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Abstract

Evaluating performance properties across highly configurable Cyber-
Physical Systems (CPS) remains a significant challenge due to the
size of configuration spaces and the cost of domain-specific simula-
tions. Computing the fitness of a configuration is itself complex, as
CPS behaviors depend on non-linear, system-level interactions that
are difficult to model and predict. Although sampling and predic-
tion techniques have shown strong potential in software domains,
their extension to CPS contexts involving physical simulations re-
mains largely unexplored. In this work, we highlight this challenge
through a CubeSat product line case study and provide prelimi-
nary results combining simulation and machine learning to predict
system-level metrics. Our findings, based on baseline prediction ac-
curacy, illustrate the difficulty of the problem and motivate further
research on performance prediction methods for CPS product lines.
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1 Context, Motivation, and Background

The automated configuration and performance evaluation of CPS
product lines (CPS-PL) remains a persistent challenge due to the size
and complexity of their configuration spaces. Highly configurable
systems, ranging from various components such as software, elec-
tronics, and mechanical components, require efficient strategies to
explore variability while keeping computational costs tractable. Ex-
haustive evaluation across the entire configuration space is imprac-
tical in real-world scenarios due to the combinatorial explosion of
valid configurations. To address this, previous research has mainly
explored sampling techniques, performance prediction methods,
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and configuration-space learning, often leveraging Machine Learn-
ing (ML), constraint solving, and coverage-driven heuristics to
approximate system behavior from limited observations [5].

Most of these works have achieved strong results in the context
of software product lines, focusing on attributes such as execu-
tion time, memory consumption, or throughput [20, 21]. Typically,
software systems offer relatively lightweight and static evaluation
environments, where performance data can be gathered rapidly,
configuration variables are discrete or binary, and the relationships
between configuration options and performance outcomes are often
less affected by external factors [26]. Several background studies
illustrate the evolution of performance prediction for configurable
software systems. In [27], the authors investigated regression mod-
els such as CART, Bagging, Random Forest, and Support Vector
Machines across six real-world systems. Although their findings
showed promising predictive performance, the studies remained
focused on binary configuration spaces and lightweight software
execution metrics. Similarly, [10] proposed DECART, a refinement
of regression tree learning that incrementally selects configura-
tions to optimize learning efficiency. While DECART improved
predictive accuracy in software settings, it focused on lightweight
performance properties and did not address the additional complex-
ity introduced by physical simulations. The study in [1] analyzed
different sampling strategies for performance prediction in the x264
video encoder. Although the analysis remained focused on software
performance metrics, without tackling CPS-specific dynamics. Fi-
nally, [16] compared ten sampling algorithms for fault detection
efficiency in configurable software systems. The presented findings
focused on software system properties.

While sampling and learning techniques have shown strong
results in configurable software systems [7, 21], their direct applica-
tion to CPS-PL remains limited. CPS performance properties depend
on continuous, time-dependent physical phenomena and dynamic
environmental interactions [9, 15], which are difficult to capture
through configuration parameters alone. For example, evaluating
a satellite configuration involves simulating thermal dissipation,
battery dynamics, and orbital mechanics—non-linear behaviors re-
quiring costly, domain-specific simulations. These characteristics
introduce scaling and generalization issues that software-oriented
methods are not designed to handle [30]. In this work, we highlight
these challenges through a CubeSat case study, using limited simu-
lation data to predict system-level metrics such as mass and thermal
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load. Our findings aim to illustrate the difficulty of performance
prediction in CPS-PL and motivate the development of scalable,
CPS-specific prediction methods. This short paper presents baseline
results toward that goal, emphasizing the need for methods that
can effectively support CPS-PL evaluation under realistic physical
and environmental constraints.

2 Preliminary Study

This section introduces the challenges of performance evaluation
in CPS-PL, illustrates them through a CubeSat case study, and
motivates the preliminary methodology and research questions.

