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Abstract: The pharmaceutical industry has witnessed exponential growth in production
volumes, driven by factors such as an aging global population and the COVID-19 pandemic.
To meet the demand for high product quality alongside increased productivity, there is a
growing emphasis on developing innovative Fermentation Analytical Technology (FAT)
and Process Analytical Technology (PAT) tools for real-time performance monitoring,
modeling, measurement, and control. Building on our earlier work involving in-line
monitoring of Bordetella pertussis fermentations using fluorescence spectroscopy, this review
explores and compares the applications of vibrational and fluorescence spectroscopy for
real-time bioprocess monitoring. We examine recent technological advancements and
ongoing challenges in the field. Various spectroscopic techniques are evaluated in terms of
cost-effectiveness and practical applicability, with a particular focus on in-line spectroscopy
as a promising, low-cost solution for effective bioprocess monitoring.

Keywords: real-time monitoring; bioprocessing; spectroscopy

1. Introduction
On-line monitoring of bioprocesses has become increasingly important in recent years

as a means of improving process control and product quality. With the establishment
of PAT initiatives [1] for innovative pharmaceutical development, manufacturing, and
quality assurance, on-line monitoring of bioprocesses is becoming crucial for meeting
regulatory requirements [2]. PAT initiatives include real-time monitoring, data collection
and analysis, and process control. New technologies have brought about significant changes
in the field of bioprocess monitoring, particularly related to spectroscopic monitoring
techniques such as vibrational [3], UV/Visible [4], and fluorescence spectroscopy [5]. These
techniques allow real-time monitoring of bioprocesses, enabling researchers and industry
practitioners to gain a deeper understanding of the processes and optimize them for
maximum efficiency and productivity. However, each of these techniques have associated
advantages and limitations that must be considered for matching a particular technique to
a specific application. For example, while these techniques generally provide a correlation
between the spectra and a particular process variable, these correlations are not universal
and thus new calibration is required for each particular application [6].
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From the analytical viewpoint, real-time monitoring of bioprocess variables other
than pH, temperature, and dissolved oxygen is very challenging. For example, real-time
measurements of product titer and protein concentration are still challenging, generally
requiring off-line analysis. Furthermore, most bioprocesses are operated in a sterile control
volume containing complex media involving a complex mixture of different biochemicals
occurring in different quantities. While some of these biochemicals may occur in very small
quantities, they may have a large effect on the outcome of the process. Hence, this is a
strong motivation for on-line monitoring of these biochemicals without compromising the
bioprocess operation. Hence, to be considered for on-line monitoring, the measurement
technique must be sterile, non-invasive, and sensitive enough to measure one or more
variables in a single run [7]. Optical and spectroscopic sensors that meet these criteria,
include UV [4], mid- and near-infrared [8], Raman [9], and fluorescence [5] spectroscopy.
These sensors can be paired with optical probes for on-line implementations.

Raw spectra obtained using spectroscopic methods typically contain noise and are
multi-dimensional. Noise in spectra obtained from these methods must be addressed in
order to obtain meaningful results. It is a common practise to capture and average multiple
spectra to reduce the noise. Furthermore, collinearity in spectroscopic data is pervasive,
thus increasing the sensitivity to noise of regression models based on spectra. To address
this, different data pre-processing and filtering algorithms must be applied [10]. Various
chemometric algorithms such as principal component analysis (PCA) [11], partial least
squares (PLS) [12], multi-variate curve resolution (MCR) [13], and artificial neural networks
(ANNs) [14] are used along with data pre-processing methods [15]. These methods can also
be coupled with mathematical/statistical models to create hybrid models which can be used
in process monitoring [16]. In recent years, artificial intelligence has revolutionized the field
of process monitoring, owing to its ability to extract intricate nonlinear patterns from large
datasets [17]. Within the particular area of pharmaceutical bioprocessing, development of
soft sensors using deep learning has shown promising results in enhancing the accuracy
and robustness of process monitoring systems [18–20].

Each of the spectra-based techniques available for on-line monitoring of bioprocesses
have specific advantages and limitations that will determine the choice of a specific sensor
for a particular application. For example, UV/Visible spectroscopy is a widely used tech-
nique for the determination of the concentration of substances in a sample, thus making it
useful for tracking the progress of a bioprocess in real-time. However, it is less sensitive and
less selective compared to vibrational spectroscopy [21]. Vibrational spectroscopy provides
more detailed information on the chemical structure of a substance, but it comes with
inherent complexities such as extensive sample preparation, expensive instrumentation,
lower sensitivity for measuring analytes with low concentrations, and overlapping spectra
for complex biological samples [22]. Fluorescence spectroscopy overcomes some of the
limitations of vibrational spectroscopy as it is highly sensitive, non-invasive, and can be
used to monitor a wide range of bio-molecules, including proteins, nucleic acids, lipids,
and small molecules in real time. On the other hand, fluorescence spectroscopy can only
detect molecules that exhibit intrinsic fluorescence, limiting its applicability to certain
types of bio-molecules. Background fluorescence, photo-bleaching, sample turbidity, and
sample pH are other factors that can affect the accuracy and precision of fluorescence
measurements [23].

In this work, we examine the various spectroscopic techniques and their applications
in bioprocess monitoring, as well as the challenges that must be overcome to fully realize
the potential of these techniques. While the methods discussed in this paper are being
widely applied, their application for real-time monitoring is still limited and overall reviews
and critical comparisons of these methods are lacking. Thus, this review paper fills these
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knowledge gaps by providing an overview of the current state of the field and will serve as
a valuable resource for researchers and industry practitioners working on developing in
situ bioprocess monitoring systems using spectra-based sensors.

2. Real-Time Monitoring Methods
Due to the dynamic and variable nature of bioprocesses, their effective monitoring

and control are essential to ensure optimal productivity, product quality, and resource
efficiency [24]. Real-time monitoring involves the use of various sensing technologies,
analytical instruments, and data acquisition systems to collect information directly from
the bioprocess as it unfolds, without the need for intermittent sampling or off-line analysis.
Currently, temperature, agitation & aeration and dissolved oxygen concentration (DO) and
pH are standard real-time measurements in fermentation processes. In contrast, offline
monitoring of key bioprocess parameters such as biomass, substrate concentration and
product titer are mainly done off-line. In contrast, monitoring of key bioprocess parameters
such as biomass, substrate concentration, and product titer is mostly carried out off-line [25].

Real-time monitoring, shown schematically in Figure 1, can be further divided into
three main categories:

• In-line monitoring;
• On-line monitoring;
• At-line monitoring.

(a) In-line (in situ) monitoring (b) On-line monitoring

Figure 1. Applications of different vibrational and fluorescence spectroscopy methods for real-time
monitoring of bioprocesses.

In-line monitoring refers to real-time measurement and analysis of process parameters
that is conducted directly within the bioprocess stream, without disrupting or removing
samples from the process. Generally, for in-line monitoring, a non-invasive optical probe
is inserted in the bioreactor for data acquisition. In-line process analytics typically occur
continuously whereby automatic measurements are repeatedly conducted for the duration
of the operation. Hence, decisions and possible corrective actions can be automated
based on the measurement data collected. On-line monitoring refers to measurements
that are acquired through a built-in flow cell or “bypass” where further analysis takes
place [26]. After analysis is completed, the sample is eventually recirculated back to the
process vessel while ensuring that the flow cell remains sterile and that the sample is not
contaminated. The design of the flow cell must also take into account factors such as flow
rate, path length, and cell volume [24,26]. This method is employed when the measuring
device cannot endure the harsh conditions present in the actual process vessel, such as
high pressures or temperatures. In these scenarios, on-line measurement setups allow
for continuous measurement, albeit with the caveat that the samples may not precisely
replicate the conditions of the main process. On-line measurements also permit the use of
measurement techniques that are impractical for in-line variants. For instance, reagents
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can be automatically added to the sample for analysis. Since these reagents must not be
in direct contact with the final product, in-line measurement with reagents is typically
unfeasible. At-line monitoring refers to measurement and analysis of process parameters
using samples that are temporarily withdrawn from the bioprocess stream but are analyzed
nearby or in close proximity to the process location [26].

