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A B S T R A C T

Bioplastics are a sustainable and environmental-friendly alternative to the conventional petroleum-based plas
tics, namely due to their source (biobased) and due to their biodegradability or both. Polyhydroxyalkanoates 
(PHA) stand out among the bioplastics group by being intracellular biobased, biodegradable and biocompatible 
polymers. PHA production has been highly investigated during the last decades. However, to date, PHA pro
duction has been monitored through offline and time-consuming tools, involving hazardous solvents, not 
allowing a timely control of the bioprocesses, which often results in a loss of process productivity and hinders its 
implementation at full scale. Therefore, two-dimensional (2D) fluorescence spectroscopy was assessed for 
monitoring the PHA content at real-time, as it is a non-destructive, solvent-free and non-invasive technique. The 
complex information of the biological broth was captured within fluorescence excitation-emission matrices 
(EEMs), which were deconvoluted through projection to latent structures (PLS) modelling to estimate PHA 
production by an enriched PHA microbial culture, using fermented brewer’s spent grain as feedstock. A good 
correlation for PHA prediction was achieved, with an average error of ca. 4.0% gPHA/gTS for new predictions. 
This work demonstrates the great potential of using 2D fluorescence spectroscopy to assess the intracellular PHA 
content without requiring staining agents. Moreover, it unlocks the possibility of an online and real-time 
monitoring of the biopolymer production processes, which will contribute towards the improvement of the 
PHA process productivity and, consequently, its implementation at full scale.

1. Introduction

Petroleum-based plastics have been widely used as they are highly 
versatile and produced at low cost. However, their negative impact on 
the environment has been thoroughly discussed due to their dependence 
on limited non-renewable resources, long degradation time and accu
mulation (Haque et al., 2022). The biopolymers have been extensively 
studied as a suitable sustainable alternative to the traditional polymers, 
namely because of their similar thermo-physical properties. Poly
hydroxyalkanoates (PHA) are intracellular biopolymers produced by 
microorganisms with energy, carbon storage and stress protective 
functions (Haque et al., 2022; Mannina et al., 2020; Obruca et al., 2021; 

Shahid et al., 2021). PHA carry a higher advantage over the traditional 
plastics due to their remarkable properties, namely their biodegrad
ability in soil and marine environments under mild conditions, 
biocompatibility and compostability (Haque et al., 2022; Koller, 2020; 
Shahid et al., 2021; Sohn et al., 2022). However, its high market price 
(5.0 EUR/kg for PHA, compared with 0.8–1.5 EUR/kg for oil-based 
plastics) is its major drawback, limiting the overall production process 
and therefore, their replacement by the traditional ones (Crutchik et al., 
2020; Khatami et al., 2021; Saavedra del Oso et al., 2021). Mixed mi
crobial cultures (MMC) have greater benefits in the PHA production 
process in comparison to the pure cultures, by do not requiring sterile 
conditions, thus decreasing the PHA production costs (Gottardo et al., 
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2022; Mannina et al., 2020). PHA production by MMC is performed in 
3-stages: acidogenic fermentation, culture selection and PHA accumu
lation. The second stage, usually performed in sequencing batch reactors 
(SBR), aims at selecting and maintaining a culture rich on PHA-storing 
organisms through an aerobic dynamic feeding (ADF) approach. Alter
nate intervals of abundance (feast) and limitation (famine) of external 
carbon are regularly imposed, resulting in growth limitation that allows 
the survival of the PHA-storing organisms.

Brewer’s spent grain (BSG) is the major by-product of the brewery 
industry, representing around 85% of the total produced by-products 
(Sganzerla et al., 2021). Although it is being used for animal feeding, 
BSG has demonstrated its excellent ability to be used as feedstock in 
biotechnological processes where added-value compounds such as PHAs 
are produced (Carvalheira et al., 2022; Dabija, 2020; Nigam, 2017). 
PHA production is a sensitive and dynamic process that must be closely 
controlled not only to assure the achievement of its maximum content 
but also to detect it at the exact time. In the absence of quick monitoring 
and control, namely during the stage of PHA accumulation, the PHA that 
works as intracellular carbon, can be consumed by the microorganisms 
for cell growth and maintenance, resulting in a loss of productivity. 
Thus, it is urgent to find a procedure that follows the status of the system 
closer, allowing the monitoring at real-time of the PHA content and 
subsequently, the process control, aiming at maximizing the process 
productivity.

