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Preliminary design stage of aerospace system presents a challenge to rapidly evaluate
architectural selections with acceptable accuracy. Several actors involve at this stage, such
as mission owner, mission designer, and technology provider. The cooperation among these
actors promote co-design activities. Co-design means parts of the design are performed by
"ideal" sizing models (physics- and mission-based), while the other parts leverage the flight
heritage or commercial-off-the-shelf (COTS) components. However, there is barely research
exploring co-design concept in both component and analysis levels using Multidisciplinary
Design Optimization (MDO) technique. Therefore, we propose a framework to formulate
multidisciplinary co-design optimization in these levels for CubeSat architecting. The framework
is capable to quantify the impacts of integrating COTS components into an ''ideally-designed"
CubeSat. The results show that some COTS perform comparably as high as the ideal design,
while the others do not. The performance properties (e.g. power architecture score and CubeSat
mass) provide some insights to actors to decide which components are suitable to be on-board.
Based on those properties, the importance of each architectural decision-making is deducted
quantitatively. Then, we implement reinforcement learning (RL) into the framework to explore
the design space and find the optimum CubeSat architectures. The results show that RL is
advantageous compared to enumerative approach for larger number of CubeSat architectures.
Both mission designer and technology provider can leverage the framework to reduce the
duration of architectural decision-making during preliminary design stage.

I. Nomenclature

Asa = area of solar panel

DI = decision importance

Nsa = efficiency of solar panel

ebar = energy density of battery

€sa = power density of solar panel

Eny = Shannon’s equitability index
Enaxbar = maximum energy capacity of battery
E et = net energy of CubeSat

faown = downlink communication frequency
GSD = ground sampling distance of CubeSat’s remote sensing payload
Mpar = mass of battery

Mcubesar = Mmass of CubeSat

Mg = mass of solar panel

Neell = number of cell of battery

P = Spearman rank correlation
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Di = mode occurrence

Pgen = power generated by solar panel
Piax.sa = maximum power generated by solar panel
Preg = power required by CubeSat
SoCpar = state-of-charge of battery
Vbar = volumetric energy density of battery
Vbar = volume of battery
Vpayloada = volume of payload
I1. Introduction
A. Problem Statement

RELIMINARY design stage plays a crucial part in the space mission’s success. It costs up to 70% of the entire program’s

budget [[1]. Therefore, well-structured process for vehicle architecture selection and early numerical evaluation is
highly suggested. In the preliminary design stage, there are multiple actors that take part, such as mission owner, mission
designer, and technology provider [2, [3]]. Mission owner is usually a government or space agency that initiates and
proposes mission objectives and requirements to be accomplished. These lists are then given to a mission designer and
technology provider. Mission designer, e.g. engineers and/or researchers, has the expertise to design aerospace vehicles
that fulfill the given requirements. On the other end, technology provider, i.e. industry, has tasks to supply the concrete
products or services for the mission. As can be seen in[Figure T] the design activities of mission designer and technology
provider are complementary. Mission designer often proposes a design that is purely based on the law of physics. In
this paper, we call it the "ideal design" approach. For instance, to accomplish a mission, mission designer sizes a solar
panel that is specific to this use, which might be incompatible to be installed to other missions. Meanwhile, there are
available flight heritage or commercial-oft-the-shelf (COTS) solar panel manufactured by technology providers.
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Fig.1 Concept of co-design (component level) in space mission engineering

Given these two activities, a co-design activity is beneficial for the mission’s success and fosters a thriving ecosystem
among the actors [446]]. The incorporation of COTS gives broad architecture options and cuts the time and budget for
mission designers. Meanwhile, ideal design provides a basis for technology providers to develop a new product/service
that is in need. The co-design activity does not only take place in the component level, but also on the analysis level. In
the analysis level, component sizing (e.g. solar panel sizing) and dynamic simulation (e.g. orbit trajectory simulation)
are highly coupled. The dynamic simulation drives sizing and ensures the compatibility/reliability of sized components.
On the other hand, sizing output evaluates which dynamic behavior is optimum for a given component’s specifications.

Some studies promoted co-design activity, particularly COTS components integration into space system design.
Hodson et al.|reported technical assessment on current COTS use in eight (8) NASA Centers, among them are NASA
Goddard Space Flight Center and Kennedy Space Center. The assessment includes mission risks classification and



recommendations of COTS in the future [7]. The integration of COTS in space system is motivated by the some factors,
such as program budget, schedule restrictions, and their massive availability in the market [8,[9]. The COTS components
installation is presumed providing some benefits in shorten design and manufacturing process, as well as reducing costs
for small satellite in short and medium term missions [9]]. Although, COTS parts cannot be installed on-board without
verification and validation as they present some challenges. The main challenge comes from reliability factor subject to
hostile space environment, which includes temperature fluctuations, radiation exposure, and vibration by external load
disturbance [10]. Therefore, some institutions have been developing procedures to test and validate the operational
challenges. Most of the procedure does not take concurrent/multidisciplinary approach, instead they are sequential, i.e.
testing a component one-by-one subjected to different type of tests [8] [L1]].

