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In recent years, near infrared (NIR) spectroscopy has been investigated as a tool for

monitoring anaerobic digesters, but several adversities in its application have been re-

ported. This study proposes the application of NIR for the determination of alcohols and

volatile organic acids from H2 production bioreactors and evaluates different approaches to

optimize the prediction models. Partial least squad (PLS) models were developed using

samples from anaerobic batch reactors fed with crude glycerol for wastewater treatment.

The analytes predicted were: methanol, ethanol, 1-butanol, acetic, propanoic, butyric,

isocaproic and total volatile organic acids (VFA). The optimization of the predictive capacity

of the models was achieved through the orthogonal signal correction (OSC) preprocessing

and the selection of variables performed by the genetic algorithm (GA). The application of

the proposed models were based on the following figures of merit: accuracy, precision,

linearity, limits of detection and quantitation, measurement interval, sensitivity, selec-

tivity, signal-to-noise ratio and bias. Despite the low selectivity (maximum of 0.12%), the

models presented high sensitivity [g�1 ¼ 0.19 (mg L�1)�1], low LOQ (1 mg L�1) and corre-

lation between reference and predicted values (r) at least 0.93, except for propanoic acid

(rpred ¼ 0.85). The F-test revealed that the selection of variables by GA significantly

improved the accuracy and linearity of the prediction models for methanol, acetic acid,

isocaproic acid and VFA. NIR spectroscopy has proved to be a powerful tool for monitoring

H2 production bioreactors since provides fast, low cost and multicomponent information.
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Introduction

The increase of global warming awareness and the pressing

need for CO2 neutral technologies have driven the modern

industry towards the use of biomass in sustainable energy

production [1,2]. The use of crude glycerol has been investi-

gated in several energy efficient processes (e.g. combustion,

composting, anaerobic digestion, and thermochemical or

biological conversions to value-added products) and the

anaerobic fermentation has gained most intention lately,

since it produces hydrogen as a clean energy and ethanol, 1-

butanol, and 1,3-propanediol as valuable liquid products

[3e5]. High yields of hydrogen have been reported using pure

glycerol as feedstock in anaerobic fermentation, however,

crude glycerol frombiodiesel manufacturing processwould be

a preferred feedstock for biohydrogen production, since the

purification of glycerol is an expensive process [6e8]. In this

perspective, a potential application for glycerol appears as an

integrated production of biodiesel and biogas in an integrated

biorefinery concept [6].

Glycerol may result in different yields of hydrogen per

mole of organic substrate, depending on the route of the

fermentation (oxidative or reductive) and the composition of

the end products [7,9]. According to Rossi et al., the end

products of the fermentation process are mainly volatile

organic acids (VFA) such as acetic, propionic and butyric acids;

and alcohols as ethanol and 1-butanol [10]. Fermentation

processes of hydrogen production using anaerobic acidogenic

bacteria have been extensively described by several authors

[11e16]. In most of the bioconversion of glycerol pathways, H2

is produced during oxidative metabolism of glycerol, in which

pyruvate is formed as an intermediate and it may be metab-

olized to different end products, such as ethanol, 1-butanol,

acetone, acetate, butyrate and lactate [17,18]. Higher yields of

H2 are observed when acetic acid is the major product in the

end of the fermentation process, followed by butyric acid, 1-

butanol and ethanol [17,19]. This becomes clear through the

global bioconversion of glycerol Equations (1)e(4) below.

C3H8O3 þ H2O / CH3COOH (acetic acid) þ CO2 þ 3H2 (1)

2C3H8O3 / C4H8O2 (butyric acid) þ 2CO2 þ 4H2 (2)

2C3H8O3 / C4H10O (butanol) þ 2CO2 þ H2O þ 2H2 (3)

C3H8O3 / C2H6O (ethanol) þ CO2 þ H2 (4)

Thus, the volatile organic compounds present in the liquid

medium during the anaerobic fermentation can provide a

better understanding of the possible effects that cause in-

crease or decrease of the biohydrogen yield.

Acid concentration levels and their changes over time

denote the state of the bioprocess. VFA can accumulate during

the anaerobic digestion process and result in an increase that

directly reflects the process behaviour and/or imbalances
since their accumulation may lead to process failure due to

pH-drop they induce [6,20,21]. VFA are excellent compounds

for indicating organic overload and the toxic condition which

acid consumers and methanogens are inhibited [6]. However,

there is no defined threshold inhibitory level of any VFA spe-

cies that is valid for all reactors [22]. In addition, a kinetic

uncoupling between the syntrophic bacteria of acid producers

and consumers in these different fermentation steps can be

observed by an accumulation of the different VFA and they

can reflect the metabolic state of the obligate H2-producing

acetogens and the acetoclastic methanogens [23,24]. Several

studies have pointed out that the determination of individual

volatile fatty acids will also contribute towards improved

understanding of anaerobic digestion and prevent a failure of

the process [21,25]. Therefore, concentration and composition

of the VFA are the best parameters to reflect the metabolic

state of the biochemical process in anaerobic digester and this

information would enable the optimal feeding of the bio-

hydrogen or biogas plant [26]. Furthermore, the determination

of impurities from crude glycerol such as methanol in the

anaerobic digester is relevant as well as themonitoring of VFA

due to its inhibitory character in high levels of concentration

in biohydrogen production [7,27,28]. The concentration of

methanol in the crude glycerol depends on the biodiesel pro-

duction process and, usually, it is removed by vacuum evap-

oration and washed with n-hexanol before the use of glycerol

as feedstock. However, studies have been carried out without

removal of impurities from crude glycerol in order to reduce

costs [28e30].

Bioprocess optimization is often limited by its inability to

measure biomass, nutrients and product concentrations in a

time frame that allows process adjustments [31]. In addition,

the production of biogas or biohydrogen by anaerobic diges-

tion is often described as unstable and even a slight variance

in the operating conditions during fermentation can decrease

the gas production significantly [2,7,32]. Monitoring of anaer-

obic digesters can take place in the solid, liquid or gas phase.

