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Abstract— Efficient exploration of constrained design spaces
is a critical challenge in data-driven modeling, particularly
when process knowledge is limited or when measurements are
costly. Traditional Design of Experiments (DoE) approaches
often separate boundary estimation and process modeling into
distinct phases, leading to inefficient measurement plans. This
paper introduces Automatic Growing Design Space Exploration
with Concurrent Process and Constraints Modeling (AGE-
PCM), a novel algorithm that integrates constraint learning and
design space exploration into a single procedure. AGE-PCM
begins with minimal prior knowledge, using a regularized one-
class classifier to describe the feasible space incrementally and
guide exploration. A two-class classifier models the boundary
between feasible and infeasible space. By selectively sampling
candidate points based on the classifier predictions and a space-
filling metric, the resulting points are well distributed for
subsequent model training. We validate the algorithm in a real-
world application involving a combine harvester’s threshing
unit. The results demonstrate that AGE-PCM efficiently collects
measurements, avoids damaging test points, and produces
datasets suitable for subsequent modeling and optimization.
This makes AGE-PCM an appropriate tool for constrained
design space exploration and exploitation in industrial applica-
tions.

I. INTRODUCTION

Data-driven modeling is traditionally carried out in two
steps: (i) Design of Experiments (DoE) with measurement,
and (ii) learning a model from the data collected in (i). Since
a good distribution of the measurement data is crucial for the
quality of data-driven models, this division into the two steps,
DoE and model learning (with different sub-goals), is sub-
optimal. Additionally, if constraints limit the design space,
step (i) is often divided into sub-steps, as most DoE strategies
are unsuitable for constraints [15], [17]. Considering only
the DoE step, substantial difficulties arise if the process con-
straints are unknown. Since, for many industrial applications,
limited or even no detailed process knowledge is available,
it is not possible to define a design a priori and conduct
process measurements within this space. Instead, first, the
design space boundaries have to be identified and described.
This can be done with data-driven classification models.
As shown in [4]-[6], [12], [14], [16], several approaches
are developed to describe the design space boundary. These
range from simple polygons to support vector machines,
Gaussian process classification, and regularized radial basis
function (RBF) classifiers. In comparison, the latter are more
advanced and better suited to describing the boundaries
of complex processes. To estimate the boundary, data is
measured from the process with the primary target to acquire

information about the boundary. Consequently, edge-heavy
point distributions result, which are unsuitable for training
a data-driven process model within the constrained space.
In a second step, a space-filling design is created within
the explored feasible design space and measured afterward.
This procedure may require more measurement points than
necessary, resulting in a suboptimal point distribution. This
also leads to greater effort and complexity, since different
strategies must be applied and configured, increasing the
complexity and the required setup time.

In [5], [12], the presented algorithms are applied to a
combustion engine. In this application, the engine must be
measured only once, since the process does not change
over time. Nevertheless, a more efficient approach reduces
the measurement time and costs. If the process changes
each time, e.g., because it depends heavily on environmental
variables or because each measurement point is costly, the
savings are even higher. Such a process is considered the ap-
plication of a combine harvester in this paper. The properties,
thus the best operating point and even the feasible operating
space, vary dramatically with variables such as fruit or grain
humidity.

Dependent on the goal, design of experiments can be divided
into two categories: first, for modeling the entire design space
with high accuracy; and second, for design space exploration
and optimization. In the first category, the goal is to create a
design that is space-filling and uniformly distributed in the
entire feasible design space. In the second case, the goal is to
explore the design space non-uniformly, focusing on the most
promising areas. This is often done by combining the DoE
with an optimization strategy, e.g., Bayesian optimization.
While the algorithm proposed in this paper focuses on the
first category, several approaches have been developed for
the second category. In [1], Safe Bayesian Optimization is
applied on a real robotic system. The confidence intervals es-
timated by Gaussian process regression are used to efficiently
optimize controller parameters, without risking dangerous or
expensive system failures. The exploration and learning of
an inverse pendulum by a reinforcement learning strategy
is investigated in [2]. A strategy for save exploration of
nonlinear dynamical systems is proposed in [13]. It uses a
model predictive control strategy to explore the system while
ensuring safety.

