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Introduction & Objectives

. Lactobacillus rhamnosus is widely used in biotechnology for functional foods and| |* ANN Model
pharmaceuticals. — RMSE =0.073 h1
— R2=0.999

Growth control in fed-batch cultures is essential to prevent unwanted metabolites and
optimize yield.
Traditional monitoring methods (e.g. TCD) are noisy and lack adaptability to process
variations.
Objective:

— Implement an Artificial Neural Networks (ANN) as a digital twin of the biological system

to predict growth rate (J)
— Integrate the ANN model into a closed-loop PI control system

Materials & Methods

Microorganism: Lactobacillus rhamnosus LRH30
Bioreactor: 1.8 L RALF equipped with sensor for: pH, Temperature, Dissolved Oxygen (DO),

Total Cell Density (TCD), Gas analyser (Off-gas analysis: OUR, CER and RQ)

— Carbon Emission Rate (CER) = most influential variable (SHAP analysis)
— Better performances than the model developed by Sgrensen et al. (DoI: 10.1016/j.crfs.2023.100593)
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« Test with an exponential feed:

— Less noise in signal compared to TCD probe
ANN Model: — Less accuracy compared to

— Implemented in Python using Keras 3

— Training on normalized open-loop dataset (75% training, 12.5% validation, 12.5% test) Entry  psetpoint[h']  SNRTCDProbe[-] SNRANN Model [-]
1 0.10 0.41 1.13
2 0.20 0.33 1.16
CER 3 0.25 0.39 0.78
OUR
- \ RQ 4 0.30 0.46 1.25
Volume \ 2
02 signal Z2\WZIIN 0579 . 0.30 - .
P "’MF ﬁ’[f . : —— Setpoint —— Estimated growth rate
}t‘%‘#!ﬁlj/ Gas « Alr Out —— TCD prob —— Growth rate Setpoint
L EL Analyser | probe P
Base consumption ﬁ'ﬂ#‘#"i ?:?h\u 4 0.4 - — ANN prediction 0.95 - -$- Offline biomass
%ﬁ*‘«:fﬁ{‘ﬁ ._ -}~ Offline biomass
;':‘ 43;!@ ?;"f\ Growth rate
OUR éﬁ: 3‘% :
NN
KRR | N I
JON
CER w;”v\“r b .F! %
KN - 20
[ N\ ! \
TCD si ‘ éi él % 1‘ \
gnal — — . : \
Ld L’ | Lr '1; ..
NaOH3M H,S0,0.5M 4 L
15 16 7 18 19 2 21 2 ' ' ' ' ' ' ' '
Figure 1. ANN Model geometry Figure 2. Reactor setup Time [h] 17 18 19 ﬁﬂme [h] 21 22 23 24
Figure 5. Growth rate profile for the test using an Figure 6. Growth rate profile for the test using the
exponential feed, [seypoine = 0.25 developed PI controller
* Pl Control: » Pl Controller Performance

mplemented in LabView
Parameter tuning using Ziegler-Nichols method

Dynamic substrate feed regulation

— Average control error 16.8% £ 5.41%

— Reduced signal noise
— Better control performances compared to Brignoli et al. (DOI: 10.3390/pr8060679)

Fo Disturbances Entry M setpoint [h-1] Mean Controller Error [%] Overshoot [%] Response Time [min]
Feedforward 1 0.25 14.8 12 12
l l [mL/min] 2 0.10 24.2 40 48
3 0.05 11.4 20 18
-1 -1 i
Hsetpoint M’@ e[l | Pl Controller F(t) [mb/min] | Process Output | Mean 16.8 24 26
Feedback Standard deviation 5.41 12 16
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Uee(t) [h7] _ OUR « A Digital Twin based controller improves growth rate control of L. rhamnosus in fed-batch
TCD signal * PI control with ANN-based p prediction ensures higher stability and reproducibility thanks to
noise reduction
« Future developments
Figure 3. Pl controller block diagram — Increasing ANN complexity/Optimize ANN architecture
— Expanding the prediction model to other microorganisms and bigger reactor scale
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