The biochemical analysis of feedstock, digestate characteris-

tics or reactor performance are typically carried out inter-

mittently off-line and measured via wet chemical analysis

[33]. Off-line determinations of the VFA and alcohols are

usually performed with high performance liquid chromatog-

raphy (HPLC) or gas chromatography (GC), however, these

methods require sample preparation, expensive equipment,

maintenance and skilled technicians [2,6,21]. A low cost and

quick result of a VFA sum parameter can be achieved by on-

line and off-line titrimetric methods, but these ignore the in-

dividual composition of the specific VFA [23]. In view of time

delay between sampling and acquiring the analytical results

as a limiting factor, there is a need for simple, rapid and cost-

effective methods that are able to determinate individual

components for the routine monitoring and control of

anaerobic reactors. All of these requirements can be met

through near infrared (NIR) spectroscopy associated with

chemometric methods.

NIR spectroscopy satisfy themost significant characteristics

of analytical methods, such as: fast (1 min or less per sample);

non-destructive; non-invasive; suitable for on-line and at-line

use; nearly universal application (any molecule containing Ce

H, NeH, SeH or OeH bonds); applicable in gaseous, liquid or

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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Table 1 e Compilation of results referred to the use of multivariate analysis of spectral data in the analysis of anaerobic
digesters.

Ref. Feedstock Compound Range (mg L�1)a LV RMSEP (mg L�1)a Correlation

[2] Pig manure and crop acetic acid 0e6000 3 913 0.89

propionic acid 0e2500 3 206 0.91

butyric acid 1000e13,000 3 400 0.92

isovaleric acid 100e1100 3 76 0.89

VFA 1300e22,300 3 1594 0.90

[6] Glycerol acetic acid 2500e25,000 3 1476 0.98

propionic acid N.I. 1 1364 0.37

butyric acid N.I. 5 271 0.74

isovaleric acid N.I. 6 55.83 0.97

VFA 5000e35,000 4 2095 0.98

[22] Mixture of chicken and pig manure acetic acid 0e5400 11 800b 0.84

propionic acid 0e3400 10 570b 0.83

VFA 0e9400 10 1530b 0.84

[24],c Citrate-producing wastewater ethanol 87e961 8 40 0.952

acetic acid 421e1431 7 42 0.930

propionic acid 318e2020 7 92 0.956

butyric acid 112e2300 6 93 0.960

[25] Harvest residues, catch crops

and pig manure

acetic acid 37e2906 6 234 0.85

propionic acid 0e554 6 N.I. 0.78

butyric acid 0e91 7 N.I. 0.73

isovaleric acid 0e98 6 N.I. 0.54

VFA 52.0e3781 6 204 0.84

[26] Maize silage acetic acid 70e3080 N.I. 270 0.69

VFA 310e10,200 N.I. 820 0.94

[32] Pig slurry with maize Chicken manure acetic acid N.I. N.I. 340b 0.919

butyric acid N.I. N.I. 12.8b 0.786

[33] Sewage sludge VFA 29e1469 7 165 0.71

[36] Maize silage VFA 200e13,100 5 880 0.92

[37] Pond sediments acetic acid N.I. 11 630 0.99

[38] Several silages acetic acid 100e5710 9 690 0.75

propionic acid 30e7240 6 570 0.76

VFA 130e9890 9 810 0.92

[39] Shredded wheat acetic acid 580e4820 d 330b N.I.

VFA 750e5490 400b N.I.

RMSEP (root mean square errors of prediction).

N.I. (not informed by the authors).

LV (number of latent variables).
a Some values have been approximated to make them in the same unit for comparison purposes.
b RMSECV (root mean square errors of cross validation) results.
c Anaerobic digester for H2 production.
d Models developed using SVM (support vector machine).
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solidsamples;andminimalornosamplepreparation [26,34].As

a analytical technology, NIR is considered to be a promising

method for biological process and it is increasingly being uti-

lized to investigate the performance of anaerobic digesters

[35,36]. Studies demonstrate the potential of NIR for VFA

monitoring in anaerobic digesters for biogas production,

including different feedstocks [2,6,22,25,26,32,33,36e39]. How-

ever,onlyonestudywasperformedwithanaerobicdigestersfor

biohydrogen production [24]. The previous studies are sum-

marized in Table 1.

NIR has an almost total dependence on statistics and

chemometrics for its application. Partial least square (PLS)

regression has been the most widely used multivariate cali-

bration method for multicomponent analysis in anaerobic

digesters. Although PLS models are very useful to resolve

various calibration problems, the predictive ability of the

model is highly influenced by the interferences of background

and spectra noise [24,40]. In order to reduce the instrumental
andmatrix influences, calibration data are often preprocessed

prior to data analysis. The baseline shifting is usually cor-

rected by applying the first or second derivative; or by poly-

nomials that correct the displacement based on a standard

spectrum [41,42]. When the analytes are solubilized in a sol-

vent with high analytical response, the selectivity of the

method is compromised due to the overlap of the analyte

bands by the solvent bands. Nonetheless, the selectivity can

be improved using multivariate filters such as Orthogonal

Signal Correction (OSC) to remove signals from background

and interferences through identification of some unwanted

covariance structure [24,43,44]. OSC filter uses samples with

similar Y-block (concentration of analyte) values to identify

the sources of variance in the X-block (spectra) to down-

weight and allow a multivariate regression with less latent

variables [43]. Another way to improve the selectivity and,

consequently, the predictive ability of the chemometricmodel

is by the selection of variables. The removal of variables, in

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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which the noise dominates over the information related to the

analyte, often leads to better accuracy and performance of the

analytical method and it is a technique widely accepted

[45,46]. The selection of variables can be performed based on

the spectral knowledge (manual approach) or through algo-

rithms that seek tominimize the prediction error of themodel

such as Genetic Algorithm (GA). This algorithm is a popular

heuristic optimization technique that employs a probabilistic,

non-local search process thatmanipulates binary strings with

the experimental variables [45]. Mixtures with almost iden-

tical spectra been successfully calibrated using GA in addition

to the better understanding of the chemical system provided

by the algorithm [45,47,48]. Furthermore, GA has already been

used to optimize the biohydrogen production processes

[49e53].

