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HIGHLIGHTS

® Free ammonia nitrogen (FAN) extreme intoxication was reached at ~5 gpan lemy’l.

® Multivariate statistical process control (MSPC) models were built using only the biogas composition.
® Recursively updated MSPC models detected a decrease of reactor performance early.

® Early signs of process perturbation coincided to a drastic change in the reactor microbiome.

® These models performance was negatively affected by a drastic shift in the reactor microbiome.

ARTICLE INFO ABSTRACT

Keywords: Three anaerobic digestion reactors were initially maintained at steady-state with low nitrogen input, then

Anaerobic digestion progressively exposed to increasing nitrogen input until extreme ammonia intoxication, leading to interruption

Ammonia intoxication of biogas production. Such interruption occurred for a free ammonia nitrogen (FAN) concentration of about 5 g

Multivariate statistical process control Lyury ' A fourth reactor used as a control was maintained at low nitrogen steady-state. The biogas composition

x—[i):gg:lncgo:gﬂilents analysis (CHy4, CO,, H, and H,S) was recorded over time and data were fed into a multivariate statistical process control

Biogas composition model based on principal components analysis (PCA-MSPC). Static PCA-MSPC failed to distinguish between the
actual reactor performance decrease and the drift of the in-control process baseline. However, recursively up-
dated PCA-MSPC (effective memory length of 14 days, i.e. 0.25 hydraulic retention time) allowed detection of
the early signs of FAN induced process dysfunction, which were simultaneous with drastic changes in the mi-
crobiome of the replicate reactors. However, the process control model was not able to adapt to a drastic
modification of the microbiome. Propionate continuously accumulated since the detection of the first signs of
process dysfunction.

1. Introduction energy framework, establishing challenging objectives for the member
states for the year 2030. These objectives include a 40% reduction of
In 2014, the European Union leaders agreed on a new climate and the greenhouse gas emissions and an increase of the renewable energy
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contribution to 27% of the global energy mix [1]. To meet these ob-
jectives, on-farm anaerobic digestion (AD) can bring a valuable con-
tribution since it is an efficient technology for renewable energy pro-
duction from wet fermentable organic substrates and for recovery of the
essential nutrients, especially nitrogen and phosphorus [2].

Animal manure should be digested in AD reactors to take advantage
of its carbon content for energy production, while avoiding the emis-
sion of methane during its storage [3]. However, the high nitrogen load
present in manure in the form of urea and proteins leads to the accu-
mulation of ammonia as a final product of AD [4]. In addition, the
carbon present in manure is mostly recalcitrant to AD because the an-
imal has already assimilated the most available part of the organic
matter present in its feed. Consequently, AD plants exploiting manure
as the principal substrate must adopt long hydraulic retention times
(HRT) to efficiently convert recalcitrant carbon into methane. This
exacerbates ammonia accumulation in the reactor slurry.

Excessive concentration of ammonia is a major cause of AD reactor
process inhibition [5]. Indeed, the free ammonia nitrogen (FAN: NH3) is
toxic for the AD microbial flora due to its high diffusion rate through
cell membranes [3,6]. The FAN proportion in the total ammonia ni-
trogen (TAN) content of the slurry (TAN = FAN + N-NH, ") is driven
by the pH value and the operating temperature [6]. FAN inhibition can
strongly affect the performance of AD reactors by reducing the organic
carbon to CH,4 conversion ratio, causing important economic losses for
the plant manager. In this context, process monitoring that allows early
detection of FAN inhibition is a major challenge for further develop-
ment of the AD sector, especially in agriculture.

Classical AD process monitoring involves measuring indicators in
the slurry and comparing these measurements to threshold values.
However, literature on the FAN inhibition in AD reactors shows a wide
range of threshold values [7,8]. The main cause is that the FAN toxicity
for a given AD reactor depends of the degree of microbial acclimation to
nitrogen-rich substrates [3,9].

Compared to classical methods used for AD process monitoring,
multivariate statistical process control (MSPC) methods exploit statis-
tically defined control limits and are thus independent of uncertain
toxicity thresholds. MSPC based on principal component analysis (PCA-
MSPC) is nowadays the basic tool to monitor multivariate processes
[10-12]. In PCA-MSPC, the information contained within the measured
individual process variables (IPVs) is reduced to two monitoring in-
dexes through statistical modelling [10]: (1) the T»? index describes the
variation amplitude of the IPVs in the “plane” defined by a limited
number A of principal components (PCs) retained in the model; (2) the
squared prediction error (SPE) index quantifies the residuals, i.e. the
part of variability unexplained by the model. For each time point, the
value of each monitoring index is plotted in a control chart and com-
pared to a control limit above which the process is considered as out-of-
control. The static PCA-MSPC is the basic way to implement PCA-MSPC.
This method consists of calculating the model parameters on the basis
of data collected for an initial period during which the process stability
is verified. Static PCA-MSPC is easy to implement and requires only a
few computations once the model is defined, but is limited in the case of
processes that demonstrate a drift of their in-control baseline. To handle
such situations, recursively updated PCA-MSPC methods (RU-PCA-
MSPC) were proposed [13]. RU-PCA-MSPC methods take into account
the normal dynamics exhibited by a process through continuous up-
dating of the model parameters.

In AD process, analysing the biogas composition offers multiple
advantages as compared to slurry analysis. Biogas analyses allow a high
measurement frequency and deliver immediate results [14]. In recent
years, the electronic nose (e-nose) technology was the main technology
using the biogas composition investigated for AD process monitoring
[15,16]. In process monitoring using e-noses, PCA-MSPC techniques are
used to interpret the response of an array of low-selectivity gas sensors.
Although the e-nose technology is promising, it presents two major
limitations. On the one hand, the metal oxide semiconductor sensors
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(MOS) used in e-noses are subject to drift when exposed to harsh en-
vironmental conditions [17,18]. On the other hand, MOS sensors need
frequent replacement due to their high sensitivity to poisoning [17]. As
an alternative, the major components of the biogas (CH,4, CO,, H, and
H,S) can be analysed using specific sensors that are less subject to drift
(if regularly calibrated) and more robust.