Thus, we propose a framework for multidisciplinary co-design optimization concept in component and analysis
level. Multidisciplinary co-design means the concept involves multiple components and multiple disciplines’ analyses,
hence it is called multidisciplinary co-design activities. The optimization part has the objective to search for optimum
architectures from multiple co-design activities by the use of gradient-based optimization and a metaheuristic approach.
We implement the methodology to a CubeSat architecture exploration. CubeSat architecture exploration represents
the complexity of multidisciplinary co-design optimization. As a cyber-physical system (CPS), it presents multiple
subsystems and couplings of discipline analysis [12}[13]. Components of subsystems come from different technology
providers, such as battery, solar panel manufacturers, and ground station communication servers. As an example in
the analysis level, orbit trajectory, solar illumination profile, and battery state-of-charge are some variables which are
coupled to power subsystem sizing.

This paper is structured as follows: Section[[l.B|and Section [[I.C|present the state-of-the-art of this domain from the
similar studies, identified research gaps, and objectives of our work. Section [[II|elaborates the framework construction
for CubeSat use case, which consists of Architecture Design Space Graph (ADSG, Section [[IL.A)), Multidisciplinary
Design Optimization (MDO, Section[[IL.B), and Reinforcement Learning (RL, Section[[I.C). Then, Section[[V|describes
capabilities of the framework and discusses the correlation to the proposed contributions. Finally, Section[V]concludes
the paper.

B. Research Gaps

We have studied recent research on aerospace multidisciplinary design optimization (MDO), particularly on its
implementation for system architecting and design space exploration. Most of the works focus on one-direction design
methodology, taking position as a mission designer in our context. [Takao et al. modeled subsystems of interplanetary
vehicles, such as propulsion and electric power systems, as well as their trajectory optimization [[14]. However, they
did not study the co-design at the component level. |Ridolfi et al.|developed System Engineering Module (SEM) for
the design of satellite subsystems, but did not accommodate for flight heritage implementation [15]. A research by
Naidu and Leifsson| quantified the uncertainty of spacecraft trajectory design; however, the uncertainty caused by
component changes was not predicted [[16]. For CubeSat application cases, Klesh et al.||Bradley and Atkins| |Gregory
et al. developed the subsystem couplings and task scheduling without considering co-design of component aspects
[12,[13L[17]]. Some research about single subsystem/discipline design, such as power management and structural, was
performed in a one-way manner and without concrete component implementation [[18-20]]. On the other hand, [Isaacs
tested some COTS of solar arrays with respect to different mission requirements [21]]. However, the multidisciplinary
effect on other subsystems was not taken into account because of the absence of co-design methodology. These studies
show that research on component level of co-design was barely conducted.

Most similar approaches come from some collaborative MDO project and Concurrent Design Facility (CDF). AGILE
project is a collaborative project which gathers institutions, with their respective expertise, to develop a distributed
MDO framework for aircraft design [22]. Some Concurrent Design Facility (CDF) has been built around the world
(e.g. at European Space Agency Research and Technology Center (ESA/ESTEC), Ecole Polytechnique Fédérale de
Lausanne (EPFL), and University of Luxembourg) to simultaneously develop space engineering products [23H25]]. CDF
accommodates several teams, hardware, and software to concurrently perform complex space engineering tasks which
are highly coupled: from mission requirements, performing design trade-offs, evaluating, and validating the design.
Both collaborative MDO project and CDF have the same objective to speed up the design process by integrating all the
elements and processes. However, their objectives are different from this paper’s multidisciplinary co-design concept.
They rather focus on the side of mission designer collaboration. Instead, this paper promotes a concept of collaboration
between mission designer and technology provider, with "ideal design" and COTS as the concrete representatives.

At the analysis level, there is plenty of research that has been done with various MDO techniques on either dynamic



modeling or static component sizing. However, research that covers both aspects (co-design analysis) is barely identified.
Ruh et al.|conducted multi-fidelity physics-based disciplines, but concrete component modeling was absent [26]. The
similar approach involving large-scale MDO formulation was done by Hwang et al.|to model comprehensive dynamic
modeling of CubeSat-investigating Atmospheric Density Response to Extreme driving (CADRE) mission operation
[27]. [Yeo et al. has been doing research on MDO for dynamics of interplanetary transfer vehicles [28]. Meanwhile, the
studies by [Kaslow et al.land | Bouwmeester et al.|focused more on the structural architecture of CubeSat and PocketQubes
[29,130]. A research gap is identified in the analysis level of co-design.

In design space exploration research, some tools have been developed such as Pugh matrix and weighted attribute
matrix for concept selection [31]. Morphological matrix was also used by [Frank et al.|for supporting decision-making
under evolving requirements of suborbital vehicle [32]]. For product line management, Feature Model has been widely
used in the industry to explore various components of a system [33H36]]. A form-to-function tool, called Architecture
Design and Optimization Reasoning Environment (ADORE), for system architecting was introduced by Bussemaker et al.
[37]. ADORE was built upon Architecture Design Space Graph (ADSG) which acts as an architecture generator from
the functional description and component fulfillment [38]]. In order to search for optimum design or Pareto front in the
design space, some research makes use of Non-Dominated Sorting Genetic Algorithm II (NSGA-II), probabilistic-based
Monte-Carlo simulation, and supervised learning (e.g. random forest) [31} 32/ [39]. Demagall et al.| provides a basis for
deep reinforcement learning (RL) implementation for spacecraft configuration design [40]. From this investigation,
research about design space exploration with efficient search algorithm/model needs to be pushed forward.

