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Abstract
In this paper, a generic full-system estimation software tool is introduced and applied to a data set of actual flight missions to 
derive a heuristic for system composition for mass and power ratios of considered sub-systems. The capability of evolution-
ary algorithms to analyse and effectively design spacecraft (sub-)systems is shown. After deriving top-level estimates for 
each spacecraft sub-system based on heuristic heritage data, a detailed component-based system analysis follows. Various 
degrees of freedom exist for a hardware-based sub-system design; these are to be resolved via an evolutionary algorithm to 
determine an optimal system configuration. A propulsion system implementation for a small satellite test case will serve as 
a reference example of the implemented algorithm application. The propulsion system includes thruster, power processing 
unit, tank, propellant and general power supply system masses and power consumptions. Relevant performance parameters 
such as desired thrust, effective exhaust velocity, utilised propellant, and the propulsion type are considered as degrees of 
freedom. An evolutionary algorithm is applied to the propulsion system scaling model to demonstrate that such evolutionary 
algorithms are capable of bypassing complex multidimensional design optimisation problems. An evolutionary algorithm 
is an algorithm that uses a heuristic to change input parameters and a defined selection criterion (e.g., mass fraction of the 
system) on an optimisation function to refine solutions successively. With sufficient generations and, thereby, iterations of 
design points, local optima are determined. Using mitigation methods and a sufficient number of seed points, a global optimal 
system configurations can be found.

Keywords Electric propulsion · Systems engineering · Evolutionary algorithms · IRAS

1  Review on the applicability 
of optimisation algorithms

In this section, a general introduction to meta-heuristic algo-
rithms and specifically genetic or evolutionary algorithms, 
as well as their application, is given.

Optimisation problems are inherent to any field of sci-
ence and engineering as optimality is directly connected to 
a high efficiency and effectiveness of a process, design or 
operation.

1.1  Gradient‑based algorithms

Conventional often applied optimisation algorithms include 
root determination via Newton’s method [1] and minimum 
search via gradient descent [2] or coordinate descent [3]. 
These methods are highly effective if the function to be 
optimised is differentiable and will determine a global 
optimum if the function is convex. A function is convex 
when the magnitude of the 2nd derivate (the curvature) does 
not change over the co-domain of the function and is fully 
defined. For example, the linear x, quadratic x2 and exponen-
tial ex functions are convex.

If a function is non-convex, only local optima can be 
derived by a gradient-based algorithm. If a function has dis-
continuities, poles or singularities, a derivative can no longer 
be derived, and the algorithm is non-applicable.

For many real-world cases, a representative system func-
tion is of high complexity, often non-convex, has disconti-
nuities, and may have singularities. Thus, gradient-based 
optimisation algorithms are only of limited applicability.

 * Manfred Ehresmann 
 ehresmann@irs.uni-stuttgart.de

 Georg Herdrich 
 herdrich@irs.uni-stuttgart.de

 Stefanos Fasoulas 
 fasoulas@irs.uni-stuttgart.de

1 Institute of Space Systems University of Stuttgart, 
Pfaffenwaldring 29, 70569 Stuttgart, Germany

http://orcid.org/0000-0002-7669-0242
http://crossmark.crossref.org/dialog/?doi=10.1007/s12567-021-00383-3&domain=pdf


328 M. Ehresmann et al.

1 3

1.2  Meta‑heuristic algorithms

For complex problems, meta-heuristic optimisation algo-
rithms offer the ability to find viable solutions by starting 
with a crude initial heuristic, which is subsequently refined 
to find a near-optimal solution to a complex problem.

A typical example for meta-heuristic algorithms is avail-
able in the form of the travelling salesman problem (TSP) 
[4], where a salesman has to visit n cities once and needs to 
determine an optimal (shortest) route, see Fig. 1. The direct 
approach of considering all possible combinations of cities 
to visit grows with factorial time O(n!)-already for ten cit-
ies, 3.6 million paths exist, which need to be evaluated for 
total length.

1.2.1  Nature‑inspired algorithms

Heuristic algorithms offer to solve the TSP in O(n2) [4, 5], 
where nature-inspired ant colony search performs best and 
evolutionary algorithms show the second-best performance 
for most cases [5]. When considering the ant colony opti-
misation (ACO) method, a given number of ants a are ran-
domly distributed at the cities n, and each ant will travel to a 
nearby city, with an attached probability weight correspond-
ing to the distance. Thus, the nearby city is more likely to be 
approached than a nearby one. After an initial random tour 
completion, each travelled path will be evaluated and scored. 
Optimal paths will receive a higher score and, therefore, 
higher weight, corresponding to the pheromone trail ants 
deposit and communicate. Another tour is then performed 
now with active pheromone trails, allowing for local optimi-
sation of the trail, as pheromone laden paths are more likely 
than before, but shorter and more optimal paths can still be 
achieved by random deviations. Although ACO will pro-
vide local optimal solutions, it is shown that it will reliably 

produce solutions with an error of 0.16–3.56% of an exact 
solution depending on the specific problem.

ACO can be applied to real-world aerospace problems, 
as seen in [6]. Here, economic flight trajectories are derived 
via ACO. In a two-stage process, the three-dimensional 
flight path is initially optimised, including current weather 
conditions. In a second stage, a fourth dimension for most 
economic Mach numbers that fit flight time constraints is 
applied. A trajectory optimised by an ACO trajectory was 
shown to be 6.8% more economical than the geodesic refer-
ence trajectory [6].

Other notable algorithms that belong to the category of 
swarm algorithms [7] are bee colony [8], cuckoo search [9], 
particle swarm [10] and the firefly algorithm [11–13]. Dif-
ferences in information exchange and subsequent processing 
distinguish each nature-inspired approach.

1.2.2  Global optimum determination

Gradient-based algorithms, as well as nature-inspired algo-
rithms, belonging to the class of local search and optimisa-
tion, both have the problem that for non-convex problems, a 
global optimum cannot be reliably determined.

The simulated annealing method [14] provides a great 
example of overcoming this obstacle and increasing the 
likelihood of an optimiser to determine a globally optimal 
solution.

The method is physics-based on a system with energy 
states Ei that can be described by a Boltzmann distribution 
[15], where the Boltzmann factor e

Ei

kbT describes the prob-
ability P(Ei) of an observed energy state

where kb is the Boltzmann constant and T is the temperature 
of the observed system.

The respective probability density function is defined as 
follows:

The method is called simulated annealing; as in the begin-
ning, a high temperature T is set, which slowly reduces, i.e., 
annealing, reducing the possible probability range.

Another illustrative explanation is, initially in a “hot” 
state of the system, the thermal noise (i.e., variance in jump 
range) is considerable and allows for easy jumping over 
ridges and valleys, while in a “cool” state, the thermal noise 
has reduced so far that only small increments of changes are 
stochastically permitted, as illustrated in Fig. 2. Thus, the 
end state of the simulated annealing method behaves like 
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Fig. 1  Illustration of a travelling salesman problem for ten cities 
(black dots), with possible paths represented as grey lines. The opti-
mal path with the shortest length of a single visit to each city is indi-
cated by a black dashed line
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a hill-climbing algorithm [16]. Practical application chal-
lenges exist in setting an appropriate starting temperature T 
and cooling schedule dT∕dt.

The simulated annealing method for optimisation prob-
lems has found wide application for aerospace problems: 
constellation design problems [17, 18], general trajectory 
optimisation [19], low thrust trajectories for electric propul-
sion systems [20] and CubeSat configuration [21].

1.2.3  Genetic algorithms

The last but not least category of algorithms to be intro-
duced as a foundation for the work of this paper are genetic 
algorithms (GA). GAs were first described by John Holland 
in 1975 [22] and the foundations further refined by Ingo 
Rechenberg [23] and Hans-Peter Schwefel [24].

A genetic algorithm processes the information describing 
a data point on a fitness landscape in the form of a genome. 
Similar to nature, a genome can be changed by random 
mutation of individual genes, randomised crossover between 
different genomes or chromosomes (i.e., data points) and 
subsequent non-random selection by a fitness function [22], 
see Fig. 3.

In its initial inception, the canonical GAs consider only 
a binary genome. Here, individual genes are binary and are 
permitted to only mutate between states of 0 and 1 [25]. A 
chromosome contains a fixed and finite length of genes. In 

general, the longer a chromosome is, the better the resolu-
tion of the problem function at hand, but will require more 
computation time as the number of possible permutations 
increases rapidly (see Fig. 4).

A fixed finite length chromosome requirement is needed 
to implement successful crossover, as here, a random point 
of the chromosome binary string is selected. A swap of the 
strings before and after this point will complete the crosso-
ver. A mutation is applied gene-wise, meaning that indi-
vidual genes are simply inverted for a binary representation. 
Selection utilises a fitness or loss function, that assigns the 
new data point an objective value. Selection for the next gen-
eration can occur via a hard cut-off of the best data points or 
can be realised via stochastic methods, where a high fitness 
score corresponds to a high chance of passing to the next 
generation [22, 25].

An extension of this principle was introduced by [26, 27], 
where “messy” GAs with variable length genomes have been 

Fig. 2  Illustration of escaping local maxima with a simulated anneal-
ing algorithm. The blue line represents a fitness function of a data-
set. A local maximum point has been selected and three Boltzmann 
probability density functions (Eq.  2) have been plotted for varying 
temperatures T

1
< T

2
< T

3
 . It is shown that the hottest temperature T

3
 

(dotted black line) has a non-negligible probability to jump over the 
valley to the mountain with the global maxima, while the chance of 
the cooler T

2
 (dotted red line) is already lower to achieve this. The 

probability density function with the lowest temperature T
1
 (dotted 

blue line) cannot jump over the valley and will only able to optimise 
for other local minima in the direct vicinity

Fig. 3  Basic genetic algorithm scheme. An individual fitness value is 
assigned starting from a population initialisation, and an initial selec-
tion takes place. An iteration loop starts with a population that is 
assigned a fitness level. After this, genetic crossover by chromosome 
exchange takes place, and subsequently, individual genes are mutated. 
A new fitness value is assigned, allowing for fitter solutions to be 
selected. At the selection stage, convergence may be determined, 
allowing for terminating the algorithm
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introduced. Here, well-tested short genome strings gener-
ate new genomes of variable lengths, which are then fitness 
optimised identically to a canonical GA. The application of 
a messy GA is more similar to the actual process in nature, 
as a canonical GA would only consider the replacement and 
mutation of single base pairs like cytosine (C), guanine (G), 
adenine (A), and thymine (T) [28], which might be caused 
by cosmic radiation events. While a “messy” GA considers 
short-length proven strings, in the next abstraction layer in 
DNA, three nucleotides of the CGAT group forms a codon. 
This codon represents a single amino acid [29] and higher 
amino acid groups’ changes—on this and the level above—
allow for faster evolution in nature. This process is observed, 
for example, by bacterial conjugation allowing for fast adap-
tion of immune responses to an external thread [30].

