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Abstract
Space mission planning involves coupled architecture decisions that non-trivially influence system-level performance metrics 
such as weight, power usage, and scientific value. We present an exemplary space mission planning problem involving several 
mission-level and spacecraft-level choices, and optimizing for the conflicting objectives of system mass and scientific value. 
The problem is solved using System Architecture Optimization (SAO): a technique where numerical optimization algorithms 
are used to explore an architecture design space and find a Pareto front of optimal architectures. The architecture design 
space is modeled using the Architecture Design Space Graph (ADSG) implemented in the ADORE editing and optimiza-
tion tool. The design space model includes function-component allocation choices, component-level design variables, and 
system-level objectives and constraints to optimize for. Evaluation code is implemented in Python and linked to the design 
space model using class factories. The design space is explored using NSGA-II, a multi-objective evolutionary algorithm, 
resulting in a Pareto front trading-off system mass and total experiment duration.

Keywords  System architecture · MBSE · Mission planning · Optimization

1  Introduction

Increasing system complexity and more stringent stake-
holder needs in the space domain require a shift towards 
innovative model-based design space exploration approaches 
in early design phases [1]. Such a shift would allow for 
exploring more potential concepts, at a higher level of 
detail and subject to less designer bias, earlier in the design 
phase [2]. In particular, design decisions early in the design 
process include selecting payloads such as scientific instru-
ments, calculating operational budgets such as operational 
time and data handling, and sizing support systems such as 

power supply and thermal regulation systems. Design deci-
sions are coupled and each influence system-level perfor-
mance, such as cost, weight or scientific value, in conflicting 
and non-linear ways [3]. This makes the design of space 
missions a non-trivial task, one which might be supported 
by increased automation in the design space exploration to 
successfully balance trade-offs between conflicting goals.

In this paper, we demonstrate the application of Sys-
tem Architecture Optimization (SAO) techniques for space 
mission design. SAO enables exploring a larger number of 
potential candidates earlier in the design process by formu-
lating the architecting process as a numerical optimization 
problem [4]. This results in improved decision-making due 
to a more complete overview of the design space and less 
bias towards conventional designs. Compared to traditional 
systems engineering approaches, SAO shifts focus from 
designing one particular solution to a problem, to the defini-
tion and development of the architecture design space model 
and performance evaluation code [5]. An architecture design 
space model defines the architectural decisions and how they 
influence each other, and enables automatic generation of 
architecture candidates by the optimization algorithm. The 
performance evaluation code enables automatic calculation 
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of system-level performance measures for any architecture 
candidate.

We continue with an overview of SAO in Sect. 2. The 
space mission planning application case is described in 
Sect. 3. Results are presented and discussed in Sects. 4 and 
5 concludes the paper.

2 � System Architecture Optimization

System Architecture Optimization (SAO) involves the appli-
cation of numerical optimization algorithms for design-
ing system architectures. The architecture of a system is a 
central artifact in systems engineering, and specifies what 
components a system consists of (the elements of form), 
and how they collaborate to fulfill the system functions (i.e. 
what the system performs) [6]. Many potential architectures 
may exist for a given design problem, making it infeasible to 
exhaustively consider all architectures [7]. This warrants the 
application of optimization techniques to selectively search 
the design space. The latter is achieved by assigning com-
ponents (i.e. elements of form) to functions. Functions are 
optimally specified in a solution-neutral manner, so that they 
can be used to identify technology (i.e. component) alterna-
tives for fulfillment. Next to function fulfillment, designing a 
system architecture may also involve specialization and char-
acterization of form, for example, by selecting the number 
of instances of components and finding the optimal values 
for component-specific design parameters, and connecting 
components, such as assigning power consumers to power 
sources or routing data connections.

Two elements are required to implement a system archi-
tecting process as an optimization problem: a way to generate 
architecture alternatives from an architecture design space 
model, the architecture generator, and a way to quantify the 
performance of each generated architecture to enable fair 
comparison, the architecture evaluator [4]. The architecture 
generator is driven by an optimization algorithm that gener-
ates a new design vectors, which get converted into architec-
ture instances to be evaluated by the architecture evaluator. 
SAO problems in general have several salient features that 
make solving them challenging [8]. Design variables might 
both be discrete (e.g. architectural choices) and continuous 
(e.g. component sizing parameters). Design variables feature 
strong interaction in the form of hierarchical relationships. 
Such hierarchy comes from activation relationships (vari-
ables determining whether other variables are active) and 
from value constraints (variables restricting the available 
options of other variables). Value constraints can be solved 
a priori (i.e. without running an evaluation), for example, 
by Satisfiability Modulo Theory (SMT) solvers. Due to the 
multidisciplinary nature of systems engineering, evaluation 
functions may include executing various discipline-specific 