To date, PHA intracellular quantification has been performed 
through time-consuming protocols, using expensive and harmful halo
genated solvents, and offline analytical methods (Haque et al., 2022; 
Koller, 2020; Liu et al., 2022). Among the possible PHA quantification 
methods, the most common used are the chromatographic, such as gas 
chromatography (GC), which allows the determination of individual 
PHA monomers (Pagliano et al., 2021). Despite the high ability to 
quantify PHA, these are time-consuming procedures (1–2 days), 
comprising a first step of freeze-drying (>24 h) followed by a digestion 
(3.5 h), extraction and analysis (Pagliano et al., 2021; Saavedra del Oso 
et al., 2021). Moreover, they generate toxic wastes of the used-solvents 
and may have possible incomplete reactions (Cao et al., 2022). Fluo
rescence techniques have been explored as promising approaches for 
rapid and in situ PHA quantification due to their high sensitivity and 
accuracy, and for being time-saving and safe procedures (Cao et al., 
2022). It can detect intrinsic fluorophores usually present in the bio
logical systems (e.g., aromatic amino acids and organic matter, vita
mins, and coenzymes) (Carstea et al., 2016; Galinha et al., 2011). 
However, the most common PHA fluorescence quantification proced
ures usually implies the addition of extrinsic fluorochromes such as Nile 
blue A, Sudan Black B, LipidGreen and BODIPY (4,4′-difluoro-4-bora-3a, 
4a-diaza-s-indacene), which binds to the PHA granules, thus emitting 
light (Cao et al., 2022; Liu et al., 2022; Mesquita et al., 2013, 2015; 
Shahid et al., 2021). Despite their high efficiency, as a washing and a 
staining step are necessary, the problem of a non-instantaneous mea
surement is not overcome and the non-invasiveness is invalidated, 
resulting in a delayed response about the status of the biological 
systems.

2D fluorescence spectroscopy is able to scan several wavelengths of 
excitation and emission light, simultaneously, generating fluorescence 
excitation-emission matrices (EEMs), that records the intensity of 
emission for each pair of excitation/emission wavelengths (Sá et al., 
2020). Fluorescence scans can be acquired directly from the culture 
medium without destroying the sample, collecting information about 
the existence of natural fluorophores, including intra and extra-cellular 
microbial compounds, as well as about the presence of by-products of 
the microbial activity and their interactions (even if by non-fluorescent 
compounds, providing that they interfere with the light being emitted) 
(Galinha and Crespo, 2021; Sá et al., 2022). To access and make use of 
the quantitative information within the EEMs and to take advantage of 
interferences (e.g., quenching and inner filter effects), chemometric 
tools are applied, allowing 2D fluorescence spectroscopy to work as a 

general biological system fingerprint by providing useful information 
about its physiological state (Galinha and Crespo, 2021; Sá et al., 2022).

This work aims at assessing the use of 2D fluorescence spectroscopy 
as a tool for monitoring at real-time the intracellular PHA content, 
throughout the operation of a sequencing batch reactor (SBR) fed with a 
real feedstock. Fluorescence EEMs attained were further used for the 
intracellular PHA content prediction, through projection to latent 
structures (PLS) models combined with principal component analysis 
(PCA). This study targets at revealing, the unprecedented application of 
the 2D fluorescence spectroscopy to quantify the intracellular PHA 
content through a direct and real-time methodology, and without the 
use of reagents or staining agents.

2. Materials and methods

2.1. Sequencing batch reactor configuration

The bioreactor under study was a sequencing batch reactor (SBR) 
with a working volume of 2 L, inoculated with activated sludge from a 
local wastewater treatment plant (WWTP) located in Almada, Portugal 
(WWTP of Mutela). The bioreactor was fed with fermented brewer’s 
spent grain (fBSG) and was operated in 12 h cycles for 70 days, con
sisting of feast and famine periods. Each cycle comprised 11.25 h of an 
aeration phase and 0.75 h of settling and withdrawal without stirring 
and aeration. The aeration phase consisted of 15 min feeding, being the 
feed composed by the fBSG diluted with a mineral solution, as described 
by Wang et al. (2017), followed by the addition of a phosphate-rich 
solution after 2 h. Then, 11.1 h after the starting of the cycle, some 
biomass was removed from the bioreactor. The biomass was left to settle 
and immediately after the end of the settling, 1 L of the supernatant was 
withdrawn. A sludge retention time (SRT) and an hydraulic retention 
time (HRT) of 4 and 1 days, respectively, were established. The reactor’s 
operation was performed at an OLR of 50 CmmolFP/(L.d), using the 
fBSG. The fBSG was obtained from the acidogenic stage of a previous 
work and was composed by a mixture of fermentation products (organic 
acids and ethanol), as presented in Table 1 (Guarda et al., 2023).

