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Executive Summary 

Deliverable 4.3 presents the initial mathematical models developed to simulate 
the VALORISH zero- waste biorefinery's core processes. These models serve as 
foundational tools for Multidisciplinary Design Optimisation (MDO), 
Technoeconomic Assessment (TEA), Life Cycle Assessment (LCA), and pilot-
scale engineering. Across all models, the target Key Performance Indicator (KPI) 
is a deviation of less than 15% from experimental data. The document presents 
preliminary models of the main biorefinery processes: solvent-based oil 
extraction; proteolytic fermentation; secondary fermentation to produce high-
value products; processing of fish bones for collagen extraction and calcination 
to produce hydroxyapatite; and, finally, anaerobic digestion of residues. The 
models vary in maturity due to pending experimental data. The most mature are 
the fish oil extraction models for supercritical fluid extraction (SFE), subcritical 
water extraction (SWE), and natural deep eutectic solvents (NADES), which have 
been successfully developed and calibrated using laboratory-scale data. All 
models met the KPI, with average errors well below 15%. For fermentation 
processes, comprehensive systems of ordinary differential equations (ODEs) 
were developed for both proteolytic fermentation (producing Fish Protein 
Hydrolysates) and secondary fermentation to obtain high-value bioproducts 
(Astaxanthin, Bacteriocins, and Vitamin B12). Due to pending experimental data, 
these dynamic models were cross- validated and demonstrated using parameters 
from specialised literature. Finally, for side-stream valorisation, baseline 
conceptual frameworks and mass balances were defined for 
upstream/downstream processing, fishbone valorisation (collagen extraction and 
calcination for hydroxyapatite), and anaerobic digestion. The next phase of 
modelling will focus on transitioning these foundational frameworks into fully 
calibrated predictive tools by integrating upcoming experimental data. Key 
priorities include validating the scale- up models at the pilot level (TRL 5) and 
structurally unifying the individual unit operations into a single, holistic biorefinery 
simulation framework. 

 
Figure ES1. Current level of development for each module's model developed in this deliverable. 
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Introduction 

The VALORISH project develops innovative and sustainable biotechnological 
strategies for the valorisation of fish waste residues and by-products through a 
green, cascade-based biorefinery approach. These residues, which are often 
discarded or underutilised, represent a valuable source of proteins, lipids and 
other biomolecules that aid the transition to a circular economy.  

The modules encompassed within the VALORISH biorefinery approach are 
shown in Figure 1. The block flow diagram (BFD) demonstrates the 
transformation of raw fish residues into six high-value bioproducts and renewable 
energy (Figure 1, shown in yellow), while effectively eliminating waste. The 
process uses two main by-products from the fish industry: soft tissue by-products 
(with high and low oil content) and fish bones, represented in green in Figure 1. 
The biorefinery approach is designed to process these categories of by-products 
through two specialised streams. In the first stream, depending on the oil content 
within the soft tissue fraction, it first undergoes a series of treatments to produce 
purified oils. Then, the remaining soft tissue residues from this process, along 
with other soft tissue by-products with lower fat content, are subjected to 
proteolytic fermentation. This results in the production of fish protein hydrolysates 
(FPH). These FPHs are then used as substrates in microbial fermentation 
systems to yield high-added-value bioproducts. Within the context of VALORISH, 
the bioproducts will include vitamin B12, astaxanthin, and bacteriocins (Figure 1 
(in yellow)). Residual solids from the proteolytic fermentation step are then 
converted into biogas through anaerobic digestion. In parallel, the hard structural 
waste undergoes a targeted collagen extraction and separation process, while 
the remaining mineral residue is thermally calcined to produce pure 
hydroxyapatite. Given the complexity and interdependence of these processes, 
a mathematical modelling framework is required to support process integration, 
optimisation, and scale-up. 

Within this framework, Task 4.3 aims to create an integrated mathematical 
framework that can simulate VALORISH's core processes that are mentioned 
above and shown in Figure 1 (shown in lavender colour), comprehensively. To 
achieve this, partners conducting experimental tasks must provide data to 
calibrate and validate the simulation models. PESCANOVA is responsible for 
providing information on feedstock characteristics. ANFACO provides 
information on pretreatment, oil extraction, protein hydrolysis and downstream 
processing. SINTEF is responsible for experimental methodologies for producing 
bioproducts. RINA is responsible for the calcination process. NOFIMA is 
responsible for the collagen extraction process. BIOTREND is responsible for 
experimental results on a pilot scale. The outputs of this task are D4.3 (this 
deliverable), D4.5 and D4.7. The target for the developed models is a deviation 
from the experimental data of less than 15%. Information that is not available 
from the partners will be obtained from the literature. 
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Figure 1. Block Flow Diagram (BFD) of the VALORISH zero-waste biorefinery process.
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Task T4.3 was initiated with a literature review of the most representative modelling 
frameworks, kinetic equations, and parameterisation approaches reported in the 
literature for technologies similar to the core modules of the VALORISH project (Figure 
1). This analysis allowed us to define preliminary conceptual models for each 
technology. These models were then refined and contextualised through discussions 
with the partners responsible for each module. Based on the initial conceptual 
modelling phase, process models have been defined for the main VALORISH 
technologies presented in Figure 1.  

This deliverable presents the initial development of process models at the module 
level, reflecting the current availability of experimental data. Each independent module 
presented should be considered as a provisional version pending integration of 
forthcoming laboratory data. Upon the completion of all experimental testing, the 
model will be updated into a unified, holistic framework. Finally, this unified model will 
serve the following purposes:  

1) As an input for the MDO (T4.4), enabling the identification of optimal process 
parameters to maximise the outputs with minimal use of resources.  

2) To have a simulation tool that will help to produce data for the technoeconomic 
assessment (T6.2).  

3) Supplying harmonised and process-based inventory data for the life cycle 
assessment (LCA) analysis (T6.1).  

4) To provide the necessary data for the development of the documentation for 
the basic design and engineering of the pilot equipment (T5.1).  

1. Fish oil extraction 

Fish and fish by-products are the main natural source of omega-3 polyunsaturated 
fatty acids, which have a great importance in the food and pharmaceutical industries1. 
Some of the conventional fish oil extraction processes are cold extraction, wet 
rendering, hydrolysis or enzymatic extraction1. 

Within the VALORISH project framework, for the fish oil extraction process, other 
alternatives have been considered based on their sustainability rather than traditional 
methods; however, conventional methods (hydrolysis and wet rendering) have been 
tested. Different feedstocks have been studied for each one of these greener 
alternatives. The considered ‘novel’ extraction processes are: 

- Supercritical Fluid Extraction (SFE): This technique uses carbon dioxide in a state 
above its critical temperature and pressure because it acts with the density of a 
liquid and the viscosity of a gas. It also operates at low temperatures, avoiding 
fish-oil degradation, and it is also easy to separate from the extract by 
depressurising the system. The feedstocks used for SFE are lyophilised salmon 
by-products and lyophilised sardine by-products. 
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- Subcritical Water Extraction (SWE): SWE employs liquid water between its boiling 
point and its critical point under sufficient pressure to keep it in a liquid state. For 
SWE, the tested feedstock is fresh salmon head. 

- Natural Deep Eutectic Solvents (NADES) extraction: They have emerged as green 
alternatives to conventional organic solvents because of their biodegradability, 
economic sustainability, low toxicity, and enhanced extraction selectivity2. 

It is also necessary to mention that the SFE will be scaled up across the project's 
considered options, and its modelling will be more detailed than that of the others. This 
decision has been made because another stage of the VALORISH biorefinery 
(Anaerobic digestion, section 5) produces CO2 as a by-product, which enhances 
overall circularity. Additional advantages include higher extraction yields and 
specificity achieved, reduced thermal degradation, as SFE operates at low 
temperatures (avoiding the degradation of the fish oil as well as other valuable 
bioproducts like astaxanthin), and the ease of separating carbon dioxide from the 
extracted fish oil. 

To note that SFE requires dried material, and to prevent thermal degradation, freeze-
drying is preferred over conventional drying techniques. 

1.1 Fish oil extraction using scCO2 

The fish oil extraction using the scCO2 process comprises an extraction unit that 
operates at a specified temperature and pressure (T3, P3) and a multi-stage 
compression train with intermediate cooling.  

 

Figure 2. Block diagram for the fish oil extraction using scCO2. 

The block diagram for the fish oil extraction process using SFE can be found in Figure 
2 and it follows the next steps: 

- The CO2 from the storage is compressed in a multi-stage compression train (up 
to P2 and T2), to satisfy the extraction pressure (P3). The multi-stage compression 
train with intermediate cooling is required, as the extractor operates at very high 
pressures, making one-step compression economically unfeasible. 

- After the compression, there is an additional heat exchanger that will condition 
the carbon dioxide to the extractor operating temperature (T3), because the CO2 
will be at a higher temperature 

- The extraction will operate in batch mode over a defined period, which will be an 
optimisation variable, along with the CO2 flow and extraction conditions. After the 
extraction time, the extracted oil can be separated almost ideally from the CO2 via 
depressurisation of the mixture, and the solid biomass is sent to the next step. 
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1.1.1 CO2 compression 

The compression energy of a compressor is calculated using the following equation3: 

 𝑊 = 𝑚̇ ∙ (
𝑛

𝑛 − 1
) ∙

𝑅

𝑀𝑊
𝑇𝑖𝑛 ∙ (𝑟

𝑛−1
𝑛 − 1) (1-1) 

Where: 

- 𝑊 is compression energy (W). 

- 𝑚̇ is the mass flow (kg/s). 

- 𝑅 is the ideal gas constant (8.314 J/mol · K). 

- 𝑀𝑊 is the gas molar weight, in this case 44 g/mol. 

- 𝑟 is the compression relation in a single-stage. 

- 𝑛 is the ratio of the specific heats (Cp/Cv), where Cp is the mean specific heat at 
constant pressure and Cv is the mean specific heat at constant volume. 

The compression relationship is calculated using the number of compression stages 
(NE), since it is a multi-stage compression train. 

 𝑟 = (
𝑃2

𝑃1
)

1/𝑁𝐸

 (1-2) 

The outlet temperature of the compressor (𝑇𝑖) is obtained by using the next equation3:  

 𝑇𝑖 = 𝑇𝑖𝑛 ∙ 𝑟
𝑛−1

𝑛  (1-3) 

The cooling required after one compression step is calculated using an energy balance 
in the heat exchanger3: 

 𝑄 = 𝑚𝐶𝑂2
̇ ∙ 𝑐𝑝 ∙ (𝑇𝑖 − 𝑇𝑖𝑛𝑡)  (1-4) 

Where: 

- 𝑄 is the cooling energy required (kW). 

- 𝑇𝑖 is the outlet temperature of the compressor, i.e., the heat exchanger feed 
temperature.  

- 𝑇𝑜𝑏𝑗 is the discharge temperature of the heat exchanger, and the feed temperature 

to the next compression stage. 

 

1.1.2 Oil extractor  

First, to situate the model’s approach, it is necessary to define the apparent solubility 
parameter, which is essential in the model. 
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 𝑆 [
𝑘𝑔 𝑜𝑖𝑙

𝑘𝑔 𝐶𝑂2
] =

𝑚𝑒

𝑚𝐶𝑂2

=
𝑚𝑎𝑠𝑠 𝑜𝑓 𝑜𝑖𝑙 𝑑𝑖𝑠𝑜𝑙𝑣𝑒𝑑

𝑚𝑎𝑠𝑠 𝑜𝑓 𝐶𝑂2
 (1-5) 

The oil solubilization kinetics in scCO2 have been estimated from experimental data 
by using the Chrastil equation4,5 introducing an additional term to make this solubility 
time-dependent, since it works in batch mode. The solubility calculation follows the 
following equation: 

 ln 𝑆 = 𝑘 ∙ ln 𝜌 +
𝑎

𝑇
+ 𝑏 ∙ 𝑡𝑐   (1-6) 

Where: 

- 𝑆 is the apparent solubility defined in equation (2-5). 

- 𝜌 is the solvent (CO2) density at the operating conditions (kg/m3). 

- 𝑇 is the operating temperature (K). 

- 𝑡 is the extraction time (min). 

- 𝑘, 𝑎 , 𝑏 𝑎𝑛𝑑 𝑐 are empirically fitted coefficients. 

 The density of the supercritical fluid is also calculated by using an empirical 
equation5: 

 𝜌 =
𝐴 + 𝐵 ∙ ln 𝑇 + 𝐶 ∙ (ln 𝑇)2 + 𝐷 ∙ 𝑃 + 𝐸 ∙ 𝑃2

1 + 𝐹 ∙ ln 𝑇 + 𝐺 ∙ (ln 𝑇)2 + 𝐻 ∙ 𝑃 + 𝐼 ∙ 𝑃2
 (1-7) 

In equation (2-7), T refers to T3 (K) and P3 (kPa) in Figure 2. 