Lemaigre et al. [14] recently assessed a static PCA-MSPC model for
process monitoring of an AD reactor progressively exposed to in-
toxication by volatile fatty acids (VFAs) using the CH4, CO, and H,
concentrations in the biogas as IPVs, as well as parameters measured in
the slurry. The model delivered valuable warning signals announcing
the dysfunction of the process in the reactor, which were mostly derived
from the dynamics of the biogas composition. On the other hand, the
dynamics of the parameters measured in the slurry contributed poorly
to the warning.

The main objective of the study presented below was thus to assess
the potential of PCA-MSPC using the CH4, CO,, H, and H,S con-
centrations in the biogas as exclusive IPVs to allow early detection of
FAN inhibition in AD reactors. In particular, static and recursively up-
dated PCA-MSPC methods were compared regarding their ability to
discriminate the periods that demonstrate stable and altered reactor
performance. The experiment described in this study focussed on 100-L
semi-continuous laboratory reactors that were successively submitted
to substrate acclimation and progressive FAN intoxication until com-
plete process failure. To assess the reliability of the PCA-MSPC model as
a process status monitoring tool, a chemical and microbial monitoring
of the reactor slurry was conducted.

2. Materials and methods
2.1. Anaerobic digestion

The experiment was performed using four stainless steel tank re-
actors of 100-L working volume with an additional 25-L headspace
volume. The reactor working volume was completely and continuously
stirred at 60 rpm with a central anchor-type stirrer.

Each reactor was inoculated with 100 kg of anaerobic sludge [total
solids (TS): 0.04 gTS gFM™!; volatile solids (VS): 0.56 gVS gTS ']
collected on April 21, 2015 in the mesophilic anaerobic reactor of an
urban waste water treatment plant (Schifflange, Luxembourg).

The digestion was performed in the mesophilic temperature range
with the operating temperature set at 37 = 0.5 °C. The reactors were
fed as real digesters with unsterilized substrates. The main fed substrate
was dry sugar beet pulp pellets. This substrate was selected for its low
nitrogen content (0.012gN gVS™!; C/N = 39.6) and its complex
composition (Table 1), offering a growth environment similar to a real-
scale co-digestion reactor to the microbial flora [19]. The biochemical
methane potential (BMP) of the sugar beet pulp pellets was evaluated as
0.38 Ly CH, gVS ™! according to the methods described by Mayer et al.
[20]. The reactors were manually fed every legal working day, usually
five consecutive days per week, following a semi-continuous scheme
[19]. The HRT was adjusted at 56 days during the whole experiment by
completing the feed with tap water at 37 °C.

The experimental design stretched over 23 weeks (Fig. 1). The
progress over time of the feeding regime of the reactors, expressed in
terms of sugar beet pulp, urea and nitrogen input, is presented in Fig. 2a
and b. The four reactors were initially acclimatized for 8 weeks (1
HRT), during which their organic loading rate (OLR) was progressively
increased to reach a value of 2 gVS L™ per feeding day (10 gVS L™*
week ™ 1), using sugar beet pulp as the sole substrate and equivalent to a
nitrogen supply of 0.024gN L~' per feeding day (0.12gN L~!
week ™ 1).

From week 8, urea powder (Sigma-Aldrich, USA) was progressively
added to the feed of three reactors (high nitrogen input reactors 1, 2
and 3; HNRs) while the feed of the remaining reactor (low nitrogen
input reactor; LNR) was left unchanged (Fig. 2a and b). Urea was
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Table 1
Composition of the sugar beet pulp pellets used to feed the anaerobic reactors,
as measured by Adam et al. [15].

Dry basis (%) As fed (%)

Total solids 86.9
Moisture 13.1
Volatile solids 92.1 80.0
Ash 7.9 6.9
Protein 8.2 7.2
Crude fibre 17.0 14.7
Acid detergent fibre (ADF) 26.7 23.2
Total digestible nutrients (TDN) 69.4 60.3
Fat 1.1 1.0
Nitrogen free extract (NFE) 66.1 57.4
Calcium 1.0 0.9
Phosphorus 0.1 0.1
Potassium 0.6 0.5
Reducing sugars 2.6 2.3
Sucrose 9.0 7.8
Total sugars as invert (TSI) 8.2 7.2

Low nitrogen input
reactor (LNR)

High nitrogen input
reactors (HNR1,2,3)
. Stirring rate=60rpm

Temperature=37+0.5°C

2 HRT=56days : 2
Inoculation
Acclimation
e |
r 4 : N
q OIT“R OLR:=2gVS L"! per feeding day E
T T T T | S A N A A |

Urea input

L T T T T T [ |
(b) Ureat
(max 0.5 gN L per feeding day)

e OLR; =2gVS L per feeding day
e e e e e ———
0 5 10 15
Time of digestion (weeks)
(*) max 0.95 gN L™! per feeding day

Pulp Urea

HNRs

Fig. 1. Schematics of the experimental design. Organic loading rate (OLR) as
sugar beet pulp and nitrogen load as urea for the low nitrogen input reactor
LNR (a), and for the high nitrogen input reactors HNRs (b). The hydraulic re-
tention time (HRT) was adjusted at 56 days with tap water at 37 °C in the feed.

selected as an additional nitrogen source for the high nitrogen input
reactors due to its ease of degradation to ammonia by a large diversity
of micro-organisms [21] and because it is a major form of nitrogen in
farm manure. For each feeding day, the high nitrogen input reactors
were fed with the same mass of sugar beet pulp as the low nitrogen
input reactor (Fig. 2a). From week 20 onwards, large amounts of urea
(maximal nitrogen supply of 0.95 gy lemy’l per feeding day) were
added to the feed of the high nitrogen input reactors until almost
complete interruption of their biogas production was observed (end of
week 22).