physics-based analysis or simulation codes, which can be 
computationally expensive. Conflicting stakeholder needs, 
a common occurrence in systems engineering, leads to the 
presence of multiple conflicting minimization (or maximiza-
tion) objectives. Design constraints are inequality constraints 
that cannot be solved for a priori, and therefore require an 
evaluation to be executed to steer the optimizer towards the 
feasible area in the design space. Such constraints may, for 
example, stem from physical (e.g. material stress limits) or 
operational limitations (e.g. space or energy usage). Finally, 
simulations used in the evaluation function might fail to con-
verge: this is expressed in the optimization problem as a hid-
den constraint violation, which only provides the optimizer 
with the information that the constraint has been violated, 
but not by how much. For a more thorough discussion of the 
SAO problem challenges, the reader is referred to [4].

Model-Based Systems Engineering (MBSE) uses systems 
models to support the systems engineering process, however, 
traditionally these are only used to model individual system 
architectures [9]. Extensions of the Systems Modeling Lan-
guage (SysML), such as CVL [10], VAMOS [11], or other 
approaches [5], allow modeling system variability (includ-
ing architectural choices). Variability is an integral part of 
SysMLv2 [12], showing that it is considered an important 
capability to be supported in the future. An alternative 
method is using a feature models to generate architecture 
instances from 150% system models [13]. Other types of 
variability models include extensions of the Architecture 
Analysis and Design Language (AADL) [5], function-means 
models [14], and configurable components [15]. For a more 
in-depth overview of architecture design space modeling and 
optimization approaches, the interested reader is referred 
to [4, 5].

In this work, we use the Architecture Design Space Graph 
(ADSG) [4] to model the architecture design space and ena-
ble architecture generation. The ADSG is a directed graph 
modeling functions fulfillment choices, function induction 
by components, component characterization choices, and 
component connection choices. Nodes represent architec-
ture elements such as functions, components, and compo-
nent instances, and edges represent derivation relationships. 
Additional features include Quantity of Interest (QOI) nodes 
representing evaluation inputs (e.g. design variables) or out-
puts (e.g. performance metrics), connection choices, incom-
patibility constraints, and subsystem modeling. An ADSG 
model can be automatically translated into an optimization 
problem in terms of design variables, objectives, and design 
constraints. Value constraints are solved for by an algorithm 
presented in [4].

The ADSG is implemented in ADORE, a Python tool 
developed by the DLR that includes a web-based user 
interface for graphically modeling the architecture design 
space  [16]. ADORE additionally contains interfaces to 
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various optimization algorithms and interfaces for connect-
ing to the architecture evaluation code. Figure 1 shows the 
design space editing canvas. The ADORE model shows 
architectural choices by blue dashed arrows and defines 
several views: a system view showing functions, function 
derivation elements (components, decompositions, etc.) and 
ports, as well as a component view showing component-
level elements such as attributes, component metrics and 
design variables, and port connectors.

Architecture evaluation code is problem specific and 
depending on what tools are useful for a given architecting 
problem can be implemented using different tools, environ-
ments, and/or programming languages. Generated architec-
ture alternatives must be translated to the domain-specific 
input needed for the evaluation code. ADORE provides sev-
eral different interfaces for this. For example, if evaluation 
is performed in Python code, ADORE’s data model can be 
used to instantiate objects based on selected architecture ele-
ments. If a connection to an external environment is needed, 
generated architectures can be serialized to JSON or XML.

3 � Space mission planning problem 
implementation

This section presents the application of SAO to space mis-
sion planning. The mission planning problem involves maxi-
mizing scientific value provided by a selected mission pay-
load, subject to weight and power budgets. This application 
case was developed as part of the MBSE-Ops project [17], 
which had the goal of promoting MBSE adoption within 
the DLR.

3.1 � Architecture generation: design space model 
and optimization problem definition

Architecture generation is enabled by modeling the architec-
ture design space as an ADORE model, and using that model 
to formulate the optimization problem. Figure 2 shows the 
system view of the design space model, starting from the 
“Do Science” top-level function. This function represents 
the system-level goal and, therefore, also has the system-
level performance parameters associated to it: “System 
Mass” and “Total Experiment Duration” act as optimization 
objectives, to be minimized and maximized, respectively. 
“Valid schedule” is a constraint that ensures the experiment 
schedule is valid (no experiments are overlapping in time).

Fig. 1   ADORE user interface showing the design space editing canvas. Reproduced from [16]
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The top-level function is fulfilled by the “Experiment” 
component, of which the detailed view is shown in Fig. 3. 
The Experiment can be instantiated between 1 and 5 times, 
and each instance has two continuous design variables: 
“Start Time” and “Duration”. Instantiating the experiment 
and choosing values for the two design variables is a good 
example of decision hierarchy, a common occurrence in 
SAO problems, where an upstream decision (instantiation) 
determines whether downstream decisions (start time and 
duration) are active or not [4]. Note that the Experiment 
is not a physical component, but can still be considered 
an element of form as it represents a specific way to fulfill 
a function.