3. Principles of Vibrational and Fluorescence Spectroscopy
Technological developments in optics and spectroscopy have led to the refinement

and widespread adoption of spectroscopic methods for monitoring various aspects of
bioprocesses, including cell growth, metabolism, product formation, and quality control.
Spectroscopic methods can be obtained in real-time, they are non-invasive, and they
exhibit multi-parametric analysis capabilities. In this section, we outline the principles of
vibrational and fluorescence spectroscopy. While a comprehensive theoretical exploration
of vibrational and fluorescence spectroscopy is beyond the scope of this review, this section
briefly outlines relevant theoretical concepts as background for the subsequent discussion
of applications.

Vibrational spectroscopy is a method used to analyze the chemical and physical
properties of a sample by measuring its absorption or emission of infrared energy [27].
This approach is based on the principle that a molecule’s energy is quantized into levels
corresponding to its vibrational modes, allowing molecules to absorb infrared radiation at
frequencies specific to the vibrational energies of molecular bonds [3]. When a molecule
absorbs infrared radiation, it transitions between vibrational states, causing a change in its
dipole moment. The frequency of this absorbed radiation correlates with the molecule’s
vibrational frequency, which is determined by the bond’s force constant and the mass of
the vibrating atoms [28]. This relationship is given by the following equation:

ν =
1

2π

√
k
µ

(1)

where ν is the vibrational frequency, k is the force constant of the bond, and µ is the reduced
mass of the molecule. The reduced mass µ, which accounts for both atoms involved in the
vibration, is defined as follows:

µ =
m1m2

m1 + m2
(2)

where m1 and m2 are the masses of the two atoms involved in the vibration. In addition
to the frequency, the intensity of the absorption is also affected by several experimental
conditions, including the temperature and concentration of the sample, the path length of
the radiation through the sample, and the orientation of the molecule with respect to the
electric field of the radiation [29].

The energy of a molecule can be determined by measuring the absorption of energy
at frequencies corresponding to its vibrational modes, primarily using infrared (IR) and
Raman spectroscopy. In IR spectroscopy, a substance is exposed to infrared light, and the
resulting absorption spectrum is recorded to identify chemical composition, as different
bonds absorb at specific wavelengths [28,29]. The absorption spectrum is typically dis-
played as transmittance (T) or absorbance (A) versus the wavelength λ of the IR radiation.
Using the Beer–Lambert Law, absorbance (A) relates to the concentration of absorbing
species and the path length of radiation through the sample:

A = ε ∗ c ∗ l (3)
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where A is the absorbance, ε is the molar absorptivity (a constant that depends on the
compound being analyzed), c is the concentration of the compound, and l is the path-length
of the radiation through the sample.

Alternatively, instead of absorption, photons reaching the sample may scatter upon
collision with atoms, resulting in Stokes (lower-frequency) or anti-Stokes (higher-frequency)
Raman scattering [30]. This phenomenon, which produces a unique spectrum, can be used
to identify a molecule’s vibrational modes. The Raman shift, indicating frequency changes
in scattered light, provides molecular structure information. Raman scattered light intensity
is proportional to the number of molecules, aiding in concentration measurement [31]. The
Raman scattering cross-section σ, indicating the likelihood of photon scattering, gives the
Raman intensity I as follows:

I = σ ∗ N ∗ I0 (4)

where N is the number of molecules in the sample and I0 is the intensity of the incident
light. The Raman scattering cross-section is generally much smaller than the absorption
cross-section, making Raman spectroscopy less sensitive than techniques like UV/Vis and
IR spectroscopy. However, the Raman shift is unique for each chemical bond, enabling the
identification of specific functional groups within a molecule. The Raman spectrum, repre-
sented by scattered light intensity as a function of wavelength, reveals various vibrational
modes as each mode scatters light at different wavelengths.

Fluorescence occurs when electrons in their excited singlet states pair with a second
electron of opposite spin in the ground state [32]. This phenomenon occurs rapidly (emission
rates of 108 per second) with a lifetime on the order of nanoseconds. Fluorescence usually
results from aromatic rings present in the compounds and thus it can be used for quantifying
species involving such structures, e.g., NADPH and amino acids such as tryptophan, tyro-
sine, and phenyl-alanine. Since the data obtained from NIR, Raman, or fluorescence are in
the form of spectra, various chemometric methods that can extract statistically significant
information from spectra can be utilized [27]. Figure 2 illustrates simplified energy diagrams
depicting the energy transitions of infrared (IR), Raman, and fluorescence. In IR spectroscopy,
molecules absorb infrared radiation, causing transitions between vibrational energy levels
due to changes in dipole moments. Conversely, Raman spectroscopy involves the scattering
of incident photons, where molecules transition to virtual energy states before returning
to vibrationally excited states (Stokes scattering) or lower-energy states (anti-Stokes scatter-
ing), characterized by changes in polarizability. Fluorescence spectroscopy shows electronic
excitation of molecules to higher energy levels, followed by emission of photons at longer
wavelengths as molecules relax to their ground states.

(a) Energy diagram for IR and RAMAN scattering. (b) Energy diagram for fluorescence emission.

Figure 2. Simplified illustration of molecular energy transitions in spectroscopy. (a) shows IR
absorption as transitions between vibrational states and Raman scattering via virtual states, with
Stokes and anti-Stokes shifts. (b) shows energy diagram for fluorescence, where a molecule absorbs
light and transitions to an excited electronic state, similar to UV/Vis absorbance, and emits light
while returning to the ground state. IR and Raman explore vibrational properties, while fluorescence
involves electronic states, offering complementary molecular insights.
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4. Applications
This section presents a summary of the utilization of different spectroscopic monitoring

techniques in bioprocesses, encompassing real-time (both in-line and at-line) implemen-
tations. In exploring the applications of vibrational and fluorescence spectroscopy in
bioprocess monitoring, it is essential to acknowledge not only their remarkable usefulness
but also their inherent limitations. While these spectroscopic methods offer insights into the
intricacies of biological systems, their effectiveness can be constrained by various factors
discussed in the following sections.

4.1. UV/Visible Spectroscopy Applications

In-line monitoring of bioprocesses with UV/Vis spectroscopy has been widely applied
mainly because it is a non-destructive and non-invasive technique that allows for real-
time analysis of samples without the need for sample preparation or extraction. UV/Vis
spectroscopy is useful for quantifying proteins and other aromatic rings containing amino
acids, i.e., tyrosine, tryptophan, and phenyl-alanine, which typically absorb light at around
280 nm. It is also a well-established method for assessing biomass because cell suspension
turbidity correlates well with cell. UV/Vis spectroscopy is well suited for direct moni-
toring of biomass concentration, coenzymes like NADH/NADPH, aromatic amino acids,
derivatization reactions, and certain organic acids in bioreactors [33].

