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Abstract

Consolidated bioprocessing (CBP) is difficult to monitor because enzyme production, lignocellulose
degradation, sugar release, and fermentation occur simultaneously under sparse measurements,
feedstock variability, and plant-model mismatch. This study proposes a computational sensor-set
design framework for digital-twin-assisted CBP monitoring. A five-state virtual plant, consisting of
active biomass, cellulolytic enzyme activity, remaining insoluble substrate, soluble sugars, and ethanol,
was used to evaluate measurement packages ranging from ethanol-only sensing to full-proxy sensing.
Candidate sensor sets were assessed using finite-difference output sensitivities, Fisher-information-
based state observability and parameter identifiability analysis, parameter-correlation diagnostics,
and unscented Kalman filter soft-sensing reconstruction. The results show that ethanol-only sensing
is insufficient for state-aware CBP digital twins. At 6 h sampling, the state-observability log-pseudo
determinant increased from 4.20 with ethanol-only sensing to 8.56 after adding soluble sugar, and
to 16.42 with full-proxy sensing. Biomass and enzyme proxies contributed strongly to parameter
learning, and the ethanol-sugar-biomass—enzyme package provided the best parameter identifiability
across the sampling intervals. In the soft-sensing analysis, full-proxy sensing reduced the mean
latent-state RMSE from 1.2080 to 0.5314 and gave the highest aggregate sensor value of 0.8144. The
ethanol-sugar-biomass—enzyme package gave the best reduced sensor set, with a score of 0.7423
and lower measurement burden. Noise sensitivity analysis showed no ranking change under the
tested noise levels, while cost-weight sensitivity analysis indicated ethanol-sugar-biomass as the
preferred cost-sensitive package. The proposed framework provides a simulation-based method for
prioritizing informative measurement packages before implementing CBP digital twins in laboratory
and pilot-plant settings.

Keywords: consolidated bioprocessing; digital twin; sensor-set design; observability analysis;
parameter identifiability; fisher information matrix; soft sensing; unscented Kalman filter; hybrid
grey-box model; measurement uncertainty

1. Introduction

Consolidated bioprocessing (CBP) is a process-intensified route for producing ethanol and other
biochemical products through the simultaneous biological integration of enzyme production, biomass
deconstruction, and fermentation [1,2]. Its appeal lies in the potential to reduce dependence on ex-
ternally supplied cellulases and to simplify the biomass-to-products chain compared with separated
enzyme production, hydrolysis, and fermentation schemes. However, CBP remains technically chal-
lenging because its performance depends on host engineering, cellulosome biosynthesis, microbial
consortia design, enzyme delivery, substrate accessibility, and feedstock deconstruction. Recent studies
have therefore focused on CBP strains and genetic manipulation, synthetic cellulosomes and extra-
cellular polymeric substances, microbial communities and co-cultures, enzyme delivery strategies,
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substrate accessibility, and process intensification [3—7]. From a monitoring perspective, CBP is not
only a biochemical conversion process whose product yield should be maximized; it is also a non-
linear, partially observed dynamic system in which growth, enzyme synthesis, insoluble-substrate
deconstruction, sugar release, sugar consumption, fermentation, and inhibition-related effects evolve
on different time scales.

A central difficulty in developing digital-twin-assisted CBP is the limited availability of informa-
tive online measurements. Ethanol concentration is often one of the most accessible measurements,
but it is a delayed product signal and cannot directly reveal whether poor batch performance origi-
nates from weak biomass growth, insufficient enzyme production, poor substrate accessibility, slow
hydrolysis, sugar limitation, or product inhibition. In contrast, states that are more useful for pro-
cess decision-making, such as living biomass concentration, active enzyme concentration, residual
insoluble substrate, and soluble sugar concentration, are difficult to measure directly, continuously,
or non-invasively. Similar measurement limitations have motivated the use of hybrid models, soft
sensors, and online state-estimation methods in bioprocess monitoring and control [8-11]. Recent
studies have also shown the value of soft-sensor recalibration, metabolic-heat-based soft sensing,
spectroscopic monitoring, real-time biomass estimation, and Kalman-filter-based state—-parameter
estimation for improving the information content of bioprocess measurements [12-18]. In parallel,
digital bioprocessing and digital chemical engineering studies emphasize accurate process measure-
ments, model integration, predictive modelling, enabling digital technologies, and the progressive
introduction of process analytical technology tools during process development [19-25]. For nonlinear
systems, unscented Kalman filtering provides a convenient way to propagate uncertainty through
nonlinear dynamics without local linearization [26,27]; therefore, the quality of soft sensing depends
strongly on the informativeness of the available measurements.

The problem of choosing measurements for CBP cannot be reduced to the selection of a state-
estimation algorithm. It is also necessary to determine whether the available measurements contain
sufficient information for state reconstruction and parameter learning. State observability describes
the extent to which hidden process states can be reconstructed from measured outputs, whereas
parameter identifiability describes the extent to which model parameters can be estimated from
available data. These concepts are especially important in partially observed biochemical systems,
where unmeasured states and uncertain parameters can compensate for each other and produce similar
measured trajectories [28,29]. Fisher-information and sensitivity-based metrics provide practical tools
for quantifying measurement informativeness, observability, and identifiability. For CBP, this issue
is particularly important because candidate measurements differ substantially in their measurement
burden, cost, delay, and online implementation difficulty. For example, ethanol, soluble sugar, biomass
proxies, enzyme-activity proxies, and residual-substrate proxies are not equally easy to obtain, and their
value for digital-twin deployment should be evaluated before laboratory or pilot-scale implementation.

Although CBP has been widely studied from biological, biochemical, and process-intensification
perspectives [3,6,7,30,31], systematic evaluation of measurement sets for CBP digital twins remains
limited. Existing soft-sensing and bioprocess-control literature demonstrates that software sensors and
nonlinear state-estimation methods can improve process monitoring [8-11]. More recent work has
further highlighted the importance of soft-sensor generalizability, sensor recalibration, biomass moni-
toring, spectroscopic data streams, and joint state—parameter estimation for reliable model-assisted
monitoring [12-14,16-18]. However, there is still no systematic comparison of CBP measurement
packages with respect to state observability, parameter identifiability, soft-sensor reconstruction per-
formance, measurement burden, and robustness to measurement uncertainty and alternative scoring
priorities. In particular, it remains unclear whether ethanol-only sensing is sufficient for constructing a
state-aware CBP digital twin, whether ethanol and sugar measurements provide an adequate minimal
package, or whether additional biomass, enzyme, and substrate proxies are required.