In this work, we propose the novel algorithm Automatic
Growing Design Space Exploration with Concurrent Process
and Constraints Modeling (AGE-PCM). The primary goal of



AGE-PCM is to combine all sub-steps of (i), the DoE, into
one coherent step to increase the data efficiency, improve the
resulting point distribution with focus on model accuracy
in the entire design space, and simplify the measurement
process. Besides this, it is also possible to train a desired
process model over the already-known feasible space while
exploring the design space. The two main components of
the method are a one-class classifier (OCC) to describe the
feasible region explored and a two-class classifier (TCC) to
describe the design space boundary and constraints.

This paper is structured as follows: The following Sect. II
presents the basics of both the OCC and TCC classifiers.
Section III proposes the new method AGE-PCM. This is fol-
lowed by the application to a combine harvester in Sect. IV.
Section V concludes the paper with a summary and an
outlook on future work.

II. CLASSIFIERS

Two different classification models form the basis of the
algorithm presented in Sect III in detail. One is a One-class
classifier (OCC), and the second is a two-class classifier
(TCC). Both are regularized radial basis function (RBF)
networks, which belong to the class of kernel-based models
that utilize localized, nonlinear basis functions. First, the
one-class classifier is presented, followed by the two-class
classifier.

A. One-Class Classifier

The OCC proposed and applied in [6], [16] is used
as a central component in AGE-PCM. Since OCCs are
designed to learn a descriptive boundary around one data
class, they are well-suited to describe the exploited feasible
space. In addition to the basic separation into explored and
unexplored space, the regularized RBF classifier also allows
an estimation of the distance of a new point to the class and,
thus, to the explored points. Thus, it is applied to control
the propagation speed during the exploration process, which
measures the distance of a new point to the existing points.
A traditional RBF classifier is a set of M radial basis
functions ¢;(-) centered at selected points ¢, in the input
space U. These functions are linearly combined by their
weights w; to model the classification function
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As done in [6], ¢;(u,c;,0) = exp (—ﬁ
function with standard deviation o, is selected as basis
function. One is centered on each of the N training points
w; = [U14,U24,...,uq ] in the d-dimensional input space.
Thus, ¢; = u; and M = N. Consequently, the number of
parameters w; equals the number of data points. To avoid
overfitting, which is likely to occur in this configuration,
ridge regression with regularization parameter A is used to
stabilize the results. Besides the w; estimated by least squares
(LS), 0 and A are the two hyperparameters to be optimized,
and the strategy is presented later.

), the Gaussian

For the LS estimation of the parameters w;, a classification
value y; = 1 is defined for each data point u;. So, the LS
problem can be formulated as
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with X ; = exp (—
w = [wl,...,wM]T and y = [yl,...,yN]T

The value of the classification function j, for a point u; is
then calculated according to
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The data point u; belongs to the class, if Qz > Yhd. Since
the classification value of 1 is set for the training points, the
classification threshold ymg is chosen slightly smaller than
the classification value, e.g., yg = 0.99 [6]. The value of
the classification function also allows an estimation of the
distance of the evaluated point to the class. The distance in-
creases as the function decreases. This is possible because the
function decreases monotonically with increasing distance
from the basis functions and, thus, data points. During the
exploration, new points are close to known ones, reducing
the risk of severely violating the constraints.