For example, ref. [34] used UV/Vis spectroscopy for in-line monitoring of color and
total phenolics in wine fermentations. Multiple LED diodes along with a 100 µm path-
length flow cell attached to the spectrometer were used to record UV/Vis absorption spectra
from undiluted samples. Optical measurements could be made for undiluted samples only
if a short optical path length (less than 1 mm) was used. In [34], it was confirmed that the
LED phenolic sensor measurements strongly correlated with measurements performed
with a reference UV/Vis spectrophotometer and that in-line measurements could be made
in a practical manner after removal of yeast and pulp with a 2.0 µm filter. In [35], the authors
used UV/Vis spectroscopy for detection and estimation of the cell density and viability
of CHO cells. An industrial optical immersion probe attached to an ultraviolet/visible
(UV/Vis) spectrometer was used for in-line monitoring of cell cultures. Chemometric
methods such as PLS regression and multivariate curve resolution (MCR) methods were
used for analyzing the spectra. With this approach, the authors were able to continuously
monitor cell viability solely based on a UV/VIS sensor. In [36], the authors were able to
monitor the laccase-catalyzed transformation of indigo carmine (IC). UV/Vis spectroscopy
was combined with MCR to recover information from the spectral data. The results
suggested that the combined use of UV/Visible spectroscopy and MCR can be used to
uncover unexpectedly deep mechanistic evidence otherwise buried in experimental data.
Indirect enzymatic assays or derivatization methods are standard approaches to measure
these compounds via UV/Vis spectroscopy. Table 1 summarizes the bioprocess systems,
monitoring methods, and applications of UV/Vis spectroscopy for in-line monitoring of
bioprocesses found in the literature. Overall, most of the applications utilized UV/Vis
spectroscopy combined with chemometric models for state variable prediction.
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Table 1. Applications of UV/Vis and NIR spectroscopy for real-time monitoring of bioprocesses.

Fermentation System Application Monitoring Method Multivariate Analysis Method References

Fermentation of red wine in a 200 L batch fermentor Measurement and monitoring of color and total phenolics On-line, UV/Vis Multi-Variate
Linear Regression [34]

Mammalian cells cultivated in 250 mL Erlenmeyer flasks Monitoring and detection of cell density and cell viability In-line, UV/Vis PLS, MCR [35]

Fed-batch bioreactor cultivation of high-cell-density
Escherichia coli in 3.7 L bioreactor Monitoring of total cell density or biomass concentration In-line, UV/Vis Non-Linear Regression [37]

The laccase-catalysed transformation of indigo
carmine (IC)

Monitoring of the final product (Isatin-5-sulfonic acid) in an
enzyme catalysed reaction In-line, UV/Vis MCR [36]

Pichia Pastoris batch fermentations in 15 L bioreactor Monitoring of biomass and glycerol In-line, NIR PLS [38]

Chinese hamster ovary cell cultivation in fed-batch mode
in 20, 100, 1000, and 5000 L bioreactors Monitoring of biomass, cell viability, and glucose concentration In-line, NIR PCA, PLS [39]

Gluconacetobacter Xylinus fermentations in a 15 L
(10 L working volume) batch reactor Prediction of fructose, acetate, and gluconacetan In-line, MIR PLS [40]

Pichia Pastoris fed-batch fermentations carried out in 2 L
batch reactors Monitoring and control of methanol feed On-line, MIR - [41]

Monoclonal antibodies (mAbs) IgG2 derived
from Chinese hamster ovary (CHO) cell cultures
used at in nanofiltration downstream
bioprocessing purification sequence

Process parameters such as
in ultrafiltration/diafiltration (UFDF) In-line, MIR One-Point Calibration

Algorithm [42]

Fed-batch fermentation (12,500 L) of mammalian chinese hamster
ovary (CHO) cells producing monoclonal antibody

Different cell culture parameters such as osmolality,
glucose concentration, product titer, packed cell
volume (PCV), integrated viable packed cell volume,
viable cell density, and integrated viable cell count
were monitored and predicted in-line

In-line, NIR PCA, PLS [43]

Fed-batch fermentation of tryptophan-producing E. coli
in a 4.2 L fermentor

Monitoring of bioprocess parameters such as biomass,
tryptophan, phosphate, glucose, and acetate during
a representative cultivation

In-line, NIR PCA, Forward Selection
Procedure, PLS [44]

Fermentation of Gluconacetobacter xylinus fed-batch cultures in
a 15 L bioreactor with a working volume of 10.1 L

Monitoring and control of different batch parameters of
Gluconacetobacter xylinuscultures such as fructose,
ethanol, acetate, gluconacetan, ammonium, and phosphate
concentrations

In-line, NIR PLS [45]

Baker’s yeast fermentation in a 1 L batch fermentor Monitoring of ethanol and glucose concentrations in
the batch fermentation On-line, MIR PLS [46]

Fed-batch cultivation of Starmerella bombicola in a 2 L fermentor Real-time monitoring of substrate consumption and
biosurfactant production (sophorolipids) In-line, MIR MCR [47]
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Cost, Accuracy, and Limitations of UV/Vis

UV/Vis spectroscopy offers a simple, real-time analytical method for in situ monitor-
ing of critical parameters within bioreactors. UV/Vis equipment can be up to half the cost of
more complex systems like MIR or Raman spectroscopy. It is relatively affordable because
it uses simpler optics and calibration methods, making it suitable for basic monitoring
tasks [48]. Its low-cost equipment makes it accessible; however, it lacks the structural detail
provided by IR or Raman spectroscopy. Its utility is therefore more limited to less complex
monitoring needs. The accuracy of UV/Vis spectroscopy in real-time bioreactor monitoring
typically ranges between ±3% and ±20% of full scale, with variability depending on the
specific analyte, environmental conditions, and bioreactor setup. For biomass concentration
measurements, UV/Vis sensors can achieve an accuracy of approximately ±3% to ±8%
of full scale, especially when enhanced with chemometric analysis to reduce background
interference [49]. The authors of [37] used photon density wave (PDW) spectroscopy, a spe-
cial case of UV/Vis for the real-time biomass monitoring of Escherichia coli high-cell-density
cultivations. Measurements were compared with a commercial turbidity probe and off-line
OD and CDW measurements, achieving accurate (R2 = 0.96) cell dry weight predictions
and detecting faulty process trends such as overfeeding and acetate accumulation.

For product titer monitoring, UV/Vis spectroscopy was found useful for detecting
aromatic amino acids which absorb strongly at around 280 nm. This makes it suitable
for protein purification in chromatography [50]. However, its effectiveness is limited for
proteins with fewer aromatic rings and compounds like glycerol or methanol that lack
chromophores. UV/Vis spectroscopy can also be sensitive to environmental changes and
light-absorbing impurities, affecting measurement accuracy [51]. Additionally, UV/Vis is
less selective, as it only measures absorbance at specific wavelengths without providing
chemical structure information. In fermentation broths, distinguishing between different
absorbing species is challenging due to overlapping spectra, and without additional data
such as retention time or complementary spectral information, identifying and quantifying
individual compounds is difficult. Components like phenol red in culture media can
further interfere with UV/Vis readings, necessitating complex data analysis techniques for
correction [52].