2.2. Analytical monitoring

2.2.1. Biogas monitoring

The biogas produced by each reactor passed through a cooling unit
at ~8°C to remove excess water vapour and was collected in an 80-L
gas bag (Tecobag, Tesseraux, Germany).
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Every 2 h, the content of the bag was automatically pumped through
a recirculation loop for 4 min to allow proper mixing in the sampling
tubing (Tygon, VWR International, USA). About 50 mL of gas was then
pumped from the recirculation loop to a three-channel gas chromato-
graph (CompactGC, global analyser solutions™, Interscience, Belgium)
for analysis of the CHy4, CO5, Ho, H,S, O, and N concentrations. The gas
chromatograph was equipped with a thermal conductivity detector on
each channel. The detectors were heated at 80 °C and the filaments at
110°C. The first channel was equipped with a RI-QBond column
(10m X 0.32mm) and allowed separation and analysis of CO,. The
second channel was equipped with a Rtx-1 column (30 m X 0.32 mm)
and allowed separation and analysis of H,S. The third channel was
equipped with a RI-QBond pre-column (3 m X 0.32 mm) followed by a
Molsieve 5A column (7m x 0.32mm), the latter allowing separation
of the H,, O,, N, and CH,4 gases. The RI-QBond pre-column allowed
separation of CO, from the other gases to protect the Molsieve column
from CO, poisoning; then the H,, O,, N, and CH, gases were separated
in the Molsieve column while the CO, was back-flushed through the RI-
QBond pre-column and eliminated through the GC exhaust. Helium was
used as the carrier gas for the first two channels. Argon was used as the
carrier gas for the third channel. For the three channels, the elution was
performed under isothermal conditions at 50 °C and with a flow of
10 mL min ™.

The remaining content of the gas bag was pumped through a drum-
type wet gas meter (TG-5, Ritter, Germany) for volume measurement,
which was normalized to normal conditions of temperature and pres-
sure (0 °C; 1013 hPa). Between each analysis, the recirculation loop was
flushed with ambient air for 2min. After each measurement cycle,
ambient air was pumped through the GC to prevent potential corrosion
due to H,S.

During weeks 3, 8 and 17, the CH4 and CO-, contents of the biogas
were measured using specific non-dispersive infrared sensors
(Dynament, UK) as an alternative during compact GC maintenance.

2.2.2. Slurry monitoring

The total ammonia nitrogen (TAN, g leu,ry’l), total inorganic
carbon (TIC, gCaCO3 leurry_l), individual VFA concentrations (C2 to
C6, g kgslu"y*l) and pH were measured in the slurry using the analy-
tical methods described in Goux et al. [19]. The pH was measured on a
daily basis (feeding days) while the individual VFA, TIC and TAN
contents were measured weekly (every Monday). The FAN content in
the slurry (g lemy_l) was calculated on the basis of the TAN content
and the pH using the formulae provided by Calli et al. [6], with an
operating temperature fixed at 37 °C (pKa = 8.89). The FAN content
was only calculated when the pH was measured (feeding days), with
interpolated TAN values being used if TAN was not measured on the
same day. Over the experiment, aliquots of around 200 uL of slurry
were sampled every week (on Wednesdays), directly frozen in liquid
nitrogen and stored at -80 °C prior to a 16 s rRNA gene amplicon high
throughput sequencing targeting a monitoring of both bacteria and
archaea. Based on the reactor performances toward progressive FAN
intoxication and PCA-MSPC results, samples for weeks 0, 6, 7, 8, 10, 11,
12, 14, 18, 20, 21 and 22 were selected for the microbial community
analysis. For that purpose, DNA from the selected slurry samples was
extracted using the DNeasy PowerSoil Kit (Qiagen) according to the
manufacturer’s protocol. The 16S rRNA amplicon libraries were then
prepared, sequenced, de-multiplexed and quality trimmed as detailed in
[22] and [23].

2.2.3. Individual process variables (IPVs) and process stability indicators
The CH,4, CO,, H,S and H, concentrations in the biogas were used as
IPVs to build the PCA-MSPC models [14]. The pulp to CH,4 conversion
ratio as well as the TAN, TIC, FAN and VFA individual contents of the
slurry were used as process stability indicators, but were not used for
building the PCA-MSPC models. The sugar beet pulp to CH4 conversion
ratio (Ly CH,4 gVS™1) was chosen as the principal process efficiency
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Fig. 2. Progress over time of: the loading rate in term of sugar beet pulp and urea (a), the load of nitrogen introduced weekly in the reactors (nitrogen from both sugar
beet pulp and urea) (b); the total ammonia nitrogen (TAN) (c); the pH (d); the calculated free ammonia nitrogen (FAN) (e); the total inorganic carbon (TIC) (f); the
volatile fatty acids (VFAs) individual concentrations in the slurry (g); the pulp to CH,4 conversion ratio (g). For the high nitrogen input reactors (HNRs), the data are

+

expressed as the average of the 3 reactors

indicator. This ratio was calculated for each week using the normalized
total volume of CH, produced divided by the total mass of sugar beet
pulp (expressed in VS) introduced during the week.

2.3. PCA-MSPC using the biogas composition

For each reactor, the biogas composition measurements collected
from week 2 to the end of week 6 were used as a historical data set
(HDS). The model parameters were calculated from this initial stable
process period. PCA-MSPC was then performed for the next biogas
composition measurements (12 measurements per day) using: (1) static
PCA-MSPC and (2) RU-PCA-MSPC. The calculations were performed
using the Scilab open-source software [26].

2.3.1. Initial model building on the basis of the HDS

The outliers were first removed from the HDS using the iterative
method described by Lemaigre et al. [14]. The parameters character-
izing the initial stable process baseline were calculated on the basis of
the cleaned HDS: average value and standard deviation of each IPV;
loading vectors and eigenvalues associated with a limited number A of
PCs retained in the model on the basis of the eigenvalue > 1 criterion.

2.3.2. Static PCA-MSPC

For each new biogas composition measurement, static PCA-MSPC
was performed using the parameters calculated based on the outlier-
cleaned HDS, without any update of the model parameters. For that
purpose, the T,? index and its corresponding SPE index were calculated
and plotted in a control chart in which they were compared to their
respective upper control limits.