To address this gap, this study proposes a computational framework for evaluating candidate
CBP sensor sets according to state observability, parameter identifiability, soft-sensor reconstruction
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performance, measurement cost, and robustness to noise and scoring assumptions. A compact hybrid
grey-box CBP model is used as a virtual plant for generating finite-difference output sensitivities,
Fisher-information-based observability and identifiability scores, parameter-correlation diagnostics,
and approximate uncertainty measures. The candidate sensor sets are then evaluated using a Monte
Carlo unscented Kalman filter reconstruction test under model-plant mismatch and measurement
noise. Finally, the sensitivity of the sensor-set ranking to measurement-noise scaling and alternative
scoring weights is assessed.

The contribution of this paper is threefold. First, it provides a pre-experimental computational
pipeline for ranking CBP measurement candidates before wet-lab or pilot-plant implementation. Sec-
ond, it combines state observability and parameter identifiability analysis with soft-sensor performance
rather than relying only on endpoint prediction or product monitoring. Third, it evaluates the robust-
ness of the resulting sensor ranking with respect to measurement noise and alternative weighting
of information, reconstruction, and cost criteria. The results are intended to support digital-twin
readiness assessment and experimental planning for CBP, rather than to claim experimental validation
of a specific organism or process.

2. Model, Sensor Sets, and Information-Based Analysis
2.1. Hybrid CBP Digital-Twin Model

A compact hybrid grey-box model was used as the computational digital-twin core for con-
solidated bioprocessing (CBP). The model was formulated to include the most significant dynamic
couplings inherent to CBP, namely, growth of microorganism biomass, synthesis of cellulolytic en-
zymes, hydrolysis of insoluble substrate, accumulation and consumption of soluble sugars, and ethanol
synthesis. Simplified mechanistic and hybrid models are common choices for bioprocess monitoring,
state estimation, and control due to their interpretation potential and computationally-efficient struc-
tures [8-10]. In addition, modern bioprocess digital twins and hybrid models place particular emphasis
on model compactness required for online state estimation and uncertainty analysis [11,19,20,32-34].
The state vector was defined as

w0 = [x() E0) BO) ) Pw)] Q0

where X is biomass activity, E is enzymatic activity, B is residual insoluble substrate, C is soluble
sugars concentration, and P is ethanol concentration. The operating variables included temperature
and pH:

u(t) = [1() pH()] . 2)

The model described CBP as three continuously-varying regimes. The first one was the regime of
growth and enzyme production; the second one was the regime of substrate hydrolysis; the third one
was the regime of ethanol fermentation. This phase-based structure corresponds to the well-known
view of CBP as a process consisting of four consecutive steps in which cellulase production, cellulose
deconstruction, sugar release, and ethanol fermentation were performed in a coupled way in a single
operation [30,31]. Contemporary works on CBP stress the role of this coupling in lignocellulosic
conversion processes [5-7]. The phase weights were calculated using logistic functions:

1
Pi(t) = 1+ exp{k(t—1t1)}’ ®)
1
Pa(t) = 1+exp{—k(t—t2)}’ @)
¢2(t) = max(0,1 — ¢1(t) — ¢3(t)), (5)

where k = 0.28, t; = 18 h, and ¢, = 44 h. Normalization of the weight functions provided their
summation to unity. It should be stressed that this formulation does not cover all the regulatory
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mechanisms within the process as it was intended for use as a controlled dynamic benchmark in which
the latent states were characterized by different timescales and levels of measurement relevance for
observability and identifiability assessment.

The equations describing the nominal behaviour of the system were written as

= {yx (1 - ;(() - dX] ~0.0020 g5, (6)
%f = ¢ {YEX - kdegE} — 0.0040 3 E, (7)
Z—Itg = —$2Vhyd, ®)
LZT(; = ¢ (vhya — 010C) = 30ferm, ®)
iTI; = $30ferm, (10)

where K = 7.5 was the biomass carrying capacity constant. All growth, enzyme, hydrolysis, and fer-
mentation dynamics depended on temperature and pH activity profiles. Hydrolysis and fermentation
rates were computed as follows:

C
Uferm = YP1 T kP (12)
n!

where € was a small constant ensuring division by a non-zero number. Hydrolysis rate increased
with residual substrate amount and enzymatic activity but was also limited by the tanh(E) factor.
Fermentation rate transformed soluble sugar into ethanol with a feedback-dependent effect on product-
inhibition dynamics. Despite its simplicity, the model preserved the crux of the monitoring problem
related to CBP: ethanol was a late product, and the reasons for poor batch performance could be traced
in biomass, enzymes, substrate, and sugar states.

Seven log-multiplicative uncertainty factors were used to facilitate the parameter identifiability
analysis:

.
0= 104 Ov. Ovo Ovp 04 O Orcca] - (13)

They scaled growth rate, enzyme yield coefficient, hydrolysis capacity, ethanol yield, decay rate, inhi-
bition rate, and feedstock accessibility, respectively. The logarithmic parameter transformation made
sense due to multiplicative character of kinetic uncertainties and possible identifiability degeneracy
under simultaneous effects of multiple biochemical mechanisms [28,29].

The assumed initial condition was

xo=1010 0 By 0 0 T, By = 5 (14)
where Sgp = 100 and thus By = 20 in the present study. The batch cycle duration was 96 h, while
numerical integration was done by means of the fourth-order Runge-Kutta method with a 2-h internal
time step. In order to conduct the observability and identifiability analysis, the open-loop control input
(T, pH) was scheduled in such a way that all growth/enzyme synthesis, hydrolysis, and fermentation
modes were activated:

(48°C, 5.60), t<24h,
(T,pH) = ¢ (50°C, 5.20), 24 <t <54h, (15)

(42°C, 6.00), t>54h.

This profile was not designed for optimal production of ethanol. The objective was to create a
sufficiently representative trajectory to compare potential sensor suites. Excitation is vital in this
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respect as information-theoretic and sensitivity measures of identifiability are trajectory dependent
[35,36]. In other words, the model can be considered an experimental template for sensor suite design
but not as a fully developed organism-specific CBP model.