Table 1. Parameters for equation (1-7)5. 

Coefficient Tuned coefficient 

A 153.3851466 

B -53.044601 

C 4.568413346 

D 0.007191632 

E 2.43117×10−5 

F −0.3524432 

G 0.03140435 

H 7.49768×10−5 

I 2.38083×10−8 

The total mass of CO2 used for a complete extraction process (time tf) is: 

 𝑚𝐶𝑂2
(𝑡) = 𝑚6̇ ∙ 𝑡𝑓 (1-8) 

The fish oil extracted mass (me) at instant t is obtained by combining equations (1-5) 
and (1-8):  

 𝑚𝑒(𝑡) = 𝑚6̇ ∙ 𝑡 ∙ 𝑆(𝑡) (1-9) 
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Regarding the nomenclature in  Figure 2 the mass balance for the components in the 
extractor is defined as follows: 

 𝑚𝑐𝑜𝑚𝑝,4 = 𝑚𝑐𝑜𝑚𝑝,6 + 𝑚𝑐𝑜𝑚𝑝,5 (1-10) 

Where 𝑚𝑐𝑜𝑚𝑝,5 takes the value of the equation (1-11) at time t, in the case of fish oil. 

For the rest of the components 𝑚𝑐𝑜𝑚𝑝,5 is 0, as they do not interact with the 

supercritical gas phase, and they remain in the solid phase. 

1.1.3 Parameter estimation 

For the fish oil extraction using SFE, there are two available feedstock datasets: 
Lyophilised salmon by-products and lyophilised sardine by-products. The measured 
variables for each dataset are: 

- Feedstock mass. 

- Feedstock composition. 

- Temperature. 

- Pressure. 

- Extraction time. 

- Extracted oil. 

- scCO2 flow. 

The procedure to estimate the solubility parameters based on the available lab-scale 
data is: 

1) Calculate CO2 density using equation (1-7), as temperature and pressure are 
inputs. 

2) Calculate total CO2 mass using equation (1-8). 

3) Calculate the apparent solubility of the extracted oil using the dataset and the 
calculated total CO2 mass. 

4) Use the equation (1-6) to calculate the apparent solubility as a function of the 
empirically fitted coefficients (k, a, b, and c). 

These steps must be performed for each experiment or data point available. The 
adjustment will be done following the Least Squares method6, where the following 
objective function is minimised by varying the adjustable parameters: 

 min (∑(𝑆𝑒𝑥𝑝 − 𝑆𝑐𝑎𝑙𝑐)
2

𝑛

𝑖

) (1-12) 

In Figure 3, the Least Squares Regression Line (LSRL) for the lyophilised salmon by-
products oil extraction using scCO2 (SFE) is shown, having a regression coefficient of 
0.9965, which means that the model predicts the behaviour of the extraction process 
quite well. 
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Table 2. Fish oil extraction using scCO2 parameters. 

Feedstock 
Lyophilised salmon by-
products 

Lyophilised sardine by-
products 

k 5.591901123 7.091319816 

a -2190.428187 -593.9093187 

b -38.10709653 -53.91527082 

c 0.017743153 0.019944568 

 

Figure 3. LSRL Lyophilised salmon by-products oil extraction using SFE. 

Out of 26 experiments on the lyophilised salmon by-product oil extraction using scCO2, 
21 have a mean error between the calculated and measured solubility of less than 
15% (the GA's set KPI for process models). The remaining 5 experiments have a mean 
error between 15% and 20%. The mean error across all experiments (including those 
with >15%) is 8.5%, which is also valid for the set KPI. 

In Figure 4, the LSRL for the fish oil extraction experiments using sardine as the 
feedstock is shown. In this case, the regression coefficient is 0.9852, slightly lower 
than the corresponding coefficient in the salmon case. For sardine, fewer data points 
are available (13 experiments), as this process stage will be scaled up only for salmon 
by-products. It is also important to note that all sardine experiments were conducted 
for the same duration (15 min). The regression coefficient is the same whether the 
parameter ‘c’ is changed or set it to 0. 

Regarding the mean error, this feedstock has a higher value than salmon by-products. 
For one data point, a mean error of 63% has been calculated, which may be an outlier 
or a measurement error since it does not follow the trend of the other points. Even 
considering this outlier, the mean error for all sardine by-product oil extractions is lower 
than 15% (12%). 
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Figure 4. LSRL Lyophilised sardine by-products oil extraction using SFE. 

1.1.4 Fish oil extraction simulation (with scCO2) 

Using the developed models, a simulation of fish oil extraction with scCO2 has been 
carried out. 

This simulation aims to compare the performance of the fish oil extraction using scCO2 
under different operating conditions. In this case, pressure has been chosen as the 
variable that will change across simulations, as it is likely the most critical 
(compression and cooling costs are likely to be high).  

The model is run under five different pressures: 200, 300, 400, 500 and 550 bar, which 
are a range of arbitrary values valid for these experiments. The other simulation inputs 
are shown below, in Table 3. These inputs are based on the SFE experiments 
performed by ANFACO. 

Table 3. Fish oil extraction using SFE inputs. 

Input (units) Value 

Feedstock mass (kg) 0.038 

Xoil (oil fraction in feedstock) 0.5533 

CO2 flow (L/min) 3 

Extraction temperature (ºC) 50 

Intermediate temperature (ºC) 50 

Compression stages 3 

Extraction time (min) 60 

It is important to define the extraction yield, a metric that will be represented in Figure 
5. This yield is defined as:  
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 𝑌𝑖𝑒𝑙𝑑 (%) =
𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑓𝑖𝑠ℎ 𝑜𝑖𝑙 𝑚𝑎𝑠𝑠

𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑓𝑖𝑠ℎ 𝑜𝑖𝑙 𝑚𝑎𝑠𝑠
∙ 100 (1-13) 

Figure 5 shows the evolution of the extraction yield over time for different extraction 
pressures. As expected, the extraction yield increases with pressure, but the rate of 
increase diminishes as pressure rises. The largest performance increase is from 200 
to 300 bar, while increasing the pressure from 400 to 500 bar improves performance, 
though to a lesser extent. This simulation will be considered in future model-based 
optimisations and process design, as it provides an indication of the extraction yields 
and consumption under different operating pressures. When the economic features 
are implemented in T6.2, it will be possible to define the optimal operating conditions 
for the fish oil extraction. 

 

Figure 5. Fish oil SFE yield evolution. 

Table 4. Fish oil SFE simulation results. 

Pressure 
(bar) 

Oil extracted 
mass (kg) 

Yield 
(%) 

Compression 
work (kW) 

Total cooling 
(kW) 

200 0.009342 44.43 17.28 16.34 

300 0.012335 58.67 19.72 18.73 

400 0.014243 67.74 21.41 20.41 

500 0.015552 73.97 22.81 21.69 

550 0.016063 76.40 23.26 22.24 
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There are other important parameters to consider besides yield, such as the 
compression and cooling energy for CO2 compression (shown in Table 4), as they will 
affect capital expenditure for building and setting up the plant (CAPEX) and 
operational costs during its working life (OPEX). 

1.2 Fish oil extraction using subcritical water 

1.2.1 Model definition 

In the case of fish oil extraction using subcritical water, the solubility equation has been 
modified to account for the absence of water flow, which means that the solvent mass 
does not vary with time, and to consider the relationship between the feedstock and 
the solvent. 

 𝑙𝑛(𝑆) = 𝑘 𝑙𝑛(𝜌𝑤𝑎𝑡𝑒𝑟) +
𝑎

𝑇
+ 𝑏 ∗ 𝑡𝐶 + 𝑑 ∗ (

𝑆𝑜𝑙𝑣𝑒𝑛𝑡 𝑚𝑎𝑠𝑠

𝐹𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 𝑚𝑎𝑠𝑠
) (1-14) 

1.2.2 Parameter estimation and results’ analysis 

The water density will depend on its temperature, and it is obtained from an online 
digital tool7. The steps for calculating the experimental solubility will be quite similar to 
those for the SFE case, as will the parameter adjustment method. It is important to 
note that the feedstock’s moisture content will be considered in the solvent mass 
(water). For the fish oil extraction using subcritical water experiments, only one 
feedstock has been considered, which is salmon by-products (as explained in D1.2). 

The results for the equation (1-14) parameters are shown in Table 5 and Figure 6. 

 

Figure 6. LSRL fresh salmon head oil extraction using SWE. 

R² = 0.9919

0.E+00

1.E-02

2.E-02

3.E-02

4.E-02

5.E-02

0.E+00 1.E-02 2.E-02 3.E-02 4.E-02 5.E-02

C
a
lc

u
la

te
d
  
S

  

Experimental S

Least Square Regression Line (Fresh salmon head)



 
 
D4.3 Report of the initial mathematical model of the process 
Version v1.0 

 

19 

Table 5. Fish oil extraction using subcritical water parameters. 

Feedstock Salmon by-products 

k -38.392236 

a 4436.63163 

b 248.310731 

c -0.00063404 

d -0.22010181 

As in the previous extraction experiments, the fish oil extraction using subcritical water 
has yielded a high regression coefficient (0.996), with an average mean error of 13% 
between the experimental solubility and the calculated one (below the 15% set KPI). 

1.3 Fish oil extraction using NADES 

1.3.1 Model definition 

In the case of fish oil extraction using NADES, the process is governed by the solvent's 
complex physical properties. The solubility model is also based on a modified Chrastil 
equation that incorporates a viscosity term along with density and an extraction time 
factor to account for extraction kinetics. 

 ln 𝑆 = 𝑘 ∙ ln 𝜌 +
𝑎

𝑇
+ 𝑏 ∙ 𝑡𝑐 + 𝑑 ∙ 𝜇𝑁𝐴𝐷𝐸𝑆 + 𝑒 ∙ 𝑊𝑎𝑡𝑒𝑟 % (1-15) 

Where 𝜇𝑁𝐴𝐷𝐸𝑆 is the solvent dynamic viscosity (Pa·s), and d is the parameter included 
to adjust the viscosity’s influence. It also includes parameter ‘e’ to consider the water 
content of the NADES. This water content will also include the feedstock’s water if it 
is fresh. 

Given the available experimental data, the apparent solubility is defined as in the 
previous cases, using the total solvent mass rather than CO2 or water. 

The solvent mass must account for all components that form the eutectic mixture, 
including the Hydrogen Bond Acceptor (HBA), the Hydrogen Bond Donor (HBD), and 
water, if included in the solvent. 

 𝑆𝑜𝑙𝑣𝑒𝑛𝑡 (𝑔) = 𝑚𝑊𝑎𝑡𝑒𝑟(𝑔) + 𝑚𝐻𝐵𝐴 (𝑔) + 𝑚𝐻𝐵𝐷 (𝑔) (1-16) 

The properties of the NADES, specifically density and viscosity, are critical for 
equation (1-14). Density is conventionally defined as the ratio of total mass to total 
volume. The baseline viscosity of the NADES at standard temperature (25ºC) can be 
estimated using a mixing rule based on the mass fractions of its pure components (1-
16)8: 

 𝜇𝑁𝐴𝐷𝐸𝑆25º𝐶 = 𝑋𝐻𝐵𝐴 ∙ 𝜇𝐻𝐵𝐴 + 𝑋𝐻𝐵𝐷 ∙ 𝜇𝐻𝐵𝐷 (1-17) 

Since viscosity is highly sensitive to thermal changes, it must be corrected for the 
actual extraction temperature using an Arrhenius-type relationship9: 
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 𝜇𝑁𝐴𝐷𝐸𝑆(𝑇) = 𝜇𝑁𝐴𝐷𝐸𝑆25º𝐶 ∙ exp (
𝐸𝑎

𝑅
∙ (

1

𝑇
−

1

298.15
)) (1-18) 

1.3.2 Parameter estimation and results’ analysis 

The steps for calculating experimental solubility and estimating the empirical 
parameters will follow the same Least Squares adjustment method detailed for the 
SFE and SWE cases, where the objective function (equation (1-12)) is minimised for 
each dataset. 

The two considered feedstocks are fresh and dried salmon. They are characterised 
by high water-content variability, making it difficult to adjust a parameter under these 
conditions. 

Table 6. Fish oil extraction using NADES parameters. 

Feedstock Fresh salmon Dried salmon 

k -0.7355 -1.0495 

a 282.2240 1724.1806 

b 223.3023 223.3023 

c -6633.4177 -6633.4177 

d 0.0373 -0.9103 

e -0.2030 -0.0085 

 

Figure 7. LSRL fresh salmon oil extraction using NADES. 

