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• Combination of statistical tools for batch processes. 
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• Miniaturized-NIR spectroscopy data for fermentation.  

A R T I C L E  I N F O   

Keywords: 
Miniaturized NIR spectrometer 
Fermentation process 
Principal component analysis 
Moving-window 
Process understanding 
Monitoring 

A B S T R A C T   

Background: The implementation of process analytical technologies (PAT) has gained attention since 2004 when 
its formal introduction through the U.S. Food and Drug Administration was introduced. Manufacturers that need 
to evaluate the employment of new monitoring systems could face different challenges: identification of suitable 
sensors, verification of data meaning, evaluation of several statistical strategies to obtain insights about data and 
achieve process understanding and finally, the actual possibilities for monitoring. Kefir fermentations were 
chosen as an example because of the chemical and physical transformations that occurred during the process, 
which could be common to several other fermentation processes. In order to pave the way for monitoring 
establish the information contained in the data and find the right tools for extracting them is of extreme 
importance. Strategies to identify different experimental conditions in the spectra acquired with a miniaturized 
NIR (1350-2550 nm) during process occurrence were addressed. 
Results: The study aims to offer insights into good practices and steps to pave the way for process monitoring with 
handheld NIR data. The main aspects of interest for batch processes in preliminary evaluations were investigated 
and discussed. On the one hand, process understanding and, on the other, the possibilities for process monitoring 
and endpoint determination were examined. The combination of different statistical tools allowed the extraction 
of information from the data and the identification of the link between them and the chemical and physical 
changes during the process. In addition, insights into the spectra characteristics in the studied spectroscopic 
range for kefir fermentation were reported. 
Significance: The capabilities for miniaturized NIR spectra to represent and statistical strategies to characterize 
different experimental conditions in a real case fermentation occurrence were proved. The strengths and limi
tations of some of the common approaches to catch changes in fermentation condition were highlighted. For the 
various statistical approaches, the chances offered in the research and development stages and to set the scene for 
monitoring and end-point detection were explored.   

1. Introduction 

To date, process analytical technologies (PAT) are used for real-time 
process or product monitoring in several industries, as well as for raw 

material identifications and quality control. The main goals of PAT are 
product quality assessment and process understanding which could lead 
to higher process efficiency [1]. In this context, using molecular spec
troscopies such as near-infrared spectroscopy is one of the tipping points 
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to pave the way for industry 4.0 application. The acquisition of real-time 
process information can be achieved by implementing PAT during the 
manufacturing process. Currently, some NIR technology has been 
implemented in food, petrochemical, and pharmaceutical industries 
mainly because of the promising results obtained with fiber optics [2–6]. 
In this context, batch processes are ubiquitous and several statistical 
strategies were considered over the years in the literature [7,8]. 

Driving causes of the expansion of NIR technology result from the 
recent trend towards miniaturized and handheld spectrometers based on 
MEMS and MOEMS [9]. The portability of this instrumentation can be 
seen as based on two goals: transferability of analysis from the lab to the 
field and on-line applications [10]. Several studies have largely dis
cussed noticeable results at industrial and lab scales with high interest 
[11,12]. Conversely, miniaturization carries restricted spectral ranges 
and lower performance than its laboratory counterpart [13]. A field 
where the advantages of miniaturized spectroscopic methods are 
manifold is bioprocess monitoring. Indeed, when coupled with chemo
metric tools, aside from including real-time capability, they offer a 
non-destructive nature, easy maintenance, the possibility for simulta
neous determination of multiple target analytes in complex fermenta
tion broths and last but not least, affordability [14,15]. 

Undeniably, NIR spectroscopy has already been proven suitable for 
dairy fermentation processes [16–21]. However, it is worth noting that 
previous works were conducted mainly with benchtop instrumentation 
which is robust and technologically mature. Acquisition configurations 
suitable for offline, at-line and online analysis with probes were evalu
ated. Considering the differences in costs, primary work environments, 
and process implementation possibilities, the previous studies are far 
from comparable to those that imply miniaturized instrumentations 
[22]. Together with possible manufacturing improvement, there is still a 
lack of knowledge about miniaturized NIR applications and how to 
extract data information efficiently. Only recently, it arose that devel
oping ad hoc strategies to obtain valuable information from a minia
turized NIR spectrometer implies multiple steps: from reliable data 
acquisition strategies to suitable data analysis and interpretation [22, 
23]. 

In this study, a dairy fermentation process was investigated through 
spectroscopic measurements under different experimental conditions. 
Spectra acquisitions were conducted in the range of 1350–2550 nm with 
a MEMS-based instrument by simulating, at a lab scale, a reflection 
geometry on a glass window of a bioreactor. In a previous study, the 
identification and evaluation of different set-ups for data acquisition was 
conducted as first step to pave the way for process understanding and 
monitoring [24]. After that, in this research, different process conditions 
were tested and the crucial aspect of assessing the suitability of the 
methodology for gaining process information was addressed. 

The main aspects offered when coupling spectroscopic data and 
statistical analysis were considered: from process understanding to 
possibilities for monitoring and endpoint detection. Different conditions 
of the process occurrence were investigated in order to exploit and 
evaluate the possibilities offered by different statistical approaches on 
data from a miniaturized NIR. Nowadays, the typical issues that relate to 
industries deal with the extraction of information from big quantities of 
historical data but some strategies for preliminary investigation could 
still be useful. 

The aim of the study is manifold. A methodology is proposed to 
investigate spectroscopic data to exploit the information from different 
perspectives when the possibilities of data acquisition are limited: a 
crucial aspect is the comparison and combination of the results obtained 
with different approaches. The coupling of data from a miniaturized 
spectrometer and multivariate strategies was considered to focus on 
different goals and approaches and to guarantee the extraction of the 
maximum amount of information. Indeed, different multivariate statis
tical approaches are applied and then discussed by highlighting the 
strengths and limitations of the strategies when applied to the real case 
example. Since one of the essential keys to monitoring a process is its 

deep understanding and knowledge about data acquired, the main traits 
related to the spectra registered during processes are explored and 
commented. Insights about the kefir fermentation process are enhanced. 
The relation between the process occurrence at different temperatures 
and the spectra acquired with and without sample pretreatment is 
investigated. Due to instrumental limitations, obtaining insights related 
to different experimental conditions with miniaturized spectrometers is 
not obvious; the sensibility to such changes could be a pivotal aspect to 
early-detect deviation from the normal operating conditions. In addi
tion, this research aims to demonstrate the potentiality and drawbacks 
of miniaturized NIR instruments data when coupled with statistical 
tools. Clues are provided to decide whether a tool can be useful and to 
what extent when coupled with spectroscopic measurement. 