It was first proven by [26] that messy GAs are able to 
converge to a globally optimal solution, where a canonical 
GA achieved only 25% of substrings of the problem in the 
correct order.

Due to their versatility and general applicability, genetic 
algorithms have found wide application.

One popular application for GAs can be found in the field 
of control: where control law identification [31, 32], non-lin-
ear control law identification without priors of mechatronic 
systems [33], generic filter design [32] and self-tuning of 
control parameters of swarms [34] were achieved.

GA swarm design and swarm behaviour [35] leads to 
the second very productive field with relevance for aero-
space applications: trajectories [6, 36]. Generic flight 
trajectory optimisation capability [37], including multi-
objective optimisation and Pareto front determination [38], 
was shown.

Space flight trajectory problems include solving hyper-
sonic re-entry trajectories with GAs [39, 40], low thrust 
trajectories achieved with electric propulsion systems [20, 
41], weak stability boundary transfers [40], interplanetary 
trajectories [42] and brachistochrone calculation [39].

The simulated annealing references [17, 18], given in 
Sect. 1.2.2 for constellation design, also consider GAs. In 
[17], it is concluded that GAs yield more optimal solutions 
than simulated annealing“ due to the non-linearity of the 
problem”.

The non-linearity of the constellation design problem 
is further enhanced in [43], where a heterogeneous setup 
and rideshare options are considered, making launcher and 
satellite additional variables. It has been shown that a GA-
optimised constellation design is able to fulfil the capabili-
ties of a traditional “small Walker constellation at greatly 
reduced costs”.

GAs have further been applied to designing specific com-
ponents, such as control laws [44] and requirement estima-
tion [13] of attitude control systems. Here, it is clearly stated 
that the evolutionary algorithm approach is faster and more 
flexible than traditional approaches.

Other GA applications of specific spacecraft components 
have been power sub-system design [45], geometry optimi-
sation of a retroreflector [46] and structural optimisation of 
a sandwich plate [47].

A very illustrative example of the effectiveness of an 
evolutionary algorithms (EA) applicability of very com-
plex design problems is given in the form of the evolved 
antenna [48]. The difference between an EA and a GA is a 
similar loop as given in Fig. 3, but data are not organised in 
a genome form, but heuristic changes and fitness function 
evaluation remain.

In [48], it is clearly stated that EAs are capable of replac-
ing “time and labour intensive tasks” and allows to deter-
mine “novel antenna designs that are more effective than 
would otherwise be developed”, see an example of an 
evolved antenna in Fig. 5.

The first approaches of full spacecraft system modelling 
canonical GAs were made in 1998 [49]. The automated 
approach allowed for achieving ‘optimality’ rather than ‘fea-
sibility’, considering cost functions and schedule constraints. 
[49] concluded the GA approach as promising in terms of 
cost and quality of design.

Recent work on EA application for CubeSat and small 
spacecraft design is found in the 2017 paper [50]. Initially, 
it focused on CubeSat power supply system design and was 
found to produce vast improvements over human-guided 
“engineering judgement and point design”.

This work was extended to the evolutionary design of a 
complete spacecraft in [51]. The spacecraft design prob-
lem is analysed here in the form of the Knapsack problem

Fig. 4  Illustration of the difference of chromosome handling between 
canonical GAs (top) and messy GAs (bottom). In canonical GAs, 
only fixed finite length replacements of chromosomes are permitted. 
Messy GAs allow for general chromosome mixing and concatenation
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The Knapsack problem considers the optimal—value-max-
imising—filling of a limited container, a Knapsack. Each 
item xi has an assigned value vi and has a resource cost wi 
(e.g., volume) to fit into the Knapsack volume W.

This approach can be directly applied to an engineer-
ing design problem, when requirements and potential 
components are given. In a real-world spacecraft design 
problem, a Knapsack capacity is multidimensional, e.g., 
maximum budgets on cost, mass, volume, power, data or 
other performance parameters, while each component is 
multidimensional in terms of individual resource costs. It 
is further required to extend case 3 of Eq. 3 to allow for 
multiple objects to be selected, as stacking of components, 
e.g., thruster clustering, is standard practice.

(3)KP =

⎧
⎪⎪⎨⎪⎪⎩

max
∑n

i=1
xivi maximise total value,∑n

i=1
xiwi ≤ W while keep within

capacityW,

xi ∈ {0, 1} ∀ i 1, .., n to either in- or exclude

item i of set n.

In [51], a CubeSat design from commercial of the shelf 
components with a set of mission requirements was success-
fully applied.

1.3  Overview of other spacecraft design platforms, 
tools and methods

The scope of the ESDC tool is the complete (preliminary) 
design of a spacecraft. Several relevant tools and platforms 
with roughly similar scope exist and are briefly introduced 
here. Platforms and tools vary significantly in terms of 
design scope and depth, specific mission focus, availability 
and costs.

1.3.1  Concurrent engineering facilities

Several space agencies and corporations maintain concurrent 
engineering facilities (CEF), where the complex interwoven 
spacecraft design process is focused into a single facility, 
with dedicated work stations suited for the respective multi-
disciplinary experts. It is expected that this approach opti-
mises individual design cycles [52].

NASA Goddard, for example, upholds such facilities with 
the Integrated Design Center (IDC) [53] and the Integrated 
Mission Design Center (IMDC) [54]. Other US-based CEFs 
are operated by the Aerospace Corporation with the Con-
cept Design Center (CDC) [55], in cooperation with the 
University of Utah [56] as well as formerly the Concurrent 
Engineering Research Center (CERC) by West Virginia Uni-
versity [57] and the Spacecraft Design Center by the Naval 
Postgraduate School [58].

The Concurrent Design Facility (CDF) is the equivalent 
of ESA, utilised for various spacecraft concept studies [59]. 
The facility is frequently opened to the public and available 
for student concurrent engineering workshops within the 
ESA Academy education programme [60].

An equivalent German CEF is maintained by the German 
Aerospace Center, Bremen (DLR) and is a “design labora-
tory for the System Analysis Space Segment department at 
the DLR Institute of Space Systems” [52]. The CEF is used 
for spacecraft feasibility and early design phases; further 
details on operation, use and equipment are described in 
[61].

1.3.2  Available tools

A general list of ‘useful’ software is collected and updated 
by NASA space mission design tools are available here [62] 
and design and integration tools here [63]. Individual evalu-
ation of these design tools is beyond the scope of this work. 
The codebase is in part directly available as open source 
[64], while the remainder may be available upon request for 
selected persons [65].

Fig. 5  NASA public domain picture of the St 5 X-band antenna, 
launched on a microsatellite as part of the Space Technology (ST5) 
mission in 2005 [48]. The evolved antenna meets the mission speci-
fication of a required, nearly uniform gain for a spinning satellite. 
NASA public domain picture of the St 5 X-band antenna, launched 
on a microsatellite as part of the Space Technology (ST5) mission in 
2005 [48]. The evolved antenna meets the mission specification of a 
required, nearly uniform gain for a spinning satellite
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The well-established General Mission Analysis Tool 
(GMAT) [66] is an open-source tool [67] for trajectory opti-
misation. Thus, a predefined spacecraft has to be applied as 
input for consideration in further mission optimisation. A 
commercial pendant to GMAT is the System Tool Kit (STK) 
by AGI-ANSYS [68], with similar scope [69] and requiring 
a preset spacecraft definition. It comes with better usability 
but considerable license fees.

Several tools exists at NASA that consider a trade-space 
analysis for spacecrafts.

One example is [70], where the design and layout of the 
Aft Bay Subsystem of the Orion crew module were suc-
cessfully implemented with Thinkmap SDK [71]. The study 
concluded that significant time and effort reduction could be 
achieved via automation of layouts that fulfil given require-
ments, subsequent human evaluation is still required.

NASA currently explores a much broader scope for 
generic spacecraft design with the Trade-space Analysis 
Tool for Constellations (TAT-C) development [72–74]. The 
tool scope considers single or multiple small satellites up 
to flagship sizes, where multiple mission objectives have 
to be met, and overall performance and cost optimisation 
is performed. TAT-C aims for an open-access solution [75, 
76] without dependencies to commercial license restrictions 
such as STK [68]. Spacecraft cost estimation is achieved 
using cost estimating relationships from accepted public 
sources [73]. Automation for closing design feedback loops 
is the scope of future work in TAT-C [74]. Recent extensions 
of TAT-C considered improved value functions for Earth 
Observation satellites [77].

Similar to Aerospace corporations activities via CEF 
operations, a system engineering tool has been developed 
[78]. This tool allows to design small satellites for scientific 
missions. It was later extended to a model-based design tool 
[79].

It is built upon the Generic Modeling Environment 
(GME) infrastructure, “a configurable toolkit for creating 
domain-specific modeling and program synthesis environ-
ments”. This tools allows for the design of small satellites 
for scientific missions; the tool was later extended to a 
model-based design tool [80].

ESA activities in support of its CDF [59] include the 
development of robust and automated space system design 
methods [81], where uncertainty analysis of given param-
eters (i.e., thruster specifications) is considered to achieve a 
reliable worst-case analysis of a given spacecraft in its early 
design phase.

A notable large-scale project of ESA is the “Virtual 
Spacecraft Design” methodology and framework [82]. 
This project aims to establish data coherence and con-
sistency at the system and sub-system level through a 

standardised framework to allow a smooth exchange of 
system key parameters.

The Virtual Satellite (VirSat) software [83] operated 
in the German Aerospace Center CEF provides a simi-
lar unified model and framework for spacecraft design. 
It is available as open source [84] and frequently updated 
and extended. The VirSat approach was first described in 
2008 [85], where the definition of a system design model 
in compliance with ESA and ECSS standards [86] and a 
respective central system component repository for reuse 
in simulations was set as objectives. The scope was later 
extended for full spacecraft life-cycle engineering [87]. 
DLR actively uses VirSat to develop the generic small 
satellite technology demonstrator mission S2TEP [88, 89], 
a modular, scalable satellite bus to be flown every 2–3 
years individually adapting to given mission and instru-
ment requirements. Additional features of VirSat include 
data and power interface modelling [90]; Fault Detection, 
Isolation and Recovery (FDIR) functionalities [91] and 3D 
visualisation and virtual reality support [92].