The fBSG used had a high content in ammonia (NH4
+) and a low 

content in phosphate (PO4
3− ), resulting in a C:N:P ratio of 100:10:0 C:N:P 

(mol basis). Thus, phosphate was only added during the famine at a C:N: 
P ratio of 100:10:1 (mol basis) to uncouple the carbon and the phosphate 
availability and promote a more efficient PHA accumulators’ selection. 
The dissolved oxygen (DO) inside the bioreactor was kept above 20% 
using a disperser and through the adjustment of the air flow rate (2–4 L/ 
min). The SBR was stirred at 100 rpm, the temperature was maintained 
between 20 and 25 ◦C, and the pH maintained within 7.5 and 8.5 by the 
controlled addition of 0.5 M HCl and 1 M NaOH solutions. DO and pH 
values were acquired in continuous, allowing online monitoring of the 
feast and famine periods lengths. During the SBR operation, samples 
were taken along 4 cycles for the analysis of PHA, fermentation products 
(FP) and total and volatile suspended solids (TSS and VSS) contents, 
resulting in 4 different monitoring cycles (A, B, C and D).

Table 1 
Fermented brewer’s spent grain (fBSG) composition in % gCOD and % Cmol 
units.

% gCOD % Cmol

Acetic acid 27.2 ± 2.7 32.3 ± 3.2
Propionic acid 2.5 ± 0.5 2.5 ± 0.5
Isobutyric acid 5.5 ± 1.2 5.2 ± 1.1
Butyric acid 33.9 ± 2.3 32.2 ± 2.2
Isovaleric acid 3.1 ± 0.1 2.8 ± 0.1
Valeric acid 2.6 ± 0.9 2.4 ± 0.8
Caproic acid 22.0 ± 2.8 19.5 ± 2.5
Ethanol 2.1 ± 1.2 1.6 ± 1.0
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2.2. 2D fluorescence spectroscopy

The SBR samples that were taken in the 4 monitoring cycles (A, B, C 
and D) were also measured through 2D fluorescence spectroscopy. A 
fluorometer equipped with an optical-fibre probe for remote measure
ments without the need of cuvettes, as supplied by the manufacturer, 
was used to acquire the fluorescence spectra. The optical-fibre probe is 
composed of 294 optical fibers (half used for delivering the excitation 
light and half for collecting the emission light) with 200 μm diameter 
and 2 m length. Spectra were acquired after the immersion of the tip of 
the optical-fibre probe directly on the liquid sample under constant 
stirring (acquisition time of one spectrum was approx. 5 min) (Fig. 1). 
The fluorescence spectra were assessed in each sample taken from the 
reactor and generated in wavelength ranges of 200–640 nm and 
210–650 nm for excitation and emission, respectively, both with 5 nm 
increments. The slits of excitation and emission were of 10 nm. A total of 
8 samples were measured along the cycles of monitoring A, B and C 
while 9 samples were acquired from monitoring D, resulting in a total of 
33 samples. No sample pre-treatment was performed before spectral 
acquisition, resulting in a total of 33 observations/spectra.

2.3. Analytical procedures

The samples were collected throughout 4 SBR monitoring cycles and 
were centrifuged during 2 min at 11,000×g. Samples’ supernatants were 
filtered (using 0.2 μm membrane filters) and then stored at − 20 ◦C for 
subsequent analysis. Samples’ pellets were lyophilized. Suspended 
solids (total and volatile: TSS and VSS) quantification was conducted as 
described by the standard methods (APHA, 2005). Fermentation prod
ucts (FP) (acetic (HAc), isobutyric (HIsobut), isovaleric (HIsoval), pro
pionic (HProp), caproic (HCap), butyric (HBut), valeric (HVal) acids and 
ethanol (EtOH)) quantifications were performed through 
high-performance liquid chromatography (HPLC) using the method 
described by Carvalheira et al. (2022). The determination of the PHA 
content and its composition was performed as described by Guarda et al. 
(2024) through gas chromatography (GC, Trace 1300, Thermo Scienti
fic). Briefly, lyophilized pellets (1–3 mg) were hydrolysed during 3.5 h 
at 100 ◦C with 20% (v/v) sulfuric acid (Sigma-Aldrich, HPLC grade) in 
methanol (Fisher Chemical, HPLC grade) and heptadecanoate (HD) (0.5 
g/L) in chloroform (Sigma-Aldrich, HPLC grade).