2. Materials and methods 

2.1. Batch kefir production 

Semi-skimmed fresh milk was chosen as fermentation media as is one 
of the most common. The main nutritional characteristics are 1.6 g of 
total fat, 3.4 g of protein and 5.2 g of carbohydrates (Table S1). It was 
purchased in an Italian supermarket (Como, CO) and stored in the 
refrigerator at 4 ◦C until further use. Active kefir grains were obtained 
from Kefiralia (Burumart Commerce SL) and conserved in fresh whole 
milk by changing the media each two days for one week before starting 
the analysis. 

For each fermentation, 100 mL of milk was pre-warmed in a labo
ratory heater and then used as fermentation media. Milk was inoculated 
with 10 g of kefir grains extracted from the colony conserved in fresh 
milk and weighted. The fermentation was performed in a beaker by 
maintaining the pre-heated temperature by a cooled incubator FOC 225I 
(Velp Scientific). Two different temperatures of fermentation were 
tested: 25 ◦C and 30 ◦C. At both temperatures, a control batch containing 
only milk was also conducted and observed. pH values were obtained at 
the inoculation time (t = 0) and at each sampling point (every 15 min 
over the fermentation) by a pH/ORP Meter HI9125. Data for some 
processes were acquired by stirring the fermentation media before 
spectra acquisition (pretreated samples) while, for other processes the 
fermentation containers were positioned on the spectrometer without 
pretreatment (samples with no pretreatment). The experimental plan is 
reported in Fig. 1. Three fermentation replicates (3 x batch) were ob
tained at each temperature and mixing condition and were conducted 
over different days. The fermentations were considered to have ended at 
a pH of about 4.6, but the spectra were acquired until a pH of about 3.2, 
and at that point, the grains were removed and deposited in fresh milk 
with the rest of the colony for subsequent use. The times of fermentation 
processes occurrence were found to not be significantly different 
depending on the experimental conditions. 

2.2. Instrument and materials 

Spectra were collected with a NeoSpectra-Scanner (Si-Ware System), 
which covers the range of 1350–2550 nm (7407 cm− 1 - 3922 cm− 1). 
Data were autosaved in the default format “.Spectrum” and then were 
converted to.txt files and processed with MATLAB (9.10.0.1602886 - 
R2021a). Spectra of 5 experimental replicates (obtained with sample 
repositioning) were acquired at each sampling time (every 15 min over 
the fermentation) during each fermentation replicate (each batch). A 
100 % reflectance reference was performed with a Spectralon® 
approximately 15 min after the spectrometer was turned on and before 
each sampling time. A time scan of 5 s was selected. 250 mL borosilicate 
glass 3.3 beakers (Rasotherm®) were used as fermentation batch and for 
spectra acquisition. Control batches without grains inoculation were 
acquired at the same intervals. Beakers were gently placed on the 
spectrometer window from the bottom (Supplementary Fig. S1). 
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2.3. Statistical data analysis 

Data elaboration and analysis were performed with in-house routines 
programmed in MATLAB 9.10.0.1602886 - R2021a (Mathworks Inc., 
Natick, MA, USA) and PLS toolbox 8.9.1 (Eigenvector Inc., Manson, WA, 
USA). 

Each fermentation batch was organized as X matrix with time of 
sampling in the n rows and j wavelengths in the columns. In addition, as 
batch processes, the fermentation under investigation, could be inten
ded as a three-way array X containing j variables (74 data points 
wavelengths) measured at each k sampling time (34 points) in I batches 
(12 processes obtained from 2 temperature conditions x 2 type of pre
treatment x 3 fermentation replicates). The measures of pH values for 
replicates were reported in a Y matrix (batches x times). 

The reproducibility of spectra and the changes in sample heteroge
neity through the fermentations were investigated by root mean square 
error (RMSE) statistics on each batch [25,26]. The RMSE was calculated 
as: 

RMSEr =

̅̅̅̅̅̅̅̅̅̅̅̅
∑n

j=1
D2

jr

n

√
√
√
√
√

with Djr = yjr − ȳj (1)  

Where yjr is the reflectance at λj for experimental replicate r, ȳj is the 
reflectance at λj for the mean spectrum of R subsamples of a sample, and 
n stands for the number of data points in a spectrum. The index r is used 
to indicate that the error is calculated within experimental replicates. 
Indeed, the statistics were calculated considering the reproducibility at 
each time of fermentation and considering five experimental replicates 
as subsamples. 

Principal Component Analysis [27] on the average spectra of the 5 
experimental replicates was carried out on each Xi to identify the main 
features contained in the data related to the fermentation occurrence. 
Data were mean-centered. 

Multivariate statistical tools were intended to consider time de
pendency and dynamics over the process which, could be assumed, 
happens through different phases. Data analyses were performed 
maintaining the experimental replicates as individual spectrum in Xi and 
then, averaging the experimental replicates. On each Xi, moving block 
standard deviation (MB-STD), as expressed by Sekuic et al. [28], was 
considered to identify trends and trajectory of the variability in the 
spectra. A key parameter to identify changes is the window size (w): 
sizes from 5 to 25 were tested. A visual explanation of the strategy is 
reported in Supplementary Material Fig. S2. 