Multivariate calibration methods, such as Partial least

squares regression (PLS), rely on accurate and precise reference

values to provide appropriate models for prediction. Typically,

the reference values of VFA and alcohols are obtained by

chromatographic methods [21]. Although these methods may

be precise, errors of the reference method are accumulated in

the chemometric models. One way to reduce the amount of

inserted errors in the model is by constructing a sample set

with spiked samples, although this is not possible for all types

ofmatrices due to their complexity [54]. Falk et al. developedan

online monitoring of concentration and dynamics of VFA in

anaerobic digestion processes with mid-infrared spectroscopy

using two calibration sets: one with spiked samples; and other

with real samples with reference values determined by HPLC

[23]. The most important step for using a spiked sample set is

the model validation with real samples. If the figures of merit

(FOMs) of the model, such as accuracy, precision, linearity,

limit of quantitation, etc, present acceptable values, themodel

can be applied in routine analyses [55].

Since the anaerobic digester can slow down, be severely

disturbed or even break down completely due to the lack of

appropriate monitoring, this study aimed to investigate the

capacity of NIR spectroscopy combined with GA-PLS to

determinate individual VFA and alcohols in anaerobic H2-

producing reactors fed with crude glycerol. The calibration

models and the FOMs was performed using samples from

previous studies with wastewater and crude glycerol for bio-

hydrogen production [17,28]. In order to provide a substitute

for the reference methods, calibration models for methanol,

ethanol, acetic acid and butyric acid were also developed

using spiked samples and tested with the bioreactor samples.
Materials and methods

Anaerobic batch reactors samples

The development and validation of the predictive models

were performed using 100 samples from previous studies of

anaerobic batch reactors with wastewater and crude glycerol

for H2 production [17,28]. The sample set consisted of 85

samples from batch reactors inoculated with a granular

sludge from a UASB reactor used in the treatment of vinasse

(S~ao Martinho, Prad�opolis - Brazil) [17]; and 15 samples from

the treatment of poultry residues (DAKAR, Tietê - Brazil) [28].
The crude glycerol used in both studies was obtained from a

pilot plant of biodiesel production in the Biotechnology Insti-

tute of Engineering Renewable Energy of UNIARA (Araraquara

- Brazil) through transesterification of used cooking oils. The

characterization of the crude glycerol, the growth conditions

and the operation of the anaerobic batch reactors are

described in detail in Ref. [17].

Reference method

The alcohols and volatile organic acids from the bioreactors

were determined by gas chromatography with flame ioniza-

tion detector (GC-FID). Prior to the GC analyzes, the biomass

was removed by centrifugation at 9000 rpm for 10 min, at

�4 �C, and then the upper phase was stored at �19� C. The

frozen samples were thawed at laboratory temperature (22 �C)
on the day of GC analysis and 2 mL aliquots of sample were

transferred to 22 mL vials with 1 g of NaCl (to provide salting-

out effect). The organic compounds concentrations (including

acetone, methanol, ethanol, 1-propanol, 1-butanol, acetic,

propionic, butyric, isobutyric, isovaleric, caproic and iso-

caproic acids) were measured by a GC (Shimadzu, Model 2010)

equipped with a headspace sampler (AOC-5000 Plus), split/

splitless injector, flame induction detector and a

30 m � 0.32 mm � 3.0 mm fused-silica capillary column

(Restek, RTX-1). The samples were heated at 100 �C and

shaken for 15 min by the sampler before the injection. Both

injector and detector remained at 250 �C. Helium was used as

the carrier gas with a flow rate of 1.0 mL min�1 (51.6 cm s�1).

The oven temperature was programmed initially at 45 �C for

1 min followed with a ramp of 50 �C min�1 to the final tem-

perature, 250 �C, maintained for 3 min. Finally, the com-

pounds were quantified by external calibration method.

Spiked samples

A calibration set with spiked samples was prepared to eval-

uate the possibility of replacing reference methods, e.g. GC

analysis. The compounds chosen to prepare the samples were

acetic and butyric acids and ethanol because of the relation-

ship with high yields of biohydrogen; and methanol due to its

inhibitory character and presence in crude glycerol [7,10]. A

total of 100 samples were prepared using analytical grade

compounds (SigmaAldrich andMerk), in range of 150mg L�1 a

8620 mg L�1, into a modified PYG medium composed of glyc-

erin (10.0 g L�1), peptone (5.0 g L�1), yeast extract (5.0 g L�1) and

meat extract (5.0 g L�1), at a pH of 7.0. To avoid the covariance

between the concentrations of the different compounds, the

samples were prepared in a systematic way (Table A1,

Appendices A).

Near infrared analysis

NIR spectra of the 100 bioreactors samples, 100 spiked sam-

ples and 15 blanks (PYG medium) were obtained by trans-

flectance using 0.5 mL of sample. The Fourier transform

spectrometer used was a Nicolet 6700 FT-IR (Thermo Scienti-

fic, Waltham, USA) set at 32 scans and 4 cm�1 of resolution.

The NIR spectra were recorded in range of 10,000e4000 cm�1

using a Smart NIR Integrating Sphere accessory coupled to the

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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spectrometer and a stainless steel sampler of 0.2 mm optical

path. The conditions of temperature and relative humidity

during the analysis were, respectively, 21.2 ± 0.3 �C and

45 ± 7%.