Parameters b and c look to be the same between different feedstocks; it could be 
because the Solver makes C a large negative number, so the effects of this term (𝑏 ∙
𝑡𝑐) is not significant in the overall equation, since it is set to zero by the Solver. 
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Figure 7 shows the LSRL for the fish oil extraction using NADES with fresh salmon as 
the feedstock. This adjustment has a regression coefficient (R2) of 0.9896 while having 
an average mean error of 8%, showing high reliability. 

For dried salmon oil extraction using NADES, there were fewer experiments than for 
fresh salmon. Figure 8 shows the resulting regression function, which also has a high 
regression coefficient (0.9843). The average mean error for this feedstock is 9.75%, 
which is lower than the set KPI (15%) for the process models. 

 

Figure 8. LSRL dried salmon oil extraction using NADES. 

2. Proteolytic fermentation 

As previously introduced, the VALORISH biorefinery approach initially processes soft-
tissue fish by-products through two streams. The first stream is treated depending on 
oil content to produce purified oils, as described in the section above. The remaining 
residues from this extraction, along with the lower-fat by-products stream, are then 
subjected to proteolytic fermentation. 

Fermentation is traditionally used to increase the shelf life of fish products by 
producing specific bacterial metabolites, enhancing the quality of protein hydrolysates, 
and generating antioxidant, antibacterial, and antifungal compounds. In this kind of 
process, microorganisms are introduced to the fish biomass, which secrete proteases 
(protein-cleaving enzymes) that break down long and complex protein chains into 
smaller, soluble and easily digestible bioactive peptides and free amino acids (also 
known as protein hydrolysates or, in the case of fish by-products, as FPH)10. This 
technology is safe, energy-efficient, and environmentally friendly, as the process has 
a low environmental impact and reduces the challenges of fish waste management 
and disposal. Thus, appearing very promising for future applications11. 
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Provided all the advantages of these pathways and the need to manage and valorise 
fish protein waste, process modelling of proteolytic fermentation appears as a 
cornerstone for scaling up from laboratory flask experiments to industrial bioreactors, 
translating the biological behaviour of the system and the bacteria (candidate strains 
previously selected through computational screening in D4.1) into mathematical 
equations to predict, optimise, and control fermentation. 

In the following sections, we discuss how these models have been proposed and 
implemented, showcasing the equations, parameters, and assumptions used, as well 
as the methodologies employed to calibrate and validate the model, perform data 
fitting to determine relevant parameters, and conduct a sensitivity analysis to identify 
the most critical parameters in characterising this process. 

2.1 Model development for proteolytic fermentation 

To start developing this model, we are using a system of ordinary differential equations 
(ODEs) that consists of the mass and energy balances (introduced in Annex A1.5 but 
not yet implemented at this stage of the project) for each component in our system, 
which, in turn, includes the kinetic equations for each of the components just 
introduced. For this purpose, we assume a continuously stirred tank reactor (CSTR) 
operating in batch mode. A CSTR is a closed system in which the feedstock and 
bacteria are placed in the reactor, which is then closed, and the reaction takes place. 
During the operation, nothing enters or leaves the reactor in the liquid-solid matrix, 
and its total volume remains constant. These mass balances are developed in the 
following subsection based on the fundamentals introduced in Annex A1. 

2.1.1 Mass balances 

Assuming we have two kinds of substrates12, for instance, glucose (G) and peptides 
(P), we need a dual-substrate model with an inhibition term, meaning that high glucose 
inhibits peptide consumption. An additional term, N-dependent, has been added to the 
equations to account for total assimilable nitrogen as a substrate (often referred to as 
FAN – Free Amino Nitrogen). The balance for this amino nitrogen is developed below, 
along with the other substrates. 

The bacterial growth for each of these substrates can be represented as follows: 

• Total growth:  𝜇𝑡𝑜𝑡𝑎𝑙 =  𝜇g + 𝜇p (2-1) 

• Growth in glucose:     𝜇g =  𝜇𝑚𝑎𝑥,𝑔 ∙
𝐺

𝐾𝐺+𝐺
∙

𝑁

𝐾𝑁+𝑁
  (2-2) 

• Growth in peptides:    𝜇p =  𝜇𝑚𝑎𝑥,𝑝 ∙
𝑃

𝐾𝑃+𝑃
∙

𝑁

𝐾𝑁+𝑁
 ∙  

𝐾𝐼

𝐾𝐼+𝐺
  (2-3) 

Where G, P, and N are the concentrations of each substrate used by the bacteria, and 
KG, KP, and KN are the Monod parameters. Here, KI is the inhibition constant. Note that 
if glucose concentration is high, the inhibition fraction becomes very small, thereby 
shutting down peptide growth. As glucose drops to zero, the fraction tends to one, and 
peptide consumption takes over13. 

The substrates' mass balances are as follows: 
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𝑑𝐺

𝑑𝑡
=  −𝑌𝐺 𝑋⁄ 𝜇𝑔𝑋 − 𝑚𝐺𝑋 (2-4) 

𝑑𝑃

𝑑𝑡
=  −𝑌𝑃 𝑋⁄ 𝜇𝑝𝑋 − 𝑚𝑃𝑋 + 𝑟ℎ𝑦𝑑 

(2-5) 

Note that the first term of the peptides balance corresponds to the peptides consumed 
by the bacteria to grow, the second is the peptides used by the bacteria for 
maintenance, and the last, 𝑟ℎ𝑦𝑑, is the rate at which the protein is hydrolysed, and 

therefore the rate at which peptides are produced, as developed in the protein mass 
balance below.  

When bacteria die in the reactor (represented by the specific cell death rate, kd, in 
equation 2-1), their walls break (cell lysis), and they spill their contents back into the 
fermentation pool, allowing nitrogen to be recycled into the system to create new 
cellular mass. The balance of nitrogen can be represented as: 

𝑑𝑁

𝑑𝑡
= −𝑌𝑁/𝑋

𝑑𝑋

𝑑𝑡
− 𝑚𝑁𝑋 = −𝑌𝑁/𝑋(𝜇𝑡𝑜𝑡𝑎𝑙 − 𝑘𝑑)𝑋 − 𝑚𝑁𝑋 

(2-6) 

Developing this balance, we can track the absolute depletion of nitrogen from the fish 
broth, with a direct link to the creation of new cellular mass and the recycling of 
nitrogen from dead cells14. 

Enzymes and proteins 

In proteolytic fermentation, products can be modelled in two steps: the first, in which 
bacteria produce a protease enzyme; and the second, in which the enzymes act on 
fish protein to produce protein hydrolysates (peptides). 

The enzyme production is represented by the Luedeking-Piret equation15, in which the 
production of enzymes (E) depends on the biomass present in the fermenter, the 

growth and non-growth associated formation coefficients ( and , respectively); and 
the natural degradation rate of the enzymes (kE); here, the glucose inhibition must be 
accounted for too via the inhibition fraction (carbon catabolite repression law): 

𝑑𝐸

𝑑𝑡
=  (𝛼𝜇𝑝 +  𝛽)𝑋

𝐾𝐼

𝐾𝐼 + 𝐺
− 𝑘𝐸𝐸 (2-7) 

On the other hand, the peptide (P) production and protein (Pr) consumption can be 
modelled by the Michaelis-Menten kinetic equation16, which defines the hydrolysis 
rate, thus, the protein balance can be represented as: 

𝑑𝑃𝑟

𝑑𝑡
= −𝑟ℎ𝑦𝑑 = −𝑘ℎ𝑦𝑑𝐸

𝑃𝑟

𝐾𝑚 + 𝑃𝑟
 (2-8) 

Using the same definition and applying equation 2-6, the peptides' balance unfolds as: 

𝑑𝑃

𝑑𝑡
=  −𝑌𝑃/𝑋𝜇𝑝𝑋 − 𝑚𝑃𝑋 + 𝑘ℎ𝑦𝑑𝐸

𝑃𝑟

𝐾𝑚 + 𝑃𝑟
 (2-9) 
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Peptides distribution modelling 

In this kind of fermentation, the product of protein hydrolysis is usually a mixture of 
different length/molecular weight (MW) peptide chains that usually fit a lognormal 
probability distribution function (PDF), mathematically represented by: 

𝑓(𝑥) =  
1

𝑥 ∙ 𝜎(𝑡) ∙ √2𝜋
exp (−

(ln(𝑥) − 𝑚)2

2𝜎(𝑡)2
) (2-10) 

Where m is the distribution mean, σ is the distribution standard deviation, and x is the 
variable under study, which in this case is the protein or peptide length or molecular 
weight. The mean and the standard deviation are changing over time. Specifically, the 
molecular weight mean starts at higher values and then decreases, following a logistic 
curve, while the standard deviation follows an exponential decay model. These 
changes strictly depend on the quantity of enzyme secreted into the reactor and the 
degree of hydrolysis. 

Although this continuous PDF representation might rigorously capture the peptides' 
distribution, it adds extra mathematical complexity and may introduce greater 
uncertainty when solving the system and fitting to real lab data. To avoid this, a simpler 
approach is proposed: the introduction of discrete fractions of peptides, organised into 
molecular weight-interval bins. By using this approach, we avoid the mathematical 
fragility of moving probability distributions and instead create a highly stable, mass-
conserving cascade of ODEs. 

To do this, the single generic protein and peptides variables are replaced by a set of 
variables representing the mass concentration of each MW fraction: 

• P6 (>5000 Da): The intact proteins and very large peptides (previously Pr). 

• P5 (2000-5000 Da): Long-chain peptides. 

• P4 (1000-2000 Da): Medium-long peptides. 

• P3 (500-1000 Da): Medium-short peptides. 

• P2 (100-500 Da): Short peptides and free amino acids (highly bioavailable). 

• P1 (<100 Da): Free amino acids. 

To maintain model stability and avoid overparameterization, we use a sequential 
cleavage cascade. The fundamental assumption is that the protease enzyme (E) 
attacks a larger fraction and breaks it down into the next smaller fraction. Mass flows 
sequentially down the chain: P6 → P5 → P4 → P3 → P2 → P1. Although an enzyme 
might cleave a protein at a random place, the sequential assumption perfectly captures 
the bulk mass transfer from high to low MW over time. 

As introduced above, the hydrolysis rates for each step of this cascade are governed 
by the Michaelis-Menten equation, where the rate depends on the enzyme 
concentration and the concentration of that specific peptide bin17,18: 

𝑟𝑖 = 𝑘𝑖 · 𝐸 ·
𝑃𝑖

𝐾𝑖 + 𝑃𝑖
 (2-11) 
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Where i refers to each one of the bins proposed above (1 to 6). The mass balance for 
each bin is simply the mass flowing from a larger bin, minus the mass being chopped 
up and moving to a smaller bin. Note that we must account for bacterial consumption: 
since bacteria cannot easily use whole proteins or large peptides, they feed almost 
exclusively on free amino acids and small peptides (mostly P1 bin). The mass 
balances, adapted from equation 2-10 to each MW peptides bin, can be represented 
as follows: 

P6 (>5000 Da): 
𝑑𝑃6

𝑑𝑡
= −𝑟ℎ𝑦𝑑,6 (2-12) 

P5 (2000-5000 Da):  
𝑑𝑃5

𝑑𝑡
= 𝑟ℎ𝑦𝑑,6 − 𝑟ℎ𝑦𝑑,5 (2-13) 

P4 (1000-2000 Da):  
𝑑𝑃4

𝑑𝑡
= 𝑟ℎ𝑦𝑑,5 − 𝑟ℎ𝑦𝑑,4 (2-14) 

P3 (500-1000 Da):  
𝑑𝑃3

𝑑𝑡
= 𝑟ℎ𝑦𝑑,4 − 𝑟ℎ𝑦𝑑,3 (2-15) 

P2 (100-500 Da):  
𝑑𝑃2

𝑑𝑡
= 𝑟ℎ𝑦𝑑,3 − 𝑟ℎ𝑦𝑑,2 (2-16) 

P1 (<100 Da):  
𝑑𝑃1

𝑑𝑡
= 𝑟ℎ𝑦𝑑,2 − 𝑚𝑃𝑋 − 𝑌𝑃/𝑋𝜇𝑝𝑋 (2-17) 

Oxygen diffusion 

Oxygen diffusion within the reactor might be a limiting factor, especially in aerobic 
fermentation processes. The model should account for the oxygen mass balance and 
the effect of its depletion on bacterial growth. The pH must also be controlled to ensure 
sufficient oxygen availability; however, it is not controlled at the laboratory stage due 
to technical limitations. This concept is detailed in Annex A1. 

2.1.2 Parameter estimation strategy 

Yields estimation 

The yield is essentially the bacteria's efficiency. It is the mass of new cells created per 
mass of substrate consumed. To find these parameters through experimentation, the 
following procedures can be generally used: 

1. Run a batch fermentation with only glucose, and another with only fully 
hydrolysed peptides and take samples every few hours. Measure the biomass 
and substrate concentrations. 