2.1 Challenges in CPS-PL Evaluation

CPS-PL manages variability across families of embedded systems
interacting with physical environments. Domains such as auto-
motive, robotics, and space systems involve selecting and tuning
subsystems to meet mission-specific requirements. Performance
evaluation in CPS-PL is challenging due to large, combinatorial
configuration spaces [8] and the influence of dynamic environmen-
tal conditions. Metrics such as mass, thermal stability, and energy
margins stem from complex, interdependent physical phenomena,
often requiring costly simulations [25]. Unlike software product
lines, where automated testing is affordable, simulating large CPS
configuration sets is time- and resource-intensive. This often limits
exploration, slows feasibility studies, and reinforces reliance on
known architectures [2].

This study explores predictive modeling to reduce simulation
effort. We focus on two questions:

RQ1: Can short-duration simulations support accurate predic-
tion of long-mission performance?

RQ2: How does training sample size affect prediction accuracy
and ranking reliability!?

2.2 Subject System: CubeSat Product Line

We consider a CubeSat-based communication platform as a repre-
sentative CPS-PL, characterized by tight integration of embedded
computation, energy-constrained operation, environmental cou-
pling, and physical variability [4, 13, 22]. The product line encom-
passes diverse configurations tailored to different mission require-
ments, with variability across critical subsystems such as:

e Communication: different frequency bands (e.g., VHF, X-
band), antenna types, and data rates;

e On-Board Computing (OBC): processors with different
power/performance profiles and buffer capacities;

o Energy Subsystems: combinations of solar array technolo-
gies, battery chemistries, and radiator materials;

e Payload: data acquisition capabilities depending on Point-
of-Interest (POI) detection performance;

e Thermal Control: passive regulation via radiators with
distinct surface properties.

The configuration space (Fig. 1) includes both discrete architec-
tural options and continuous parameter ranges [14, 29].

!Degree to which the predicted ranking of CubeSat configurations matches the ranking
of the 15-orbit ground truth.
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Simulation Environment. To support system-level evaluation, we
developed a domain-specific simulator inspired by NASA’s CADRE
architecture [12]. Given a CubeSat configuration, the simulator
performs time-step simulations of a full orbital mission, modeling:

¢ Payload acquisition: data is generated when the satellite
is over a POI;

e OBC processing: raw data is buffered, processed and staged
for downlink;

e Communication: data is downloaded during ground station
(GS) passes;

e Power system dynamics: solar power generation, battery
charging/discharging, power draw breakdown;

e Thermal behavior: heat generation, radiation, and envi-
ronmental exchange;

The dashboards in Fig. 2 provide full visibility into these teleme-
try variables during the simulation. Although structurally similar
to a digital twin, this simulator is not intended as a full digital-
twin representation, but rather as a domain-specific abstraction for
performance evaluation within a constrained modeling scope. The
simulation represents some CubeSat’s metrics evolution during op-
eration (from upper left to right), such as state-of-charge of battery,
temperature profile, accumulative data throughput, communication
data rates, power generated & consumed, payload point of view
from ground station (POI-GS), heat generated by components, and
sunlight/eclipse timeline.

Score Computation. Each simulation outputs a normalized mis-
sion score, reflecting the CubeSat’s ability to carry out a data-driven
mission under realistic constraints. The final score aggregates five
subsystem-specific scores. Each domain score encodes multi-criteria
performance (e.g., thermal stability, power availability, buffer effi-
ciency) and is derived from telemetry traces. For instance, battery
state-of-charge (SoC) in Fig. 2 determines the score of power domain
by assessing whether the minimum SoC is lower than threshold or
not. The radar chart in Fig. 4 illustrates a sample configuration’s
subscore profile.

2.3 Experimental Setup

The evaluation dataset includes 3,500 valid CubeSat configurations,
systematically sampled[17] from a full configuration space of about
350,000 combinations. Each configuration was simulated under
three mission durations:

e 4 orbital revolutions (short mission, approximately 6 hours),

e 8 orbital revolutions (medium mission, approximately 12
hours),

e 15 orbital revolutions (full mission day, approximately 24
hours).