2.2. Candidate Sensor Sets and Measurement Assumptions

The sensor library included not only commonly made process measurements but also potential
proxy measurements for latent CBP states. Five measurements were considered:

M={P, C, X, E, B}, (16)

where P is ethanol, C is soluble sugar, X is a biomass proxy, E is an enzyme activity proxy, and B
is a substrate proxy. Such an approach reflects the common monitoring problem in CBP where the
product is straightforward to monitor while underlying biological and enzymatic states are sparse
or difficult to monitor online. Soft sensing approaches and process analytical technologies have been
proposed to overcome similar monitoring limitations in bioprocess development [8-11,19,24]. The
nominal measurement standard deviations and relative costs are summarized in Table 1. Here, the
cost represents a dimensionless estimate of the measurement burden related to sampling efforts, assay
time latency, and online implementation difficulty rather than an exact cost amount.

Table 1. Sensor library for CBP sensor-set design.

Key Measurement o Cost
p Ethanol 018 1.0
C Sugar 020 15
X Biomass proxy  0.05 2.0
E Enzyme proxy  0.06 3.0
B Substrate proxy 040 2.5

Seven sensor sets were considered, from monitoring only product to monitoring all available
states and proxies:

S ={P}, (17)
S, ={P,C}, (18)
S; ={P,C, X}, (19)
Sy ={P,C,E}, (20)
S5 ={P,C,B}, (21)
S¢ ={P,C,X,E}, (22)
S, ={P,C,X,E,B}. (23)

The ethanol-only set was taken as the baseline because it represents the most straightforward configu-
ration. The ethanol-sugar set represented the most minimal biochemical measurements package. The
other sets explored whether adding measurements of biological and hydrolysis proxies improved state
observability and parameter identifiability. Such an approach helped to assess both the importance of
monitoring product, biochemical intermediates, biological, and hydrolysis states. In addition, recent
advances in soft sensing and state estimation in lignocellulosic and fermentation processes suggest
such an approach is necessary, because hybrid sensors and state estimators rely heavily on which state
variables are monitored [37-39].

Measurement sensitivities were computed with the sampling periods of 6, 12, and 24 h. They
corresponded to increasingly sparse sampling scenarios in the lab and pilot plants. For a given sensor
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set S and sampling period Ats, the model outputs were obtained by concatenating the measurements
made at each sample point into a single vector,

ys = [hs(x(t)T hs(x(t)T - hs(x(tn)T] @)

where hs(-) denotes the selection of states corresponding to the sensors in the set S. Each output
component was weighted by the corresponding measurement standard deviation, thus more accurate
measurement provided higher weights.

2.3. State Observability Analysis

State observability was determined by evaluating the sensitivity of the output vector to perturba-
tions in the initial state. Given a sensor set S, the finite-difference sensitivity w.r.t. to j-th initial state

was estimated as

5,,; = Yoot eie) z;y sl =9, (25)

where ¢; is the j-th unit vector and ¢; is the state dependent perturbation,
gj = 10" max(|xo,],1) + 10~ (26)

When the perturbation was negative and caused violation of nonnegativity, the perturbation value was
clipped and the actual perturbation distance was reported. Next, the matrix of weighted sensitivities
was estimated as

Sy = Wg's,, (27)

where W is the diagonal matrix of measurement standard deviations repeated over the whole time
window.
Then, Fisher information was approximated by computing the matrix

F, =SS, (28)

This matrix cannot be considered the structural observability matrix in the pure differential geometric
sense. Rather, it is a matrix of experimentally obtainable information about the initial states encoded in
the measurements. This approach corresponds to Fisher information approximation, widely applied
in analyzing observability of complex biological systems [29,35,36].

The following measures were taken from Fy: numerical rank, log pseudo-determinant, mini-
mal active eigenvalue, condition number, and correlation analysis. The log pseudo-determinant is
calculated as

log,, pdet(Fy) = Z log,,(Ai), (29)
)Li>T
where A; are the eigenvalues of Fy and 7 is the numerical eigenvalue threshold. The minimal ac-
tive eigenvalue, 1og;;(Amin), denotes the direction with the weakest information content, while the
condition number,

k(Fy) = Amax, (30)

Amin
measures the level of anisotropy in the information content. The state covariance was estimated by
means of a regularized pseudoinverse:

I (Fx + 10*101)+. (31)

Using such criteria, sensor ensembles can be ranked not only based on their aggregate information
quantity but also on whether some aspects of the system state remain ill-defined.
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2.4. Parameter Identifiability Analysis

The problem of parameter identifiability was analyzed using an identical information-based
approach, but with sensitivities computed with respect to logarithmically scaled model parameters
instead of initial states. The parameter vector was

T
0 = |:6P‘ GYE vaax 6Yp 05 Oinn Gfeed:| ’ (32)

where all nominal values of the log-parameters were zero, corresponding to multiplicative scales of
one. The finite difference derivative of the output vector with respect to the jth log-parameter was

s (exp(6 + (5ej)) —ys(exp(6 — (5ej))
20 !

Soj = 5=103. (33)
The exponential mapping guarantees that variations are equivalent to relative changes in the kinetics
and feedstock input terms. The weighted parameter sensitivity matrix and Fisher information matrix
were

So = Ws'Se, (34)

and
Fy =S4 S. (35)

The same metrics for state observability were also computed for parameter identifiability. Ap-
proximate parameter uncertainty was derived from

~107\"

Ty~ (Fg +10 1) ) (36)

with the standard error of the jth log-parameter estimated by

SE(6)) = ,/[Zel;- 37)

The associated approximate multiplicative 95% uncertainty factor was
exp(1.96 SE(6;)). (38)
Correlations between parameters were defined by

R = [Zol;; (39)

(Zolii[Zelj; .

Large off-diagonal correlation factors denote parameter pairs that are problematic to estimate due to
their non-separability using the proposed measurements. In this context, the issue of non-identifiability
is relevant for partially observed bio-processes, for which alternative kinetic models could result in
nearly identical observed ethanol or sugar time courses. In cases where the data obtained is scarce,
noisy, or lacks diversity [28,29], identifiability analysis plays the role of a computational filter that aids
in choosing the packages of CBP measurements that have potential for useful parameter inference.