C. Research Objectives

Based on the research gaps and state-of-the-art in the previous sections, we propose two (2) main objectives in this
paper:

1) The framework formulation of multidisciplinary co-design optimization in component and analysis level with

CubeSat application case.

2) Reinforcement Learning (RL) implementation for CubeSat design space exploration with the goal to find optimum

architecture(s).
These objectives help to bridge the research gaps by using various tools, such as ADORE [37], OpenMDAO [41]],
and Gymnasium [42]. We use ADORE for system architecture modeling of co-design at the component level, while
OpenMDAO is used to formulate the MDO problem of co-design at both the component and analysis levels. Gymnasium
is an open-source Python library for performing exploration by RL. The formulation has been applied to a CubeSat for
Earth observation.

The expected result of the first research objective is quantifiable impacts on the system level (CubeSat) by partially
installing COTS/flight heritage components compared to full "ideal sizing" CubeSat design. Given the information of
quantifiable impacts, both mission designer and technology provider can make better architectural decisions on which
components to install in their mission-specific CubeSat. While the second objective has outcomes to obtain the best
CubeSat architectures given certain components must be installed on-board. As an example, when a technology provider
has a COTS component to offer, therefore the mission designer is able to determine which other components should be
paired with to obtain best performance in system level using RL search. This paper’s contribution has the potential to be
applied to any aerospace mission or design, which requires multidisciplinary co-design optimization at the component
and analysis levels, such as aircraft, spacecraft, urban air mobility and unmanned aerial vehicles.

I1I. Framework Construction

We build the framework of multidisciplinary co-design optimization with the implementation to CubeSat by using a
series of tools. First, we modeled CubeSat design space using ADORE by German Aerospace Center (DLR). This
design space is aimed to model the interaction of component sizing and COTS with another CubeSat subsystems.
Second, we formulated the numerical couplings and multidisciplinary optimization of CubeSat which incorporates
co-design at component and analysis level. The mathematical problem was formulated in OpenMDAQO. Finally, we
implemented Reinforcement Learning (RL) to the linked tools (ADORE and OpenMDAO) to explore the design space
for optimum CubeSat architectures. We focus the discussion on power subsystem co-design (i.e. solar panel and
secondary battery) and their impact on system level design for the CubeSat implementation throughout the framework,
despite we modeled all subsystems.



A. Modeling the Architecture Design Space Graph (ADSG) of CubeSat

We model the components co-design and their interaction with other subsystems of CubeSat using the concept of
Architecture Design Space Graph (ADSG) in the ADORE web interface. ADSG is a function-to-form concept of system
architecture modeling by defining functions and the components’ fulfillment [37]. In our case, we develop a model
of complete CubeSat architectures that consist of power, structure, payload, thermal control, communication, attitude
determination & control, and on-board computing subsystems. Due to the focus of the current study, we only expand
the view of power subsystem modeling, which can be seen in|[Figure 2] The complete list of functions and component
variability that are featured in ADSG is written in[Table 3]

The model of power subsystem comprises three (3) sizing components and three (3) COTS for each solar panel and
battery (in this paper, "battery" refers to "secondary battery" for practicality). What differentiates the sizing from COTS
components are the attributes/parameters, following the objective of each. As listed in the parameters for solar
panel sizing are energy density (es,) and efficiency (175,). These are required input parameters to size solar panel (e.g.
mass, power generated, area) with different technology (e.g. polyimide, triple junction, and flexible PV) [43]]. For COTS
components, the inputs are basically the specifications of real products by technology providers, for example mass (7,)
and maximum power generated (P,4x,5q) The same approach goes for battery sizing and COTS (listed in .

Table 1 Specification list of solar panel technology (for sizing) and COTS

Polyimide | Triple Junction | Flexible PV
esaW/kg] 50 46 100
Nsa 0.28 0.22 0.30
COTS 1 COTS 2 COTS 3

Mgy kg 0.038 0.118 0.289
Prax.saW] 2.45 8.54 19.52
Agalm?] 0.01 0.03 0.06
Nsa 0.29 0.29 0.275

Table 2 Specification list of battery technology (for sizing) and COTS

Li-Ion | LiPo NiCd
Heell 2 3 2
evar[W-hjkg] | 155 119 30
Voar [W - h/m3] | 184500 | 169500 | 54000
COTS1 | COTS2 | COTS 3
Mpar kg 0.189 | 0314 | 0268
Viar 1] 0234 | 0.199 | 0.186
Emaxpar[W.h] | 288 50.0 30.0

The selection of functions and components of a CubeSat design space makes a series of architectural decision-making.
We develop a design space featuring 10 architectural decisions and 29 components across all subsystems, resulting in a
total of 8100 instances of CubeSat architectures. If some architectural decision-making is fixed, then the number of
architecture instances is less than that. All architecture instances are automatically converted to an array of design vector
by ADORE. For example, an architecture design vector is encoded as [1,1,3,2,1,0,1,0,4,5]. The length of the array is
10 which represents the number of architectural decision-making. Each element’s value denotes the different choice
of components or functions. The detailed indexing and its value is described in[Table 5|in Appendix. This approach
accommodates the multidisciplinary component co-design formulation by changing indexes in the design vectors.

