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4.1 Global multi-objective optimization 99

4.1.4 Test case: lunar space station system

In this subsection we consider the test case related to the delivery of a Lunar space station in
low orbit around the Moon. The main objective is to demonstrate that even in the presence of
models with a large number of design variables and discontinuous system architectures, MOO
algorithms can help the engineering team in narrowing down the search space to the optimal
solutions belonging to the Pareto front, (?).

An orbiting space station is an outpost that is placed in an orbit around a celestial body
(e.g., Earth, Moon or Mars). The first space station ever built was the Soviet Salyut 1, which
was launched in 1971, about two years before the launch of the American Skylab. Salyut 1, just
like Skylab, was launched with the main purpose of enabling space science and experiments,
astronomical observation, and the study of the effects of long-duration space-missions on the
human being. From 1971 to 1982 seven Salyut space stations, with progressively improving
performance, were launched. The Russian Mir space station followed Salyut and Skylab. Suc-
cessively, the ISS (International Space Station) that is still operating, was launched and oper-
ated for more than a decade so far. The future of human space exploration is being discussed
by space agencies and governments nowadays. The purposes and the final destination of man
in space will depend on many aspects. The global economical health is certainly amongst the
most influential. Currently, human exploration of the Moon, Mars and of NEOs (near Earth
objects) represents the main stream of effort in human exploration.

As an example of MOO applied to the design of a space system, we consider the design
of a mission scenario for deploying an orbiting lunar space station as a contribution to the
human exploration of the solar system programme. A lunar space station could potentially be
a way of extending human scientific research opportunities, and to support more ambitious
space exploration programmes. Further, an orbiting station around the Moon could represent
an outpost for permanently supporting potential activities on the surface, and a departure
station for planetary exploration. Nowadays, the concept of space tourism is becoming more
concrete, and a lunar space station could represent an economically viable option. The study
presented here takes into account the design of a lunar space station as a system, and the
mission architecture implemented to deploy the station in a lunar orbit. Starting from the
mission objectives and the major high-level requirements, different scenarios are evaluated
on the basis of their feasibility and their performance. The design method is developed in
two major steps. The first step consists of the generation of the different mission architectures
with the definition of the systems and the phases, during the mission, in which they will
be needed. The systems considered here comprehend modules for human support in space
and propulsion modules. The second step consists of the evaluation of the performance of
each system configuration. The details of the mission-architecture models and the system
models are provided in Appendix C. The analysis is performed to minimize the overall cost
of the mission and maximize system global functionality. The system global functionality, F,
indicates the potentiality of the space station to deploy scientific experiments, and to provide
functionalities as a node (i.e., to allow for docking of other systems). It also represents the
space-station scalability. These characteristics have been hypothesized as proportional to the
pressurized volume, to the number of crew members, to the duration of the permanence of the
astronauts in the space station, to the number of hatches, and to the number and the mass of
the racks. It is calculated as the product of the global system functionality f and the mission
success ratio, p: F = f · p.

In Figure 4.10, we show the results obtained with the MOO algorithm described in Section
4.1.1, i.e., MOEA/D. The Pareto front is obtained by MOEA/D using the design factors pre-
sented in Table 4.3.All solutions tend towards the upper-left corner of the graph, i.e., the point
with minimum cost and maximum mission-functionality index. As expected, for all the points
on the Pareto front it is not possible to improve one objective without worsening the other.
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Intervals
Design Variables Code Type Min Max Levels

Type of Mission [-] A Disc. 1 10 10
# of Launches [-] B Disc. 1 2 2
# of Crew members [-] C Disc. 3 6 4
Volume distribution
Node/SM

[-] D Cont. 40% 60% −

# of Hatches SM [-] E Disc. 1 5 5
# of Hatches Node [-] F Disc. 1 5 5
# of Hatches IM [-] G Disc. 1 5 5
SM Diameter [m] H Cont. 3.5 5.5 −
Node Diameter [m] I Cont. 3.5 5.5 −
IM Diameter [m] J Cont. 3.5 5.5 −
# of Racks SM [-] K Disc. 4 10 7
# of Racks Node [-] L Disc. 4 10 7
# of Racks IM [-] M Disc. 6 18 13
Moon Orbit Altitude [km] N Cont. 80 150 −
Mission Duration [days] O Cont. 25 35 −
ISP SM [s] P Cont. 250 350 −
ISP IM [s] Q Cont. 250 350 −
Min. Habitable Volume [m3] R Cont. 35 45 −
Racks SM mass [kg] S Cont. 160 200 −
Racks Node mass [kg] T Cont. 160 200 −
Racks IM mass [kg] U Cont. 160 200 −
Max. Power Required SM [kW] V Cont. 8.5 11.5 −
Max. Power Required IM [kW] W Cont. 8.5 11.5 −
ISP TM [s] X Cont. 350 450 −

Table 4.3 Design factors used in the simulations and relative design intervals.
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Figure 4.10 Numerical Parteto-front of the Cis-lunar space station problem.