The upper control limit of the To* control chart (UCL) was calcu-
lated using:

20

the standard error (error bars). LNR: low nitrogen input reactor.

A(m + 1)(m-1)

UCL = [
m(m—A)

F(a; A; m—A
] ¢ . @
where A is the number of PCs retained in the model, m is the number of
biogas composition measurements included in the outlier-cleaned HDS
and F (a; A; m—A) is the upper o™ percentile of the Fisher distribution
with parameters A and (m—A). The upper control limit of the SPE
control chart (SPEj,) was calculated according to Kourti and
MacGregor [11]. The upper control limits of the To? and the SPE in-
dexes were calculated using a 99% confidence level.

The values of the T,? and SPE indexes corresponding to each new
biogas composition measurement were calculated using the following
method:

(a) Each IPV was centred and scaled using the average value and the
standard deviation calculated on the basis of the outlier-cleaned HDS.

(b) The T4? index was calculated on the basis of the scores obtained
for the A PCs retained in the model using:

Atz

2 _
T, =
i

©
S}

(2)

where t; and s, are, respectively, the score calculated on the i" PC and
the standard deviation related to this PC.
(c) The SPE index was calculated for each sample using:

176

P
SPE = ) (& — x;)?

i=1

3

where p is the number of IPVs, x; is the observed value for the i 1PV
and X; is the corresponding value computed using the PCA model.

For each out-of-control situation detected by the To? and the SPE
control charts, the contribution of each IPV was computed and plotted
in a contribution plot. We refer to Lemaigre et al. [14] for an exhaustive
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description of the methods and formulae used to build the To? and the
SPE contribution plots.

2.3.3. RU-PCA-MSPC

For each new biogas composition measurement, the model para-
meters defined on the basis of the outlier-cleaned HDS were recursively
updated using the method proposed by Li et al. [13]:

(a) Recursive update of the mean and the standard deviation.

(b) Recursive update of the correlation matrix.

(c) PCA on the basis of the updated correlation matrix.

(d) Selection of PCs using the eigenvalue > 1 criterion.

(e) TA? and SPE calculation using the updated loading vectors and ei-
genvalues.

(f) Update of the control limits of the T,? and SPE indexes (99% con-
fidence level).

The previous biogas composition measurements were exponentially
ignored, giving more weight to the new ones. For that purpose, a for-
getting factor B (0 < < 1) was introduced into the recursive calcu-
lation of the PCA model. The effective memory length N4, giving an
idea of the number of data that are accounted for in the model, is given
by Ny = ﬁ

To avoid biasing the updated process baseline with new biogas
composition measurements corresponding to out-of-control process si-
tuations, the recursive update of the PCA model was only performed for
new biogas composition measurements corresponding to in-control
values of the T,? and SPE indexes (T, < UCL and SPE < SPEy;;,,). For
new biogas composition measurements corresponding to out-of-control
values of the T2 or the SPE index, the values of the T,2 and the SPE
indexes were therefore calculated using the model parameters resulting
from the previous model update.

We refer to Li et al. [13] for an exhaustive description of the
methods and formulae exploited for the recursive update of PCA-MSPC
models using a forgetting factor.

3. Results and discussion

3.1. Anaerobic digestion process efficiency and evolution of the microbial
community composition

The evolution over time of the CH,4, CO5, H, and H,S concentrations
in the biogas, exploited as IPVs to build the process monitoring models,
is presented in Fig. 3 for the four reactors. In relation to these para-
meters, the changes over the whole experiment of the bacterial and
archaeal communities highlighted by high-throughput 16S rRNA am-
plicon sequencing are also presented in Fig. 3.

For the low nitrogen input reactor, the H, concentration remained
very low during the whole experiment (Fig. 3b) and the [CH4]/[CO-]
ratio showed a weekly pattern related to the feeding mode but CH,
remained the dominating gas component (Fig. 3a). The reactor effi-
ciency remained above 0.3 Ly CH, gVS™' (Fig. 2h). The H,S con-
centration in the biogas increased during the experiment (Fig. 3b)
probably due to sulfur accumulation in the slurry associated with the
feeding of pulp over a 56-day HRT (the sulfur content of the sugar beet
pulp is 0.4 mgS gvS™h).

The three high nitrogen input reactors showed well synchronized
behaviour regarding the efficiency of conversion of pulp into CH,4
(Fig. 3c,e and g). The pulp to CH4 conversion ratio was used as the main
process efficiency indicator since it reflects well the main purpose of the
AD process, which is to convert organic matter into CH,4.

The evolution over time of the pulp to CH,; conversion ratio
(Fig. 2h), the biogas composition and the process stability indicators
measured in the slurry allowed the definition of 4 successive distinct
phases characterizing the reactor process status (Table 2).
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During phase I (weeks 0-7), no urea was fed and the pulp was ef-
ficiently converted into CH4 (Fig. 2h). Short stirrer blocking events
occurred for the high nitrogen input reactors 1 and 2 and led to clear
increase of the H, concentration in the biogas (Fig. 3d and f). During
phase I, no drastic change in the bacterial and archaeal communities of
the four studied reactors could be identified, with respectively Bacter-
oidetes, Cloacimonetes, Firmicutes and Proteobacteria being the dominant
bacterial phyla and Methanosaeta and “Candidatus Methanofastidiosum”
being the dominant archaeal genera (Fig. 3). These different groups of
organisms are commonly found in anaerobic mesophilic reactors
[19,23].

During phase II (weeks 8 to 11, start of urea supply), the three high
nitrogen input reactors maintained stable performance while urea was
introduced in the feed. The pulp to CH,4 conversion ratio was not af-
fected (Fig. 2h) and FAN remained at low concentration in the slurry
(Fig. 2e). No important change occurred in the microbial community,
except that the relative abundance of Bacteroidetes (for bacteria) and
Methanomassiliicoccus (for archaea) increased over time while at the
same time the relative abundance of the archaeal “Candidatus Metha-
nofastidiosum” decreased from around 40% to 20% in all studied re-
actors (Fig. 3). The supply of urea contributed to increase the TIC
content in the slurry (supplementary material, Fig. S1), but did not
affect the CH4 production (Fig. 3). This is consistent with a previous
report [24] and with urea hydrolysis that releases CO5 (HoN-CO-NH, +
H>0 — CO, + 2 NHj [25]). CO5 accumulates in the slurry due to the
increasing pH, as a consequence of ammonia accumulation. Urea does
not generate H, or reducing equivalents and does not contribute stoi-
chiometrically to hydrogenotrophic methane production.