2.4. Calculations

The Feast/Famine ratio (F/f, in h/h) was determined through the 
division of the feast length by the famine length in each SBR cycle. The 
sudden rise of the DO levels indicated the depletion of the carbon source, 
which allowed to determine the feast period length while the famine 
length is obtained by the difference of the time cycle (12 h) and the feast 
length. PHA intracellular content was determined as the percentage of 
total solids (TS) (in % gPHA/gTS) by the sum of the monomers (3HB, 3HV, 
3H2MV, 3HHx) as 100×gPHA/gTS (%), where gTS is the solids weight 

after lyophilization. The concentration of bulk PHA (mgPHA/L) was 
assessed through the multiplication between the PHA intracellular 
content (% gPHA/gTS) and the biomass concentration (VSS in g/L). 
Specific fermentation products uptake (-qFP in CmmolFP/(CmmolX.h)) 
and specific PHA storage (qPHA in CmmolPHA/(CmmolX.h)) rates deter
mination was achieved through the linear regression of the fermentation 
products, PHA and active biomass (XA) specific concentrations plotted 
over time, respectively. Active biomass concentration (XA in gXA/L) was 
calculated through the subtraction of the PHA content from the VSS 
concentration. The PHA storage yield per fermentation products 
consumed (YPHA/FP, CmmolPHA/CmmolFP) was determined by dividing 
the specific PHA storage rates by the specific fermentation products 
uptake rates.

2.5. Development of mathematical models using PCA and PLS

The high amount of complex information contained within fluores
cence EEMs resultant from 2D fluorescence measurements was firstly 
compressed by principal component analysis (PCA) into principal 
components (PCs), characterized by reduced co-linearity and noise (the 
scores matrix). PCA was implemented with the PARAFAC algorithm 
from the n-way toolbox (Andersson and Bro, 2000; Bro, 1997) in GNU 
Octave (version 5.1.0). Prior to the PCA, data was standardized for each 
pair of excitation-emission light wavelengths, ensuring that each 
excitation-emission pair has the same initial weight. PCA was performed 
for all SBR samples, meaning 33 spectra. The 10 scores of the PCA (10 
PCs), obtained from the fluorescence EEMs, were used as input param
eters for the development of mathematical correlational models, ob
tained using projection to latent structures (PLS) modelling, to predict 
the intracellular PHA content (in % gPHA/gTS) based on fluorescence 
data. The model was developed according to two steps: (1) “leav
e-one-batch-out”, where 3 of the 4 monitoring cycles were used for the 
training of the model whereas the 4th was left out for validation; (2) all 4 
monitoring cycles were used as training data set towards the develop
ment of the global model.

The average errors were calculated for the validation data set (pre
diction), cross-validation and training data set (calibration). They were 
calculated as root mean square errors, respectively, RMSEP, RMSECV 
and RMSEC. These average errors, the variance captured by the models 
within the training data set, the slopes between experimental data and 
predicted values for training and validation data sets, as well as the 
coefficients of determination (R2), were all used to assess the quality of 
the models achieved.

3. Results and discussion

3.1. Reactor’s performance

The success of the culture selection stage is of great significance as it 
directly impacts the PHA production process efficiency. To achieve this, 
in this stage, a high pressure towards the selection of high storage PHA 
ability organisms should be assured by imposing feast and famine 
cycling to the culture (Paul et al., 2021).

The SBR was operated during 70 days at an organic loading rate 
(OLR) of 43.0 ± 1.5 CmmolFP/(L.d) with cycles of 12 h consisting of 
periods of feast (F), where the substrate is present, and famine (f), where 
there is no external substrate. Fig. 2 presents a typical SBR cycle, with 
the feast and famine periods. The feast period is the time where the feed, 
composed by the fermentation products (FP), which are the precursors 
for PHA synthesis, is abundant, while the famine period corresponds to 
PHA consumption for cell growth and maintenance in the absence of 
external feeding (Fig. 2).