Therefore, all solutions in Figure 4.10 are optimal solutions. It is up to the engineering team,
at this point of the analysis, to select the most suitable design. The obtained Pareto front is
discontinuous in the Cost objective. This means that starting from Solution3 an improvement
in the mission-functionality index can only be obtained at a much higher cost. Indeed, the op-
timal solutions are obtained from two mission architectures, namely the second (Figure C.2(b))
and the fifth architecture (Figure C.3(a)), with architecture 5 being in general more expensive,
but more functional than architecture 2 (Cardile, 2013).

In the discussion of the results we will refer to the 1st leg of the Pareto front indicating
those solutions obtained with architecture 5, and to the 2nd leg of the Pareto front for those
obtained with the second architecture. In the first leg of the Pareto front, the solutions go
from a high-cost and high-mission-functionality index, Solution 1, to a lower cost and lower
mission-functionality index Solution 2 with the variable trends described in Table 4.4.

A detailed analysis of the model demonstrated that the number of hatches is the parameter
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Design Variables Code Sol.1 Sol.2 Sol.3 Sol.4 A1-A10

Type of Mission A 5 5 2 2 1-10
# of Launches B 1 1 1 1 1
# of Crew members C 6 6 6 3 6
Volume distribution Node/SM D 0.5 0.5 0.5 0.5 0.5
# of Hatches SM E 5 2 − − 5
# of Hatches Node F 6 1 − − 6
# of Hatches IM G − − 5 1 3
SM Diameter [m] H 5 5 − − 5
Node Diameter [m] I 5 5 − − 5
IM Diameter [m] J − − 5.5 5.2 5.5
# of Racks SM K 10 10 − − 10
# of Racks Node L 10 10 − − 10
# of Racks IM M − − 18 6 17
Moon Orbit Altitude [Km] N 100 100 100 100 100
Mission Duration [days] O 35 34 35 25 35
ISP SM [s] P 250 250 − − 350
ISP IM [s] Q − − 270 250 350
Min. Habitable Volume [m3] R 40 40 40 40 40
Racks SM mass [Kg] S 187.5 187.5 − − 187.5
Racks Node mass [Kg] T 187.5 187.5 − − 187.5
Racks IM mass [Kg] U − − 187.5 187.5 187.5
Max. Power Required SM [KW] V 10 10 − − 10
Max. Power Required IM [KW] W − − 10 10 10
ISP TM [s] X 450 450 450 450 450

Table 4.4 Design-variable settings for 4 optimal solutions of the Cis-lunar space station problem.
The last column gives the parameter settings for the non-optimal mission architectures,
namely A1, A3, A4, A6, A7, A8, A9, A10.

that influences the solutions in that region of the design space most. Many hatches make sure
that the space station is more flexible, allowing for increased capabilities in supporting dock-
ing and un-docking of more space elements, e.g., crew vehicle, space heaven and supporting
vehicle all at the same time. On the other hand, the mass-on-orbit increases with the number
of hatches and so does the overall design complexity, leading to an increased cost figure-of-
merit. The second leg of the Pareto front, instead, presents solutions with a decreasing cost
and mission-functionality index going from Solution 3 to Solution 4 with the trends shown in
Table 4.4. The number of crew members, the duration of their mission on-board of the space
station and the number of racks for scientific experiments affect the objectives most, in this
region of the design space. The mission-functionality and the cost decrease for a decreasing
trend of all these three variables. The diameter of the integrated module is responsible for the
volume available on board. The mission-functionality and the cost decrease also, because of
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Figure 4.11 Comparison of all the architectures in the objective space.
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this design variable that gets smaller. The results demonstrate that a Skylab-like space station,
thus with a single volume, performs better than a multi-module space station in most of the
cases. A dual-volume space station would allow for an increased level of the performances,
only at a much higher cost. In Figure 4.11, we illustrate the Pareto front obtained for this anal-
ysis, together with the performance of other mission architectures. The settings of the design
parameters for the mission architectures A1, A3, A4, A6, A7, A8, A9 and A10 are given in the
last column of Table 4.4. A detailed description of the mission architectures is provided in
Appendix C. The results in Figure 4.11 demonstrate that the mission architectures that were
not identified as optimal, present worse performance if compared to these considered opti-
mal, instead, i.e., A2 and A5. In fact, in Figure 4.11 the non-optimal mission architectures all
lag behind the Pareto front.

4.2 Pareto Robust Optimization Algorithm

Even though excellent results can be obtained using evolutionary algorithms, there is no math-
ematical proof that the final solution is the true Pareto front, PFtrue. This is mostly due to com-
putational limitations and problem complexity, as demonstrated by Nakamura et al. (2006) and
Izui et al. (2007).