During phase III (week 12), an acute process disturbance was ob-
served for the three high nitrogen input reactors, marked by a sudden
drop of the pulp to CHy4 conversion ratio (Fig. 2h). Simultaneously, the
[CH41/[CO,] ratio showed values <1 (Fig. 3c,e and g) and all the
measured VFAs accumulated in the slurry, especially acetate (Fig. 2g).
A short stirrer blocking event occurred for the high nitrogen input re-
actor 1 and led to clear increase of the H, concentration in the biogas
(Fig. 3d).

During phase IV (weeks 13 to 22), FAN accumulation in the slurry
became clearly detectable (Fig. 2e). After week 13, a drastic change
appeared in the microbial community profile for the three HNRs while
the microbial community remained stable for the LNR (Fig. 3). In the
three HNRs, Firmicutes replaced Bacteroidetes in the bacterial commu-
nity while Methanosarcina replaced the two previously dominant ar-
chaeal genera Methanomassiliicoccus and “Candidatus Methanofasti-
diosum”. This total reshaping of the microbial community clearly
indicates that the anaerobic digestion process suffered from an acute
disturbance between week 12 and 13. From week 13 onwards the AD
process was no longer run by the microbes that prevailed during weeks
0 to 12. In consequence, even if the three high nitrogen input reactors
showed first transient signs of process recovery, a progressive process
performance decline followed thereafter (from week 14 onwards). In-
deed, the pulp to CH,4 conversion ratio of the three high nitrogen input
reactors initially increased (week 13), but then continuously decreased
until the end of the experiment (Fig. 2h). During week 13, the con-
centrations of acetate and butyrate in the slurry initially decreased,
while iso-butyrate, iso-valerate and, especially, propionate continued to
accumulate (Fig. 2g). During week 14, the iso-valerate and iso-butyrate
concentrations in the slurry temporarily decreased. From week 15 on-
wards, all the measured individual VFAs accumulated in the slurry until
the end of the experiment (Fig. 2g). The consumption of most VFAs and
their likely conversion into CH,4 during weeks 13 and 14 might be
correlated with the transient improvement of the process efficiency as
evaluated by the pulp to CH4 conversion ratio observed in the three
high nitrogen input reactors. Indeed, the microbial conversion of the
acetate that accumulated in the slurry during week 12 could explain
~27% of the CH4 production observed during week 13. This suggests
that the ability of the high nitrogen input reactors to convert the fed
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described in Table 2.

Table 2
Process status of the high nitrogen input reactors.

Phase  Time period Process status of the high nitrogen input reactors

I Week 0 to Stable process (no urea provided)
week 7

I Week 8 to Process status unaffected by urea
week 11

il Week 12 Acute process disturbance

v Week 13 to Apparent process status improvement followed by
week 22 progressive establishment of complete process failure

sugar beet pulp into CH, remained altered during week 13, and that the
process status improvement observed during that period was only
transient. This assumption is supported by the fact that volatile solids
accumulated in the slurry of the high nitrogen input reactors from week
12 onwards (supplementary material, Fig. S2). This also indicates a
limitation of the pulp to CH,4 conversion ratio as a direct indicator of the
process status since accumulation of methanogenic substrates in the
reactor, in this case acetate, can allow continued release of CH; when
the microbial community adapts to or recovers from harsh environ-
mental conditions.

For the three high nitrogen input reactors, propionate abruptly ac-
cumulated in the slurry during week 12 (phase III) and its concentration
continued to increase until the end of the experiment, while the con-
centrations of the other VFAs decreased during weeks 13 and 14
(Fig. 2g). Zhou and Qiu [27] and Calli et al. [6] have already observed
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that the acetogenic bacteria that use propionate as a substrate parti-
cularly suffer from inhibition caused by FAN. Thus, the accumulation of
propionate could be a useful factor for FAN intoxication diagnosis as
the acetotrophic methane production is the first methane production
pathway hampered by high FAN content [28].

During early phase IV, the alkaline pH values due to FAN accumu-
lation may have contributed to a significant sulphide sequestration in
the slurry of the high nitrogen input reactors while lower pH in the low
nitrogen input reactor allowed the process to eliminate this toxic
compound via the biogas extracted from the system. The large release
of gaseous H,S observed during the last weeks of phase IV for the high
nitrogen input reactors 1 and 3 (Fig. 3d and h) was not associated with
a pH drop (Fig. 2d) and therefore can only be explained by a large
increase of the total sulphide content in the slurry. Extreme FAN in-
toxication may have caused a high microbial death rate, causing cel-
lular lysis and release of sulphur-containing microbial proteins in the
slurry. Indeed, several operational taxonomic units (OTUs) were no
longer detected during the microbial monitoring (data not presented).
At the alkaline pH observed in phase IV, sulphide is mostly in the form
of HS™ (~90%) while the main toxic form H,S is not dominant
(~10%) [29]. Nevertheless, the presence of the H,S toxic form in the
slurry might have added to the FAN toxicity encountered by the mi-
crobial flora, causing cumulated inhibition by NH; and H,S.

After the urea addition was started (week 8), the TIC content in the
slurry continuously increased for the three high nitrogen input reactors
(Fig. 2f), indicating that a major part of the CO, released by the
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Table 3

Outliers cleaned from the raw historical data sets (HDS) collected for the four
reactors from week 2 to week 6 (concentrations of CH4, CO,, H, and H,S in the
biogas used as individual process variables).

Outliers cleaned from the raw HDS

Reactor  Biogas composition Number of Percentage of outliers
measurements (raw HDS) outliers in raw HDS (%)

LNR 311 9 3

HNR1 309 58

HNR2 308 50 16

HNR3 297 27 9

LNR: Low nitrogen input reactor; HNR: High nitrogen input reactor.

degradation of the pulp and the urea remained trapped in the slurry as
bicarbonate due to the pH increase (Fig. 2d).