Chemometric analysis

The calibration models were carried out using Partial Least

Square regression (PLS) by MATLAB software (version R2013a)

and PLS Toolbox (version 7.9.3). The bioreactor samples plus

the blanks were divided into calibration (76 samples) and

prediction (39 samples) sets by the Onion method to select

representative samples for both sets [56]. Different data pre-

processing were evaluated to provide the best model. The

tested preprocessing were: mean center; Savtizky-Golay

smoothing and derivatives; standard normal variate (SNV);

multiplicative scatter correction (MSC); generalized least

squares weighting (GLSW); and orthogonal signal correction

(OSC).

After verification of themost appropriate preprocessing for

each model, the use of the Genetic algorithm (GA) for variable

selection was evaluated. Since GA of the PLS toolbox is limited

to 200 generations, the algorithmwas executed twice for each

model. Both executions were performed with population size

of 128 models, initial terms of 30%, mutation rate of 0.5%,

double crossover and PLS regression method.

The number of latent variables (LV) was chosen based on

root mean square errors of calibration (RMSEC), cross-

validation (RMSECV) and validation (RMSEP) values to avoid

model overfitting [57].

Validation

The validation was performed using the following FOMs: ac-

curacy; precision; selectivity (SEL); sensitivity (SEN); analytical

sensitivity (g); linearity; measuring interval; bias; limit of

detection (LOD); limit of quantitation (LOQ); and signal-to-

noise ratio (S/N). As recommended by the analytical division

of IUPAC, the figures ofmerit SEL, SEN, LOD, LOQ and S/Nwere

calculatedusing thenet analyte signal (NAS) theory [58,59]. The

NAS is defined as the part of the analytical signal related to the

analyte of interest alone and orthogonal to the space contain-

ing the interferences [60]. The NAS theory and FOMs equations

have beenwell described and applied in the scientific literature

[58,61e64], and thus are not described in detail here.

The accuracy was assessed by the errors values of the

model, RMSEC and RMSEP, and the correlation coefficients (r)

between the reference and predicted values. The precision of

the analytical method was evaluated by the relative standard

deviation (RSD) of seven samples analyzed in nine replicates

on the same day.

The measuring interval was considered the range between

the LOQ and the highest concentration present in the cali-

bration set of the model. Analytical sensitivity was calculated

as (SEN/dx), where dx is the approximation of the instrumental

noise estimated by the standard deviation of the NAS value for

15 spectra of the reference signal (blank spectrum) [60].

Bias indicates presence of systematic errors in the model.

This FOM can be assessed by a t-test for the validation sam-

ples at a confidence interval of 95%. The average bias was
calculated by summing the differences between the reference

value and the predicted value divided by the number of vali-

dation samples (Equation (1)) [54].

bias ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPnv

i¼1

�
yi � byi

�2
nv

s
(1)

Then, the standard deviation of validation errors (SDV) was

calculated as

SDV ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP��

yi � byi

�� bias
�2

nv � 1

s
(2)

and finally the value of tbias is given by

tbias ¼ jbiasj ffiffiffiffiffiffi
nv

p
SDV

(3)

If the value obtained for tbias was greater than the critical

value for nv e 1 degrees of freedom, the multivariate model

had significant systematic errors.

The calibration models developed with the spiked sample

set were validated using all the bioreactors samples and the

application of the proposed analytical method was evaluated

through RMSEP values and correlation coefficients.
Results and discussion

Characteristics of the bioreactor samples

One of the main impurities of the crude glycerol from

transesterification process is methanol. Its presence is

considered an inhibitory effect to microbial growth and may

interfere in the metabolic pathway to H2 generation [10]. In

this study, the crude glycerol used in the anaerobic batch

reactors presented methanol content of 15.84% (w/w) [17].

Santana et al. observed that high yields of H2 production in

the fermentation process was inversely proportional to the

methanol content in the digesters [28]. The concentration

range of methanol in the analyzed samples was 43 mg L�1 to

21,435 mg L�1. The samples with high concentration of

methanol were obtained from bioreactors fed with 240 g L�1

and 320 g L�1 of crude glycerol.

The H2 production is directly proportional to the genera-

tion of volatile organic compounds in liquid medium [19]. The

generation of acetic acid is the main indicator of higher yields

of H2 followed by the presence of butyric acid, 1-butanol and

ethanol. The concentration range, median and standard de-

viation of the main alcohol and volatile organic acids present

in the bioreactor samples are shown in Table 2. The compo-

nents with the highest mean of concentration were ethanol,

acetic acid and isocaproic acid. Despite the wide range of 1-

butanol concentration, most of the samples had low concen-

tration of this analyte. The VFA values were resulted from the

sum of the concentration of acetic, propanoic, butyric, iso-

butyric, valeric, isovaleric, caproic and isocaproic acids. The

acids not listed in Table 2 were present in the samples in very

low concentrations, below or near the LOQ of the reference

method, so no predictive models for these analytes were

developed in this study. The complete description of the

anaerobic batch reactors can be found in Ref. [28].

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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Table 2 e Statistic values of bioreactor samples: full, calibration and prediction sets.

