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Abstract

This paper describes a framework for the flexible scheduling of a novel power-to-methanol process, which uses self-adaptive
characteristic maps as surrogate process models. A newly developed global adaptation algorithm adjusts the process model during
operation using new measurements to account for plant-model mismatch due to sudden or incremental drifts in process behavior.
Through parallel drift detection, structural errors in the characteristic map are identified at the operating points in use, and the char-
acteristic map is then adjusted across the entire operating range using Gaussian process regression (GPR). This ensures an accurate
characteristic map across the entire operating range. The adapted characteristic maps are then used to calculate a cost-optimal
schedule, taking into account various production constraints and dynamic electricity prices, which is used in a plant emulation to
calculate the outputs.

The results show a rapid adaptation of the characteristic maps to changing process behavior using the newly developed algorithm.
On average, the reduction in plant-model mismatch using the root mean squared error (RMSE) between the ground truth and the
model characteristic map, considering a sudden drift of the process behavior, ranges between 76.7 % and 97.6 % using the developed
global algorithm, while the local algorithm used as a benchmark has a significantly lower reduction of the RMSE of about 5 % to
12.7 %. The smaller plant-model mismatch reduces production costs by an average of 11.8 % compared to local adaptation and
21.4 % compared to no adaptation, considering various test cases. At the same time, the required production target is met more
accurately and production constraints are met more often when using the global algorithm. In the case of incremental drift of the
process behavior, production costs and the plant-model mismatch are also significantly lower compared to local or no adaptation.
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1. Introduction conditions. In doing so, they simultaneously convert electrical
energy into chemical products that are easy to store and can be

The steadily increasing share of renewable energy necessi-  yilized later. To do this, a production schedule is generated
tates efficient storage solutions to utilize excess renewable en- that takes into account the most important process decisions,
ergy during periods of oversupply. Beyond traditional battery Jike the production capacity per time step over extended peri-
storage, load shifting in industrial processes offers an innova- ods of several days [2]. This is widely used in many processes

tive way to stabilize the grid and supply energy when neither i, the chemical industry [3, 4, 5, 6].

solar nor wind power is available. Consequently, demand re-

sponse and demand-side management are becoming increas- To optimize the production of chemical processes, a suitable
ingly important for the industry [1]. Energy-intensive chemical process model is necessary to formulate the optimization prob-
processes, for example, can ensure grid stability through load lem and calculate an optimal schedule. Since the chemical pro-
shifting or load shedding, while simultaneously reducing their ~ cesses under consideration are often very complex, making op-
own costs by shifting their main energy consumption to times timization with detailed white-box process models very costly

of lower prices. This is particularly relevant for flexibly op- and time-consuming, surrogate models are frequently used [7].
erable chemical processes, which can dynamically adjust their ~ Lhese have the advantage of being less computationally inten-
production capacity — and thus their load — based on electric- sive and are therefore better suited for scheduling [8, 9]. There
ity prices. One example are Power-to-X (PtX) processes, which &€ many approaches to obtain surrogate models, including,
produce alternative fuels or chemicals from renewable energies. ~ for example, linear regression [10], radial basis functions [11],

Due to the dynamic nature of renewable energy, these processes  Kriging [12], artificial neural networks [13], or linear-piecewise

must be operated flexibly under changing process and boundary ~ approximations [14]. In the field of chemical processes, sev-
eral papers have been published in recent years that use surro-

gate models for optimization. To accelerate computation, lin-
*Corresponding author, E-mail address: max.kollmer @kit.edu ear regression and neural networks were explored as surrogate
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thermodynamic models for a chemical process [15]. Integrat-
ing these models into the optimization workflow reduced the
time required to determine optimal operating conditions while
maintaining prediction accuracy. The main focus, however, has
been on the development of dynamic surrogate models, since
the chemical processes need to be scheduled over time. Another
study developed dynamic surrogate models of different orders
using polynomial regression and tested these with an ethylene
oxide production [16]. The computation time for scheduling
can be reduced, while the prediction accuracy varies depend-
ing on the model order. The development of dynamic surro-
gate nonlinear autoregressive models with exogenous inputs is
shown on different industrial processes [17]. The prediction of
the process outputs shows high accuracy over long time hori-
zons while reducing the computational effort.

Depending on the method used, typical surrogate models of-
ten cannot capture the complex process characteristics, as they
are a simplified version of the considered process. Therefore,
this approach uses static characteristic maps as surrogate mod-
els, as they are easy to obtain and adjustable, but still reflect the
complexity of the process.

Furthermore, chemical processes often change their behavior
over time due to aging, wear, or component replacement. As a
result, the model no longer matches the real plant. This plant-
model mismatch means that optimal production schedules can
no longer be calculated. In the literature, methods like schedule
recalculation [18], stochastic [19] or robust optimization [20]
are used to account for uncertainties in the model. One draw-
back to that is that the error in the underlying surrogate model
is not updated and is therefore not suitable for classical plant-
model mismatch. Another possible approach is known as real-
time optimization (RTO), where different methods exist in the
literature [21]: model-parameter adaptation, modifier adapta-
tion, and direct input adaptation. The first method is a two-step
iterative method involving an update of the model followed by
the optimization [22]. The latter is an approach in which the
optimization problem is transformed into a feedback control
problem, where a set of controlled variables has to be found,
which leads to optimal plant performance [23]. In modifier
adaptation, the cost function and the constraints are adjusted
so that the Karush-Kuhn-Tucker conditions [24] of the model
and the plant are consistent, which are the necessary conditions
for optimality. The correction terms, which are calculated dur-
ing the modifier adaptation, are added to the cost function and
constraints of the optimization problem [25]. This is a widely
known approach in RTO and has been used and studied for dif-
ferent applications [26, 27, 28, 29].

However, the RTO methods are primarily designed for short
time scales of seconds or minutes and adapt the model param-
eters in a way that the plant optimum in the steady state is
achieved [30], whereas the scheduling algorithm used computes
a production schedule spanning several days and optimizes the
plant’s production over a longer horizon including strategic de-
cisions like plant shutdown and storage levels. Furthermore,
RTO often requires continuous first-principles models, whereas
the used optimization model includes both continuous and dis-
crete variables. These are necessary for discrete decisions like

different plant states, for example, shutdown or standby. Since
gradients of discrete variables are harder to obtain, this can only
be achieved with considerable effort [31, 32]. But since the gra-
dient is necessary for modifier adaptation [33], this approach is
not suitable for this problem.

To overcome these challenges, a two-step model-parameter
adaptation approach using characteristic maps as a surrogate
process model is introduced. By using characteristic maps,
the nonlinear relationships between independent and dependent
variables are captured. In this case, the adaptation approach
does not adapt the parameters of the model; rather, the en-
tire surrogate model (the characteristic map) is simply adapted.
This has the added advantage that an updated characteristic map
can also be used for other tasks, such as process monitoring for
fault detection and isolation. The adaptation step can detect
plant-model mismatches in the form of sudden drift (for exam-
ple, due to initial model mismatch) or incremental drift over
time and adjust the entire characteristic map. The contributions
of this paper are the following:

e A new framework for model adaptation is presented that
uses characteristic maps to capture the nonlinear behavior
of chemical processes.

e We reduce the need for numerous simulations or expert
knowledge to construct the characteristic maps, since only
basic process inputs, outputs, and limits are necessary.

e We design a global adaptation algorithm that dynamically
updates the entire characteristic map using only a few mea-
surements to ensure physically accurate models within a
short operational time.

o The framework allows for the specification of selected op-
timal operating points for model adaptation, which are
taken into account in the scheduling of the process.

e By decoupling the surrogate model adaptation from the
scheduling model, the characteristic maps can be used for
secondary use-cases like process fault detection and isola-
tion.

The rest of the paper is structured as follows: Section 2 de-
scribes the development of the new framework, including the
surrogate process model, the scheduling, and the adaptation.
Section 3 describes the PtM process as the case study and the
data generation. This also includes the considered scenarios for
the process scheduling and adaptation. The results are shown
in Section 4 before the conclusion and outlook in Section 5.