Moving window principal component analysis was applied 
(MWPCA) [29] on each Xi to elucidate details and spectra interpretation. 
The statistical process monitoring method was introduced on simulated 
data by Kano et al., in 2001 [30]. A time-window (of hs size) slices the 
dataset under investigation and subsequently streams in the time 

direction hs varying from 5 to 15 were tested. At each step of the window 
slicing, a PCA is calculated and the loadings (p) are used to determine 
the so-called dissimilarity index (Ai) between steps. Ai is calculated as 
the difference between 1 and the inner product of transposed loadings 
obtained at a defined step (t) and the one chosen as reference p(0): 

Ai = 1 −
⃒
⃒p(t)T p(0)

⃒
⃒ (2)  

In other words, a PCA model is obtained at a defined time-window and 
so is p(t), which represent the current operating condition. Then, the 
value at the t step are compare to its reference p(0), obtained from the 
first PCA model, the one which include the starting condition of the 
process. If the values are equivalent, Ai become zero, while if the load
ings p(t) are orthogonal to p(0), Ai become 1. The dissimilarity index 
allows to identify trends in the process and changes in process direction 
and so different phases, intended as different steps during the fermen
tation when the loadings represent different variation. To better high
light the region of the spectra changing in each phase, loadings variance 
during different phases of the process were calculated (e.g., the variance 
calculated over loadings from p(0) up to p(t) with t identified based on 
the pH values trends and the dissimilarity index curve). Loadings vari
ance is intended as the squared standard deviation of loadings during 
each phase. A visual explanation of the strategy is reported in Supple
mentary Material Fig. S3. 

Considering the 3D nature of the data consisting in batches × time ×
wavelengths, the unfolding of X was considered in different directions. 
The batch-wise unfolding (BWU) [7] is conducted in order to obtain an 
the array sliced in the time direction, while the variable-wise or 
observation-wise unfolding (OWU) [7] is obtained with each batch 
matrix placed under another (Supplementary Material Fig. S4). PCA 
[31] was first applied to the unfolded data. Then, the pH measured 
during the acquisition of spectra was considered as the process’s 
maturity index, and Partial Least Squares models [32] were developed to 
correlate spectra to pH. 

3. Results and discussion 

3.1. Spectra 

After having set the acquisition strategy, a first approach could 
consist in verifying that the data acquired by the instrument effectively 
contained the information needed for process monitoring. Good practice 
consist in looking at the spectra characteristics. The reflectance NIR 
spectra of four different batches are shown in Fig. 2. Initially, the 
fermentation media is liquid milk with a determined concentration of 
sugar. Ultimately, it is a viscous substance with different hydrogen in
teractions, acidic conditions, and protein type of aggregation [33]. 
External reflectance measurements were elected because milk’s viscos
ity increased during the bioprocess’s progress, leading to a product with 

Fig. 1. Experimental plan for fermentation processes.  
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a weak gel behavior [34]. The physical and chemical changes and the 
sensibility of the techniques set the scene for good perspectives of pro
cess monitoring. 

As the first approach, spectra appearances were inspected and 
interpreted. The first overtone of O–H stretching and the combination 
region of O–H stretching and bending are visible around 1450 nm and 
1910 nm. The 1350-1360 nm spectral region can be assigned to proton 
hydrates/solvated hydronium ions and/or water hydration shells [29] 
even if the interpretability of this region is limited due to the vicinity 
with the limit of the spectrometer acquisition range. A band around 
1800 nm could be attributed to the combination of the C–H stretching 
first overtone and C–O second overtone [35]. The regions between 1550 
and 1780 nm and around 2200 nm could be ascribed to a combination of 
O–H and C–H tones and the first overtone of O–H and C–H bonds. 
Another spectral region of interest, where combinations and the first 
overtone for O–H bonds appear, is the range between 2030 and 2130 nm 
and the one around 1500 nm. 

Despite the common trends, the spectra interpretation could be 
slightly diverse for different conditions regarding spectra intensity and 
peak shifts. In general, a reflectance intensity between 0 and 15 % is 
reported and the main traits of kefir spectra could be identified and 
interpreted for each fermentation condition. Across different conditions, 
the principal variation observable is related to the shift of the baseline, 
ascribable to the different scattering properties of the fermentation 
media along with the time of sampling. Indeed, the spectra acquired 
over a fermentation process after gently mixing seem to be less variable 
with a percentage standard deviation between 2 % and 7 % for 25 ◦C and 
between 1 % and 15 % for 30 ◦C, whereas a percentage standard devi
ation between 4 % and 16 % for 25 ◦C and between 2 % and 22 % for 
30 ◦C is reported for static samples. In addition, fermentation batches 
conducted either at 25 ◦C and 30 ◦C without stirring clearly showed an 
increasing trend of the baseline over times. 

3.2. Enhance process dynamics in the spectra 

Once the investigation of spectra has been conducted, several ap
proaches could be used to investigate the evolution over time of the 
signal related to the fermentations. As emerged from the literature [36], 
the information in NIR spectra is usually very complex, self-correlated, 
and spread over the spectrum. In addition, physical properties such as 
compactness, particle size, particle distribution, and matrix contribution 

usually affect the spectra. Within this frame, despite the visible trends 
over the spectra, the univariate approach has already been proven 
inadequate to investigate the transformation occurring during kefir 
fermentation. On the other hand, the application of exploratory analysis 
tools as principal component analysis could allow the identification of 
trends and main features related to the occurrence of fermentation 
under defined conditions with several strategies of spectra acquisition 
[24]. 

3.2.1. Replicate spectra heterogeneity 
While fermentations proceed, complex bio-chemical transformations 

occur, and the viscosity of the sample change. The starting material for 
the fermentation, commercial fresh milk, has intrinsic heterogeneity 
that would change during the process to become a more viscous product. 
NIR spectra usually are sensitive to changes in the physical properties of 
the samples as viscosity and heterogeneity [37]. The heterogeneity re
flected in NIR spectra of different food samples could be evaluated 
through RMSE statistics (Equation (1)) [25,26]. The mean and standard 
deviation of RMSE statistics calculated on 5 experimental replicates over 
the different acquisition times of the process were investigated (Sup
plementary Fig. S5). RMSE statistics allow evaluation of the measure
ments’ repeatability and could provide insights about the error 
intrinsically present in the spectra. The inspection of the results 
appeared mainly dependent on the batch under analysis. As in this case 
study, trends that do not follow a specific and reproducible pattern for 
the RMSE statistic could suggest the joint influences in the spectra 
reproducibility of physical and chemical changes. As could be expected, 
the RMSE values of homogenized batches are, on average, characterized 
by higher values of RMSE mean than the unhomogenized ones as the 
caught heterogeneity is bigger, as was verified through ANOVA by 
obtaining a p value < 0.05. This could be ascribed to the different in
tensities and the different reproducibility of the spectra over time, 
depending on the conditions. Due to these results, it is possible to state 
only using this statistical tool that the parameters changed during the 
experimentation influenced the spectra results. RMSE statistics were 
also obtained for the control batches by obtaining values comparable to 
those of samples acquired without previous pretreatment (Supplemen
tary Fig. S6). 