*https://satsearch.co/, last accessed: 03-12-2025
“https://www.cubesat.market/, last accessed: 03-12-2025
ihttps ://www.endurosat.com/, last accessed: 03-12-2025
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B. Formulating Multidisciplinary Co-Design Optimization of CubeSat

We construct the numerical multidisciplinary co-design optimization of our framework by using OpenMDAO
[41]. The objective is to create an adjustable MDO formulation depending on what CubeSat architectures are being
instantiated by ADORE. The adjustable MDO formulation facilitates both component and analysis aspects of co-design
concept, as novel design paradigm proposed in this paper. For the component co-design, a specific design vector, i.e. as
an embodiment of CubeSat architecture instance, triggers the corresponding OpenMDAO component to be placed in the
MDO formulation. Therefore, the complete MDO formulation can be arranged by all sizing models or partial COTS
models. The MDO formulation also accommodates co-design between dynamic model (e.g. orbit dynamics, solar
illumination, and energy dynamic models) and static component sizing (or COTS component model), which are tightly
coupled (as illustrated by an eXtended Design Structure Matrix (XDSM) in[Figure 12)in Appendix). All components of
subsystems, except power are sizing models. In the next paragraphs, the XDSMs representation will be focused into to
power subsystem only (where co-design presents).

This automated adjustable MDO formulation gives benefit to mission designer and technology provider. For mission
designer use, the dynamic behaviors, which come from mission requirements, drive the "ideal" component sizing.
This formulation of multidisciplinary co-design optimization is captured by [Equation I|and [Figure 3| in which the
positive net stored energy (from dynamic model) is minimized. The rationale of this formulation is to avoid harnessing




redundant net energy during the mission (net energy is energy generation minus energy consumption) by finding
optimum dimension/area of solar panel (A, as design variable) and limiting battery mass (mpq; as constraint). That is
why this is called as an "ideal sizing" approach. The detailed models for dynamics models (i.e. orbit dynamics, solar
illumination, energy dynamics) and both sizing & COTS models of solar panel and battery are stated in[Equation 5|until
in Appendix. Those models were all converted into OpenMDAQO components.
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Fig. 3 XDSM of power subsystem MDO with all component sizing

On the other hand, technology provider can leverage this framework by placing their COTS component(s) in MDO
formulation to obtain the knowledge of what would be its dynamic behavior, given the mission requirements. The
multidisciplinary co-design optimization is minimizing total mass of CubeSat, while the design variables and constraints
all come from any subsystems, except power. The detail formulation is described mathematically and by XDSM by
[Equation 2|and|[Figure 4]respectively. Power components can not be optimized here because it comes as COTS, meaning
static properties such as mass, maximum power, dimensions are all fixed.

minimize MCubeSat
with respect to  faown, GSD, ... )
SUbjeCt to Vpayload,lower < Vpayload < Vpayload,upper

We develop a scoring method to quantify the performance of CubeSat with partial COTS component(s) compared to
fully sized CubeSat. This will assist mission designer or technology provider to measure the effectiveness/fitness of their
design and/or COTS to the mission requirements. The scoring method relies from both dynamic and static properties as
expressed by a set of equations in Appendix). The objective is not only to measure the performance of
power architecture in subsystem level, but also in system (i.e. CubeSat) level. It aligns with the "multidisciplinary”
aspect in co-design optimization concept. Battery state-of-charge (SoCp,) and power generated by solar panel (Pgey,)
represent the dynamic properties during the CubeSat mission in orbit. While, the static properties are captured by
battery mass (mp4;) and solar panel mass (ms,). The final scoring (PowerScore) is the summation of every indicator
multiplied into a weighted factor. The score ranges from O to 1, where 1 is the best.

C. Implementing Reinforcement Learning for CubeSat Design Space Exploration

Our motivation of using metaheuristic approach, Reinforcement Learning (RL) in this case, is the hypothesis that the
enumerative search would no longer be effective as the design space gets larger. The size of design space explodes as
there are more components that result on more CubeSat architectures. Hence, the objective of this section is to evaluate



£ um GSD*, ... fyoun, GSD, ..
o T Peen Jrmmmmmss] Mea, Prvassar AsarTso o5 Msat, Emar,pats Vi f { all inputs
R )
R Enseinr Ve o
MCypesatr Voayioad: --- / / Mcubesat, Vpayload / / R(all inputs) / Ponsumed
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how effective RL for exploring the best architecture compared to enumerative or exhaustive search. We determine
the best architecture according to the scoring method in the previous section and CubeSat mass as representative of
system level properties. Mission designer and technology provider can leverage both enumerative and RL approach to
decide which components are best paired in their CubeSat if they supposedly have one or multiple components available.
Not only that, RL can be used to better understand the complex couplings in multidisciplinary problem through its
correlation quantification. That could be a help for mission designer to make better decision making about whom
technology provider should they cooperate with.