2. Plot Biomass (X) on the y-axis against the Substrate Consumed (S0 - S) on the 
x-axis. This plot can be explained by the definition of yield, and its 
reorganisation as a linear expression: 

𝑌𝑆/𝑋 =
∆𝑆

∆𝑋
=

𝑆0 − 𝑆

𝑋 − 𝑋0
 (2-18) 

𝑋 =
1

𝑌𝑆/𝑋

(𝑆0 − 𝑆) + 𝑋0 
(2-19) 
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3. The slope of the linear portion of this graph during the exponential growth phase 
is the inverse value of the yield coefficient (YS/X). 

Monod Parameters (max and KS) 

1. To find max: the way to obtain this parameter is by running several batch 
fermentations with an excess of substrate. Then, plotting the natural log of 
biomass (ln X) over time. The slope of the straight line during the exponential 

phase is max. This is due to the biological law of exponential growth:  

𝑋 = 𝑋0𝑒𝜇𝑡 (2-20) 

Which can be linearised by applying logarithms and adopting a linear equation 
shape: 

𝑙𝑛𝑋 = 𝜇𝑡 + 𝑙𝑛𝑋0 (2-21) 

2. To find KS: KS is the substrate concentration at which the bacteria grow at 

exactly half of their maximum speed (1/2·max). 

o It can be obtained by running multiple mini-fermentations varying initial 
substrate concentrations (S0), ranging from very low to high. 

o Calculating the specific growth rate () for each concentration. 

o Historically, the linearised Lineweaver-Burk plot (graphing 1/ vs 1/S) 
has been used to find KS from the intercepts, but nowadays, non-linear 
regression to fit the data directly to the Monod curve is preferred because 
it deals equally with data errors across the entire concentration scale 
and fits the data better. 

Due to incomplete data on the proteolytic fermentation experiments, the parameters 
and experimental values are obtained from the literature to demonstrate the model's 
performance. Some of these parameters are found in the literature19 for the protease 
production by B. subtilis using the Moser-Boulton kinetic model, which are as follows: 

Moser-Boulton kinetic model: 𝜇𝑡𝑜𝑡 =  𝜇𝑚𝑎𝑥 ∙
𝑆

𝐾𝑆+S
∙  

𝐾𝐼

𝐾𝐼+E
  (2-22) 

• Maximum specific growth rate (1/h) 𝜇𝑚𝑎𝑥 = 0.528  

• Substrate affinity (g/L) 𝐾𝑆 = 35  

• Inhibition term (g/L) 𝐾𝐼 = 100  

• Maintenance coefficient (g/L) 𝑚𝑆 = 0.056 

• Yield coefficient 𝑌𝑆/𝑋 = 0.74 

• Yield coefficient 𝑌𝐸/𝑋 = 0.52 

• Growth-associated term 𝛼 = 23.1 

• Nongrowth-associated term 𝛽 = 0.07  
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These parameters are used to demonstrate the model's performance and its outputs. 
Since we are conducting this case study, some assumptions must be made and some 
values estimated. 

2.1.3 Model calibration procedure 

Even though some parameters can be estimated from straightforward laboratory 
experiments, others require fitting to the results of complete-process proteolytic 
fermentation experiments, which is necessary to correctly represent what is happening 
in the physical bioreactor. 

To do that, we use an optimisation technique called non-linear least squares 
regression. As described above in section 1.1.3. The goal is to iteratively adjust the 
unknown parameters until the difference between the theoretical curves and the 
laboratory discrete data points is minimised. This can be represented with the 
objective function of the sum of squared errors (SSE): 

𝑆𝑆𝐸 = ∑(𝑌𝑒𝑥𝑝,𝑖 − 𝑌𝑚𝑜𝑑𝑒𝑙,𝑖)
2

𝑛

𝑖=1

 (2-23) 

Where 𝑌𝑒𝑥𝑝,𝑖 is the lab data at point i, and 𝑌𝑚𝑜𝑑𝑒𝑙,𝑖 is what the ODE model predicts at 

that same point or time. 

In this context, it is essential to exercise caution when adjusting the number of 
parameters, as adjusting too many simultaneously may lead to overparameterization. 
Consequently, the optimisation algorithm might get stuck in a local optimum, while 
outputting biologically unreasonable values for the estimated parameters. Therefore, 
the problem should be broken down, and all the parameters that can be estimated 
beforehand in specifically isolated experiments should be estimated that way, as 
proposed in section 2.1.2. 

After obtaining some parameters from the literature or being determined 
experimentally, some additional parameters remain unknown; thus, calibration is 
required to determine the most appropriate values that fit the experimental data. The 
unknown parameters correspond to the kinetic and Monod parameters for protein 
hydrolysis and to each of the peptide bins we introduced earlier, the Luedeking-Piret 

parameters ( and ), and the death and enzyme deactivation rate constants (kd and 
kE). This calibration can be performed once the complete data on the final FPH peptide 
distribution have been properly processed. 

2.1.4 Model balances output 

Due to the lack of complete experimental data for the proteolytic fermentation process, 
in this deliverable, we are using the parameters from the literature19, and standard 
concentrations for the substrates in a theoretical fermentation to showcase how the 
model behaves (see Table 12 in the Annex for detailed parameters, conditions, and 
their sources). We can observe the model's performance and tentative concentration 
profiles for each species in the reactor in Figure 9, and the peptide profile at the optimal 
harvest time in Figure 10 (this optimal time is determined in section 2.1.6). 
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Note that, to perform a proper calibration of the process with experimental data, while 
avoiding overparameterisation, we need to first estimate some parameters with the 
procedure exposed in section 2.1.2 above, using specific experiments for determining 
yields and Monod parameters. Once these parameters are fixed, a proper calibration 
can be performed using the full experimental data, as described in section 2.1.3 above, 
to estimate the remaining parameters. Once the model is fully calibrated and all the 
parameters are validated with enough experimental data, the model can be run, and 
it will simulate how the concentration of each species changes within the reactor over 
time, as it is shown in the representative example in Figure 9 and Figure 10. 

 
Figure 9. Concentration profiles obtained for each species present in the reactor over time. 

 
Figure 10. Tentative peptide profile at the optimal harvest time. 

2.1.5 Sensitivity analysis 

To identify which parameter has the greatest impact on the final product and is 
therefore more critical to estimate accurately, a sensitivity analysis should be 
performed. A local sensitivity analysis, also known as One-at-a-time (OAT) analysis, 
can be performed.  
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To compare parameters with different units or orders of magnitude, we must calculate 
the normalised sensitivity coefficient (Sc), which measures the percentage change in 
the target output (e.g., the final peptide concentration) induced by a specific 
percentage change in an input parameter. 

𝑆𝑐 =
∆𝑌/𝑌𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

∆𝑃/𝑃𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
 (2-24) 

Where 𝑌𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 is the baseline output (peptide concentration), ∆𝑌 the change in the 

output after tweaking the parameter, 𝑃𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 is the original value of the parameter, 
and ∆𝑃 is the change induced in the parameter (usually between 1 and 5%). The 
farther from zero the coefficient is, the greater the parameter's impact on the final yield. 

The results of the sensitivity analysis performed on the model, introducing a 1% 
perturbation on each one of the parameters, are shown in Figure 11. This analysis 
evaluates the impact on the yield of <500 Da peptides under a perturbation of each 
parameter. Observe that the higher the value of the sensitivity coefficient, the higher 
the impact of such a parameter. 

 

Figure 11. Tornado plot showing the results of the model’s sensitivity analysis. 

From this figure, it can be extracted that the most critical parameters (Sc>5) to estimate 

are the non-growth associated parameter for enzyme production (), the maximal 
growth rate from glucose (𝜇𝑚𝑎𝑥,𝑔), the yields for bacterial growth from both substrates 
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(𝑌𝐺 𝑋⁄  and 𝑌𝑃 𝑋⁄ ), and the kinetic parameters from the hydrolysis of the largest peptides 

bins, P6 and P5 (k6 and k5). Therefore, the precision of these parameter estimates 
becomes paramount. 

2.1.6 Preliminary economic analysis 

This section presents a simplified economic analysis that considers only fundamental 
operational costs (namely, feedstock and electricity) and revenues. The objective is to 
determine the optimal batch operational duration, as other costs not included herein 
are unaffected by this operational variable. 

An economic cost function is proposed to determine the optimal harvest time (the time 
when the profit margin would be the highest). Since the goal of this project is to 
establish the entire workflow on an industrial scale, we may need these calculations 
to optimise its performance while maintaining economic viability. 

The mathematics of the cost function 

To maintain scalability, all calculations will be performed on a per-kg basis. The 
fundamental equation governing the economics of a batch is, in €/h: 

𝑃𝑟𝑜𝑓𝑖𝑡(𝑡) = 𝑅𝑒𝑣𝑒𝑛𝑢𝑒(𝑡) − 𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) (2-25) 

Revenue(t) 

The revenue comes strictly from selling the highly bioavailable, low-molecular-weight 
peptides (the <500 Da fractions, which are our P1 and P2 bins). 

𝑅𝑒𝑣𝑒𝑛𝑢𝑒 (𝑡) = 𝑃𝑟𝑖𝑐𝑒𝑝𝑒𝑝 · (𝑃1(𝑡) + 𝑃2(𝑡)) (2-26) 

(Where Pricepep is the market value per kilogram (€/kg) of purified short peptides). 

Total costs (t) 

Costs are split into two categories: static initial material costs and dynamic operational 
costs (energy). 

𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑡) = 𝐶𝑜𝑠𝑡𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 + 𝐶𝑜𝑠𝑡𝑒𝑛𝑒𝑟𝑔𝑦(𝑡) (2-27) 

• Feedstocks: The cost of the initial fish waste (Pr0) and the glucose (G0). 

𝐶𝑜𝑠𝑡𝑓𝑒𝑒𝑑𝑠𝑡𝑜𝑐𝑘 = 𝐶𝑜𝑠𝑡𝑓𝑖𝑠ℎ · 𝑃𝑟0 + 𝐶𝑜𝑠𝑡𝑔𝑙𝑢𝑐𝑜𝑠𝑒 · 𝐺0 (2-28) 

• Energy: The electricity required to run the agitator motor and air sparger. For a 
standard constant-speed bioreactor, this increases linearly over time. 

𝐶𝑜𝑠𝑡𝑒𝑛𝑒𝑟𝑔𝑦(𝑡) = 𝐶𝑜𝑠𝑡𝑒𝑙𝑒𝑐(€/𝑘𝑊ℎ) · 𝑃𝑜𝑤𝑒𝑟𝑘𝑊/𝑘𝑔 · 𝑡 (2-29) 
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Since relevant data are still missing, the economic analysis has been conducted using 
estimated economic parameters. The assumed parameters are rough estimates 
based on the current 2026 European average prices and assume the highest available 
costs when there is high uncertainty, for example, for feedstock and final product costs 
(the peptides price is merely symbolic, since it is an intermediate product that will be 
further processed to obtain other high-added-value products; also, further processing 
costs are not yet considered). This procedure will be refined and properly addressed 
in the detailed TEA that will be performed in Task 6.2: 

• Bioactive peptides price: 100 € per kg of pure peptides 

• Fish byproduct cost: 0.20 € per kg (mainly collection and preparation)20 

• Glucose price: 0.50 € per kg (in bulk)21 

• Electricity cost: 0.15 € per kWh (industrial rate)22 

• Power requirement: 5 W per kg of fish-byproduct (typical for aeration and 
stirring)23 

The result of this economic analysis is shown in Figure 12. From it, we can conclude 
that the optimal harvest time is 24.9h, yielding a maximum profit of 0.15€ per kilogram 
of treated fish by-product. Note that this value is preliminary, being only intended to 
showcase this economic function's performance and give an estimate of the optimal 
harvest time, which will be addressed in greater detail in task 4.4 (MDO). 

 

Figure 12. Preliminary economic analysis results for the proteolytic fermentation with assumed parameters. 

2.2 Upstream and downstream processing 

The upstream processing stages are preliminary steps in the holistic biorefinery 
model, whereas the downstream stages are intermediate or final treatments required 
for physical mixing, separation, drying, or other auxiliary operations. However, 
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because of their similar nature and complexity, these processes are modelled together 
in this section, which introduces the modelling principles for the upstream and 
downstream processing steps at a conceptual level. These models will be fully 
integrated into the holistic model in future implementations. 

2.2.1 Upstream modelling 

The upstream process involves receiving feedstocks and pre-treating them. Initially, 
fish bones are directed to the corresponding treatment and processing. On the other 
hand, the fish meat will be homogenised before being passed to the fish oil extraction.  

