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Abstract

:

The use of 2D fluorescence spectra is a powerful, instantaneous, and highly accurate method to estimate the state of bioprocesses. The conventional approach for calibrating a chemometric model from raw spectra needs a large number of offline measurements from numerous runs, which is tedious, time-consuming, and error-prone. In addition, many process variables lack direct signal responses, which forces chemometric models to make predictions based on indirect responses. In order to predict glycerol and biomass concentrations online in batch cultivation of Hansenula polymorpha, this study substituted offline measurements with simulated values. The only data from cultivations needed to generate the chemometric model were the 2D fluorescence spectra, with the presumption that they contain sufficient information to characterize the process state at a measurement point. The remainder of the evaluation was carried out with the aid of a mathematical process model that describes the theoretical interferences between process variables in the system. It is shown that the process model parameters, including microbial growth rate, the yield of biomass from glycerol, and lag time can be determined from only the spectra by employing a model-based calibration (MBC) approach. The prediction errors for glycerol and biomass concentrations were 8.6% and 5.7%, respectively. An improved model-based calibration (IMBC) approach is presented that calibrates a chemometric model for only biomass. Biomass was predicted from a 2D fluorescence spectrum in new cultivations, and glycerol concentration was estimated from the process model utilizing predicted biomass as an input. By using this method, the prediction errors for glycerol and biomass were reduced to 5.2% and 4.7%, respectively. The findings indicate that model-based calibration, which can be carried out with only 2D fluorescence spectra gathered from prior runs, is an effective method for estimating the process state online.
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1. Introduction


Real-time bioprocess monitoring is an emerging topic in evolving process analytical technologies (PAT) that has attracted many researchers and enterprises in the last few decades due to the realization that a deeper understanding of the process helps to improve its stability and productivity. One of the key elements in determining production optimization, product quality, and other performance attributes associated with materials and methods is the supervision of process variables related to the biological system, such as substrates and biomass concentration. Measurements of process variables represent a production entity and the state of a process. However, there is no definitive supervision tool for bioprocesses that can read the kinetics of at least key process variables simultaneously. In particular, the cultivation media contains a wide range of chemical substances whose concentration levels vary over time as a result of the interference of microorganisms’ kinetic metabolic function. Research conducted on sensor development to estimate the state of bioprocesses online with only a fraction of these had shown promising results. However, none of the sensors can provide information on all key process variables simultaneously and accurately. They may contain features for a few important process variables, which forces the application of indirect methods to predict other variables. Furthermore, the route from raw sensor signals to a calibrated prediction model is time-consuming, laborious, and still uncertain.



Spectroscopic approaches dominate the options when it comes to speed and applicability in at-/in-/on-line measurements. Spectroscopic methods capture the signals for a wide range of substances and provide higher accuracy in monitoring them during cultivation online [1,2,3]. One of the well-established approaches for estimating the intracellular condition of microorganisms with information on several metabolic substances simultaneously is two-dimensional fluorescence (2D fluorescence) spectroscopy.



Fluorescence has gained popularity as a reliable method for monitoring bioprocesses ever since Harrison and Chance [4] employed it for the first time in 1970. Later, real-time biomass monitoring for different kinds of microorganisms using fluorescence spectra was performed by Zabriske and Humphrey [5]. The following are a few further examples of 2D fluorescence spectra being used in fermentations: Methylomonas mucosa [6], Pseudomonas putida [7,8], Saccharomyces cerevisiae [9,10,11], Escherichia coli [10,12], Hansenula polymorpha [13], Lactiplantibacillus plantarum and mammalian cells [10,14,15,16,17]. Similar to the wide range of different microorganisms, these cultivations have a variety of objectives, such as the production of enzymes, amino acids, biomass, antibodies, and other pharmaceuticals.



The intensity of fluorescence signals is affected by a variety of factors, including fluorophore concentration, optical density, pH, temperature, viscosity, and bubble size in the sample, making it challenging to draw insight from them. Intensities are also influenced by the inner filter and cascade effects [18,19]. Although some recent studies have shown that the inner filter effect can be useful in the fields of chemical sensing and biosensing [20], it has been treated as an undesirable feature and several techniques have been proposed to obtain corrected intensities. However, the majority of them have limitations in terms of application for cultivation due to being optically dense multi-fluorophore samples [21]. There is no single specific excitation–emission wavelength in 2D fluorescence that carries the information on an analyte throughout the process run-time consistently. In such a case, a promising solution is to apply a chemometric model using fluorescence spectra and predict the state of process analytes online. The conventional, and arguably simplest, approach is to train a suitable chemometric model beforehand based on 2D fluorescence spectra by fitting them against corresponding offline measurements. Several studies reported that regression models such as partial least-squares or principal component regression perform to a satisfactory level in terms of prediction accuracy from unknown spectra [13,22,23].



The drawback of such a data-driven calibration for a chemometric model is the requirement for a big dataset, preferably from multiple cultivations, which is labour-intensive and costly from an experimental aspect. The offline measurements used for calibration are supposed to be precise to obtain high accuracy in predicting the actual state of cultivation online from an unknown spectrum. However, in practice, the offline measurements have random errors, which raises the risk of calibrating a chemometric model with data that does not reflect the actual state. Instead, a mathematical process model can be used as a replacement for these offline data. The technique that substitutes process simulated data for offline measurements to calibrate a chemometric model from sensor signals is called model-based calibration (MBC).



Despite being a cutting-edge approach, the application of MBC in bioprocesses is not widely studied. Although only a few authors have applied MBC in actual bioprocesses, it can be used in any case where a mathematical model can adequately represent the process. Solle et al. [19] carried out online monitoring of S. cerevisiae by using a theoretical process model and signals from 2D fluorescence spectra. The study demonstrated that the spectra feature enough information to derive process parameters, such as microbial growth rate, which would otherwise require offline measurements. The authors calibrated a chemometric model from spectra that learns about target variables from process model-based simulated data. The chemometric model is then applied to predict the variables in a new cultivation run from only spectra and found to have a root mean squared error (RMSE) of prediction of 0.5 g/L, 0.5 g/L, 0.2 g/L for biomass, ethanol, and glucose concentration, respectively. Krämer and King [24] demonstrated that the application of a nonlinear model with extended Kalman filter along with a chemometric model enhances the performance in state estimation of a bioprocess based on near-infrared spectroscopy. Similarly, a combination of the bioprocess model for S. cerevisiae and Kalman filter extensions was described by Yousefi-Darani et al. [25,26] to improve the real-time state prediction. A theoretical model-based calibration to predict the state of H. polymorpha cultivation online based on fluorescence spectra was investigated by Paquet-Durand et al. [18]. Their findings show that by relying solely on theoretical process models and spectra, the actual condition of the cultivations was predicted with a marginally higher prediction error for glycerol (RMSE 0.79 g/L) than for biomass (RMSE 0.19 g/L). Yousefi-Darani et al. [27] carried out online monitoring of ethanol content in S. cerevisiae cultivation with MBC based on signals from a gas sensor array. The higher accuracy level in ethanol prediction (RMSE 0.06 g/L) in new cultivations demonstrated the reliability of the MBC approach in yeast cultivation with gas sensors as well.