The iterative application of the algorithm prevents the hyper-
parameters from being tuned with validation data. Because
the algorithm starts with just one data point and increases
the amount of data incrementally, one by one. Consequently,
there is not enough data available. Thus, hyperparameter
tuning using the training error and the leave-one-out cross-
validation (LOOCYV) error e oo, proposed in [5], is a suitable
approach, as it does not require additional data and is
computationally efficient. This is important because high
computational costs would increase the measurement time
during exploration and, thus, the measurement costs. A cost-
saving property of the LS estimation is that the LOOCYV error
of the ith point can be easily and efficiently calculated with
an anyway required substep of (2) according to
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where g; is the value of the classification function for point u;
and H; ; is the ¢th diagonal value of the smoothing matrix H.
With e o0, s, the classification value 9 00, ; can be calculated,
as if this point would not be included in the training data by

9JLo0,i = Yi — €Loo, i- )

A boundary as tight as possible to the given data points is
desired for the AGE-PCM algorithm. The zero LOOCV er-
ror [6] enforces the robustness, since every point is classified
correctly, even if it is not in the training data. The tightness
of the boundary is controlled by o, where small values
lead to tighter boundaries. Consequently, the hyperparameter



optimization problem can be formulated as

min o

o,

st. 9 >1, Vi=1,....N (6)
JrLooi>1, Vi=1,...,N.

The first constraint ensures that all training points are clas-
sified as feasible, and the second constraint ensures that the
LOOCYV error is zero.

B. Two-Class Classifier

In contrast to the unsupervised one-class classification, a
two-class classification is a supervised task. The goal is to
distinguish between two classes. In AGE-PCM, the objective
is to distinguish between feasible and infeasible points.
The chosen TCC is a modification of the previously pre-
sented regularized RBF OCC. In the two-class case, each
class is assigned a value. The classification value y;. feasible =
1 is assigned to all feasible points, and ¥; infeasivle = —1 tO
the infeasible ones. The classification threshold that defines
to which class a point belongs is set to ywmd, tcc = 0, e.g.,
points with positive classification function value g(u), see
(1), are classified as feasible. In this way, the problem is
defined so that the weights w; can still be estimated with
LS, and the LOOCYV error can still be calculated according
to (4). However, the hyperparameter optimization needs to
be modified as well. Instead of minimizing o, in the two-
class case, the goal is to maximize ¢. Unlike the OCC case,
where a tight boundary around the points is desired, the TCC
describes the border between the two classes. This boundary
should be as smooth as possible, which is achieved by a
large o. This also reduces the boundary’s flexibility. The
robustness properties of the OCC remain desirable. Thus, the
training error and LOOCYV error have to be zero. For this,
two sets are defined, where JF contains all feasible points,
and Z contains the infeasible points of the training data. This
leads to the following formulation:

max o
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where H(-) is the binary step function according to
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The classification value §;(o, A) of the i-th training point
is obtained according to (3). In the LOOCV case, the
classification value §i00,;(c, A) is calculated according to
(5). Consequently, the second constraint ensures zero training
error, and the third constraint ensures zero LOOCV error.

The demanded zero LOOCYV error restricted the smoothness
of the function and thus serves as an upper bound for o
depending on the complexity of the classification problem. If
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Fig. 1. Estimated classification boundary for three different o. The red
curve describes the boundary of the feasible space, and the infeasible space
is colored light red. The training points are created by a maximin Latin
hypercube [3]. The feasible ones are marked in black, and the infeasible
ones are marked in red. Left plot: small o leading to a rough boundary
with zero training and LOOCV error. Middle plot: o optimized according
(7). The boundary is smoother than the left one, and the errors are still zero.
Right plot: Large o, smooth boundary, but training and LOOCV error are
larger than zero.

all hyperparameter combinations violate the constraints, the
training error and zero LOOCYV error are set to the smallest
possible value. This behavior is visualized in Fig. 1. For this,
a two-dimensional test case is created. The design space is
defined by

D = {u=[u1,u]" €[0,1]°},

1 9)
Urug < 6 .

This test process is also used in Sect. III to explain and
visualize AGE-PCM.