A popular commercial tool for digital spacecraft design 
management is Valispace [93], which allows creating digi-
tal design loops, where experts are notified of changing 
relevant parameters for their system to make iterations 
accordingly. This software has been utilised at various 
academic projects of the Institute of Space Systems.

Both Virtual Satellite and Valispace are considered suit-
able candidates for spacecraft system management for the 
digital concurrent engineering platform; see Sect. 1.4.1.

To conclude this overview, three more sources of com-
parability are provided, although the respective code and, 
therefore, a tool have not been located.

1. The Intelligent Spacecraft Configuration Agent 
(ICSA) determines via rule-based approaches and heu-
ristic estimates suitable spacecraft configurations while 
considering spacecraft mass, power and volume budgets 
and subsequently selects a cost-effective launcher [94].

2. The System Engineering Design Tool (SEDT) is a 
top–down design methodology based on a database of 
over 200 satellites launched between 1990 and 2004, from 
which trend equations are derived to comply with mass 
and power budgets and perform conceptual (sub)system 
design as well yield a cost estimate [95].

3. FADSat is a conceptual system engineering tool 
specialised for geostationary platform design with high 
time performance and accuracy requirements. A heuristic 
is applied for an initial estimate and subsequently a para-
metric model-based approach. The tool uses a database of 
462 geostationary satellites for deriving these design laws 
and heuristics [96].
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1.3.3  Context to this work

In this section, the relevance of the previously introduced 
algorithms and methods to this work is given.

The ant colony and swarm optimisation demonstrate 
that for complex non-convex, non-linear problems, multi-
ple starting points (i.e. ants or population seed points) are 
necessary to achieve a high likelihood of reaching a global 
optimum.

The chances of reaching a global optimum are further 
enhanced, for example, using methods applied by simulated 
annealing. In this process, initially extensive jump distances 
on the fitness landscape enable the bridging of gaps, ridges 
and local minima, while successively smaller jump distances 
enable the further search for local optima. The application of 
this principle is found in Eq. 29 as the parameter b.

The general principle of a GA shown in Fig. 3 is applied 
in the software tool of this work, while, currently, no cross-
over scenarios are considered in the current state of the 
software tool. Once all sub-systems are implemented, each 
sub-system data can be considered a chromosome, where 
crossover operations would be trivial.

As the implemented GA has no canonical genome of 
Booleans, the principles of ’messy’ GAs are relevant. Spe-
cific sub-system solutions can vary in design degrees of free-
dom and thus the fixed-length condition for canonical GAs 
cannot be fulfilled. Furthermore, internal self-consistency 
is of critical importance, thus individually self-consistent 
elements should be considered in the terms of DNA codons. 
These are individually coding elements of the DNA.

Previous work of similar scope of full spacecraft design 
[50, 51] considers the model of the Knapsack problem, 
where a spacecraft (i.e., the Knapsack) is optimally filled 
with commercial of the shelf components.

For the algorithm discussed in this paper, this refers to 
the third stage of spacecraft design: specific part selection. 
However, while the approach is being generalised to initial 
prediction and estimation of spacecraft sub-systems, opti-
misation of sub-system interrelations and finally finding 
and fitting specific components to the determined optimal 
sub-systems.

1.4  Wider project context

The Integrated Research Platform for Affordable Satellites 
(IRAS) [97–100] is an ongoing project of the German Aero-
space Center (DLR) in collaboration with the Institute of 
Space Systems of the University of Stuttgart (IRS). The pro-
ject aim is the overall cost reduction of the satellite design 
and production process by considering commercial of the 
shelf products currently utilised in the automotive industry, 
accelerating and improving the development process through 
the novel (additive) manufacturing processes and methods 

as well as the creation of a digital concurrent engineering 
platform (DCEP).

1.4.1  Digital concurrent engineering platform

The DCEP is a platform that will incorporate multiple soft-
ware tools on an integrated systems, mission and constella-
tion design, as well as cost estimation tools [98, 100].

It will allow remote access to the provided toolset, and the 
integrated communication capability of individual software 
tools allows for an accelerated design process as a multitude 
of engineering problems solutions can be streamlined. At 
the same time, partners/providers of the DCEP keep their 
respective authority over their proprietary tools, while only 
output results are transmitted to the DCEP and its users. The 
presented work is part of the contribution of the Institute of 
Space Systems (IRS), University of Stuttgart, to the DCEP 
[98–100].

The development of the Evolutionary System Design 
Converger (ESDC) tool [101] is in the spirit of IRAS in gen-
eral and the DCEP in particular as designing a spacecraft is 
a process that often consumes significant time and financial 
resources in terms of work hours [44, 50, 51]. Convention-
ally, human-developed concepts are explored by manually 
applying mathematical models of systems and sub-systems 
to determine suitable solutions.

The manual design does not necessarily lead to the most 
efficient and effective spacecraft design, see for comparison 
the evolved antenna [48], or evolutionary designed structural 
components [47]. An engineer is often advised to produce 
simple solutions with concepts that have a well-established 
heritage. With this approach, innovation is mainly achieved 
through incremental changes to previous designs of ques-
tionable optimality, with each increment of design iteration 
consuming a significant amount of time and the final result 
always linked to the initial heritage. The human element 
can become an issue as personnel might get fatigued by too 
many design iteration loops, or designers might become 
subjectively attached to a developed solution losing their 
objectivity [18, 44, 47, 50, 51].

Furthermore, the development speed is directly limited 
by the effectiveness of the humans involved and the respec-
tive (semi-automatic) tools available. Significant computing 
power is available today to aid the design process qualita-
tively and quantitatively and shorten the overall develop-
ment. This work explores whether an automated design 
approach by evolutionary algorithms produces viable solu-
tions for a spacecraft design in a quick and ideally, inno-
vative way and is able to yield an optimal design, as was 
already shown in similar work [18, 43, 51]. Full-system 
optimisation is by nature multidimensional. For example, 
each sub-system has optimisable parameters which are, 
respectively, mass, volume, power consumption, and heat 
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generation budget, and is thus part of the optimisation or loss 
function. For each sub-system, additional design degrees of 
freedom exist. For the exemplary propulsion system, these 
are the types of propulsion technology, the appropriate pro-
pellant, the achievable thrust, and the resulting effective 
exhaust velocity. Hence, the total parameter space is very 
large and an exhaustive search through all possible system 
configurations is time-consuming due to a large number 
of possible system configuration permutations [4, 5, 22]. 
The problem can still be solved, when utilising evolution-
ary algorithms, as these are capable of solving non-convex, 
non-differential able problems with high dimensionality 
[22–24, 26]. A tool that applies such an algorithm is the 
Evolutionary System Design Converger (ESDC), written in 
GNU octave [102] to allow free open-access software utili-
sation. As a result, it is possible to circumvent MATLABⓇ ’s 
licensing restrictions for educational use [103].

The ESDC algorithm generates initially a first guess of 
data points (i.e., system configurations) based on (incom-
plete) input data. The calculated system configuration is then 
rated concerning the given requirements. Suitable configura-
tions/data points are selected for the next iterative genera-
tion. The new generation is iteratively mutated by varying 
permitted degrees of freedom in the configuration and re-
rating the newly generated solutions for further selection. 
This process of mutation and selection is repeated until con-
vergence is achieved, i.e., no incremental improvements are 
found. An illustration of the evolutionary process is given 
in Fig. 3. This method can successively optimise a system to 
find multiple optimal points in the multidimensional space 
of possible solutions.

Here, this principle is applied for the design optimisa-
tion of the electric propulsion system. The tool allows scal-
ing several propulsion system technologies, with respect to 
generated thrust and effective exhaust velocity, and varying 
propellants and peripherals, while considering physical limi-
tations derived from a database.

An essential reference for this work is the arcjet thruster 
database [104] available to the Institute of Space Systems of 
the University of Stuttgart.

2  Full‑system estimation

The ESDC aims to derive an optimal and realistic full-sys-
tem design solution, while only limited and incomplete data 
for the spacecraft are known.

A three-stage solver architecture has been implemented to 
achieve the goal of full-system modelling, see Fig. 6. Each 
stage adds additional data and estimations to the spacecraft 
model.

When referring back to the Knapsack problem [51], see 
Eq. 3, the first stage is concerned with a rough preliminary 

estimation of the capacity W of individual Knapsacks, i.e., 
sub-systems parameters, making up the spacecraft. The 
Knapsack capacity dimension is here 2 as only mass, and 
power and power estimates are derived. For this initial 
estimation, no physics-based correlations between (sub-) 
systems are utilised. Instead, heuristic-based scaling laws 
based on spacecraft heritage are applied to solve initial cor-
relations. Mission requirements are only considered here to 
assign an orbit type to the spacecraft. The resulting total 
mass and power budgets, as well as the respective power and 
mass estimates for all sub-systems of the spacecraft, then 
preliminarily define each Knapsack capacity [51].

In the second stage, the initial system guesses are consid-
ered as a baseline for a refined system design. Here, actual 
system dependencies are applied, shown in the ontology uti-
lised for the ESDC given in Fig. 16. Additional dimensions 
are introduced here in the form of data and heat budgets to be 
considered, resulting in additional Knapsack capacity dimen-
sions Wi for the entire system. Adaption of these capacities 
is performed during iterations and additionally allows for 
localized optimisation of each system. Existing degrees of 
freedom, e.g., the considered technology and corresponding 

Fig. 6  Overview of the solver architecture from the ESDC tool with 
three solver stages: initial system preliminary estimation, direct sys-
tem solving, and concluding part selection
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operating parameters, are solved with an evolutionary algo-
rithm. Where applicable, scaling laws from a component data-
base are derived. The defined mission requirements are now 
considered for the individual system design. The result is now 
refined to obtain self-consistent Knapsack capacities (i.e., sub-
system definitions and requirements) for an optimal spacecraft 
configuration.

In the third stage, an evolutionary algorithm is utilised to 
fulfil the sub-system requirements optimally. Here, the results 
are specific component selections and the operational param-
eters to achieve an optimal performing spacecraft and design.