3. Soft-Sensor Evaluation, Sensor Ranking, and Robustness Assessment
3.1. Soft-Sensor Reconstruction Test

After the observability and identifiability analyses, each candidate sensor set was evaluated for
nonlinear soft-sensing reconstruction under modelling errors, initial-state uncertainty, and measure-
ment noise. An unscented Kalman filter (UKF) was used because it can propagate mean and covariance
information through nonlinear and phase-dependent dynamics without local linearization, which
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is important when some process states are only partially measured. Recent bioprocess monitoring
studies emphasize that soft sensors, hybrid models, and model-based state-estimation methods are
essential for digital bioprocessing because key physiological states are often unavailable from direct
online measurements [11,37-40]. Related work on sensor-assisted bioprocess monitoring has also
demonstrated the value of metabolic-heat-based soft sensing, spectroscopic monitoring, biomass
estimation, soft-sensor recalibration, and joint state-parameter estimation for improving process-state
reconstruction [12-18].

For the five-state CBP model, the UKF estimates and covariance matrices at time f; are denoted
by fix and Py, respectively. The sigma points are generated as follows,

x£?£ = T (40)

X](Clﬁc :xAk|k+ |: (n+A)Pk|k:|l,/ = 1,...,1/[, (41)
Xl(cl\k+n) — £k|k - { (7’1 + A)Pk|k] ; i=1,...,n, (42)

A=a*(n+x)—n (43)

withn = 5and

The UKF parameters are « = 0.35, B = 2, and k¥ = 0. Every sigma point was propagated over one plant
step using the fourth order Runge—Kutta integration scheme used previously in the plant,

X]((:)_”k = fat (X](:&(r Ug, 9m0del> ’ (44)

where fa;(-) represents the CBP model integrated over the time-step. The predicted mean and
covariance for the next step would be

) ()
J?k+1|k = Zowz Xk+1‘k’ (45)
1=
and 5
n ) . T
P = Q+ 1o W0 (16— Free) (00 e = feaie) (46)
i=0

where Q is the process noise covariance matrix and Wi(m) and Wi(c) are the conventional UKF mean
and covariance weights respectively.

At the sampling instants, the measurement function used at each iteration considered states
corresponding to sensor set S:

vk = hs(x) +or, v ~N(O,Rs), (47)

where R is the diagonal covariance matrix associated with the measurement noise. The predicted
measurement sigma points and mean were given by

@ _ (i)
Zyap = hs (Xkl—s-1|k>’ (48)
and
. S (m)_(i)
Yi+1k = Z W; Zerk (49)
i=0

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.1508.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 May 2026 doi:10.20944/preprints202605.1508.v1

9of 24

The innovation covariance matrix S, 1 and state—-measurement cross-covariance matrix Cuy k1 Were
calculated via

2n . . T
o c i) N (i) N
Sk+1 = ;)Wi( ) (Z;((HU{ - ]/k+1|k) (Zk+1|k - yk+1\k) , (50)
=
S () (D) (0 T
Cryht1 = gwi (Xk+1|k - xk+1|k) (Zk+1|k - yk+l|k) . (51)
i=

Kalman gain and measurement update step were done as follows:

Kk+1 = ny,k+151t+1, (52)
Rer1kr1 = Lxrap + K (]/k+l - ]?k+1|k>/ (53)
Peijkr1 = Perajk — Kipa SesaKi - (54)

The use of the pseudoinverse matrix helped ensure numerical stability.

The estimation accuracy was checked via Monte Carlo simulation experiment. For each sensor set
configuration, Nyic = 100 simulation experiments were run. For each simulation run, multiplicative
mismatch was assumed for growth, enzyme yield, hydrolysis capacity, ethanol yield, decay, inhibition,
and feedstock accessibility parameters. The UKF used the nominal model and thus could not know
about any perturbation specific to the actual plant. Similarly, initial-state uncertainty was induced
through deviations in the estimator’s initial state relative to the true initial state of the plant. Such
a design captures the real-world scenario where the mathematical structure of the model is known,
while the plant parameters and its initial state remain uncertain.

In each experiment, the reconstruction error of state j was defined as

r r 2
RMSE), = | 1 y (x](,j - x](k)) ) (55)

where r indicates the index of the experiment, and N; represents the total number of time instances
within the simulation. Latent-state RMSE was computed across the non-product states as

RMSElatent,r = (RMSEX,V + RMSEE,r + RMSEB,r + RMSEC,;'). (56)

==

However, ethanol was not considered in calculating the average above since it is always measured
using any combination of sensors and hence poses no challenge regarding reconstructing a hidden
state. Some other statistics calculated include the absolute estimation error at the end of the time
horizon,

final _ | (1) _ (r)
G = 1NN T YN

i , (57)

mean absolute error, and the trace of the covariance matrix at the final step,

(P, )- (58)

Comparison between each non-baseline set of sensors and ethanol-only monitoring was made
via the replicate-specific latent-state RMSE values. The difference in comparison to the baseline was
calculated by

d, = RMSE; 1ol o _ RMSE] (59)

latent,r latent,r”

where a positive value of d, denotes smaller reconstruction error compared to the baseline. Because the
signed-rank test is a nonparametric test that does not assume normality of RMSE differences, it was
employed as an additional analysis [41]. The test was not used to rank the sensors, as its purpose was
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only to serve as an additional analysis to the information-based /reconstruction-based sensor value
assessment.

3.2. Scoring Sensor Values and Rankings

The last step in assigning sensor rankings considered four factors in concert: state observability,
parameter identifiability, UKF reconstruction accuracy, and cost. Since each quantity has units and
spans a different range, normalization was applied to transform their ranges to lie in the unit interval
[0,1]. For a metric m; for which higher values are desirable, the normalized score is defined as follows:

m; — min; (m;)

F= . 60
i max;(m;) — min;(m;) 60)
Whereas a score for a metric with low preference was calculated as:
B m; — min;(m;)
;=1 (61)

max;(m;) — min;(m;)’

In case the range was zero, the normalized scores of all sensor sets were set to 0.5. This method,
commonly known as min—max normalization, is an efficient way to rank different sensors according to
multi-factor criteria by putting information value and measurement cost on the same scale. The idea
behind composite scoring is extensively utilized when designing experiments in which informativeness,
uncertainty reduction, robustness, and engineering constraints play equally important roles [11,24,35,
36].

To rank a sensor set with regard to observability, the amount of information provided by the
measurements and the quality of information in the worst resolved state directions were considered:

Sobs = 0.607" (log,, pdet(Fx)) 4+ 0.40 77" (108, Amin (Fx))- (62)
Similarly, parameter identifiability was ranked using a linear combination:
Sia = 0.607" (log,, pdet(Fy)) + 0.40 7" (1ogyy Amin(Fa))- (63)

Here, the pseudo-determinant factor incentivizes total information volume, while the minimum-
eigenvalue factor penalizes configurations that do not provide adequate information for at least
one state or parameter. This helps to avoid a situation where a sensor set can receive a very high
information score based purely on its performance in a few selected directions.

