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Context

2

▪ Escherichia coli is a popular microorganism in biotechnology applicat ions, and the most
commonly used host cell for the product ion of recombinant proteins and many other
biopharmaceut ical products.

▪ Computer control of the biochemical state variables can help to increase performance
significant ly.

▪ To maximize the biomass product ion and reach high cell densit ies, a substrate feeding strategy
must be considered.

▪ Overfeeding the culture can lead into acetate product ion, a cell growth inhibit ing byproduct .

▪ To maintain the culture in opt imal operat ing condit ions, an opt imal closed-loop control
algorithm coupled with a state est imator is developped.
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1. Process model
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Bottleneck assumption
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State space model 
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Objective:
M aximize the biomass growth

37th Benelux Meet ing on Systems and Control
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-

Develop a control law that t racks a
reference profi le in a fed-batch E. coli
culture process using a nonlinear
predict ive control (N M PC) strategy
coupled to an Unscented Kalman Filter
(U K F) est imator.

Our strategy



2. Model predictive control

Progress



Model predictive control
▪ Regulat ion of Biomass concentrat ion X to a reference profile Xr while the feed-rate Fin to

t rack a specified feed-rate profile Fin ref.
▪ The opt imizat ion problem considers minimizing the following quadrat ic cost funct ion over a

finite horizon N, applying only the first control value according to the receding horizon
strategy:
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Nonlinear model predictive control applied to E. Coli 
culture
▪ Difficult ies when solving this problem:

▪ Such control requires discret izat ion of the model with a small sampling t ime, so that the
discret ized model, remains significant compared to the cont inuous one.
 This leads to a sampling t ime much too short compared to the t ime response of the

system.

▪ The presence of nonlinear const raints increases the on-line computat ion t ime when solving
the opt imizat ion problem.

▪ How can we avoid these difficult ies?
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Nonlinear model predictive control applied to E. Coli culture

▪ The idea is to move the classical NMPC
formulat ion into a nonlinear programming
(NLP) problem.

▪ The result ing st rategy is based on the Control
Vector Parametrizat ion (CVP) technique:

▪ Only the control act ions are discret ized with
respect to t ime. The sampling t ime can thus
be chosen much larger than in the case of
classical discret izat ion.

▪ A piecewise constant approximat ion of such
control act ions is considered for the cont i-
nuous-t ime computat ion of the predicted state
vector, without discret izing the state
variables.
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Discret ized control act ions
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Nonlinear model predictive control applied to E. Coli 
cultures
▪ The formulat ion of the NMPC problem becomes:

▪ The number of const raints is drast ically decreased.

▪ The tuning parameters are 𝑁𝑁 and 𝜆𝜆
▪ N chosen as a trade-off between computat ion burden and performance (ant icipat ion effect)

▪ 𝜆𝜆 chosen as a trade-off between the control smoothness and performance (accuracy)



3. Unscented Kalman Filter

Progress



UKF estimation
▪ Goal : on-line est imat ion of the acetate and the glucose concentrat ion based on 

the biomass measurement

▪ Nonlinear dynamics: Kalman filtering.

▪ Unscented Kalman filter:
▪ Derivat ive-free
▪ Propagat ion of the nonlinear dynamics through Sigma points
▪ Est imated state is given by linear regression of these points.
▪ 3 steps:
▪ Calculate the Sigma points
▪ Predict ion
▪ Update
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Unscented Kalman Filtering Algorithm (1/2)
▪ Consider the nonlinear discrete system:

▪ Step 1: Select ion of the Sigma points:

▪ Step 2: Predict ion
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𝑥𝑥𝑘𝑘+1 = 𝑓𝑓 𝑥𝑥𝑘𝑘 ,𝑢𝑢𝑘𝑘 + 𝑣𝑣𝑘𝑘
𝑦𝑦𝑘𝑘 = ℎ 𝑥𝑥𝑘𝑘 + 𝑤𝑤𝑘𝑘 �𝑥𝑥0 = 𝐸𝐸[𝑥𝑥0], 𝑃𝑃0 = 𝐸𝐸 𝑥𝑥0 − �𝑥𝑥0 𝑥𝑥0 − �𝑥𝑥0 𝑇𝑇

𝑛𝑛 = dim(𝑥𝑥)

𝑣𝑣𝑘𝑘~N(0,𝑄𝑄),  𝑤𝑤𝑘𝑘~N(0,𝑅𝑅)