3.2. Static PCA-MSPC based on the biogas composition

The potential of static PCA-MSPC to deliver valuable warning sig-
nals of process dysfunction was assessed by analysing the dynamics of
the biogas composition. The concentrations of CH4, CO», Hy and H,S in
the biogas were used as IPVs.

Table 3 shows the results of the outlier cleaning performed on the
raw historical data sets (HDSs) collected for the four reactors from week
2 to week 6 (during the acclimation period). The outlier-cleaned HDSs
were used to build the static PCA-MSPC models of the four reactors. The
results of the PCA are presented in Table 4 and Fig. 4.

The loadings of the IPVs regarding the two first PCs were similar for
the four PCA models (Fig. 4). The CH4, CO, and H, concentrations in
the biogas mainly contributed to PC1 while the H,S concentration in
the biogas mainly contributed to PC2. One PC was retained in the
model built for the low nitrogen input reactor and the high nitrogen
input reactor 2. These PCs explained, respectively, 68.3% and 63.1% of
the variance exhibited by the process during the initial model building
period (Table 4). Two PCs were retained in the models built for the high
nitrogen input reactors 1 and 3. These PCs explained, respectively,
87.3% and 88.0% of the variance exhibited by the process during the
initial model building period. For all the reactors, PC1 was highly sig-
nificant (eigenvalue > 2) but PC2 was close to the significance limit
(eigenvalue ~ 1). This explains why PC2 was integrated in the model
for the high nitrogen input reactors 1 and 3, while it was not for the low
nitrogen input reactor and the high nitrogen input reactor 2 (PC2 ei-
genvalue < 1, Table 4).

Table 4

Contribution of each principal component (PC) in the PCA performed for each
reactor on the basis of the historical data sets cleaned from outliers (con-
centrations of CHy4, CO,, H, and H,S in the biogas used as individual process
variables).

PC1 PC2 PC3 PC4
LNR Eigenvalues 2.732* 0.857 0.411 0.000
Proportion of Variance 0.683 0.214 0.103 0.000
Cumulative Proportion 0.683 0.897 1.000 1.000
HNR1 Eigenvalues 2.477* 1.016* 0.506 0.000
Proportion of Variance 0.619 0.254 0.127 0.000
Cumulative Proportion 0.619 0.873 1.000 1.000
HNR2 Eigenvalues 2.522* 0.972 0.506 0.000
Proportion of Variance 0.631 0.243 0.126 0.000
Cumulative Proportion 0.631 0.874 1.000 1.000
HNR3 Eigenvalues 2.513* 1.008* 0.479 0.000
Proportion of Variance 0.628 0.252 0.120 0.000
Cumulative Proportion 0.628 0.880 1.000 1.000

LNR: Low nitrogen input reactor; HNR: High nitrogen input reactor. * PCs re-
tained to build the static PCA models on the basis of the eigenvalue > 1 cri-
terion.
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The resulting T,? and SPE control charts are presented in Fig. 5 for
the four reactors, together with the pulp to CH4 conversion ratio as an
indicator of process efficiency.

The increases of the H, concentration related to the short stirrer
blocking events that occurred for the high nitrogen input reactors 1
(Fig. 3d) and 2 (Fig. 3f) were detected by the Ta? control chart for the
high nitrogen input reactor 1 (Fig. 5¢) and by the SPE control chart for
the high nitrogen input 2 (Fig. 5f). This shows that the number of PCs
that are retained in the model (2 and 1 PCs for the high nitrogen input
reactors 1 and 2, respectively) is not crucial for the detection of the out-
of-control process situations. Indeed, the SPE control chart comple-
ments the T control chart by controlling the amplitude of the model
residuals.

For the low nitrogen input reactor, both the T,? and the SPE indexes
showed a drift in their out-of-control range, starting at week 9 (Fig. 5a
and b). According to the individual contributions, the H,S concentra-
tion in the biogas was the main IPV responsible for these alarms. The
cause was probably the increase of the H,S concentration observed for
the low nitrogen input reactor from week 9 till the end of the experi-
ment (Fig. 3b). However, no reduction of the reactor performance was
observed while the H,S concentration increased. The T,? and SPE out-
of-control status is therefore interpreted as a drift of the in-control
process baseline that causes false alarms.

These results show the limitations of static PCA-MSPC in distin-
guishing between an actual performance decrease and a drift of the
reactor in-control process baseline. Adequate update of the model
parameters should therefore be performed to take into account the
evolution over time of the in-control process baseline. Such an ap-
proach is evaluated below using recursively updated PCA-MSPC.
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phases described in Table 2.

3.3. Recursively updated PCA-MSPC based on the biogas composition

PCA-MSPC with recursive update of the model parameters (RU-PCA-
MSPC) was assessed for its ability to distinguish between drift of the in-
control process baseline and real signs of decreasing reactor perfor-
mance.

First, the effective memory length N, describing the rate of update,
was selected on the basis of the data set from the low nitrogen input
reactor. The aim was to maintain the false alarm rate as low as possible,
given the stable pulp to CH, conversion ratio exhibited by this control
reactor during the experiment (Fig. 2h). Three N values were com-
pared, corresponding to: fast model update (1 day: 12 biogas compo-
sition measurements), moderately fast model update (14 days: 168
biogas composition measurements corresponding to 0.25 HRT) and slow
model update (28 days: 336 biogas composition measurements corre-
sponding to 0.5 HRT). The T and SPE control charts obtained for each
new biogas composition measurement collected following the initial
model building period (week 2 to week 6), as well as the rate of the
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model update and the number of PCs retained in the model, are pre-
sented in Fig. 6 for the three N4 values.