Therefore, many authors working with global multi-objective algorithms suggest that a
local analysis should be performed for each solution belonging to the known Pareto front
(Kennedy et al., 2001; Deb, 2001; Coello Coello et al., 2007). The front obtained with an MOO
algorithm is usually referred to as PFknown that represents the best approximation of the Pareto
front computed by the algorithm. Post-optimality studies should therefore be performed to
improve convergence of PFknown towards PFtrue. Further, it is important to point out that
from an engineering point of view not all optima are equal, not even those on the Pareto
front. Some optima could be the result of a particular combination of design variables that
will exhibit a steep drop in performance when the levels of these variables are only slightly
modified. Especially during preliminary design of space systems, the design variables are only
frozen after several design iterations. Thus, there is a risk that the selected design baseline may
suffer from performance degradation in subsequent phases of the design cycle. In this sense,
a more Pareto-robust solution can be considered a less risky one.

In this section we propose an approach for post-optimality studies to assess the robust-
ness of the Pareto-optimal solutions, computed with an MOO algorithm, that contributes to
improving convergence of PFknown towards PFtrue. At the same time it provides graphical
information regarding sensitivity and design-space shape to the design team. This is obtained
by coupling the results coming from an MOO algorithm with the local approach described
in Chapter 3. The Pareto Robust Optimization Algorithm proposed here can in principle be
implemented considering a Pareto front obtained by any Pareto-generating technique (?). As
will be demonstrated later, Pareto Robustness is based on the dominance principle, which is a
general concept independent from any specific optimization algorithm.

4.2.1 Description of the PROA approach

The main idea behind PROA is to perform post-optimality studies on the Pareto front by using
the Augmented Mixed Hypercube described in Chapter 3. In PROA, the central point of the
AMH represents the design vector corresponding to a single point on PFknown. The other
points are derived in all dimensions by scattering the design-variable levels on the basis of a
certain percentage of the variability ranges

[
x
(L)
i , x

(U)
i

]
, usually 5-10 %. This percentage shall
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Figure 4.12 Schematic representation of the Euclidean-distance operator.

be carefully selected by the design team, on the basis of the accepted range of design-variable
variation within which degradation of the performances is expected, or not.

For each element of the PFknown, the design vectors of the local AMH are evaluated and
the Pareto-robustness is computed. The concept of Pareto-robustness is explained in terms of
Euclidean distance of the design vectors in objective space, taking constraints into account.
The Euclidean distance between two vectors a ∈ [a1, a2, . . . , aM ] and b ∈ [b1, b2, . . . , bM ] in an
M-dimensional space can be computed as follows:

d (a,b) =

√√√√ M∑
i=1

(ai − bi)2 (4.4)

In Figure 4.12 a two-dimensional schematic representation of the rule used to compute
the Euclidean distance to PFknown is shown. The rule is implemented considering a non-
dimensional objective space and PFknown. If an AMH-generated vector is non-dominated,
then the Euclidean distance between that vector and the closest Pareto-optimal solution is
computed, as in the case of P1-S1 and P2-S2 of Figure 4.12. The closest Pareto-optimal solution
is now determined between the vector of interest and all the Pareto-optimal solutions. In case
an AMH-generated vector is dominated, instead, the M closest Pareto-optimal solutions to the
vector of interest are determined as a first step. In Figure 4.12 P2 and P3 represent the closest
Pareto-optimal solutions to D1, D2, and D3. Therefore in this case M is equal to 2. The distance
from the PFknown is then computed using Eq. (4.4) in the improving direction of each single
objective towards the local nadir points.

The local nadir points are the vectors made of the upper bounds
of each objective, restricted to the M Pareto-optimal solutions, Nk =
[max (P1 (f1) , P2 (f1) , . . . , PM (f1)) , . . . ,max (P1 (fM ) , P2 (fM ) , . . . , PM (fM ))], where P (fi)is
the ith dimension (i.e., the ith objective) of the vector P and [P1, P2, . . . , PM ] are the M closest
Pareto-optimal solutions to a certain AMH-generated vector Di. The Euclidean distance
is computed for each non-dominated AMH-generated vector Di iteratively, adding a con-
tribution to the distance considering one dimension at a time. For each objective fj , with
j = [1, 2, . . . ,M ], a contribution is added according to the following rule:



104 Global Design Approach

f2

1

f1

d1 d2 d3

AMH

Feasible point
Infeasible point

Figure 4.13 Schematic representation of the procedure to compute the amount of constraint
violation Ψ.

d (Di, PFknown) =d (Di, PFknown) +{
[Di (fi)−Nk (fj)]

2 , if Di (fj) > Nk (fj)

0, otherwise

(4.5)

Once the contribution from all the dimensions has been added, the square root of
d (Di, PFknown) is taken as the final value for the Euclidean distance between Di and PFknown.
Following this rule, for instance the distances of D1, D2, and D3 from PFknown are computed
as follows (see Figure 4.12):

d (D1, PFknown) =

√
0 + [D1 (f2)−max (P2 (f2) , P3 (f2))]

2 (4.6)

d (D2, PFknown) =

√√√√ [D2 (f1)−max (P2 (f1) , P3 (f1))]
2 +

[D2 (f2)−max (P2 (f2) , P3 (f2))]
2

(4.7)

d (D3, PFknown) =

√
[D3 (f1)−max (P2 (f1) , P3 (f1))]

2 + 0 (4.8)

The distance d of non-dominated solutions to PFknown is considered to be negative to pre-
fer design regions in which PFknown can be improved. Further, for each AMH-generated de-
sign vector the degree of constraint violation, Ψ, is added to the distance computed with Eq.
4.5 to penalize design regions that may generate infeasible solutions. Ψ is computed for con-
straints in both the non-dimensional design and objective space, and is equal to the amount
by which the constraint is violated. This is computed, for each constraint, as the distance
between the point in the objective space that violates the constraint and the constraint limit.
In the schematic case presented in Figure 4.13 the amount of constraint violation would be
computed as Ψ = d1 + d2 + d3.