This approach could certainly be used as the first screening to un
derstand the main characteristics captured by the spectrometer during 
the process under study with major influence on the spectra. Based on 

Fig. 2. Example of raw spectra of a kefir fermentation acquired for 8 h and 30 min at interval time of 15 min 35 time points were acquired with T0 equal to the time 
of inoculation: a) batches conducted at 25 ◦C by mixing the samples before spectra acquisition, b) at 30 ◦C by mixing the sample before spectra acquisition c) at 25 ◦C 
by placing directly the beaker on the spectrometer window without stirring the sample d) at 30 ◦C by placing directly the beaker on the spectrometer window without 
stirring the sample. 

G. Gorla et al.                                                                                                                                                                                                                                   



Analytica Chimica Acta 1281 (2023) 341902

5

simple subtractions, mean, and standard deviation calculations, it is easy 
and immediate. A clear visualization through bar plots allows exploring 
the repeatability of the measurements during the process and between 
processes, easily allowing the comparison of intrinsic spectra repro
ducibility in different conditions. If considering a first approach with the 
instrument or data analysis, the tool could result in interesting pre
liminary insights. Regarding monitoring, the issues of this method relate 
to the fact that no information about the reason for the reproducibility 
changes is available. The spectroscopic area of interest or the type of 
variation in the spectra (in baseline or peaks intensities) are not really at 
disposal. Concerning the endpoint detection of the process, this strategy 
resulted limited and other strategies are needed. 

3.2.2. Principal component analysis 
An interesting tool for feasibility studies is represented by principal 

component analysis. NIR spectral data reflect the typical multi
collinearity of infrared spectra [36,37]. For this reason, in order to 
investigate the main trends in the spectra of each fermentation and 
identify important variables and their relations, multivariate explor
atory analysis was conducted through principal component analysis on 
each fermentation batch and the results were investigated from several 
angles. Since keeping the original baseline shift and the physical infor
mation related to scattering resulted as a crucial aspect in a previous 
study [24], no preprocessing except for mean-centering was applied to 
the spectra. 

The explained variances of the first and second principal components 
of the models obtained were reported in Table 1. As could be noticed, the 
first PC explained most of the information in the data. The values of the 
second PCs are always inferior to 7 %, indicating the presence of some 
information that could depend on the dataset under consideration 
(fermentation variability). 

After that, the scores for each batch processed at each experimental 
condition were plotted together. Investigating the score (Fig. 3) and 
loading plots (Supplementary Fig. S7), it is possible to obtain informa
tion about the process occurrence in each fermentation, the spectral 
region that changes, and the reproducibility of the experiments. It 
should be pointed out that the scores assumed a different range of values 
depending on the condition of fermentation and acquisition. 

First of all, depending on the pretreatment of the sample before the 
spectra acquisition, different behavior of the scores can be identified. In 
the case of sample mixing, a rapid increase with subsequent stabilization 
of the scores could be noticed. A similar trend was recognized for the 
lactobacilli and yeast growth during fermentation by Guzel-Seydim et al. 
[38]. A possible explanation is that when the sample is mixed before the 
spectra acquisition, the fermentation could be partially accelerated by 
inoculation of oxygen and the fermentation nucleus could spread over 
the samples. According to this, the plateau in the scores tendency is 
obtained when the sample is homogenously fermented. Within this 
frame, the identification of the end-point, despite the noisy tendencies, 
is still conducible to the scores behavior. The end-point could be identify 
when the curves reach a plateau structure. 

The spectra acquired directly without pretreatment showed a 
different trend. A possible reason for these trends could be identified in 
the changes in the jellification characteristics of the medium. If the 
fermentation is carried on without mixing, it starts near the grains, and it 

is observed that a viscous product is formed at the bottom of the beaker 
after some hours. The scores reflect the experiment observations by 
testing the effectiveness of the spectrometer to look into these kinds of 
changes. The spectra catch both physical and chemical information 
about the process. It could be interesting to note that spectra include not 
only process behavior but also information about the variability in 
spectra acquisition, as seen in the case of Fig. 3 c), where an outlier point 
could be detected at time 20 for batch #7. As the subsequent acquisi
tions of the same batch followed the typical trend for the experimen
tation conditions, an acquisition problem for the spectra at that time is 
assumable. 

In literature, the temperature was proven to influence the occurrence 
of the fermentation, the bacteria and yeast functioning, and grains 
growth [39], and it greatly influences also NIR spectra [40]. According 
to this, we could identify higher slope and lower reproducibility in the 
scores when the fermentation was conducted at 30 ◦C with respect to 
their counterpart at 25 ◦C. The variability across fermentation replicates 
was lower at 25 ◦C and without sample pretreatment. This could be due 
to two main facts: the main spectral differences at initial and final 
acquisition times that lead the principal component axis in the same 
direction and the easiness of experimental control at those conditions. 

Looking at the loadings, the main spectral changes occurred in 
common regions across conditions. Despite that, it could be stated that 
at 1822 nm and around 2200 nm the loadings of the spectra of the un
mixed sample are bigger in absolute value than for the homogenized 
samples resulting in differences at shoulders levels around 1780 nm 
(ethanol concentration) and 2030 and 2130 nm (O–H bonds). PCA 
models for control batches were calculated and no specific trends in the 
scores plot were identified other than a normal data distribution (results 
not shown). 

Overall, using these statistical analyses and visualization tools is 
powerful in evaluating each process’s singular tendency and obtaining a 
general look at the differences between replicates and conditions. The 
results of this statistical approach allow for better characterizing the 
differences in the spectra related to the different conditions of 
experimentation. 

It is worth noticing that principal component analysis aims to iden
tify the direction of maximum variance in the data under investigation, 
so here the maximum variance contained in each individual experiment 
is looked into. PCA represents a powerful instrument for feasibility 
studies, preliminary investigations and process understanding. The 
procedure aims to exploit information related to each experiment and it 
is particularly effective when the number of batches to study is limited. 
On the contrary, in a monitoring phase, a direct comparison of the scores 
obtained from the same decomposition (same PCA model) with common 
loadings is recommendable to estimate the effective variation between 
and within batches. Indeed, the comparisons obtained from distinctive 
models furnished insights on the experiments but did not allow to 
establish the typical behavior or the control limits for a control chart. 