The homogenization step can be modelled using a mass balance, in which all 
feedstock materials are mixed into a single medium.  

 

Figure 13. Mixing and homogenization general representation. 

For example, assuming we know the composition (Ci) and flow rate (𝑚𝑖)̇  of each 
stream, involving oil and protein fractions:  

 𝑚̇𝑚𝑖𝑥 =  𝑚̇1 +  𝑚̇2 +  𝑚̇3 (2-30) 

 𝐶𝑜𝑖𝑙,𝑚𝑖𝑥 ∙ 𝑉̇𝑓 = 𝐶𝑜𝑖𝑙,1 ∙ 𝑉̇1 + 𝐶𝑜𝑖𝑙,2 ∙ 𝑉̇2  +  𝐶𝑜𝑖𝑙,3 ∙ 𝑉̇3 (2-31) 

 𝐶𝑃𝑟,𝑚𝑖𝑥 ∙ 𝑉̇𝑓 = 𝐶𝑃𝑟,1 ∙ 𝑉̇1 +  𝐶𝑃𝑟,2 ∙ 𝑉̇2  +  𝐶𝑃𝑟,3 ∙ 𝑉̇3 (2-32) 

2.2.2 Downstream modelling 

Downstream operations are necessary to perform physical changes or separate 

products from proteolytic fermentations, taking into account their physical properties. 

The downstream is composed of two main steps:  

1. Centrifugation: cells and large proteins are separated from the cell broth that 

contains smaller peptides and amino acids. The model and equations are fully 

developed in Annex A3. 

2. Microfiltration: The broth passes through a filter retaining the larger molecules 

and generating a broth enriched by smaller peptides and amino acids. The model 

and equations are fully developed in Annex A4. 

      σ    

     σ    

     σ    

    ×      σ  
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3.2.2.1 Estimation of energy costs  

3.2.2.1.1 Centrifugation 

As described in the Decanter Centrifuge Handbook24, the overall power required for 
the centrifuge can be expressed as:  

 𝑃𝑡𝑜𝑡 = 𝑃𝑎𝑛𝑔 + 𝑃𝑤𝑖𝑛 + 𝑃𝑚𝑒𝑐 + 𝑃𝑒𝑙𝑒𝑐 + 𝑃𝑝𝑢𝑚𝑝 (2-33) 

Where each of its terms refers to the power required to overcome the operational 
losses, such as angular momentum, aerodynamic, mechanical, electrical, and 
pressure drop losses. How each of these terms is calculated is set out in Annex A5. 

3.2.2.1.2 Filtration 

The associated power can be calculated as:  

 𝑃𝑓𝑖𝑙𝑡𝑟 =
𝑉𝑓Δ𝑃

𝑡𝑓
 𝜂 (2-34) 

Where Vf is the volume of the filtrate, P is the pressure difference, and tf is the time 
of filtration.  

To integrate and account for all operations to be performed in the VALORISH 
biorefinery, with respect to technical, economic, and environmental performance, the 
upstream and downstream models introduced above are necessary for developing the 
holistic integrated model. 

3. Hydrolysate-based fermentation 

Following the phase separation during the proteolytic fermentation stage, the 
hydrolysed proteins will serve as a substrate in a fermentation train to produce 
bacteriocins, astaxanthin, and vitamin B12, three bioproducts with distinct metabolic 
pathways. This approach accounts for the bioavailability of specific amino acids and 
peptides, which act as carbon and nitrogen sources for the synthesis of the mentioned 
bioproducts. 

Since these bioproducts have different metabolic pathways, they also require different 
microorganisms for their production. These microorganisms have been screened and 
proposed under the project’s Deliverable 4.2 framework and are being validated under 
T2.1 activities; they are mentioned below: 

- Astaxanthin production: Phaffia rhodozyma (DSM 5625). 

- Bacteriocin production 

o  Nisin A: three strain candidates of Lactococcus lactis and a Streptococcus 
intermedius candidate (proposed in Task 4.2 and reported in D4.2).  

o Sakacin P: Lactobacillus . sakei CCUG 42687 for experimental work, 
Lactobacillus . sakei 23K for metabolic modelling. 



 
 
D4.3 Report of the initial mathematical model of the process 
Version v1.0 

 

34 

o  Pediocin: work ongoing under Task 4.2 to select candidates for modelling 
and experimental work. 

- Vitamin B12 production: Phaffia. denitrificans (ATCC 13867), Phaffia. 
nitroreducens (DSM1650), Sphingomonas sanguinis (DSM13885) and 
Sphingobium sp. (DSM1192). 

Since the final fermentation train configuration has yet to be finalised, these models 
are designed independently, providing the fundamental mass balance equations 
necessary to simulate specific growth rates, substrate consumption, and bioproduct 
production. 

3.1 Astaxanthin production 

Astaxanthin is a potent antioxidant with increasing biotechnological and commercial 
potential as a supplement. This bioproduct is responsible for giving salmonids and 
crustaceans their characteristic colour30. 

The following proposed model integrates substrate-limited growth kinetics with a 
product inhibition term and a Luedeking-Piret relationship15 to describe the nature of 
its synthesis. 

3.1.1 Astaxanthin production modelling 

Microbial growth depends on the maximum growth rate and the amount of sugar in 
the medium. Since the produced carotenoids can accumulate inside the cell and 
interfere with cell metabolism, the astaxanthin produced has an inhibitory effect on 
microbial growth30. 

Specific growth rate 

The specific growth rate is defined as: 

 𝜇 =  𝜇𝑚𝑎𝑥 ∙  
𝐺

𝐺 + 𝐾𝐺
 ∙  

𝐾𝐴𝑋

𝐴𝑋 + 𝐾𝐴𝑋
 (3-1) 

Where:  

- 𝜇𝑚𝑎𝑥 is the maximum specific growth rate. 

- 𝐺 is the sugar concentration in the substrate. 

- 𝐾𝐺 is the half-saturation constant for the sugar in the substrate. 

- 𝐴𝑋 is the astaxanthin concentration. 

- 𝐾𝐴𝑋 is the inhibition constant related to astaxanthin accumulation. 

Biomass balance 

The biomass mass balance accounts for the specific growth rate adjusted by cellular 
maintenance (m). 
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𝑑𝑋

𝑑𝑡
= (𝜇 − 𝑚) ∙ 𝑋 (3-2) 

Sugars consumption 

The consumption of sugars is linked to biomass growth and the continuous feeding 
rate: 

 
𝑑𝐺

𝑑𝑡
= −(𝜇 − 𝑚) ∙ 𝑌𝐺 ∙ 𝑋  (3-3) 

Where: 

- 𝑌𝐺 is the coefficient for glucose consumption. 

Astaxanthin production 

The astaxanthin production rate follows the Ludeking-Piret model15:  

 
𝑑𝐴𝑋

𝑑𝑡
= (𝜇 − 𝑚) ∙ 𝑌𝐴𝑋 ∙ 𝑋 + 𝑌𝐴𝑋2 ∙ 𝑋 (3-4) 

Where: 

- 𝑌𝐴𝑋 is the growth-associated yield coefficient. 

- 𝑌𝐴𝑋2 is the non-growth-associated yield coefficient. 

3.1.2 Model validation with literature data 

The robustness of the proposed model for astaxanthin production was evaluated 
through a cross-validation using experimental profiles and constants reported in the 
literature30. The validation began by integrating parametric values obtained from 
previous studies, which served as the basis for initial simulations: 

Table 7. Parameters for astaxanthin production by fermentation30. 

Parameter Value Units 

𝝁𝒎𝒂𝒙 6.2 h-1 

𝑲𝑮 46 g/L 

𝑲𝑨𝑿 83 g/L 

𝒀𝑮 1.69 g/g 

𝒀𝑨𝑿 7·10-4 g/g 

𝒀𝑨𝑿𝟐 9·10-5 g/g 

The model was validated by comparing simulated curves against experimental 
literature points (scattered points) from batch experiments. Some of the performance 
metrics used to evaluate these models are the NMAE (Normalised Mean Absolute 
Error) and the R2 31. The NMAE values for the carotenoids, sugars and the dry weight 
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biomass are 9.62% 15.87% and 10.18%, while the R2 values are 0.8509, 0.7211 and 
0.8718, respectively. 

 
Figure 14. Astaxanthin production model validation at lab-scale (literature30). 

 
Figure 15. Astaxanthin production model validation at industrial scale (literature30). 
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To confirm the model's versatility at a larger scale for implementation in a future 
fermentation train, additional validation was performed under industrial operating 
conditions. The NMAE for the carotenoids is 5.99% and for the dry weight biomass 
6.71%, while the R2 is 0.0255 and 0.351, respectively. 

3.2 Bacteriocin production 

Bacteriocins are low-molecular-weight peptides secreted by bacteria via the protein 
synthesis apparatus. They act as natural bio-preservatives and are used as food 
additives to improve safety and extend product shelf life by inhibiting certain 
pathogenic bacteria. Bacteriocins can be secreted by both Gram-positive and Gram-
negative bacteria and some archaea32. However, in the food industry, the Gram-
positive bacteria are preferred since they have a broader inhibitory spectrum. The 
most commonly used bacteria for producing bacteriocins are lactic acid bacteria 
(LAB), which have been classified as safe for human consumption by the EU. 

The main variables that influence the controlled production of bacteriocins through 
fermentation are33: 

- Medium composition, especially the source of nitrogen and glucose. 

- Temperature: Optimal temperature for bacterial growth is often different from the 
optimal temperature for bacteriocin production. 

- pH: Optimal pH for LAB growth lies between 5 and 6. 

3.2.1 Bacteriocin production modelling 

The behaviour of the fermentation was modelled using a system of ordinary differential 
equations. The model emphasises the stoichiometric relationships among substrate 
consumption, byproduct formation (lactic acid), and bacteriocin accumulation34. 

Bacteria growth rate 

The specific growth rate also follows Monod kinetics: 

 𝜇 =  𝜇𝑚𝑎𝑥 ∙  
𝐺

𝐺 + 𝐾𝐺
 (3-5) 

It is also important to mention the specific death rate, which depends on the specific 
growth rate: 

 𝑑 = 0.01 ∙ 𝜇𝑚𝑎𝑥 (3-6) 

Biomass balance 

This equation represents the net accumulation rate of microorganisms. It is calculated 
as the difference between the growth rate and the rate of cell death, limited by the 
system’s total capacity. 

 
𝑑𝑋

𝑑𝑡
= (𝜇 − 𝑑) ∙ 𝑋 ∙ (1 −

𝑋

𝑋𝑚𝑎𝑥
) (3-7) 
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Glucose balance 

This balance describes the disappearance of the primary nutrient as it is consumed 
by the bacteria. 

 
𝑑𝐺

𝑑𝑡
= −(𝜇 − 𝑑) ∙ 𝑌𝐺 ∙ 𝑋 (3-8) 

Lactic acid balance  

The lactic acid production is stoichiometrically coupled to glucose consumption 
through the glycolytic pathway. 

 
𝑑𝐿𝐴

𝑑𝑡
= −𝑌𝑙𝑎𝑐 ∙

𝑑𝐺

𝑑𝑡
 (3-9) 

Bacteriocin balance 

The bacteriocin production balance combines the biological formation with its 
subsequent degradation in the medium. 

 
𝑑𝐵

𝑑𝑡
= 𝑌𝐵(𝜇 − 𝑚)𝑋 − 𝐾 ∙ 𝑋 ∙ 𝐵 (3-10) 

3.2.2 Model validation with experimental data 

The bacteriocin production model was validated using experimental data from 
specialised literature34.  

Table 8. Parameters for bacteriocin production model validation. 

Parameter Value Units 

𝝁𝒎𝒂𝒙 0.5 h-1 

𝑲𝑮 0.49 g/L 

𝑿𝒎𝒂𝒙 1.5 g/L 

𝒀𝑮 2.5 g/g 

𝒀𝑳𝑨 0.6 g/g 

𝒀𝑩 38 g/g 

𝑲 0.8 h-1 

The validation of the bacteriocin model follows the same approach as the astaxanthin 
one.  Figure 16 shows a high correlation between the experimental data (scattered 
points) and the model simulation. 

The performance parameters for bacteriocin production models are summarised in 
Table 9, showing a high correlation between the experimental data and the model 
predictions. 
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Table 9. Bacteriocin production model performance parameters. 

Variable NMAE R2 

Biomass 4.27% 0.9812 

Glucose 6.89% 0.9251 

Lactic Acid 6.51% 0.9454 

Bacteriocin 9.75% 0.8862 

 

Figure 16. Bacteriocin production model validation. 