2.1  PreSolver: least‑square fitting

The dataset to be analysed is rather scattered in nature, as 
the spacecraft and their hardware vary significantly due to 
their specific use case and design points [105]. Therefore, 
it is sensible to apply a least-squares fitting algorithm [106, 
107] to derive a suitable estimation correlation. The influ-
ence of extreme outliers can thus be reduced, and data close 
to the fitting line will be emphasised [107].

The summed square of residuals S is defined by

where the squared difference between the data points yi and 
the results of the fit polynomial Pj(xi) is calculated. The 
residuals S needs to be minimised.

The fit polynomial Pj(xi) to be fitted for up to degree j = 3 
is defined as

The newly introduced degrees of freedom of the polynomial 
�i , have to be resolved for the minimum condition of S. As 
this is a multivariable calculus optimisation problem, the 
derivative for each �i has to be calculated

The solution for Eq. 6 when j = 1 is as follows: 

(4)R =

n∑
i=1

(yi − Pj(xi))
2,

(5)Pj(xi) =

⎧⎪⎨⎪⎩

�0 + �1xi linear,

�0 + �1xi + �2x
2
i

quadratic,

�0 + �1xi + �2x
2
i
+ �3x

3
i
cubic.

(6)
�R

��i
= 0 ∀ i = {1, .., j}.

(7a)
�R

��0
= 0 ∶

n∑
i=1

xi(yi − (�1xi + �0)) = 0 ,

(7b)
�R

��1
= 0 ∶

n∑
i=1

(yi − (�1xi + �0)) = 0.

 This system of equations can be solved for each �i , which 
yields the resulting fit function

The challenge for the present spacecraft design problem is 
to determine an optimal fitting function to the data set. For 
application in GNU octave, the polyfit function may be used 
to determine an optimal fit [108]. A first-order polynomial 
is an approximately equivalent estimation to the possible 
linear interpolation given in Sect. 2.2.2, although some off-
set and variance in inclination may occur. In addition, some 
correlations are likely to be of higher order (e.g., quadratic 
or cubic). However, applying a polynomial with an exces-
sively high order will predictably lead to an overfitting of 
the limited dataset. As a result, numerical oscillations and 
highly inaccurate scaling would occur. Thus, a method with 
the lowest possible interpolation order at acceptable accu-
racy is required.

2.1.1  Identification method of normed residuals

For determining the quality of a polynomial fit, the normed 
residuals R can be evaluated [108], which are defined as 
follows:

When attempting to apply a polynomial fit, additional out-
puts of the generated fit are available, allowing for trading 
these fits. The normed residuals r̄i indicate the qualitfy of the 
fit. The lower r̄i is, the better is the fit of the interpolation 
function to the data set. A fit function that crosses all data 
points would have a r̄i of zero.

Now, the normed residuals of the linear r̄1 , quadratic r̄2 and 
cubic r̄3 fit attempts are normed again by r̄1

By definition, ̄̄r1 is always unity. While ̄̄r2 and ̄̄r3 will be lower 
than  1. Now, a threshold T is introduced that allows to test, 
whether the higher order fits are of significant improvement

If the minimum of the residuals is lower than T, a higher 
order polynomial will be considered. If not, the linear fit will 
be considered to be sufficient.

(8)yf =

n∑
i=0

�ix
i.

(9)R =

√√√√ n∑
i=1

(yf − yi)
2.

(10)̄̄ri =
r̄i

r̄1
.

(11)min
(
̄̄ri
)
< 0.95 = T .
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When considering higher order polynomials, Eq. 10 is reap-
plied with r̄2 and r̄3 , respectively. If their interpolation quali-
ties do not exceed the threshold function of Eq. 11, they are 
considered as sufficient fits.

Particular care is required with cubic polynomials, as 
numerical oscillations can occur here already due to the 
small data set. As a first attempt to eliminate these oscilla-
tions, cubic fits are being excluded as valid if the fit function 
exceeds the boundaries of the data set on either side. In this 
case, a first-order polynomial is applied.

2.1.2  Validation of fit identification

Real-world hardware parameter data are assumed to fol-
low scaling laws, but this comes with a substantial addi-
tion of noise deviating from idealized hardware. Multiple 
technical reasons exist for non-ideal components: material 
availability and costs, available production technology or 
simply realising a trade-off design in specific parameters in 
complex components or systems. Thus, real-world data will 
be “noisy” while following scaling laws. The degree of the 
underlying scaling law has to be derived, albeit a potentially 
significant signal-to-noise ratio.

To validate the fit identification algorithm polynomials 
with uniformly distributed U , randomised coefficients [109], 
see �i in Eq. 5, are generated using

With the randomised coefficients of Eq. 12 and the domain 
of the function defined here as x → y ∶ {−5, 5} , the refer-
ence function y can be calculated.

Now, noise Nmax needs to be added to the reference func-
tion for meaningful evaluation of the algorithm. The noise 
Nmax is here adapted to the span of values yi of the generated 
data set and defined as

A uniform distribution U of the noise calculated in Eq.13 is 
then added to y to obtain the noisy function yN

By considering the constant factors 5 and 10 in Eqs. 13 and 
14, respectively, the magnitude of the noise is equal to the 
range of yi , as shown in the graphical examples of the fit 
identification algorithm in Figs. 7, 8, 9, and 10.

Since the resulting fit function matches the reference 
function very closely in the plots, this demonstrates the algo-
rithm’s applicability even for the given noisy scatter data. 
The assumed threshold parameter assumption of T = 0.95 
(Eq. 11) can be confirmed as productive. However, misclas-
sification between very similar randomised noise functions 
of second and third order were observed. Figures 7, 8, and 9 

(12)�i = U{−0.2, 0.2}.

(13)Nmax = 5(max(yi) −min(yi)) .

(14)yN = yi + U{−Nmax,Nmax}∕10. have matching identified fit functions to the reference func-
tion, while Fig. 10 shows a mismatching example, where the 
cubic function is drowned in noise and a linear fit function 
is applied.

The least-squares fit algorithm is sufficient to derive scal-
ing laws of reasonable accuracy by the scattered data sets, 
while the relevance of automatic consideration of higher 
order polynomials is shown.

As the given Figs. 7 8, 9, and 10 might have been cherry-
picked for their favourable appearance of algorithm perfor-
mance, a more extensive automated validation test has been 
performed.

Fig. 7  Example of successful linear fit (dotted) to noisy data (x) of 
a linear reference function (line) with the fit identification algorithm 
using normed residuals

Fig. 8  Example of successful quadratic fit (dotted) to noisy data (x) 
of a quadratic reference function with the fit identification algorithm 
using normed residuals
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For each case of polynomial reference function (linear, 
quadratic and cubic), 10,  000 randomised polynomials 
(Eq. 12) with individual randomised noise (Eqs. 13 and 14) 
are generated. These data are then subjected to the fit iden-
tification algorithm described in Eqs. 4–11. The resulting 
identifications are then counted individually. The results are 
presented in Table 1. For the given noise level, the linear 
and quadratic fit identifications achieve a success rate of 
more than 99% , while the cubic function achieves merely 
30% success. The cubic function is particularly susceptible 
to the applied noise level, as an additional test with halved 

noise already leads to 95% correct identification. However, 
this result does not necessarily mean that the algorithm is 
erroneous; taking the noise indicated in Fig. 10 into account, 
misclassification by applying a linear fit is still a reasonable 
fit.

2.2  Application to spacecraft data

The previously introduced fit algorithm is now applied to 
generate the initialisation of a suitable spacecraft. For this 
individual system, masses and power consumptions of space 
missions with flight heritage are utilised [105].

The current ESDC implementation permits a high degree 
of input flexibility for an under-constrained spacecraft:

Any input for known system masses mi , total mass mtot , 
system power demands Pi or total power Ptot is sufficient. 
Thus, defining the set of possible input parameters for mass 
as

and for power demand as

For definition of the available masses mi and powers po , refer 
to Tables 2 and 3.

The implemented logic for the correlation of parameters 
is given in Fig. 11. Four different cases of known parameters 
are handled separately:

First, the most straightforward case with a known total 
spacecraft mass mtot is considered. A safety mass margin of 
mMargin = 30% is deducted, and the remaining mass is dis-
tributed according to the calculated fraction for similar mis-
sions. If some of the sub-system masses mi are known, these 
masses will be considered here. In the case of mass overuse, 
the margin mass will be automatically reduced to achieve 

(15)minputs ∶ {mtot, {mi} ⊆ mtot}

(16)Pinputs ∶ {Ptot, {Pi} ⊆ Ptot}.

Fig. 9  Example of successful cubic fit (dotted) to noisy data (x) of 
a cubic reference function (line) with the fit identification algorithm 
using normed residuals

Fig. 10  Example of unsuccessful linear fit (dotted) to noisy data 
(crosses) of a cubic reference function (line) with the fit identification 
algorithm using normed residuals. Although the polynomial degree 
of the identified fit is incorrect, the linear fit is still reasonable for the 
given noisy data

Table 1  Results of 10,000 test runs per input function case (linear, 
quadratic, cubic) with subsequent noise adding and concluding fit 
identification

Linear and quadratic fits are identified for over 99% of cases cor-
rectly. Cubic fit identification is more prone to the level of added 
noise. Halving the noise level from the default noise N

max
 defined in 

Eq. 13 allows for 95% correct cubic function identification

Input Lin. Quad. Cubic Cubic*

Fit
 Lin. 9919 0 6400 436
 Quad. 63 9978 596 39
 Cube 18 22 3004 9525
 Success / % 99.2 99.8 30.4 95.25

 * 1
2
N
max
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self-consistency. If the available margin mass becomes nega-
tive, the design is unachievable.

Next, the correlation between total mass mtot and total 
available power Ptot is applied. This total power is then 
assigned to each sub-system Pi in the same way as mass 
is distributed. In the case of a known sub-system power 
demands, these will be considered here. If the total sum of 
the sub-system powers exceeds the estimated total power, 
a correction loop will occur to achieve self-consistency. 
This can lead to an increase in the mass of the power sys-
tem mpower . If the total sum of sub-system powers does not 
exceed the total power estimate Ptot , the difference is con-
sidered an available margin PMargin.

Second, a particular sub-system might be designed with 
only a known system mass. In this case, an inverse correla-
tion must be solved. An estimation of the total system mass, 
including an additional margin, can be generated. Once the 
total system mass is known, the estimation of the total sys-
tem can be achieved as previously.