2. Methodology

This section introduces the framework for the scheduling
of chemical processes using self-adapting characteristic maps.
First, the concept of characteristic maps as a process model is
introduced, followed by a short explanation of the scheduling
model. Finally, the self-adaptation algorithm is explained.



2.1. Surrogate process model

The process model of the plant describes the input-output
behavior of the process and is used to compute the optimized
schedule for the process operation. Since the considered PtM
process is highly nonlinear and complex due to the process
structure, including the physical absorption as well as the chem-
ical reaction and reaction kinetics, modeling with a white-box
model approach would take a lot of time and knowledge of
the process. In addition, the transferability to another process
would not necessarily be given. Finally, for scheduling pur-
poses, it is often a few output variables — rather than the in-
ternal states — that are of interest. For this reason, a surrogate
process model with a black-box model approach is adopted.

To keep the model as simple as possible, dynamics within the
process model are not taken into account directly in the model.
Consequently, in our approach, only static black-box models of
the process are used. By neglecting the dynamics, the model is
simplified. This is possible, among other things, because chem-
ical processes such as the PtM process have dynamics, but are
often operated at a stationary operating point, and the dynamics
must therefore only be considered during start-up, shutdown,
and operating point changes. In this case, the dynamics of the
process are not reflected by the model, but are still to be taken
into account for use in scheduling via different kinds of con-
straints (e.g. ramping constraints between different operating
points or transition constraints which describe the startup and
shutdown of the plant).

Thus, for the scheduling, only the static input-output behav-
ior is of interest, which can be approximated by a characteristic
map for each output

yi = Q) ~ M(u) (€]

These characteristic maps always have one output variable
(y;) and can have any number of input variables (u), depending
on which variables influence the output variable. Thus, there
is a characteristic map for each output variable. Each charac-
teristic map in turn consists of a certain number of operating
points x, with X denoting the set of all operating points of this
characteristic map. Although each input variable can theoret-
ically be selected continuously between two limit values, it is
assumed that each input variable can be discretized with suffi-
cient accuracy. This means that each operating point is defined
by a specific combination of input variables. Fig. 1 shows an
example of a two-dimensional characteristic map. The nonlin-
ear relationship is difficult to capture using a parametric func-
tion, which is why characteristic maps are well suited for this

purpose.

2.2. Scheduling

Scheduling is used to calculate an optimal production sched-
ule. Common objectives include, for example, minimizing
costs or maximizing the production of the final product. In the
context of demand response, it can also refer to grid-friendly
operation, in which electricity consumption is reduced at cer-
tain times to avoid peak loads and stabilize the power grid.

® Operating points

Output variable

Figure 1: Example of a two-dimensional characteristic map. Each dot repre-
sents a single operating point for this specific output variable.

Generally, a schedule is not calculated just once, but repeat-
edly at regular intervals to ensure that the latest information on
constraints — like storage tank levels, demand for the end prod-
uct or electricity price forecasts — is always available. This re-
calculation usually takes place at fixed intervals. This makes ita
model predictive controller (MPC), which iteratively calculates
a schedule with new measurement data from the process.

The optimization model is formulated as a mixed-integer lin-
ear problem (MILP) in order to simultaneously consider both
discrete parameters, such as operating states and operating
points of the characteristic maps, and continuous variables, and
is therefore a hybrid model. The general MILP formulation can
be found in [34].

2.3. Global adaptation algorithm

The novel self-adapting algorithm presented in this paper has
the goal to update the process model using online measurement
data to maintain an accurate characteristic map over long-term
process operation. The framework considers two types of pro-
cess drifts introduced by [35], the sudden drift and the incre-
mental drift. Other types like gradual or reoccurring drifts are
omitted as they are either non-typical for chemical processes or
can be modeled by multiple sudden drifts.

Sudden drift describes a fast change in process behavior
where output variables change while inputs remain constant.
Sudden drifts typically occur under two conditions, which are
initial model inaccuracies or component modifications. Ini-
tial characteristic maps derived from simulation data or expert
knowledge rarely match the real physical process due to mod-
eling simplifications. Equally, component modifications like
equipment replacement (e.g., replacing a reactor catalyst, an
absorption medium, or moving to a pump with different ef-
ficiencies) instantly introduce new process characteristics. In
this work, the initial characteristic maps are created by scaling



or modifying the ground truth characteristic map or by simula-
tions with different physical boundary conditions.

Incremental drift captures slow, continuous variations in pro-
cess over time due to, for example, aging, fouling, or catalyst
deactivation. While a linear or constant change per time step
is common, drift profiles over time can be highly nonlinear or
accelerate. Because the physical degradation generally affects
the complete process operating range, a drift observed at a sin-
gle operating point implies that the entire characteristic map is
affected. However, the exact drift behavior can vary across dif-
ferent regions of the operating range depending on input con-
ditions. To account for that, the framework models multiple
spatial drift distributions across operating points.

The adaptation is executed at discrete intervals during pro-
cess operation. A single iteration k comprises a data acquisition
phase followed by an adaptation phase (Fig. 2). In each itera-
tion, the old characteristic map is updated with the new mea-
surements. To do this, the residuals between the current char-
acteristic map and the measured process values are calculated,
and this residual characteristic map A}(x) is then extended to all
operating points, including those that were not measured. The
new values of the characteristic map

M}, (x) = MJ(x) + A(X) + D;(x, k) 2)

are then obtained by adding the residual characteristic map
to the current characteristic map with an additional correction
term Dj(x, k) to account for the incremental drift. The index v
is the output variable, since a characteristic map exists for every
considered output variable. The adaptation algorithm is struc-
tured in different steps. A schematic overview of the data flow
of the global adaptation algorithm can be found in Fig. 3. After
data acquisition and preprocessing, a sudden and incremental
drift detection and handling step is performed. With this infor-
mation, the data is prepared for the subsequent regression. The
main step is the characteristic map update with the following
active learning. The individual steps are further explained in
the following on the example of a one-dimensional map.

Measurements of
process variable v
at operating points X;

Adaptation

2.3.1. Data acquisition and preprocessing

Data acquisition and preprocessing is the first step of the al-
gorithm. The process is generally operated across different op-
erating points Xx;, where all measurable data from the process
sensors are recorded over time.

Using the raw measurements y;(x) from iteration k and pro-
cess variable v, the operating points are detected via changes
in the input variables, and the time series is partitioned accord-
ingly. The number of operating points and the exact operating
conditions depend on the schedule and the plant’s operation.
Second, the data within each segment is checked for stationar-
ity, isolating the time steps 7 relevant for adapting the character-
istic map. To reduce noise, the mean value of the Ny stationary
measurements is calculated for each variable v and operating
point x between the stationary boundaries 73" and T:_‘}(d:

Ttnd

1 Xk

=5 ; (x) 3)
“Ixk

To decouple the raw measurements from time, they are stored
as a list for every operating point:

K%)= (%), . Yy (0 “

Furthermore, the sample variance is computed using these
raw measurements:

end
Tk

o = 5 ) b -5iw)’ )

_pstart
=T

2.3.2. Drift detection and handling

The algorithm identifies and responds to two types of process
drifts to maintain an accurate characteristic map. The following
sections outline the operational rules, thresholds, and response
mechanisms for both sudden and incremental drift detection.
To prevent an incremental drift from being mistakenly detected
as a sudden drift, both drift detectors are not active at the same

Adaptation Adaptation

Data acquisition

Data acquisition

Data acquisition Data ...

| | A

Iteration k — 3

Iteration k — 2

> Time ¢

Iteration k — 1 Iteration k&

Figure 2: Schematic representation of the adaptation process with a fixed time between adaptations. The sizes of the blocks are not to scale. An adaptation typically

takes significantly less time than the data acquisition period.



Data flow of the global adaptation

algorithm for a single iteration

E)ata acquistion and preprocessin%

(%), 07 (%)

[Sudden drift detection and handlin%

B, . T},
(Y1(x), ..., Y;(x)}

[ Incremental drift detection j

Cgiobal

h

L
[ Data preparation j{ DD k
(. i
Ap(x.)