3.3 Vitamin B12 production 

The synthesis of vitamin B12 (cobalamin) is a complex biological process, involving 
approximately 30 enzymatic steps, confined exclusively to certain bacteria and 
archaea35,36. Industrially, aerobic fermentation strategies (utilising strains such as 
Pseudomonas denitrificans) are employed, where dissolved oxygen management is 
the critical factor for maximising yield37. According to the literature, key inputs are 
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derived from a preliminary hydrolysis stage and external supplementation of cobalt 
(Co), which serves as the central atom of the corrin ring38,39. 

3.3.1 B12 vitamin production modelling 

The model is described by a set of ordinary differential equations (ODEs) that prioritise 
the interaction between cellular growth and oxygen availability. 

Bacteria growth rate 

The specific growth rate is governed by Monod-type kinetics with dual limitation for 
glucose and dissolved oxygen37: 

 𝜇 =  𝜇𝑚𝑎𝑥 ∙ (
𝐺

𝐶 + 𝐾𝐺
) ∙ (

𝑂2

𝑂2 + 𝐾𝑂2

) (3-11) 

From the bacteria growth rate, the biomass decay parameter is obtained (𝑑 = 0.001 ∙
𝜇𝑚𝑎𝑥). 

Biomass balance  

It represents the net accumulation of biomass, incorporating specific growth, a decay 
rate, and a carrying capacity limit to represent bioreactor saturation. 

 
𝑑𝑋

𝑑𝑡
= (𝜇 − 𝑑) ∙ 𝑋 ∙ (1 −

𝑋

𝑋𝑚𝑎𝑥
) (3-12) 

 

Glucose balance  

It represents the difference between glucose consumption by the bacteria as the main 
substrate and the external glucose feed. 

 
𝑑𝐺

𝑑𝑡
= −𝜇 ∙ 𝑌𝐺 ∙ 𝑋 + 𝑄𝐺,𝑖𝑛 (3-13) 

Cobalt balance 

The cobalt balance represents the variation in this compound over time as the co-
substrate for this process step. 

 
𝑑𝐶𝑜

𝑑𝑡
= −𝜇 ∙ 𝑌𝐶𝑜 ∙ 𝑋 + 𝑄𝐶𝑜,𝑖𝑛 (3-14) 

Dissolved oxygen balance  

It represents the balance between the oxygen transfer rate and the oxygen uptake 
rate (OUR). 
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𝑑𝑂2

𝑑𝑡
= 𝐾𝑙𝑎 ∙ (𝑂2

∗ − 𝑂2) − 𝜇 ∙ 𝑌𝑂2
∙ 𝑋 (3-15) 

Vitamin B12 balance 

Vitamin B12 balance/production can be modelled following a Ludeking-Piret modified 
model, where the last term models how a reduction in dissolved oxygen acts as a 
metabolic switch that boosts B12 production during the stationary phase37,40. 

 
𝑑𝑉𝐵12

𝑑𝑡
= 𝜇 ∙ 𝑌𝑣 ∙ 𝑋 + 𝑌𝑉2 ∙

𝐾𝑂2

𝑂2 + 𝐾𝑂2

 (3-16) 

3.3.2 Model validation with experimental data 

The robustness of the model was evaluated by comparing simulation results against 
experimental profiles from both lab-scale (50L) and an industrial-scale (120,000L) 
case studies37. The methodology followed for the validation is the same as that of the 
previous fermentation bio-products. 

Table 10. Parameters for the vitamin B12 production model37,41. 

Parameter Value Units 

𝝁𝒎𝒂𝒙 0.06 h-1 

𝑲𝑮 1.9 g/L 

𝑲𝑶𝟐
 0.3 g/L 

𝑲𝑶𝟐𝒗
 0.01 g/L 

𝒀𝑮 1 g/g 

𝒀𝒗 6.15E-4 g/g 

𝒀𝒗𝟐
 7.05E-5 g/g 

𝒀𝑶𝟐
 1.01 g/g 

𝑿𝒎𝒂𝒙 50 g/L 

𝑲𝑳𝒂 0.055 h-1 

Figure 17 shows the vitamin B12 model validation using lab-scale data (scattered 
points) and the model results (solid line). The NMAE for Vitamin B12 production at lab 
scale is 4.74%, and the R2 is 0.9603. 

Figure 18 shows the fitting of the model predictions with the experimental data 
obtained from the literature37 for some of the variables of the model, at a larger scale 
than the results shown in Figure 17. 

The analysis of the simulation results indicates that the three proposed fermentation 
models accurately capture the experimental dynamics, making them reliable tools for 
this type of bioprocess simulation. Table 11 shows the performance parameters for 
the Vitamin B12 production model for the scaled-up case study. 
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Figure 17. Vitamin B12 model validation (lab-scale data). 

 
Figure 18. Vitamin B12 model validation (industrial-scale data). 
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Table 11. Vitamin B12 production model performance parameters. 

Variable NMAE R2 

Biomass 3.19% 0.9778 

Vitamin B12 9.82% 0.9020 

Glucose 6.17% 0.7972 

Dissolved O2 14.09% 0.7622 

As a next step in this task, newly received experimental data regarding astaxanthin 
production will be integrated to further validate the model and assess its versatility. 
The same will be done when more information about the other bioproducts is obtained. 

4. Fish bones valorisation 

Figure 19 illustrates the conceptual framework for fish bone valorisation. At this stage, 
the precise sequence of operations remains undefined and experimental results are 
still pending. Consequently, the model is subject to further refinement as the process 
flow is finalised and empirical data become available. In the current proposed 
workflow, fish bones are finely ground in a jet mill to maximise the surface area. The 
mixture is then subjected to non-thermal bead milling or an ultrasound process, 
followed by an enzymatic hydrolysis process. The liquid phase is concentrated and 
spray-dried to produce the final collagen powder product. The resulting solid residue, 
which is mainly composed of the deproteinized mineral structure, undergoes a high-
temperature calcination process. During this process, any remaining organic matter is 
burned off, transforming calcium phosphate into high-purity crystalline hydroxyapatite. 

 

 

Figure 19: Fish bones valorisation process. 

4.1 Collagen extraction 

The valorisation process begins with the freeze drying of salmon and cod bones 
followed by mechanical milling using a Retch and Jet Mill, which utilise high-velocity 
fluid energy to reduce the biomass to a fine powder, significantly increasing the 
specific surface area. This is followed by non-thermal processing, such as ultrasound 
or bead milling before enzymatic hydrolysis. During the pretreatment phase, the aim 
is to break the mineral shield and permit access of enzymes to the   trapped collagen 
fibres. To conclude the reaction, the mixture is heated to 90°C for 10 minutes to ensure 
complete enzyme inactivation, followed by centrifugation to separate the collagen-
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enriched supernatant from the residual mineral solids, yielding a high-purity liquid 
extract. 

The assumptions for the modelling process are as follows: 

• The process inside the jet mill is solely for reducing the particle size, with no 
chemical reactions or loss of mass occurring during this process. 

• The bones are assumed to be composed of collagen and an inorganic mineral 
matrix. 

According to the assumptions made above, we have the mass balance inside the jet 
mill as: 

𝑚𝑏𝑜𝑛𝑒𝑠𝑖𝑛
= 𝑚𝑏𝑜𝑛𝑒𝑠𝑜𝑢𝑡

 (4-1) 

The component-specific mass balances are given by: 

𝑚𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛 = 𝑋𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛𝑚𝑏𝑜𝑛𝑒𝑠 (4-2) 

𝑚𝑚𝑎𝑡𝑟𝑖𝑥 = 𝑚𝑏𝑜𝑛𝑒𝑠 − 𝑚𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛 (4-3) 

Where Xcollagen is expressed in [gcollagen/gbones]. 

At this step the electrical energy required for the milling process must be calculated. 
Defining the average particle size as D50, the reduction of the particle size is a process 
specification, and it can be defined as: 

𝑆𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =
𝐷50𝑖𝑛

𝐷50𝑜𝑢𝑡

 (4-4) 

The energy inputs can be calculated through Rittinger's Law (the new surface area 
generated is directly proportional to the energy required for size reduction)25. 

𝐸 = 𝐾𝑅 (
1

𝐷50𝑜𝑢𝑡

−  
1

𝐷50𝑖𝑛

) (4-5) 

Where 𝐾𝑅 is the Rittinger constant that can be estimated experimentally.  

Therefore, the associated power requirement is: 

𝑃 = 𝐸 ∙ 𝑚 (4-6) 

Following the initial pre-milling step, the resulting material is sent to a bead milling or 
ultrasound unit, followed by enzymatic hydrolysis, as shown in Figure 20. The collagen 
present in the fish bones is “broken” into smaller peptides that depend on the yield of 
hydrolysis (experimentally evaluated). 

𝑚𝑝𝑒𝑝𝑡𝑖𝑑𝑒𝑠 = 𝑌ℎ𝑦𝑑𝑟𝑜𝑙𝑦𝑠𝑖𝑠 ∙ 𝑚𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛𝑖𝑛 
 (4-7) 

𝑚𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛𝑜𝑢𝑡
= (1 − 𝑌ℎ𝑦𝑑𝑟𝑜𝑙𝑦𝑠𝑖𝑠) ∙ 𝑚𝑐𝑜𝑙𝑙𝑎𝑔𝑒𝑛𝑖𝑛

 (4-8) 
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Figure 20: Physically assisted enzymatic hydrolysis. 

After the treatment, the enzyme is thermally deactivated.  

The overall electrical and thermal power is given by the sum of: 

𝑃𝑡𝑜𝑡 = 𝑃𝑢𝑙𝑡𝑟𝑎𝑠𝑜𝑢𝑛𝑑 + 𝑃𝑚𝑖𝑥𝑖𝑛𝑔 + 𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 (4-9) 

Where 𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is the thermal energy supplied (usually via a heating jacket) to maintain 

the reactor at exactly 55°C (the optimal temperature for the enzyme) and, afterwards, 
to perform the enzymes' deactivation. 𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is calculated as follows: 

𝑃ℎ𝑒𝑎𝑡𝑖𝑛𝑔 =  
𝑚 𝐶𝑝 ∆𝑇

𝑡𝑖𝑚𝑒
 (4-10) 

𝑃𝑢𝑙𝑡𝑟𝑎𝑠𝑜𝑢𝑛𝑑 refers to the electrical power consumed by the ultrasonic transducer and 
𝑃𝑚𝑖𝑥𝑖𝑛𝑔 is the mechanical power required by the agitator (the motor turning the 

impeller). 

4.2 Calcination 

The residue from the dried fish bones remaining after collagen extraction is calcined 
at a temperature of 600–900 °C. This process uses a muffle furnace and off-gas 
filtration to reduce odours. In our mathematical model, it is considered that only two 
main reactions occur inside the kiln: 

R1 – oxidation of residual organics: 𝑂𝑟𝑔𝑎𝑛𝑖𝑐𝑠 + 𝑂2  →  𝐶𝑂2  +  𝐻2𝑂. This 
reaction occurs when the temperature is between 250 °C and 520 °C26.  

R2 – carbonate decomposition (if present): 𝐶𝑎𝐶𝑂3  →  𝐶𝑎𝑂 +  𝐶𝑂2. This 
reaction occurs at temperatures between 750 °C and 1100 °C27. 

The total mass of the sample 𝑚 at the end of the process depends on the conversion 
fraction of both reactions. In the equation below, 𝑚𝐻𝐴𝑝 is the mass of pure 

hydroxyapatite (the final inert residue), 𝑚𝑜𝑟𝑔,0 is the initial mass of the residual organic 

compounds and 𝑚𝐶𝑂2,0 is the maximum mass of 𝐶𝑂2 that can be lost through the 

decomposition of the carbonates. 
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𝑚 = 𝑚𝐻𝐴𝑝 + 𝑚𝑜𝑟𝑔,0 ⋅ (1 − α1) + 𝑚𝐶𝑂2,0 ⋅ (1 − α2) (4-11) 

Where 𝛼1 and 𝛼2 are the degrees of conversion of organic oxidation and carbonate 
decomposition, respectively, ranging from 0 to 1. Data obtained from the 
thermogravimetric analysis (TGA) of the input and final products of the process can 
be used to identify the specific mass loss for each component based on its degradation 
temperature ranges. 

The total energy consumption for this stage will be calculated based on the thermal 
requirements of the muffle furnace to achieve the specific temperature profile. 

5. Anaerobic digestion 

Anaerobic digestion (AD) serves as the cycle-closure unit in the biorefinery, 
transforming the solid waste phase of proteolytic fermentation (collagen-rich sludge, 
bone remains, and depleted bacterial biomass) into renewable energy. In this process, 
a microbial consortium degrades complex organic matter in the absence of oxygen 
through the stages of hydrolysis, acidogenesis, acetogenesis, and methanogenesis, 
producing biogas (methane and CO2) and a stabilised digestate that can be recovered 
as fertiliser. 