The studies cited above reflect a distinct shift in the field of online monitoring of bioprocesses, moving away from exclusive reliance on offline or online sensor readings and toward additional model-based corrective measures. The obvious cause is the random errors and disturbances present in both offline and online sensor signals. To increase the accuracy of the estimation of the status of the bioprocess, appropriate corrective actions are therefore employed, such as process models or filters.



In this contribution, a chemometric model is calibrated based on 2D fluorescence spectra and simulated data calculated from the theoretical process model of H. polymorpha cultivation to estimate the state of the process online. This approach does not require any offline data; only a rough knowledge of how H. polymorpha grows in the media is enough to calibrate a chemometric model from spectra and to predict biomass and glycerol from unknown spectra in new cultivations. To increase the prediction accuracy of glycerol that does not show any fluorescence, an alternative improved model-based calibration (IMBC) is also proposed. In the IMBC, a chemometric model is calibrated for only biomass by using the theoretical process model and fluorescence spectra. In new cultivations, the biomass is predicted by using this chemometric model from unknown spectra. However, the system interactions described in a theoretical process model are used to predict the glycerol simultaneously online. As a result, the prediction of glycerol in IMBC does not directly rely on fluorescence spectra.




2. Materials and Methods


The conditions and measurement setup for the cultivations in microtiter plates were presented in previous studies [13,18]. The 2D fluorescence and offline measurements for glycerol and biomass content for cultivations were obtained from the prior study by Berg et al. [13] who used offline measurements to develop the chemometric model. The cultivation conditions and measurement setup are briefly described below.



2.1. Cultivation of Hansenula polymorpha


In this study, Hansenula polymorpha RB11 pC10-FMD (PFMD-GFP) was used for batch cultivation. Microorganisms were stored in cryo-stocks at −80 °C. It was cultivated in a modified SYN6-MES medium [28] for both pre-cultures and main cultivations. The basic solution consisted of 1.0 g/L KH2PO4, 7.66 g/L (NH4)2SO4, 27.3 g/L 2-morpholinoethanesulfonic acid (MES), 3.0 g/L MgSO4·7H2O, 3.3 g/L KCl and 0.3 g/L NaCl. The pH was adjusted to 6.0 using 1 M NaOH. Sterilisation was performed at 121 °C for 20 min. For supplementation of the basal solution, a concentrated, sterile-filtered trace-element solution was added to provide 0.65 mg/L NiSO4·6H2O, 0.65 mg/L CoCl2·6H2O, 0.65 mg/L H2BO4, 0.65 mg/L KI and 0.65 mg/L Na2MoO4·2H2O. A sterile microelement solution was supplemented to provide 66.5 mg/L EDTA (Titriplex III), 66.5 mg/L (NH4)2Fe(SO4)2·6H2O, 5.5 mg/L CuSO4·5H2O, 20 mg/L ZnSO4·7H2O and 26.5 mg/L MnSO4·H2O. A final concentration of 1.0 g/L CaCl2·2H2O was added from a sterile stock solution. Additionally, a sterile vitamin solution was mixed to supply 0.4 mg/L d-biotin and 133.4 mg/L thiamine·HCl. For the preparation of the stock solution, the d-biotin was first dissolved in a 10 mL mixture (1:1) of 2-propanol and deionized water and then added to the thiamine hydrochloride, dissolved in 90 mL deionized water. Glycerol was added to the media from a sterile 500 g/L stock solution to obtain the respective final glycerol concentrations. Sterile water was added to adjust for differences in volumes.



For precultures, 250 mL shake flasks with a 350 rpm rotation, a 50 mm shaking diameter, and a 10 mL filling capacity were used. With an initial glycerol content of 10 g/L, the culture was incubated at a temperature of 30 °C. After the precultures’ growth had ended (determined from oxygen transfer rate measurements), the cultivation was harvested. The preculture cells were rinsed in the fresh glycerol-free medium before being inoculated in the main cultivation.



The main cultivations were carried out in microtiter plates (MTP-R48-B, Beckman Coulter GmbH, Baesweiler, Germany). The filling volume of each well in the microtiter plate was 0.8 mL. It was continuously shaken within a 3 mm shaking diameter at a rate of 1000 rpm while being incubated at 30 °C.




2.2. Measurements Setup


A microtiter plate with 42 deep wells oriented in six rows and seven columns was used. The wells in the first row had a unique combination of initial starting conditions for glycerol as substrate and biomass with replications being performed in the following rows. In other words, 42 cultivations were performed in parallel under 7 different initial conditions.



The microtiter plate was fixed on an orbital shaking machine and 2D fluorescence spectra were obtained through the transparent bottom of its 42 wells. An optical fiber bundle was displaced from well to well by means of an x–y-positioning device. A complete 2D spectrum was obtained from one well before moving the optical fiber bundle to the next well. The excitation wavelengths covered a range of 280–700 nm with a step size of 10 nm, whereas for the emission wavelengths it was 275–725 nm with a step size of 0.45 nm.



A 2D spectrum with a dimension size of 43 excitation wavelengths × 1022 emission wavelengths captured fluorescence, scattered light, and non-fluorescence regions. With the following method, only the fluorescence region from each spectrum was extracted. The analyzed data covered a fluorescence excitation wavelength range of     λ   e x , m i n   = 280   nm to     λ   e x , m a x   = 690   nm, whereas for emission wavelength it was from     λ   e m , m i n   = 310   nm to     λ   e m , m a x   = 720   nm. To take a small subset from both of the ranges, an interval (  Δ λ  ) of 10 nm was chosen, yielding 43 excitation wavelengths and 42 emission wavelengths. To obtain the combinations for a certain excitation wavelength (    λ   e x    ), the emissions were considered within a wavelength range, starting at 30 nm larger than the     λ   e x     and always to the maximum emission wavelength (    λ   e m , m a x    ). The process was repeated for a total of 43 excitation wavelengths, resulting in 903 different combinations of excitation and emission wavelengths. From each spectrum, the fluorescence intensity values from these 903 combinations were converted into a one-dimensional array. To perform principal component analysis and generate chemometric models, the 2D fluorescence spectra obtained from each cultivation were re-formed in the same way to produce a dimension size of   N × 903  , where   N   is the total number of spectra obtained throughout the cultivation runtime.



The shaker movement was uninterrupted during measurement to ensure proper mixing of the culture broth and oxygen supply. The offline measurements for these cultivations were performed independently to determine the actual concentration of glycerol and biomass. For each cultivation, the online measurement of 2D fluorescence was taken over an interval of 30 min. For the model-based calibration, the mean intensities of fluorescence spectra from six replicates were calculated and used as spectra of one cultivation.