The experiment needs the “Gather Data” function, which 
is fulfilled by the “Instrument”. The instrument contains no 
additional specialization, however, has two static inputs 
associated to it: “Mass” and “Power Requirement”. Static 
inputs make assumptions and component properties explicit 
by moving their definition from the evaluation code to the 
system model. The Instrument needs two further functions: 
“Store Data”, fulfilled by the “Onboard Computer”, and 
“Provide Power”, fulfilled by the “Battery”. The Onboard 
Computer has “Mass” and “Power Requirement” static 
inputs associated with it, and additionally needs power, 
showing that it is possible for multiple components to need 
a function. The Battery, see Fig. 4 for the component view, 
can be instantiated between 1 and 5 times. Each instance has 

Fig. 2   ADORE design space model showing the system view; QOI Quantity of Interest, FUN Function, COMP Component, SYS System

Fig. 3   ADORE design space 
model showing the “Experi-
ment” component; QOI  Quan-
tity of Interest, FUN Function, 
COMP Component, INST 
Instance

Fig. 4   ADORE design space 
model showing the “Battery” 
component. QOI Quantity of 
Interest, FUN Function, COMP 
Component, INST Instance
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three static inputs: “Mass”, “Maximum Power”, and “Capac-
ity”. On the component-level, the Battery has a “Remain-
ing Energy” constraint that ensures that the battery is not 
depleted when running experiments.

The optimization problem is a mixed-discrete, con-
strained, multi-objective problem. It is defined by two dis-
crete (instantiations) and ten continuous design variables 
(experiment start time and duration). It contains two objec-
tives (System Mass and Total Experiment Duration) and two 
design constraints (Valid Schedule and Remaining Energy).

The purpose of the project presented in this work was to 
see if SAO can be applied to the design of space systems. 
Due to limited availability of domain experts, as well as time 
and resources limits, only a very simple application case 
could be implemented. That is why in this problem formula-
tion, only the selection of the number of batteries influences 
system mass. In more realistic architecting problems, archi-
tectural choices related to other onboard equipment (includ-
ing the instruments) would also influence the system mass.

3.2 � Architecture evaluation: evaluation code 
and architecture translation

To implement the optimization problem, the analysis code 
needs to be flexible enough to enable calculating the same 
system-level performance metrics for all generated architec-
tures. This is done by defining evaluation input in an object-
oriented manner. By leveraging abstraction and inheritance, 
the implementation of some disciplinary analysis code is 
made easier. For example, for calculating total system mass, 
any component that has a mass can expose this through com-
mon class ancestry. Figure 5 shows the data model used 
as input performance calculation: the SpaceMission object 
contains the experiment schedule, represented by a list of 
Operation or Experiment classes, and one Spacecraft class 
that contains a list of Equipment classes. Several types of 
equipment are implemented, separated in PowerProvider 
and PowerConsumer classes. Currently, the only power 

provider is a Battery, and consumers are comprised of 
OnBoardComputer and Instrument.

This object-oriented structure of the data model brings 
several benefits:

•	 It provides an unambiguous interface between architec-
ture generation and evaluation, enabling separation of 
concern: the evaluation code can be developed separately 
from the architecture design space model.

•	 It eases multidisciplinary calculation of system-level per-
formance metrics by utilizing abstraction: for example, 
system mass can be calculated by simply summing all 
equipment masses, without regard to the actual equip-
ment type.

•	 The data model can be extended independently from 
some of the calculations. For example, more types of 
power providers and consumers can be implemented 
without modifying code that analyzes power distribution.

The four performance metrics are calculated by the follow-
ing disciplinary codes:

•	 The “mass analysis” discipline calculates the System 
Mass by summing all equipment masses.

•	 The “payload analysis” disciplines calculates the Total 
Experiment Duration by summing the duration of all 
operations of type Experiment.

•	 The “operations analysis” discipline determines whether 
the schedule is valid (the Valid Schedule flag) by check-
ing if there are any overlapping operations.

•	 The “power analysis” discipline calculates the Remaining 
Energy by simulating power consumption over the mis-
sion duration, based on Battery capacities and required 
power of power consumers. Power consumers are either 
always on (e.g. the OnBoardComputer) or only consume 
power when used in an operation. Figure 6 shows power 
analysis output for an example mission containing two 
experiments.