This optimization strategy ensures an easy-to-implement and
application-independent selection of hyperparameters with-
out requiring extensive prior knowledge.

with Dreasiple = {u €D

III. ALGORITHM

In this section, the AGE-PCM algorithm is explained.
The algorithm starts at a known feasible operating point.
From this point, the algorithm explores the design space.
The resulting point distribution in the feasible space should
be as space-filling as possible to ensure good design quality
for later tasks such as modeling. At the same time, the
constraint violations should be kept to a minimum to ensure
safe operation. Infeasible points deep in infeasible territory
should be avoided.

The algorithm is based on candidate points to reduce compu-
tational costs and discretize the design space. The simplest
way to do this is a grid over the entire design space. The
d-dimensional design space is divided into an equally spaced
grid with L levels in each dimension. Thus, a grid with
L% points results. Due to the curse of dimensionality, the
grid-based approach becomes inefficient in high-dimensional
applications. The number of candidate points increases ex-
ponentially with the number of dimensions. In this case,
extended variants based on Sobol sequences or optimized
Latin hypercube sampling can be used to generate candidate
points more efficiently. In the following, due to the low-
dimensional examples, the grid-based approach is used. The



algorithm can test only these finite number of points, which
are called candidate points C.

Besides L, the algorithm has the following hyperparameters:
NLims Yexpl, ocC> Tocc, Aocc, o1cc and Arcc. The first is the
maximum number of points N, that can be measured. This
is necessary to limit the computational effort. The second is
the classification value of the one-class classifier yexpl, occ-
This controls the algorithm’s exploration progress. Besides
this, for both the OCC and TCC, the hyperparameters o
and A\ are required. Those control the smoothness of the
classifier and are determined according to the hyperparameter
optimization strategies according to (6) and (7). The TCC
requires also the interval [orce min; OTcC,max]- The algorithm
can be applied if these parameters are set and a feasible initial
point is selected. The algorithm is shown in Algorithm 1.
Figure 2 shows AGE-PCM applied to the test case defined
in (9). The algorithm starts with a known feasible point

Algorithm 1 Design Space Exploration with AGE-PCM

1: Initialize sets: F < () (feasible), Z < () (infeasible)

2: Generate candidate points C by a d-dimensional grid
with M levels in each dimension over the design space

3: Start at a known feasible point u, € C (safe point)

4 F « FU{uy}

5: Remove v, from C

6: Train one-class classifier gocc(-) on F

7

8

9

: while termination condition not met do
C* « candidates from C
: Cr«C* \uz if gOCC(Mi) ¢ Iexpla vﬂl ecr
10: if Z # () then

11: C* + C*\ v, if gree(w;) < Ymg, Tec, Yu; € C*
12: end if

13: if C* = () then

14: break

15: end if

16: Compute ¢, (F U {u;}) for each u; € C*

17: Select u* +— argmax ¢p(u;)

18: Measure if u* is feasible in the real process
19: if u* is feasible (in ground truth) then

20: If required, measure the process output
21: F — FU{u*}

22: Retrain gocc(+) on updated F

23: else

24: T+ ZU{u"}

25: end if

26: if Z # () then

27: Retrain grce(+) on updated F and 7

28: end if

29: Remove u* from C

30: end while

ug = [0.35, 0.35]T and initializes the set of feasible points
F with this point. The algorithm then enters a loop where
it iteratively selects and tests candidate points. In each iter-
ation, the algorithm first filters out candidate points outside

the exploration interval defined by the one-class classifier.
Then, it filters out candidate points that are predicted to be
infeasible by the two-class classifier. If no candidate points
remain, the algorithm terminates prematurely. Otherwise, a
quality metric measuring the space-fillingness of the feasible
points and each candidate point is calculated. The point
optimizing the metric is selected as u*. The selected point
is then measured in the real process. It is added to the set of
feasible points F if it is feasible. Otherwise, it is added to the
set of infeasible points Z. The algorithm then retrains both
classifiers based on the updated sets F and Z. This process
continues until a termination condition, here the maximum
number of points Npn,, iS met.