RL platform:
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Fig. 5 The workflow of Reinforcement Learning with OpenMDAO and ADORE as environment

We implement Gymnasium, an open-source Python library of RL [42], to our model. The scheme of RL
implementation to our framework is described in The RL environment, whom RL agent interacts with, is
the linked tool of ADORE and OpenMDAO, which we basically discussed in Section and Section The
architecture design vector (from ADORE) acts as state of RL, which subject to a change by Proximal Policy Algorithm
(PPO) [44]. The change(s) is expressed by action that is being fed back to RL environment to return for updated reward.
The reward here is either power score and CubeSat mass. The higher score gives positive reward because we want
to maximize the score of CubeSat architecture. The opposite reward is set for CubeSat mass because we search for
minimum mass. The RL model learns for 30 episodes and 1000 time steps for each episode for a given CubeSat design
space, while the other hyperparameters are set as default. The output of this RL search is a CubeSat architecture with
the best reward.



IV. Framework Capabilities and Discussion

We dedicate this section to present the capabilities of proposed multidisciplinary co-design optimization framework.
The framework’s outputs provide data-driven decision-making for both mission designer and technology provider. For
mission designer, they obtain the knowledge on how their CubeSat design would perform in real mission operation
(with the integration of COTS components and mission dynamics modeling). For technology provider, the performance
comparison provides them insight on what COTS components they have to offer to mission designer. This section
is divided into three (3): Section[IV.A]and Section [[V.B]answer the first objective of this paper, while Section[IV.C|
addresses the second objective.

A. Comparing Co-Design to Ideal Design Approach for CubeSat Performances

We propose a framework which formulate the multidisciplinary co-design optimization (first objective). Therefore,
the outputs of framework should give quantitative information on how the installation of some COTS components on
CubeSat affects the performance when they are compared to ideal design, i.e. using all sizing models. We present
solution spaces of CubeSat architectures as outputs from the framework simulation. The solution spaces indicate the
quantitative performances from selected architectures. In our case, the power architecture score and total mass of
CubeSat represent the system performance.

shows the performances of different solar panel models (COTS1, COTS2, COTS3, and sizings) in solution
spaces. Each sub-figure indicates performances of the pairings of solar panels with specific battery. to
show the similar clusters of all COTS solar panels. Generally, CubeSat architectures with COTS1 on-board
score highest and ones with COTS3 score lowest. Although, the scores separation between COTS1 and COTS2
architectures are not clear when they are paired with NiCd battery. In practical sense, the mission designer is suggested
to select COTS1 solar panel in any architectures for this mission. As they are among the highest best even among the
ideal sizing design in terms of power score and CubeSat mass. Regarding the pairings with a unique battery, sizing
batteries offer better performance compared to COTS batteries. However, the score deviations happen here where Lilon
and LiPo have the ranges around 0.6 and 0.85 (see|[Figure 6a)and |Figure 6¢c)). On the other hand, the architectures feature
NiCd battery can get the score as low as 0.45 (Figure 6¢)). For the pairings with the COTS, none of battery COTS shows
clear advantages over the others (see [Figure 6b| [Figure 6d| and [Figure 6f).

describes the inverse of solution spaces in They illustrate how different batteries perform when
they are paired with a specific solar panel. In most of CubeSat architectures, COTS1, COTS2, and COTS3 batteries
do not show any noticeable better performance, except when they are paired with COTS2 solar panel (see [Figure 7d).
Battery sizing models perform significantly better in most cases compared to COTS models for power scores, while the
CubeSat masses are approximately similar. As practical information for mission designer and manufacturer, it means
all choices of batteries COTS here cannot compete with ideal sizing models, given the mission requirements. Thus,
this framework suggests that they might be better look for other batteries. If there is no other battery alternatives, any
pairings with COTS|1 solar panel are preferable as they roughly result on lower CubeSat masses and higher power scores

B. Architectural Decision-Making for CubeSat Co-Design

Architectural decision-making is a crucial part in CubeSat preliminary design activity. The understanding on
decision-making metrics in the form of concepts and components selection provides great insights to stakeholders.
However, the metrics becomes more complicated to be computed manually when the design space is hierarchical, where
active/inactive property of a decision-making depends on the previous ones. Therefore, we demonstrate a couple of
cases to quantify the importance of each design vectors as representative of architectural decision-making through the
results of our co-design framework for CubeSat.

_ —X(pi)in(p;)

DI =p;(1-Epg) “)

[Table 3]and[Table 4] provide data of optimum design vectors from the CubeSat’s design space for minimum
masses and maximum power architecture scores, respectively. The power architectures comprise of a solar panel COTS
and a secondary battery COTS, which result on 9 CubeSat architectures for each case. We propose some metrics to
assist architectural decision-makers, such as mode occurrence, Shannon’s equitability index, and decision importance.
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Mode occurrence (p;) is simply the how often an index of design vector’s elements appear. Shannon’s equitability index
(Eq, is a measure of how even element’s indices appear in the design vectors across different architectures
or in the other words is the occurrence of certain components across those 9 CubeSat architectures [45]. To quantify
how important an architectural decision-making, decision importance (D1, metric is introduced which takes
into account both mode occurrence and Shannon’s equitability.