The AD process will initially be performed using Biochemical Methane Potential (BMP) 
tests, where several operating conditions will be studied to optimise substrate 
utilisation and maximise biogas production. The expected baseline yield from these 
initial batch tests is at least 250 L CH4 per kg of volatile solids (VS) of the fermentative 
biomass residuals. After identifying the optimal conditions, the AD process will be 
further tested and validated in 5 L bioreactors. 

Based on the empirical data gathered from these experiments, a baseline 
mathematical framework, specifically the Anaerobic Digestion Model No. 1 (ADM1), 
will be calibrated to simulate the core biochemical degradation kinetics28. The ADM1 
is a generalised, structured mathematical framework developed to simulate the 
complex dynamics of anaerobic digestion processes. It incorporates multiple 
sequential and parallel steps that comprehensively describe both biochemical and 
physicochemical processes. The biochemical portion of the model covers the 
disintegration of complex organic matter into particulates, followed by extracellular 
hydrolysis, acidogenesis, acetogenesis, and two distinct steps of methanogenesis. 
Simultaneously, the physicochemical equations account for critical non-biological 
reactions within the reactor, such as rapid ion association/dissociation and gas-liquid 
transfer28. 

To apply this generalised framework to our specific feedstock, we will use 
experimental data from Task 2.4 (Side-stream biomass valorisation), including 
cumulative biomethane production, the volatile solids (VS) reduction profile, and the 
initial physicochemical characterisation of the biomass to adjust key model 
parameters. The ADM1 parameters that will most likely require experimental 
calibration include the disintegration rate constant, the first-order hydrolysis kinetic 
constants (particularly for proteins, given the proteolytic nature of the feedstock), and 
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the substrate fractionation parameters that define the proportion of proteins, 
carbohydrates, lipids, and inert materials in the feed28,29. Adjusting these specific 
kinetic and stoichiometric parameters is essential to establish reliable mass and 
energy balances, which will subsequently be used to perform Task 6.2 (Techno-
economic assessment) and accurately estimate the CAPEX and OPEX required for 
the future scale-up of the process. 

6. Conclusion  

The primary objective of this task was to develop an initial mathematical model 
capable of simulating the core VALORISH processes holistically and in an integrated 
manner. This foundational model is intended to serve as a critical simulation tool to 
provide data for TEA, LCA, MDO, and the basic engineering of pilot equipment. A KPI 
for these models was to achieve a deviation of less than 15% from the experimental 
data. 

The development of the individual process models has been adapted based on the 
availability and maturity of experimental data, resulting in varying degrees of 
completion across the biorefinery stages: 

• Fish oil extraction: The objective for this stage has been fully realised. Models 
for SFE, SWE, and NADES extraction were successfully developed and 
calibrated using project-specific lab-scale data. All extractions met the KPI 
target, yielding average mean errors well below 15% (e.g., 8.5% for salmon 
SFE, 13% for SWE, and 8% for fresh salmon NADES). 

• Proteolytic fermentation: A robust system of ODEs covering mass, energy, 
and peptide distribution balances was established. However, since complete 
experimental data is not yet available, the model currently relies on literature 
parameters (e.g., B. subtilis kinetics) to demonstrate its performance and 
sensitivity. 

• Upstream/downstream, fish bone valorisation, and anaerobic digestion: 
Conceptual models and baseline mathematical frameworks (such as mass 
balances for homogenization, Rittinger's Law for milling, and the ADM1) have 
been defined. These currently remain theoretical and await empirical data for 
proper parameterisation and calibration. 

• High-value bioproduct fermentation: The dynamic models for astaxanthin, 
bacteriocin, and vitamin B12 production were successfully mathematically 
defined. Due to pending experimental data from the project, these models were 
cross-validated using industrial and lab-scale data from specialised literature, 
demonstrating a high correlation and proving their reliability as simulation tools. 

While the foundational mathematical frameworks for all VALORISH core technologies 
have been established, future work will focus on transitioning these theoretical and 
literature-based models into fully calibrated, project-specific predictive tools. The 
upcoming phase will address the following: 
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• Integration of experimental data: As experimental tasks progress (D1.2 in M24, 
D1.3, and D1.4 later on in the project), new data regarding proteolytic 
fermentation yields, fish bone extraction kinetics (collagen and calcination), and 
anaerobic digestion (BMP) tests will be integrated. This data-driven refinement 
is essential to adjust specific kinetic and stoichiometric parameters, ensuring 
the models accurately represent the physical bioreactors. 

• Scale-up validation: Future work will prioritise validating the models at the pilot 
scale. Specifically, the scCO2 fish oil extraction, collagen extraction, proteolytic 
fermentation, and calcination models will be calibrated against data from pilot-
scale-up activities (Tasks 5.1 and 5.2). 

• Development of the holistic framework: The currently independent process 
models will be structurally interconnected to form a unified simulation 
framework. This integrated model will be directly applied to Task 4.4 (MDO) to 
obtain optimised process parameters and to generate robust mass and energy 
balances necessary for the upcoming LCA and TEA activities.  
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Annexes 

A1. Fundamental modelling remarks on proteolytic fermentation 

A typical dynamic model of proteolytic fermentation includes three kinetic components: 
biomass growth, substrate consumption, and product formation kinetics, and one 
mass transfer expression to account for oxygen transfer rate within the reaction matrix 
as a limiting factor. 

1. Biomass mass balance (bacterial growth) (X) 

The concentration change of the bacteria can be represented as: 

𝑑𝑋

𝑑𝑡
= 𝜇𝑡𝑜𝑡𝑎𝑙𝑋 − 𝑘𝑑𝑋 (A-1) 

Where dX/dt is the accumulation term,  is the specific bacterial growth rate 
(generation) using a given substrate, respectively, and kd is the specific death rate 
(consumption) of the bacteria, which may be due, e.g. to nutrient scarcity. Finally, X is 
the actual concentration of biomass. 

To model how rapidly the bacterial population multiplies. It is often done using the 
Monod equation, which assumes that the growth rate is connected to the concentration 
of a limiting substrate, calculated with the following equation: 

 𝜇𝑆 =  𝜇𝑚𝑎𝑥,𝑆 ∙
𝑆

𝐾𝑆 + 𝑆
 (A-2) 

Where S refers to a particular substrate concentration, 𝜇𝑚𝑎𝑥,𝑆 is the maximum growth 

rate with substrate S, and KS is the half-saturation constant. 

2. Substrate/s mass balance/s (S) 

In fermentation, substrates can be carbon sources (e.g., glucose) and bioavailable 
amino acids that bacteria consume for bacterial growth and cellular maintenance. In 
general, the mass balance, or the rate of concentration change for any substrate, is 
represented as: 

𝑑𝑆

𝑑𝑡
=  −𝑌𝑆/𝑋𝜇𝑆𝑋 − 𝑚𝑆𝑋 (A-3) 

Where 𝑌𝑆/𝑋 is the biomass yield coefficient, representing how the bacteria convert the 

substrate into new biomass, i.e. mass of substrate used per mass of bacteria 
produced. 𝑚𝑆 is the maintenance coefficient, or the baseline amount of substrate that 
a bacteria use to survive, independent of growth. 

3. Product mass balance (P) 

In general, to track the production of target compounds, the Luedeking-Piret equation 
is generally used15: 
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𝑑𝑃

𝑑𝑡
=  𝛼

𝑑𝑋

𝑑𝑡
+  𝛽𝑋 (A-4) 

Where P is the product concentration, X is the biomass concentration,  represents 

the growth-associated productions, and  represents the non-growth-associated 
production, which means that the bacteria generate products while growing and after 
their growth has peaked. 

4. Dissolved oxygen mass balance (O2) 

Since some microorganisms are aerobic or require oxygen to survive and thrive, the 
diffusion of oxygen within the liquid/solid matrix might become a limiting factor for the 
process.  

In the system under study (generally a viscous solid and a liquid), oxygen does not 
readily dissolve through the heterogeneous fermentation matrix. If there is not enough 
oxygen, the bacteria may suffocate or switch to inefficient anaerobic metabolism, 
producing unwanted organic acids instead of proteases, and the process will stall. 
Therefore, it is important to model how agitation and aeration rates affect dissolved 
oxygen levels to promote bacterial survival and performance. The rate of change of 
dissolved oxygen can be represented as: 

𝑑𝐶𝐿

𝑑𝑡
= 𝑘𝐿𝑎(𝐶∗ − 𝐶𝐿) − 𝑞𝑂2

𝑋−𝑌𝑂2/𝑋 · 𝜇𝑎𝑐𝑡𝑢𝑎𝑙𝑋  (A-5) 

Where kLa is the volumetric mass transfer coefficient that dictates how easily the 
oxygen transfers from the gas into the fermentation mass, highly dependent on 
agitation or the presence of aeration via air-bubble pumping, for instance. C* is the 
maximum or saturation concentration of oxygen in the liquid, CL is the current 
dissolved oxygen concentration, and qO2 is the specific uptake rate of oxygen by the 
bacteria42. For those systems and microorganisms where oxygen is critical and 
necessary to survive, i.e. strict aerobes, a limiting factor accounting for this is 
multiplying the growth rate: 

𝜇𝑎𝑐𝑡𝑢𝑎𝑙 =  𝜇𝑏𝑎𝑠𝑒 ∙
𝐶𝐿

𝐾𝑂2
+ 𝐶𝐿

 (A-6) 

Where 𝐾𝑂2
 is the dissolved oxygen concentration at which the bacteria’s growth rate 

is cut in half, e.g., for bacteria such as B. Subtilis, this value is around 1% of the 
maximum saturation (C*). This growth rate is applied in the mass balances for bacterial 
growth, substrate consumption, and product formation, as developed in section 2.1.1. 

5. Energy balance 

The metabolic transformations that occur in the biochemical reactions are associated 
with a heat of reaction. In this kind of system, we have the heat of protein hydrolysis, 
the heat of bacterial growth, the heat of substrate consumption, the heat of enzyme 
production, and the heat of mixing, all of which can be estimated or found in the 
literature, and heat loss through the fermenter cooling jackets: 
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𝑄𝑐𝑜𝑜𝑙 = 𝑈 ∙ 𝐴 (𝑇𝑓𝑒𝑟𝑚 − 𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔,𝑜𝑢𝑡) (A-7) 

Where U is the overall mass transfer coefficient (W/m3C), and A is the exchange 
surface (m2).  

The overall energy balance can be written as follows: 

𝑉𝜌𝐶𝑝

𝑑𝑇

𝑑𝑡
=  ∆𝐻𝑋

𝑑𝑋

𝑑𝑡
+ ∆𝐻𝐺

𝑑𝐺

𝑑𝑡
+ ∆𝐻𝑁

𝑑𝑁

𝑑𝑡
+ ∆𝐻𝑝

𝑑𝑃

𝑑𝑡
+ ∆𝐻𝐻

𝑑𝑃𝑟

𝑑𝑡

+ 𝑄𝑚𝑖𝑥 − 𝑄𝑐𝑜𝑜𝑙 

(A-8) 

Where V is the fermenter volume [m3], 𝜌 the density [g∙m-3], Cp is the system heat 

capacity [J∙g-1∙K-1], Hi the reaction enthalpies [J∙g-1], and Qi the heat generated or 
dissipated [W]. 

If the temperature in the reactor has to be maintained at a controlled temperature, the 
energy balance can be solved for calculating the cooling energy necessary and the 
cooling fluid temperature and flow rate: 

𝑄𝑐𝑜𝑜𝑙 = 𝑄𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 (A-9) 

𝑄𝑐𝑜𝑜𝑙 =  𝑚̇𝑐𝑜𝑜𝑙𝐶𝑝(𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔,𝑜𝑢𝑡 − 𝑇𝑐𝑜𝑜𝑙𝑖𝑛𝑔,𝑖𝑛) (A-10) 

These equations are not yet implemented in the model, but they are presented here 
at the conceptual level and will be implemented in future developments. 
  



 
 
D4.3 Report of the initial mathematical model of the process 
Version v1.0 

 

55 

A2. Additional tables 

Table 12. Specific parameters and conditions used in the model for this illustrative case study. 