Offline measurements for glycerol and biomass were used to verify the precision of MBC. For each pair of offline measurements, the whole content of a well was used. Therefore, cultivations with the same initial conditions were performed in multiple microtiter plates to have enough wells for the offline measurements. The glycerol concentration was measured via HPLC (UltiMate3000, Dionex, Germany) analysis with an Organic Acid-Resin column (250 × 8 mm, CS-Chromatographie Service, Langerwehe, Germany) and a refractive index detector (Shodex RI-101, Shodwa Denko Europe, Germany). As eluent, 5 mM H2SO4 at 70 °C was used with a flow rate of 0.6 mL/min. To remove biomass and particles, all samples were filtered through a 0.2 μm membrane. Due to the small culture volume, a direct weighing of the cell dry weight was not possible. Instead, the optical density at 600 nm was determined in micro cuvettes (PS, Carl Roth, Karlsruhe, Germany) with a Genesys 20 photometer (Thermo Scientific, Dreieich, Germany). Subsequently, the concentration of the dry biomass was determined via a correlation with an optical density at 600 nm based on shake-flask cultures. The time difference between the first two offline measurements was 6 h, however, the subsequent measurements were taken every 1.5 h.




2.3. Mathematical Process Model


The process for the cultivation of H. polymorpha can be described by the following equations:


    d S   d t   = -     μ   s   . F   t     Y   X  



(1)






    d X   d t   =   μ   s   . F   t   . X  



(2)






    μ   s   =       μ   i f   S > 0       0   i f   S = 0        



(3)






  F   t   =       1   i f   t >   t   l a g         0   i f   t ≤   t   l a g          



(4)




where S is the substrate (glycerol) concentration,     μ   s     is the specific growth rate,   F   t     is a factor to account for the initial lag phase expressed by     t   l a g    ,   X   is the biomass, and   Y   is the yield coefficient that shows the conversion rate of the substrate into biomass. Associated constraint in Equation (3) presents the relation between substrate S and the specific growth rate     μ   s    , where the actual growth rate is zero in the case where the substrate is depleted. Otherwise, microorganisms grow with a specific growth rate of   µ  .




2.4. Computational Methods and Resources


In this study, the particle swarm optimization (PSO) algorithm [29] was used to find optimum process parameters and chemometric model parameters. The programming language Python [30] (version 3.9) was used to simulate the cultivations and perform the model-based calibration.




2.5. Optimizing Process Parameters Using Classical Approach


A mathematical process model for any cultivation expresses a general outlook of how the process variables interact with each other in the system but does not provide the exact concentrations for variables that may work for any cultivation. Instead, a mathematical model with known process parameters represents the observed cultivation, and is required to obtain estimated simulated values. For example, specific growth rate (µ), yield (Y), and lag time (tlag) are the process parameters for H. polymorpha cultivation (Equations (1)–(4)) that determine the simulated process variable concentration at any measurement point or cultivation time. Once these parameters are known, the complete cultivation can be simulated using this mathematical model with given initial values for glycerol and biomass. Ideally, cultivations with different combinations of initial glycerol and biomass are conducted and offline measurements for glycerol and biomass are performed to confirm actual process parameters (µ, Y, and tlag).



In the classical approach, offline measurements are fitted against corresponding simulated values for glycerol and biomass. It is an optimization problem solved iteratively, where the objective is to find the optimum combination of process parameters for which the simulated biomass and glycerol values are harmonized with offline measurements by using a least-square fitting approach. The quality function is shown in Equations (5)–(7).


  S E =   G   R M S E   +   X   R M S E    



(5)






    G   R M S E   =      ∑  i = 1   n          G   i   o f f   -   G   i   s i m       2       n     



(6)






    X   R M S E   =      ∑  i = 1   n          X   i   o f f   -   X   i   s i m       2       n     



(7)




where   S E   is the sum of errors,     G   R M S E     and     X   R M S E     are root mean squared error for glycerol and biomass concentrations respectively,   i   is the measurement index,   n   is the total number of measurements,     G   i   o f f     is the     i   t h     offline value for glycerol, and     G   i   s i m     is the     i   t h     simulated value for glycerol, and     X   i   o f f     and     X   i   s i m     are the     i   t h     offline and simulated values for biomass, respectively.



Figure 1 shows the classical approach to optimizing the process parameters using offline data and the mathematical process model. It starts with the initial concentration of glycerol (G) and biomass (X), and a random initial set of process parameters: µ, Y, and tlag within the search space to calculate the simulated values for G and X over the time of cultivation. With the simulated and offline data, the fitness of the process parameters is calculated.



The higher the sum of error (SE), calculated by using Equation (5), the worse the quality of the proposed process parameters applied in the simulation is. A smaller SE indicates the given process parameters lead to the simulated values that are closer to the offline measurements. The optimization (Figure 1, section C, enclosed with the dashed line) is performed iteratively with the optimizer until a termination criterion is met. In every iteration, the optimizer proposes (most likely) a new combination of process parameters and repeats the evaluation procedure.



The process parameters for which the sum of error is the minimum are presented as optimized process parameters for that cultivation. If the cultivation conditions are kept constant, it is expected that despite the variation in initial G and X, the deviation in optimized process parameters between cultivations should be minimal. By using the mathematical process model with optimized process parameters and the initial conditions of any cultivation being plugged in, the state of the variables can be estimated at any measurement point.




2.6. Concept of Model-Based Calibration (MBC)


Optimized process parameters obtained based on offline measurement (Section 2.5) can be used to describe batch cultivation from simulated values of the process variables. In other words, by using the optimized process parameters and initial glycerol and biomass, the process state at any measurement point of new cultivation can be estimated. However, since the knowledge of earlier cultivations is employed for this estimation, it has no interaction with the real status of the new cultivation. To interact with a new cultivation system, a monitoring sensor is typically used, whose signals must be calibrated in order to build a model that predicts the process state online.



Calibration of a predictive model is the process of mapping raw sensor signals into actual values, such as the actual concentration of process variables. In conventional approaches, a large number of offline measurements are used as actual concentrations in this mapping procedure. For a given measurement point, the duplicates in offline data mostly do not show uniformity, and are considered to be random measurement errors or noise. In contrast, theoretical process models for bioprocesses specify the extent of interdependencies between variables through process parameters like microbial growth rate and substrate-to-biomass conversion rate. The estimated state of process variables can be derived from the theoretical process model once these process parameters have been acquired. In contrast to offline data, simulated concentrations stay consistent and coherent with continuous cultivation time as target variables against sensor signals, which makes the calibration or mapping procedure more accurate. Moreover, a sensor usually provides signals with a smaller time interval. The measurement interval in offline data is mostly high and distribution of them can be uneven throughout the cultivation time. It raises the possibility of having a wide range of cultivation times where the signals are not mapped with the corresponding actual concentrations. In practice, the linear interpolation of actual offline measurements is applied to have enough actual concentrations for calibrating the chemometric model, which influences the performance of the chemometric model [13]. By using a process model, in contrast, the simulated concentrations can be calculated with any smallest time interval, which allows for a high frequency in mapping against sensor signals.