At this point, the exploration interval and the quality metric
need to be explained. Since only small violations of the con-
straints are allowed, the exploration progress in each iteration
needs to be controlled. This is done by the OCC and by con-
trolling the exploration interval Iexp = [Yexpl, 0CCs Yiim, 0CC]-
Therefore, a point u; with a classification value yocc, =
gocc(u;) smaller than yjm, occ is outside the known class
and thus outside the already explored space. The value of
Yexpl, occ ON the other side is used to restrict the distance of
the point to the explored space. If a point u, has a classifica-
tion value yocc, ; smaller than yexp1, occ, it is considered to be
too far away from the already explored space and thus is not
allowed to be measured. This procedure allows the algorithm
to explore the design space in a controlled manner. The area
between the blue lines shows this exploration interval in
Fig. 2. Here, the dark blue line is the lower bound yexpl, occ
and the light blue line is the hull around the cloud of feasible
points and thus corresponds to the upper bound ¥iim, occ-
Besides the controlled exploration of the design space, the
second central task of the algorithm is to find a good
distribution of the points, more precisely, a space-filling
distribution, since such designs improve the quality of later
trained nonlinear models [11]. This is encouraged by the
quality metric ¢(F U {u;}), on which the algorithm selects
the next test point u*. In general, every space-filling metric
can be deployed. However, we propose to utilize the ¢,
criterion [10], which is defined as

N—-1 N
Yo My —wl

i=1 j=i+1

1/p

By(U) = (10

with U = {uq,us,...,uy} being the set of all points. The
parameter p is a hyperparameter and controls the smoothness
of the function. The larger p, the more the smallest nearest-
neighbor distance of the design is emphasized. For p —
o0, it approaches the reciprocal of the minimal nearest-
neighbor distance. According to recommendation in [10]
p=15...50, p = 15 is chosen in this work.

The ¢, criterion is selected because it is a distance-based,
computationally efficient metric for small data sets. In addi-
tion, designs optimized by the ¢, criterion are well suited
for nonlinear data-driven models. No reference distribution
is needed for distribution-based metrics, e.g., the Kullback-
Leibler divergence [7]. Since the feasible space is unknown,



the reference distribution is also unknown. In summary, the

N=5 N =10

Fig. 2. AGE-PCM after N = 5, N = 10, N = 35 and N = 45
points applied to a test case. The blue lines describe the exploration
interval calculated by the OCC. The magenta line describes the classification
boundary of the TCC. The red area defines the true infeasible space
according to (9).

¢p criterion drives the points apart, and the exploration
interval keeps the new points close to the old. This procedure
can achieve a good trade-off between exploration and save-
operation.

Figure 2 shows the status of AGE-PCM after several itera-
tions. Here, the following hyperparameters are used: M =
30, NLim = 45, and Yexp, occ = 0.9. The classification
thresholds are set as yiim, occ = 0.99, Yiim, tcc = 0. The
hyperparameters ococc, Aoccs orcc are optimized. Therefore,
orcc 1s limited to OTCC,min = 0.05 and OTCC,max = 0.3. The
first point is selected as the safe point, which is known to
be feasible. The first five points are then measured, and the
algorithm is visualized after each iteration.

The first five points are all feasible. Consequently, the TCC
could not be trained at this point. The plots are generated
after each iteration. Thus, the OCC and TCC are shown
retrained for all visualized points. One point is infeasible
for N = 10 and violates the constraint slightly. The TCC
can now be trained. As expected, with only one infeasible
point, the TCC is inaccurate. The points are neither too
close to each other nor too far apart. After N = 35 points,
the feasible space is almost completely explored. Only the
upper left corner is not yet covered. The feasible points are
distributed equally over the explored space. Also, the TCC’s
accuracy improved. As intended, the infeasible points are
close to the boundary, and the infeasible points are only a
small fraction of all points measured. Since the exploration
is almost complete, the next ten points are mainly used to

improve the TCC. Adding more points near the boundary
improves the quality of the constraint model. The algorithm
terminates at this point because the point limit, Ny, = 45,
is reached. The feasible space has also been approximated
well by the OCC. Visually, the resulting feasible design
has appropriate space-filling properties. The points are well
distributed and close to the boundaries.