Parameter (units) Value Source 

𝝁𝒎𝒂𝒙,𝒈 (1/h) 0.528 Literature19 

𝝁𝒎𝒂𝒙,𝒑𝒆𝒑 (1/h) 0.3 Assumption 

𝑲𝒈 (g/L) 35 Literature19 

𝒎𝒈 (g/L) 0.056 Literature19 

𝑲𝑰 (g/L) 100 Literature19 

𝑲𝒑𝒆𝒑 (g/L) 50 Assumption 

𝒎𝒑𝒆𝒑 = 𝒎𝑵 (g/L) 0.05 Assumption 

𝒀𝒈/𝑿 0.74 Literature19 

𝒀𝒑𝒆𝒑/𝑿 0.52 Literature19 

𝒀𝑵/𝑿 0.1 Assumption 

𝜶 23.1 Literature19 

𝜷 0.07 Literature19 

𝒌𝒅 0.02 Assumption 

𝒌𝑬 0.005 Assumption 

𝒌𝒉𝒚𝒅,𝒊, 𝒊 ∈ [𝑷𝟔, 𝑷𝟓, 𝑷𝟒, 𝑷𝟑, 𝑷𝟐] [2, 2.5, 3, 3.5, 4] Assumption 

𝑲𝒎,𝒊, 𝒊 ∈ [𝑷𝟔, 𝑷𝟓, 𝑷𝟒, 𝑷𝟑, 𝑷𝟐] [10, 8, 6, 4, 2] Assumption 

C0,Pr (g/L) 50 Assumption 

C0,G (g/L) 10 Assumption 

C0,N (g/L) 2 Assumption 

C0,X (g/L) 0.1 Assumption 

C0,O2 (g/L) 7.5 Assumption 

C*O2 (g/L) 7.5 Assumption 

𝒌𝑳𝒂 50 Assumption 

𝑲𝑶𝟐 (g/L) 0.5 Assumption 

𝒒𝑶𝟐 0.01 Assumption 

𝒀𝑶𝟐/𝑿 1.2 Assumption 

Fermentation time (h) 30 Assumption 

A3. Modelling the centrifugation process 

From the model developed for the proteolytic fermentation, the main outputs in [g/m3] 
are:  

Table 13. Variables and aggregation state for the centrifugation model. 

Variable Description State 

X Bacterial biomass “solid” 

Pr Proteins substrate “solid” 

E Enzyme  dissolved  

G Glucose dissolved 

N Nitrogen dissolved 

P Peptides dissolved  
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First, it is necessary to estimate the density of the solid and the dissolved solution. 
Assuming to know the total volume of the fermentation system (Vtot [m3]), it is possible 
to calculate the mass of each component present in the fermenter:  

 𝑚𝑖 = 𝐶𝑖𝑉𝑡𝑜𝑡 (A-11) 

At this point, knowing the density of all the compounds, it is possible to estimate the 
volume of the solids and the volume of the liquid broth:  

 𝑉𝑠𝑜𝑙𝑖𝑑 =  
𝑚𝑋

𝜌𝑋
+  

𝑚𝑃𝑟

𝜌𝑃𝑟
 (A-12) 

 𝑉𝑙𝑖𝑞𝑢𝑖𝑑 =
𝑚𝐸

𝜌𝐸
+  

𝑚𝑃

𝜌𝑃
+  

𝑚𝐺

𝜌𝐺
+  

𝑚𝑁

𝜌𝑁
+ 𝑉𝑤𝑎𝑡𝑒𝑟  (A-13) 

Alternatively, if the system is ideal, the volume of the liquid can be simply estimated 
as:  

 𝑉𝑙𝑖𝑞𝑢𝑖𝑑 =  𝑉𝑡𝑜𝑡 − 𝑉𝑠𝑜𝑙𝑖𝑑  (A-14) 

Therefore, the density of the solid particles is:  

 𝜌𝑠 =
𝑚𝑋+𝑚𝑃𝑟

𝑉𝑠𝑜𝑙𝑖𝑑
 (A-15) 

While the density of the liquid broth is:  

 𝜌𝑙 =  
𝑚𝐸+𝑚𝐺+𝑚𝑁+𝑚𝑃

𝑉𝑙𝑖𝑞𝑢𝑖𝑑
 (A-16) 

The sediment velocity can be estimated with Stokes’ Law adapted for a centrifugal 
field25, represented as:  

 𝑢𝑔 =
𝜌𝑠−𝜌𝑙

18 𝜇
𝐷𝑝

2𝜔2𝑟 (A-17) 

Where 𝜇 is the solution viscosity, and Dp is the particle diameter,  is the angular 
velocity of the centrifuge, and r is the radial distance from the axis of rotation.  

Assuming that the centrifuge is working in batch mode, after time t, it is possible to 
calculate the height of sediment formed [m]:  

 ℎ𝑠 =  𝑢𝑔 ∙ 𝑡 (A-18) 

Knowing the cross-sectional area of the centrifuge, it is possible to estimate the 
volume collected [m3]: 

 𝑉𝑐𝑎𝑘𝑒 = ℎ𝑠 ∙ 𝐴 (A-19) 

The density of the cake can be estimated knowing the mass of the solid and liquid 
trapped in the cake:  
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 𝜌𝑐𝑎𝑘𝑒 =
𝑚𝑐𝑎𝑘𝑒,𝑠+𝑚𝑐𝑎𝑘𝑒,𝑙

𝑉𝑐𝑎𝑘𝑒
 (A-20) 

Where:  

 𝑚𝑐𝑎𝑘𝑒,𝑠 = (𝑚𝑥 + 𝑚𝑃𝑟) ∙ 𝜀 (A-21) 

 𝑚𝑐𝑎𝑘𝑒,𝑙 = 𝑉𝑐𝑎𝑘𝑒,𝑙 ∙  𝜌𝑙 (A-22) 

 𝑉𝑐𝑎𝑘𝑒,𝑙 = 𝜖 ∙ 𝑉𝑐𝑎𝑘𝑒 (A-23) 

Furthermore, the solid volume of the cake is:  

 𝑉𝑐𝑎𝑘𝑒,𝑠 = (1 − 𝜖) ∙ 𝑉𝑐𝑎𝑘𝑒 (A-24) 

Where 𝜀 is the efficiency of separation of solids, while 𝜖 is the cake porosity.  

Therefore, the mass of bacteria and proteins in the cake is:  

 𝐶𝑐𝑎𝑘𝑒,𝑋 =
𝑚𝑋∙𝜀

𝑉𝑐𝑎𝑘𝑒
  (A-25) 

 𝐶𝑐𝑎𝑘𝑒,𝑃𝑟 =
𝑚𝑃𝑟∙𝜀

𝑉𝑐𝑎𝑘𝑒
 (A-26) 

Regarding the liquid broth of the fermentation, the volume obtained is: 

 𝑉𝑏𝑟𝑜𝑡ℎ = 𝑉𝑡𝑜𝑡 − 𝑉𝑐𝑎𝑘𝑒 (A-27) 

Considering the mass balance of the dissolved compounds:  

 𝑚𝐸 = 𝑚𝐸,𝑐𝑎𝑘𝑒,𝑙 + 𝑚𝐸,𝑏𝑟𝑜𝑡ℎ (A-28) 

 𝑚𝑃 = 𝑚𝑃,𝑐𝑎𝑘𝑒,𝑙 + 𝑚𝑃,𝑏𝑟𝑜𝑡ℎ (A-29) 

 𝑚𝑁 = 𝑚𝑁,𝑐𝑎𝑘𝑒,𝑙 + 𝑚𝑁,𝑏𝑟𝑜𝑡ℎ (A-30) 

 𝑚𝐺 = 𝑚𝐺,𝑐𝑎𝑘𝑒,𝑙 + 𝑚𝐺,𝑏𝑟𝑜𝑡ℎ (A-31) 

They can be rewritten as:  

 𝐶𝐸,𝑏𝑟𝑜𝑡ℎ ∙ 𝑉𝑏𝑟𝑜𝑡ℎ = 𝐶𝐸 ∙ 𝑉𝑡𝑜𝑡 − 𝐶𝐸,𝑏𝑟𝑜𝑡ℎ ∙ 𝑉𝑐𝑎𝑘𝑒,𝑙 (A-32) 

Therefore:  

 𝐶𝐸,𝑏𝑟𝑜𝑡ℎ =
𝐶𝐸𝑉𝑡𝑜𝑡

𝑉𝑏𝑟𝑜𝑡ℎ+𝑉𝑐𝑎𝑘𝑒,𝑙
 (A-33) 

 𝐶𝑃,𝑏𝑟𝑜𝑡ℎ =
𝐶𝑃𝑉𝑡𝑜𝑡

𝑉𝑏𝑟𝑜𝑡ℎ+𝑉𝑐𝑎𝑘𝑒,𝑙
 (A-34) 

 𝐶𝐺,𝑏𝑟𝑜𝑡ℎ =
𝐶𝐺𝑉𝑡𝑜𝑡

𝑉𝑏𝑟𝑜𝑡ℎ+𝑉𝑐𝑎𝑘𝑒,𝑙
 (A-35) 
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 𝐶𝑁,𝑏𝑟𝑜𝑡ℎ =
𝐶𝑁𝑉𝑡𝑜𝑡

𝑉𝑏𝑟𝑜𝑡ℎ+𝑉𝑐𝑎𝑘𝑒,𝑙
 (A-36) 

A4. Modelling the filtration process 

The generic equation for the filtration process is:  

 
1

𝐴
 
𝑑𝑉

𝑑𝑡
=

𝑃

𝜇[𝛼
𝑤𝑉

𝐴
+𝑟]

 (A-37) 

Where V is the volume of the filtrate, A is the filter area, P is the total pressure across 
the system, and w is the weight of the cake, 𝜇 is the filtrate viscosity, 𝛼 is the cake-
specific resistance, and r is the filter resistance. If the cake is incompressible, 𝛼 can 
be estimated as:  

 𝛼 =  
𝐾𝑣𝑎2(1−𝜖)

𝜖3𝜌𝑝
 (A-38) 

Where:  

 𝑎 =
𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑎𝑟𝑒𝑎 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒

𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 
 (A-39) 

And 𝜖 is the cake porosity, and 𝜌𝑝 is the density of the particles.  

When the filtration is carried out at constant pressure, the filtration equation can be 
simplified as:  

 
𝑡

𝑉/𝐴
= 𝐾𝑝

′  
𝑉

𝐴
+ 𝐶 (A-40) 

Where:  

 𝐾𝑝
′ =  

𝜇𝛼𝑤

2𝑃
 (A-41) 

 𝐶 =  
𝜇𝑟

𝑃
 (A-42) 

Rearranging the equation to calculate the volume:  

 𝐾𝑝
𝑉2

𝐴2 + 𝐶 
𝑉

𝐴
− 𝑡 = 0 (A-43) 

This can be solved as a second-order equation:  

 𝑉 = 𝐴 ∙  
−𝐶+√𝐶2+4𝐾𝑝𝑡

2𝐾𝑝
 (A-44) 

Once the filtrate volume is determined, the concentrations of components in the filtrate 
and in the retentate can be calculated. Knowing the pore size of the membrane (D), 
only the particles with a diameter lower than D will pass through the membrane. It is 
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possible to estimate the “minimum” radius of a peptide and correlate it to the peptide 
molecular weight:   

 𝑅𝑚𝑖𝑛 = 0.66 ∗ 𝑀1/3 (A-45) 

Where M is the weight of the particle in Da. 

A5. Centrifugation power loss equations 

1. 𝑷𝒂𝒏𝒈: angular momentum losses 

During centrifuge operation, the fluid rotates, carrying away rotational energy as it exits 
the system, resulting in a power loss. Therefore, this loss is relevant only if the fluid is 
continuously removed from the broth by the centrifuge.  

 𝑃𝑎𝑛𝑔 =  𝜌𝑄𝜔2𝑟𝑜𝑢𝑡
2  (A-46) 

Where Q is the flow rate, and rout is the outlet radius. Knowing the velocity at which 
the liquid is exiting the centrifuge, it can be estimated as:  

 𝑟𝑜𝑢𝑡 =
𝑣

𝜔
 (A-47) 

2. 𝑷𝒘𝒊𝒏: aerodynamic losses 

Aerodynamic losses occur due to air friction around the rotating bowl of the centrifuge, 
especially in high-speed centrifuges (> 200 m/s).  

 𝑃𝑤𝑖𝑛 =  
2𝜋

5
 𝜌𝜔3𝑅5𝑐𝑓 (A-48) 

Where R is the rotor radius, and Cf is the friction coefficient that depends on the 
rotational speed and the air properties 

3. 𝑷𝒎𝒆𝒄: mechanical losses 

These losses come from the friction of the mechanical parts. They can be estimated 
as 5-15% of the total power.  

4. 𝑷𝒆𝒍𝒆𝒄: electrical losses 

 𝑃𝑒𝑙𝑒𝑐 = 𝑃𝑡𝑜𝑡 (
1−𝜂

𝜂
) (A-49) 

Where 𝜂 is the motor efficiency, and Ptot is the power drawn by the centrifuge. 

5. 𝑷𝒑𝒖𝒎𝒑: pressure drop losses 

 𝑃𝑝𝑢𝑚𝑝 =  
𝑄Δ𝑃

𝜂
 (A-50) 

Where ΔP is the pressure drop across the centrifuge. 
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