The model-based calibration (MBC) replaces the laborious, costly, error-prone, and poorly mappable offline measurements with consistent, robust, and solidly mappable simulated data. In MBC, the process model is used to map 2D fluorescence spectra in calibrating a chemometric model. But a process model without known process parameters does not describe the specific cultivation and the standard approach to obtain them requires offline data. As an alternative, the MBC approach relies on the sensor signals, with an assumption that all the information of the cultivation state is captured by them either directly or indirectly. Therefore, the MBC approach finds the optimized process parameters and optimized chemometric model parameters at the same time.



Consider a case in MBC, where a set of process parameters is significantly different from what it should be, as these values are unknown at the beginning. By using these process parameters, the simulated glycerol and biomass concentrations over cultivation time can be calculated from the process model. These simulated data and the real fluorescence spectra are aligned with regard to cultivation time. The simulated data are considered as target values and fluorescence spectra as the independent variable to formulate chemometric models independently for glycerol and biomass. The data is separated into train and test sets and a chemometric model is calibrated using train spectra and simulated values. With this calibrated chemometric, the prediction of simulated test set values is performed. The difference between predicted simulated test values and simulated test values will be large because the features extracted from the real spectra do not correlate with the simulated values.



Therefore, a new set of process parameters has to be adapted in the process model in order to lead to simulation values which fit with the features extracted from spectra. Here the extracted features are always the same, as the same fluorescence spectra are used every time. However, the fitting quality in the chemometric model varies due to the change in simulated values, which depends on process model parameters. If a chemometric model predicts the test simulation values accurately, the corresponding process model parameters are optimal. Following this iterative approach, both a better predictive chemometric model and a process model that describes the observed cultivation are obtained at the same time. The following is the description of the MBC approach illustrated in Figure 2.



	
The fluorescence spectra from the cultivations are prepared with respect to excitation and emission combinations to avoid scattered light. In addition, the initial glycerol (G) and biomass (X) concentrations with which the cultivations were conducted, are assumed to be known (Figure 2A).



	
The constraints for the process parameters in the search space are defined. Based on literature and initial search space investigations, the range for µ, Y, and tlag was set to 0.16–0.30 h−1, 0.30–0.50 gbiomass/gglycerol, and 2–6 h, respectively. Initially, a random combination of process parameters within their search space range is proposed (Figure 2B).



	
By using the proposed process parameters and starting conditions in the mathematical process model, the cultivations are simulated (Figure 2C). The only difference in the simulation between the cultivations is their initial conditions, which leads to different simulated values at any point during the cultivation runtime.



	
The intensity values of fluorescence spectra are scaled between 0 and 1 for each wavelength. Afterwards, principal component analysis (PCA) is applied to them, and only three principal components (PCs) are considered for the chemometric model. The concentrations of biomass and glycerol are predicted using the principal component regression (PCR) models in Equations (8) and (9), respectively.





    X   p r e d   =   p   x 0   +   ( p   x 1   ×   P C   1   ) +   ( p   x 2   ×   P C   2   ) +   ( p   x 3   ×   P C   3   )  



(8)






    G   p r e d   =   p   g 0   +   ( p   g 1   ×   P C   1   ) +   ( p   g 2   ×   P C   2   ) +   ( p   g 3   ×   P C   3   )  



(9)




where     X   p r e d     is the predicted biomass,     p   x 0   ,   p   x 1   ,   p   x 2     and     p   x 3     are the multilinear regression model parameters for biomass prediction,     P C   1 ,     P C   2     and     P C   3     are the first, second and third principal components, respectively,     G   p r e d     is the predicted glycerol concentration, and     p   g 0   ,   p   g 1   ,   p   g 2     and     p   g 3     are the multilinear regression model parameters for glycerol prediction.



	
The simulated glycerol concentration and biomass are aligned with fluorescence spectra with respect to cultivation time. The obtained data is separated into two sets: calibration and test. Data from six cultivations are taken for calibration and the remaining cultivation is used to test the model. This way, one complete cultivation is always set aside for testing, and this is repeated until each cultivation is tested once (cross-validation). The calibration set consists of simulated glycerol, simulated biomass, and fluorescence spectra from six cultivations, whereas the test set has simulated glycerol, simulated biomass, and fluorescence spectra from one remaining cultivation.



	
A multi-linear regression model is fitted using the calibration set and then tested using the test set. The calibration and test for biomass and glycerol are performed independently as follows.




	
For biomass, a chemometric model is fitted by using simulated calibration biomass, and PCs of calibration spectra. The chemometric model is tested by using PCs to get predicted biomass (    X   p r e d    ). The error of prediction for biomass is calculated by using Equation (10).


    X   R M S E P   =        ∑  i = 1   n          X   p r e d , i   -   X   t e s t , i   s i m       2       n      ×   100     X   r a n g e      



(10)




where     X   R M S E P     is the root mean squared error of prediction for biomass with regard to the range of biomass concentration (    X   r a n g e    ),   i   is the measurement index and   n   is the total number of measurements.



	
Similarly, glycerol is predicted to show a trend that is comparable to simulated glycerol; however, this appeared to be shifted in terms of concentration level. The error in predicting glycerol is calculated using Equations (11) and (12). In the chemometric model, glycerol concentration is predicted based on the response shown by biomass. Due to the interaction between glycerol and biomass, chemometric models can capture the trend in glycerol but not the variation in the initial glycerol concentration. This barrier can be overcome by taking into account a correction measure, where all the predicted glycerol concentrations are adjusted by a certain amount, as illustrated in Equation (12). It is the difference between the predicted and actual initial glycerol concentrations of the test cultivation (    G   p r e d , 1    −    G   0   )  .


    G   R M S E P   =        ∑  i = 1   n          G   C p r e d , i   -   G   t e s t , i   s i m       2       n      ×   100     G   r a n g e      



(11)






     G   C p r e d , i     =   G   p r e d , i     +   G   p r e d , 1     −   G   0     



(12)




where     G   R M S E P     is the root mean squared error of prediction for glycerol with regard to the range of glycerol concentrations (    G   r a n g e    ),   i   is the measurement index,   n   is the total number of measurements,     G   C p r e d , i     is the predicted glycerol concentration after shift correction,     G   p r e d , 1     is the first predicted glycerol concentration, and     G   0     is the initial glycerol concentration of the test cultivation. The sum of errors (SE) is calculated by using Equation (13).


  S E =   ∑  c = 1   N    (   G   R M S E P , c   +   X   R M S E P , c     )  



(13)




where   c   is the index of cultivation that is used in the test set,   N   is the total number of cultivations,     G   R M S E P , c     and     X   R M S E P , c     are the glycerol and biomass prediction errors, respectively, when cultivation   c   was used for the test.