Third, a more academic case is given when only a system 
total power Ptot is known. Here, the inverse correlation of the 
total power Ptot to the total mass mtot is first resolved, result-
ing in a typical mass mtot for a mission with the given power 
demand Ptot . The remaining system estimate is derived as 
before.

Fourth is likely to be an academic case with known spe-
cific sub-system power demands Pi . Here, an inverse corre-
lation must first be made to estimate the typical total power 
Ptot . Then, an inverse correlation for an estimate on total 
mass mtot is required. From here, the remaining system is 
estimated as previously. This case is likely to require itera-
tion loops to achieve self-consistency in power and mass 
estimates, handled internally.

Any possible permutation of known mass or power 
parameters can be solved to a full-system estimate with this 
implemented logic, including also multiple and mixed cases 
of system powers Pi and masses mi.

Fig. 11  Implemented parameter correlation logic of the ESDC for 
preliminary full-system estimation. Each arrow presents a correlation 
of mass–mass, mass–power, or power–power parameters

Table 2  Averaged mass by sub-system as a fraction of dry mass for 4 
mission types of a medium-sized spacecraft [105] p. 422 and p. 948

Sub-system No prop / - LEO Prop / - HEO / - Probe 
/ -

PL 0.41 0.31 0.32 0.15
Struct. 0.20 0.27 0.24 0.25
TC 0.02 0.02 0.04 0.06
Power 0.19 0.21 0.17 0.21
TTC 0.02 0.02 0.04 0.07
OBC 0.05 0.05 0.03 0.04
ADC 0.08 0.06 0.06 0.06
Propul. 0.00 0.03 0.07 0.13
Misc. 0.03 0.03 0.03 0.03
Total 1.00 1.00 1.00 1.00
Propel. 0.00 0.27 0.72 1.10
Mass / kg 1497 2344 1258 886

Table 3  Average power by sub-system as a fraction of total power for 
4 mission types of a medium-sized spacecraft [105] p. 424

Sub-system No prop / – LEO Prop / – HEO / – Probe 
/ –

PL 0.43 0.46 0.35 0.22
Struct. 0.20 0.01 0.0 0.01
TC 0.05 0.10 0.14 0.15
Power 0.10 0.09 0.07 0.10
TTC 0.11 0.12 0.16 0.18
OBC 0.13 0.12 0.10 0.11
ADC 0.18 0.10 0.16 0.12
Propul. 0.0 0.00 0.02 0.11
Pow / W 299 794 691 749
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2.2.1  Zero‑order correlation estimation

The New SMAD [105] provides a valuable first approach 
for an overall system estimation, as here averaged values 
for mass and power fractions of an averaged medium-sized 
spacecraft is given. Four distinctions are made with respect 
to the spacecraft orbit position: No propulsion, Low Earth 
Orbit with Propulsion, High Earth Orbit with Propulsion 
and Planetary Probes.

Table 2 gives averages masses for these four mission 
cases. The spacecraft sub-systems are the following: PL 
for payload; Struct. for Structure and Mechanisms; TC for 
Thermal Control; TTC for Telemetry; Tracking and Control; 
OBC for onboard computing; ADC for Attitude Determina-
tion and Control; Propul. for the dry mass of the propulsion 
system; Misc. for various other components and Propel. for 
the propellant mass. The same systems are used for the aver-
age power consumptions of each system given in Table 3.

It is evident that the distinctions for the four mission cases 
are meaningful; for example, the difference between payload 
fractions is significant, while the absolute values for average 
mass and power does support this claim further.

However, it is further clear that not all LEO space-
craft with propulsion will have a mass at around 
mLEO,ref = 2.3 tons and will have available electrical power 
of approximately PLEO,ref = 800 W.

Thus, it would be possible to apply linear scaling to 
derive better adapted parameters, respectively. To give an 
example for applying linear scaling, we assume a dry mass 
of mLEO,i = 1 ton and a available power of PLEO,i = 300 W. 
This would yield the results shown in Table 4.

While these results are certainly a reasonable starting 
point for analysis, they are likely to provide unrealistic esti-
mates the more the case study mass mi and power Pi devi-
ates from the reference satellite parameters mref and Pref . A 
CubeSat has different mass distributions [110, 111] than a 
small satellite, which differs from a multi-ton communica-
tion satellite.

Thus, it is reasonable to attempt a better scaling of each 
fraction parameter by attempting to derive scaling laws from 
the available data.

2.2.2  First‑order correlation estimation

Incidentally, [105] provides in p. 949–p. 954 explicit data, 
from which Tables 2 and 3 were derived. The list contains 
54 spacecraft, with each sub-system’s respective masses and 
power given sorted for each mission type. The list is partially 
incomplete, as some data were likely not available to the 
authors.

The applied algorithm implemented in the ESDC for 
deriving scaling laws to correlate different given system 
parameters based on these heritage data will be explained.

The complete data set of all available satellite parameters 
has been implemented into an XML database, which can be 
easily adapted and extended manually as well as automati-
cally. This approach is relevant for future improvements on 
system prediction accuracy and allows users to add their 
proprietary data.

Data set
A data set D from the data sets xi and yi to be correlated

Where for the current implemented case, the set of x-values 
are the sets of masses mtotal and mpayload as well as powers 
Ptotal and Ppayload

These are currently the most relevant input parameters for 
full-system derivation. A further extension to other system 
parameters is possible in a trivial way.

The set for y values yi includes all numeric values of 
masses and powers given for all satellite cases, leading to 
an excessive number of available correlations to be gener-
ated. As the algorithm performs sufficiently fast and is only 
executed when the underlying spacecraft system database is 
changed, this is currently not in need of optimisation. The 
internal data handling is implemented, so that in case of 
(partially) incomplete data, an automatic exclusion is applied 
to the specific correlation point.

Subsequently, the method was applied to the spacecraft 
data set to derive the respective correlations automatically. 
An example is given in Figs. 12, 13, 14 and 15 demonstrat-
ing the capability of this interpolation method.

Data Output and Utilisation
As each of these correlations consists of a database look-

up, read, search, sort and correlation step, it would be a com-
putational disadvantage to performing these operations again 

(17)D ∶= {{xi};{yi}} ∀i = {1, .., n},

(18)xi ∶=
{
mtotal;mpayload;Ptotal;Ppayload

}
.

Table 4  Average mass and power example for a propelled LEO 
spacecraft dry mass, based on scaling of Tables 2 and 3

Sub-system system m / kg P / W

Payload 310 138
Structure and mechanism 270 3
Thermal control 20 30
Power 21 27
Telemetry, tracking & control 20 36
Onboard computer 50 36
Attitude Det. and control 60 30
Propulsion 30 0
Miscellaneous 30 –
Total 1000 300
Propellant 0.00 –
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during runtime every time a correlation is required. Thus, 
look-up tables are created that store the polynomial data for 
fast direct access.

New correlations are only evaluated if changes to the under-
lying database are detected, requiring a single evaluation loop.

The same method for scaling law derivation be applied to 
spacecraft system parameters and specific components of a 
sub-system of the same type.

It has to be further noted that this is a fully bijective model-
ling definition, meaning that if a user or automated tool sup-
plies a single data point with an orbit classification, all other 
system estimations can be produced. For example, a commu-
nication system mass or power would be sufficient to derive 

total system mass and power estimations, as well as all other 
system estimations subsequently. This model, therefore, allows 
for flexible input handling and enhances general usability. For 
a given data set, the results are deterministic and are not prone 
to statistical errors.

3  Spacecraft model and ontology

After establishing the top-level system estimations in 
Sect. 2, it is further necessary to develop a model for the 
actual correlations of the systems of a spacecraft for sub-
sequent refinement of the design.

Fig. 12  Data set of LEO satellites and derived optimal fit of a lin-
ear function for the correlation of total mass (x-axis)to payload mass 
(y-axis)

Fig. 13  Data set of HEO satellites and derived optimal fit of a linear 
function for the correlation of total power (x-axis) to the fraction of 
ACS power to total power (y-axis)

Fig. 14  Data set of planetary probes satellites and derived optimal fit 
of a quadratic function for the correlation of total mass (x-axis) to the 
fraction payload mass to total mass (y-axis)

Fig. 15  Data set of LEO satellites and derived optimal fit of a quad-
ratic function for the correlation of total power (x-axis) to the payload 
power fraction (y-axis)
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For this, an ontology was created, shown in Fig. 16 
based on the previously estimated systems: Payload; Pro-
pulsion; Structure; Onboard Computer; Power Supply; 
Attitude Determination and Control; Telemetry; Tracking 
and Control and Thermal Control. Convergence for the 
mass, power and heat budgets is required.

To permit design convergence, mass and power esti-
mates require an additional margin term. Without a mar-
gin, the design is likely to diverge. If a first-order mass 
estimate was too low, the total mass would increase. Sub-
sequently, all fractional mass and power estimates (see 
Tables 2 and 3) would likewise result in an increased mass, 
leading to a runaway of increasing total sums of mass and 
power, making convergence impossible.

Thus, initially, a margin of 30% of the total mass is 
applied. Underestimated systems can utilise this margin 
for their added demands, while overestimated systems will 
add to the margin.

It is possible to use the margin terms as optimisation 
parameters, as a maximised margin that allows engineers 
either to be more flexible in polishing the final design 
or in reducing the overall mass and power consumption 
of the spacecraft, leading to a reduction in overall costs. 
Automated margin handling is a planned feature for the 
ESDC.

The system relations given in Fig. 16 are indicated in 
terms of their contribution to the budgets for mass (black), 
power (blue), heat (red), and data (green) budgets, while 
additional dependencies of orbit parameters are shown. In 
contrast to a classical ontology, connections between entities 
have no arrows assigned, as in most cases, design loops will 
lead to correlations in both directions.

In the following, each system and if needed the differen-
tiation into sub-systems will be explained.

First, the payload is modelled as a complete generic com-
ponent with contributions to the mass and heat budget, while 
consuming power and producing data. Additional depend-
ence on on-orbit parameters may be present. Exceptional 
systems that are not included in other systems can be con-
sidered as payload systems (e.g., crew, life-support, etc.).