'

[Residual map regression (GPR)]

( Incremental drift handling
& Drift map regression

DJ(x,i)

AY
L}[ Characteristic map update j(—

b

MZ+ 1 (X)7 Va-rnpdale.kﬂ (X)

[ Active learning ]

Figure 3: Schematic overview of the data flow of the developed global adaptation algorithm. The sudden drift detection and handling and the incremental drift

detection and handling are processed in parallel.

time. The sudden drift detector is activated at the start of opera-
tion to adjust the initial characteristic map or after components
have been replaced. The incremental drift detector is activated
as soon as the system has been in operation and the sudden drift
detector is deactivated.

Sudden Drift Detection and Handling

The algorithm performs three sequential checks to detect
sudden drifts in process behavior and determine how to up-
date the data set L] used for the characteristic map update. An
overview of this process is shown in Fig. 4.

Check 1: Map Consistency: The Mahalanobis distance
quantifies the difference between measured values yj(x) and the
characteristic map M) (x) for all operating points x € Xj:

Dytanp = (5100 = M}0)) T (70 - MY0), (6

where ¥ = o-,%(x) + Cov(M"(x)). For k = 1, Cov(M"(x)) is set

manually; for subsequent iterations, it is derived from prior map
updates. A y2-distribution determines the threshold M, map-

o If Dyvimap < tMmap fOr all X € X, measurements are con-
sistent with the map, and L expands to include new data:

L ={.l1<i<kxeX} )

o If Dyvimap = tMmap fOr any x € X, the algorithm proceeds
to Check 2.

Check 2: History: If no prior measurements exist for any
x € X, a sudden drift cannot be distinguished from map inac-
curacy, resulting in the data set being unchanged:

L=L,. ®)

Check 3: Measurement Consistency This check compares
current measurements with the most recent historical data for
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Previous measurements of
the same operating point available?
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(€ X | Check 3: Measurement consistency
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No sudden drift 2
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Use list L},
from last iteration

Insufficient information 5

Sudden drift detected 7
Clear L and add
current measurements
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— characteristic map error
Extend L; with

current measurements

Figure 4: Schematic overview of the sudden drift detection and handling step. Three different checks have to be done to identify or rule out a sudden drift.

each x € X:

Datgoins = G100 ~Fo0) " E7 GL00 ~Fx). (9)
(10)
an

o If Dyipoins < Impis for all X € Xj, no sudden drift is de-
tected, and L; is updated as in (7).

i"(x) = max{i < k| x € X;}.

o If Dynipoins = tvpis for any x € X, a sudden drift is con-
firmed; therefore, the data set is reset to include only cur-
rent measurements:

= D) [ x € Xy} 12
The updated L is passed to the next step, where it is used for
the map update.

Incremental drift detection and handling

Parallel to the detection of sudden drift, the algorithm also
identifies incremental drifts. This is done using a Kolmogorov-
Smirnov (KS) test with a significance level of ags. A schematic
overview can be seen in Fig. 5.

For each operating point x, the KS-test compares pairs of
measurement distributions Y} (x) and Y;ﬁ(x) (i > j) to determine
if they originate from the same underlying distribution. If at
least ¢ of these comparisons fail, the operating point is labeled
as conspicuous, flagging a potential incremental drift.

The decision on whether an incremental drift is globally
present is based on the number of conspicuous operating points:

True if (x) > &,
l—‘global = er{‘.‘ Y z¢ (13)
False otherwise,

The larger the threshold & is set, the more operating points
must be conspicuous for a drift to be detected. This makes the
detection more robust; however, with a higher &, it also takes
longer for a drift to be detected. The exact parameters can be
found in Table A.5.

If an incremental drift is confirmed (Igjoba = True), a drift
characteristic map DJ(x, i) is computed using Gaussian Process
Regression. This map accounts for both spatial and temporal
drift trends across the process operating domain.

For the calculation of the drift characteristic map Dj(x,1),
the residuals between measurements from different iterations
are normalized to reflect the drift per operating point. These
residuals are used to calculate the drift at the unseen operating
points using the GPR. The uncertainty of these residuals, @grif,
is calculated as:

Qarify = 07 (X) + (%), 14

where i and j represent iterations being compared and o(x)
the measurement noise. These uncertainties are combined into
a noise matrix, E;, arife X D). The drift values are then calculated
at unseen operating points, producing a complete drift charac-
teristic map, D) (x, i) at all operating points, with its associated
variance.

Connection to map update

The detection results directly control how measurement data
is incorporated into the map update procedure.

e For sudden drifts, L, is either:

— Expanded to include new measurements (Eq. 7), or

— Reset to current measurements only (Eq. 12).

e For incremental drifts, if confirmed (I'gjobar = True), the
drift characteristic map Dj(x, i) is used to augment mea-
surement data (see 2.3.3), ensuring all operating points re-
flect current process behavior.

This ensures the framework responds adaptively, balancing
data retention with drift correction to maintain model accuracy.

2.3.3. Data preparation

The goal of this step is to calculate the residuals AJ(x.) be-
tween the measurements in the list L, and the current charac-
teristic map M;(x.) at the measured operating points X.. The
residual map

k

AY(x) = V(%) — MY(x,) + Z Dy(x., 1) 15)
i=

is calculated for all operating points X, that have been mea-

sured and are in the list ;. If an incremental drift is detected
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Figure 5: Schematic overview of the incremental drift detection and handling step. Two different checks have to be done to identify or rule out an incremental drift.

(Cgobar = 1), the drift characteristic map Dj(x., ) is used to
augment older measurements from the last observed iteration
i* to the current iteration k. Fig. 6 shows the calculation of
the residual characteristic map for an exemplary characteris-
tic map and some measurements. The characteristic map value
of the respective operating point is subtracted from the mea-
surements (left), which leads to the residual characteristic map
A (x) (right).

10.0 af 1
Z 75 E
;% . § 2,
s 5.0 =
E =
£ 25 E of N
& *
0.0
ol x
0 5 10

Input variable Input variable

All measurements
* Ly
%  Residuals

True underlying
function

e  Characteristic map

Figure 6: Left: Six measurements are used to calculate the residuals between
the measurements ﬂ:(x*) and the characteristic map M,t(x*) Right: Residuals
A (x) at the operating points X..

The measurement noise is used as the uncertainty of the
residuals in the regression, whereas the uncertainty of the ini-
tial model characteristic map is used as a prefactor of the co-
variance function [36]. It is the uncertainty of the characteristic
map without a new measurement. The initial uncertainty o-map,0
must be defined in advance and describes how certain the initial
characteristic map Mp(x) is.

The combined uncertainty Qesiqual for the residuals consists
of the measurement noise a'z(x*) and, if available, the uncer-

tainty of the drift prediction and an age factor Var,g (x.) which
down-weighs older measurements. The different uncertainties
per operating point are taken into account by defining the het-
eroscedastic noise matrix Z,‘(’Jesi qual(X+) for iteration k, with the
diagonal elements

Qresidual = O'i(X*) + Vargigex (X, k) + Varagc,k(x)* (16)

1 M 1 1 v
for every measured operating point x, in the list L;.

2.3.4. Data regression

The goal of the data regression step is the calculation of the
residual characteristic map A} (x) for all operating points from
the residual characteristic map A} (x.) at the measured operating
points.

Because the functional relationship between the input and
the output variables can be arbitrary, nonparametric regression
models are used. A widely used method for this is Gaussian
process regression [37]. It defines a distribution of possible
functions and allows prediction of new points as well as an un-
certainty measure for the output. In a first step, a prior has to
be defined, which often assumes a mean of zero. Afterward,
the model is updated with new measurements to obtain the pos-
terior distribution. Since the Gaussian process regression as-
sumes that the training data has generally a zero mean value
[38] and the structure of the residuals is unknown, they are nor-
malized beforehand to satisfy this assumption by subtracting
the mean value of the residual map and dividing by the variance
to obtain the normalized residual characteristic map A} - (X.).