The Pareto Robustness figure of merit is thus computed taking into account two contribu-
tions, namely the Euclidean distance from PFknown and the degree of constraint violation Ψ of
all the AMH points:

PR =

NAMH∑
j=1

[d (aj , PFknown) + Ψj ] (4.9)

where NAMH is the number of AMH-generated design vectors. In Figure 4.14, a schematic
of the Pareto Robustness concept is shown, using a 2-dimensional design space and a 2-
dimensional objective space. The Pareto-optimal solutions D and E found during the global
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Figure 4.14 Pareto-Robustness concept. See text for explanation.

optimization phase are analyzed using the AMH method. Each AMH-point in the design
space corresponds with a point in the objective space. The local phase of the proposed ap-
proach searches for those solutions on PFknown that give close-to-optimal, Pareto-improving,
and constraint-meeting solutions when design-variable levels are perturbed from the original
Pareto-optimal point. There can be cases in which the central point of the AMH in the design-
space must be moved, prior to execute the simulations, to avoid exceeding the boundaries of
the design variables (see Figure 4.14, solution E). Shifting the AMH still allows determining
the robustness of roughly the same design region, and includes the original Pareto-optimum
solution.

The statistical variance of the objectives in the objective space could also be used as an
indication of the variability of the objectives with respect to the nominal value. Indeed, statis-
tical mean and statistical variance are sometimes used in the literature for this purpose, see for
instance Deb and Gupta (2005); Jin and Branke (2005a). The main drawback of the direct use
of statistical mean and variance is that, from a Pareto perspective, it may result in misleading
indications. Consider, again, the schematic example of Figure 4.14. The statistical variance
of the data generated by computing an AMH around solution D and E is the same (see the
shadowed ellipses). However, the Pareto-robustness of solution E is much higher than the
Pareto-robustness of solution D. This is indicated by the smaller distances of the design points
from PFknown, by the fact that the constraints are never violated and by the fact that three
solutions (i.e., the square symbols) are better than these on PFknown de-facto pushing PFknown
towards PFtrue. At this stage of the local approach an improved Pareto front may have been
obtained and all optimal solutions have been ranked according to their Pareto-robustness. The
risk of obtaining far-from-optimal solutions in case of uncertainty (programmatic or technical)
in the determination of the design variables is mitigated if the design team decides to steer for
the more Pareto-robust areas of the design space.

To better support its decisions and to provide more insight in the system behavior in one
particular region of the design space (most likely regions with a high Pareto-robustness rank-
ing), the data coming from the AMH analysis of the selected solution are re-used to compute
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the Regression Based Sensitivity Analysis, as presented in the previous chapter of this thesis.
The complete algorithm for PROA is schematically summarized in Figure 4.15. The PROA
algorithm iterates over all solutions on PFknown, and this is represented by the outer loop
number 1 in Figure 4.15. For each Pareto-optimal solution, an AMH is created around it, and
the objectives and constraints are computed for each AMH-generated sample point. The inner
loop number 2 in Figure 4.15 iterates over all AMH-generated sample points computing the
degree of constraint violation and the distance to the Pareto front as discussed before. Once
all the Pareto-optimal solutions are analysed, an improved PFknown and information regard-
ing sensitivity and shape of the design space around each of the Pareto-optimal solutions is
available to the engineering team.

4.2.2 Validation of PROA

In this section three validation examples are presented to demonstrate the performance of
PROA to identify robust and non-robust solutions on PFknown. The first example is an un-
constrained multi-objective problem initially proposed by (Deb, 1999), modified by (Tan et al.,
2003), of which we consider a further modification. The problem statement is:

Maximize f (x) =
[
x1,

1
x1

∏3
j=1 gj

]
where 0.1 ≤ x1 ≤ 1.5 and 0 ≤ xj ≤ 1.5

gj = 2.02− exp
[
−
(
xj−0.1
0.015

)2]
− 1.0175 · exp

[
−
(
xj−0.9
0.4

)2]
∀j = 2, 3, 4

(4.10)
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For the second test problem, three constraints have been added to the previous one:

gj < −exp
[
(xj − 0.2)3

]
+ 4

∀j = 2, 3, 4
(4.11)