One of the key indicators of a good PHA culture selection is the feast 
to famine ratio (F/f). This parameter provides an indication of the de
gree of culture enrichment on PHA-storing organisms (Carvalheira et al., 
2022). During the acclimatisation period, the F/f ratio decreased from 

Fig. 1. Schematic representation of the set-up used for fluorescence measure
ments using the optical probe.

E.C. Guarda et al.                                                                                                                                                                                                                              Journal of Environmental Management 370 (2024) 122545 

3 



an initial value of 0.75 h/h to 0.12 h/h. This corresponds to the period 
where the microbial culture was being selected for PHA-storing organ
isms. After that initial period, a F/f ratio lower than 0.12 h/h was always 
attained during the remaining SBR operation (0.07 ± 0.01 h/h), indi
cating that the uncoupled carbon/phosphate strategy applied ensured 
an effective pressure towards the selection of PHA-storing organisms. It 
is the first time that this strategy is reported in the literature, which is 
relevant when the feedstocks are rich in nitrogen, but poor in phosphate, 
and thus, the previously reported carbon/nitrogen strategy cannot be 
applied (Oliveira et al., 2017; Silva et al., 2017). Once the pseudo-steady 
state of the SBR was achieved (after 25 days), monitoring was performed 
along each 12 h cycle, including the feast and famine periods. Thus, 4 
monitoring cycles were assessed (A, B, C and D), which are replicates 
among them and represent the performance of the reactor. The success 
of the culture regarding PHA accumulation was evaluated through the 
PHA storage yield per fermentation products (YPHA/FP). As soon as the 
feast period finished, a maximum PHA content (PHAMax_Feast), on 
average, of 21.6 ± 5.4% gPHA/gTS (corresponding to 849.6 ± 329.3 
mgPHA/L) was attained, which resulted in a PHA storage yield of 0.78 ±
0.05 CmmolPHA/CmmolFP. This value is comparable to the ones ob
tained under similar operational conditions, demonstrating a good se
lection of organisms with high ability to accumulate PHA (Carvalheira 
et al., 2022; Duque et al., 2014).

The final polymer properties rely on the polymer monomeric 
composition. Thus, apart from the well-known homopolymer poly(3- 
hydroxybutyrate) (P3HB) and the co-polymer poly(3-hydroxybutyrate- 
co-3-hydroxyvalerate) (P3HB-co-3PHV), the incorporation of other 
monomers as the 3-hydroxy-2-methylvalerate (3H2MV) and 3-hydroxy
hexanoate (3HHx) improves the properties of the final polymer (Silva 
et al., 2022; Volova et al., 2021). The polymer achieved was mostly 
composed by 3-hydroxybutyrate (3HB) monomers (76% Cmol), fol
lowed by 3-hydroxyvalerate (3HV) monomers (12% Cmol), 3H2MV and 
3HHx (6 and 5% Cmol, respectively). The presence of other monomers 
rather than the 3HB such as 3HV and 3HHx is of great interest, as it 
results in the production of a quarter-polymer with improved physico
chemical properties (Volova et al., 2021). Overall, the results on PHA 
content and yield showed that the culture has been selected at the 
beginning of the SBR operation, reaching a stable performance during 
the remaining operation.

3.2. Intracellular PHA content prediction through 2D fluorescence 
spectroscopy

The SBR performance regarding the PHA content was followed by 

acquiring 2D fluorescence spectra directly from the biological broth 
using an optical-fibre probe. Both the offline analytical data from the 
SBR and the fluorescence spectra acquired along the 4 monitoring cycles 
(A, B, C and D), performed during the SBR pseudo-steady state, were 
used to develop models to predict the intracellular PHA content (offline 
data was used to calibrate and assess correlational models). PHA 
experimental contents, represented as “PHAexp”, were determined by the 
traditional GC method, whereas the fluorescence based PHA contents, 
represented by “PHApred”, are the predicted PHA contents through 2D 
fluorescence spectroscopy. Models were developed with PHAexp con
tents within the range of 4.1–28.8% gPHA/gTS (95.8–1201.2 mgPHA/L).

Fluorescence spectra were compressed through PCA into 10 principal 
components (PCs). The 10 PCs captured 94.9% of variance of the fluo
rescence data and were used as inputs in correlational models (PLS 
regression) to predict the intracellular PHA content (the output). The 
prediction model of the PHA content was developed and assessed 
through a two-step process: (1) “leave-one-batch out”, which consisted in 
using part of the data for the training of the model and the remaining 
data for model validation and (2) “Global model”, where all data was 
used for the training of the model.

