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 We tested PLS model for a rapid determination of BMP using NIRS.
 The challenge is using data from a reference method which has high uncertainty.
 The NIRS model was nevertheless satisfactory and could be an alternative method.
 The best model could provide moderately successful computation of BMP.
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a b s t r a c t
Determination of biochemical methane potential (BMP) by fermentation tests is time-consuming and
costly, and therefore not useful for operators of full-scale biogas digesters. A great advantage of NIRS
in determining BMP is the reduction in measurement time from at least one month for chemical determination to a couple of minutes for production of near infrared spectroscopy (NIRS) spectra. An innovative NIRS method that can be used as an alternative to current BMP tests was developed in this study. We
tested the Partial Least Squares (PLS) model for a rapid determination of BMP using NIRS by applying a
series of pre-processing methods with caution. A total of 88 plant biomass samples of a wide variety were
used for model prediction. The standard error of the best PLS model was 37 CH4 NL kg1 VS, where BMP of
the test set was between 136.2 and 477.9 CH4 NL kg1 VS. Coefﬁcient of determination (R2) and residual
prediction deviation (RPD) were 0.84 and 2.49, respectively. This shows that the new NIRS model is moderately successful in application and could be an alternative modern tool to overcome the problems of
current BMP methods.
Ó 2013 Elsevier Ltd. All rights reserved.

1. Introduction
The world is running out of fossil fuels, in particular fuels for
transport. Biogas production can replace fossil energy, including
fuels used in the transport sector, and is the most socio-economically cost-efﬁcient technology for reducing greenhouse gas (GHG)
emissions and for recycling plant nutrients and recalcitrant carbon
[1,2].
Animal manure is used as feed for biogas digesters, but due to
the low biogas production potential the manure is co-digested
with industrial organic wastes [3]. Due to limited availability of
organic waste, digesters are also fed with crops which could otherwise be used as feed or food. Therefore this practice may not be
considered ethical or sustainable. Alternatives to industrial organic
waste or crops could be plant biomass from areas not being used
for crop production or from highly productive species.
⇑ Corresponding author. Tel.: +45 4117 8867; fax: +45 6550 7354.
E-mail address: jmt@kbm.sdu.dk (J.M. Triolo).
0306-2619/$ - see front matter Ó 2013 Elsevier Ltd. All rights reserved.
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The biomass produced by these sources is known to have relatively low biochemical methane potential (BMP) due to its high
content of lignocellulosic biopolymers, which have low anaerobic
biodegradability [4]. However, recent studies have shown that
cheap biomass types such as garden waste and wild grasses from
meadows have rather high BMP and can be attractive and economical feedstocks for biogas production [5]. The lignocellulose composition of these biomass forms varies considerably between plant
species. This is one of the most signiﬁcant sources of variability
and causes great problems for the management of the digesters
and also when pricing the biomass at the gate. BMP can be determined by a fermentation test [6,7], which is time-consuming and
costly and therefore not feasible for operators of full-scale biogas
digesters. Thus, it is of paramount importance to develop new techniques and methodologies that are more efﬁcient in terms of time
and costs as alternatives to the classic BMP method of fermentation
of substrate. First-generation alternative technologies comprise
chemical analysis, which relates BMP to the degradation of organic
components [8]. However, these methods do not provide a high
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positive correlation to BMP, due to either large regression model error or poor model validation. Moreover, the chemical analysis is still
time-consuming and the cost of analysis is often higher than the
fermentation test. Compared with destructive methods (i.e. fermentation-based and chemical analysis methods), non-destructive
and real-time measurements using spectroscopic methods such as
Near Infrared Reﬂectance Spectroscopy (NIRS) are more promising.
NIRS has been widely applied by other industries and is generally
accepted as an instrument-based method giving fast measurement
that can be used for process control and testing of raw material
quality [9]. During the past decade, NIRS has also been used for biofuel technology [10–13]. Only three pioneering studies regarding
the application of NIRS to the prediction of BMP and biogas production rate and their correlation to NIRS have been reported to date.
Two of these are based on a wide variety of substrates such as municipal solid wastes (MSW) [14,15]. Lesteur and co-workers [14]
strictly built a single-substrate model, Doublet and co-workers
[15] combined MSW and agro-industrial wastes [15] and Raju
and co-workers [16] used meadow grass as a very speciﬁc substrate. To our knowledge, no publications have presented a precise
model for assessing the BMP of a wide range of plant biomass types
using NIRS spectra. Therefore, the aim of this study was to develop a
robust model that can predict BMP of a wide range of plant biomass
sources from their NIRS spectra.
2. Materials and methods
2.1. Sample collection
A total of 88 plant biomass samples were included in the
present study. The samples were collected in Funen and Jutland,
Denmark, from July 2011 to April 2012, which gave a range of vegetation ages in the sample archive. Vegetation age is important in
BMP where shorter age has higher BMP, because as vegetation age
increases, the fraction of lignin increases which is non-degradable
under an anaerobic environment, while other cell components
such as cellulose and hemicellulose decrease (ligniﬁcation) [5].
By collecting the various vegetation ages, we obtained various
BMP proﬁles within the same plant species. Detailed information
on the collected samples is provided in Table 1. A wide range of
plant biomass samples with various BMP levels was included,
e.g.: municipal green wastes such as lawn grasses and hedge trimmings; plants from both non-agricultural land and agricultural
land, such as meadow grass and reed canary grass; and energy
crops such as maize, sugar beet, wheat straw, short rotation
coppice (Salix b. and Salix a.), short rotation forestry (Betula), and
broad-leaved coppice (Platanus sp.). In order to improve the analytical precision, the collected samples were homogenised by grinding to a maximum size of 1 mm after drying at 60 °C prior to
analysis, since most of the collected samples were heterogeneous,
consisting of a distinct plant body, i.e. leaves, stem, fruit bodies and
occasionally branches. According to our previous study [17], the
procedure of drying at 60 °C and grinding does not affect BMP
and other biogas production characteristics (p > 0.05). On the other