The training data set Dy = {(x*,AZ’norm(x*))} for the Gaus-
sian process regression is constructed using the measured oper-
ating points X, and the normalized residuals at these operating

points. Applying the calculation of the mean and variance using



Gaussian process regression to our problem yields the follow-
ing [37]:

AL(x) = KX, XK, X) + 201 Ay on(x) (17)

k,norm
Varl, (A}(x) = K(x,, %) = K(x,, O)[K(x,%) + Z(0)] ' K(x,x,)
(18)

k
withx, € X, X € UPi |[Iyely:(»,i,x)
i=1
These equations describe how residuals are fitted at unmea-
sured operating points. The selection of a suitable kernel as a
covariance function K(x,x) is often a difficult process that re-
quires expert knowledge of how the data is related. To automate
this process, an adaptive kernel selection strategy is developed,
where different kernels are tested and validated. RBF, Matérn,
constant, and linear covariance functions are tested as kernels,
as well as combinations of all of them with different hyperpa-
rameters to account for superimposing local and global effects.
The hyperparameters of the kernels are optimized using the log
marginal likelihood. The exact configuration for the GPR can
be found in Table A.5.
Various kernels are tested and validated using k-fold cross-
validation. The best model is then determined based on several
metrics:

o Log marginal likelihood: The log marginal likelihood
(LML)
| S 1 n
log p(y1X.0) = —5y K,y - 5 log|K,| — = log 2 (19)
evaluates how probable the entire distribution of data is
under the calculated GPR model.

e MRMSE of the cross validation: The mean RMSE
(MRMSE) through cross-validation is calculated as fol-
lows:

MRMSE =

Kerossval 2
Z \/(A,‘;(x*) - (ii(x*) = M,Z(x*)))

cross-val i—1
(20

i=

with kcross.val being the number of cross-validations.

e Bayesian information criterion (BIC): The BIC is a cri-
terion widely used for model selection ([39]). It is defined
as follows:

BIC = Kpyram In() = 2In(L) 1)

with L being the marignal likelihood, n the number of sam-
ples (IL;(x)|) and kparam the number of parameters 6. A
small value for the BIC is preferred.

After calculating the metrics for all kernels, a vote is held.
The kernel with the majority of the metrics having the best
result is selected. If this is not the case, the kernel with the
best BIC is used, as this metric is a compromise between model
complexity and thus overfitting and prediction quality.

2.3.5. Characteristic map update

The map update computes the model characteristic map
M}, (x) for the next iteration with the residual map A}(x). If
a drift is present in the form of the drift characteristic map
D} (x, i), the update is calculated as follows:

M, (%) = M}(x) + A (X) + D}(x, k) (22)

This updates all operating points — both measured and un-
measured — since the residual map is defined for all operating
points. Simultaneously, the variance of the current map is also
updated. Because the variance of the previous model charac-
teristic map and the measurement uncertainties are directly in-
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corporated into the GPR, this variance of the map Var,, . must
not be taken into account for iteration k + 1.
Var:nap,kJrl(X) = Va‘r:esidual,k(x) (23)

Fig. 7 shows an exemplary update of the characteristic map
M (x) with the residuals A)(x). After the characteristic map is
updated, it is also checked for physical plausibility. For exam-
ple, in the case of a mass flow or volume flow, all operating
points with a value less than zero are set to zero. The same ap-
plies to the power output of individual components. For molar
fractions, the values of the operating points are limited between
zero and one.

2.3.6. Active learning

Active learning is the selection of new operating points X
for the next iteration k + 1. The aim is to ensure that the se-
lected operating points in the future yield maximum informa-
tion gain for the model adaptation. It can consist of two con-
flicting parts, namely local exploitation and global exploration
[40, 41]. While local exploitation aims to find regions with
large prediction errors in order to sample additional operating
points, global exploration aims to investigate regions that have
not yet been sampled. The following methods are considered:

o Coverage score (Sgis) [42]: This metric ensures that the
measured operating points to calculate the residual charac-
teristic map are evenly distributed. It prevents large unseen
spaces of operating points and promotes the exploration of
these spaces. For uniform coverage of the operating point
set X, the normalized minimum distance of each operating
point outside the data set L} is calculated, resulting in the
score

_ Apin(X) — Min(dpin(X))
S = () — i) )

with dpin(X) being the minimum distance of an unseen op-
erating point to the nearest already measured operating
point. The minimum and maximum distances are used to
normalize the score.

e Uncertainty sampling (Sy,r): The operating points that
show the greatest variance in the current model are se-
lected. This is equivalent to an entropy search strategy,
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Figure 7: The current characteristic map before the update (top left) and the
residual characteristic map (top right) are added together, resulting in the up-
dated characteristic map (bottom). The true underlying function is shown as a
reference.

as it is proportional to the logarithm of the variance [43].
Maximizing the variance scores results in the highest in-
formation gain and exploits the local prediction error. The
score for the variance is calculated as

Vary (%) — min(Vary, . (X))

Svar(X) = (25)

max(Var;mp‘k(X)) - min(Var;;wp,k x))

using the variance per operating point of the characteristic
map and its minimum and maximum value for normaliza-
tion. This is used as uncertainty sampling and is equivalent
to the maximum entropy design, since the natural loga-
rithm is a strictly monotonically increasing function [44].

The final score

Stotal(X) = w1 - Syar(X) + W - S gise(X) (26)

is then calculated as a weighted sum, which places more em-
phasis on exploitation or exploration depending on the weight-
ing factors w; and w;,. The actual values of the parameters re-
sult from manual tuning and can be found in Table A.5 in the
appendix.

If the N best points get selected for the next iteration, this
can lead to spatial redundancy, as points with a high variance
are often close to each other. For this reason, the combined
score S combined 1S introduced, which is calculated dynamically

every time after a point has been selected. Each point X is de-
termined iteratively for i € {i, ..., N} by maximizing the dynamic
objective function:

X; = arg xr?)?:“ [¥S o1 (X) + (1 = y)S diversily(xs Xe)] (27)

HCI‘C, Scombincd = )’Slolal(x) + (1 - y)sdivcrsily(x’ Xscl) is
the combined score, constructed with the score Sy, and
S diversity- Xrem are the remaining operating points not in the
data set L} (X \ X Xi) and is therefore the candiate set. Xsel
are the selected operating points during the active learning.
S diversity (X, Xge) = miny ey, [IXx—X||; is the distance of the oper-
ating point X to the nearest point in the already selected points
for active learning. y € [0, 1] is the parameter to control the
trade-off between the usability for improving the model perfor-
mance and the batch diversity. A two-step procedure is used to
determine whether the proposed operating points will be used
in the scheduling. First, the system checks whether an operating
point would violate a production constraint; if so, that operat-
ing point is removed. In a second step, the scheduler has the
option to skip individual proposed operating points if using all
proposed points does not result in a valid solution, for example
due to ramping constraints. However, this leads to an increase
in costs, so it is only done if the schedule would otherwise be
infeasible.

3. Case Study: PtM process

This section introduces the considered PtM process. After-
ward, the generation of the characteristic maps is described,
as well as the considered case studies for the scheduling and
adaptation of the characteristic maps. The considered Power-
to-methanol process is depicted in Fig. 8.

CO,-rich co,

! 1
! . Methanol/H,0 . H,/CO, Methanol 1
1| Absorption Desorption Synthesis |
! 1
1
CO,-free !
| mp Methanol0| | Temp. [T | | Methanou,0f | Temp. 1T || !
1 | |Pressure pressure |1 pressure [1] | | 1
1

Figure 8: Block flow diagram of the novel Power-to-methanol process [45].

The process itself consists of three main units: The carbon
dioxide capture unit (consisting of CO, absorption and desorp-
tion), the methanol synthesis unit and the distillation unit [46].
In addition, an electrolyser is also included. Biogas containing
CO; enters the absorption column, where the carbon dioxide in
the biogas is absorbed using methanol-water as the absorption



medium at a low temperature and pressure. The cleaned bio-
gas (mostly CHy) flows out of the top of the absorption column
and can be used for other purposes, such as a substitute for nat-
ural gas. The CO,-rich methanol-water mixture is heated and
flows to the desorption column, where the CO is stripped using
hydrogen gas at higher temperature and pressure. The hydro-
gen is produced in an anion exchange membrane electrolyser
(AEM). After the desorption, the lean methanol-water mixture
flows back into the absorption column and thus forms a cycle,
while the stripped CO, mixes with the hydrogen to yield syn-
thesis gas. Over 99 % of the CO, is absorbed and then des-
orbed under optimum operating conditions, resulting in a high
efficiency of the CO, capture. The average energy consump-
tion is around 10kW, primarily for heating of the desorption
and cooling of the absorption. The CO, yield is approximately
72kgd™.