The objective is to evaluate how effectively models trained on
configurations simulated over short or medium mission durations
can estimate the behavior of those same configurations over longer
missions. This reflects the practical constraints of product line
engineering, where exhaustive simulation of all variants under full
mission conditions is infeasible.

Experimental campaigns were structured along two independent
dimensions:
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Figure 1: Feature Model of the CubeSat product line.
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Figure 2: Telemetry dashboards from simulation of a CubeSat’s configuration sample.

o Sample Size: Three different training set sizes were consid-
ered—small (35 configurations), medium (350 configurations),
and large (3,500 configurations).

e Simulation Duration: Simulations for 4, 8, and 15 orbital
revolutions provided multiple evaluation horizons for ana-
lyzing prediction generalization.

For each combination of sample size and mission duration, sub-
sets were randomly drawn and and split into 80% for training and
20% for testing. These subsets were used to train and evaluate ma-
chine learning models, including regression trees, random forests,
and linear regressors. Predictive performance was assessed using
classical regression metrics (MSE, RMSE, R?) and rank-based met-
rics (Spearman’s p), with a specific focus on how well models pre-
served the relative ordering of configurations compared to the
15-orbit simulation results. The predicted performances are con-
figuration scores that are derived from subsystem dynamics (to be
detailed later in Section 3).

The goal of prediction is not to estimate the exact perfor-
mance value, but to identify promising product configura-
tions efficiently. In the context of CPS-PL engineering, relative
ranking is sufficient to support early-stage selection of candidate
variants for further analysis, significantly reducing the simulation
effort required across large configuration spaces. Availability. All
datasets, simulation outputs, and analysis scripts used in this study
will be made publicly available in a companion repository to facili-
tate reproducibility and foster further research.?

3 Results and discussion

Table 1 reports the predictive performance of three regres-
sion models—regression trees, random forests, and linear regres-
sion—evaluated across varying sample sizes and simulation dura-
tions. Each cell presents the mean and standard deviation across ten
randomized trials, measuring model performance using four key

Zhttps://github.com/marcowijaya001/CubeSatDynamicEnv
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Table 1: Performance of Different Models Across Sample Sizes and Simulation Durations (mean + std)

Sample

Simulation

Model

MSE

RMSE

RZ

P

Small (35)

Short (4 orbits)

Regression Tree
Random Forest
Linear Regression

1.7008 £ 0.6962
0.8173 + 0.3331
940.4120 + 1641.8401

1.2735 £ 0.2813
0.8812 + 0.2019
21.6410 + 21.7274

-0.9622 £ 1.4542
0.1319 + 0.5821

-1380.6243 + 2956.9776

0.2680 + 0.3880
0.5857 + 0.3625
-0.0357 + 0.4866

Mid (8 orbits)

Regression Tree
Random Forest
Linear Regression

1.2291 £ 0.6535
0.7733 + 0.2695

1040.0509 + 1924.3486

1.0597 + 0.3258
0.8601 + 0.1830
21.9577 + 23.6202

-1.0853 + 2.1418
-0.2721 £ 1.2258

-3286.1770 + 8075.4151

0.3858 + 0.3239
0.6357 + 0.2870
-0.0179 + 0.4616

Full (15 orbits)

Regression Tree
Random Forest
Linear Regression

1.2825 £ 0.7463
0.9009 + 0.4418
939.4106 + 1758.8759

1.0544 £ 0.4131
0.9067 + 0.2806
20.6649 + 22.6357

-2.8635 £ 5.2311
-1.7688 + 4.3767

-6393.6271 + 17278.2610

0.4852 + 0.2689
0.5821 + 0.1779
-0.0179 + 0.3903

Medium (350)

Short (4 orbits)