hand, this homogenisation pre-treatment could have improved the
analytical precision in BMP tests.
2.2. Characterisation of samples
2.2.1. BMP assay
BMP was determined according to VDI 4630 [3] using triplicate
1.0 l (working volume) batch infusion digesters. Inoculum was
obtained from Fangel biogas plant (Funen, Denmark), which receives 80% animal slurry and 20% industrial organic wastes from
the food processing industry and operates in mesophilic conditions
(37 °C). The inoculum was degassed for two weeks at 37 °C prior to
the BMP tests. Inoculum and each substrate were mixed in a ratio
of 3:1 on a dry matter (DM) basis in each triplicate reactor and
100 mL of anaerobic buffer solution with medium were added to
the inoculum substrate mixture [6,7]. Inoculum alone was included as a blank. Digestion was carried out at mesophilic conditions (37 °C). Digestion was terminated when only small
amounts of gas were released, when daily biogas production per
batch was less than 1% of cumulative gas production according
to VDI 4630 [6], corresponding to approximately 60 days of batch
fermentation. The concentration of methane (CH4) in the biogas
was measured by gas chromatograph (HP 6890 series). For quality
control of the batch test, microcrystalline cellulose (Avicel PH-101
cellulose) was tested as a standard material. Based on the BMP of
standard materials, the results of batch BMP tests qualiﬁed according to VDI 4630 [6], which states that actual BMP must reach at
least 80% of theoretical BMP (which is 416 CH4 NL kg1 VS).
2.2.2. Biochemical and physico-chemical analysis
All analyses were carried out in duplicate. Volatile solids (VS)
were determined according to standard procedures [18] (APHA,
2005). The concentration of lignocellulose was determined by
applying the Van Soest characterisation method according to Mertens and co-workers [19], where neutral detergent ﬁbre (NDF) was
identiﬁed as lignocellulose [8].
2.3. NIRS analysis
A Bomem QFA Flex Fourier Transform spectrometer ﬁtted with
an InAs detector (Q-interline A/S, Copenhagen, Denmark) was used
to obtain reﬂectance spectra. The spectra obtained were averaged
from the results of 200 scans. Each of the dried and ground samples
was placed in a 120-ml glass bottle, which was ﬁlled to approximately 70% of the volume. A rotating powder sampler was used,
since the plant materials tested were heterogeneous.
2.4. Partial Least Squares (PLS) modelling
The Eigenvector Research Inc. PLS Toolbox (vers. 7.02) with
MatLab (vers. R2012a) was used for data analysis. Variable ranges
were set to between 4000 and 10,000 cm1, which corresponds to
a wavelength range from 1000 to 2500 nm with respect to removing the noise regions. Principal component analysis (PCA) was