The synthesis gas is heated, compressed and passes through
four consecutive plug flow reactors, where H, and CO, react
to form a methanol-water mixture. The overall CO, conversion
rate is about 80 %, yielding roughly 77 Ld"!.

Some of the resulting methanol-water mixture is returned
to the CO, capture to maintain a consistently fresh absorption
medium. Most of it is stored and later used in the distillation,
where the methanol is separated from the water to yield highly
pure green methanol. The purity is roughly 97 % with a yield of
about 52 L d~'. The total power demand of the process is about
40kW, whereby most of it is accounted for the electrolyser
with nearly 20kW, followed by the CO, capture and the
distillation unit, while the methanol synthesis unit requires the
least power. The actual pilot plant can be seen in Fig. 9.

Figure 9: Container-sized pilot plant of the novel Power-to-methanol process.

The characteristic maps for the subprocesses are computed
with the Aspen Plus process engineering software [47] for
chemical processes. The exact structure of the simulation
model can be found in [48]. Since the process design cou-
ples CO, capture and synthesis, these subprocesses are always
considered together in the following. Distillation is not taken
into account, as it is only operated at a steady state at a single
operating point. The characteristic maps are determined using
steady-state simulations at various operating points. The oper-
ating points are determined by various values of the input vari-
ables, which, for the process under consideration, are the mass
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flow rates of biogas and hydrogen. The range of values and the
step size of the input variables are shown in Tab. 1. The total
number of operating points considered is therefore 340.

Table 1: Step size and ranges of the considered input variables.

Input variable ~ Step size Range
Biogas 0.35kgh™"  0.35-6.91kgh™!
Hydrogen 0.027kgh™'  0.11-0.55kgh™!

The output variables that play a role in scheduling are
the power consumption of the subprocesses, the amount of
methanol-water produced after synthesis, the ratio of hydrogen
to carbon dioxide before synthesis, and the proportion of
carbon dioxide in the purified biogas. A two-dimensional
characteristic map is thus generated for each output variable.
Fig. 10 shows an example of the characteristic map for the
amount of methanol-water produced as a function of the
inflowing biogas and hydrogen.

[ True underlying function

® Initial characteristic map

w
=}

2.5
2.0
1.5
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0.5

Methanol-water [kg/h]
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Figure 10: Example of the true underlying function and the characteristic map
of the methanol-water production, depending on the inflowing biogas and hy-
drogen, generated with steady-state simulations.

As described in the algorithm above, there are two types of
drift that must be taken into account: sudden and incremen-
tal. To test for sudden drift, various initial characteristic maps
are created that differ from the true process characteristic map.
Tab. 2 shows the types of initial characteristic maps considered.
Cases S1 and S2 assume wrong model assumptions in form of
a constant offset or little to no knowledge of the process. These
have no direct physical source and are used as a benchmark
to test how well the adaptation works for characteristic maps
with little or no process knowledge or wrong model assump-
tions. Cases S3 and S4 are created using a modified simula-
tion model, assuming a different catalyst activity. These might



Table 2: Different sudden and incremental drifts considered to test the adaptation of the process behavior.

Case # Physical
source

Affected outputs

Range of deviation
d(x) = M(x) - Pi(x)

Description

Cases for sudden drift

S1 - All output variables
S2 - All output variables
Catalyst Mass flow of methanol-water
S3 L .
activity Power of the synthesis
Catalyst Mass flow of methanol-water
S4 L .
activity Power of the synthesis

dx)=a-P,, a=-08.0.8
d(x) = Pi(x) - P,

d(x) € [-1.53,0.01] kgh™!
d(x) € [-0.02,2.39] kW
d(x) € [-0.02,0.76] kgh™!
d(x) € [-1.33,0.02] kW

Wrong model assumptions
No knowledge of the process

Catalyst activity assumed too low

Catalyst activity assumed too high

Cases for incremental drift

11 Catalyst Mass flow of methanol-water  d(x)
activity

12 Catalyst Mass flow of methanol-water  d(x)
activity

13 Catalyst Mass flow of methanol-water  d(x) €
activity

€

-0.02 kgh™! Constant reduction in activity over time

per time step

[-0.027,0] kgh™'  Linear reduction in activity over time

per time step

[-0.03,0] kg h~!  Reduction depending on simulation

per time step

be initial characteristic maps, for example, when there are dif-
ferences between the physical assumptions of the simulation
model and the actual process plant. Fig. 11 illustrates the initial
characteristic map and the ground truth characteristic map for
two exemplary cases (Case S1 and Case S3).

The following assumptions were made for the adaptation of
the initial characteristic map:

o The overall scheduling and adaptation horizon is 21 days.

e The characteristic maps are adapted and the schedule is
recalculated every 24 h.

e During the first week, active learning is used to achieve
the best possible adaptation of the characteristic map. To
achieve this, the schedule optimizer is provided with up to
three mandatory operating points that must be reached in
the upcoming 24 h. It then independently schedules these
points and defines any remaining operating points to cal-
culate an optimal schedule. For the last two weeks, no
active learning is used so that the optimizer can select the
best possible operating points without any restrictions.

e Over the last two weeks, additional constraints have been
introduced to alter the process’s operating range. The goal
is to ensure that a better-adapted characteristic map per-
forms well even at previously unknown operating points,
whereas a poorly adapted characteristic map does not.
These are all process-related adjustments and are shown
in Tab. 3.

To test the framework when an incremental drift is present,
the three cases I1 - I3 in Tab. 2 are used. It is assumed that
only the amount of methanol-water produced decreases, which
is primarily due to a reduction in catalyst activity. For case
I1, the output decreases by the same amount at every operating
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point, whereas for 12, it scales linearly depending on the oper-
ating point. In I3, the characteristic map gradually changes to
one generated using a modified simulation model with reduced
catalyst activity (see Case S3). For the sake of computational
efficiency, the reduction in catalyst activity is considered here
over a period of a few weeks, even though this process normally
takes one to two years. The overall scheduling and adaptation
horizon for the incremental drift cases is 49 d with an adaptation
and schedule recalculation every 24 h.

Table 3: Changes in process conditions after one week of process operation.

Process condition  Description

change

PCC1 No process condition change.

PCC2 Increase in the average hydrogen-
to-carbon dioxide ratio of the syn-
thesis gas from 3 to 5.

PCC3 Change in the production capacity.

Fig. 12 shows the overall schematic overview of the schedul-
ing with the adaptation of the characteristic maps. For all cases,
the model characteristic map is used for scheduling, while the
ground truth characteristic map is used for the subsequent em-
ulation of the process operation. As a benchmark for the de-
veloped global adaptation algorithm, a local adaptation is used
where the values of the characteristic map M;(x) at each mea-
sured operating point of iteration k are simply replaced by the
new value.

M () = 5(x)

For local adaptation, no drift detection is done, and only
the measured operating points of the characteristic map are up-
dated, while all other operating points are not corrected. This

2%
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Figure 11: Initial model and ground truth characteristic maps for different cases.
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Figure 12: Schematic overview of the new framework

increases the probability that the characteristic map will even-
tually consist of both current and old data, unless all operating
points are measured in each iteration. Since this is not possible
or practical, especially with a large number of operating points,
the characteristic map ends up being mixed with old and current
data.

The optimization model for the scheduling of the PtM pro-
cess consists of a PtM plant, a photovoltaic system and a wind
turbine to model the power supply, a battery for energy stor-
age and an electrolyser. The exact formulation as well as the
constraints can be found in [48].