Second, the propulsion system is one of the main system 
drivers illustrated by the propulsion and propellant mass 
fractions given in Table 2. The system contributes to the 
mass by its components, including propellant. It is the only 
system that has a dedicated mass loss through its propellant 
consumption. In the case of an electric propulsion system, 
the power consumption and heat generation are significant. 
Data are generated for monitoring the system health and per-
formance. This system has a strong relation to orbit param-
eters as velocity increment Δv , thrust F and effective exhaust 

Fig. 16  Spacecraft system and sub-system ontology developed for 
use in the ESDC. The systems are payload, propulsion, OBC, ADC, 
TTC, structure, power and TC, each with respective sub-systems. 
Black lines are contributions to the mass budget. Blue lines are con-
tributions to the power budget. Orange lines are heats relevant for the 
thermal budget. Green lines represent data flows. In contrast to a clas-

sical ontology, connections between entities have no arrows assigned, 
as in most cases, design loops will lead to correlations in both direc-
tions. Yellow lines provide systems with a strong correlation to orbit 
parameters. Individual contributions of sub-systems are marked with 
the same coloured lines
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velocity ce are mission capability drivers. The propulsion 
system is differentiated into thrusters, a unit for power pro-
cessing or conditioning, propellant and the respective tank.

Third, the spacecraft structure is a simple system model, 
as the bus provides structural integrity for the spacecraft and 
has a mass budget contribution.

Fourth, the onboard computer will be the main processor 
and storage of the onboard generated data. In addition, it will 
monitor the status and control sub-systems, store and pro-
cess payload data and execute commands from the ground 
station. The system consumes power and generates excess 
heat while contributing to the mass budget. The amount 
of simultaneous data streams drives the CPU selection, 
whereas the size of the required programs mainly drives the 
RAM requirements. Data storage size is mainly driven by 
the difference between incoming data streams and outgoing 
TTC data streams.

Fifth, the attitude determination and control system are 
required to correct the spacecraft during the operation of 
payloads, contact ground stations, and optimising the angle 
of relevant surfaces to the sun. The system consists of actua-
tors (e.g., reaction wheels, magnetorquers) and sensors (e.g., 
sun sensors, star sensors), contributing to mass, power, data 
and heat budgets.

Sixth, the power system is required for the continued 
operation of the spacecraft. It will have to generate the 
power demand given by the power budget. In all conven-
tional cases, energy is generated using solar radiation, con-
verted to electrical energy by generators. This energy is then 
converted to a useable voltage for the spacecraft and is then 
stored in onboard batteries. Losses during each power pro-
cessing step lead to the generation of heat. The size of the 
generator and batteries are orbit dependent, as the irradiance 
per areas and shadow periods, will vary. All components add 
mass to the system. Monitoring of health via voltages and 
power consumption via currents and inferring from their 
capacities is critical for mission success.

Seventh, the telemetry, tracking and control system is the 
spacecraft interface to a ground station on Earth. The com-
munication system requires two sub-systems, the transceiver 
to transmit and receive data, and an antenna that provides the 
relevant gain for achieving sufficient bandwidth. These com-
ponents add to the mass, power and heat budget, while it can 
be viewed as a data sink. The system is strongly dependent 
on the orbit, as this defines the contact times to the ground 
station. The shorter the ground station contact time, the 
shorter the time for data transmission and the higher the 
desired bandwidth. Data processing for tracking and control 
is shared in this model with the onboard computing unit. 
Proper antenna pointing drives the demands for the ACS.

Eight, as last but not least, is the thermal control system 
tasked with controlling for acceptable temperatures on the 
spacecraft. The excess heat of the cumulative heat budget 

has to be radiated into space to avoid overheating. The actual 
spacecraft orbit is relevant as the respective solar irradiance 
and shadow phases significantly impact the total heat budget. 
The system is differentiated into active (e.g., heat pumps) 
and passive elements (e.g., insulation and radiators), while 
only the former leads to an increase in the power budget. 
The system contributes to the mass budget and for thermal 
monitoring to the data budget.

The scope of the ESDC development is the full imple-
mentation of all discussed sub-systems and their respective 
interactions to achieve an automated detailed full-system 
design. To complement this top–down approach, bot-
tom–up realism is attempted by aggregating a database of 
actual space flight components with their respective relevant 
parameters for scaling law derivation similar to the method 
shown in Sect. 2.2.2.

4  Sub‑system scaling model example

In the following, an example for the propulsion system 
modelling is given for the case of an electric arcjet-based 
propelled phase [112] of the reference satellite described 
in Sect. 4.1. This early ESDC EP system model was ini-
tially presented at the Space Propulsion Conference 2018 
in Seville, Spain [113]. It serves as a demonstrator of semi-
automated design, where scaling laws have been manually 
defined for each relevant component case, which was already 
based on actual hardware data. Trade-off possibilities for 
different propulsion system operation parameters are dem-
onstrated to determine an optimal system mass fraction of 
the EP system (i.e., minimal) and compared from exhaustive 
analytics to the performance of an evolutionary algorithm, 
which shows the expected performance to determine opti-
mality. In Sect. 5.6, updates to new features and functionality 
of the ESDC tool are given.

4.1  System baseline

A nominal IRAS satellite has a mass of m0 = 150 kg and an 
operational orbit altitude of h = 800 km above ground with 
an inclination of i ≈ 89◦ [114].

Two transfer orbit concepts are compared as a baseline 
trade-off.

For concept A, a circular orbit at height hA = 759 km and 
inclination iA = 87.24◦ is considered, which results in requir-
ing a velocity increment of ΔvA = 685.97

m

s
 [114].

For concept B, an elliptical circular orbit with a 
perigee height of hperi,B = 400  km and apogee height 
hperi,B = 800 km with an ideal initial inclination of iB = 89◦ 
is considered. This results in a velocity increment require-
ment of ΔvB = 526.25

m

s
 [114].
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4.2  Electric propulsion system

The arcjet system concept is simplistic as in the current 
baseline, only self-pressurizing propellants are considered. 
These are ammonia (NH3) and helium (He). A concept sche-
matic is given in Fig. 17.

Ammonia can be considered a system with uniform oper-
ating pressure until end of life (EOL) is reached, as it is 
stored in the liquid phase and vaporizes and therefore self-
pressurizes constantly. At the end of life, the remaining gase-
ous ammonia experiences a blowdown effect.

In contrast, helium is stored in a highly pressurized gase-
ous form, where blowdown occurs over the entire opera-
tional lifespan, reducing the efficiency of the propulsion 
system.

In both cases, the propellant is stored in a separate con-
tainment tank, intended to flow through a pyro valve and 
dual-seat valve. A filter in between will catch occurring 
debris after triggering the pyro valve. In the case of NH3, 
an additional gas generator is required to ensure that the 
propellant is present completely in gaseous form. For this, 

a flow controller combined with an orifice is utilised to 
adjust the supplied pressure to the desired operating pres-
sure of the utilised arcjet thruster.

As arcjet thruster, the Very Low Power Arcjet—
VELARC [115] with supplied power of P1 = 150 to 
P2 = 300 W is taken as the current baseline. To further 
explore the parameter space of potential systems with 
power supply up to several kilowatts are considered.

The scaling of the electric propulsion system pivots around 
a total mass budget estimation mEP of the individual com-
ponent given in Eq. 19. In its current form, thruster mass 
mThruster , mass of power processing unit mPPU , propellant 
mass mProp. , tank mass mTank , photovoltaic mass mPV , and 
structural mass mStruct are considered. Thus, the following 
equation yields the mass budget:

To be able to automatically select an advantageous system 
over another objective criterion is required. Subjective rat-
ings like trade-off matrices should be avoided. Thus, the 
electric propulsion system mass fraction �EP is introduced, 
which is obtained by dividing the system mass mEP by the 
total satellite mass m0

The logical decomposition of the electric propulsion 
system mass is illustrated in Fig. 18. As an input param-
eter, the mission required total impulse Itot can be seen 
as a constant, while other parameters like thrust F, effec-
tive exhaust velocity ce , and propellant type are degrees of 
freedom for optimisation.

By this, the jet power Pjet becomes defined, which 
defines the mass of the respective arcjet thruster. When 
considering the thrust efficiency �Thruster , the required 
output power PPPU,out of the power processing unit (PPU) 
can be calculated to scale the mass of the PPU mPPU . By 
considering the PPU efficiency �PPU , the required input 
power for the PPU PPPU,in defines the output power of the 
photovoltaic system PPPU,out , which mass mPV scales with 
the area-specific input power of solar irradiation E0.

Propellant mass mprop on the other hand is mainly depend-
ent on the required total impulse Itot and considered effective 
exhaust velocity ce . With the density of the considered propel-
lant �prop and the resulting propellant volume, the tank mass 
mtank can be defined.

(19)
mEP = mThruster + mPPU + mProp.+

+mTank + mPV + mStruct.

(20)�EP =
mEP

m0

.

Fig. 17  Generic flow schematic of the electric propulsion system 
model for NH3 and He propellants
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4.3  Scaling of components

In this subsection, the preliminary scaling laws applied to the 
individual components are detailed. The potential of varying 
degrees for refinement of scaling resolution exists in each 
category.

Furthermore, this modular approach can be utilised for the 
more generic extension of the software application, as addi-
tional case distinctions or specialized performance parameters 
can be introduced on any level.

4.3.1  Thruster

To scale the mass of the arcjet thruster mThruster , a dependency 
with the jet power Pjet is required.

The jet power Pjet is defined as

with the efficiency of the thruster

the arcjet thruster input power PThruster,in serves as the basis 
for scaling. For NH3, the efficiency �Thruster,NH3 is within the 
range of 28.3 and 29.3% . Helium achieves much higher effi-
ciencies due to the absence of dissociation and other losses. 
Thus, �Thruster,NH3 reaches between 67.8 and 69.3% . With the 
aid of the arcjet database available to the IRS [104], a linear 

(21)Pjet =
1

2
ṁc2

e
;

(22)�Thruster =
Pjet

PPPU,out

,

interpolated mass estimation for four power classes has been 
obtained

It is assumed that for a power demand of less than 300 W, at 
least the mass of the VELARC thruster of 0.3 kg is taken as 
a conservative assumption. For power consumption between 
300 and 1500 W, the mass of VELARC and the ATOS/
ARTUS [104] thrusters is linearly interpolated, where the 
endpoints of the defined domain are the exact masses of 
the respective thrusters. For up to 10 kW, the MARC [104] 
thruster is used as a reference, while the HIPARC [104] 
thruster serves as a reference for the domain up to 100 kW.