	
SE is evaluated by PSO and starts the optimization procedure to minimize it. In order to improve the prediction error, PSO proposes a new combination of µ, Y, and tlag within the search space.



	
The procedure from step 3 to step 8 is repeated (Figure 2C) until a termination criterion for PSO is met. Finally, the optimized combination of µ, Y, and tlag for which the multi-linear regression predicted the variables most accurately is saved. The optimal parameters for the theoretical process model and chemometric model are saved for further validation.







2.7. Improved Model-Based Calibration (IMBC)


In MBC, the predicted glycerol concentration is required to be corrected based on initial glycerol concentration (Equations (11) and (12)), which is a feasible approach since the initial concentration is known. However, in the case of biomass prediction, there is no such correction required. It implies that the fluorescence spectra carry uniform information on biomass regardless of its variation in initial concentrations in different cultivations. In contrast, spectra provide no hint of the variation in initial glycerol. Therefore, the prediction of glycerol concentration in this case is an indirect measurement and is predicted due to its correlation with biomass. A chemometric model can describe this correlation; however, it fails to include the exact level of glycerol the cultivation is initiated with. Theoretically, the correlation between biomass and glycerol is explicitly described by the process model.



An alternative approach of model-based calibration (IMBC) is used to improve glycerol prediction and avoid possible chaotic fluorescence intensities with regard to glycerol concentrations. In this approach, only biomass is predicted with a chemometric model based on 2D fluorescence spectra online. This predicted biomass is used in the theoretical process model to estimate glycerol concentration To obtain the estimated glycerol concentration from the process model in IMBC, the followings are required: initial glycerol and biomass concentrations, process model parameters (µ, Y, and tlag), measurement time, and predicted biomass at the measurement time. The entire process can be completed online because the computation time is comparable to the time required by a chemometric model to predict glycerol. The procedure for IMBC is similar to the MBC presented in Section 2.6 with the minor modifications described in the following steps.




	
Modification 1: The scaling of intensities of spectra is performed (in step 5) to have a better chemometric prediction for glycerol in MBC and is avoided in the IMBC.



	
Modification 2: In the calibration of a chemometric model, the prediction and error calculation for glycerol (in steps 4 and 6b, respectively) are ignored. As a result, PSO evaluates (in step 7) only the sum of the errors from biomass (    X   R M S E P    ) calculated in Equation (13).








The advantage of this approach is that the optimizer solely considers fitting simulated biomass with spectra and is not influenced by the glycerol prediction accuracy. If a certain combination of µ, Y, and tlag leads to a simulated biomass that fits between the features in spectra, then the process model is most certainly able to estimate the glycerol concentration.




2.8. Validation of Model-Based Calibration


To validate whether the proposed model-based calibration approaches estimate the process variables precisely, the conventional procedure is followed. The offline measurements for the cultivations are not used in MBC and IMBC. Instead, whole calibration and cross-validation are performed by using 2D fluorescence spectra and simulated values for process variables. To determine the performance of these approaches, the offline measurements for the variables are used for comparison. The validation is performed in two ways: simulated values and predicted values from both MBC and IMBC.





3. Results


3.1. Initial Conditions of Cultivation


With various concentrations of the process variables, glycerol (1.96–9.17 g/L) and biomass (0.03–0.12 g/L), the initial conditions for each cultivation are displayed in Table 1. The orientation of the initial conditions covers variations in the biomass as well as glycerol concentration independently. Cultivations A1, A2, and A3 were carried out with variations in biomass concentration (0.03–0.12 g/L) and roughly the same concentration of glycerol (9.05–9.17 g/L). In contrast, the biomass concentration was constant (0.03 g/L) and glycerol concentration was varied (1.96–9.17 g/L) among cultivations A3, A4, A5, A6, and A7.




3.2. Optimization of Process Model Parameters


Before being used to calibrate a chemometric model, the theoretical process model must be representative of the behavior of the microorganism in the studied system, which is determined by three process parameters: µ, Y, and tlag. The initial search space investigation follows the same methodology as MBC, where chemometric models are calibrated using fluorescence spectra and the theoretical process model. However, PSO optimized three process parameters in MBC, whereas optimization was not carried out in this case. Instead, one process parameter was held constant at a reasonable value based on previous knowledge, and the remaining two were varied within a certain range.



Figure 3 illustrates how the process parameters influence the calibration of a chemometric model by using the process model, with dark blue representing the lowest test error. Figure 3a shows the test error when tlag was held constant at 4.6 h and µ and Y were varied. Below a µ value of 0.16 h−1, for any Y value, the test error was lower, which does not reflect the actual state of H. polymorpha cultivations. A similar case was observed when Y was held constant at 0.34 gbiomass/gglycerol and µ and tlag were varied. Both cases (Figure 3a,b) had lower test errors in the range of 0.21–0.28 h−1 for µ, pointing to a potential representative area for the cultivations under study. A range of 0.30–0.50 gbiomass/gglycerol for Y was used for MBC and IMBC. Figure 3c shows the test error with varying Y and tlag while µ was held constant at 0.27 h−1, which indicates a reasonable range of 3–6 h for tlag.



Table 2 shows the optimized process parameters obtained from three approaches using the theoretical process model. The key difference between the approaches is the data that was compared with simulated values: for the classical approach, it was offline measurements of glycerol and biomass whereas for the MBC and IMBC, it was chemometric model prediction values, with the latter only for biomass. There is no significant difference between the optimized values for µ and Y derived by the three methods; however, when only biomass prediction was taken into account (IMBC), optimized process parameters were slightly lower. The optimal tlag value for the classical approach was 4.4 h, which was slightly higher than what was observed for the MBC and IMBC. This variation could be explained by the long time interval (6 h) between the two initial offline measurements, whereas fluorescence measurements have a measurement interval of 30 min. The optimized values for tlag from MBC and IMBC, which both used data from spectra, were similar.




3.3. Validation of Model-Based Calibration


Each cultivation was left out of the calibration process once to validate the performance of model-based calibration approaches by using its data. The calibration approaches deliver optimized process parameters and chemometric models for glycerol and biomass prediction simultaneously. The validation was carried out in two ways: to validate if the optimized process parameters represent the left-out cultivation and to validate if the chemometric model can predict process variables from the fluorescence spectra of the left-out cultivation. As a result, the left-out cultivation was simulated with optimal process parameters and initial conditions and then compared to real offline measurements. Similarly, predicted glycerol and biomass concentrations from chemometric models were compared to offline measurements. The validation was repeated seven times to quantify the average root mean squared error (RMSE) across all cultivations, each time leaving out one different cultivation from the calibration.