The following remarks address important aspects of the
algorithm. Regarding initialization, it is generally important
to start with a feasible point; otherwise, a strategy to find
one must be implemented. Both OCC and TCC require
at least one feasible point for training. Without a known
feasible point, the algorithms cannot be applied. However,
while a starting point in the center of the feasible space is
preferred, the algorithm is robust against the point selection
as demonstrated in Fig. 3.

A second aspect is the application of the algorithm to higher-

N=5

U2

U

Fig. 3. AGE-PCM with a different initial point after N = 5 and N = 45
points applied to a test case. The green cross marks the initial point.

dimensional problems. Conceptually, the algorithm can be
applied to more than three or four dimensions. However,
some aspects need to be considered. As mentioned before,
the grid-based approach for candidate point generation be-
comes inefficient in higher dimensions. Thus, more efficient
sampling strategies are required. Since the classifier training
and hyperparameter optimization are computationally effi-
cient, computational costs are less of a concern. The distance-
based quality metric ¢,, is also applicable in more than four
dimensions.

Additionally, the algorithm is designed to be applied to
real processes. Thus, measurement noise can be expected,
leading to misclassification of points. In its current form, the
algorithm is not designed to handle noise explicitly. However,
the hyperparameter optimization strategy allows a small
amount of misclassification, thereby reducing the influence
of noise. Nevertheless, extending the algorithm to estimate
the probability of misclassification, perhaps incorporating
it into the selection of new points, or even removing this
point, is a promising direction for future work. Regarding
the TCC, the roughness of the boundary depends on the
hyperparameter orcc. Here, further research is required to
select a suitable orpcc automatically without the need for
a user-defined interval. This problem becomes harder if



the data contains two close feasible and infeasible points.
Then, it is difficult to find a smooth boundary with zero
classification error.

Despite this potential for improvement, by combining the
OCC and TCC, the proposed algorithm enables safe, con-
trolled exploration of the feasible design space. The LOOCV
hyperparameter optimization enables the algorithm to auto-
matically adapt to the process’s smoothness and constraints
without requiring any prior knowledge. Therefore, AGE-
PCM can be easily applied to various processes without the
need for complex hyperparameter tuning.

IV. APPLICATION

In this section, AGE-PCM is applied to a real-world
application to explore the suitable operating space of the
threshing unit of a combine harvester.

The threshing unit is a central component of a combine
harvester and typically contains one or more threshing drums,
and the threshing concave. Their task is to rip out the grains
of the ears and first separate the grains and materials other
than the grains. Subsequently, this separation is intensified
within the upcoming sections inside the combine harvester.
For more information about threshing units, refer to [8],
[9]. In this work, the threshing unit is investigated solely.

332
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Fig. 4. Result of AGE-PCM applied in a harvesting test with N = 150
different operation points. The threshing drum rotational speed wrp, p, the
ground speed vy and the concave clearance l.. are varied. Black dots:
feasible operation points. Red dots: Infeasible operation points. Red surface:
Modeled process boundary of the threshing drum by TCC. Blue surface:
Hull around the feasible points according to OCC.

Here, the harvested material flow has to pass between the
threshing drum(s) and the concave. The combine harvester
is equipped with adjustment options inside the threshing unit
to adapt to the current material conditions. The first option
is the concave clearance [.., which the operator can set. The
second adjustable option is the threshing drum rotational
speed wrpp. Meanwhile, the third option is the ground
speed v,, which controls the mass flow through the threshing
unit. Specific to the harvested material, it is known that

different settings are optimal for realizing a good threshing
and separation result. A well-performing range of settings
can vary dramatically for various fruits and within the same
fruit depending on the material conditions, e.g., straw and
grain humidity. Data-driven models and ensuing mathemat-
ical optimization are used to figure out well-performing
adjustments. These models need to be trained with data
measured under the actual conditions. Thus, space-filling
data is required to ensure a good model quality, resulting
in good optimization results. Data efficiency is essential to
reduce the measurement time and, thus, the operation time
with inefficient settings. Besides the optimal settings, it is