Item (mg L�1) Full set Calibration seta Validation seta

Range Median SD Range Median SD Range Median SD

Methanol 43e21,435 986 2868 0e21,435 1040 3034 0e14,189 972 2546

Ethanol 0e1755 198 319 0e1755 160 317 0e1050 250 324

1-Butanol 0e2428 20 327 0e2428 17 352 0e1346 19 273

Acetic acid 0e931 341 267 0e931 327 270 0e835 386 262

Propanoic acid 0e310 42 63 0e310 42 64 0e279 42 61

Butyric acid 0e820 94 172 0e820 95 176 0e704 86 166

Isocaproic acid 0e511 209 123 0e511 223 128 0e357 191 114

VFA 5e3079 917 653 0e3079 933 655 0e2451 912 659

a The calibration and validation sets include the blank samples.
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Spectral features

Wide bands that correspond to overtones and combinations of

fundamental vibrations characterize NIR spectra. Nonethe-

less, some bands occur regularly enough to distinguish mo-

lecular groups [42]. Even compounds with same functional

group have unique spectra in NIR, butwhen they are diluted in

an aqueous medium, the intrinsic characteristics of each an-

alyte are no longer visibly discernible because the vibration of

OeH bonds of water are intensity in NIR. The spectra of the

bioreactor samples and blanks (PYG medium) are shown in

Fig. 1. The intense bands at 5400e4600 cm�1 and

7300e6500 cm�1 could be attributed mainly to the water

because correspond to combination of axial and angular de-

formations and first overtone of OH group, respectively. Since

NIR is dominated by absorptions associated with functional

groups with hydrogen atom, the carbonyl group of the organic

acids showed a weak band at 5263 cm�1 together the OeH

stretching and HeOeH deformation combination band at

5200 cm�1. The CH group was observed by the CeH combi-

nation band at 4314 cm�1 and by the wide band at 8500 cm�1

resulted from the third overtone of CeH stretching [65].

The possibility of quantifying alcohols and carboxylic acids

in aqueous medium is due to the sensitivity of the NIR region

to the hydrogen bonds [65]. The presence of hydrogen bonding
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increases the length of OeH bands, thereby perturbing the

frequency of OeH vibration to shorter frequencies. For the

reason that water, alcohols and carboxylic acids molecules

participate inmultiple hydrogen bonds, these solutions can be

considered to consist of equilibrium mixtures of different

hydrogen-bonded species [41].

Models development

The range, median and standard deviation of the analytes

concentration for the calibration and validation sets are

shown in Table 2. The Onion method was effective in the se-

lection of samples for each set of samples, since the values of

median and standard deviation were similar in both sets and,

in addition, the calibration sets covered broader concentration

ranges. Although the MSC and SNV are very useful in NIR

analyses to correct the light beam scattering caused by solid

particles present in the samples, especially, whenmuch of the

signal in a sample is the same in all samples [42], these pre-

processing did not provide the best models. All models pre-

sented better prediction results using only OSC filter. Zhang

et al. [24] obtained the best NIR/PLS models for ethanol, ace-

tate, propionate and butyrate in anaerobic reactors using the

OSC with first derivative, however, the use of the latter pre-

processing did not generate better prediction results in this
40005000600000
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es and PYG medium solutions.
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study. This can be explained by the reduction of the signal-to-

noise ratio related to the use of the first derivative [41].

When there is insufficient selectivity in the variables,

multivariate filters as GLSW and OSC may remove signals

from background and interferences through identification of

some unwanted covariance structure (i.e., how variables

change together) [43]. GLSW uses samples with similar Y-

block (component concentration) values to identify the sour-

ces of variance in the X-block (spectra) to down-weight and

allows a regression using few latent variables [43]. OSC is a

filter that removes from the X-block only the variables that are

unrelated to Y. This is made by ensuring that the removed

variables are mathematically orthogonal to Y. Normally, two

OSC components are used for NIR spectra, where the first

component generally resembles a “baseline correction” and

the second component may correct multiplicative effects [66].

Here we use only one OSC component, since the multiplica-

tive effects are not intense in NIR analyzes by transflectance

[65].

During the evaluation of the most suitable preprocessing

for the PLS models with the full spectra, no samples were

considered as outlier, therefore, the genetic algorithm was

executed with all samples and OSC preprocessing. As each

execution of the algorithm was performed with 30% of the

initial terms and the full spectra had 3112 variables, the first

execution resulted in models with approximately 934 vari-

ables and the second executionwith number of variables close

to 280. Each run took about 2 hwith the GA settings used and a

computer with Intel Core i7 3632QM 2.20 GHz processor and

8.0 Gb of RAM. The number of variables and the values of

RMSEC, RMSEP and correlation coefficients of each model are

available in Table 3. The RMSEP values and correlation co-

efficients of the prediction sets showed that the use of GA
Table 3 e Calibration and prediction results for the models wi

Model Number of variables r (cal) r (pred

Methanol

Full spectra 3112 0.9722 0.9432

GA 237 0.9884 0.9658

Ethanol

Full spectra 3112 0.9840 0.8807

GA 296 0.9840 0.9273

1-Butanol

Full spectra 3112 0.8705 0.9355

GA 263 0.9970 0.9357

Acetic acid

Full spectra 3112 0.9909 0.9278

GA 210 0.9934 0.9762

Propanoic acid

Full spectra 3112 0.9416 0.7703

GA 924 0.9380 0.8529

Butyric acid

Full spectra 3112 0.9720 0.8799

GA 284 0.9985 0.9319

Isocaproic acid

Full spectra 3112 0.9849 0.9263

GA 307 0.9964 0.9632

VFA

Full spectra 3112 0.9697 0.9136

GA 249 0.9965 0.9620

*F tabulated (95% confidence level; 38 degrees of freedom) ¼ 1.72.
reduced the prediction errors and improved the correlation

between the reference values and the predicted values for all

the analytes. In order to compare the performance of PLS

models with full spectra and GA variable selection, a F-test

was performed. The F-values were obtained by the ratio of the

variances (RMSEP squared) as in Equation (4).

F ¼ RMSEP2
1

RMSEP2
2

(4)

where RMSEP1 > RMSEP2. If the calculated F value was greater

than the tabulated F value, there was a significant improve-

ment in the fit of the model using GA. Although the selection

of variables improved the fit of all models, the reduction of

RMSEP values was significant for the prediction of methanol,

acetic acid, isocaproic acid and VFA. The GA-PLS model for

prediction of propanoic acid was an exception in relation to

the number of variables. After the first execution, there was a

model overfitting and, consequently, the prediction errors

increased. Thus, the final model for propanoic acid presented

924 variables.