FUN:
Maintain attitude as pre-determined

DVIOJ: 1 ™ DV[O]: 0 reie . DV[O]: 2
CON: CON: CON:
By occasionally producing momentum By hybrid method By producing constant momentum

I I
¥ ¥ v
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Perform occasional maneuver only Both counter external disturbance and perform maneuver Counter external disturbance torque only
DV[B]: 1 fulflled by ) ! ’ fulfiled by DV[5]: 1

. DV[eJ: 0 v DV[5]: 0.
comp: |, MULTI: ) S comp:

Reaction wheel | bﬁ\ Complementary work of m : | Momentum wheel
COMP:
Magnetorquers

Fig. 8 Hierarchical architecture decision-making for attitude determination and control subsystem

In both tables, the light gray cells indicate the fixed decision-making. For example, DV[1] is always be "by harnessing
energy during mission" because we would like to asses the performance of solar panel with secondary battery, not
power architectures featuring primary battery. Dark gray cells are for inactive design vector elements due to hierarchical
decision-making. An example of hierarchical decision-making exists in the design space of attitude determination
and control subsystem (ADCS) as captured in[Figure 8] If the concept of "by occasionally producing momentum” or
DV]0]:1 is selected, hence DV[6] is active and DV[5] is inactive (i.e. momentum wheel cannot be included).

The first metric is mode occurrence to give numerical data on which concepts or components appear the most when
optimizing certain objective across entire CubeSat power architectures. For optimizing the mass, aluminum or DV[4]:1
is the component/material with the highest mode occurrence with 8 out of 9 CubeSat architectures select it. As the
number of component variability varies throughout a design space, mode occurrence is not the sole metric to decide
components which results on optimum architectures. Shannon’s equitability (or diversity for the inverse) provides
information on how dominant a component over the others across various optimized architectures. The calculation
results in show element with highest mode occurrence does not necessarily imply to the lowest equitability.
This happens to DV[2] and DV[4], where the former has the lowest equitability because the available components
for "balance heat in and out" is significantly more than the later, despite "radiator CFRP" only features in 7 CubeSat
architectures (less than aluminum for DV[4]). In this case, the highest decision importance shares the same element
with Shannon’s equitability with the magnitude of 0.54, which values close to 1 are more important. For the case of
optimizing CubeSat’s power scores, all metrics agree on coating kapton or DV[2]:1 as the "must selected" component
whatever the power architectures are. The mission owner as design decision-makers might use these metrics individually
or multiple of them for the informed decision-making depend on which they prioritize the most during the preliminary
design stage.

C. Comparing Reinforcement Learning (RL) and Enumerative Search for CubeSat Design Space Exploration
This section aims to answer second objective of the paper: showcasing the results of implementing RL to search
for optimum CubeSat architectures. Based on the methodology that has been discussed in Section[[IL.C] we optimize
two cases. One architecture optimization for searching lowest mass and another with highest power score. To asses
the performance of both approaches, we took various samples by fixing some components of CubeSat (i.e. certain
components must be on-board, refer to[Table 6). The more components are fixed, the lesser the number of possible
CubeSat architectures. We perform sensitivity analysis for different number of architectures to observe the performance
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Table 3 Architectural decision-making of optimum CubeSat’s masses

No | Solar panel Battery DV[0] | DV[1] | DV[2] | DV[3] | DV[4] DV[8] | DV[9]
1 COTS1 [0] | COTS1 [1] 1 1 4 2 1 0 1
2 COTS1 [0] | COTS2 [2] 2 1 3 0 1 0 2
3 COTS1 [0] | COTS3 [3] 1 1 4 2 1 0 3
4 COTS2 [1] COTSI [1] 2 1 4 2 1 1 1
5 COTS2[1] | COTS2 [2] 1 1 4 0 1 1 2
6 COTS2[1] | COTS3 [3] 2 1 4 2 1 1 3
7 COTS3 [2] | COTSI1 [1] 2 1 3 2 1 2 1
8 COTS3 [2] | COTS2[2] 1 1 4 2 1 2 2
9 COTS3 [2] | COTS3 [3] 1 1 4 2 0 2 3

Active elements 3 1 6 3 2 2 2 0 1 1

Element mode 1 - 4 2 1 0 1 - - -

Mode occurrence (p;) 0.56 - 0.78 0.78 0.89 0.44 0.44 - - -

Shannon’s equitability (Er) 0.62 - 0.29 0.48 0.50 0.62 0.87 - - -

Decision importance (D) 0.20 - 0.54 0.4028 0.44 0.16 0.05 - - -
Table 4 Architectural decision-making of optimum CubeSat’s power scores

No | Solar panel Battery DV[0] | DV[1] | DV[2] | DV[3] | DV[4] DVI[8] | DV[9]
1 COTS1 [0] | COTS1 [1] 2 1 2 2 1 0 1
2 COTS1[0] | COTS2[2] 1 1 2 2 0 0 2
3 COTS1 [0] | COTS3 [3] 1 1 2 2 0 0 3
4 COTS2[1] | COTS1 [1] 0 1 2 2 0 1 1
5 COTS2[1] | COTS2 [2] 2 1 2 0 0 1 2
6 COTS2 [1] | COTS3 [3] 0 1 2 0 0 1 3
7 COTS3 [2] | COTSI1 [1] 0 1 2 1 0 2 1
8 COTS3 [2] | COTS2 [2] 0 1 2 1 0 2 2
9 COTS3 [2] | COTS3 [3] 1 1 2 1 0 2 3