The following assumptions are made for the scheduling:

e The power is supplied by the grid. Power supply from the
renewable energy sources and the battery is included in
the scheduling model, but is not used in this example of
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the characteristic map adaptation.

o The horizon of each schedule is set to 84 h with a one-hour
time step resolution as a compromise between the forecast
horizon and the computation time.

o The MILP is solved using Gurobi [49] with a 1 % optimal-
ity gap or a maximum solution time of 1000s.

e The storage tank fill levels have to be equal after every
7d so that the boundary conditions between the different
adaptation strategies are the same every week.

o A specified amount of methanol-water (50 % plant capac-
ity) has to be produced.

o The optimization function is the minimization of the elec-
tricity costs. Historical dynamic electricity prices of the



year 2024 of the German energy market are used [50].

e The schedule is used to calculate the actual process outputs
using a plant emulation (see Fig. 12).

4. Results and Discussion

The following section presents and discusses the results,
starting with the results of the scheduling in combination with
the self-adaptation algorithm when considering a sudden drift.
Next, the results considering an incremental drift of the process
behavior are shown.

The results are evaluated on three different metrics. The
first is the RMSE between the values of the respective output
variable for the operating points of the characteristic map. It
thus describes how well the model characteristic map matches
the ground truth characteristic map at different iterations. Fur-
thermore, both the production price relative to the production
volume (price per liter of methanol-water) and the produc-
tion amount of methanol-water are used to evaluate the re-
sults. A comparison of prices per liter of methanol-water only
makes sense if the same amount of methanol-water is produced.
Therefore, the price per liter is adjusted using a factor, so that
the corrected price (C1)

Pci = (29)

5|

3

o

1,

is calculated based on the amount produced for the adapta-
tion method under consideration (m) and the ground truth (1mg).

Finally, constraint violations in the calculated schedule are
used to validate the results. These include, for example, the mo-
lar ratio of H; to CO; in the synthesis gas, which must maintain
a specific average ratio Ty —5; and must exceed a specified
threshold T'y,—co, for each time step.

The various cases (Tab. 2) and the boundary conditions
(Tab. 3) are compared with one another. As adaptation
methods, the developed global adaptation is used, as well as
local adaptation as a benchmark. Additionally, these results
are compared with the ground truth (always a correct process
model) and with no adaptation (the model is not adjusted at all).

4.1. Results of adaptation to sudden drift

For the adaptation of the characteristic map to sudden drift,
all relevant output variables described in Section 3 are consid-
ered in the cases S1 - S4. While in cases S1 and S2 a random
value is selected for the offset or the constant value for each
output variable, in cases S3 and S4 the operating point values
for the characteristic maps are specified by the modified Aspen
Plus simulation.

Evaluation of model adaptation

The first metric examined is the RMSE between the model
characteristic map and the ground truth characteristic map.
Fig. 13 shows the RMSE for the various adaptation strategies
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for the individual cases S1 — S4 for the output variable of the
volume flow of produced methanol-water for the process con-
dition change PCCI after 21 d. It is obvious that the RMSE be-
tween the model characteristic map and the ground truth char-
acteristic map is, in most cases, lower when using the global
adaptation algorithm, demonstrating the advantage of the pro-
posed approach. While it performs really well for constant off-
sets and constant initial maps (cases S1 and S2) as well as for
the modified simulation case S3, the performance seems not as
good for the modified simulation case S4, where the RMSE us-
ing the local adaptation strategy is slightly lower. The residual
function between measurements and the model characteristic
map follows a simple function for constant offsets; therefore, it
can be easily calculated. As a result, the global adaptation is
very fast and effective. For the slightly worse RMSE in case
S4, the reason for this lies in the characteristic map of the vari-
able under consideration. The values of the operating points be-
tween the initial characteristic map and the ground truth charac-
teristic map are very similar for the majority of operating points
and differ only within a specific range. In this range, however,
few operating points were actually reached; instead, the system
operated only in the surrounding operating points, where the
error was already low to begin with. As a result of global adap-
tation, the characteristic map in this range deteriorated slightly
because no measurements were available in this range, whereas
the characteristic map in this range remained unchanged with
local adaptation. By specifically targeting operating points —
for example, through extended active learning — the error re-
sulting from global adaptation can be significantly reduced. It
appears that selecting the correct operating points for the adap-
tation is essential for reducing the error between the model and
the ground truth characteristic map.

This can further be confirmed when looking at the RMSE
of every operating point. Fig. 14 shows the RMSE for each
operating point for case S4 for the local and global adapta-
tion algorithms after 21 days. The red dots indicate the op-
erating points reached, while the background color indicates
the RMSE. While local adaptation only adjusts the operating
points that are actually reached — resulting in a low RMSE
at those points — global adaptation adjusts the entire char-
acteristic map, thereby reducing the RMSE across the entire
range. Unfortunately, the active learning did not cover the area
(marked with a green rectangle) where the difference between
the model characteristic map and the ground truth character-
istic map is the highest, resulting in the slightly lower RMSE
when using the local adaptation. It should also be noted that the
RMSE is already very low at many operating points, so global
adaptation offers little benefit in this case.

In addition to the RMSE at the end of the 21d, the RMSE
over the iterations is also crucial, as it is a measure of how fast
the characteristic map is adapted. Fig. 15 shows the RMSE over
the iterations for all four cases S1 - S4 for the output variable
of the volume flow of methanol-water. The solid lines repre-
sent the RMSE of all operating points, while the dashed lines
represent the RMSE of the operating points used in each iter-
ation. For all cases, the RMSE for no adaptation remains, of
course, constant, since the characteristic map is not adapted at
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all. For Case S1, the map is perfectly adapted after one itera-
tion, since the initial map has only an offset. For Case S2, the
RMSE rises briefly in the first iteration, which is due to the con-
stant initial map. All operating points are “equivalent” for the
schedule calculation regarding the production amount, and the
optimizer therefore uses only one. Consequently, after the first
iteration, the map is constantly adapted with global adaptation.
With additional operating points in the subsequent iterations,
the RMSE for global adaptation decreases significantly, while
that for local adaptation remains nearly constant and the RMSE
of the points used oscillates strongly. In the cases S3 and S4,
it is clear that the RMSE across all operating points for global
adaptation is lower than that for local adaptation in almost all
iterations. This is even more pronounced when looking at the
RMSE of the operating points used.

Fig. 16 shows the RMSE between the ground truth character-
istic map and the model characteristic map after the end of the
three weeks for the various adaptation methods and the differ-
ent variables for the process condition change PPC1. The mean
RMSE was calculated across the cases S1 - S4. The RMSE
is lowest for global adaptation across all variables considered.
While it is between 76.7 % and 97.6 % lower compared to no
adaptation, the local RMSE is only between 5 % and 12.7 %
lower. This clearly demonstrates the improved adaptation of
the characteristic maps and the reduction in plant-model mis-
match achieved through global adaptation. The RMSE results
for process condition changes PCC2 and PCC3 are similar to
the results for PCC1. Therefore, these are not listed or dis-
cussed separately here.

Accurate and rapid adjustment of the characteristic map is
particularly important to ensure that it remains consistent with
the actual process and that the model characteristic map can
be reliably used for tasks such as production scheduling and
monitoring. In both cases, a correct characteristic map is indis-
pensable. During monitoring, current measured values of the
process variables are compared with the model characteristic
map values. If there is a discrepancy, this indicates an error in
the process. This can only be done reliably if the model map is
as accurate as possible. At the same time, accurate production
planning that complies with various process conditions requires

a correct model of the process.

Evaluation of scheduling results

First, the amounts of methanol-water produced are com-
pared. Fig. 17 shows this in a box plot for the produced amount
of methanol-water in the cases S1 - S4, with the x-axis repre-
senting the different adaptation strategies for each of the three
process condition changes. It is interesting to note here that
only the global adaptation method was able to produce nearly
the specified amount in every case, while the other methods
exhibit significantly greater variations depending on the case.
Thus, only the developed method ensures that the specified
amount of methanol-water is always produced. This is advanta-
geous because producing a smaller quantity means the produc-
tion target is not met. It would also be problematic if, for ex-
ample, the downstream storage buffer tank were to run empty,
thereby preventing subsequent processes from operating opti-
mally.