Of particular interest was also the observation of different replicates 
obtained under the same conditions. It could be expected that, in 
fermentation processes the duration (in time) varies from batch to batch 
[41]. Within this research, the observation of pH values as standard 
reference show differences in fermentation time depending on the 
temperatures but not within batches conducted under the same 

Table 1 
Explained variance of principal components analysis models obtained for each fermentation process.  

BATCH ID PC1 (%) PC2 (%) Total variance explained BATCH ID PC1 (%) PC2 (%) Total variance explained 

1 91.71 3.67 95.38 4 91.76 3.28 95.04 
2 95.94 1.19 97.13 5 94.20 1.96 96.16 
3 90.39 3.41 93.80 6 84.97 6.72 91.69 
7 98.14 0.64 98.78 10 95.37 2.16 97.53 
8 88.92 3.57 92.49 11 99.04 0.39 99.43 
9 96.02 1.62 97.64 12 87.81 4.51 92.32  
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conditions. Indeed, apart from the variability of the scores within the 
same PC (vertical oscillations), that could be conducted to the experi
mental variance included in the data, the behavior of the scores ten
dency were substantially aligned. 

3.2.3. Dynamic modelling 
Considering the complexity of the kefir fermentation process that 

take place in different phases [33,42], an advisable approach could 
reside in using dynamic modeling that enhances and elucidates the de
tails of physical and chemical changes during the process occurrence 
instead of investigating the data as whole from the beginning to the end 
of their acquisition. Three approaches were applied for this kind of 
modeling. According to the dataset, the algorithms were slightly modi
fied to consider the replicates’ presence. Dataset A consisted of all the 
spectra acquired and disposed as a singular line of the matrix (170 × 74 
for each batch). Dataset B was constructed by considering each line of 
the matrix under investigation as the average spectrum of the five 
experimental replicates (34x74 each batch). Dataset C consists of the 

standard deviation calculated over the five experimental replicates at 
each time (34x74 each batch). 

3.2.3.1. Moving block standard deviation. As the spectral repeatability 
was proved to change over the process due to different contributing 
factors (physical and chemical changes), moving block standard devia
tion was studied. The outcome of the calculations on datasets A and B 
did not show a significant tendency or trajectory related to the 
fermentation process (results not shown). Different insights were 
achievable while evaluating the results for dataset C. The window w =
12 was chosen because of the immediacy in interpreting the results 
obtained. In Fig. 4, the moving block standard deviation is represented 
vs. the times of the process group for each type of sample pretreatment 
and temperature of the experiment. 

Observing the plots obtained for homogenized samples at 25 ◦C and 
30 ◦C, the trajectory related to the process occurrence is identifiable. The 
standard deviation values in the moving window decreased with 
different variability depending on the temperature. Chemical changes 

Fig. 3. –Resulting scores on the first principal component for PCA models conducted on each fermentation: a) batches conducted at 25 ◦C by mixing the samples 
before spectra acquisition, b) at 30 ◦C by mixing the sample before spectra acquisition c) at 25 ◦C by placing directly the beaker on the spectrometer window without 
stirring the sample d) at 30 ◦C by placing directly the beaker on the spectrometer window without stirring the sample. Plots are represented within different ranges of 
y values to allow the focus on the trends in each type of experiment more than the direct comparison of scores values. 

Fig. 4. –Moving block standard deviation over the fermentation process: a) 25 ◦C and pretreated samples, b) 30 ◦C and pretreated samples, c) 25 ◦C and samples 
without pretreatment, d) 30 ◦C and samples without pretreatment. The scale on the y axis is different for d) to allow the visualization of the anomalous batch. 
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and physical heterogeneity of the samples are caught, and the standard 
deviation over time is representative of the process occurrence. On the 
contrary, the plots associated with the spectral acquisition without a 
mixing step do not carry clear information on the process advancement. 
A likely reason for that could be attributed to the loss of information in 
the spectra related to physical changes. In other words, if the samples are 
not mixed, a layer of viscous product deposits on the bottom of the 
beaker right after the start of the fermentation preventing the spectra 
from being representative of the physical changes in the whole beaker. 
The repeatability of the results seems higher when the sample is pre
treated, and the temperature of fermentation is 30 ◦C. In addition, with 
this statistical tool, batch #8 and batch #11 resulted in anomalous 
tendencies with respect to the others obtained under the same fermen
tation and acquisition conditions. The control batches did not show 
significant tendency and reported values, on average, below the ones of 
the fermentations (results not shown). 

For monitoring purposes, results seem promising only in some 
experimental conditions. The different behaviors related to different 
conditions allow to prove the feasibility of fault detection. When the 
tendencies are identifiable, the standard deviation tends to a plateau, 
which could be considered the point at which no remarkable changes are 
captured by the spectra. The cross-reference with pH value allows to 
consider the stasis of the standard deviation along time as the endpoint 
of the fermentation. However, it must be taken into account that the 
exact criteria to apply when using MB-STD for endpoint detection must 
be bent to the production needs, limits, and specifications. 

An interesting comparison could be identified between these results 
and those from singular PCA models. PCA models enhance the process 
occurrence for pretreated batches better, while MB-STD stressed the 
process for samples without pretreatment. The intrinsic characteristics 
of the statistical tools seem to allow the enhancement of the fermenta
tion process based on different data characteristics. 

In PCA, the variance between spectra analyzed after being acquired 
at different times allows for identifying the differences between the 
starting and ending conditions. The difference between subsequent 
mean spectra is emphasized. 

MB-STD takes into consideration the evolution of the spectra stan
dard deviation. The main characteristic of this statistic is to allow the 
visualization of step-by-step changing in the spectra with no information 
on the spectral range interested in the modification. The benefit of this 
approach is that, depending on the window size, it allows to take into 
account the past and present conditions at each time step. Indeed, at 
each calculation, the information carried by the data is incorporated into 
that present in the previous steps to calculate their relationships in terms 
of standard deviation. Overall, this statistical approach allowed the 
identification of other spectral characteristics related to the changes 
during the fermentation and could furnish information about 
abnormalities. 