4.2. Applications of Infrared Spectroscopy

Infrared (IR) spectroscopy has emerged as a potent analytical tool for the analysis of
mixtures of organic compounds such as the ones used in bioprocesses. Unlike UV/Vis, IR
spectroscopy is more effective because it has unique characteristic vibrational frequencies
for different metabolites in the IR range, enabling direct detection. Furthermore, it is
non-invasive, thus allowing for real-time monitoring without any time delays or disruption
to the bioprocess. Consequently, IR spectroscopy has found extensive application in in-line
bioprocess monitoring. Based on the spectral range and monitoring application, infrared
spectroscopy can be further classified into near-infrared (NIR) and mid-infrared range
(MIR). MIR spectroscopy is more sensitive compared to NIR spectroscopy due to its ability
to target fundamental vibrational transitions, which produce stronger and more distinct
absorption bands [53]. It can excite specific vibrational modes in different compounds, and
each compound produces a unique spectral signal. Compared to NIR, MIR spectroscopy
experiences less scattering in various media resulting in improved signal quality and a
higher signal-to-noise ratio. On the other hand, NIR devices are known for their stability
against interference and are more cost-effective to implement as compared to MIR [27].

In [38], the authors investigated the feasibility of using near-infrared spectroscopy
(NIRS) in situ combined with a metabolic flux model to provide real-time insights into
metabolic responses in bioreactors. Pichia pastoris was used as a model system to show that



Spectrosc. J. 2025, 3, 12 9 of 24

NIRS measurements can be used as inputs for metabolic flux analysis models, where the
latter were used for the optimization of cell metabolism in real-time. The results showed
that the combination of on-line NIRS and PLS regression provided accurate predictions of
biomass and glycerol with a precision equivalent to that obtained by off-line measurements.
In [39], operations at different scales ranging from a shake flask (1 L) through 20 L, 100 L,
and 1000 L up to 5000 L in bioreactor volume level were monitored with on-line NIR
spectroscopy. The magnitude of the prediction error depended on the cultivation phase,
with an average error of 4.18 mM on a 29 mM concentration range for all five runs in the
prediction set, based on the combined 20 L and 100 L data. In the batch phase, the glucose
consumption was highly correlated with biomass growth and prediction accuracy was high
but for the fed-batch phase, when the glucose concentration was low and uncorrelated
with biomass growth, the prediction accuracy was lower. In [54], the authors demonstrated
the use of NIR spectroscopy for in-line monitoring of biomass, penicillin (PEN), and
phenoxyacetic acid (POX) in a Penicillium chrysogenum fed-batch fermentation process.
Spectra were acquired through the glass wall of the bioreactor, significantly reducing
contamination risks and eliminating the need for immersion probes. Biomass predictions
were highly accurate, with an RMSE of 9.8% of full scale, while penicillin (PEN) and
phenoxyacetic acid (POX) showed errors of 18.0% and 15.9% of full scale, respectively.

In [40], MIR spectroscopy was used for in-line monitoring of 15 L G. xylinus bacterial
fermentations. An ATR probe was inserted into the bioreactor through a standard DN
25 port. The geometric settings of the probe were kept constant to minimize spectral
changes. Six scans per hour were performed with a resolution of 8 cm−1, in the range
of 400–4000 cm−1. For analysis, the acquired spectral MIR data were mean centered and
PLS regression was utilized for the monitoring of fructose, acetate, and gluconacetan
concentrations in the broth. The model’s prediction errors, as a percentage of the full
scale, showed high accuracy for most state variables. Fructose and phosphate had errors
of 6.94% and 5.63%, respectively, while ethanol and acetate were particularly accurate,
with errors of 1.14% and 0.67%. Ammonium showed a low error of 1.47%. However,
gluconacetan exhibited a higher error at 22.3%, likely due to spectral overlap and low
absorbance. Overall, the model provided reliable real-time monitoring, with the excep-
tion of some limitations for gluconacetan. The authors of [42] used MIR spectroscopy
for the prediction of protein concentrations during an ultra-filtration/diafiltration (UFDF)
step of monoclonal antibody extraction. Protein peaks were observed in the regions of
1450–1580 cm−1 and 1600–1700 cm−1 for amide II and amide I peaks, respectively. The
coefficient of determination (R2), which is a measure of prediction accuracy of protein
concentration, was reported to be 0.995 for protein concentration. At higher concentrations,
however, authors reported prominent variations between in-line and off-line measurements
of different batches. In [47], authors used a mid-infrared (MIR) U-bent fibre-optic sensor for
real-time bioprocess monitoring during sophorolipid production via Starmerella bombicola
fermentation. This sensor is a low-cost alternative to conventional ATR-FTIR spectroscopy
since it uses fiber optics instead of expensive ATR crystals, thus enabling direct in situ
monitoring. The MIR fibre-optic sensor showed less than 5% error for sophorolipid concen-
trations up to 80 g/L, but saturation increased errors to 10–15% at higher levels. Glucose
monitoring had less than 5% error below 40 g/L, rising to 7–10% due to overestimation at
higher concentrations. The sensor accurately distinguished lactonic vs. acidic sophorolipids
with 5–8% error. The authors concluded that further calibration and signal processing could
enhance accuracy, especially at higher concentrations. Advances in the use of infrared
spectroscopy, along with the strategies utilized for on-line monitoring are summarized in
Table 1.
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Cost, Accuracy, and Limitations of Infrared Spectroscopy

Infrared (IR) spectroscopy has gained significant attention in recent years for its poten-
tial in in-line monitoring and control of bioprocesses. It is a non-invasive method which
can be used for rapid in-line spectra acquisition, which is important as the concentration
of metabolites and proteins can change very fast in fermentation broth. However, while
infrared (IR) spectroscopy offers numerous benefits for in-line monitoring of bioprocesses,
several limitations must be considered when implementing this technique. Unlike specific
dyes or reactions that yield unique UV/Vis signals, IR absorbance arises from bond vibra-
tions shared across many molecules. Therefore, even though the IR spectrum is unique for
glucose, glutamate, amino acids, and other metabolites, it may also overlap with signals
from other molecules, necessitating calibration models to infer exact concentrations [55].

NIR systems are generally four times as costly as standard UV spectrophotometers,
while more advanced hyperspectral systems with InGaAs or HgCdTe detectors (needed for
higher wavelength ranges up to 2500 nm) can escalate further in cost [56]. Compared to
traditional wet chemistry or MIR, NIR is cost-effective due to reduced operational needs,
though initial equipment investments remain high. NIR exhibits limited sensitivity for
compounds present at concentrations below 0.1 percent [41]. Moreover, NIR exhibits height-
ened absorbance in aqueous solutions, resulting in broader peaks in NIR spectra, which can
reduce the accuracy for detecting compounds present at low concentrations [57]. MIR spec-
troscopy has also been successfully applied in bioprocesses to measure various substances
such as glucose, lactate, fructose, ammonia, acetic acid, and antibodies with measured
values within the acceptable ranges (10–15%) when compared to off-line measurements.

The NIR region (800–2500 nm) provides greater penetration depth and non-destructive,
rapid analysis capabilities, while MIR (2500–25,000 nm) offers more detailed chemical
information but with limitations in penetration and a higher sensitivity to water interference.
While MIR can detect and differentiate between metabolites by their unique absorbance
peaks, the clarity and immediacy of the detection depend on the concentration, the sample
composition, and the setup’s sensitivity. A key drawback of MIR is that the background
solvent must be transparent within the spectral region of interest [54]. Akin to NIR, MIR
experiences increased absorbance in aqueous solutions, leading to challenges in detecting
trace compounds. Additionally, MIR equipment necessitates substantial data for model
calibration [39]. MIR spectroscopy often suffers from low penetration depths, which limits
its ability to analyze dense or opaque samples without additional preparation. In [25],
authors highlighted that higher penetration is crucial in flow cell-based measurements,
which is a common setup in at-line monitoring methods.