Table 1
Details of the 88 plant biomass samples used for the model in the study.
Biomass type

Sample used

Energy crop

n = 33 (birch tree (8); plane tree (5); weeping willow (5); sharpleaf willow (5); cypress (3); maize leaves (2); maize corn (2); wheat straw (1);
sugar beet (2)
n = 15 (Short blue grass (2); meadow grass (5); lawn cuttings mixture (8)
n = 19 (oval-leaved privet (5); Ivy (4); chokeberry (7); Beech hedge (1); Ground-elder (2)
N = 21 (reed canary grass (5); common reed (6); bamboo (2); chrysanthemum (2); tufted hair grass (2); dandelion (2); northern bluegrass (1);
green foxtail (1)

Lawn grasses
Hedge trimmings
Wild plants

53

54
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Table 2
Methane (CH4) concentration in biogas, volatile solids (VS) content and lignocellulose
concentration of the samples used in the study.

CH4 in dry biogas
VS
Lignocellulose
Lignocellulose

Fig. 1. Proﬁle of measured BMP by increasing order. The dark bar indicates the test
set and the light bar indicates the calibration set. Error bars indicate standard
deviation of triplicate.

performed to examine data pattern of entire samples, and to
identify possible outliers. A total of 88 samples were separated into
calibration and test sets, in which 66 datasets were used for
calibration and 22 for testing the models.
Fig. 1 shows the BMP proﬁle of calibration and test sets included
for PLS calibration and validation. As can be seen from Fig. 1, every
4th sample following the order of BMP value was chosen for the testing set in order to ensure that all the samples used for testing the
model were within the BMP range of the calibration set samples.
In addition, calibration and testing sets were well distributed with
respect to BMP value. In detail, BMP of the test set was between
136.2 and 477.9 CH4 NL kg1 VS, with mean BMP being 254.9
(±92.0) CH4 NL kg1 VS, whereas BMP of the calibration set ranged
from 104.0 to 502.3 CH4 NL kg1 VS, with similar mean and standard
deviation as the test set (251.1 ± 91.5 CH4 NL kg1 VS).
The coefﬁcient of determination (R2) and root mean square error
of prediction (RMSEP) were used to assess the quality of the PLS
models in optimising pre-processing of the spectra. Residual
prediction deviation (RPD), which is the ratio of standard deviation
to RMSEP, and RMSEP were applied to assess the quality of the
model and also to compare it with other alternative models.

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
2
i¼1 ðP i  Oi Þ
RMSEP ¼
n

ð1Þ

where Oi is the measured value, Pi is the predicted value and n is the
number of data points.
Relative root mean square error of prediction (rRMSEP (%)) [12]
was chosen for assessing relative model error and compared with
precision of reference measurement. In the latter, repeatability relative standard deviation (RSDr) was used according to the practical
guide for ISO 2005 [20] to estimate the precision of BMP tests
[21,22].

rRMSEP ð%Þ ¼

RMSEP
O

 100

ð2Þ

where O is the overall mean and RMSEP is root mean square error of
prediction.

