, the
prediction range was chosen purposely to test the
robustness of the new PLS model based on dominant
factor across a broad range of sample matrixes. In
addition, it has been noticed that since the coal matrix is
very complicated, C concentration can only partially stand
for the matrix of coal. Therefore, the choice of the Nos. 2
and 33 samples as the out-of-calibration samples may not
be accurate enough.

Baseline

PLS is one of the advanced analytical tools in chemo-
metrics and has shown great potential in LIBS quantitative
measurements, thus it was chosen as the baseline. In the
baseline PLS model, the intensities at different wavelengths
of all spectra after segmental spectral area normalization
and C concentration of samples were used as input
variables and output variables, respectively. The intensity
at each wavelength was normalized to the area of the
segment which included the intensity wavelength. The
number of principal components was chosen to have the
smallest RMSEP for the prediction sample set.

As shown in Fig. 5, for the baseline model, the
RMSEC&P is 3.60% and R2 value is 0.999, but the
RMSEP is as high as 5.52%. The probable reasons for the
large prediction errors are that conventional PLS does not
consider the physical principles and the model is not robust
over a wide range of C concentrations due to the intrinsic
non-linear correlation and overfitting of PLS. That is,
conventional PLS application only maintains the accuracy
for the range of C concentrations contained in the
matrixes of the measured samples within the calibration
set. Therefore, when the matrix of the measured sample
is out of the calibration sample set, the prediction may
not be satisfactory. The absolute relative errors for

sample No. 2, which has the highest C concentration,
and sample No. 33, which has the lowest C concentra-
tion, are as high as 5.69% and 3.29%, respectively,
because they lie outside the range of C concentration
contained in the samples used for calibration. Moreover,
the widely present noise in the LIBS spectra might make
the PLS model less effective because of the excess of
unrelated noise input.

From the above results, it was found that for coal
samples with complicated constituents, the matrix effect
will greatly influence the PLS model accuracy. According
to the model description, the major concentration informa-
tion contained in the characteristic line intensity of the
specific element should play a more prominent role and
have more weight in calculating model results. Establishing
a model with a dominant factor based on the physical
principles is a potential way to avoid disadvantages of
conventional PLS, which is one of the basic philosophies
for the proposed model.

Dominant factor extraction

The proposed PLS model is mainly determined by the
dominant factor based on physical principles between the
characteristic line intensity and the specific elemental
concentration. The simplest dominant factor was first
extracted only applying linear relation (as in the conven-
tional univariate model) as follows.

Cc ¼ f Icð Þ ¼ kIc þ b ð4Þ

where Cc is the C concentration, k and b are coefficients
and Ic is the spectra area of C(I) line at 247.856 nm. This
line was selected because it provided the best linear
calibration results among all applicable C(I) lines after
segmental spectral area normalization. In addition, the non-

Fig. 5 Baseline model results
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linear empirical expression for self-absorption in the
literature [34] was also applied to describe the characteristic
line intensity and concentration relation, but it did not
improve the dominant factor accuracy compared with the
linear relation. The reason might be that the C(I) line at
247.856 nm is not a resonance line of C and thus self-
absorption was relatively weak. Therefore, linear relation
was preferred in the present work. Moreover, it should be
noted that if the self-absorption cannot be neglected, the
dominant factor is flexible enough to adopt a suitable
expression to describe the non-linear effect.

Figure 6 shows the calibration and prediction results of
the linear dominant factor. The RMSEC&P is 4.87% and R2

is 0.880, which proves that a conventional linear dominant
factor less accurately calibrates the true concentration,
compared to the baseline model. In contrast, the RMSEP
is 5.43%, which is better than the baseline model, showing
that physical principles help to make the model more robust
than the generally applied PLS method.

Another unavoidable source of uncertainty is inter-
element interference, especially for sample like coal with
complicated matrix. The inter-element interference effects
to the C line intensity (247.856 nm) were modeled by
correlating the residual errors of the linear dominant factor
with various characteristic line intensities of other elements.
The peak area of O(I) line at 399.795 nm was found to have
the best correlation, which means that O might be the main
species in influencing the C(I) line intensity at 247.856 nm.
Therefore, the peak area of O(I) line was taken to further
improve the dominant factor. As shown in Fig. 7, there is
no clear relation between the residuals of the linear
dominant factor and O(I) intensity. The diluted relationship
is from the fact that other elements also affected the C(I)
intensity and the O(I) intensity was in turn influenced by C
and other elements. The model is therefore only intending

to partially compensate for the effect using curve-fitting
technology instead of developing a thorough expression to
explicitly describe the interference. A quadratic polynomial
equation for g(I) was obtained using best curve-fitting
technology as follows to model the interference effect:

ec ¼ a0 þ a1Io þ a2I
2
o ð5Þ

where ec is the residual error of the linear dominant factor,
Io is the peak area of O(I) line at 399.795 nm and a0, a1, a2
are constants obtained from the best curve-fitting technology.
Now, the dominant factor can be written as:

C
0
c ¼ kIc þ b þ a0 þ a1Io þ a2I

2
o ð6Þ

The calibration and prediction results of the final
dominant factor are shown in Fig. 8. All results are better
than the linear dominant factor, which indicates that the

Fig. 8 Calibration and prediction results of the dominant factor with
inter-element interference consideration

Fig. 7 Correlation between the residuals and O(I) intensity at
399.795 nm

Fig. 6 Calibration and prediction results of the linear dominant factor
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more the physical processes are considered, the more robust
the dominant factor model is. For instance, the absolute
relative error for sample No. 33 was reduced to 14.8% from
21.5% as in the linear dominant factor alone.