When evaluating this method for future monitoring, it is necessary to 
consider the need for choosing different parameters. Even though the 
most important parameter is the size of the window width (w) over 
which the calculation of the standard deviation is conducted, how to 
intend the matrix over which let the window slide (maintaining or 
averaging replicates) could also be important. The evaluation of these 
parameters is strictly related to the number of acquired times, the pro
cess duration, and the proper characteristics of the process under 
investigation. A suitable practice could consist of evaluating the inter
pretability of the results by trial and error and with the help of a plant 
expert. It must be noted that, in an industrial environment, a key aspect 
to consider could be the need and limits for punctual information 
(acquisition frequency, density, and granularity) and the possibilities for 
prompt intervention. Other than that, there are no possibilities for 
chemical or direct physical interpretation, while these could be 
considered a relevant step for considering corrective actions toward 
eventual faults. It is impossible to easily know what region of the spectra 
or effect is responsible for the changes in the moving standard deviation 

in each step. The possibilities are several: peak shifts, baseline shifts, and 
different chemical information. 

The simple univariate visualization could, under some conditions, 
allow determining the end-point of the process, and failures in the ho
mogenization system would show the loss of the monitoring informa
tion. An interesting output of these results is that the chemical and 
physical changes occurring during the fermentation are already sum
marized with only one index. The data dimensionality is reduced, and 
there is no need for excessive historical data to establish a typical process 
behavior (Normal Operating Conditions). Indeed, it is possible to iden
tify a limit of the value at which the fermentation could be completed. 
The need for further acquisition to construct a control chart is limited 
and could pave the way for immediate end-point identification and 
faults detection. Other historical data to consider as normal operation 
condition (NOC) batches could allow a more in-depth study of the 
process variability. 

3.2.3.2. Moving window – PCA. Typically, fermentation and batch 
bioprocesses occur through different phases according to the microbial 
growth [43] and dynamic modelling could represent a powerful tool to 
enhance the understanding of each phase and obtain a more sensitive 
monitoring system. The microbial growth is typically related to the pH 
values. As in the case of yogurt [29], three stages could be identified in 
the kefir fermentation by investigating the pH changes (Supplementary 
Fig. S8). Since it is not obvious to identify the same changes through the 
spectra of NIR miniaturized spectrometers and to interpret spectra 
changes occurring during different phases, moving window principal 
component analysis (MWPCA) was applied [29]. In this case, datasets A 
and C furnished confused results with no clear tendency. On the con
trary, different insights were achievable when applying MWPCA with a 
window size of 12 to dataset B (each line of the matrix is the average 
spectrum of the five experimental replicates). Different window sizes 
were tested for the different datasets, and the one selected was chosen 
since it allowed to achieve shapes for the dissimilarity index that could 
fit, according to the literature [29,39], with the process mechanism. 

After having determined the dissimilarity index by observing their 
trends, three phases were identified and validated based on pH values 
(above 5.2, between 5.2 and 4.6 and below 4.6). In particular, the three 
phases were identified with pH values tendencies in order to obtain a 
reference for their occurrence. Subsequently, the phases were identified 
along the dissimilarity index plot according to the time of fermentation 
occurrence. The loadings variances calculated for each phase were also 
obtained. The interpretation allows to identify the information con
tained in each phase as well as the validation of the phase distinction. 
For example, Fig. 5 represents the dissimilarity index of batch #2 and 
the corresponding loading variance on PC1 and PC2 identified from 
different phases. The PCA model constructed within the first time-width 
is considered as reference, so the corresponding loadings as p(0). Since 
the statistical tool allows interpretation, raw reflectance data were 
initially used. Subsequently, data were converted into pseudo- 
absorbance values using the formula: A = -log(R). In addition, both 
reflectance and pseudo-absorbance spectra were smoothed with the 
Savitzsky Golay filter (w = 7, p = 0, d = 0) to identify the peak in the 
loading variance better. As a noticeable result, the dissimilarity index 
trends showed more evident tendencies by using reflectance data, while 
modeling the absorbance data allowed for better peak identification and 
interpretation. 

By looking at the dissimilarity index, it is possible to state that the 
information did not lie only in one PC dimension since the trend over 
time could also be identified on PC2. The interpretation of the loadings 
variance in each phase permits learning about changes in the spectra 
that could be related to the kefir fermentation. For example, during 
phase 1, on PC 1, peaks at 1377, 1689, and 2207 emerged. All these 
changes could be attributed to the water hydration of charged structures 
and correspond to the existence of the liquid phase [29]. On the second 
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Principal Component, an intense loading peak at 1941 nm, another 
critical region for O–H bonds emerged during the same phase. Another 
interesting result is that during the second phase, colored in dark green, 
on PC1, the more evident information is related to scattering that could 
be identified by the high offset of the loadings variance. Some infor
mation related to the water peaks is also identifiable. The results could 
be ascribable to the tumultuous phase of the fermentation, which is the 
most influenced by the change of viscosity. A general result is that using 
the miniaturized NIR data and looking into the changes in water struc
tures makes it possible to gain insights into fermentations [44]. The 
chemical and physical changes that influence the spectra are more easily 
identified and separated by looking into the data with this tool, that do 
not assume the stationarity of the data. 

All the fermentations were analyzed. Depending on the fermentation 
and sample pretreatment conditions, the phases needed to be slightly 
changed in accordance with the different biological times of the pro
cesses [41]. Identifying a suitable time window and the phase intervals 
is a key aspect of the method and was not trivial, even due to the noisy 
dissimilarity curves obtained. After the parameters were set, different 
pretreatment conditions led to different dissimilarity index trends and 
interesting peaks when observing the loadings variance. In addition, a 
notable variability between fermentation replicates was obtained (data 
not shown). The calculation was possible for all batches, and the inter
pretation of the phases’ loadings could allow understanding if some
thing unexpected is occurring. For example, in Supplementary Figs. S9, 
S10, S11, the dissimilarity index and the loadings variance for some 
fermentation conducted under different conditions are reported. The 
dissimilarity indexes for control batches were also calculated. The time 
intervals were set as the once for the homogenized fermentations at the 
specific temperature. From the loadings variance only one peak emerged 
in all phases, 1424 nm at 25 ◦C and 1444 nm at 30 ◦C. 