3.2.1. Step 1
The first step of “leave-one-batch-out” towards the development of the 

model consisted of using 3 monitoring cycles as training data set while 
the 4th cycle (validation data set) was used for prediction and validation. 
This procedure evaluates the robustness of a correlation when the data 
set is small and composed by experimental replicates (monitoring cy
cles). Moreover, it is useful as by leaving just one observation out (or a 
random set of observations) would not be enough to assess the quality of 
the correlation and its performance for each new monitoring cycle. The 
modelling results for the prediction of the PHA content (% gPHA/gTS) in 
step 1 “leave-one-batch-out” are presented in Fig. 3, where the y-axes are 
the PHAexp contents and the x-axes are the PHApred contents. The 4 
models developed using 3 monitoring cycles at each time had different 
coefficients of determination for the training data set (R2 

train), but all 
higher than 0.72, showing a good fitting (Fig. 3). The best prediction was 
achieved for monitoring C whereas the worst prediction was for moni
toring B, as represented by the lower and higher values of the root mean 
square error of prediction (RMSEP), respectively (Fig. 3C and B, 
respectively). However, when monitoring B was used for calibration 
(Fig. 3A–C, and D), the points were well distributed, showing that this 
monitoring cycle was important for the training of the model, but when 
left out for prediction, the model was calibrated in a different range of 
PHA contents (lower values), thus resulting in some extrapolation when 
predicting batch B. Nonetheless, these differences on PHA contents are 
important for the training of the model, preventing overfitting and 
showing the need to use adequate data for model calibration. In this 
case, monitoring B should be included within the training data set to 
account for an extended range of PHA contents.

By plotting the PHApred and the PHAexp contents (Fig. 4, y-axes) 
along the time (Fig. 4, x-axes), it can be observed the differences on PHA 
prediction for each monitoring. This representation complements the 
conclusions attained from Fig. 3, with monitoring C having the PHA 
predicted points (black triangles) closer to the experimental ones (empty 
circles) in opposite to what happened with monitoring B, which had the 
predicted and the experimental points further away from each other 
(Fig. 4C and B, respectively). The representation along the time also 
allow to observe and to evaluate the trend of the PHApred contents. A 
similar trend between the PHApred and the PHAexp contents was ach
ieved, proving the ability of the model to follow the tendencies during 
the feast and famine periods of the SBR cycles.

The use of step 1 for the development of the model to predict the PHA 
content allowed to find the first conclusions about the application of 2D 
fluorescence spectroscopy, without staining agents, towards the moni
toring of the PHA content in real-time. Results show that a good corre
lation between the experimental data and the PHApred contents using 2D 

Fig. 2. PHA content (in % gPHA/gTS), obtained from GC analysis, represented 
by the empty circles plotted along the time (h) (average of 4 replicates of 
monitoring cycles). Vertical and horizontal bar errors represent the standard 
deviation of the PHA content and of the sampling time for each point, respec
tively. The dashed vertical line represents the conclusion of the feast period, 
followed by the subsequent famine period.

E.C. Guarda et al.                                                                                                                                                                                                                              Journal of Environmental Management 370 (2024) 122545 

4 



fluorescence spectroscopy can be obtained. Furthermore, it was sensi
tive to the slightly differences that might be present within the biological 
system. Moreover, it allowed to determine the expected error for new 
predictions (3.77% gPHA/gTS on average for the 4 monitoring experi
ments left out) and to identify the limitations of the model.

3.2.2. Step 2
In step 2, all monitoring cycles were successfully used to calibrate 

models, allowing us to predict all monitoring cycles left out, despite the 
different prediction errors. Thus, in step 2, all monitoring data (A, B, C 
and D) were used for the training of the model. This approach is useful 
when the amount of data is low and allows to achieve a better final 
model ready for estimating new experiments. It can only be used after 
assessing the robustness of the methodology, through leave-one-batch- 
out, as done in step 1. Step 1 validated that data from fluorescence is 
correlated with the PHA content, while highlighting the need of using 
data covering a wide range of experimental variability to achieve good 
predictions (as happened when monitoring cycle B was used for cali
bration in step 1).