Validation

The main FOMs of the final GA-PLS models are presented in

Table 4. Despite the significant reduction of X block variables

using GA, the prediction models required a large number of

LVs. This may be justified by the complexity of the matrix and

similarity between the compounds of interest. As the number

of LVs was also defined by the lower RMSEP value, there was

no overfitting of the calibration model.

The correlation coefficients, rcal and rpred, of the models

were above 0.93, which represents the good fit between the

values determined by the reference method and the values
th full spectra and GA variable selection.

) RMSEC (mg L�1) RMSEP (mg L�1) F value

706 867 1.77

457 652

56 152 1.58

56 121

172 140 1.08

27 135

36 103 3.33

31 57

21 39 1.45

22 32

41 80 1.70

10 61

22 46 2.08

11 32

159 269 2.14

55 184
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Table 4 e Validation results of the GA-PLS models.

Component Accuracy Linearity Bias

LVs r (cal) r (pred) RMSEC
(mg L�1)

RMSEP
(mg L�1)

R2 (cal) R2 (pred) Intercept Inclination Prediction
bias

tbias

Methanol 8 0.988 0.966 457 652 0.977 0.933 �4.9 � 10�2 5.6 � 105 8 0.08

Ethanol 10 0.984 0.927 56 121 0.968 0.860 �3.1 � 10�2 2.0 � 105 1 0.07

1-Butanol 13 0.997 0.936 27 135 0.994 0.875 �1.5 � 10�2 3.2 � 105 226 2.80

Acetic acid 10 0.993 0.976 31 57 0.987 0.953 2.7 � 10�4 1.3 � 105 �6 0.69

Propanoic acid 8 0.938 0.853 22 32 0.880 0.728 8.1 � 10�3 2.5 � 104 4 0.77

Butyric acid 15 0.998 0.932 10 61 0.997 0.868 4.7 � 10�4 2.7 � 105 15 1.46

Isocaproic acid 13 0.996 0.963 11 32 0.993 0.928 7.7 � 10�4 9.3 � 104 �3 0.49

VFA 13 0.996 0.962 55 184 0.993 0.925 �1.6 � 10�2 5.9 � 105 �46 1.54

Component Selectivity
(%)

S/N Analytical
sensitivity
(mg L�1)

g�1

(mg L�1)�1
LOD

(mg L�1)
LOQ

(mg L�1)
RSD (%) Measuring

interval
(mg L�1)

mean maximum lowest highest mean

Methanol 0.11 8 50 7.0 0.14 0.5 1.4 8 26 13 1.4e21,435

Ethanol 0.06 6 29 5.4 0.19 0.6 1.9 5 17 11 1.9e1755

1-Butanol 0.03 10 72 9.7 0.10 0.3 1.0 7 16 12 1.0e2428

Acetic acid 0.12 14 41 11.8 0.08 0.3 0.8 4 27 12 0.8e931

Propanoic acid 0.06 9 35 7.6 0.13 0.4 1.3 15 58 34 1.3e310

Butyric acid 0.03 31 129 27.5 0.04 0.1 0.4 7 49 20 0.4e820

Isocaproic acid 0.03 16 64 13.7 0.07 0.2 0.7 4 16 8 0.7e511

VFA 0.01 8 32 7.1 0.14 0.5 1.4 7 40 15 1.4e3079

t critical (95% confidence level; 38 degrees of freedom) ¼ 1.69.

i n t e r n a t i o n a l j o u r n a l o f h y d r o g e n en e r g y 4 2 ( 2 0 1 7 ) 2 0 4 8 0e2 0 4 9 3 20487
predicted by the model. The only exception was the prop-

anoic acid prediction model, which presented rpred equal to

0.85. The fit of the models can be observed by the plot of

reference versus predicted values for the calibration (black

circles) and prediction (white circles) sets in Fig. 2. The

RMSEC and RMSEP values were proportional to the range of

the measurement interval. The GA-PLS models for acetic and

isocaproic acids presented the smallest prediction errors

when compared to the median concentrations of the pre-

diction sets.

The models that had a significant reduction in RMSEP

values through the selection of variables showed the highest

values of R2
pred, i.e. the use of GA also improved the linearity of

the calibration models. Although the values of R2
cal and R2

pred

were below 0.90 for prediction model of propanoic acid, there

was no significant bias in predicted values, as could be verified

by the tbias value. Only the model for 1-butanol showed a

significant bias in predicted concentrations. The presence of

an anomalous sample in the prediction set of 1-butanol is

observed in the plot of Fig. 2, which justifies the high positive

bias in the prediction set.

The selectivity indicates the part of the measured signal

that is unique to the analyte of interest [60]. The results pre-

sented in Table 3 shows that the better selectivity was only

0.12%of the signal (calibrationof acetic acid) and theworstwas

0.01% (calibration of VFA). In addition to the complexity of the

matrix and the similarity between the compounds of interest,

the fact that the analytes are diluted in aqueous medium re-

duces the selectivity of the method due to the high absorption

of the NIR radiation by the water molecules [65]. However, as

discussed in the literature, this fact does not preclude the

determination of the analytes in question, even with low

selectivity, since thehydrogenbonds betweendifferent groups

cause shifting in the bands related to OH group [41].
The models with higher signal-to-noise ratio are more

sensitive because the analytical signal of the compound of

interest is relatively more intense. Therefore, the predictive

models of acetic, butyric and caproic acids were the models

with the highest analytical sensitivity (g) and, consequently,

lower values of g�1, which indicates the smallest difference in

concentration that is discernible by the analyticalmethod [60].