Fig. 6¢ and f show that each model update can induce the mod-
ification of the number of PCs retained in the model. However, the
control limit (SPE;;,) of the SPE control chart is recalculated for each
model update. As for the static models, the out-of-control process si-
tuations detected by the SPE control chart are thus complementary to
those detected by the TA? control chart. It can therefore be assumed that
the change in the number of PCs retained in the model has only a minor
impact on the detection of the out-of-control process situations detected
by the recursively updated PCA-MSPC models.

The TA? and SPE control charts built using the fast model update
(Fig. 6a and b) and the slow model update (Fig. 6g and h) are similar to
those obtained using static PCA-MSPC. Indeed, the model was updated
only for new biogas composition measurements corresponding to in-
control values of the To? and SPE indexes. For the fast model update,
much more weight was attributed to the most recent individual mea-
surements than the oldest ones. Therefore, the model parameters were
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updated on the basis of too few data to capture the variability asso-
ciated with the daily and weekly dynamics of the biogas composition.
The amplitude of these dynamics clearly increased from week 10 in the
case of the H,S concentration (Fig. 3b). As we imposed the condition of
not updating the model parameters for biogas composition measure-
ments corresponding to out-of-control process situation, the model
parameters were not updated from week 10 onwards (Fig. 6¢). For slow
model update, more weight was attributed to the oldest individual
measurements than to the most recent ones. Therefore, new data
brought only a minor contribution to each re-estimation of the model
parameters. In consequence, the model did not adapt fast enough to the
progressive increase of the H,S concentration observed for the low ni-
trogen input reactor. This caused a progressive drift of the To? and SPE
indexes in the out-of-control range, which also stopped the model up-
date (Fig. 6i).

More interestingly, the moderately fast model update (Ney= 14
days; 0.25 HRT) allowed continuous model adaptation until the end of
the experiment. The To* and SPE control charts only delivered a few
short alarm signals (Fig. 6d and e), which is in accordance with the
stable pulp to CH,4 conversion ratio measured for the low nitrogen input
reactor.

3.4. RU-PCA-MSPC: Prediction quality assessment for process disturbance
detection

RU-PCA-MSPC using an effective memory length of 14 days was
applied to the biogas samples collected after the initial model building
period for the three high nitrogen input reactors. The resulting T,> and
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SPE control charts are presented in Fig. 7 for the four reactors, together
with the pulp to CH,4 conversion ratio as the process efficiency in-
dicator.

For the low nitrogen input reactor, only minor and transient out-of-
control values were observed for both the T,? and SPE indexes (Fig. 7a
and b), while the reactor exhibited a stable pulp to CH, conversion ratio
throughout the experiment. Therefore, these transient alarm signals,
probably due to minor and reversible process perturbations, did not
announce a risk of process dysfunction that would require adaptation of
the reactor feeding regime.

For the high nitrogen input reactors, the monitoring model initially
delivered only minor and transient alarm signals during phase II, si-
milar to those observed for the low nitrogen input reactor. The process
status was not affected by urea.

Interestingly, during phase III, the monitoring models delivered a
clear and persistent alarm signal (Ta* > UCL) for the three high ni-
trogen input reactors (Fig. 7c, e and g) during which an acute process
disturbance occurred (a sudden drop of the pulp to CH4 conversion
ratio and VFA accumulation in the slurry). At that time, the microbial
community was completely reshaped (Fig. 3). A skilled reactor manager
would have taken into account these early and persistent alarm signals
seriously and would have verified the value of slurry indicators to
identify the cause of these alarms, in this case a probable FAN in-
toxication characterized by an increase in VFA concentration (Fig. 2g)
which was contradictory to a pH above neutrality (Fig. 2d) and in-
creasing TIC and TAN contents in the slurry (Fig. 2¢ and f). In con-
sequence, the reactor manager would probably have lowered the ni-
trogen supply to the reactors to reduce the risk of further deterioration
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Fig. 7. Recursively updated PCA-MSPC (RU-PCA-MSPC) performed for the four reactors using the biogas concentrations in CH4, CO,, H, and H,S as individual
process variables (IPVs) and an effective memory length N,g of 14 days for the model update. The initial model building considered the biogas composition
measurements collected from week 2 to week 6. T»? and squared prediction error (SPE) control charts built for: the low nitrogen input reactor LNR (a, b), the high
nitrogen input reactor HNR1 (c, d), the HNR2 (e, f) and the HNR3 (g, h). The Ta? and the SPE are expressed as a ratio between the index value and its control limit
(UCL and SPEy;, respectively). Only Tx2/UCL and SPE/SPEy;,, > 1 are plotted (i.e. out-of-control process). The pulp to CH, conversion ratio is presented for each
control chart as the process efficiency indicator. PCA-MSPC was not performed during three short periods due to gas chromatograph maintenance operations
(hatched grey area). I, II, IIl and IV correspond to the phases described in Table 2.

of the process.

For the experimental purpose of assessing the robustness of RU-
PCA-MSPC model to predict the AD process performance status under a
severe FAN intoxication, the nitrogen input was further increased in the
high nitrogen input reactors during phase IV. During this phase, char-
acterized by an initial transient improvement of the process status
followed by a clear drop of the pulp to CH4 conversion ratio and a
drastic change in the microbiome composition, the three high nitrogen
input reactors behaved differently. As the decline of process perfor-
mance in early phase IV was progressive, the RU-PCA-MSPC model did
not detect major out-of-control process values (Fig. 7). Later in phase
IV, the process progressively declined further in efficiency while the
model provided inconsistent alarms between the replicate HNRs until
the final process collapse characterized by extreme and frequent alarms
(weeks 19-22). During this period, the alarm rate was clearly higher for
the high nitrogen input reactor 1 than for the other high nitrogen input
reactors. Differences between the reactors regarding the dynamics of
the biogas composition explain this different alarm rate. As reported
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elsewhere [19], these differences in the behaviour of replicated AD
reactors can be explained by a distinctive change in the reactor mi-
crobiome composition. Indeed, under sub-optimal conditions (i.e. se-
vere stress) the microbial populations driving the AD process for each
reactor progressed differently at the OTU level (data not presented). For
the high nitrogen input reactor 1, the H,S concentration abruptly in-
creased during week 19 (Fig. 3d), thus preventing adaptation of the
model parameters using the selected Ny value (14 days). This caused
permanent out-of-control values of the T,? and SPE indexes (Fig. 7c and
d) for the following biogas composition measurements. As compared to
the high nitrogen input reactor 1, the biogas composition was more
stable for the high nitrogen input reactors 2 and 3 during that period,
which allowed adaptation of the model and explains the lower alarm
rate observed for these reactors. This suggests that there is room for
further optimisation of the N4 value to be selected. Data generated
during this critical process performance decline under severe FAN in-
toxication showed clearly the limitation of the RU-PCA-MSPC to adapt
to a new process driven by a drastically modified microbiome.
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Nevertheless, the monitoring models also delivered marked alarm
signals during all three stirrer blocking events, demonstrating a good
sensitivity of disturbance detection both during low and high nitrogen
input in the feed (Fig. 7d, e and f).