Regression Tree
Random Forest
Linear Regression

0.8311 + 0.2660
0.3874 + 0.0948
0.9345 + 0.1755

0.9000 + 0.1450
0.6178 + 0.0754
0.9622 + 0.0928

0.4655 + 0.1909
0.7541 + 0.0552
0.4113 + 0.0707

0.7364 + 0.0647
0.8274 + 0.0269
0.6373 + 0.0553

Mid (8 orbits)

Regression Tree
Random Forest
Linear Regression

0.5831 + 0.1599
0.3297 + 0.0971
0.8612 + 0.1661

0.7554 + 0.1115
0.5682 + 0.0829
0.9237 + 0.0897

0.5539 + 0.1525
0.7515 + 0.0660
0.3562 + 0.0668

0.7685 + 0.0701
0.8331 + 0.0293
0.6322 = 0.0687

Full (15 orbits)

Regression Tree
Random Forest
Linear Regression

0.5709 + 0.2338
0.3247 + 0.1006
0.8596 + 0.1738

0.7388 + 0.1585
0.5629 + 0.0883
0.9223 + 0.0943

0.5031 + 0.2652
0.7283 + 0.0853
0.2911 + 0.0918

0.7790 + 0.0842
0.8288 + 0.0334
0.6117 + 0.0847

Large (3500)

Short (4 orbits)

Regression Tree
Random Forest
Linear Regression

0.1408 + 0.0147
0.0601 + 0.0043
0.8375 + 0.0409

0.3747 £ 0.0195
0.2451 + 0.0089
0.9149 + 0.0225

0.9152 + 0.0090
0.9637 + 0.0030
0.4956 + 0.0223

0.9004 + 0.0072
0.9224 + 0.0055
0.6644 + 0.0119

Mid (8 orbits)

Regression Tree
Random Forest
Linear Regression

0.1392 + 0.0266
0.0569 + 0.0061
0.7848 + 0.0388

0.3715 + 0.0339
0.2382 + 0.0127
0.8856 + 0.0219

0.9027 + 0.0189
0.9603 + 0.0043
0.4525 + 0.0206

0.9202 + 0.0108
0.9445 + 0.0065
0.6660 + 0.0148

Full (15 orbits)

Regression Tree
Random Forest
Linear Regression

0.1116 + 0.0278
0.0570 + 0.0094
0.8083 + 0.0445

0.3314 + 0.0422
0.2380 + 0.0201
0.8987 + 0.0249

0.9170 + 0.0179
0.9574 + 0.0062
0.3946 + 0.0210

0.9358 + 0.0206
0.9680 + 0.0065
0.6500 + 0.0186

metrics: mean squared error (MSE) [28], root mean squared error
(RMSE) [11], coefficient of determination (R?) [18], and Spearman’s
rank correlation (p) [23]. Since the simulation environment was
developed by the authors, the predictive models are evaluated on
a system that shares assumptions with the simulator, which may
limit generalizability. This constitutes a potential threat to valid-
ity and will be addressed in future evaluations with independent
high-fidelity simulators.

Effect of Sample Size. Across all simulation durations, increasing
the training sample size consistently improves predictive perfor-
mance (Fig. 5). With only 35 configurations, models—especially lin-
ear regression—show erratic and unreliable behavior, with R? < 0
in many cases. Random forests, however, already provide modest
ranking reliability in this regime (e.g., p = 0.59 for short missions),
even though generalization remains weak. As sample size increases
to 350, prediction becomes significantly more stable: random forests
reach p = 0.83 and R? = 0.75 on short missions, and perform simi-
larly well on full (15-orbit) simulations. At the largest sample size
(3,500), both random forests and regression trees yield strong gen-
eralization, with R? > 0.92 and p > 0.94 across all durations. These
results show a clear transition between poor (R? < 0) and usable
(R? > 0.5) prediction around 350 samples.