The UKF reconstruction score was derived from the Monte Carlo average latent-state RMSE:

Sukf = n (RMSElatent) 7 (64)

with RMSEj,en; being the mean latent-state RMSE across Monte Carlo runs. Finally, the measurement
burden score was

Scost - 77_ (CS)r (65)

with ¢g being the cost index of sensor set S.
The overall score was given by

Stotal = 0.30Sgps + 0.355;q + 0.255 i + 0.10Scost- (66)

In this expression, the identifiability factor received a marginally larger weight than the observability
factor, since the envisioned applications of the framework include both state reconstruction and digital
twin learning with parameter refinement. The cost term was included to prevent a bias toward the
most measurement-intensive solution.
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A second measure of value per unit cost was calculated:

Svalue/ cost — Stotl . (67)
cs
This score was not used as a criterion for ranking. It was used to analyze the trade-offs between
information gain and measurement burden. The best-scoring full sensor suite can be characterized
as the one with the highest total score, while the best-scoring subset could be defined as a high-score
configuration that avoids the full measurement burden associated with measuring five states.

3.3. Noise and Cost-Weight Sensitivity Analyses

A robustness analysis was done to assess whether the sensor set hierarchy strongly depends on
either the measurement quality assumption or on the choice of score weights. Robustness analysis
is important since the quality of measurements, cost per assay, as well as the relative significance of
observability, identifiability, and reconstruction performance can vary greatly among laboratories and
development stages.

For this purpose, a measurement noise sensitivity analysis was done using three uniform noise
multipliers 7,

Yo € {0.5, 1.0, 2.0}. (68)

In this experiment, all nominal values of the sensor standard deviations are scaled as follows:
o = 05, (69)
Si — Yo0S,i-

Finally, weighted sensitivity matrix and the corresponding metrics of information gain were recalcu-
lated. Since Fisher information gain explicitly depends on noise scaling, this experiment tests whether
the order of the sets remains the same.

The second step was a reevaluation of the aggregate score using alternative weighting schemes.
For each weighting scheme, let

W = |Wobs Wid Wukf wcost:| ’ Z w; = 1. (70)
i
In this notation, the total score was calculated as follows:

S,E:Ql = WobsSobs T WidSid + WukfSukf + WeostScost- (71)

A few alternative weight vectors were considered:

Worimary = [0.30 035 025 0.10], (72)
Wequal = 025 025 025 0.25), (73)
Weops = |0.55 020 015 0.10], (74)
wiq = (015 060 015 0.10], (75)
Wy = |020 020 050 0.10], (76)

Weost_sensitive = |0.25  0.30  0.20 0.25], (77)
Weost_averse = [0.20 020 0.15 0.45|. (78)

These cases correspond to various criteria: balanced performance, observation-oriented design,
identification-oriented design, reconstruction-oriented design, cost-sensitive preference, and cost-
averse preference.
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The robustness evaluation under noise and weight variation was conducted as a computational
benchmarking test for the proposed ranking criterion. A CBP sensor suite that maintains high ranking
for all noise levels and weight schemes is more likely to be a preferred choice for pre-experimental CBP
digital twin design. On the other hand, a preferred CBP sensor suite at one specific weight scheme
should be considered objective-specific, not necessarily optimal.

The workflow for pre-ranking CBP sensors prior to individual modeling and analysis is presented
in Figure 1.

[ Hybrid grey-box CBP virtual plant

Y

[ Candidate sensor sets

Y

State observability analysis
using Fy

Y

Parameter identifiability analysis
using Fy

A 4

sensing evaluation

Y

[ UKF Monte Carlo soft- ’

Noise and cost/weight
sensitivity analysis

Y

[ Ranked sensor packages ’

Figure 1. Schematic representation of the proposed sensor-set design workflow for digital-twin-assisted con-
solidated bioprocessing. The procedure begins with a hybrid grey-box virtual plant, defines candidate sensor
packages, evaluates state observability and parameter identifiability, assesses latent-state reconstruction through
UKF-based Monte Carlo simulations, and examines robustness under alternative noise and cost/weight assump-
tions. The workflow ultimately produces a ranked list of sensor packages for assessing CBP digital-twin readiness.

3.4. Computational Reproducibility

All simulations, state-estimation routines, sensitivity analyses, statistical comparisons, tables, and
figures were implemented in Python 3.13.5 using a fixed random seed of 42. The final production run
for this paper was executed from the Visual Studio Code integrated terminal and used NumPy 2.3.5,
pandas 2.2.3, Matplotlib 3.10.8, SciPy 1.17.0, OpenPyXL 3.1.5, and PyTorch 2.10.0. The hybrid CBP
virtual plant was simulated using a fixed-step fourth-order Runge-Kutta scheme. The same numerical
integration approach was used consistently for trajectory simulation, finite-difference sensitivity
analysis, and UKF prediction. The production run used Nyjc = 100 Monte Carlo replicates for each
candidate sensor set.
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4. Results and Discussion
4.1. Nominal CBP Trajectory Under the Excitation Schedule

As expected, the nominal CBP trajectory under the excitation temperature-pH profile yielded
phase-dependent responses (Figure 2). Biomass and enzymes increased in the early phase, hydrolysis
caused soluble sugar accumulation in the intermediate phase, and ethanol production dominated in
the later phases. Consistent with the view of CBP as a coupling of several processes, namely growth,
enzymatic activity, deconstruction, sugar release, and product generation, occurring within different
time scales [6,7,30,31], the delayed appearance of ethanol shows that its concentration is insufficient to
characterize previous steps involved in bioconversion.

Nominal CBP trajectory under excitation schedule
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15.0
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Time (h)
= Biomass X —— |nsoluble substrate B - Ethanol P
- Enzyme E - Soluble sugar C

Figure 2. Nominal CBP trajectory under the temperature-pH excitation schedule, showing biomass growth,
enzyme formation, residual insoluble-substrate conversion, soluble sugar, and ethanol formation.