The PF presented in Figure 4.16(a) is obtained using a population size of 40 with 200 gen-
erations. Using PROA an analysis is performed on PFknown and the results are presented in
Figure 4.16 (b) and (c). For each Pareto-optimum point, the design variables are dispersed with
5% of their interval, according to the AMH structure, obtaining the design vectors represented
by the black squares (Figure 4.16(b)). Finally, the most Pareto-Robust and least Pareto-Robust
solutions are determined. The triangles and the diamonds represent the objective-vectors ob-
tained from all the design vectors determined by the AMH in correspondence of these most
and least Pareto-robust solutions, respectively. The most Pareto-Robust solution is obtained
with x1 = 1.5 and x2,3,4 = 0.9. The least Pareto-Robust solution is obtained with x1 = 0.1 and
x2,3,4 = 0.1, instead. This is an expected result due to the structure of the problem. Indeed,
in Figure 4.17(b), neglecting the constraint for now, the shape of the function gj confirms that
the optimal solutions are obtained with x2,3,4 = 0.1 or equivalently x2,3,4 = 0.9, but the min-
imum obtained with x2,3,4 is much steeper (thus less robust) if compared to the minimum in
correspondence of x2,3,4 = 0.9. Further, the modification of x1 when it is closer to its upper
bound causes the AMH-generated vectors to be closer to the PF if compared to the case when
is closer to its lower bound. The black circles in Figure 4.16 (see the zoom-in of Figure 4.16(c))
show that PROA, during its search for Pareto-Robust solutions, is also capable of providing
additional Pareto-optimal solutions.

The three constraints added for the second test problem cause the results to be completely
overturned. As shown in Figure 4.17(b), the exponential function(s) intersects the gj func-
tion(s) very close to 0.9, which is the location for which the most Pareto-Robust solution was
found in the unconstrained case. Indeed, for the second test problem, the least Pareto-Robust
solution is obtained with x1 = 0.1 and x2,3,4 = 0.9. This variables setting causes many of the
AMH-generated design vectors to violate the constraints, as represented by the cross symbols
in Figure 4.17. The most Pareto-robust solution, in this case, is represented by the steep peak
( x1 = 1.5 and x2,3,4 = 0.1 ) because it is the one that causes no constraint violations, amongst
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Figure 4.16 Results for MOO and PROA with test problem 1.
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Figure 4.18 Results for MOO and PROA with test problem 3.

the Pareto-optimal solutions, with the AMH-generated vectors closer to the PF (since x1 is at
its upper bound).

The third and last test problem considered in this section is the DTLZ6 problem introduced
by Deb et al. (2005). It is a multi-objective problem presenting a non-convex one-dimensional
Pareto front with 10 variables in total, and three objectives. The results of the analysis using
a population size of 40 with 500 generations and PROA are presented in Figure 4.18. The
problem presents solutions that are spread out (from each other and from the PF) as they get
farther away from the f3 axis. PROA correctly identified this underlying behavior since the
most Pareto-Robust and the least Pareto-robust solutions are at the extremes of PFknown.
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Objectives

Minimize mission cost [M $ FY2010]
Maximize target area coverage [×100%]

Minimize average spatial resolution on the target area [m at SSP]

Constraints

Satellite mass + adapter mass ≤ launcher mass availability on orbit
Perigee altitude > 200 km

Spatial resolution ≤ 6 m at SSP
Downlink margin > 4 dB

Table 4.5 Design Objectives and Constraints.

4.2.3 Test case: satellite system for Earth observation, PROA

In this section we use the Earth-observation test case described in Appendix B, Section B.2, to
illustrate the implementation of the PROA approach from mission statement to final design
baseline. It is a comprehensive study that demonstrates the suitability of a combination of
global and local design techniques to support the design activities and the decision-making
process of the engineering team.

In Sections 3.2.6 and 3.3.3, the same mathematical model used for this test case was used
to assess the performance of a satellite when observing the entire surface of the Earth. In this
case, we focus on a specific region of the Earth surface, instead.

On December 26th, 2004, the earthquake of Sumatra-Andaman, the largest seismic event
in forty years, produced a devastating tsunami that affected the region of the Indian Ocean
called Bay of Bengal and the Indonesian region (Thorne, 2005). The regions of Sri Lanka, India,
Thailand, Indonesia, Malaysia, and Myanmar particularly suffered the effect of the anomalous
waves. The earthquake that caused the tsunami originated at the boundary between the Indo-
Australian plate and the southeastern portion of the Eurasian plate. This is an area with par-
ticularly high seismic risk (Thorne, 2005). Such earthquakes could happen again. To illustrate
the working principle of PROA we consider an Earth-observation mission with the following
mission statement as driver for the design:

Design an Earth-observation mission to provide disaster management tools for the Bay of Bengal
and Indonesian regions, for over a period of 7 years

Tables 4.5 and 4.6 summarize the objectives and constraints considered here and the design
variables taken into account, respectively.
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Intervals
Design Variables Code Type Min Max

Eccentricity [-] A Continuous 0 < 1
Semi major Axis [km] B Continuous 6400 42000
Inclination [deg] C Continuous 0 180
Payload Aperture Diameter [m] D Continuous 0.1 1
Satellite Transmitters Output Power
(RF power)

[W] E Continuous 0 300

Satellite Aperture-Antenna Diame-
ter

[m] F Continuous 0.1 1

Telemetry Data Rate [Mbps] G Continuous 1 3
Type of Solar Cells [-] H Architectural 1 3
Type of Batteries [-] I Architectural 1 3
Payload TRL [-] J Architectural 1 9
Launcher [-] K Architectural 1 15

Table 4.6 Design factors used in the simulation and relative design intervals.