In this context, MW-PCA allows the interpretation of data informa
tion, and it proved to be helpful for process understanding. It is worth 
mentioning that peak attribution could not be so immediate due to the 
broadness of NIR bands. For what concern process monitoring or end- 
point detection, MW-PCA seems promising, allowing for interpretation 
and calibration-free identification of the fermentation state. As the first 
phases at 30 ◦C resulted short in the dissimilarity index plots (Supple
mentary Figs. S9 and S11), one of the main characteristics of this method 

emerged. A high number of time samplings could be needed for a suit
able definition of the dissimilarity index and to gain reliable 
information. 

3.3. Paving the way for multivariate monitoring with process 
understanding: batches as array 

The 3D nature of the data acquired during experimentations was 
considered at this point. Data were unfolded into matrices in batch-wise 
and variable-wise directions (Supplementary Fig. S4). Typically, 
depending on the analysis goal, the unfolding type provides different 
information types. In batch-wise unfolding, the analysis focuses on the 
time-varying behavior over the batch duration, while in the variable- 
wise unfolding on the variable-wise changes. Camacho et al. widely 
discussed the advantages and disadvantages of the approaches [45]. 

3.3.1. Batch-wise unfolding 
PCA was carried out on batch-wise unfolded reflectance and pseudo- 

absorbance data. Since the typical variability within batches of the data 
collected in this study is one of the relevant variances to consider in the 
models the use of a specific signal preprocessing for batches alignment 
was excluded. Score plots with different combinations of PC (from PC1 
up to PC 4) were investigated and colored according to the temperature 
of the process and sample pretreatment. A total variance of about 92% 
was obtained both for reflectance and pseudo-absorbance data. PCA 
model on pseudo-absorbance data did not enhance any characteristic 
related to the conditions of process or acquisition. On the contrary, 
reflectance data distinguish between sample pretreatments. A possible 
explanation resides in the importance of the contributions to the spectra 
related to physical characteristics (mainly scattering) of the samples. 
PCA scores and loadings for reflectance data are reported in Fig. 6. 

Loadings interpretation is possible and provides information about 
the spectra modification over time for different acquisition conditions. 
Since each variable value is highly correlated to the nearest ones, the 
trends could seem repetitive and the information could be somehow 
redundant. It is unlikely to see a change in a variable that did not affect 
the neighbors in a similar way, as can be seen in Fig. 6 d. 

An interesting aspect of using this unfolding and a subsequent PCA 
resides in the fact that, at a glance, it is possible to identify 

Fig. 5. Results of MW-PCA on batch #2, conducted at 25 ◦C and acquired after sample pretreatment. Window width = 12 and phase indexes identified as 1-6, 7-17, 
18-22: a) dissimilarity index on PC1 and PC2 calculated for absorbance smoothed data, b) loading variance in the identified phases on PC1 (absorbance data), c) 
dissimilarity index on PC1 and PC2 calculated for reflectance smoothed data, d) loading variance in the identified phases on PC2 (absorbance data). The green planes 
show the indexes used to separate between phases. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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abnormalities. Indeed, any outlier could be immediately identified by 
using the influence plot constructed with a suitable number of principal 
components (here two, according to eigenvalues and cumulative vari
ance). As shown in Fig. 6 c, batch #11, which fell into the wrong group 
in the scores plot (Fig. 6 a), has a high Q residual, meaning that the 
fermentation profile caught by the spectra did not lie in the same vari
ance structure as the other batches. In this case, if a deep investigation of 
the condition is needed, a Q contribution plot could be used to clarify the 
spectral regions responsible for that. 

The advantage of this multivariate statistical tool is that an imme
diate and direct comparison of batches and their main differences are 
easily visualized and interpreted. Simple diagnostics could provide 
reasons for the differences. It could be handy for process understanding. 
After constructing a representative historical dataset, using the influence 
plot could be an effective tool for real-time process monitoring [45]. 

3.3.2. Variable-wise unfolding 
After the variable-wise unfolding, different latent variable models 

were applied to extract all the information contained in the data. 

3.3.2.1. PCA. First of all, PCA was applied. Scores and loadings are 
reported in Supplementary Fig. S12. Scores behavior was found to be 
really similar to that identified by PCA on individual Xi matrices. The 
advantage of this approach is the rapidity if more batches are included in 
the dataset and the possibility offered for direct comparison between 
scores trajectories for different batches. Indeed, by inspecting this 
Figure, insights are visible. The initial acquisition times are at negative 
values on PC1 for any fermentation. The scores values then increase 
progressively with different trajectories depending, first of all, on the 
sample pretreatment. An interesting aspect that emerged from scores 
visualization is the variability between the trajectories of different 

batches under the same conditions. Inspecting loadings allows for 
identifying the main common variable changes that characterize the 
process. Subsequently, as a test, control batches were included in the 
dataset and a new model was obtained and investigated. All the scores 
calculated fell at negative values with a normal distribution over time. 

PCA on variable-wise unfolded data is a powerful technique for 
process understanding, even if, compared to MW-PCA, for example, it 
did not capture any dynamical information. Before efficiently imple
menting this PAT for process monitoring, an essential step could be 
evaluating the common and distinctive variance [46] related to the in
strument [23,47] and the fermentation. The quantification and charac
terization of the uncertainty could be useful for developing ad hoc 
methods to remove or monitor even instrumental errors. 

3.3.2.2. PLS for pH prediction. After exploiting the information in the 
spectra from different perspectives, a crucial aspect is determining the 
correlation between spectra and a parameter that could relate to the 
fermentation end-point. Some preliminary investigations for real-time 
process monitoring through PLS models were conducted. A property 
to correlate with spectra data must be identified. Since typically the end- 
point determination depends on the pH values as well as has been pro
posed for continuous monitoring, the values registered during the 
fermentation were used as a maturity index. 