Table 3 compares the simulated biomass and glycerol concentrations to offline measurements. These simulated values are obtained from the process model by using optimized process parameters with all errors ≤3.6% of the concentration range. The results reflect that the simulated process variables calculated based on MBC and IMBC approaches are close to the real offline measurements despite no offline measurements being used at any stage of analysis. IMBC lowered the error for simulated glycerol (2.4%), however, the error for simulated biomass is increased compared to MBC. Nevertheless, the main goal is to use these simulated values in place of offline measurements as target variables in the chemometric model training process against 2D fluorescence signals as independent variables.



Table 4 presents the validation results for chemometric predictions. The chemometric validation error for biomass showed the same level of error (5.7%) for classical and MBC approaches while IMBC improved it significantly (4.7%). In contrast, glycerol showed a high range of error across different approaches with the classical approach being the worst (8.9%), followed by MBC with no substantial improvement. In contrast, IMBC showed significant improvement in the prediction of glycerol concentration with only a 5.2% error. The results reveal that the prediction results from the classical approach and the MBC are apparently very similar. It confirms that a model-based calibration approach is equally efficient as the classical approach. IMBC took advantage of better prediction of biomass from fluorescence to increase the prediction accuracy for both biomass and glycerol with the lowest prediction errors of 5.2% and 4.7% respectively.



Figure 4 shows the predicted, simulated values validated with offline measurements for the cultivations using MBC. In this approach, the simulated values are aligned with the offline measurements and the prediction of biomass by a principal components regression model (BiomassPCR) followed the trend as the error was 5.7%. However, it is clear that the lower concentrations of glycerol (<2 g/L) were not predicted accurately by the principal components regression model (GlycerolPCR) in all cases and therefore had higher validation error (8.6%).



Figure 5 presents the validation results for the IMBC, where the prediction of biomass (BiomassPCR) was only performed using a chemometric model based on 2D fluorescence spectra. The predicted biomass showed a better fit with both offline and simulated biomass. The predicted biomass concentration was used as an input in the process model to obtain the actual glycerol concentration. Figure 5 shows that the approach is effective in predicting both higher and lower concentrations of glycerol and therefore had a lower prediction error (5.2%).





4. Discussion


For all calibration approaches, the difference between the simulated and the real offline measurements for glycerol and biomass concentrations was ≤3.6% (Table 3). It shows that small variations in the process parameters do not significantly affect the simulated values used to represent the system. However, the chemometric prediction results for biomass are only good when the same simulated values are used to train the chemometric models (classical and MBC). Glycerol is said to rely on the fluorescence of biomass because it does not present on its own. Since glycerol and biomass concentrations in the studied system have a high correlation, 2D fluorescence can be utilized to predict glycerol concentration indirectly through the fluorescence displayed by the biomass. According to Paquet-Durand et al. [18], this indirect calculation causes glycerol’s chemometric prediction error to be larger than that of the biomass. Since only sensor signals are used in model-based calibration approaches to extract information from an actual biosystem, it can be argued that the more process variables that exhibit a response in signals, the better.



In order to calibrate a chemometric model for the growth of S. cerevisiae, Solle et al. [19] used MBC with test errors from biomass, ethanol, and glucose in calibration. Yousefi-Darani et al. [27], in contrast, used MBC to exclusively predict ethanol concentration in S. cerevisiae cultivations from ethanol-sensitive sensor array signals. Only taking the ethanol prediction error into account during calibration led to higher ethanol prediction accuracy. Paquet-Durand et al. [18] calibrated PLS regression models for H. polymorpha using biomass and glycerol error, which is the same method used for MBC in the present study. According to the study [18], glycerol had a relatively high prediction error (9.8%) compared with biomass (4.7%), which is consistent with the findings of the current study utilizing the MBC technique (8.6% and 5.7%, respectively).



Instead of relying on the inferential prediction of glycerol from fluorescence signals, IMBC made use of the interaction between variables as a system defined by a mathematical process model. The results show that the prediction of glycerol and biomass were both improved, with validation errors of 5.2% and 4.7%, respectively. The reason is that the process parameters are optimized from fluorescence spectra in MBC and IMBC. Since glycerol does not show any fluorescence, only the error for biomass was used to find the best combination of process parameters and to calibrate a chemometric model in the IMBC. Similarly, only biomass was predicted during the prediction stage using a chemometric model based on fluorescence signals, which delivers better prediction accuracy. The glycerol concentration was computed with a similar degree of accuracy using the theoretical relation indicated by the mathematical process model.




5. Conclusions


The current study’s objective was to define and implement alternative calibration techniques for chemometric models in order to eliminate the need for a substantial number of offline measurements. The optimized process parameters were obtained directly from 2D fluorescence spectra by exploiting a mathematical process model that explicitly describes the cultivation system of H. polymorpha. In order to train the chemometric models from spectra simultaneously, the simulated values were computed by plugging in the optimum process parameters. Offline measurements were not employed at any stage in the calibration procedure.



A classical approach using offline measurements of glycerol and biomass was also applied to verify the performance of model-based calibration (MBC). The optimized process parameters were obtained by fitting offline measurements against simulated data. The best-fitted simulated data was then used to calibrate chemometric models and predict the process variables from 2D fluorescence spectra. To determine the optimized process parameters and chemometric models for glycerol and biomass concentrations in MBC, 2D fluorescence spectra were used. Only biomass was considered during calibration and prediction in the IMBC, which differs from MBC.



The findings indicate that the classical approach had the largest prediction errors for glycerol (8.9%) and biomass (5.7%), which is similar to that of MBC (8.6% and 5.7%, respectively). With prediction errors of 5.2% for glycerol and 4.7% for biomass, IMBC significantly improved the prediction accuracy while at the same time requiring no offline measurements for training. The cross-validation results demonstrate that model-based calibration approaches can be applied to online state estimation for H. polymorpha cultivation.







Author Contributions


M.B. performed the methodology, software, formal analysis, investigation, visualization, and writing—original draft preparation. O.P.-D. contributed to conceptualization and methodology, and performed the draft review. C.B. carried out cultivation, measurements, and data pre-processing. J.B. supervised the study and supported it with funding acquisition. B.H. supervised the study and played the role of project administration. All authors have read and agreed to the published version of the manuscript.




Funding


The Innovative Medicines Initiative 2 Joint Undertaking (JU) provided funding for this study under grant agreement No. 777397. The JU is supported by the EFPIA partners Bayer, Byondis, GSK, Pfizer, Rentschler Biopharma SE, Sanofi, and UCB as well as the Horizon 2020 research and innovation initiative of the European Union.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data that support the findings of this study are available from the corresponding author upon reasonable request.




Acknowledgments


Not applicable.




Conflicts of Interest


The authors confirm having no known involvement in any organization with any financial interest in the subject and materials presented in this manuscript.