Fig. 18 depicts the mean difference in methanol-water over
all cases for the different process condition changes between
the ground truth and the adaptation strategies. It is clear that the
difference is greatest for no adaptation, followed by the local
adaptation strategy. Using the global adaptation strategy, the
difference is almost negligible.

To account for the different amounts of methanol-water pro-
duced, the corrected costs using a correction factor (C1) are
used. Fig. 19 shows exemplarily the corrected costs (C1) for
the Cases S1 - S4 with process condition change PCC3. The
costs per produced liter of methanol-water over the whole three
weeks are, of course, lowest for the ground truth model, since it
is error-free. In contrast, the non-adapted model performs sig-
nificantly worse in all cases. This is straightforward, since with
no adaptation, the process model used for the scheduling is al-
ways incorrect. However, the difference in the costs depends
heavily on the specific case. While the price for no adaptation
compared to global adaptation is only slightly higher for cases
S1 and S4, it is already significantly higher for S3 and highest
for S2. The reason for this is that, in case S2, the initial char-
acteristic maps consist only of a constant value, and thus the
difference from the actual characteristic map is the greatest. In
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Figure 16: RMSE between the ground truth characteristic map and the model characteristic map for all variables and adaptation types for process condition change

PPC1.
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Figure 18: Mean difference between the produced methanol-water and the
ground-truth amount over all cases for different process condition changes us-
ing different adaptation methods.

cases S1 and S4, the difference between the initial characteris-
tic map and the actual characteristic map is smaller, which also
results in a smaller difference in costs per liter. Comparing this
with the RMSE between the model and the ground-truth char-
acteristic map per case (Fig. 13), a correlation emerges between
the corrected price and the RMSE.

The costs when using the global adaptation algorithm are
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lower than using the local adaptation for cases S1, S2 and S3
and slightly worse for case S4. The reason for the higher costs
in case S4 is, on the one hand, the small difference between
the initial characteristic map and the ground truth characteristic
map, and, on the other hand, the active learning employed dur-
ing the first seven days. As a result, suboptimal operating points
are targeted to improve model adaptation, at the cost of higher
operating costs. In summary, it is clear that operating costs de-
pend heavily on the model mismatch between the initial and
ground truth characteristic maps. If the characteristic maps are
similar, this has virtually no effect on costs. However, if, as in
case S2, a constant characteristic map is simply assumed, the
global adaptation is significantly better. This is also a major
advantage of the algorithm, as it achieves good characteristic
map adaptation and low costs even with extremely little prior
knowledge.

Under normal circumstances, it is of course unclear to what
extent the initial characteristic map differs from the true char-
acteristic map. For this reason, the following analysis always
uses the average value of the cases, which constitute a small but
representative sample of possible initial characteristic maps. In
addition, the cost per liter of methanol-water is compared for
the entire three weeks, as well as for the first week and the last
two weeks. This allows us to examine the extent to which ac-
tive learning and a change in the process conditions influence
the costs.

To illustrate the costs associated with the other process con-
dition changes (PCC1 - PCC3), Fig. 20 depicts the mean cor-
rected costs (C1) over all cases for the different process condi-
tion changes and weeks. The darker the blue field, the higher
the costs. The following points stand out:

e Over the whole time period, the costs using the global
adaptation are slightly lower compared to the local adap-
tation for all process condition changes and even lower
compared to no adaptation, while they are slightly higher
compared to the ground truth. The cost savings for the ad-
justed price (C1) range from 11 pp to 18 pp compared to
local adaptation and from 21 pp to 42 pp compared to no
adaptation, depending on the process condition change.

Although active learning is used in the first week, the cor-
rected costs for global adaptation are significantly lower
than those for local adaptation (12 pp). This suggests that
significantly less methanol-water was produced during lo-
cal adaptation in the first 7d. It is also interesting to note
that the no-adaptation strategy in the first week outper-
forms local adaptation. One reason for this could be that,
due to local adaptation and the adjustment of only individ-
ual operating points, the optimizer remains stuck in local
minima, since the characteristic map consists of both cur-
rent and old values.

After the first week, the scheduling can choose the opti-
mal operating points over the whole horizon without ac-
tive learning. There is still adaptation happening in the
global adaptation, but no operating points are suggested
using active learning. The cost savings range from 10 pp
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Figure 20: Mean corrected costs (C1) over all cases and the difference to the ground truth in percent for the different process condition changes and times using

different adaptation methods.

to 20 pp compared to local adaptation and from 24 pp to
59 pp compared to no adaptation.

Process condition change PCC2 has the biggest differ-
ence in price per liter of methanol-water for no adaptation,
since one case produced a significantly smaller amount
of methanol-water, which significantly increases the cor-
rected price. For global and local adaptation, all process
condition changes don’t make much of a difference in the
costs, whereas a change in the process condition increases
the price per liter of methanol-water for the ground truth
slightly.

For a better overview, Tab. 4 summarizes the most impor-
tant economic performance indicators over all cases for every
adaptation strategy. The computation times for scheduling and
the characteristic map update are shown in Table A.6 in the ap-
pendix. With a planned schedule update interval of 24 h (see
Table A.5), the computation times are more than sufficient for
practical implementation.
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Evaluation of active learning

Fig. 21 depicts the chosen operating points from active learn-
ing for case S1, showing their deviation from the economic op-
timum. This is defined as the operating point with the high-
est yield at the lowest energy consumption. The difference to
the economic optimum ranges between 43.9 and 652.9 %, with
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Figure 21: Active learning points for case S1 and their difference from the
economic optimum.



Table 4: Overall mean economic comparison for all cases, process condition changes and adaptation strategies.

Strategy Cost per liter [euro] ~ Corrected cost  Actual production  Production-target
per liter [euro] amount [L] shortfall [L]

Global adaptation 1.09 1.10 745.46 2.27

Local adaptation 1.12 1.24 675.80 71.92

No adaptation 1.18 1.40 635.02 112.71

Ground truth 1.05 1.05 747.73 0

a median value of 153.4 %. It can clearly be seen that most
points are at the boundary of the operating region, since ex-
ploration is weighted more heavily than exploitation. The total
number of active learning points for the other cases during the
first week is 18. The significant increase in costs is primarily
due to the fact that very little methanol-water is produced at
many of the active learning points. One way to improve the
selection of active learning points would therefore be to find
operating points that are closer to the economic optimum but
are still near the proposed points. Another option would be to
remove these points entirely from the operating range so that
they are not approached at all.

Evaluation of production constraints

Finally, constraint violations in the calculated schedule are
used to validate the results. Fig. 22 depicts the calculated and

Calculated schedule

Global - Mean ratio: 3.11 - Number of hours below Tp,_co,: 245

emulated schedule of the molar ratio of H, to CO; in the syn-
thesis gas for the local adaptation (top) and global adaptation
(bottom) strategy for case S2 for PPC1. In both cases, the aver-
age ratio is above the specified threshold of T—cg- = 3.

However, in the local adaptation, there are 245 h with a ratio
below the threshold Tw,—co,, which is a 48.61 % of the time. In
contrast, in the global adaptation, there are only 26 h, resulting
in 5.16 % of the time. The mean deviation of the ratio is 0.69,
with a maximum of 1.19 below the specified threshold for the
local adaptation, while it is 1.17 and 1.19 for the global adap-
tation. Although the mean deviation is higher, there are still
more time points with a larger deviation in the local adapta-
tion, indicating that the violation severity is also lower for the
global adaptation. The higher mean is only due to the fact that
there are significantly fewer time points below the threshold for
global adaptation. The constraint violations still occur, even
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Figure 22: Molar ratio of Hy to CO, in the synthesis gas for the calculated and emulated schedule for the local and global adaptation strategy.
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if these constraints are included in the scheduling formulation,
since the schedule is calculated with the adapted characteristic
map, while it is emulated with the ground truth characteristic
map. However, since the global adaptation adapts the charac-
teristic map more quickly, there are hardly any time steps left
with a value less than the threshold Ty,-co, after the first itera-
tion. Since falling below the threshold value indicates degraded
product quality as well as potentially higher wear on the cata-
lyst in the reactor, it is necessary to reduce such occurrences to
a minimum.