4.2. State-Observability Enhancement with Increasingly Informative Sensors

With an increasing number of sensors, state observability information was enhanced (Figure 3).
Monitors consisting of ethanol provided relatively little information content in all sampling periods.
Adding soluble sugar to the ethanol monitor was shown to significantly increase observability with
log pseudo-determinant rising from 4.20 to 8.56 with 6 h sampling period. Further addition of biomass
and enzyme monitors further enhanced state observability to a level of 16.42, 15.06, and 13.81 at 6, 12,
and 24 h, respectively, whereas adding insoluble substrate proxy resulted in the least observable states
due to its relatively low contribution to CBP process dynamics.

In summary, the proposed method is able to help select more effective monitoring sensors that
go beyond traditional product-only measurement for CBP digital twin. This result is consistent with
findings in other areas of bioprocess monitoring, where it is challenging to infer hidden physiological
states based only on end-point data, whereas monitoring intermediates and using proxies can greatly
improve soft-sensor performance [8-11]. The combination of ethanol, sugar, biomass, and enzyme was
found to be sufficient for achieving almost optimal state observability without using the less useful
residual substrate proxy.
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State-observability information by sensor set
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Figure 3. State-observability information by sensor set and sampling interval, measured using the log pseudo-
determinant of the Fisher-information-type observability matrix.

4.3. Parameter-Identifiability Improvement with Biomass and Enzyme Sensors

Unlike state observability, the pattern of information gain regarding parameter identifiability
showed a preference for the ethanol-sugar-biomass-enzyme monitor set (Figure 4) rather than the
full proxy monitoring. Specifically, the log pseudo-determinants with ethanol-sugar-biomass-enzyme
monitors were 10.83, 9.06, and 6.70 at 6, 12, and 24 h sampling periods, respectively, compared to those
for full proxy monitoring being 8.69, 6.63, and 3.96, and the numerical identifiability rank also showed
variation in relation to sensor type and sampling interval (Figure 5).

Parameter-identifiability information by sensor set
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Figure 4. Parameter-identifiability information by sensor set and sampling interval, measured using the log
pseudo-determinant of the Fisher information matrix.

While observability and identifiability information may share many similarities, the difference is
significant. An effective sensor configuration for improving state reconstruction does not imply that the
same configuration is optimal for improving parameter identification because identifiability depends
on how distinct responses the system is able to generate from parameter variations. For instance, in the
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current case where biomass and enzyme concentrations were considered as additional measurements,
such information could complement each other in separating kinetic models of growth, enzyme yield,
and hydrolysis processes from the model of ethanol inhibition, yield, and feedstock degradation.

Parameter-identifiability rank by sensor set
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Figure 5. Numerical parameter-identifiability rank by sensor set and sampling interval.

The inclusion of biomass and enzymes surrogates lowered the uncertainty of parameters related
to growth, enzyme yield, and hydrolysis processes (Figure 6). However, highly correlated parameters
were still observed within selected pairs (Figure 7), namely, growth and decay, ethanol yield and
inhibition, as well as hydrolysis ability and feedstock accessibility. In summary, even though enhanced
proxy observation increases parameter reliability, not all non-uniqueness issues could be avoided since
some biological processes still have equivalent responses in terms of output trajectory. Therefore, Fisher
information and parameter correlation diagnostics serve as valuable tools prior to sensor placement in
experiments [28,35,36].

Approximate parameter uncertainty from FIM
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Figure 6. Approximate parameter uncertainty estimated from the inverse Fisher information matrix. Lower values
indicate better parameter precision.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202605.1508.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 May 2026

16 of 24
Parameter correlation matrix: Full_proxy 1.00
growth scale
0.75
enzyme-yield scale
yme-y 0.50
hydrolysis-capacity scale 0.25
c
.0
©
ethanol-yield scale 0.00 5
=
o
(@)
decay scale —0.25
-0.50
inhibition scale
-0.75
feedstock-accessibility scale
e e e e e —1.00
R R T - P
&7 X S R S
‘0$ e’* Q,b(, \’\;\ 6@(1 {0(0 {0\\
° & © & &
(\,d é\g ®% \ ’b(’C
6‘0\* ¢ o
XS
3) o

Figure 7. Parameter correlation matrix for the full proxy monitoring set. Strong positive or negative off-diagonal
values indicate parameter pairs that remain difficult to distinguish.

4.4. Impact of the Sensor Set on the UKF Reconstruction Quality

It was demonstrated that more informative sensor sets resulted in better estimation of the latent
state vector in the case of model-process mismatch. The weakest reconstruction performance was
observed for ethanol-only monitoring and manifested itself as the highest RMSE of the latent state
equal to 1.2080. By introducing a soluble sugar sensor, the RMSE dropped to 1.0434, which did not
yet allow to fully reconstruct the values of the hidden biomass, enzyme, and residual substrate. The
improvement in state-wise performance corresponded to their observation. Namely, the addition of
a biomass proxy decreased the RMSE of the biomass estimation from 0.94 to 0.11, the addition of an
enzyme proxy lowered the RMSE of the enzyme from 0.42 to 0.07, while the inclusion of the substrate
proxy led to a decrease in RMSE from 3.15 to 1.24. Such tendencies are consistent with the observability
analysis results and are corroborated by the previous studies of bioprocess soft sensing, which proved
that the estimator’s quality critically depends on the availability of information about the direction of
latent variables changes [8-11]. Statistical distributions of RMSE obtained via Monte Carlo simulation
and mean errors for each state are depicted in Figure 8 and Table 2, respectively.
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Soft-sensor reconstruction error by sensor set
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Figure 8. Monte Carlo distribution of mean latent-state UKF reconstruction RMSE by sensor set.

Table 2. Mean UKF RMSE by sensor set.

Sensor set X E B C P
EtOH 094 042 315 029 0.17
EtOH-C 077 034 292 019 0.15

EtOH-C-X 011 021 395 021 0.16
EtOH-C-E 044 0.07 4.01 021 0.16
EtOH-C-B 084 042 124 020 0.15
EtOH-C-X-E 0.13 0.08 324 0.19 0.15
Full 011 0.07 125 020 0.16

X: biomass, E: enzyme activity, B: substrate, C: sugar, P: ethanol; EtOH: ethanol.

Paired Wilcoxon tests were conducted to compare each setup against ethanol-only monitoring on
the assumption that RMSE differences are not normally distributed [41]. The largest reduction was
achieved by full proxy monitoring, where the mean latent-state RMSE was lowered from 1.2080 to
0.5314 (p = 2.07 x 10~13). In addition, the setups involving ethanol, sugar, and either substrate and /or
biomass and enzyme also showed significant improvements with p = 5.55 x 10~ and p = 6.56 x 1074,
respectively (Table 3).