References


	



Clementschitsch, F.; Bayer, K. Improvement of bioprocess monitoring: Development of novel concepts. Microb. Cell Factories 2006, 5, 19. [Google Scholar] [CrossRef] [PubMed]

	



Gonzalez Viejo, C.; Harris, N.M.; Fuentes, S. Quality Traits of Sourdough Bread Obtained by Novel Digital Technologies and Machine Learning Modelling. Fermentation 2022, 8, 516. [Google Scholar] [CrossRef]

	



Alhamdan, A.M. NIR Spectroscopy Assessment of Quality Index of Fermented Milk (Laban) Drink Flavored with Date Syrup during Cold Storage. Fermentation 2022, 8, 438. [Google Scholar] [CrossRef]

	



Harrison, D.E.F.; Chance, B. Fluorimetric Technique for Monitoring Changes in the Level of Reduced Nicotinamide Nucleotides in Continuous Cultures of Microorganisms. Appl. Microbiol. 1970, 19, 446–450. [Google Scholar] [CrossRef]

	



Zabriskie, D.W.; Humphrey, A.E. Estimation of Fermentation Biomass Concentration by Measuring Culture Fluorescence. Appl. Environ. Microbiol. 1978, 35, 337–343. [Google Scholar] [CrossRef]

	



Luong, J.H.T.; Carrier, D.J. On-line measurement of culture fluorescence during cultivation of Methylomonas mucosa. Appl. Microbiol. Biotechnol. 1986, 24, 65–70. [Google Scholar] [CrossRef]

	



Boyer, P.M.; Humphrey, A.E. Fluorometric behavior of a phenol fermentation. Biotechnol. Tech. 1988, 2, 193–198. [Google Scholar] [CrossRef]

	



Brehl, C.; Brass, H.U.C.; Lüchtrath, C.; Böckmann, L.; Ihling, N.; Classen, T.; Pietruszka, J.; Büchs, J. Optimized prodigiosin production with Pseudomonas putida KT2440 using parallelized noninvasive online monitoring. Biotechnol. Prog. 2022, 38, e3245. [Google Scholar] [CrossRef]

	



Assawajaruwan, S.; Kuon, F.; Funke, M.; Hitzmann, B. Feedback control based on NADH fluorescence intensity for Saccharomyces cerevisiae cultivations. Bioresour. Bioprocess. 2018, 5, 24. [Google Scholar] [CrossRef]

	



Marose, S.; Lindemann, C.; Scheper, T. Two-Dimensional Fluorescence Spectroscopy: A New Tool for On-Line Bioprocess Monitoring. Biotechnol. Prog. 1998, 14, 63–74. [Google Scholar] [CrossRef]

	



Ranzan, L.; Trierweiler, L.F.; Hitzmann, B.; Trierweiler, J.O. Avoiding misleading predictions in fluorescence-based soft sensors using autoencoders. Chemom. Intell. Lab. Syst. 2022, 223, 104527. [Google Scholar] [CrossRef]

	



Bayer, B.; von Stosch, M.; Melcher, M.; Duerkop, M.; Striedner, G. Soft sensor based on 2D-fluorescence and process data enabling real-time estimation of biomass in Escherichia coli cultivations. Eng. Life Sci. 2020, 20, 26–35. [Google Scholar] [CrossRef] [PubMed]

	



Berg, C.; Ihling, N.; Finger, M.; Paquet-Durand, O.; Hitzmann, B.; Büchs, J. Online 2D Fluorescence Monitoring in Microtiter Plates Allows Prediction of Cultivation Parameters and Considerable Reduction in Sampling Efforts for Parallel Cultivations of Hansenula polymorpha. Bioengineering 2022, 9, 438. [Google Scholar] [CrossRef]

	



Bonk, S.; Sandor, M.; Rüdinger, F.; Tscheschke, B.; Prediger, A.; Babitzky, A.; Solle, D.; Beutel, S.; Scheper, T. In-situmicroscopy and 2D fluorescence spectroscopy as online methods for monitoring CHO cells during cultivation. BMC Proc. 2011, 5, 76. [Google Scholar] [CrossRef] [PubMed]

	



Claßen, J.; Graf, A.; Aupert, F.; Solle, D.; Höhse, M.; Scheper, T. A novel LED-based 2D-fluorescence spectroscopy system for in-line bioprocess monitoring of Chinese hamster ovary cell cultivations—Part II. Eng. Life Sci. 2019, 19, 341–351. [Google Scholar] [CrossRef]

	



Jose, G.E.; Folque, F.; Menezes, J.C.; Werz, S.; Strauss, U.; Hakemeyer, C. Predicting mab product yields from cultivation media components, using near-infrared and 2D-fluorescence spectroscopies. Biotechnol. Prog. 2011, 27, 1339–1346. [Google Scholar] [CrossRef]

	



Minoshima, W.; Hosokawa, C.; Kudoh, S.N.; Tawa, K. Real-time fluorescence measurement of spontaneous activity in a high-density hippocampal network cultivated on a plasmonic dish. J. Chem. Phys. 2020, 152, 014706. [Google Scholar] [CrossRef]

	



Paquet-Durand, O.; Ladner, T.; Büchs, J.; Hitzmann, B. Calibration of a chemometric model by using a mathematical process model instead of offline measurements in case of a H. polymorpha cultivation. Chemom. Intell. Lab. Syst. 2017, 171, 74–79. [Google Scholar] [CrossRef]

	



Solle, D.; Geissler, D.; Stark, E.; Scheper, T.; Hitzmann, B. Chemometric Modelling based on 2D-Fluorescence Spectra without a Calibration Measurement. Bioinformatics 2003, 19, 173–177. [Google Scholar] [CrossRef]

	



Chen, S.; Yu, Y.-L.; Wang, J.-H. Inner filter effect-based fluorescent sensing systems: A review. Anal. Chim. Acta 2018, 999, 13–26. [Google Scholar] [CrossRef]

	



Kumar Panigrahi, S.; Kumar Mishra, A. Inner filter effect in fluorescence spectroscopy: As a problem and as a solution. J. Photochem. Photobiol. C Photochem. Rev. 2019, 41, 100318. [Google Scholar] [CrossRef]

	



Alemneh, S.T.; Emire, S.A.; Jekle, M.; Paquet-Durand, O.; Hitzmann, B. Development of Fermented Teff-Based Probiotic Beverage and Its Process Monitoring Using Two-Dimensional Fluorescence Spectroscopy. Eng. Proc. 2022, 19, 37. [Google Scholar]

	



Alemneh, S.T.; Emire, S.A.; Jekle, M.; Paquet-Durand, O.; von Wrochem, A.; Hitzmann, B. Application of Two-Dimensional Fluorescence Spectroscopy for the On-Line Monitoring of Teff-Based Substrate Fermentation Inoculated with Certain Probiotic Bacteria. Foods 2022, 11, 1171. [Google Scholar] [CrossRef] [PubMed]

	



Krämer, D.; King, R. On-line monitoring of substrates and biomass using near-infrared spectroscopy and model-based state estimation for enzyme production by S. cerevisiae. IFAC-PapersOnLine 2016, 49, 609–614. [Google Scholar] [CrossRef]

	