4.3. Raman Spectroscopy

Raman spectroscopy stands out as a powerful spectroscopic technique suitable for on-
line monitoring purposes. Like NIR and MIR, Raman provides molecular-level information
about compounds by probing vibrational modes of molecules and its spectra are unique
for specific metabolites. While infrared spectroscopy relies on overtone and combined
band absorption of light, Raman depends on inelastic scattering of monochromatic light. In
contrast to near-infrared (NIR) and mid-infrared (MIR) spectroscopy, Raman spectroscopy
exhibits lower absorbance for polar molecules like water, making it particularly well suited
for analysis in aqueous environments and thus a prime candidate for PAT applications
in the pharmaceutical industry [58]. Being a non-destructive and non-invasive method,
Raman spectroscopy allows for repeated measurements on the same sample, providing
insights into process dynamics over time. Its chemical specificity facilitates the identification
and quantification of various compounds present in the bioprocess, including metabolites,
nutrients, and by-products. The use of Raman spectroscopy for on-line monitoring of
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bioprocesses is well established in industry and a broad range of options available for
bioprocess applications [59].

For example, ref. [60] combined a mechanistic model with Raman spectroscopy for
the real-time monitoring of fed-batch penicillin production. Batch fermentations were
performed in a 10 L stirred bioreactor with an actual working volume of 6 L. A Raman
spectrometer with a stainless steel immersion probe was fitted into the bioreactors. A laser
with an optical excitation of 785 nm and 395 mW of power output was utilized. Signals
were transmitted via a fiber optic cable to a cooled charge-coupled device (CCD) camera
maintained at −40 °C. A hybrid model based on the combination of the PLS model with
a mechanistic model was then used to accurately predict multiple bioprocess parameters
including biomass and penicillin productivity. The key advantage of using a hybrid model
for process monitoring is that the resulting solution space is limited by material balances,
thus providing better extrapolation results for regions of the variable space that were not
used for model calibration. Thus, confining the solution space by satisfying a mechanistic
model enhances the model’s predictive capabilities, while automated model generation
reduces the expertise necessary for industrial deployment [61].

In [62], the authors implemented Raman spectroscopy for the monitoring of down-
stream chromatographic processing (DSP) of monoclonal antibodies. For spectra acqui-
sition, an in-line flow cell with a reduced dead volume was used along with a reflector
to increase the signal intensity. PLS regression was utilized for model development to
predict mAb concentration in the harvest. Overall, the authors demonstrated high pre-
dictive accuracy, low RMSEP, and strong robustness in estimating IgG1 concentrations in
chromatography, although the predictions became uneven at very low IgG1 concentrations
and there was under-prediction at high concentrations. Scientists in [63] implemented
Raman spectroscopy for monitoring affinity chromatography unit operation on an AKTA
Avant 150 system (Cytiva, Sweden). A spectroscopy probe was integrated into the AKTA
chromatography system to continuously monitor the concentration of proteins and other
critical quality attributes (CQAs) directly in the chromatographic effluent. After that, multi-
ple chemometric methods (KNN, CNN, PCR) were utilized for model development and
validation. The integration of automated systems and machine learning models signifi-
cantly reduced the time required for calibration and validation of Raman spectroscopy
models, achieving quality measurements every 38 s. In [64], Raman spectroscopy was
used as a process analytical technology tool for the monitoring and control of ethanol
fermentation carried out with Saccharomyces cerevisiae yeast. Raman spectra was obtained
during the fermentation through the reactor wall by a Raman spectrometer connected
with optic fiber and a long focus Raman probe. The focal point of the Raman probe was
adjusted manually immediately behind the inner side of the reactor wall, minimizing the
influence of scattering due to the solid particles (cells). Further, real-time data analysis
was applied using partial least squares regression (PLS) method. The root mean square
error of prediction (RMSEP) as a percentage of the full-scale measurement for glucose and
ethanol was 2.76% and 4.19%, respectively. Table 2 summarises the applications of raman
spectroscopy for the real-time monitoring of bioprocesses.
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Table 2. Raman applications for real-time monitoring of bioprocesses.

Fermentation System Application Monitoring Method Chemometric Method Reference

500 mL flask cultures of yeast Monitoring the biotransformation of suger into ethanol On-line, flow cell PLS [62]

Escherichia coli batch fermentation
in a 2.5 L stirred tank bioreactor

Concentration estimation of glucose, acetate, lactate, formate,
and phenylalanine In-line Least square estimation [61]

Fed-batch Fermentation of Phaffia
rhodozyma cultures in 15-L bioreactor

Monitoring of carotenoid concentration In-line PLSR and PCR [65]

A. protothecoides (Algae) cultivated in 2 L
batch reactors Monitoring of biomass, glucose, and oil content In-line Support vector regression [66]

Fed-batch feremntations of P. chrysogenum
in a 10 L stirred tank reactors

Estimation of biomass concentration, specific growth rate, and
specific pencillin production rate with the help of a mechanistic
model coupled with Raman spectroscopy

In-line PLS [60]

Chromatographic purification of IgG1
(MAb) in a 80 µL flow cell

Monitoring of monoclonal antibodies during a cell perfusion
process in CHO cell fermentation On-line, flow cell PLS [62]

Chromatographic purification of IgG1
MAb in a 200 µL flow cell

Monitoring of IgG1 monoclonal antibodies during affinity
chromatography On-line, flow cell CNN, PLS, PCR, and SVM [63]

Saccharomyces cerevisiae (Yeast) cultivated
in 150 mL reactor Monitoring of glucose and ethanol production In-line PLS regression [64]
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Cost, Accuracy, and Limitations of Raman Spectroscopy

As the industry demand increases, different types of Raman spectrometers have been
developed, which allow for taking measurements down to the microgram scale. However,
accuracy is often challenged due to the noise, thus requiring the use of models that, in
combination with the measured spectra, lead to better results. For example, in [63], the
authors used multiple models, including KNN, CNN, SVR, PCR, and PLS, for the model
calibration. The trained models were applied to a second affinity chromatography run
to predict product quality attributes in real-time. An emphasis was also placed on the
importance of large calibration datasets to achieve high model accuracy. This requirement
can be a limitation, especially in early-stage development where large datasets might not
be available. In summary, while the studies discussed in the previous section demonstrate
significant advances in using Raman spectroscopy for in-line product quality monitoring,
several limitations need to be addressed to fully realize its potential. These include the
need for large and representative datasets, optimal preprocessing techniques, handling
environmental and noise sensitivities, high initial costs, and ensuring regulatory compli-
ance [67]. Raman spectrometers, particularly those with high-quality lasers and detectors,
can be 10 times more expensive upfront than other spectroscopy methods due to the need
for precise alignment and high sensitivity to detect weak Raman signals. Unlike in situ
ATR-FTIR monitoring, which is limited by fiber optic absorption, Raman and NIR tech-
niques can take measurements through glass or plastic media. Raman spectroscopy is often
challenged by the low solubility of pharmaceutical compounds in various solvents and
the presence of strongly scattering solvents, which can complicate the Raman signature.
Additionally, Raman scattering is inherently weak, leading to lower sensitivity compared
to other spectroscopic techniques, which is problematic for low-concentration analytes in
dilute bioreactor systems. For large bioreactors, Raman’s limited penetration depth restricts
its applicability for in situ monitoring [68].

Fluorescence interference is another challenge because the emitted fluorescence signal
from molecules in the sample can overlap with the Raman scattering signal, distorting the
spectrum [69]. This is particularly problematic in complex biological samples with multiple
fluorophores. To mitigate this, the excitation wavelength should be chosen to minimize
overlap with fluorescence emission. The 785 nm laser is often used because it balances
reduced fluorescence interference and adequate Raman signal strength. Additionally, the
laser’s energy and power must be considered, as higher energy can heat and damage
samples, affecting their integrity. It also provides an optimal balance between penetration
depth and signal strength.