The global model developed in step 2 showed good fitting (R2 for 
training data set of 0.76), with a root mean square error of calibration 
(RMSEC calculated for all values) of 2.65% gPHA/gTS and a cross- 
validation error (RMSECV calculated by leave-one-observation-out for 
all data) of 3.45% gPHA/gTS, showing that the good correlation between 
the PHAexp and the PHApred contents achieved in step 1 was still present 
in step 2 (Fig. 5). Furthermore, the average error of PHA contents pre
diction for the 4 monitoring cycles in step 1, was lower than 4.0% gPHA/ 
gTS, whereas in step 2 the RMSECV obtained in the global model was 
3.45% gPHA/gTS, suggesting that it is not expected an average error 
higher than 4.0% gPHA/gTS for new predictions. By comparing this value 
with the one reported for the traditional PHA quantification method, 

consisting of PHA extraction plus GC analysis, they are within the same 
order of magnitude (7.0% gPHA/gTS reported for the traditional PHA 
quantification method) (Lanham et al., 2013).

Other studies also used PLS modelling to predict the PHA content in 
SBR reactors (Amaral et al., 2017; Mesquita et al., 2013, 2015). In those 
studies, they collected samples at the end of the feast period as well as at 
the end of the famine period of SBR reactors operated under different 
modes – full aerobic feast and famine and anaerobic feast with aerobic 
famine cycles. Samples were stained with Nile Blue A and analyzed 
through fluorescence microscopy, while were also analyzed through GC 
to determine the PHAexp contents. The image analysis variables were 
used as inputs in PLS models (calibrated with PHA values obtained from 
GC analysis), aiming at estimating the PHA contents based on micro
scopy images (Amaral et al., 2017; Mesquita et al., 2013, 2015). Low 
prediction abilities were achieved by the PLS model developed using 
both feast and famine data (R2 for training plus validation data sets of 
0.51) using a SBR operated under the same conditions as the present 
work (full aerobic feast and famine cycles) (Amaral et al., 2017). 
Contrarily, by separating the feast and famine data from the fully aer
obic SBR, two different PLS models were developed, for the feast and 
famine periods, respectively (independent feast and famine PLS). The 
resultant PLS models achieved better prediction abilities for both feast 
and famine periods (R2 of training plus validation data sets of 0.79 and 
0.62, for feast and famine periods, respectively) (Amaral et al., 2017). 
However, the best prediction ability with a R2 for training plus valida
tion data sets of 0.83 was reported when using independent feast and 
famine PLS for data from both SBRs operated at different operating 
conditions (fully aerobic and anaerobic/aerobic cycles), with an average 
error of 2.8% gPHA/gTS (Amaral et al., 2017). In the present study, 
similar prediction abilities were attained (R2 for all data set of 0.76 at 
step 2) with a slightly higher average error of 3.77% gPHA/gTS for new 

Fig. 3. PHAexp versus PHApred contents (in % gPHA/gTS) using 10 PCs from 2D fluorescence data. Training data comprised 3 monitoring data sets (empty circles), 
whereas the validation data used the 4th monitoring data set (black triangles). A, B, C and D represent the prediction of the monitoring A, B, C and D, respectively. 
RMSEP is the root mean square error of prediction calculated for the validation data set and the black lines represents two times the standard deviation of the output 
experimental data.
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predictions.
As in this study the use of 2D fluorescence spectroscopy for the real- 

time monitoring of the PHA content in the SBR is targeted, it is relevant 
to predict the PHA content along the entire cycle (including the feast and 
famine periods). Hence, the measurement of the PHA contents only at 
the end of the feast and famine periods, as performed by Mesquita et al. 
(2015, 2013) and Amaral et al. (2017), is not enough and the separation 
of the feast and famine data for the development of the model is not 
helpful. Moreover, despite the interesting and promising results 

achieved in other studies concerning a more simple and quick deter
mination of the PHA content, they still require the staining process 
(including the sample washing and preparation), resulting in delayed 
answers to the biological system. Although in the present work the 
samples were measured at-line, but outside of the reactor (in the sample 
vessel), it is also possible to immerse the optical probe directly inside the 
reactor, allowing to real-time monitor the PHA content using the 2D 
fluorescence spectroscopy.

By plotting the PHAexp and PHApred contents (y-axes) over the time 
(x-axes), on average, for all the 4 monitoring cycles (replicates – A, B, C 
and D), it is possible to observe that the PHApred contents are close to the 
PHAexp (Fig. 6). This means that the 2D fluorescence spectroscopy is 
completely able to capture the tendency of the PHA content along the 
SBR cycles.