20

20

Fig. 5. Comparision of two different TCCs. a) ¢ = 0.27 optimized
according (7). b) ¢ = 0.5 manually set. The red surface describes the
modeled boundary according to the TCC. The black dots are the feasible
points, and the red ones are the infeasible points.

also known that bad settings can lead to interruptions or in
severe cases to breakdowns of the process as a consequence
of blocking the threshing drum. Clearing the blockage re-
quires hard manual labor and costs threshing time. Hence,
while gathering data for modeling, critical settings must be
avoided as much as possible. However, bad settings typically
do not directly lead to break-downs of the threshing unit;
they notify themselves acoustically and are well recognizable
to the combine operator. Therefore, this work uses the
operator’s feedback, derived from personal impression, to
indicate infeasible settings. The stated algorithm investigates
the desired space as equally as possible by avoiding critical



settings from being set unnecessarily, often in an efficient
way. Thus, AGE-PCM is well-suited for this application. The
final result of AGE-PCM is shown in Fig. 4 with the hyperpa-
rameters as follows: M = 25, Npim = 150, Yexp1, occ = 0.9.
The results show that also, in the three-dimensional case,
the algorithm can explore and model the feasible space. The
resulting feasible points are suited for subsequent modeling
and optimization tasks. Critical combinations of small ..
and small wr,p are entirely avoided.

The TCC used during exploration is shown in Fig. 5a).
The rough boundary might be unsuitable for the subsequent
optimization, which seeks well-performing settings for the
threshing unit. Additionally, a single infeasible point is
observed surrounded by feasible points. This point might be
an outlier or be misclassified due to noise. Both problems
can be solved by restricting the flexibility of the TCC by
increasing the hyperparameter orcc, see Fig. 5b). The TCC
is much smoother, and the outlier point is not classified as
infeasible. However, orcc is not optimized and thus leads to
a larger LOOCV error and a training error (outlier point).

V. CONCLUSION

This paper presents AGE-PCM (Automatic Growing De-
sign Space Exploration with Concurrent Process and Con-
straints Modeling), a novel algorithm for data-efficient and
safe exploration of constraint design spaces. The proposed
method systematically explores an unknown feasible region
while minimizing constraint violations and ensuring efficient
data utilization.

The primary contribution of this work is the integration of
one-class and two-class classifiers into a unified framework
that jointly performs design space exploration, constraint
modeling, and data generation. By combining multiple sub-
steps of design of experiments into a single process, AGE-
PCM improves data efficiency compared to traditional se-
quential approaches. By selecting points based on the ¢,
criterion, the algorithm ensures that measured points are
well distributed throughout the feasible space, thereby im-
proving the quality of subsequently trained nonlinear mod-
els. Leave-one-out cross-validation (LOOCV)-based hyper-
parameter optimization reduces the need for manual tuning or
expert knowledge, enabling application-independent deploy-
ment with minimal prior knowledge. The successful applica-
tion to a real combine harvester threshing unit demonstrates
the practical value of AGE-PCM in a complex, real-world
application.

The algorithm should be enhanced at this point to handle
high-dimensional design spaces more effectively as the grid-
based candidate point generation becomes inefficient. Ad-
ditionally, the two-class classifier’s boundary can become
rough depending on the point distribution and the hyperpa-
rameter optimization. This can lead to unsuitable boundaries
for subsequent optimization tasks. Besides this, potential
misclassification of points due to measurement noise or
errors is not explicitly handled. Future work should address
these limitations by developing alternative candidate-point
generation strategies for high-dimensional spaces, improving

classifier techniques, and addressing misclassification han-
dling.

Overall, the algorithm achieves an effective trade-off among
exploration efficiency, safety, and model quality, making it
well-suited for automated, data-efficient process exploration.
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