In the monitoring phase a fundamental aspect is determining what to 
intend as the normal operation conditions (NOC) and to assess the 
variability to include in the models. PLS models were calculated on the 
unfolded array composed by averaged spectra according to the different 
experimental conditions. Since the main goal of monitoring is to identify 
deviations from NOC, a global model including spectra from all the 
experimental condition was not considered here. For each PLS model 
leave-more-out (5 samples at time) Venetian Blind cross-validation was 

Fig. 6. Reflectance data. PCA batch-wise results: a) score plot colored by presence of sample pretreatment, b) loading plot with each variable ordered from time 1 to 
time 34, c) Influence plot derived from PCA with 2 PCs, d) zoom of the loading plot between 1415 and 1563 nm, and 1854 and 2118 nm. 
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performed and the number of latent variables was identified based on a 
good compromise between model complexity, and RMSEC, RMSECV, R2 

(CV) values. 
Firstly, as calibration set two batches out of three for each condition 

were used to construct models sensitive to temperature and sample 
pretreatment. The excluded batch was used to validate the respective 
model. Batch#11 was used as validation set for batches at 30 ◦C with 
pretreatment of the samples. It was identified as an outlier from multiple 
strategies indeed, even in this case high residuals (both in influence plots 
and prediction capabilities of the model) were obtained. This represents 
a good example to enhance the potential for process monitoring of this 
statistical strategy. 

Subsequently, depending on the sample pretreatment, four batches 
out of six were used to calibrate and two to validate (batch #11 was 
excluded to allow result comparison of the models’ capabilities). In the 
end, data acquired under the same temperature conditions were joint. In 
Table 2, the performances of the PLS models are summed up. 

Models with different complexities were obtained. The data inves
tigation carried out in the previous paragraphs made it possible to infer 
that several variabilities were included in the data (e.g., spectra repro
ducibility over time, fermentation replicates, and fermentation biolog
ical times); therefore, rather complex models (high number of latent 
variables) were obtained. The cross-validation error ranged from 0.32 to 
0.50, while the one in prediction was between 0.42 and 4.94. It is 
noticeable that the resulting errors obtained for homogenized batches 
are mostly higher than the errors for the unhomogenized batches. It is 
plausible that the introduction of an experimental step, namely the 
mixing process, increased the experimental variability present in the 
dataset, which subsequently manifested in the results of PLS models. The 
results obtained, even if preliminary, are promising under several per
spectives for end-point determination. It has to be noticed that better 
estimation of the models could be obtained with a larger dataset as the 
variability between and within the batches could be better calculated. 
Indeed, by looking at predicted vs. measured plots, the need for a more 
extensive calibration set to identify the suitable model complexity and 
parameters better emerged. An example of the results obtained is re
ported in Supplementary Fig. S13. In any case, these preliminary results 
are useful to understand that specific models can be obtained to deter
mine the end-point and monitor the process. In addition, from the re
sults, it seemed reasonable to infer that models robust to slight 
temperature variations could also be obtained. The results for the 
models obtained by aggregating calibration data from pretreated and 
not pretreated samples at the respective temperatures (two last rows in 
Table 2) enhance the difficulties in joining these datasets. 

In order to enhance the possibilities for monitoring, a PLS model was 
calibrated on all the spectra acquired with sample pretreatment. All the 
data acquired without stirring the samples were used as a validation set. 
The results obtained were RMSEC 0.38, RMSECV 0.43, RMSEP 1.29, 
R2(CV) 0.609 and R2(Pred) 0.003 with 6 LVs. The inspection of the 

influence plot (Fig. 7) showed how faults in the homogenization system 
of the batches could be identified. Indeed, the test set mainly fell outside 
the T2 and Q limits (identified with α = 95 %), showing that those 
spectra did not follow the same covariance structure of the calibration 
set. Obviously, for monitoring as well as for effective end-point detec
tion, a more extensive historical dataset would be needed to obtain 
implementable models. 

4. Conclusions 

A methodological approach has been proposed for evaluating mini
aturized NIR spectrometers as PAT. Within this frame, after defining an 
acquisition strategy, it could be fundamental to understand what in
formation is present in the data and to what extent it is available. The 
research provides results that could be used as a starting point for further 
implementations. In addition, an overview of the drawbacks and po
tentialities of statistical tools that are extensively used for benchtop 
instrumentation when there are limitations related to the different 
quality of data has been conducted. 

This study proved the need for a combination of different multivar
iate statistical tools to exploit the information in NIR spectra acquired 
during a fermentation process. The complexity of the signals has been 
demystified through different perspectives enhancing the need for 
careful evaluation of miniaturized NIR data that could need a non- 
straightforward perspective. From the point of view of process under
standing, each statistical technique brought out useful information 
regarding the process conditions. 

Physical and chemical variations occurring in different phases of the 
process were identified, as well as differences under distinct process 
conditions were picked out. Homogenization of the fermentation could 
influence significantly the process and the spectra acquisition. Inter
esting insights about kefir transformation were also obtained: the main 
peaks and characteristics of spectra through the whole fermentation and 
different fermentation phases were identified. The influences of 
different temperatures were looked into for fermentations and spectra. It 
was found that higher temperatures increase the rate of the fermentation 
and that the information was contained also into the spectra. In the end, 
miniaturized NIR spectra were effectively demonstrated to include 
interesting information about kefir fermentation that allow to consid
ered changes in the process conditions. 

The monitoring perspective for abnormalities identification and end- 
point detection was considered. All the statistical tools allowed to 

Table 2 
Results for PLS models using different calibration and validation sets. NOC =
normal operation conditions.  

Data considered 
as NOC 

#n of 
LVs 

RMSEC RMSECV RMSEP R∧2 
(CV) 

R∧2 
(Pred) 

Pretreated 
T = 25 ◦C 

3 0.4 0.50 0.42 0.559 0.731 

Pretreated 
T = 30 ◦C 

6 0.26 0.37 4.94 0.739 0.151 

No pretreatment 
T = 25 ◦C 

4 0.27 0.32 0.72 0.747 0.589 

No pretreatment 
T = 30 ◦C 

5 0.22 0.39 0.56 0.710 0.532 

Pretreated 6 0.32 0.43 0.78 0.630 0.580 
No pretreatment 6 0.31 0.36 0.45 0.713 0.641 
T = 25 ◦C 7 0.43 0.51 0.76 0.422 0.087 
T = 30 ◦C 6 0.39 0.47 2.57 0.581 0.346  

Fig. 7. Influence plot resulting from PLS variable-wise calibrated on batches 
from #1 to #6 and validated with batches from #7 to #12. 
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enhance some features related to the process and to understand the 
difficulties as, for instance, related to the heterogeneity of the medium. 
The potentialities from coupling NIR spectra and statistical tools were 
tested and proved. 
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