Overall, these results show the great ability of using 2D fluorescence 
towards the models’ development to predict the PHA content in a bio
logical system. In general, a good correlation between the PHApred and 
the PHAexp contents was attained, in both steps 1 and 2. Step 1 allowed 
to evaluate the prediction ability of the PLS models and to determine the 
error of prediction and validation (RMSEP of 3.77% gPHA/gTS) whereas 
with step 2, a global model (ready to be used) was provided, where it 
was possible to assess the errors of calibration (RMSEC of 2.65% gPHA/ 
gTS) and cross-validation (RMSECV of 3.45% gPHA/gTS). Thus, a good 
prediction of PHA content for new monitoring can be achieved within 
the same operating conditions, proving the great potential of 2D fluo
rescence of being used for the real-time monitoring of biological systems 
such as the ones where PHA is produced.

It is noteworthy that the change of operating conditions (e.g., 
organic loading rate, sludge retention time, etc.) or the change of cul
tures/sludge can differently affect the biological system and thus, result 

Fig. 4. PHAexp and PHApred contents (in % gPHA/gTS) – represented by the empty circles and black triangles, respectively – plotted along the time (h) for the 4 
monitoring in step 1 “leave-one-batch-out”. A, B, C and D represent the prediction of the monitoring A, B, C and D, respectively.

Fig. 5. PHAexp versus PHApred contents (in % gPHA/gTS) using 10 PCs from 2D 
fluorescence data. RMSEC represents the root mean square error of calibration 
(calculated for all values) and RMSECV the root mean square error of cross- 
validation (calculated by leave-one-observation-out).
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in a different response of the culture. Due to the nature of 2D fluores
cence spectroscopy, such differences in media and cultures will be also 
captured by fluorescence spectra. Mathematical correlations, such as 
PLS modelling, are empirical methods calibrated from experimental 
data, and thus are only valid within the experimental conditions of 
calibration. Therefore, for the extended use of 2D fluorescence for 
monitoring PHA production, the approach developed in this work needs 
to be applied by collecting data from the process under study for further 
calibration of a new model. The ranges of operating conditions where 
the model is valid will always depend on the calibration data used and it 
is possible to combine data collected under different operating condi
tions to develop models that can be used in a wider range of conditions. 
Therefore, although 2D fluorescence spectroscopy combined with PLS 
modelling do not offer an “universal” tool for the monitoring of PHA 
content, the present work shows the feasibility and the methodology to 
be followed to develop a quick and online method for PHA estimation.

4. Conclusions

The present work demonstrated, for the first time, that the selection 
of a culture enriched on PHA-organisms was successfully and efficiently 
achieved by using fermented brewer’s spent grain as feedstock through 
an uncoupled carbon/phosphate strategy. Although PHA does not have 
natural fluorescence ability, it was possible to develop mathematical 
correlations based on fluorescence spectra acquired directly from the 
SBR broth, to monitor PHA production throughout the SBR cycles (feast 
and famine periods). A good correlation for the prediction of the PHA 
content was achieved in both steps (R2 for training data sets up to 0.72 
and 0.76, for step 1 and 2, respectively), showing that 2D fluorescence 
methodology is able to accurately predict the intracellular PHA con
tents, with an average error of 4.0% gPHA/gTS expected for new PHA 
predictions. Additionally, the results obtained with both modelling steps 
highlighted the benefit of using more calibration data comprising vari
ations of the output parameter, as well as the need of good experimental 
data to ensure models’ fitting with accurate values. Therefore, this work 
showed the earliest possibility of a real-time PHA quantification in a 
biological system using 2D fluorescence spectroscopy, without any re
agent and using a real feedstock. Furthermore, this approach is of the 
upmost importance for the PHA production processes, namely in the 
PHA accumulation stage, where the reactor is commonly operated in 
fed-batch mode. Under such conditions, different models should be 
developed and tested combining data from fed-batch reactors to vali
date, as it will open the possibility of real-time monitor and control the 
intracellular PHA content during the accumulation stage, allowing to 

take faster important decisions (the addition of more feedstock to avoid 
intracellular polymer consumption and/or to stop the reactor operation 
as the maximum PHA content was achieved) that can highly improve the 
process productivity.
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