Table 3. Wilcoxon test against ethanol-only monitoring.

Sensor set RMSE Mean red. p-value

EtOH-C 1.0434 0.1646 1.01 x 1071
EtOH-C-X 1.0089 0.1991 3.66 x 1072
EtOH-C-X-E 0.8839 0.3240 6.56 x 1074
EtOH-C-E 1.0536 0.1544 1.19 x 1071
EtOH-C-B 0.7647 0.4433 5.55 x 1077
Full 05314  0.6766  2.07 x 10713

Baseline ethanol-only RMSE = 1.2080. C: sugar, X: biomass, E: enzyme, B: substrate.
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4.5. Recommended Sensor-Set Ranking and Measurement-Burden Trade-Off

With respect to the aggregate sensor-value score, full proxy monitoring gave the highest overall
score, followed by ethanol-sugar-biomass-enzyme and ethanol-sugar-biomass monitoring packages
(Table 4). On the other hand, ethanol-only monitoring proved the least efficient, indicating the
inadequacy of pure product-only sensing when state-reconstruction and parameter learning have to
be taken into account. This result further reinforces the digital bioprocessing paradigm, according to
which the integration of process analytical measurements, estimation techniques, and uncertainty-
aware decision support precedes the deployment of closed-loop digital twins [11,19,20,24].

Table 4. Primary sensor-set ranking.

Rank Sensor set Cost  Score  Value/cost
1 Full proxy 10.0 0.8144 0.0814
2 EtOH-C-X-E 75 0.7423 0.0990
3 EtOH-C-X 4.5 0.6183 0.1374
4 EtOH-C-B 5.0 04613 0.0923
5 EtOH-C-E 55 0.3414 0.0621
6 EtOH-C 25 0.3053 0.1221

7 EtOH 1.0 0.1323 0.1323

EtOH: ethanol, C: sugar, X: biomass, E: enzyme, B: substrate.

This ordering reveals the tradeoff between the two criteria. Total proxy monitoring produced
the highest overall score yet also entailed the highest cost index. The ethanol-sugar-biomass-enzyme
combination kept most of that advantage yet did so at a significantly lower cost, making it the top
choice in reduced monitoring. The ethanol-sugar-biomass combination yielded the best relative
compromise among the important multi-sensor options by achieving the highest value per cost ratio.

4.6. Robustness to Measurement Noise and Scoring Weights

Noise sensitivity analysis revealed the stability of the ranking when a uniform change is made on
measurement noise assumption. Full proxy monitoring kept its lead in both low-noise, nominal-noise,
and high-noise scenarios (Figure 9; Table 5). The Spearman rank correlation compared to the nominal
ranking is 1.0 in all cases, without any shift in ranks. While the top score decreases slightly from 0.8235
at low noise to 0.8052 at high noise, there was no change in the order of sensors. Robustness to sensor
quality, assay uncertainty, and data availability is vital for digital bioprocesses [11,19,24].

Noise-sensitivity of sensor-set ranking
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Figure 9. Sensitivity of sensor-set ranking to variations in measurement noise.
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Table 5. Summary of noise sensitivity analysis results.

Noise scenario Multiplier Top score

Low noise 0.5 0.8235
Nominal noise 1.0 0.8144
High noise 2.0 0.8052

Top sensor set was Full proxy in all scenarios; maximum rank shift was 0.

The analysis on weight sensitivity showed that only the change in the optimization objective
caused a change in the preference of sensor set (Figure 10; Table 6). Under all formulations, except when
parameter identifiability was the highest priority, full proxy monitoring emerged as the most attractive
sensor set. When parameter identifiability took the lead, the second-best combination emerged as the
most favorable one. In a strongly cost-averse formulation, full proxy monitoring became less preferred
than the next-best sensor sets. These findings help to distinguish three practical objectives: maximizing
available information, maximizing learning potential, and minimizing sensor burden [19,20,25].

Weight-sensitivity of sensor-set ranking
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Figure 10. Sensor-set ranking under different weighting schemes for scoring.

Table 6. Results for ranking of best sensor sets under different weighing schemes.

Weighting scheme Top sensor set  Top score  Cost
Primary Full proxy 0.8144 10.0
Equal weights Full proxy 0.6888 10.0
Observability oriented Full proxy 0.8504 10.0
Identifiability oriented EtOH-C-X-E 0.7830 7.5

Reconstruction oriented Full proxy 0.8510 10.0
Cost conscious Full proxy 0.6388 10.0
Cost intolerant EtOH-C-X 0.5919 4.5

EtOH: ethanol, C: sugar, X: biomass, E: enzyme.

4.7. Implications for Practical CBP Digital-Twin Development

These results support a hierarchical approach to measurement selection for CBP digital-twin
development. Ethanol-only monitoring is the least informative configuration because ethanol is
a delayed product signal and cannot indicate whether limited batch performance originates from
biomass limitation, enzyme insufficiency, substrate scarcity, slow hydrolysis, sugar accumulation, or
product inhibition. This is consistent with bioprocess soft-sensing studies showing that delayed quality
indicators and hidden physiological states can limit real-time monitoring and control [8-11,42].
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Adding soluble sugar provides a useful low-cost improvement because sugar links substrate
hydrolysis to ethanol formation. However, the ethanol-sugar package should be regarded as a
minimal measurement configuration rather than a complete digital-twin sensor package, since it
does not directly capture biomass growth, enzyme activity, or residual substrate availability. This
interpretation is consistent with process analytical technology and digital-bioprocessing approaches,
where intermediate measurements are informative but often need to be combined with soft sensors,
model-based estimation, and digital-twin architectures [11,19,22,24,43,44].

The most informative reduced measurement package is the ethanol-sugar-biomass—enzyme
set. Biomass provides information about the biological state of the process, whereas enzyme activity
provides information about hydrolytic capability. Their combined inclusion improves both state
observability and parameter identifiability without requiring the full measurement burden associated
with all proxies. Full-proxy monitoring is preferred when the highest information content is required,
while the ethanol-sugar-biomass—enzyme set is more appropriate for parameter learning and model-
refinement studies. Under strong cost constraints, the ethanol-sugar-biomass package provides
a practical compromise. This staged interpretation agrees with recent sensor-centered bioprocess
monitoring studies, which emphasize that physical measurements combined with software-sensor
or model-based layers can improve process understanding and support more informative decision-
making [42,44].