4.3.2  PPU

The power processing unit conditions the supplied power to 
the specific current and voltage rating required to operate 
the arcjet. It is conservatively assumed to have an efficiency 
of �PPU = 92% [116, 117]. While the mass of the PPU mPPU 
scales linearly as follows:

where the empirical constant for the y-intercept and the 
slope has been obtained by linear regression of public data 
of arcjet PPUs [116, 117]. In future work, the mass of an 
attached thermal management system to cope with the PPUs 
heat losses will be considered additionally.

4.3.3  Power generation

Photovoltaic elements generate electric power. As the IRAS 
constellation [98–100] considers a medium Earth orbit, the 
solar constant of E0 = 1361

W

m
 is taken as constant power 

input for the solar cells. Commercially available triple junc-
tion Germanium substrate cells offer an efficiency of at least 
�PV = 29% [118].

A simple scaling law has been extracted from publicly 
available data [118] as follows:

A minor error is introduced as P → 0 W; the mass of the 
power generation system also converges to zero. This error 

(23)

m(P) =

⎧
⎪⎪⎨⎪⎪⎩

0.30 kg � ≤ 0.3 kW,

0.20 kg + 3.33 × 10−3
kg

W
× P �(0.3;1.5} kW,

0.49 kg + 1.4 × 10−4
kg

W
× P �(1.5;10} kW,

0.02 kg + 1.8 × 10−4
kg

W
× P �P ≥ 10 kW.

(24)mPPU(P) = 1.011 kg + 2.465 × 10−3
kg

W
× P,

(25)mSolar array(P) = 1.56 × 10−2
kg

W
× P.

Fig. 18  Parameter inputs and dependencies of implemented electric 
propulsion system model
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can be neglected as low electric power input produces highly 
ineffective electric propulsion systems.

4.3.4  Propellant

The required propellant mass mprop is obtained through 
rearranging the definition for total impulse Itot , which 
is a mission-specific constant and utilising the effective 
exhaust velocity ce

where ce is a function of the jet power of the arcjet Pjet , when 
the mass flow ṁ of Eq. 21 is given.

The mass flow is obtained by

4.3.5  Tank

To scale the tank mass currently, only spherical tanks are 
assumed, while available public data on tank mass, volume 
and operational pressure of Orbital ATK [119] are utilised.

As scaling law, the following equation has been derived:

The exponent of 3
2
 comes from the fact that an area, which 

scales with a power of m2 , is set into relation with a volume, 
which scales with a power of m3.

The following data are implemented for each propel-
lant type.

Helium is stored in fully gaseous form at 300 bar 
operational pressure: m0,He = 2.77 kg , the scaling factor 
aHe = 250.8m

2

3 kg , �He,300 bar = 43.14
kg

m3
.

Ammonia is stored in liquid form. Thus, the follow-
ing data are used: m0,NH3 = 1.45kg , aNH3 = 282.0 m

2

3 kg , 
�NH3,l = 681.9

kg

m3
 . An additional level of scaling resolution 

can be achieved by implementing a full table of available 
tanks with their respective volumes and directly integrat-
ing operational pressures to obtain individually scaled 
propellant densities for specific tanks.

4.3.6  Structure

The structural mass mstruct does not necessarily scale with 
the previous factors that rely on some form of electric 
power scaling, as thrust and mass flows are comparatively 

(26)mprop =
Itot

ce
,

(27)ṁ =
FThruster

ce
.

(28)mTank = m0 + a ×

(
mprop

�prop

) 3

2

.

small and structural loads are mainly given by the launcher. 
Thus, a constant structural mass is considered, which is 
for helium-based concepts assumed as mstruct,He = 0.49 kg 
and for ammonia-based concepts mstruct, NH3 = 0.95 kg . The 
structural mass of a helium-based system is lower, since no 
gas generator is required.

4.4  Concept comparison

The electric propulsion system scaling model is applied to 
compare the different orbital concepts A and B, with utilis-
ing the propellants NH3 and He. Furthermore, a variation of 
ce is considered to analyse whether an increase or decrease 
would benefit the mass fraction �EP.

Scaling of the arcjet system with constant thrust FThruster 
is given in Fig. 19, where a theoretical effective exhaust 
velocity of up to 30 km/s30 km

s
 is considered.

The graph of Fig. 19 demonstrates that in both orbit trans-
fer cases, the ammonia-based concepts are superior in terms 
of �EP as 20–25% is achieved. Compared to a helium-based 
system for current designs—marked as red cross—mass 
fractions of 50 and, respectively, 70% of the total system 
mass are required.

Furthermore, it can be obtained that the break-even point 
for a helium-based arcjet system for this configuration and 
the orbit transfer of concept B requires at least a ce of 15 km

s
.

Additionally, all current designs do profit from an 
increase of ce , while helium-based systems can experience 
a significant performance increase, the benefit for ammonia-
based systems is comparatively low. For the convenience 
of analysis, a black dashed line has been added to mark a 
10% area around the theoretical achievable optimum. It is 

Fig. 19  Mass fraction comparison of concept A and B orbital trans-
fers for NH3- and He-based arcjet systems for variations of effective 
exhaust velocity



346 M. Ehresmann et al.

1 3

important to emphasize that the domain around the minima 
is rather flat. Thus, no significant increase or decrease in ce 
will significantly change the achievable �EP.

For both ammonia-based concepts, the systems are 
already in the vicinity of this domain.

4.5  System component analysis

The implemented scaling model can furthermore be uti-
lised to analyse the scaling of the individual components. 
In Figs. 20, 21,22m and 23, the electric propulsion system 
mass fraction �EP is normed to 1 and the components of the 
constituting sub-systems depicted as a fraction thereof. For 
the convenience of the reader, a black vertical line is given 
to indicate the actual minimum of each system configuration, 
as the information of the overall minimum cannot be read 
from the graphs.

Figures 20 and 22 show a similar trend as both consider 
the same propellant ammonia. The contributing masses, 
when approaching the theoretical optimum is a decreasing 
propellant mass and an increasing solar panel mass, as the 
required power increases proportionally with the square of ce 
(see Eq. 21). The relative tank mass does slightly decrease, 
while the PPU mass becomes increasingly relevant. Thruster 
and structural mass do not significantly impact the system as 
their combined contribution is approximately less than 5%.

When analysing the trends of the helium-based systems 
in Figs. 21 and 23, another pattern becomes evident. For a 
large fraction of the total ce domain, the mass of the propel-
lant tank is a significant contribution, while the solar panel 
mass becomes relevant for very large ce.

The propellant mass of helium has a moderate influence 
due to the fact that it can achieve high efficiency when uti-
lised in an arcjet, but this advantage is for most applications 
negated by a required large tank mass.

Structural and thruster masses are similarly small as in 
the ammonia-based concepts. The difference between orbital 
transfer concept A and B is significant as the theoretical 
optimum lies at ce = 30

km

s
 , while for concept B, “only” 

ce = 26
km

s
 is required, making the system sensitive to 

changes in required total impulse Itot.

Fig. 20  Mass fraction of individual components of the electric pro-
pulsion system based on NH3 for constant thrust and variation of c

e
 

for orbit transfer concept A. Theoretical optimum at approx. 10 km/s 
is indicated

Fig. 21  Mass fraction of individual components of the electric pro-
pulsion system based on He for constant thrust and variation of c

e
 for 

orbit transfer concept A

Fig. 22  Mass fraction of individual components of the electric pro-
pulsion system based on NH3 for constant thrust and variation of c

e
 

for orbit transfer concept B. Theoretical optimum at approx. 8 km/s 
is indicated
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5  Evolutionary algorithm

Up until this point, the thrust FThruster of the arcjet has been 
neglected as a degree of freedom. For the permitted thrust 
domain, a minimum of FThruster,min = 0.01 N and a maximum 
of FThruster,min = 0.1 N are chosen. Thus, the optimisation 
problem presents itself as 4 dimensional, with the param-
eters ce , F, propellant type and transfer orbit concept. The 
fifth dimension is the resulting mass fraction �EP when the 
input parameters mentioned above are defined.

A simple evolutionary algorithm with a mutation and 
selection mechanism has been developed to solve this mul-
tidimensional optimisation problem.

5.1  Fitness landscape

A fitness landscape is a representation of the available 
hyperspace of traversable design solutions. Design points 
will traverse this landscape as they are changed and try to 
optimise their configuration.

To be able to visualize and verify the performance of the 
evolutionary algorithm, a full fitness landscape is first calcu-
lated and plotted in Fig. 24. This figure already illustrates that 
although a simple scaling model is applied, the determination of 
optimal solutions is already non-trivial, as a complex 3D inter-
section exists between individual conceptual hyperplanes.

A minimal fitness landscape can be generated for better 
understanding when the current minimum hyperplane is A 
minimal fitness landscape can be generated for better under-
standing when the current minimum hyperplane is consist-
ently taken to produce a unified mesh. The resulting unified 
minimal hyperplane is given in Fig. 25.

When colouring the resulting plane for propellant ammonia 
in green and helium in purple, one can obtain a clear demar-
cation line, where each respective propellant concept system 
offers a beneficial—i.e., lower—electric propulsion system 
mass fraction �EP . It is shown that for arcjets that are capable to 
produce less than ce = 10

km

s
 , ammonia is the advantageous pro-

pellant. For very high ce and high thrust applications, helium-
based arcjet systems can be considered favourable.

5.2  Mutator

A mutation is required to improve a given design point with 
an evolutionary mechanism incrementally. A mutation is 

Fig. 23  Mass fraction of individual components of the electric pro-
pulsion system based on He for constant thrust and variation of c

e
 for 

orbit transfer concept B

Fig. 24  Full five-dimensional fitness landscape. Blue plane—concept 
A ammonia. Green plane—concept A helium. Red plane—concept B 
ammonia. Light blue plane—concept B helium

Fig. 25  Minimal fitness landscape of scaled EP system for variation 
of c

e
 and F. Green area—Ammonia systems. Purple area—Helium 

systems
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here defined as a random variation of defined parameters. 
In this case, specific exhaust velocity and ce the thrust F, as 
well as the propellant type, are mutated.

For the first two parameters that are of numerical type, 
the following equation has been developed:

with the random integer a of either one or two, which ran-
domly determines whether x is increased or decreased.

The variable b is a random integer that decides the maxi-
mum increment a mutation can achieve.

Currently, it is arbitrarily set to b = 100 . The individual 
step size can be anything from 1 to a 100−fold of a permitted 
minimal increment. This parameter allows realising similar 
behaviour, as shown in Fig.2, and the Boltzmann probability 
density given in Eq. 2 by permitting varying of mutation or 
jump ranges to overcome local minima. Large b allows for 
jumping over larger minima areas. Adaptive behaviour will 
be implemented in an upcoming ESDC version.