4.4. Fluorescence Spectroscopy

Fluorescence spectroscopy is an attractive cost-effective option for in situ monitoring
due to its inherent benefits. It is non-invasive, offering high sensitivity and the capa-
bility to detect multiple components even at low concentrations [5,70]. Moreover, the
equipment required for fluorescence spectroscopy is significantly less expensive (as low
as one-tenth) when compared to alternatives like Raman or NIR [70,71]. Additionally, it
does not consume analytes and additional reagents, nor does it require specialized sam-
ple preparation procedures. Considering that some bioprocesses can span weeks, once
configured, a fluorometer can perform measurements over an extended period without
requiring recalibration.

Few studies have been reported where fluorescence spectroscopy was used for in
situ monitoring of bioprocesses in an industrial setup. Fluorescent signals emitted by
proteins within cells [72] and vitamins [73] have proven effective in tracking microbial
growth. Common fluorescent compounds involved in cellular growth and metabolic activ-
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ity include cofactors like NADH and NADPH, fluorescent amino acids such as tryptophan,
tyrosine, and phenylalanine, as well as various vitamins like riboflavin and pyridoxine.
These compounds exhibit maximum fluorescence signals at different excitation/emission
wavelength pairs (ex/em). Consequently, employing 2D fluorometry to scan the culture
bulk throughout a bioreaction allows for the dynamic monitoring of all fluorophores, which
directly or indirectly reflects changes in cellular concentration, metabolome, and cellular
environment [73,74]. In [75], the authors utilized 2D fluorometry for the in-line monitoring
of mammalian cells in a fed-batch bioreactor system for IgG1 protein production. In-line
monitoring was achieved by inserting an in-house developed probe in the bioreactor, which
was connected with the spectrometer using optical fibers. Although the dynamics of sin-
gle fluorophores could not be correlated with the dynamics of the target state variables,
chemometric based analysis of the fluorescence spectra helped in the accurate approxima-
tion of viable cell density and glycoprotein. In another work, ref. [76] used synchronous
fluorescence spectroscopy (SFS) as a new tool for real-time monitoring of animal cell cul-
tures in bioprocesses. The authors compared SFS with traditional two-dimensional (2D)
fluorometry and highlighted the advantages of SFS, such as improved peak resolution and
recording speed. Experiments were conducted using bioreactor cultures of three mono-
clonal antibody-producing CHO cell lines. It was shown that both 2D and synchronous
fluorometry techniques provided enough information to distinguish the cultures highlight-
ing the potential benefits for improving process control and meeting the requirements of
process analytical technology (PAT) in biopharmaceutical manufacturing. In [77,78], the
authors used an LED-based 2D fluorescence spectroscopy system for the in-line monitoring
of CHO cell cultures (total cell count, viable cell count, and cell viability) in a fed-batch
setup. The new sensor was able to trace the cell’s metabolic state in a fast and reliable
manner. Cellular distress was quickly detected as a deviation from normal batch operation.
In addition to that, spectral data provided information about the lactate metabolism shift
and cellular respiration during the cultivation process. Overall, the authors demonstrated
that the 2D fluorescence device is a highly sensitive tool for process analytical technology
applications in mammalian cell cultures.

In [79], fluorescence spectroscopy was combined with off-gas analysis for the on-line
monitoring of Streptomyces coelicolor fed-batch fermentations. Fluorescence spectra were
collected using a spectrofluorometer which measured the spectra through a borosilicate
glass window located in a recirculation loop connected to the bioreactor. A step-by-step
variable elimination method was applied to the three-way fluorescence data, resulting in
simpler and more accurate N-PLS models. The analysis revealed four spectral profiles
present in the fluorescence data, three of which were identified as pyridoxine, NADPH, and
flavin nucleotides, respectively. Similarly, the authors in Ref. [80] used 2D fluorometry for
the in-line monitoring of batch cultivation of wild-type Escherichia coli cultures in a 10 L
bioreactor scale, using an immersion probe. The fluorometer was constructed to measure
the fluorescence of tryptophan, NADH, and FAD/FMN. These fluorophores are part of
organisms’ metabolism and their concentration in culture supernatent can be correlated
with growth and product titer concentrations, allowing the multi-wavelength fluorometry
as an on-line monitoring tool. Table 3 presents the list of applications of fluorescence
spectroscopy in real-time monitoring of bioprocesses.
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Table 3. Overview of fluorescence-based in-line monitoring methods in various pharmaceutical bioprocesses.

Fermentation System Application Monitoring
Method

Multivariate
Analysis Method References

Fermentation of S. coelicolor bacteria in
1.5 L fed-batch bioreactor system

Monitoring and prediction of cell dry weight and
amino acids In-line

Partial least squares (PLS),
locally weighted regression,
and multilinear PLS (N-PLS)

[79]

Fed-batch fermentation of CHO cells
in 2 L bioreactors Monitoring of viable cell density and glycoprotein In-line PLS regression [75]

Batch cultures of CHO cell lines in
1 L bioreactor

Monitoring of cell viability and antibody
concentration In-line PLS Regression [76]

Batch fermentations of E. coli in
10 to 30 L bioreactors

Monitoring of cell dry weight and biogenic
fluorophores (tryptophan, NADH, and riboflavin) In-line PCA, PLS regression [80]

Fed-batch cultivation of mammalian (CHO)
cells in 10 L Bioreactors

Monitoring the conentration of BSA, FAD, NADH,
NAD, pyrodyxine, and riboflavin and estimating total
cell count, viable cells, and lactate and oxygen shift in
CHO cell culture

In-line PCA, PLS regression [77,78]

Fed-batch cultivation of Pichia Pastoris
cultures in a 14 L fermentor

Monitoring of cell density, protein production, glycerol,
and methanol consumption In-line Multi-variate curve resolution

method [81]

Fed-batch cultivation of B. Pertussis
cultivation in a 2 L fermentor

Monitoring and prediction of biomass, carbon source
(glutamate), and antigen (pertactin) productivity In-line PLS regression [82]

Cultivation of microalgae Scenedesmus
AMDD in 300 L continuous
photobioreactor

Monitoring of cell growth and proteins In-line Multivariate curve resolution,
PCA [83]

Fed-batch cultivation of HEK293 cells in a
3 L bioreactor Monitoring of adenovirus production In-line PLS regression [84]
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Cost, Accuracy, and Limitations of Fluorescence Spectroscopy

Fluorescence spectroscopy is generally less expensive than Raman spectroscopy due
to simpler instrumentation and lower operating costs. A simple fluorometer with two exci-
tation lights can be ten times cheaper than a standard Raman skid, as it uses cheaper light
sources and detectors compared to those required for a Raman system. NIR spectroscopy
also tends to be more expensive than fluorescence spectroscopy due to the need for more
complex optical components and data processing tools [85]. In situ use of fluorescence
spectroscopy offers high accuracy comparable to off-line measurements (as shown in the
previous section), with the added benefits of increased data acquisition speed, reduced
sample volume, and continuous monitoring capabilities. Its application in bioprocess
monitoring provides a reliable and efficient alternative to traditional off-line methods.