Results and Discussions

In Figure 4.19 the Pareto front obtained after the global optimization phase is shown. The spa-
tial resolution and the coverage show a conflicting behavior and a non-convex local Pareto-
front (see the projections for the combinations of the two variables). This means that solutions
with a large coverage also exhibit a worse performance in terms of average spatial resolu-
tion on the target area. Also the mission cost and the spatial resolution present a conflicting
behavior.

PROA was used on top of the Pareto-optimal solutions found with the MOO phase of
the algorithm. Not all solutions in Figure 4.19 are equally Pareto-robust, and for some of
them unfeasible designs were generated after dispersing the design variables using the AMH.
PROA provides the ranking of the solutions according to their Pareto-robustness and addi-
tional Pareto-optimal solutions improving the nominal PFknown. In Figure 4.20, PFknown with
the most Pareto-robust solution is illustrated. In Figure 4.21 we show the PFknown with the
least Pareto-robust solution, instead. These two solutions will be named A and B respectively.
In both figures thicker triangles and crosses represent clusters of solutions close to each other
in the objective space. In Figures 4.20 and 4.21 we present all the solutions generated by the
AMH in the neighborhood of the most and least Pareto-robust solutions of the PFknown, re-
spectively. The symbol ∆ represents the feasible solutions, x represents infeasible solutions,

Figure 4.19 Known Pareto front, including projections on the three planes.
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Figure 4.20 Calculated Pareto front with Pareto Robustness analysis. Most Pareto-robust solution.
∆ feasible solutions, x infeasible solutions, ∆ projections of the feasible solutions, ·
projections of the solutions on PFknown.
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Figure 4.21 Calculated Pareto front with Pareto Robustness analysis. Least Pareto-robust solution.
∆ feasible solutions, x infeasible solutions, ∆ projections of the feasible solutions, ·
projections of the solutions on PFknown.

∆ represents projections of the feasible solutions on the three planes, while the symbol · rep-
resents the projections of the solutions on PFknown. The projections of the infeasible solutions
are not shown for ease of visualization. The AMH used for this analysis is a Central Compos-
ite Design matrix, that foresees 273 sample points in the design space hypercube composed of
11 dimensions, i.e., the 11 design variables. The most Pareto-robust solution on the PFknown
presents 129 feasible and 144 infeasible AMH solutions with all the violations only determined
by the spatial resolution constraint. The least Pareto-robust solution only presents 4 feasible
solutions. The remaining 269 are all infeasible with violations of all the constraints. Amongst
the design vectors generated by the local analysis, 6 of them improve PFknown, dominating 13
original solutions.

The local analysis already eliminates many options to be evaluated by the design team
providing the most Pareto-robust solution amongst the optimal solutions. Thus, the design
team has already a much clearer idea on probably the most interesting region of the design
space in which to focus the attention, the discussions and the trade-offs, i.e., the region around
Solution A. Further insight can be gathered by the engineering team using global sensitivity
analysis and regression analysis on the design region of interest.

In this case, we will present the factor effects and the shape of the design region in the
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AMH
Design Variables Code Solution A Low(x−1) Central(x0) High(x+1)

Eccentricity [-] A 0.02 0.02 0.059 0.098
Semi major Axis [km] B 8046.9 8046.9 11607.0 15167.0
Inclination [deg] C 19.7 10.7 19.7 28.7
Payload Aperture Di-
ameter

[m] D 0.997 0.817 0.907 0.997

Satellite Transmitters
Output Power (RF
power)

[W] E 1 1 30.9 60

Satellite Aperture-
Antenna Diameter

[m] F 0.1 0.1 0.19 0.28

Telemetry Data Rate [Mbps] G 1.05 1.05 1.25 1.45
Launcher [-] H 9 8 9 10
Payload TRL [-] 9 Frozen
Type of Solar Cell [-] 3 Frozen
Type of Batteries [-] 2 Frozen

Table 4.7 Most Pareto-robust design-variable settings.