Fig. 5   Evaluation code data 
model
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To enable architecture evaluation using ADORE, the 
architectures generated by ADORE have to be translated to 
the data model presented in Fig. 5. This is done using class 
factories: rules for instantiating Python classes based on 
architecture element occurrences. Class factories are defined 
for all objects in the design space, such that the top-level 
SpaceMission object can be populated. To illustrate, the class 
factory for the Experiment is defined as follows:

In this section, the architecture design space model, data 
model, and analysis disciplines have been presented sequen-
tially, however, it has to be noted that all these aspects are 
strongly dependent on each other. The evaluation code is 

developed based on the elements and architectural choices 
modeled in the architecture design space, however, the 
design space can only include such elements and choices as 
to what is feasible to evaluate within a given project context. 
The data model enables coupling of analysis disciplines and 
coupling of the architecture generator to the evaluation code, 
and is usually developed over time by application in various 
projects [18].

4 � Results

The architecture optimization problem defined in Sect. 3 is 
solved using NSGA-II [19], a multi-objective evolutionary 
algorithm that is well suited for solving mixed-discrete prob-
lems. The NSGA-II implementation in pymoo [20] is used, 
accessed through SBArchOpt [21]. SBArchOpt adds several 
interfaces on top of pymoo to aid solving architecture opti-
mization problems. A design problem defined in ADORE 
can be directly exposed as an SBArchOpt problem, so no 
additional integration is needed from the user perspective. 
NSGA-II is executed with a population size of 100 for 20 
generations.

Fig. 6   Power analysis example 
for a mission architecture con-
taining two experiments

Fig. 7   Architecture optimiza-
tion results, showing feasible 
architectures and architectures 
in the Pareto front
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Figure 7 presents the results of the architecture optimi-
zation. A Pareto front can clearly be observed, trading-off 
between system mass and experiment duration. The five 
(vertical) clusters are formed by the selection of the num-
ber of batteries, as this is the only architecture choice influ-
encing mass in the application case. As expected, includ-
ing more batteries increases mass, however, also increases 
energy availability and therefore allows more and/or longer 
experiments to be executed.

After identifying optimal candidate architectures, the next 
step is to inspect them and select one for implementation. 
Generated architectures can be inspected in the ADORE 
GUI. Even for the simplified design space used in the mis-
sion planning example, a resulting architecture can get quite 
complex. Figure 8 shows an automatic layout of such an 
architecture. Manual improvement of the architecture pres-
entation is possible, but impractical if there is a number of 
candidate architectures or even several iterations of archi-
tecture optimization.

It is clear that better visualization and validation tech-
niques would be required in productive applications. Within 
the context of the simplified example it was sufficient to vali-
date the architecture and show the feasibility of the overall 
approach.

5 � Conclusions

This work has demonstrated System Architecture Opti-
mization (SAO) in the space domain using an exemplary 
space mission planning problem. The goal was to maximize 
science time while minimizing system mass. These two 
conflicting objectives resulted in a Pareto front of optimal 
architectures after executing the optimization. The archi-
tecture design space was modeled using ADORE, a tool 
for function-based architecture design space modeling and 
optimization problem execution. Architecture evaluation 
was implemented using a custom data structure consist-
ing of Python classes, and four disciplines calculating four 
relevant performance metrics. Class factories were used to 
instantiate classes based on architecture element selection. 
This structure allows independent development of the archi-
tecture design space model, the evaluation data model, and 
disciplinary analysis codes.

In future studies, SAO may be applied to a more realis-
tic space mission planning problems, involving more engi-
neering disciplines and higher fidelity analysis. It can be 
expected that the tool landscape will become more heteroge-
neous if more disciplines are involved, potentially warrant-
ing a collaborative multidisciplinary optimization approach 
that is able to integrate distributed analysis tools into a single 
analysis workflow [22]. The architecture design space can 
be expanded to represent different types of experiments, 

different types of instruments, and more realistic integra-
tion among on-board subsystems. The amount of program-
ming required to setup an SAO problem should be reduced 
to make it easier to apply.

SAO should be integrated into established MBSE 
processes, interfacing with standard formats such as 

Fig. 8   Automatic layout of a resulting candidate architecture, show-
ing already high complexity in the result for a small design space 
example
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SysML [23], Arcadia [24] or OPM [25], and it should be 
investigated how this would change the way of working for 
engineers. In the future, especially SysMLv2 [26] should 
provide an appropriate platform for integrating discipli-
nary analysis codes for engineering complex space sys-
tems using SAO.

Visualizing Pareto fronts with more than 2 dimensions 
remains a challenge due to the inherent limitations of repre-
senting high-dimensional data in 2D or 3D spaces. However, 
specialized plots such as scatter matrices and interactive data 
exploration tools can help mitigate these challenges and pro-
vide meaningful insights for decision-making processes. 
Visualization of the generated architectures should also be 
part of the decision-making process, and improvements are 
possible compared to current capabilities.
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