𝒳𝒳𝑘𝑘−1 0 = �𝑥𝑥𝑘𝑘−1
𝒳𝒳𝑘𝑘−1 𝑖𝑖 = �𝑥𝑥𝑘𝑘−1 + 𝛾𝛾. 𝑃𝑃𝑘𝑘−1 𝑖𝑖

, 𝑖𝑖 = 1, . . . ,𝑛𝑛,
𝒳𝒳𝑘𝑘−1 𝑖𝑖 = �𝑥𝑥𝑘𝑘−1 − 𝛾𝛾. 𝑃𝑃𝑘𝑘−1 𝑖𝑖−𝑛𝑛

, 𝑖𝑖 = 𝑛𝑛 + 1, … , 2𝑛𝑛

𝛾𝛾 = 𝑛𝑛 + 𝜆𝜆𝑢𝑢
𝜆𝜆𝑢𝑢 = 𝛼𝛼2 𝑛𝑛 + 𝜅𝜅 − 𝑛𝑛

𝒳𝒳𝑘𝑘|𝑘𝑘−1 = 𝑓𝑓 𝒳𝒳𝑘𝑘−1,𝑢𝑢𝑘𝑘−1

𝒴𝒴𝑘𝑘|𝑘𝑘−1 = ℎ 𝒳𝒳𝑘𝑘|𝑘𝑘−1

�𝑥𝑥𝑘𝑘− = �
𝑖𝑖=0

2𝑛𝑛

𝑊𝑊𝑖𝑖
𝑚𝑚 𝒳𝒳𝑖𝑖,𝑘𝑘|𝑘𝑘−1

�𝑦𝑦𝑘𝑘− = �
𝑖𝑖=0

2𝑛𝑛

𝑊𝑊𝑖𝑖
𝑚𝑚 𝒴𝒴𝑖𝑖,𝑘𝑘|𝑘𝑘−1

𝑊𝑊0
𝑚𝑚 = 𝜆𝜆𝑢𝑢

𝑛𝑛+𝜆𝜆𝑢𝑢
, 𝑊𝑊0

𝑐𝑐 = 𝜆𝜆𝑢𝑢
𝑛𝑛+𝜆𝜆𝑢𝑢

+ 1 − 𝛼𝛼2 + 𝛽𝛽

𝑊𝑊𝑖𝑖
𝑚𝑚 = 𝑊𝑊𝑖𝑖

𝑐𝑐 = 1
2 𝑛𝑛+𝜆𝜆𝑢𝑢



Unscented Kalman FilteringAlgorithm (2/2)
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𝒦𝒦𝑘𝑘 = 𝑃𝑃𝑦𝑦𝑘𝑘𝑥𝑥𝑘𝑘𝑃𝑃�𝑦𝑦𝑘𝑘 �𝑦𝑦𝑘𝑘
−1

�𝑥𝑥𝑘𝑘 = �𝑥𝑥𝑘𝑘− + 𝒦𝒦𝑘𝑘 𝑦𝑦𝑘𝑘 − �𝑦𝑦𝑘𝑘−

𝑃𝑃𝑘𝑘 = 𝑃𝑃𝑘𝑘− −𝒦𝒦𝑘𝑘𝑃𝑃�𝑦𝑦𝑘𝑘 �𝑦𝑦𝑘𝑘𝒦𝒦𝑘𝑘
𝑇𝑇

𝑃𝑃�𝑦𝑦𝑘𝑘 �𝑦𝑦𝑘𝑘 = �
𝑖𝑖=0

2𝑛𝑛

𝑊𝑊𝑖𝑖
𝑐𝑐 𝒴𝒴𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑦𝑦𝑘𝑘− 𝒴𝒴𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑦𝑦𝑘𝑘−

𝑇𝑇 + 𝑅𝑅

𝑃𝑃𝑦𝑦𝑘𝑘𝑥𝑥𝑘𝑘 = �
𝑖𝑖=0

2𝑛𝑛

𝑊𝑊𝑖𝑖
𝑐𝑐 𝒳𝒳𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑥𝑥𝑘𝑘− 𝒳𝒳𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑥𝑥𝑘𝑘−

𝑇𝑇

𝑃𝑃𝑘𝑘− = �
𝑖𝑖=0

2𝑛𝑛

𝑊𝑊𝑖𝑖
𝑐𝑐 𝒳𝒳𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑥𝑥𝑘𝑘− 𝒳𝒳𝑖𝑖,𝑘𝑘|𝑘𝑘−1 − �𝑥𝑥𝑘𝑘−

𝑇𝑇 + 𝑄𝑄
• Step 2: Predict ion

• Step 3: Update

UKF tuning parameters : covar iance mat r ices 𝑸𝑸, 𝑹𝑹,𝑷𝑷𝟎𝟎, UKF parameters 𝛼𝛼,𝛽𝛽, 𝜅𝜅



4. Simulation results

Progress
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Reference trajectory
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UKF & NMPC : performance test

22Good performance of the NMPC and UKF algorithms
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Preliminary robustness test: model mismatch

▪ Three parameters were altered to test the robustness of the control and est imat ion algorithms

▪ These parameters appear in the following equat ions which represent the specific growth rate expressions in
the respiro-fermentat ive regime:

▪ The parameters qs and qsmax were altered by 20%

▪ The parameter KiA was altered by 10%
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Good performance of the NMPC and UKF algorithms



5. Conclusion and perspectives

Progress



Conclusion 
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▪ A macroscopic model describing the metabolism of E. coli was presented

▪ Development of the NMPC controller to track a biomass and a feeding reference trajectory.

▪ State est imat ion using an Unscented Kalman Filter presents advantages due to the nonlinearity of the system

▪ Simulat ion results show the efficiency of the proposed strategy (NMPC controller coupled to an unscented 
kalman filter). 

Perspectives  
▪ Determinat ion of an opt imal t rajectory according to the bot t leneck theory

▪ Analyze further the performance and robustness of the proposed strategy

▪ Experimental validat ion of the proposed control st rategy on an E. coli culture.

▪ Online opt imizat ion of the biomass growth : determinat ion of the appropriate criterion (growth rate, 
biomass concentrat ion, …)

▪ Robust ificat ion of the control and est imat ion strategies  w.r.t . model mismatch and measurement errors
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