As results of g�1, all the models were very sensitive to small

differences of concentration, values between 0.04 and

0.19 mg L�1 (Table 4). The LOD ad LOQ were directly related to

the standard deviation of the blank (PYG medium) and

inversely to the sensitivity of the model. The low values of

LOD and LOQ were consequences of the low standard devia-

tion of the blank resulted from multiple scans (32 scans each

spectrum). The LOQ values provided comprehensive mea-

surement ranges for all analytes (Table 4).

The precision of the models was evaluated by the relative

standard deviation (RSD) of nine replicates of seven samples

that were randomly chosen. Table 4 shows the values of the

lowest, highest and mean RSD for each analyte. The precision

evaluation resulted in high RSD values for predictive models

of propanoic acid, butyric acid and VFA. However, only the

propanoic acid model showed the mean RSD above 20%.

Models with spiked samples

Prior to the development of calibration models with spiked

samples, the spectral differences between these samples and

the bioreactor samples were evaluated. The spectra of the

bioreactor samples presented less intense OH bands than the

spiked samples, which may be the result of several com-

pounds doing hydrogen bonds and presence of dry matter in

solution. In order to correct the differences between the sets,

SNV preprocessing was applied to normalize the spectra and

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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Fig. 2 e Plot of reference versus predicted values for the calibration (black circles) and validation (white circles) of spiked

samples.
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first derivative to correct the baseline shifting. The scores plot

(Fig. 3) generated by Principal Component Analysis (PCA) of

the spectra clearly shows the discrimination between the

spiked and the bioreactor samples prior to preprocessing and

the reduction of dissimilarity after preprocessing.

After normalization and baseline correction, the calibra-

tion models were developed using full spectra and GA vari-

ables selection, and then validated with the bioreactor

samples. The results of calibration and validation of the

models are present in Table 5. Despite the attenuation of the

spectral differences of the two sets by the use of preprocess-

ing, the models developed with spiked samples did not pro-

vide good prediction results for bioreactor samples.

Differently from the models developed with the bioreactor

samples, the use of GA increased RMSEP values and decreased

correlation coefficients, except for prediction of methanol.

The selection of variables only accentuated the differences

between the two sets leading to larger errors of prediction.

As the spiked samples were prepared with only four

compounds on PYG media, the amount of other by-products

may have influenced the analytical signal of the analytes of

interest. Some bioreactor samples had considerable concen-

tration of 1-butanol and isocaproic acids. Since these com-

pounds can make hydrogen bonds, the equilibrium between

compounds with hydroxyl groups is different in the two sets.

The potential of NIR for monitoring anaerobic bioreactors

Some of the studies have demonstrated the effectiveness of

NIR in the scanning of fermentation process through different

approaches [2,6,26,33,36,39,67]. Unlike the analyses performed

by conventional methods, NIR analysis is rapid, relatively low

cost and allows the acquisition of many real-time data, there-

fore, it provides an efficient monitoring of the anaerobic

digester. Besides the ease of performing NIR analysis, the
method developed in offlinemode can be transferred to online

mode even using different equipment. Krapf et al. [67]

demonstrated the possibility of transferring an offline NIR

application to anonlineprocess analyzer for in situmonitoring

of anaerobic digestion.

Online monitoring is problematic due to the complexity of

the matrix. Some systems have been reported for online

measurement of individual VFA using GC, however the main

problem is the saturation of the automatic filtration system

[68]. Boe et al. (2007) developed a system for online analysis of

volatile compounds in anaerobic digesters based on head-

space extraction without filtration. This same extraction

concept for GCmeasurement could be applied to NIR since the

heating temperature is constant and the measurement can be

performed in the gas phase, and, consequently, reduce most

of the interferences related to the matrix.

The validation of the developed models provided signifi-

cant information about the NIR application for monitoring of

main constituents in H2-production bioreactors. Although the

analytes have individual spectral characteristics, the intense

bands of water overlap the intrinsic bands of each analyte,

which results in low signal-to-noise ratio and low selectivity.

However, the use of multivariate filters such as OSC has been

effective in increasing prediction ability in aqueous media, as

demonstrated in this study and by Zhang et al. [24].

Besides the water content, other problematic factors cited

by authors were: (i) distribution of dry matter [33]; (ii) poor

laboratory analysis quality (Y data) [25]; and (iii) changes in the

physical or chemical constitution [23,67]. (i) The heteroge-

neous dry matter distribution can be problematic for the on-

line monitoring of bioreactors, as it will increase the amount

of noise in the models, however this can be overcome by

preprocessing such as MSC and SNV, which compensate dif-

ferences in specular reflectance and diffuse reflectance [41];

and by extensive replication and averaging sample spectra

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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[25]. (ii) Multivariate calibration is highly dependent on accu-

rate and precise reference values (Y data). The concentrations

of components determined by poorly calibrated analytical

methods will result in more residues in the model, lower

explained variance, and need for more latent variables, which

may lead to an overfitting [41]. (iii) According to Krapf et al.
Fig. 3 e PCA of bioreactor and spiked samples w
[67], variations in pH, temperature, and analytes concentra-

tion of the slurry can change the hydrogen bonding within

anaerobic digester samples and then may invalidate the NIR

model. It is possible to control these variations through pH

adjustment and temperature control in off-line analysis, but

the only strategy to avoid erroneous estimates in online
ith and without prepreprocessed X-block.

http://dx.doi.org/10.1016/j.ijhydene.2017.07.044
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Table 5 e Calibration and validation of the models developed with spiked samples.

Model Number of Variables Correlation (cal) Correlation (val) RMSEC (mg L�1) RMSEP (mg L�1)

Methanol

Full spectra 3112 0.9590 0.8395 545 3221

GA 983 0.9992 0.8687 77 1555

Ethanol

Full spectra 3112 0.9953 0.5714 179 973

GA 928 0.9641 0.3630 489 3864

Acetic acid

Full spectra 3112 0.9906 0.3361 254 702

GA 886 0.9942 0.2357 200 4483

Butyric acid

Full spectra 3112 0.9873 0.0911 298 1251

GA 880 0.9651 0.0793 490 3689
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analysis is to incorporate these expected variations in

calibration.