surroundings of Solution A. In Table 4.7 the design-variable settings of the most Pareto-robust
solution are presented. The simulations have shown that the solutions on PFknown all have
converged towards a value of 9 for the TRL, 3 for the type of solar cells and 2 for the type of
battery design-variables. The TRL has an influence on the cost of the mission thus a logical
conclusion is that the optimizer converges towards the maximum value, i.e., the value which
minimizes the cost. The solar cells with intermediate efficiency, intermediate power density,
and also intermediate cost, are considered to be the best compromise by the optimizer. The
same balance has been obtained in case of the battery selection. Not much influence of these
three variables in the determination of the objectives has been detected, thus, to simplify the
discussion of the results obtained with the Regression Based Sensitivity Analysis, from this
point onwards they are considered to be frozen to the values obtained from the optimization
phase. In Table 4.7, the design-variable settings used for the local analysis are also presented.
The central point of the AMH does not coincide with the original optimal design vector, be-
cause the AMH centre was shifted to avoid constraint violation in the design space. The so-
lution identified as the most Pareto-robust one presents a satellite in a non Sun-synchronous
Medium Earth Orbit. These unusual settings for an Earth-observation mission come from the
inherent assumptions made on the model, e.g., the effect of the radiation environment is not
taken into account and only one single satellite is allowed to take part to the scenario. How-
ever, this is also due to the fact that the ranges of the design variables are large. This was done
with the specific purpose of exploring the design space even outside the more commonly used
limits for these types of analyses. For instance the semi-major axis range is very large, and
this leads to a condition for which the swath-width can be large and, in combination with the
correct inclination given the target area, it allows for an almost constant coverage of the target
area.

In Figures 4.22 and 4.23 the results obtained with the RBSA on the most Pareto-robust re-
gion of the design space are presented. The bars represent the percentage contribution of the
factors to the variance detected during the simulations (see Table 4.7 for nomenclature). In the
design region spanned by the AMH very limited lack-of-fit was detected (i.e., 0.5%), meaning
that the quadratic model used for the analysis was sufficient to effectively fit the data and to
properly explain the variability of the performance. For visualization purposes, only the fac-
tors that influence the performance for more than 0.01% have been plotted. The simulations
demonstrate that in this region of the design space the on-orbit-mass and the perigee-altitude
constraints are never violated. Thus, the bar plots of Figure 4.22 indicate the variables that con-
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Figure 4.22 Factor contribution to the violation of the constraints (for factor notations, see Table
4.7).

tribute the most to getting close to the relative constraints. In Figure 4.22, it can be observed
that the launcher selection (H) is the factor that mostly affects the on-orbit-mass constraint.
There is also a small quadratic effect, due to the fact that launchers 8 and 10 (the minimum
and maximum value in the AMH, since launcher 9 is the central point) have a lower pay-
load capability for characteristic velocities that are larger than 11.8 km/s, see Figure B.1. The
semi-major axis (B) and inclination (C) of the final orbit also play an important role in this re-
gion of the design space. Indeed, together they determine the mission-characteristic velocity.
With increasing mission-characteristic velocity, the available payload on orbit decreases. The
payload-aperture diameter and the other factors affect this constraint mostly as a quadratic
effect, indicating that the minimum constraint violation is probably somewhere in the mid-
dle of the design region spanned by the AMH. In Figure 4.22(b), it can be observed that the
perigee-altitude constraint is mostly affected by the semi-major axis (B) and marginally by
the eccentricity (A) of the selected orbit. The spatial resolution constraint (Figure 4.22(c)) is
practically only affected by the semi-major axis (B) and the payload-aperture diameter (D),
with a small interaction between them. With increasing altitude the spatial resolution of the
instrument gets lower, while with an increasing optical-payload aperture diameter the spatial
resolution tends to improve. The downlink-margin constraint is mainly affected by the semi-
major axis (B), the transmitter RF output power (E) and the antenna aperture diameter (F), see
Figure 4.22(d).

The cost of the mission is computed as the sum of spacecraft cost and launcher cost; cost
of operations is not considered. The spacecraft cost is determined from the Cost Estimating
Relationships mentioned in Appendix B, mostly as a function of the mass of the spacecraft,
which in turn is affected by the payload mass and thus the most by the aperture diameter (D),
as shown in Figure 4.23(a). The coverage of the target area is determined by the eccentricity
(A), the semi-major axis (B) and the inclination (C) of the orbit, Figure 4.23(b). The prominent
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Figure 4.23 Factor contribution to the objectives (for factor notations, see Table 4.7).

interaction between the semi-major axis and the inclination is due to the combined effect of
these two design variables. For instance, a large value for the semi-major axis would in prin-
ciple increase the coverage, even though it would worsen the spatial resolution performance
(see Figure 4.23(c)). However, the extent to which the coverage increases depends on the incli-
nation of the orbit. If there is no intersection between the satellite ground-track and the target
area, then increasing the semi-major axis to increase the coverage would provide a less effec-
tive result compared to the case in which the ground track passes through the target area. As
already anticipated, the spatial resolution depends almost entirely on the semi-major axis (B),
but reasonably also on the aperture-diameter of the payload instrument (D), although in the
current analysis this is only a small effect.