3.5. Perspectives for process monitoring in full-scale AD reactors

The use of the concentrations of the major components in the biogas
through PCA-MSPC models has already been assessed for early detec-
tion of VFA intoxication in AD reactors under organic overload condi-
tion [14]. However, this monitoring model used IPVs measured in the
slurry in addition to the biogas composition. In the present study, RU-
PCA-MSPC models using exclusively the biogas composition showed
potential to predict the first signs of performance decrease of reactors
exposed to FAN accumulation in the slurry (a sudden decrease of the
pulp to CH,4 conversion ratio and VFA accumulation in the slurry). The
RU-PCA-MSPC models correctly detected these first symptoms of pro-
cess dysfunction for three independent high nitrogen input reactors.
These symptoms were also correlated with a drastic change in the
bacterial and archaeal anaerobic communities. The model capacity to
detect early signs of process dysfunction suggests a potential applic-
ability for a large diversity of AD reactors. These results are interesting
since the concentrations of the major components of the biogas are
parameters that are often neglected for AD process monitoring due to
lagged response (CH4 and CO-) or oversensitivity (Hy) to process per-
turbations [30,31]. In comparison with univariate process monitoring
techniques, the multivariate approach presented here considers the
correlation structure of the IPVs, which could potentially compensate
the lagged warning of IPVs such as CH4 and CO,. In addition, the PCA-
MSPC models were trained on an initial period during which the pro-
cess and its associate microbiome were stable. This could potentially
resolve the oversensitivity to H, by taking into account its in-control
variation in the model. These results are also promising because ana-
lysing the biogas composition allows high frequency on-line measure-
ments involving low workload and reduced sampling issues, as com-
pared to slurry analysis. Indeed, biogas analysers are often present in
biogas production plants.

The RU-PCA-MSPC models showed nevertheless limitation to adapt
to a process driven by a drastically modified microbiome. The models
were trained on stable reactors characterized by similar microbial
communities but when applied to the same reactors after they en-
countered a major shift in their bacterial and archaeal communities, the
models provided inconsistent alarms that could not be directly related
to the process performance. Thus, even if recursively updated, PCA-
MSPC models show limitations when applied to a microbiome they
were not trained on.

The results obtained here for the monitoring of a FAN intoxication
suggest good versatility of the PCA-MSPC approach for the monitoring
of the process in real-scale AD reactors, which are exposed to a large
diversity of process perturbations. In addition, the control limits used in
multivariate process monitoring are independent of toxicity thresholds
[71, which are especially uncertain for FAN due to potential reactor
acclimation to nitrogen-rich substrates [3,9].

In the study of Lemaigre et al. [14], data collected from an in-
dependent reactor maintained in a steady state were required to build
the (static) PCA-MSPC model used to monitor the process of a reactor
exposed to organic overload. In the present study, we attempted to
build the monitoring models by using only data collected from the
monitored reactors themselves. Recursively updated PCA-MSPC
showed good results in distinguishing between the actual process per-
turbations and drift of the reactor in-control process baseline. However,
it was demonstrated that the value of the effective memory length
should be carefully selected in such recursively updated models. An
optimal effective memory length value representing one quarter of the
actual HRT (Nes = 14 days) was selected among the tested values on
the basis of the lowest alarm rate detected for a reactor known to show
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permanent and optimal process performance (pulp to CH, conversion
ratio close to the BMP). An independent steady-state reactor remains
therefore necessary to optimize the prediction quality of the recursively
updated monitoring model. In a practical situation, the effective
memory length of the monitoring model could be selected on the basis
of the behaviour of post-reactors, which are known to be rarely exposed
to process failure.

In the present study, MSPC techniques were demonstrated as an
interesting tool to assess the process status of AD reactors by measuring
the concentrations of the major components in the biogas. Currently,
many biogas plant operators install biogas analysers, allowing the on-
line measurement of the CH, and CO, concentrations in the biogas, as
well as, in most cases, of its H>S concentration [32]. The measurement
of the H, concentration is also proposed as an option by many manu-
facturers of biogas analysers. The process monitoring method proposed
here can be applied to those biogas plants that have installed such a
biogas analyser, having the advantage of not requiring the installation
of additional measuring equipment. This is a clear advantage as com-
pared to the e-nose [15,16] or NIR-based monitoring technologies
[33,34] that require additional investment for operational use.

4. Conclusions

Using the biogas composition through recursively updated PCA-
MSPC showed potential for early warning of FAN intoxication in AD
reactors, which is useful given the uncertainty related to FAN toxicity
thresholds in individual reactors. The models also repeatedly detected
mixing failures in the studied reactors both during low and high ni-
trogen input in the feed. An effective memory length of 14 days (0.25
HRT) allowed model adaptation to limit the false alarm rate. Early signs
of FAN intoxication, coinciding to drastic changes in the reactor mi-
crobiomes were detected by the models for triplicate high nitrogen
input reactors, confirming their potential for general application.
However, the models presented here lost their prediction capability for
process performance after a major shift in the microbiome composition
of the reactor. Using only the biogas composition to detect the two main
AD process dysfunctions (VFA and FAN intoxication) is promising,
given the general use of biogas analysers in most biogas production
plants and the limitations related to slurry analysis.
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