The parameter c determines the maximum span of 
allowed parameters, which is in the case of cce = 30, 000

m

s
 

and for thrust cF = 0.09 N.
The parameter d is an arbitrary constant to reduce the 

span of c and reduce the mutation step size to a practical 
level. It is currently set for the effective exhaust velocity 
dce = 10−4 and for thrust dF = 10−3.

A reset to the respective boundary value is implemented 
in the case of mutations that occur beyond the permitted 
parameter space. As a result, the statistical probability of a 
population member reaching a boundary is increased.

A categorical mutator is required in the case of propellant 
type mutation or more complex implementations technology 
types (e.g., arcjet vs grid ion thruster vs cold gas thruster). 
A categorical mutator can be as simple as picking a random 
integer from the number of available options.

It has to be noted that significant potential for improve-
ment exists by further developing the permitted mutation 
principle, as the arbitrary nature of the constants b and d 
should be avoided as subjective human influence is intro-
duced by it. Furthermore, it is not necessarily required that 
these parameters are constant, as reiteration after a certain 
generation number, convergence quality or with respect to a 
localized area solution can be developed and implemented, 
described in the section on simulated annealing.

5.3  Selector

Evolutionary optimisation is lead by random mutation 
followed by targeted selection. It is critical to remove 
the human element from this process. Thus, the objec-
tive criteria of �EP has been determined to be useful for 
selection.

(29)x2 = x1 + (−1)a × b × c × d,

In the current form, a simple selection of improved points in 
the following form is implemented to determine successively 
improving parameter sets S:

It is critical to note that the ≤ sign in the first line of Eq. 30 
should be favoured compared to > as equal solutions with 
changing input parameters are more likely to find new 
optima than static design points serendipitously.

For the point of suitable selection mechanism, a great 
potential for variation exists. For example, complete genera-
tions with low development performance can be selected 
for termination to reduce the overall computing power. To 
achieve the reduction, the global performance span of the 
current generation of design points and a certain fraction on 
the lower performing end is successively cut off. Alterna-
tive selectors might consider the current speed of improve-
ment—i.e., evolution rate—of individual lineages.

5.4  Application

This simple evolutionary algorithm is now applied to the 
arcjet scaling model. As initial starting points or seeds, an 
equally spaced grid of three points within the ce domain, as 
well as the F domain, is utilised. This initial set is doubled 
by considering both propellant types for all of these initial 
seed points. Thus, generation 0 of solutions consist of 18 
individual seed points.

The results of 10, 100, and 1000 successive generations 
of evolution are visible in Figs. 26, 27 and 28, where multi-
ple interesting effects can be observed. First, the “squiggly” 
behaviour of a single lineage in Figs. 27 and 28 is exactly the 
expected behaviour by a random input parameter mutation. 
Furthermore, the consistent movement “downhill”, most 
notable in Fig. 28, demonstrates that the selection mecha-
nism works as intended. Overall, a minimisation in thrust for 
minimisation of the mass fraction can be expected. Expected 
ranges of ce like shown in Fig. 19 are equally confirmed 
when initial seed points are in the vicinity before thrust opti-
misation effects become dominant.

For half of the initial seed point population, an initial ver-
tical “drop” of a starting point on the minimum plane can be 
seen after ten generations in Fig. 26. This is explained by a 
mutation of propellant type input to a more optimal solution.

Another interesting effect can be observed in Fig. 27 and, 
more notably in Fig. 28, where lineages switch from the 
helium domain to the ammonia domain. When considering 
the propellant type demarcation hill shown in Fig. 25, this 
can be counter-intuitive. For an evolutionary algorithm of 
infinitesimal improvement increments, this hill should not 

(30)Snew =

{
Smutate | 𝜇EP,1 ≤ 𝜇EP,2,

Sold | 𝜇EP,2 > 𝜇EP,2.
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be passable, as “moving uphill” would require intermediate, 
less optimal solutions.

It is evident that the algorithm is still capable of optimis-
ing the electric propulsion system beyond this obstacle. The 
capability is given by the fact that the step size is finite and 
not infinitesimal (see Eq. 29 and parameter b). A sufficiently 
large mutation range is thus recommended to allow for navi-
gation in complex optimisation spaces.

The explicit result of this analysis is that an electric 
propulsion system mass fraction of �EP = 0.0955 can 
be achieved for an ammonia-based arcjet thruster with 
a thrust of F = 0.01 N and an effective exhaust veloc-
ity of ce = 17364

m

s
 . It needs to be admitted that this ce 

is unrealistically high for the current state-of-the-art sys-
tems, but it indicates that a larger ce is favourable for an 
arcjet-based system. Constraining the permitted ce domain 
to realistic values allows generating another optimal and 
more realistic solution. The ATOS thruster of the IRS 
with an effective exhaust velocity of ce = 6200

m

s
 is used 

as a realistic reference [120], which will produce the solu-
tion for ammonia, orbit transfer concept B, and a thrust of 
F = 0.1 N and electric propulsion system mass fraction of 
�EP = 0.1380.

5.5  Additional validation and analysis

For additional validation, another propulsion technology 
was added to the database. Here, radiofrequency thrusters 
(RIT) produced by ArianeGroup [121] have been added to 
the component database. The RIT thruster family varies 
in available thrust from 50 �N to 215 mN , with a specific 
impulse of Isp = 1900  s up to Isp = 3500  s, while power 
demand starts at less than 50W and can rise up to 5300 W. 
The available propellant is Xenon; the respective density has 
to be considered for tank design. Thruster and PPU masses 
are given and are overall larger than respective arcjet thruster 
and PPU masses.

It is expected that the RIT higher Isp leads to propellant 
mass savings, which has to offset the increased thruster and 
PPU mass to be a beneficial design.

For the next test, 1000 population members have been 
initialized for the two previous cases, A and B. A large popu-
lation size will slow down the simulation, but allows for 
further assessment of the implemented algorithm.

Fig. 26  Application of evolutionary algorithm with 18 equally spaced 
seed points over 10 generations. A quick drop from initial seed points 
to the minimal plane is visible

Fig. 27  Application of evolutionary algorithm with 18 equally spaced 
seed points over 100 generations. Consistent convergence from initial 
seed points to optimal c

e
 and F convergence is visible

Fig. 28  Application of evolutionary algorithm with 18 equally spaced 
seed points over 1000 generations. Consistent convergence from the 
centre of the parameter space to a minimum thrust configuration is 
visible



350 M. Ehresmann et al.

1 3

In Fig. 29, the convergence behaviour of the EA can be 
observed, while a minimum of 10 generations is required 
to achieve convergence at 16 generations, almost half of all 
lineages have already converged. As shown in Fig. 29, the 
subsequent convergence behaves asymptomatic. As a result, 
all lines converge completely at 51 generations. It can be 
deduced that faster simulation speeds can be achieved if the 
simulation is terminated before all lines converge. Reducing 
the number of converged linages offers linear improvement 
in simulation speed.

For case A, the newly introduced grid ion thruster is now 
the favourable system, correctly identified by 290 of the 
1000 population members of this case. In fact, the result 
is acceptable, since even a single globally optimal lineage 
would be sufficient to achieve global optimality. This further 
shows that for the given convergence condition of 10 unsuc-
cessful mutations, only 29 % find the global optimum. An 
increase of the convergence number is possible, shifting the 
curve shown in Fig. 29 to the right, increasing computation 
time linearly while increasing the chance for a global opti-
mum determination.

The ideal system configuration now considers the RIT 
10 EVO while being operated at a maximum Isp = 3200 s 
with supplied electrical power of 187 W and generating 
5 mN thrust, which is in agreement with the given data sheet 
[121]. The next best solution is, as previously identified, an 
ammonia-based arcjet.

For case B, the mass saving by higher Isp does not exceed 
the added hardware mass, and an ammonia-based arcjet sys-
tem is still favourable.

5.6  Updates in modelling and automation

The capabilities of the ESDC tool have seen significant 
improvements beyond the simple modelling of various arcjet 
propulsion system design and evaluation.

The tool can now handle an arbitrary number of electric 
propulsion system technologies [98, 100], which means that, 
for example, it is automatically detected, when a grid ion 
thruster system is added to the extendable database, which 
automatically is associated with respective power supply 
units.

New degrees of freedoms in designs can be manually 
added to a definition file, which automatically is included 
in the evolutionary algorithm. Updates to the database are 
detected automatically, and respective scaling law updates 
are performed. Correlations for system components are now 
performed the same way as described in Sect. 2. Numerical 
limits for mutation ranges are automatically derived from 
database values (e.g., propellant and thruster dependent min. 
and max. ce).

Automatic output handling in Figure and Video format 
was added [100].

A full-system design evaluation is pending, as all specific 
sub-systems models have to be implemented and tested first.

6  Conclusion

A generic full-system estimation model was discussed. The 
model is based on heuristics of flight heritage spacecraft 
database with automated scaling law derivation to enable the 
first-order estimations of all relevant spacecraft data, with 
little initial knowledge on the designed mission. The tool 
is already in prototype use in the IRAS Digital Concurrent 
Engineering platform as an expert tool for mission and sys-
tem design problems.

Additionally, a generic model for scaling an electric pro-
pulsion system at the example of an arcjet-based system has 
been developed. The model relies on scaling laws that hinge 
on data and performance parameters from available hard-
ware. The scaling model aids in deciding for performance 
parameters like desired thrust, effective exhaust velocity and 
propellant type. Furthermore, the scaling model can be used 
to analyse the component-wise contribution of each sub-
system mass to the total electric propulsion system mass and 
indicate where further developments are useful for an effec-
tive decrease in the total mass or respective mass fraction.

A simple evolutionary algorithm has been developed to 
navigate the multidimensional space for determining suc-
cessively optimal solutions for sub-system configurations, 
which two examples have demonstrated.

Fig. 29  Convergence behaviour of 1000 lineages for two distinct 
cases over subsequent iterations. Convergence is determined here-
after 10 unsuccessful mutations. More than half of all lineages con-
verge after 20 generations, while full convergence of all lineages is 
achieved after 51 generations
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7  Outlook

With the upcoming full implementation of all sub-system 
correlations and filling of the respective component data-
base, a detailed system design and mission analysis will be 
possible with the aid of evolutionary algorithms.
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