Active elements 3 1 6 3 2 1 1
Element mode 0 - 2 2 0 1 0 - - -

Mode occurrence (p;) 0.44 - 1.0 0.44 0.89 0.22 0.22 - - -
Shannon’s equitability (£) 0.96 - 0.0 0.96 0.50 0.48 0.77 - - -
Decision importance (D) 0.01 - 1.0 0.01 0.44 0.11 0.05 - - -

the RL algorithm. This also serves a practical reason in co-design activities between mission designer and technology
provider. For instance, a manufacturer wants their product to be included in a CubeSat mission. By using this framework,
they will get a knowledge of which other components would be the best fit to their proposed COTS components.

[Figure 9]presents the comparison of computation time for architecture optimization using RL and enumerative search
approach. Enumerative search means all possible CubeSat architectures are simulated and covers both optimization
cases at once. Meanwhile, RL is only able to optimize each case separately. As shown in the plot, the simulation
durations for enumerative approach increase almost proportionally with the number of architectures. On the other hand,
computation times using RL (both for mass and power score) stop increasing significantly at around 2700 architectures.
From this point on, RL outperforms enumerative approach. However, the individual computation time should not
be taken precisely as they vary depending on different power architectures despite same size of design space. More
thorough statistical studies need to be conducted. This trend on computation time shows that RL is advantageous for
considerably large size of design space and enumerative method is sufficient for small design space.

Afterwards, we validate the outputs of RL optimization by comparing both optimum masses and power scores
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Fig. 9 Comparison of computation time between enumerative and RL

to the outputs from enumerative approach. The enumerative method is taken as the ground truth as it optimizes all
architectures, thus they should have included the global optimum architectures. The exact same 13 architectures with
different sizes listed in[Table 6|are used for simulation. shows the error for RL are relatively high with most of
them are more than 10%. The Spearman rank correlation analysis for CubeSat’s mass optimization reveals a moderate
correlation, but statistically significant agreement between the RL and enumerative methods (p = 0.6593, p-value =
0.0142), suggesting that both approaches produce comparably ordered solutions [46]]. For power score optimization
(shown in [Figure TIJ), the errors are arguably low as only 2 architecture scores are over 5%. The strong and highly
significant correlation (p = 0.8281, p-value = 4.7310~%) confirms that the RL-based optimization reproduces the ranking
trends obtained through enumeration with high fidelity. In conclusion, with the current formulation and settings, RL
performs better for exploring design space with the objective or reward function of maximizing the power score, rather
than for minimizing the CubeSat mass.

V. Conclusion

We propose a framework promoting multidisciplinary co-design optimization concept in component and analysis
level for CubeSat. There are two (2) aspects to construct this framework (addressing first objective). First, we have
modeled a CubeSat design space to accommodate component co-design between sizing and COTS models. Second, we
developed adaptable MDO problem formulation to incorporate both component and analysis co-design. To address
the second objective, we implemented an RL algorithm into this framework to explore CubeSat design space and find
optimum architectures. We demonstrated the capabilities of this framework in conjunction to the first objective by
generating solution spaces that quantify performances of co-design CubeSat architectures. They showed that some
COTS components are good fits for the given CubeSat mission, while the others are not competitive compared to sizing
models. We also analyzed numerically the architectural decision-making within the design space through some metrics,
such as mode occurrence, Shannon’s equitability, and decision importance. Eventually, we conducted some experiments
to assess the effectiveness of RL compared to enumerative search. It has been shown that the computational time of RL
is longer for smaller number of architectures, while it overlaps enumerative search for larger ones. The capabilities of
the framework has the potential to be used by mission designer and technology provider for co-designing aerospace
system during preliminary design stage.

Appendix
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Table 5 Design vector identification for CubeSat architectures

Index | Architectural Decision Making Fulfillment [element]

0 Maintain attitude as pre-determined | by hybrid method [0]; by occasionally producing momentum [1];
by producing constant momentum [2]

1 Provide electrical power to compo- | by fixed energy capacity [0]; by harnessing energy during mission

nents [1]

2 Balance heat in and out coating black [0]; coating kapton [1]; coating white [2]; radiator
Al [3]; radiator CFRP [4]; radiator Cu [5]

3 Receive and transmit data radio transceiver L [0]; radio transceiver S [1]; radio transceiver
UHF [2]

4 Withstand external load additive manufacturing [0]; aluminum [1]

5 Counter external disturbance torque | magnetorquers [0]; momentum wheel [1]

6 Perform occasional maneuver magnetorquers [0]; reaction wheels [1]

Continued on next page
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Table 5 — Continued from previous page

Index | Architectural Decision Making Fulfillment [design vector]