All studies found in the literature, except Ref [24], showed

the same problems: high RMSEP; or low correlation; or both

(Table 1). Even the models generated through support vector

machine regression (SVM-r), useful for non-linearity prob-

lems, resulted in high RMSEP values [39]. The literature data

show that the obstacles to NIR application in the monitoring

of anaerobic digesters mentioned above are not easily

overcome. Therefore, one feasible way to provide signifi-

cantly more accurate predictions and better signal-to-noise

ratios is through the use of multivariate filters such as OSC

and variable selection algorithms such as GA. Accordingly,

the methods will be more sensitive to small variations in

concentration and more selective for the compounds of

interest.
Conclusions

In this study, the validation of the developed models proved

that NIR spectroscopy is a rapid and effective technique for

the monitoring of alcohols and volatile organic acids in
Table A1 e Methanol, ethanol, acetic and butyric acids concen

Concentration (mg L�1)

Sample methanol ethanol acetic acid butyric acid

SS 1 8000 2000 4000 6000

SS 2 6000 8000 2000 4000

SS 3 4000 6000 8000 2000

SS 4 2000 4000 6000 8000

SS 5 8197 1844 3934 6025

SS 6 6148 7992 1885 3975

SS 7 4098 5943 8033 1926

SS 8 2049 3893 5984 8074

SS 9 8403 1681 3866 6050

SS 10 6303 7983 1765 3950

SS 11 4202 5882 8067 1849

SS 12 2101 3782 5966 8151

SS 13 8621 1509 3793 6078

SS 14 6466 7974 1638 3922

SS 15 4310 5819 8103 1767

SS 16 2155 3664 5948 8233
anaerobic bioreactors for H2 production. The orthogonal

signal correction filter provided better prediction capabilities

to the models and the genetic algorithm significantly

improved the accuracy and linearity of themodels. The figures

ofmerit obtained by theNAS concept revealed that the GA-PLS

models were sensitive to small variations in analyte concen-

tration and had low limits of quantification (approximately

1 mg L�1). Therefore, the use of a multivariate filter and vari-

able selection has made NIR spectroscopy a more promising

technique for multicomponent analysis in anaerobic bio-

reactors, which provides a fast and low cost monitoring of

fermentation process.
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APPENDICES A
trations of spiked samples.

Sample methanol ethanol acetic acid butyric acid

SS 51 2049 2971 4016 963

SS 52 205 389 598 807

SS 53 410 779 1197 1615

SS 54 615 1168 1795 2422

SS 55 820 1557 2393 3230

SS 56 1025 1947 2992 4037

SS 57 840 168 387 605

SS 58 1681 336 773 1210

SS 59 2521 504 1160 1815

SS 60 3361 672 1546 2420

SS 61 4202 840 1933 3025

SS 62 630 798 176 395

SS 63 1261 1597 353 790

SS 64 1891 2395 529 1185

SS 65 2521 3193 706 1580

SS 66 3151 3992 882 1975
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Table A1 e (continued )

Concentration (mg L�1)

Sample methanol ethanol acetic acid butyric acid Sample methanol ethanol acetic acid butyric acid

SS 17 800 200 400 600 SS 67 420 588 807 185

SS 18 1600 400 800 1200 SS 68 840 1176 1613 370

SS 19 2400 600 1200 1800 SS 69 1261 1765 2420 555

SS 20 3200 800 1600 2400 SS 70 1681 2353 3227 739

SS 21 4000 1000 2000 3000 SS 71 2101 2941 4034 924

SS 22 600 800 200 400 SS 72 210 378 597 815

SS 23 1200 1600 400 800 SS 73 420 756 1193 1630

SS 24 1800 2400 600 1200 SS 74 630 1134 1790 2445

SS 25 2400 3200 800 1600 SS 75 840 1513 2387 3261

SS 26 3000 4000 1000 2000 SS 76 1050 1891 2983 4076

SS 27 400 600 800 200 SS 77 862 151 379 608

SS 28 800 1200 1600 400 SS 78 1724 302 759 1216

SS 29 1200 1800 2400 600 SS 79 2586 453 1138 1823

SS 30 1600 2400 3200 800 SS 80 3448 603 1517 2431

SS 31 2000 3000 4000 1000 SS 81 4310 754 1897 3039

SS 32 200 400 600 800 SS 82 647 797 164 392

SS 33 400 800 1200 1600 SS 83 1293 1595 328 784

SS 34 600 1200 1800 2400 SS 84 1940 2392 491 1177

SS 35 800 1600 2400 3200 SS 85 2586 3190 655 1569

SS 36 1000 2000 3000 4000 SS 86 3233 3987 819 1961

SS 37 820 184 393 602 SS 87 431 582 810 177

SS 38 1639 369 787 1205 SS 88 862 1164 1621 353

SS 39 2459 553 1180 1807 SS 89 1293 1746 2431 530

SS 40 3279 738 1574 2410 SS 90 1724 2328 3241 707

SS 41 4098 922 1967 3012 SS 91 2155 2909 4052 884

SS 42 615 799 189 398 SS 92 216 366 595 823

SS 43 1230 1598 377 795 SS 93 431 733 1190 1647

SS 44 1844 2398 566 1193 SS 94 647 1099 1784 2470

SS 45 2459 3197 754 1590 SS 95 862 1466 2379 3293

SS 46 3074 3996 943 1988 SS 96 1078 1832 2974 4116

SS 47 410 594 803 193 SS 97 769 1538 2308 3077

SS 48 820 1189 1607 385 SS 98 3415 768 1639 2510

SS 49 1230 1783 2410 578 SS 99 2521 3193 706 1580

SS 50 1639 2377 3213 770 SS 100 2155 2909 4052 884
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