Effect of Simulation Duration. Interestingly, the prediction ac-
curacy does not deteriorate significantly when training is based
on short or mid-duration simulations (4 or 8 orbits) and evaluated
on full-duration outcomes. For instance, at the medium sample
size, random forests trained on 8-orbit data achieve p = 0.83 and
R? = 0.75 on 15-orbit ground truth, closely matching full-duration
training. This confirms that early-stage, lower-cost simulations can
support sufficient ranking reliability of configurations over longer
missions.

Model Comparison. Random forests consistently outperform
other models across all settings. Their ability to capture non-linear
interactions and hierarchical variability across subsystems makes
them particularly well suited for CPS-PL configuration spaces. Re-
gression trees provide a lightweight alternative with reasonably
good ranking performance, though their absolute accuracy is lower.
Linear regression fails to provide reliable estimates, especially in
the small and medium sample regimes, where feature interactions
dominate. Ranking vs. Prediction Accuracy. The primary objective
of this study is not to precisely estimate performance scores, but
rather to rank configurations effectively in order to guide selec-
tion and refinement within a large CPS-PL. From this perspective,
Spearman’s p provides the most relevant signal. Our results demon-
strate that rank-preserving predictions are achievable with limited
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simulation effort, especially when using non-linear models like
random forests. This enables early identification of promising con-
figurations without exhaustive evaluation of the entire variability
space. Moreover, feature importance (Fig. 3) shows how much at-
tributes of components contribute to the configuration ranking. For
example, a CubeSat with thoroughly selected radiator’s emissivity
would significantly impacts system performance compared to other

attributes.
4 Conclusion and Future Plans

This study addressed the problem of performance prediction in
CPS-PL. In such systems, exhaustive simulation of the configura-
tion space is infeasible due to prohibitive computational costs. A
case study was conducted on a CubeSat-based communication plat-
form. A simulation pipeline was used to compute mass and thermal
performance metrics across a large number of configurations. The
results show that regression-based models (specifically, random
forest) can provide interesting performance predictions and reliable
rankings when trained on sufficiently large and uniformly sampled
datasets. Even with a streamlined simulator, evaluating 3,500 con-
figurations requires several hours of computation on a standard
workstation. In industrial settings, this limitation becomes more
severe. High-fidelity simulation tools (e.g., AGI STK, ESATAN-TMS,
and Dymola) may take several days or even weeks to simulate a few
hundred configurations [3]. These constraints highlight the need
for more efficient evaluation methods. The goal is to reduce simula-
tion effort while maintaining or improving prediction quality. The
preliminary results indicate that exact performance prediction may
not be required in early-stage configuration selection. This is often
the case during feasibility studies or when preparing responses
to Requests for Quotation. In such scenarios, the ability to rank
candidate configurations with high reliability is often sufficient to
support early decision-making and prototyping. Future work will
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Figure 3: Feature importance (regression tree) for full-
mission performance prediction.
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therefore focus on ranking-oriented predictors. This includes the
application of learning-to-rank algorithms [6], preference-based ac-
tive sampling, and rank-aware surrogate modeling [19]. The feature
importance analysis reveals that radiator-related variables have a
disproportionate impact on prediction outcomes. This confirms
the previously identified challenge in CPS performance influence
modeling: external environmental factors can introduce abrupt
behavioral boundaries, complicating both regression and ranking
tasks.

Further work will extend the methodology toward bridging pre-
dictive modeling, fault detection, and behaviorally-aware learn-
ing. Planned developments include feature interaction analysis,
improved sampling strategies, and the incorporation of behavioral
modeling techniques [24], such as time-series architectures capa-
ble of capturing telemetry dynamics. The objective is to support
configuration selection in CPS-PL by enabling predictive models
that account for both performance and operational robustness. This
would allow for more informed and efficient decisions in mission-
driven systems subject to dynamic environment.

This work is supported by the Luxembourg National Re-
search Funds (FNR) through the project grants INTER/FNRS/2-
0/15077233/Scaling Up Variability/C23/1S/18177547/VARIANCE,
C22/1S/17395798/SAMP.
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