7 Provide power during entire mission | primary battery AgZn [0]; primary battery LiCl [1]; primary
battery LiSOCI2 [2]

8 Provide power during sunlight solar panel COTS1 [0]; solar panel COTS2 [1]; solar panel
COTS3 [2]; solar panel flexible PV [3]; solar panel polyimide [4];
solar panel triple junction [5]

9 Provide power during eclipse no eclipse [0]; secondary battery COTS1 [1]; secondary battery
COTS2 [2]; secondary battery COTS3 [3]; secondary battery
Li-Ion [4]; secondary battery LiPo [5]; secondary battery NiCd

OpenMDAO Solver and Optimizer GSD, .. o] foomm, .. o] Tecre - |
Avtermat. { R(Tear ) | ThermalControl m ,.Im. ]
Structure o Mstructure
} Power(sizing + COTS; static + dyanmic) } Moower
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datadownloaded, .. R feomm ---)
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Pearsumption o R{(Pitermat, Pade: ) | e

Fig. 12 XDSM of complete CubeSat MDO formulation

Table 6 List of CubeSat architectures for enumerative and RL comparison

Architecture ID | Size | Architecture Components
1 180 | Fixed solar panel; fixed battery [41; 2]
2 900 | Fixed solar panel; 2 batteries [5]; [3-4]
3 1080 | Fixed solar panel; COTS batteries [2]; [1-3]
4 1260 | Fixed solar panel; 4 batteries [5]; [2-5]
5 1440 | Fixed solar panel; 5 batteries [0]; [1, 2, 4-6]
6 1620 | Fixed solar panel; all batteries [0]; [1-6]
7 1800 | Fixed solar panel; all batteries, no eclipse [1]; [0-6]
8 2700 | 2 solar panels; all batteries [3-4]; [1-6]
9 3780 | All solar panel; COTS batteries [0-5]; [1-3]
10 4320 | Sizing solar panel; all batteries, no eclipse [3-5]; [0-6]
11 4860 | All solar panel; COTS batteries, no eclipse [0-5]; [0-3]
12 7020 | All solar panel; all batteries [0-5]; [1-6]
13 8100 | All solar panel; all batteries, no eclipse [0-5]; [0-6]
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Orbit dynamics model:
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Solar illumination dynamics model:

Squn = [1 0 O]T

A~ sSLlIl
Ssun =
Il sunll
||7;|l = norm of position r; for each node i
o ri
Fo= — L
C il

cos; =F; - Ssun

fillumination = min (max (COS 0, 0) s ])

CubeSat energy dynamics model:

Solar panel sizing model:

Solar panel COTS model:

Af = Ttotal
n
Pslored,i = Psola.r,i - Plotal
AEnet,i = Pstored,i * At

1
Enet,i = Z AEnet,j
0

Pgen,i = Nsa * I- Asu . ﬁlluminat[r)n,i
Prax = 0.9 - max(Pgey)
max (Pgen)

Mga =
€sa

Pgen,i =1cots - I - Acorts * fittumination,i
Prax = Pmax,COTS

Mgsa = MCOTS
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Battery sizing model:

At = Ttotal
n
Epet = / Pstored(t) dt ~ trapZ(Pstored’ At)
Eggts = |Epetl
1.2 |E 1.2-|E
if Epee <01 Voar = —l ne s Mpat = —l net
Vbat * Ncell €bat
0.2-|E 0.2-|E
else:  Vig = | net| i bat = | netl (10)
Vbat * Neell €bat
EY) (=08 -E
stored — ° net
fori € [0,n—1]: AE; = Pgored,i - At
(i+1) _ (i) )
Estorcd - Estored +AE;
min(Ele), Enet)
S0Char.i = min | 100, max |0, —— 3’ 100
Enet
Battery COTS model:
At = Ttotal
n
Enet = Emax,COTS
Mpat = MCOTS
EY -08-E
stored — V* max,COTS (11)

fori e [O,I’l - 1] : AE; = Pstored,i - At

EMD = ED 4 AE

stored stored

stored’

Emax,cots

. (i+1)
min(E E
SoCpgs,; = min (100, max (0, ( max,COTS) . 100))
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Power architecture scoring method:

eneray score l mean(SoCpq;) + min(SoCpyy)
gY_Seore =3 100

min(SoCpqy)

power_margin = 100

low_threshold = 0.8
low_battery_penalty = clip (1 — mean(SoCpq, < low_threshold), 0.0, 1.0)

1 if maX(Pgen) < Praxsa
solar_panel_power_penalty = 0 otherwi
otherwise

battery_mass_budget = 1 — _!Mbat
M CubeSat

solar_panel_mass_budget = 1 — _Msa (12)
MCubeSat

mass_threshold = 0.2 [kg]

. Mpat
Ity = cl ]-—, 0.0, 1.
battery_mass_penalty = ¢ 1p( mass_threshold” 0.0 O)
solar_panel_mass_penalty = clip [1 - —— =2 0.0, 1.0
—panel -P Y P mass_threshold”

PowerScore = (0.15 - energy_score + 0.1 - power_margin + 0.1 - low_battery_penalty+
0.1 - solar_panel_power_penalty + 0.1 - battery_mass_budget+
0.05 - solar_panel_mass_budget + 0.2 - battery_mass_penalty+

0.2 - solar_panel_mass_penalty)
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