%RSDr ¼

SDr
X

 100%

ð3Þ

where X is the mean of triplicate values and SDr is repeatability
standard deviation from triplicate results.
3. Results and discussion
3.1. Characteristics of samples
The methane concentration in dry biogas ranged between 51.7%
and 66.5%, which is within the range expected, taking the organic

%
% of DM
% of DM
% of VS

Mean

Min

Max

SD

57.0
92.2
56.5
61.3

52.5
86.7
8.6
9.2

66.5
96.2
75.5
78.5

3.2
2.9
13.4
16.3

composition of biomass into account. Average methane concentration was 57.3(±2.8)%, with low variability from sample to sample.
The VS of all the samples measured was in the range
858–986 g kg1 DM (mean 930 g kg1 DM). The variation in VS
was low, with a standard deviation (SD) of 26.5 g kg1 DM. A high
concentration of VS in dry matter compared with other municipal
solid biomass types is positive for the proﬁtability of biogas production, although the quality of VS may be critical due to low
anaerobic biodegradability of lignocellulose [8], which is abundant
in much plant biomass. However, not all the plant residues tested
had a high lignocellulose concentration, as indicated by the large
variation in concentration within samples (mean 613 g kg1 VS,
variation 163 g kg1 VS) (Table 2).
BMP determined by fermentation tests was close to the Gaussian distribution, with a high density of samples in the range 200–
400 CH4 NL kg1 VS (Fig. 1). The range of BMP observed (Fig. 1) was
comparable to results emerging from recent studies (Table 3), and
narrower than the data range presented by Doublet and co-workers [15].
A wide range of BMP may have an advantage in model precision
by spanning the variability of PLS regression models. On the other
hand, PLS models are signiﬁcantly affected by extreme values, so
there is a risk of the models being highly dependent on the uncertainty of a few extreme values, which might increase the model
error in prediction.
3.2. Optimisation of pre-processing methods
Pre-processing was performed in two categories of light scatter
correction methods and spectral derivatives (Fig. 2).
The pre-processing setup of standard normal variate (SNV),
Detrend and Savitzky–Golay (SG) led to the best model, which
agreed with the recommendation for optimal pre-processing for
NIRS spectra by Rinnan et al. [23]. Table 4 shows the PLS models
applying different pre-processing methods and the progress of
model improvement according to pre-processing. The models varied slightly using the SG methods as affected by window size, polynomial order and derivative degree (Table 4). In SG, the number of
data points allowed for the best results was 11. Furthermore, the
polynomial degree 2 and second derivative in the SG method gave
the best model. The optimal window size (data point 11) in SG
modelling was found to be much smaller than reported previously
by Jacobi et al. [24]. A possible reason could be that the reﬂectance
spectra were obtained with the lower resolution (32 cm1) in the
present study.
Possible outliers were examined simultaneously with the procedure of pre-processing optimisation. Among the energy crop
samples, two sugar beet samples had a distinctly different pattern
from the rest of the samples in PCA and PLS analysis. The spectra of
these sugar beet samples also differed visually from the other
spectra, indicating that they might be possible outliers (Fig. 2c).
This could be due to a signiﬁcantly different cell wall composition
of these samples, which had a very low content of lignocellulose
ﬁbres (8.6% and 13.0% of DM) and high soluble carbohydrate concentrations. Hence, the PLS models was built including all samples
and without these outliers, respectively.
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Table 3
Compilation of NIRS calibration in predicting biochemical methane potential reported in previous studies.
Literature

Substrate

Variable range (nm)

PC

n

R2

VE

RPD

Mina

Maxa

Meana

SD

Pre-processing

[14]
[16]
[15]

Municipal solid waste
Meadowgrass
Organic substrate

1668–2500
833–2500
999–2500

7
13
7

53
95
243

0.76
0.69
0.85

27
37
40

2.36
1.75
2.61

23
51
0

400
406
1344

234
288
291

66
66
179

SNV-DT
Mean normalisation
SNV-DT, SG(15, 2, 2)

Variable range: wavelength (nm).
PC: principal component.
N: number of calibration sets.
R2: coefﬁcient of determination in prediction.
VE: validation error (RMSEP) (CH4 NL kg VS1).
RPD: residual prediction deviation.
SNV: standard normal variate; DT: detrend; SG(15, 2, 2): Parameters used of the Savitzky–Golay derivation method, i.e. the number of points used to calculate the polynomial
(window size), polynomial degree and derivative degree used, respectively.
a
In terms of biochemical methane potential (BMP), with units CH4 NL kg VS1.