The case considered above represents an extreme scenario,
since a constant initial characteristic map was used here. Nev-
ertheless, the number of hours below the threshold per case is
always lower for global adaptation than for local adaptation.
On average across all cases, the threshold is undershot 1.49 %
of the time with global adaptation and 12.79 % of the time with
local adaptation for PPC1. Without any adaptation, the figure
is as high as 17.9 %. Similar results are obtained for PPC2 and
PPC3. Thus, global adaptation clearly demonstrates its advan-
tages here. Regarding the production constraint on the quality
of biogas, both the local and global adaptation have a mean mo-
lar fraction of carbon dioxide of about 6 % and thus are under
the required threshold of 10 %.

4.2. Results of adaptation to incremental drift

The incremental drift cases from Tab. 2 are used to investi-
gate characteristic map adaptation under incremental drift. It
is assumed that, for the incremental drift, only the produced
methanol-water is drifting over time. Fig. 23 shows the RMSE
for each case and for each adaptation strategy. It is clear that the
RMSE is significantly lower with global adaptation than with
local adaptation or no adaptation at all.

The constant drift and linear drift per operating point are cap-
tured the best, since these are the easiest to detect and model,
resulting in the lowest final RMSE after 49d. Case I3 has the
lowest difference in RMSE between the global and the local
adaptation. This is obvious, since in this case the drift is not the
same at every operating point but depends on the specific oper-
ating point. As a result, the drift characteristic map is a more
complex function that requires more measurements and oper-
ating points to robustly calculate the drift across all operating
points per time step. Nevertheless, it is better than no adapta-
tion or only a local adaptation.
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Figure 23: RMSE between the ground truth characteristic map and the model
characteristic map for all cases I1 - I3 and adaptation types.
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Figure 24: RMSE over the iterations between the ground truth characteristic
map and the model characteristic map for case 11 for all adaptation types.

The RMSE over the number of iterations for case I1 is de-
picted in Fig. 24. For all adaptation strategies, the RMSE
starts at zero, since it is assumed that the model characteris-
tic map and the ground truth characteristic map are identical
at the beginning. It becomes apparent that the RMSE remains
nearly constant with global adaptation, whereas it otherwise in-
creases. By detecting the drift and calculating a drift character-
istic map — which is taken into account during adaptation —
global adaptation makes it possible to keep the error between
the ground truth and model characteristic map low, whereas this
is not achieved otherwise.

The corrected prices per liter of methanol-water (C1) are vi-
sualized in Fig. 25. It is evident that they are lowest for global
adaptation in all considered cases. The reduction in costs per
liter of methanol-water for global adaptation is about 4.4 %
lower compared to local adaptation and 5.8 % lower compared
to no adaptation. At the same time, the amount of methanol-
water produced is closest to the ground truth quantity with
global adaptation, whereas it deviates more significantly with
local adaptation or no adaptation.

Global adaptation is therefore advantageous over local adap-
tation or no adaptation at all, even with an incremental change
in process behavior. This allows for a reduction in the plant-
model mismatch and, consequently, in production costs as the
process behavior changes.
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Figure 25: Costs per produced liter of methanol-water for cases I1 - I3 and

different adaptation types.



5. Conclusion

This paper presents a new framework for the scheduling of
chemical processes using self-adaptive characteristic maps as
surrogate process models on the example of a novel PtM pro-
cess. A new global adaptation algorithm is developed, which
adapts the characteristic maps of process variables to overcome
plant-model mismatch due to sudden and incremental drift in
the process behavior. The global adaptation detects sudden and
incremental drifts in the process variables using process mea-
surements and calculates a residual characteristic map to update
the model characteristic map at regular time intervals.

The results indicate a rapid and effective adaptation, as evi-
denced by a rapidly decreasing and significantly lower RMSE
compared to a local adaptation strategy and no adaptation. As
a result, the plant-model mismatch is significantly reduced, and
the model is more reliable for tasks such as schedule calculation
and process monitoring. It appears that the adaptation depends
heavily on the difference between the initial and ground truth
characteristic maps. An advantage here is that global adaptation
performs significantly better when simple initial characteristic
maps are specified without expert knowledge. This can signif-
icantly reduce the effort required to create the initial character-
istic maps, since no time-consuming and complex simulations
need to be performed to generate them.

When considering the economic costs calculated by the
schedule emulation, the cost per liter of methanol-water pro-
duced is reduced by over 11.8 % when the global adaptation
strategy is used, compared to local adaptation, and over 21.4 %
compared to no adaptation. At the same time, only with global
adaptation is the specified amount of methanol-water produced
within the time horizon under consideration. It appears that the
operating characteristics adjusted through global adaptation re-
spond better to process changes, since in this case the entire
operating characteristic map is up to date, whereas with local
adaptation only certain areas are adjusted.

Furthermore, global adaptation also results in significantly
fewer constraint violations regarding certain production condi-
tions, such as molar ratios or proportions in process streams of
the calculated schedules. Depending on the nature and sever-
ity of the violation, these can significantly restrict the process,
making compliance with these constraints critical for operation.

Ultimately, it becomes clear that in this case there is always
a trade-off between model accuracy and reduced production
costs. The more operating points are adjusted through active
learning, the more accurate the model becomes — but at the
cost of higher operating costs. At the same time, it is also ev-
ident that if only a few operating points are sufficient for opti-
mal process operation, the difference between local and global
adaptation becomes minimal. The advantage of global adapta-
tion increases significantly as the number of operating points
rises.

Future research will include examining the algorithm’s trans-
ferability to other processes. Furthermore, the implementation
and validation of the algorithm in the actual plant with real mea-
surements is an important aspect for the future.
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Appendix A. Supplementary material

Table A.5: Implementation settings, algorithmic parameterization and solver configuration.

Category Parameter description Parameter value
Sudden drift Threshold for Mahalanobis distance between map and Ivi.map (from x? distribution)
detection measurement values
Threshold for Mahalanobis distance between two twpis (from y? distribution)
measurements of different iterations of one operating point
Incremental Threshold for number of failed KS-tests per operating point =3
drift detection ~ Threshold for number of conspicuous operating points =2
Oberservation window for incremental drift detection Tinc = 40 iterations
Gaussian Kernel type RBF, Matérn, constant, linear
process Kernel selection Voting using BIC, LML and MRMSE
regression Hyperparameter optimization Maximum Likelihood Estimation (MLE)
Noise assumptions Gaussian (o2 fixed depending on output vari-
able, estimated with real process noise data)
Active Candidate points Neana = 3
learning Exploitation weight w; =03
Exploration weight wy = 0.7
Batch diversity y=05
Data Data acquisition interval Tsample = 24h
acquisition & Update interval Atypae = 24 h
updates Measurements per update Depending on the calculated schedule (between
0 and 24 because of update interval)
Solver Optimization solver Gurobi (MILP)
configuration Convergence tolerance 0.01 (1 %)
Maximum time 1000s

Table A.6: Mean runtimes and 95 % confidence interval (CI) per case and adaptation strategy for scheduling and characteristic map update.

Case # Adaptation strategy Mean scheduling time [s] 95% CI Mean update-time [s] 95 % CI
Global 157.22 93.73 0.3165 0.0106
S Local 131.00 88.99 0.000217 0.000010
No 169.81 132.29 - -
Ground truth 210.49 139.82 - -
Global 167.61 123.01 0.3503 0.0180
S Local 225.71 173.88 0.000242 0.000024
No 186.40 164.27 - -
Ground truth 212.54 139.90 - -
Global 154.28 104.55 0.3276 0.0118
$3 Local 555.15 222.67 0.000278 0.000015
No 423.03 155.18 - -
Ground truth 215.95 140.60 - -
Global 130.76 103.46 0.3948 0.0197
S4 Local 208.61 135.60 0.000278 0.000018
No 220.79 139.89 - -
Ground truth 242.12 143.07 - -
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