In practice, low-cost screening experiments could begin with ethanol-sugar-biomass measure-
ments, while model-refinement experiments should include enzyme activity to improve the identifi-
ability of growth- and hydrolysis-related parameters. High-quality benchmark experiments should
use full-proxy monitoring when the measurement burden is acceptable. This staged development
route is consistent with digital-bioprocessing and digital chemical engineering roadmaps, in which
digital twins evolve through improved modelling, state estimation, process analytics, enabling digital
technologies, and control-oriented decision support [19-21,23-25,43,44].

The proposed ranking should therefore be interpreted as a pre-experimental design result based
on computational analysis. Different model structures, excitation schedules, sensor costs, and scoring
priorities may alter the exact ranking. Nevertheless, the robustness analysis indicates that the main
hierarchy is stable under uniform noise scaling and changes in a physically meaningful way when the
scoring objective is shifted.

4.8. Limitations

Several limitations apply to the current work. First, the computational virtual plant was used to
generate the observations and perform the analysis, without experimental data. The findings therefore
provide guidance for sensor-set design and digital-twin readiness evaluation, but they do not represent
experimental validation. Real CBP systems may involve organism-specific regulation, feedstock
variability, mass-transfer limitations, inhibitor formation, contamination, evaporation, measurement
delay, and assay-specific bias. Future work should verify the proposed hierarchy using synchronized
measurements of ethanol, dissolved sugars, biomass proxies, enzyme activity, and remaining solids.

Second, the five-state hybrid system is a concise representation of lignocellulosic CBP. It captures
the information flows required to analyze observability and identifiability, but it does not resolve
all biochemical details. Extended models could explicitly include cellulose, hemicellulose, glucose,
xylose, cellobiose, enzyme classes, inhibition mechanisms, and organism-specific metabolic states.
Such refinements could change the relative importance of the candidate sensors and may introduce
additional identifiability challenges unless richer data are collected [28,29].

Third, the observability and identifiability criteria are local and trajectory-dependent. They
were evaluated around a nominal trajectory generated using a prescribed temperature-pH excitation
schedule. Other feedstocks, organisms, operating strategies, pretreatment severities, or batch durations
may produce different sensitivity patterns. This is a known limitation of sensitivity-based experimental
design and practical identifiability analysis [35,36].
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Fourth, the assumed measurement-noise levels and cost indices are hypothetical and were not
calibrated from a specific experimental platform. Although the robustness analysis showed that the
ranking was stable under uniform noise scaling, real measurements can involve nonuniform noise,
systematic bias, missing data, assay delay, sensor drift, and platform-specific economic costs. Future
studies should replace the abstract cost index with experimentally grounded measures of sampling
effort, assay latency, sensor maintenance, operator time, and data quality [21,23,42].

Fifth, the UKF case study evaluated state estimation under model-plant mismatch, but it did not
assess experimental closed-loop control performance. Estimator quality is only one requirement for
digital-twin deployment. Successful control also requires suitable actuators, acceptable measurement
latency, physical feasibility, controller robustness, and reliable implementation. The present framework
should therefore be viewed as a precursor to control-layer development rather than as a closed-loop
control validation. This distinction is important because practical digital twins require reliable links
among the physical process, measurement system, virtual model updates, and operator or controller
actions [43,44].

Finally, the aggregate ranking depends on the normalized multi-criteria scoring scheme. Although
the sensitivity analysis showed limited dependence on the chosen weights, the most appropriate sensor
package depends on the intended use of the digital twin. A parameter-learning study would benefit
from the ethanol-sugar-biomass—-enzyme package, whereas a resource-constrained screening study
may prioritize ethanol-sugar—biomass monitoring.

5. Summary and Conclusions

This paper presented a computational methodology for selecting informative measurement pack-
ages for digital-twin-assisted consolidated bioprocessing (CBP). The proposed framework combines
state observability analysis, parameter identifiability analysis, UKF-based soft-sensor reconstruction,
measurement-burden assessment, noise-sensitivity analysis, and scoring-weight sensitivity analy-
sis. The objective was to support pre-experimental sensor-set design before laboratory or pilot-scale
digital-twin validation.

The results show that ethanol-only sensing is not adequate for state-aware CBP digital twins.
Ethanol is a delayed product signal and cannot by itself indicate whether limited batch performance
is caused by poor biomass development, insufficient enzyme activity, substrate limitation, slow
hydrolysis, sugar accumulation, or inhibitory effects. At 6 h sampling, the state-observability log-
pseudo determinant increased from 4.20 with ethanol-only sensing to 8.56 after adding soluble sugar,
and to 16.42 with full-proxy monitoring. This confirms that intermediate and latent-state proxies
provide important information for reconstructing the internal state of the process.

Biomass and enzyme proxies were especially valuable for parameter learning. The ethanol-sugar-
biomass—enzyme package gave the best parameter identifiability, with log-pseudo-determinant values
of 10.83, 9.06, and 6.70 at 6, 12, and 24 h sampling intervals, respectively. Full-proxy monitoring
gave the highest aggregate sensor value of 0.8144 and produced the best soft-sensor reconstruction
performance, reducing the mean latent-state RMSE from 1.2080 for ethanol-only monitoring to 0.5314.
However, full-proxy monitoring also had the highest measurement burden. Therefore, the ethanol-
sugar-biomass—enzyme package represents the best reduced sensor set, while ethanol-sugar—biomass
provides a practical compromise when measurement cost is a major constraint.

The robustness analyses supported these conclusions. The sensor-set ranking remained un-
changed under low-, nominal-, and high-noise assumptions, with full-proxy monitoring remaining the
top-ranked package. Weight-sensitivity analysis showed that the preferred package depends on the
intended design objective: full-proxy monitoring is preferred for maximum information, ethanol-sugar—
biomass—enzyme is preferred for parameter-identifiability maximization, and ethanol-sugar-biomass
is preferred for cost-sensitive screening.

Overall, the results support a staged approach to sensor design for CBP digital twins. Ethanol-
sugar—biomass sensing is suitable for limited-resource screening, ethanol-sugar-biomass—enzyme

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.1508.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 May 2026 doi:10.20944/preprints202605.1508.v1

22 of 24

sensing is suitable for model refinement and parameter identification, and full-proxy monitoring is
recommended for benchmark experiments where measurement burden is acceptable. The main contri-
bution of this work is a simulation-based sensor-selection methodology for prioritizing informative
measurements before implementing digital twins in laboratory or pilot-plant CBP systems.
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