Yousefi-Darani, A.; Paquet-Durand, O.; Hitzmann, B. The Kalman Filter for the Supervision of Cultivation Processes. In Digital Twins: Applications to the Design and Optimization of Bioprocesses; Herwig, C., Pörtner, R., Möller, J., Eds.; Advances in Biochemical Engineering/Biotechnology; Springer International Publishing: Cham, Switzerland, 2021; pp. 95–125. ISBN 978-3-030-71656-1. [Google Scholar]

	



Yousefi-Darani, A.; Paquet-Durand, O.; Hinrichs, J.; Hitzmann, B. Parameter and state estimation of backers yeast cultivation with a gas sensor array and unscented Kalman filter. Eng. Life Sci. 2021, 21, 170–180. [Google Scholar] [CrossRef]

	



Yousefi-Darani, A.; Babor, M.; Paquet-Durand, O.; Hitzmann, B. Model-based calibration of a gas sensor array for on-line monitoring of ethanol concentration in Saccharomyces cerevisiae batch cultivation. Biosyst. Eng. 2020, 198, 198–209. [Google Scholar] [CrossRef]

	



Jeude, M.; Dittrich, B.; Niederschulte, H.; Anderlei, T.; Knocke, C.; Klee, D.; Büchs, J. Fed-batch mode in shake flasks by slow-release technique. Biotechnol. Bioeng. 2006, 95, 433–445. [Google Scholar] [CrossRef]

	



Kennedy, J.; Eberhart, R. Particle swarm optimization. In Proceedings of the ICNN’95-International Conference on Neural Networks, Perth, WA, Australia, 27 November 27–1 December 1995; IEEE: Perth, WA, Australia, 1995; Volume 4, pp. 1942–1948. [Google Scholar]

	



Van Rossum, G.; Drake, F., Jr. Python Tutorial; Technical Report CS-R9526; Centrum voor Wiskunde en Informatica (CWI): Amsterdam, The Netherlands, 1995. [Google Scholar]








[image: Fermentation 09 00095 g001 550] 





Figure 1. Classical least-squares approach to optimize the mathematical process model parameters for batch cultivation of H. polymorpha using offline data. The following are represented by different symbols: µ for the growth rate, Y for the yield factor, tlag for the lag time, G and X for the concentrations of glycerol and biomass; Gsim, Xsim for simulated concentrations of glycerol and biomass; and Goff and Xoff for offline measurements of glycerol and biomass, respectively, PSO is the particle swarm optimization algorithm. Section A displays the offline data acquired during cultivation, Section B shows the initial and optimized process model parameters, and Section C illustrates the optimization process. The objective of the optimization was to minimize the sum of error (SE). The embedded graphs do not represent actual results; they are used for visualization. 






Figure 1. Classical least-squares approach to optimize the mathematical process model parameters for batch cultivation of H. polymorpha using offline data. The following are represented by different symbols: µ for the growth rate, Y for the yield factor, tlag for the lag time, G and X for the concentrations of glycerol and biomass; Gsim, Xsim for simulated concentrations of glycerol and biomass; and Goff and Xoff for offline measurements of glycerol and biomass, respectively, PSO is the particle swarm optimization algorithm. Section A displays the offline data acquired during cultivation, Section B shows the initial and optimized process model parameters, and Section C illustrates the optimization process. The objective of the optimization was to minimize the sum of error (SE). The embedded graphs do not represent actual results; they are used for visualization.



[image: Fermentation 09 00095 g001]







[image: Fermentation 09 00095 g002 550] 





Figure 2. Illustration of model-based calibration procedure to obtain optimized process parameters and chemometric model from 2D fluorescence spectra and initial glycerol (G) and biomass (X) shown in section (A) No other information from actual cultivations is required. Section (B) serves as input for the main optimization cycle carried out in section (C) with the initial parameters for the theoretical process model and the corresponding search space constraints. PSO is performed to find optimum process parameters and chemometric models with the objective of minimizing the sum of errors (SE). The embedded graphs are only for visualization purposes; they do not represent actual results. 
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Figure 3. Search space for the parameters for the mathematical process model of H. polymorpha cultivation where: (a) tlag was held constant at 4.6 h, (b) Y was held constant at 0.34 gbiomass/gglycerol, and (c) µ was held constant at 0.27 h−1. The red rectangles are showing the possible optimum regions with a range of 0.21–0.28 h−1 for growth rate (µ), 0.30–0.40 gbiomass/gglycerol for yield factor (Y) and 3–6 h for lag time (tlag). 
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Figure 4. Validation of chemometric model (PCR) from 2D fluorescence spectra calibrated by the MBC approach to predict biomass (BiomassPCR) and glycerol (GlycerolPCR) aligned with offline measurements from seven cultivations (A1–A7) and with the different initial conditions presented in Table 1. 
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Figure 5. Offline measurements from seven cultivations (A1–A7) are presented along with the chemometric model prediction of biomass and the process model estimation of glycerol according to the IMBC. 
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Table 1. Initial glycerol and biomass content of the cultivations.
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	Cultivations
	Initial Glycerol [g/L]
	Initial Biomass [g/L]





	A1
	9.16
	0.12



	A2
	9.05
	0.07



	A3
	9.17
	0.03



	A4
	7.37
	0.03



	A5
	5.54
	0.03



	A6
	3.78
	0.03



	A7
	1.96
	0.03
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Table 2. Optimized process model parameters obtained in different approaches.
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	Approach
	Source of Data
	µ [h−1]
	Y [gbiomass/gglycerol]
	tlag [h]





	Classical
	Offline measurements
	0.268
	0.339
	4.4



	MBC
	2D fluorescence spectra
	0.261
	0.334
	3.9



	IMBC
	2D fluorescence spectra
	0.247
	0.317
	3.8
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Table 3. Validation of simulated values with offline measurements. The simulated glycerol and biomass were used to train the chemometric model and to perform the principal components regression (PCR); these were different for the approaches due to the variation in optimized process parameters.
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Approach

	
Biomass RMSE

	
Glycerol RMSE




	
[g/L]

	
[% Range]

	
[g/L]

	
[% Range]






	
Classical

	
0.10

	
3.0

	
0.22

	
2.4




	
MBC

	
0.09

	
2.6

	
0.29

	
3.1




	
IMBC

	
0.13

	
3.6

	
0.22

	
2.4
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Table 4. Cross-validation of predicted glycerol and biomass concentrations with offline measurements. The prediction was performed by the chemometric model (PCR) trained with simulated glycerol and biomass concentrations. In the case of IMBC, the glycerol concentration was indirectly predicted from the process model by using the predicted biomass.
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Approach

	
Biomass RMSE

	
Glycerol RMSE




	
[g/L]

	
[% Range]

	
[g/L]

	
[% Range]






	
Classical

	
0.20

	
5.7

	
0.82

	
8.9




	
MBC

	
0.20

	
5.7

	
0.79

	
8.6




	
IMBC

	
0.16

	
4.7

	
0.48

	
5.2
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