Fig. 2. Reﬂectance obtained with (a) no pre-processing, (b and c), pre-processed spectra and (d) pre-processed spectra excluding two potential outliers of the 88 samples
within wavelength 1000–2500 nm.

3.3. PLS model results
The precision of the PLS model was best when all samples were
included, giving an RMSEP value of 37 CH4 NL kg1 VS, R2PRED of 0.84
and RPD of 2.49 (Fig. 3).
When the two sugar beet samples were excluded from the
model, the model error was RMSEP 40 CH4 NL kg1 VS and RPD
decreased to 2.30. Thus including the sugar beet spectra resulted
in a trend of higher model precision through all the pre-processing
methods applied. The reason for this could be that the sugar beet
samples contributed to an increase in the variability of scores, with
their pronounced spectra and highest BMP values. Jacobi and
co-workers [24] reported that including samples with extreme values improved the model, with a shift in R2 from 0.85 to 0.94, and in
RPD from 2.59 to 4.33. The number of PLS components (PC) used in

this study (range 6–7; Table 4) seemed to be acceptable considering the complexity of samples and was similar to that in earlier
studies.
The RPD of the best model in this study was acceptable
compared to that reported for digestibility of biomass feed to
ruminants, where RPD was 1.3 [25] and 1.7 [26]. The RPD obtained
in this study seems to be moderately successful in relation to the
criterion that a moderately successful model must have a RPD in
the range 2.25–3 [27]. However, none of the studies known to us
which have predicted BMP by NIRS have successfully produced
an RPD above 3 (Table 3). R2 of the prediction model was 0.84,
which is moderately successful according to Malley and coworkers [27]. Moreover the R2 obtained in our best model was
comparable with values reported in previous studies, as shown
in Table 3. The bias of the predicted values was 6 NL CH4 kg1
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Table 4
Statistical parameters of the PLS models produced.
All samples included

nCAL

nTES

PC

RMSE

RMSEP

R2cal

R2PRED

Bias

RPD

Reﬂectance spectra (no pre-processing)
SNV
SNV + DT
SNV + DT + SG(15, 2, 2)a
SNV + DT + SG(11, 2, 2)a

66
66
66
66
66

22
22
22
22
22

7
8
8
6
6

42
32
33
29
19

45
42
43
40
37

0.79
0.88
0.87
0.90
0.96

0.74
0.79
0.78
0.84
0.84

4
3
3
8
6

2.04
2.19
2.14
2.30
2.49

Excluding two sugar beet samples
6
Reﬂectance Spectra (no pre-processing)
7
SNV
8
SNV + DT
9
SNV + DT + SG(15, 2, 1)a
10
SNV + DT + SG(11, 2, 2)a

64
64
64
64
64

22
22
22
22
22

6
6
6
6
6

42
38
38
34
22

51
44
45
39
40

0.74
0.79
0.79
0.83
0.92

0.68
0.75
0.75
0.81
0.83

5
2
3
2
5

1.80
2.09
2.04
2.36
2.30

Model no.
1
2
3
4
5

PC: number of PLS components.
nCAL: number of calibration sets.
nTES: number of testing sets.
R2cal : coefﬁcient of determination in calibration.
R2PRED : coefﬁcient of determination in prediction.
RMSE: root mean square error of calibration (CH4 NL kg VS1).
RMSEP: root mean square error of prediction (CH4 NL kg VS1).
RPD: residual prediction deviation.
SNV: standard normal variate.
DT: detrend.
SG⁄(11, 2, 2): Parameters used of the Savitzky–Golay derivation method, i.e. the number of points used to calculate the polynomial a(window size), polynomial degree and
derivative degree used, respectively.