Despite many advantages, fluorescence spectroscopy is not well established in indus-
try because of some of its limitations. For example, Ref. [86] observed that fluorescence
signals can be highly sensitive to changes in bioreactor conditions such as pH, tempera-
ture, and ionic strength. These variations can affect the fluorescence intensity and spectra,
complicating the interpretation of results and requiring stringent control of experimen-
tal conditions. Another limitation of the fluorescence-based sensor is its sensitivity to
environmental conditions such as pH fluctuations, which can potentially affect the accu-
racy of the measurement. To mitigate this, the use of pH-resistant fluorescent probes and
advanced sensing techniques is recommended. These probes maintain stable emission
intensities across varying pH conditions, enhancing the reliability of real-time metabolic
monitoring [87]. Additionally, implementing dual-wavelength excitation or ratiometric
fluorescence measurement methods reduces sensitivity to external disturbances and im-
proves measurement robustness [88]. Sometimes, the components of the bioreactor can
exhibit auto-fluorescence, which can interfere with the fluorescence of other fluorescent
components. Techniques like synchronous fluorescence spectroscopy and lock-in amplifi-
cation have been developed to reduce background noise, but these add complexity and
cost to the system [76]. Sometimes, prolonged exposure to the excitation light can cause
photo-bleaching, where the fluorescent molecules lose their ability to fluoresce. This results
in a decrease in signal over time, which can compromise long-term monitoring and require
frequent recalibration or replacement of fluorescent probes. Fluorescence spectroscopy uses
intrinsic fluorescence of compounds that are present and are part of organisms’ metabolic
pathways. Notably, most mammalian bioprocesses now rely on serum-free and protein-free
media, although they do contain free amino acids and vitamin blends, which emit fluores-
cence. Unlike microbial fermentations, where cellular growth can be linked directly to the
fluorescence of amino acids or vitamins, mammalian cells cannot produce these vitamins or
fluorescent amino acids. Thus, analyzing the entire spectra using multivariate chemometric
techniques becomes necessary in these scenarios [75].

5. Data Preprocessing and Sensor Selection for Spectroscopic Methods
5.1. Data Preprocessing

Before any substantive analysis can be conducted on the acquired data from spectro-
scopic measurements, they require preprocessing to deal with noise, remove baselines,
normalize the data, and correct for other instrumental or sampling errors. Chemometrics
offers a range of techniques, such as smoothing, normalization, and baseline correction, to
prepare the raw spectra data for further analysis. It involves using statistical and mathe-
matical techniques on analytical data to optimize the gathering and extraction of valuable
information. Regardless of the selected spectroscopic method, spectral data often exhibit
high collinearity, meaning that direct regression techniques such as ordinary least squares
(OLS) fail due to matrix singularity issues [11]. This necessitates the use of dimensionality
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reduction techniques, such as Principal Component Analysis (PCA) or Partial Least Squares
(PLS), to extract the most relevant spectral features while minimizing redundancy [12].
PCA reduces the dimensionality of spectral data by capturing major variance components
within the spectra. On the other hand, PLS can be used to predict variables of interest by
maximizing correlations between the input spectra with the target metabolite concentration,
making it the preferred choice for bioprocess applications. However, both PCA and PLS
assume linear relationships, which may not hold for complex metabolic systems where
non-linear variations in spectral response occur.

To address non-linearity, machine learning models such as Support Vector Regression
(SVR) and Artificial Neural Networks (ANNs) have been increasingly applied in metabolite
monitoring. SVR effectively handles non-linear relationships by mapping spectral data
into higher-dimensional spaces, while neural networks capture complex, dynamic spectral
patterns [89]. For example, in [90], the authors demonstrated the effectiveness of machine
learning in reducing noise in Raman spectral data for real-time bioprocess monitoring. The
authors employed advanced machine learning methods, including orthogonal feature selec-
tion combined with algorithms such as Random Forest, Gradient Boosting, and ElasticNet
regression. These methods efficiently isolated and retained critical spectral features, while
removing redundant and irrelevant spectral signals, significantly mitigating the issues of
fluorescence interference, baseline drift, and signal overlap, which are common in Raman
spectroscopy. This approach substantially improved the clarity and reliability of Raman
spectral profiles, improving the predictive accuracy of key fermentation parameters, and
demonstrating a clear advantage over traditional noise reduction methods in complex
bioprocess environments.

However, machine learning models alone may be sensitive to process disturbances
and measurement noise, which can lead to erroneous predictions. To mitigate this, hybrid
modeling approaches, such as Kalman filters, integrate sensor data with mechanistic
bioprocess models, filtering out noise while improving real-time inference accuracy [20].
Hybrid modelling based approaches have been successfully applied in bioprocesses where
sensor reliability is affected by noise, spectral interferences, or external disturbances. In
terms of scale-up, despite the benefits of chemometric and machine learning models
combined with spectroscopic sensors, practical implementation challenges persist. Model
calibration requires extensive, representative datasets, which are often constrained by
industrial limitations related to time and cost [91]. Maintaining model accuracy demands
regular recalibration due to equipment aging, media composition shifts, or environmental
variations [92]. Transferability of models developed in laboratory conditions to large-scale
processes is limited by sensor configuration differences and scale-related disturbances [93].
Additionally, integrating real-time hybrid methods such as Kalman filtering involves
complex computational requirements that may exceed the available infrastructure [20].
Addressing these challenges through adaptive modeling and systematic validation remains
crucial for successful industrial application.

Another challenge in spectral data analysis is the presence of highly correlated vari-
ables, which leads to difficulties in obtaining reliable regression coefficients due to singu-
larity in the R’R matrix [11]. The problem arises because standard least squares methods
assume an invertible R’R matrix, but in high-dimensional spectroscopy datasets, this as-
sumption breaks down. The solution involves using chemometric techniques such as
PCA, PLS, or non-linear regression methods to transform the dataset into a smaller and
numerically better conditioned input for analysis. However, despite these preprocessing
approaches, prediction of the variables of interest from spectra may be limited due to a
lack of observability, i.e., lack of strong correlation between the variables of interest to
spectra. In such cases, combining chemometrics with Kalman filtering or Bayesian estima-
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tion improves inference, especially in dynamic metabolic processes where fluctuations in
NADH, ROS, and protein synthesis may affect the correlation between spectra and target
variables [94].

Ultimately, selecting the right combination of chemometric preprocessing and filtering
techniques is essential for improving spectroscopic measurement accuracy. For simple
linear relationships, PLS is often sufficient, but for more complex metabolic interactions,
SVR, neural networks, or Kalman filtering methods provide more robust predictions. This
combination of spectroscopy, chemometric preprocessing, and real-time filtering has proven
effective in industrial bioprocess applications, ensuring reliable metabolite monitoring and
process optimization.

5.2. Spectroscopic Sensor Selection

From the modeling point of view, the selection of appropriate sensors for spectroscopic
methods in bioprocess monitoring requires a comprehensive approach to effectively inter-
pret real-time data. Figure 3 presents a framework for real-time bioprocess monitoring and
modeling. The framework integrates mechanistic and data-driven modeling to describe the
complex dynamics of bioprocesses. Mechanistic modeling relies on fundamental principles
such as mass balance, kinetic laws, and transport laws to represent the underlying biolog-
ical and physicochemical processes. In parallel, data-based modeling employs machine
learning techniques, including Partial Least Squares Regression (PLSR), Artificial Neural
Networks (ANNs), polynomial regression, and Gaussian processes, to capture non-linear
relationships and enhance predictive accuracy. A hybrid model combines mathematical
(mechanistic) and data-driven approaches to improve process monitoring and prediction
accuracy. In such models, the mechanistic component uses fundamental principles, such as
biochemical kinetics or mass balances, to describe known relationships within the system
explicitly. At the same time, the data-driven component, often using machine learning or
statistical methods (e.g., Partial Least Squares regression), captures complex relationships
from experimental data, addressing uncertainties or dynamics not fully represented by
theoretical knowledge. As an example, in [95], the authors employed a hybrid modeling
approach to monitor Bordetella pertussis fermentation by combining mechanistic and em-
pirical models. The mechanistic model utilized biochemical principles to describe oxidative
stress pathways involving NADPH and reactive oxygen species (ROS), while the empirical
model applied Partial Least Squares (PLS) regression to in-line fluorescence spectroscopy
data to predict key fermentation parameters. Integration of these two models through an
Extended Kalman Filter (EKF) enabled real-time state estimation by continuously updating
predictions from spectral measurements. This hybrid strategy addressed the shortcomings
of purely empirical or mechanistic approaches, substantially improving prediction accuracy,
robustness, and real-time monitoring capabilities.