As listed in Table 4, though RMSEC&P and R2 of the
dominant factor are worse than that in the baseline model,
RMSEP of the dominant factor is better than that in the
baseline PLS model, further confirming our conclusion that
the physical principle makes the model robust for the
situations where the prediction matrix lies outside the
calibration set. Still, the R2 of the dominant factor is not
close to 1 because many other deviations are not yet
compensated for. PLS is thereafter applied to implicitly
minimize the residual errors of the dominant factor using
full spectral information.

PLS approach based on the dominant factor

The residual errors of the dominant factor were further
corrected with PLS. The number of principle components
was also chosen to obtain the smallest RMSEP. After the
whole process, R2 is 0.999 and RMSEP is reduced to
4.47% (Fig. 9). In comparison with the result of the
dominant factor alone, the PLS residual correction greatly
improves the quality of the calibration curve and the
RMSEP. For the overall quality, RMSEC&P is 2.92%,
which is also significantly better than the dominant factor

itself and the conventional PLS method, showing the
combination of the dominant factor with PLS correction
improves the final results.

Table 5 summarizes results of all models presented in the
paper. Generally, the dominant-factor-based PLS model has
the best calibration and prediction performance. RMSEC&P
in the new model is better than the baseline model, being
reduced to 2.92% from 3.60% in the baseline model. R2 of
calibration is the same while RMSEP declines significantly.
For example, the absolute relative error for sample No. 33
(lowest C concentration) decreased to 2.17% from 3.29% in
the baseline model. For sample No. 2 (highest C concentra-
tion), the absolute relative error reduced from 5.69% in the
baseline model to 3.99% in the dominant factor with PLS
correction model. The lower RMSEP indicates that the
application of the physical background makes the new model
more robust for complicated bituminous samples over a
wider C concentration range. Therefore, by combining the
advantages of the univariate model and PLS method, the
dominant-factor-based PLS model is not only comparable
with PLS method for samples having compositions within
the range of the calibration set, but is also more robust in
measuring unknown samples out of the calibration range
compared with the conventional PLS approach.

Conclusions

In the present work, experiments of applying LIBS to
measurement of 33 bituminous coal samples with a wide
carbon concentration range were carried out. Several
special issues for coal analysis with LIBS were discussed.
The large RSD of the spectra should result from the
heterogeneity of the samples and pyrolysis or combustion
of coal during the laser–sample interaction processes.
Normalization with segmental spectral area was found to

Fig. 9 Calibration and prediction results of PLS based on dominant factor

Table 4 List of dominant factor model results

Dominant factor R2 RMSEP (%) RMSEC&P (%)

C
0
c ¼ kIc þ b þ a0 þ a1Io þ a2I2o

a 0.888 5.16 4.66

a k=1.014×103 , b=2.301×10, a0=−11.695, a1=1.693×104 , a2=−5.583×106

Table 5 Results of different models for C concentration determination

Models R2 RMSEP (%) RMSEC&P (%)

Baseline model 0.999 5.52 3.60

Dominant factor 0.888 5.16 4.66

PLS model based on
dominant factor

0.999 4.47 2.92
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be more effective to reduce measurement uncertainty and
improve the calibration quality than generally applied
normalization with the whole spectral area.

Dominant-factor-based PLS method was applied for the
C concentration measurement of bituminous coal. Results
show great improvement over conventional PLS approach
mainly because the new approach inducts non-linear
correlation to PLS model and partly reduces the noised
overfitting by the dominant factor model.

Considering the physics of LIBS, although the intensity
of the characteristic lines may not be accurate enough to
reflect the measured element concentration, it still contains
the most-related information for concentration measure-
ment. Thus, the characteristic line intensity was firstly taken
to extract the dominant C concentration. Then, the
correlation between the residuals and other elemental
emission lines were used to model the non-linear inter-
element interference effect to further improve the dominant
factor. The residuals of the dominant factor were corrected
by PLS using the abundant whole spectral information to
compensate for the imperfectness of the dominant factor and
other left deviation factors that were not modeled. Compared
with the baseline PLS model, RMSEP decreased from 5.52%
to 4.47% while R2 remained as high as 0.999, and
RMSEC&P was also reduced from 3.60% to 2.92%,
showing that the proposed model is more robust in a wider
C concentration range because of its physical principle basis.
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