Fig. 3. BMP predicted versus BMP measured from the best model (Model 5). The
dotted line indicates the linear trend obtained using the test set. The solid line
indicates the best linear relationship (1:1).

VS, due to a slight under-estimation of higher BMP samples and
over-estimation of lower BMP samples. This pattern is frequently
seen when the samples used for calibration have a Gaussian distribution [28]. This means that as many samples as possible should
be included at the calibration border space, in order to reduce
the leverage. Nevertheless the predicted BMP correlated very well
with the measured values (Fig. 3) at the level of bias obtained in
this study. The standard error of the best model (Model 5) was in
line with that reported in studies by Raju and co-workers [16]
(37 NL CH4 kg1 VS) and Doublet and co-workers [17] (40 NL
CH4 kg1 VS). Overall, the results of the present work demonstrate
that the NIRS-based model can be used to assess the methane potential of plant biomass, which has high variability in anaerobic
biodegradability.
3.4. Perspectives for improving the predictions
Standard model error with respect to the mean value of BMP
can be calculated by dividing RMSEP by mean BMP of the testing
set and expressing the result as a percentage [12]. In this study,
rRMSEP (%) of the best model was found to be 14.6%. It is known

that the square of model error in prediction is the sum of the
square of PLS algorithm error and the square of the reference
method error. This means that the error of model prediction is theoretically always larger than the error of the reference method,
which highlights the importance of high precision of reference data
collection. In this study the repeatability standard deviation (SDr)
of each sample replicate was 16 CH4 NL kg1 VS in the BMP fermentation tests, which corresponded to an RSDr of 6.6%. SDr is
slightly lower than that of BMP tests in the study by Doublet and
co-workers [15], who reported a mean SDr of 19 CH4 NL kg1 VS.
Raju and co-workers [16] concluded that the lower precision of
the BMP model prediction is probably also due to lower precision
of BMP tests caused by heterogeneity of samples. Compared with
carrying out BMP measurements, it is easier to obtain NIRS spectra
that overcome the analytical error from heterogeneity of samples,
simply by averaging many spectra as part of the measurement protocol. Moreover, the BMP test suffers from many difﬁculties
regarding heterogeneity of inocula, environmental conditions etc.
and management quality, which results in low comparability of
BMP data generated by different researchers and laboratories
[22,29]. As a result, interlaboratory studies of BMP have found
low reproducibility of BMP measurements carried out by different
researchers, indicating poor comparability of BMP data [30]. Thus
BMP batch measurements have to be carried out using standard
protocols giving precise and reproducible results. Collating data
from high quality databases could also help improve the model
predictions, especially for biomasses with high or low BMP.

4. Conclusion
The BMP prediction model involves indirect PLS modelling, and
the methane producing capacity of biomass samples depends on
the characteristics of the organic fraction of the samples, such as
groups of proteins, lipids and carbohydrates, and the concentration
of non-degradable lignin, slowly degradable lignocellulosic
cellulose and hemicellulose. The NIRS spectra of biomass samples
contain information on the vibration modes of these molecules,
and thus include all information regarding the composition of
the samples. With a well-established PLS model, information can
be extracted from the NIRS spectra and can be correlated with
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the methane producing capacity of the biomass samples. Therefore
the advantage of NIRS spectra methods compared with the existing
BMP determination by chemical analysis is that no additional
model is needed to transform biomass characterisation into biogas
production potential, and BMP is indicated directly. The challenge
lies in building a model using data from a reference method which
has high uncertainty. The great diversity of various substrates and
their heterogeneous chemical characteristics also make robust
calibration difﬁcult. Nevertheless, the precision of the best model
in the present study was satisfactory and the model can be used
for a ﬁrst-hand estimation of BMP, providing moderately
successful computations.
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