The choice of the appropriate spectroscopic method for monitoring metabolites also
depends on the optical properties, specificity, sensitivity, cost, industrial feasibility, and
robustness of the compound for on-line applications. Many metabolites do not exhibit
intrinsic fluorescence, unless they contain aromatic rings or cofactors such as NADH
and FAD, making direct fluorescence detection challenging [5]. However, fluorescence
spectroscopy can still be used for indirect monitoring by tracking metabolic markers such as
NADH, tyrosine, or tryptophan, which may be indirectly correlated with target metabolite
levels [73]. UV/Visible spectroscopy is another potential method, but it generally requires
chromophores or chemical derivatization to enhance absorption, making it less practical
for real-time applications [96]. Near-infrared (NIR) spectroscopy is advantageous due to its
ability to detect overtone and combination bands of molecular vibrations, which allows
for the analysis of C–H, N–H, and O–H bonds, though its lower specificity necessitates
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chemometric modeling for reliable metabolite estimation [22]. Raman spectroscopy, in
contrast, provides a highly specific molecular fingerprint for metabolites, making it one
of the best techniques for direct detection of compounds like glutamate, despite its lower
sensitivity compared to fluorescence [9].

Figure 3. Framework for real-time bioprocess monitoring and modeling.

Among these methods, Raman spectroscopy offers the highest specificity for metabo-
lite detection but is also the most expensive, typically costing ten to fifteen times more
than fluorescence spectroscopy, which limits its feasibility for routine industrial monitoring.
Fluorescence spectroscopy, by comparison, is a more affordable alternative ($10 k–30 k) and
can be applied to indirect metabolite monitoring, particularly when using metabolic proxies
such as NADH fluorescence [23]. NIR spectroscopy, with its moderate cost ($50 k–100 k),
balances affordability and information content, making it a preferred choice for in-line
Process Analytical Technology (PAT) applications, although its lower specificity requires
advanced chemometric calibration [21]. When direct Raman monitoring is prohibitively
expensive ($100 k–300 k), a fluorescence-based inference model combined with a Kalman
filter can serve as a cost-effective alternative. This hybrid approach enhances measure-
ment accuracy by using fluorescence signals as proxies for metabolite levels, while the
Kalman filter corrects real-time fluctuations and compensates for sensor noise. For in-
stance, glutamate levels can be estimated through NADH fluorescence dynamics, with the
Kalman filter improving real-time inference by integrating metabolic equations [20,97]. This
method has been successfully implemented in biopharmaceutical and industrial biopro-
cesses, where maintaining accurate real-time monitoring is crucial for process optimization.
For industrial applications, fluorescence and NIR spectroscopy are the most commercially
available and robust options, while Raman remains specialized due to cost constraints and
sensitivity limitations.

Table 4 compares different spectroscopic methods in terms of their cost and robustness
for industrial use. Table 5 compares the specificity, sensitivity, and applicability of different
spectroscopic techniques for metabolite monitoring, providing a comparative analysis
of their suitability for bioprocess applications. Table 4 presents a detailed comparison
of the cost, industrial feasibility, and in-line/on-line applicability of these spectroscopic
methods, highlighting their robustness and commercial availability for real-time monitoring
in industrial settings. These tables offer a structured overview of the advantages and
limitations of each technique, facilitating an informed choice for practical implementation
in biopharmaceutical and industrial bioprocesses [21,23].
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Table 4. Comparison of spectroscopy methods based on cost, industrial applicability, and commercial
availability for process analytical technology (PAT) applications.

Spectroscopy Method Cost (USD) Robust for Industrial Use? Inline/Online Capable? Commercial Availability

Fluorescence 10 k–30 k Yes (widely used) Yes Yes (widely available)
UV/Vis 20 k–40 k Yes (for simple applications) Yes Yes
NIR 30 k–80 k Yes (widely adopted) Yes Yes (common in PAT)
MIR 50 k–100 k Moderate (ATR/flow cell required) Yes Yes (common in chemical industry)
Raman 100 k–200 k Moderate (high sensitivity) Yes Yes, but costly

Table 5. Comparison of spectroscopy methods in terms of specificity, sensitivity, and whether they
provide direct or indirect measurements.

Spectroscopy Method Specificity Sensitivity Direct/Indirect

Fluorescence Low (only autofluorescent molecules) High (nM–µM) Indirect (cofactor-based)
UV/Vis Low–Moderate Moderate (µM–mM) Indirect (requires derivatization)
NIR Low (overlapping bands) Moderate (mM) Indirect (correlated molecules)
MIR High (distinct absorption bands) Moderate–High (µM–mM) Indirect (calibration required)
Raman High (fingerprint region) Moderate–High (µM) Direct

6. Conclusions
The adoption of spectroscopic techniques for real-time monitoring of pharmaceu-

tical bioprocesses has advanced significantly, driven by the need for improved process
control, product quality, and regulatory compliance under Process Analytical Technol-
ogy (PAT) initiatives. This review highlights the key spectroscopic methods—UV/Vis,
infrared (NIR/MIR), Raman, and fluorescence spectroscopy—evaluating their advantages,
limitations, and applicability in real-time bioprocess monitoring. UV/Vis spectroscopy
remains a cost-effective and widely used method for biomass and metabolite concentration
monitoring, but its selectivity is limited. Infrared spectroscopy (NIR/MIR) provides more
detailed chemical insights, although challenges such as signal interference in aqueous
environments persist. Raman spectroscopy, with its ability to provide specific molecular
fingerprints, is highly promising for direct metabolite detection but is often cost-prohibitive
for industrial implementation. Fluorescence spectroscopy, being both cost-effective and
sensitive, has demonstrated strong potential for in-line monitoring of cellular metabolism,
though its application is constrained by autofluorescence and photobleaching effects.

The integration of chemometric and machine learning techniques has further enhanced
the capabilities of these spectroscopic methods, enabling real-time data interpretation and
predictive modeling. However, challenges such as signal noise, sensor calibration, and
environmental interferences must be addressed to fully realize the potential of spectroscopy-
based PAT applications. Future research should focus on hybrid modeling approaches,
improved sensor designs, and automation strategies to enhance the robustness of real-time
spectroscopic monitoring in pharmaceutical bioprocessing. Emerging spectroscopic PAT
techniques hold significant promise for applications in mRNA production and cell-free
protein synthesis (CFPS) systems. As mRNA therapeutics and vaccines continue to gain
global importance, advanced real-time monitoring tools are crucial to optimizing yield,
stability, and quality control. Spectroscopic methods such as Raman, NIR, and fluorescence
spectroscopy can provide real-time insights into nucleotide stability, polymerase activity,
and metabolite consumption in CFPS systems. With the rapid advancements in AI-driven
spectroscopy, integrating these techniques into continuous biomanufacturing platforms
could revolutionize the scalability and efficiency of next-generation biotherapeutics.
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