With this acquired knowledge about the most relevant factors in the design region of inter-
est, the actual relationships between the design variables and objectives and constraints can be
computed and shown to the design team in the form of contour plots. In some of the graphs
shown from Figure 4.24 to Figure 4.26 contour plots involving architectural (i.e., discrete) vari-
ables are shown. They have no physical relevance, since only few of the points on the contour
are valid. However, they are very useful to understand the trends of the performances and to
provide visual information to the design team. In these figures also some black dots are shown.
They represent a hypothetical design baseline that can be derived from the combined analysis
performed with the variance decomposition and the contour plots in the most Pareto-robust
region of the design space. The rationale behind this baseline is discussed in the subsequent
paragraphs. In Figure 4.24(a) and Figure 4.24(b) the trend of the mission cost as a function
of the payload aperture diameter and the launcher selection is shown. The cost increases for
increasing payload-aperture diameter and with the launcher selection going from 8 to 10. The
difference between the graphs in Figure 4.24(a) and Figure 4.24(b) is due to the modification
of the semi-major axis, going from 8046.9 km in Figure 4.24(a) to 11607.0 km in Figure 4.24(b).
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Figure 4.24 Mission Cost as a function of payload aperture-diameter and Launcher. The other
parameter levels are as follows. a) A−1, B−1, C0, E−1, F−1, G−1; b)A−1, B0, C0, E−1,
F−1, G−1. The black circle indicates the baseline design. The grey area is infeasible.

The cost does not change, since the iso-cost lines are equal in the two cases, but with a higher
value of the semi-major axis the spatial resolution constraint is violated: in Figure 4.24(b) the
shaded area represents the infeasible design region.

The RBSA Figure 4.22 shows that the launcher selection (factor H, see also Table 4.7) only
affects the on-orbit-mass constraint, but it has already been pointed out that in the design re-
gion spanned by the AMH defined in Table 4.7 this constraint is never violated. This means
that by selecting launcher 8 instead of 9, there is a cost saving without affecting the perfor-
mance and the constraints. To illustrate this, the graphs in Figures 4.25 and 4.26 have been
obtained using launcher number 8.

The target-area coverage objective is mainly affected by the orbital parameters considered
in the simulation, i.e., eccentricity, inclination, and semi-major axis, see Figure 4.23(b). In Fig-
ure 4.25(a), the target-area coverage is plotted against the semi-major axis and the inclination.
The infeasibility is determined by the violation of the spatial resolution constraint for increas-
ing semi-major axis. The difference between Figure 4.25(a) and Figure 4.25(b) is the value of
the eccentricity, that is equal to 0.02 and 0.098 respectively. The target-area coverage is max-
imized for a low value of eccentricity. This is due to the fact that the balance between the
coverage at apogee and perigee of an eccentric orbit, with the eccentricity within the range
determined by the AMH of Table 4.7, gives a worse performance than a more eccentric orbit.
The target-area coverage increases with increasing semi-major axis and the inclination getting
close to an intermediate value.

The average spatial resolution on the target area is mainly determined by the semi-major
axis and the payload aperture-diameter, as shown in Figure 4.23(c). In Figure 4.26(a) the trends
of the spatial resolution objectives is presented. As can be observed it decreases with decreas-
ing payload aperture-diameter, but most prominently it decreases with increasing semi-major
axis. In this case the constraint violation is more clear, since it is drawn in the same space as the
objective. In Figure 4.26(b), the downlink-margin is plotted against the transmitter RF power-
output and the transmit-antenna diameter. The graph is presented to show that this constraint
is violated only for a large telemetry data rate, in combination with a nominal, or higher, value
of the semi-major axis, a low transmitter output power and a low antenna diameter.

The combination of launcher 8 and a low payload aperture-diameter minimizes the cost
and allows for meeting the spatial-resolution constraint if the semi-major axis is in the lowest
interval defined by the AMH (Table 4.7). This combination of design variables together with
an intermediate inclination of the orbit, around 20◦, provides a good balance also with the
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Figure 4.25 Target Area coverage as a function of semi-major axis and inclination. The other
parameter levels are as follows. a) A−1, D1, E−1, F−1, G−1, H−1; b)A1, D1, E−1, F−1,
G−1, H−1. The black circle indicates the baseline design. The grey area is infeasible.
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Figure 4.26 a) Spatial resolution as a function of semi-major axis and Payload-aperture diameter.
The other parameter levels are as follows: A−1, C0, E−1, F−1, G0, H−1. b)
Downlink-margin constraint as a function of Transmitter-Power output and Antenna
diameter. The other parameter levels are as follows: A−1, B0, C0, D1, G1, H−1. The
black circle indicates the baseline design. The grey area is infeasible.

coverage of the target area. The downlink-margin constraint is not violated if the semi-major
axis is in the lowest part of the interval and the telemetry data rate is at its nominal level,
even with a low RF transmitter-power output and low satellite-antenna aperture diameter.
These two design variables do not contribute much to the determination of the other objectives
and constraints, thus leaving the design team with a certain freedom of selecting their levels.
The selected design point, i.e., the black dot, is presented in Table 4.8. It provides a solution
that is still on the Pareto-front and does not violate the constraints. The solution has been
defined preferring the cost and the coverage over the spatial resolution. Many other design
points could have been selected, but the fundamental aspect is that the selection took place in
a Pareto-robust design region, with a clear insight in the effect of the variables on objectives
and constraints, and with a clear picture of the shape of the design space with the variation of
objectives and constraints.


