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ABSTRACT

The spacecra� equipment layout optimization design (SELOD) problems with complicated performance con-

straints and diversity are studied in this paper. The previous literature uses the gradient-based algorithm to obtain

optimized non-overlap layout schemes from randomly initialized cases e�ectively. However, these local optimal

solutions are too di�cult to jump out of their current relative geometry relationships, signi�cantly limiting their

further improvement in performance indicators. Therefore, considering the geometric diversity of layout schemes

is put forward to alleviate this limitation. First, similarity measures, including modi�ed cosine similarity and

gaussian kernel function similarity, are introduced into the layout optimization process. Then the optimization

produces a set of feasible layout candidates with the most remarkable di�erence in geometric distribution and the

most representative schemes are sampled. Finally, these feasible geometric solutions are used as initial solutions

to optimize the physical performance indicators of the spacecra�, and diversi�ed layout schemes of spacecra�

equipment are generated for the engineering practice. The validity and e�ectiveness of the proposed methodology

are demonstrated by two SELOD applications.
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1 Introduction

The rapid development of space technology and industrialization has put forward new goals for

spacecraft design, including shortening the design cycle, reducing development cost and ensuring

design reliability. The spacecraft equipment layout optimization design (SELOD) is a vital part

of the overall spacecraft design [1–3], which refers to the study of how to make full use of the

limited space of the spacecraft and arrange instruments and equipment optimally under the premise

of satisfying the engineering and technical conditions and various constraints of the internal and

surrounding environment. It requires the integrated use of multidisciplinary knowledge [4,5] like

aerospace, mechanics, graphics, and geometry. The pros and cons of the design indicators are directly

concerned with the performance, reliability, and cost of the spacecraft.

Several methods have been proposed and applied to solve the layout problem in recent years.

Thesemethods havewell-establishedmathematicalmodels, focusing on solving the strong constraint of
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geometric non-overlap between equipment. Zhang et al. [6] proposed novel methods for optimizing the

layout of structural systems, whose key ideas are using level set functions (LSFs) to describe the shapes

of arbitrary irregular embedding components and resorting to the concept of the structural skeleton

to formulate the distance control constraints explicitly. Fakoor et al. [7] provided a new concept based

on the finite circle method (FCM) to express geometric constraints mathematically and proposed a

hybrid method to optimize layout design, a combination of simulated annealing optimization and

the quasi-Newton method. Chen et al. [8] proposed an enhanced interference algorithm based on the

finite circle method and used an accelerated particle swarm optimization to optimize the constructed

layout model globally. Qin et al. [9] presented an optimization tool for integrating CAD software as

well as optimization algorithms to automatically find solutions for equipment layouts in satellites.

Zhong et al. [10] presented a component assignment and layout integration optimization algorithm,

aiming to expand the solution space of component layout optimization to further improve the compo-

nent layout design, which can assign components to eachmodule of the satellite dynamically during the

optimization procedure. Chen et al. [11] proposed a novel satellite layout optimization design approach

based on the phi-function, which provides a simple, effective and simultaneously accurate way to

handle the geometry constraints with an explicit mathematical expression. Sun et al. [12] studied a

multimodal optimization method and proposed an improved niching-based cross-entropy method to

find multiple solutions simultaneously for more design diversity. These methods can effectively solve

the geometric non-overlap problems. LSF, FCM and phi-function methods are the most widely used.

FCM uses multiple envelope circles to approximate the equipment with arbitrary geometric shapes.

The construction way is simple. However, as an approximate description method, if fewer envelope

circles are used to fit the equipment, the approximation error is bound to be large, resulting in a

waste of design space. Suppose we want to describe the components more accurately and improve the

approximate accuracy. In that case, it is necessary to generate more envelope circles, which will lead

to a sharp increase in the number of non-overlap constraints, increasing the computational costs. The

method of using LSFs to model the geometry of the equipment is to express the geometric boundary

with zero surfaces of level set functions, which can effectively construct the geometry of any shape. It

is noted that the calculation of the integral expression is grid-based and parameter-based. Especially

when the objects have some sharp angles, it may cause inaccurate overlap detection. If more accurate

approximations are to be obtained, denser grids and more parameters are required, which incurs

higher computational costs. The phi-function method describes the geometric constraints between

components through an explicit analytical expression and geometry constraints between components

can be readily quantified by the phi-function value which has certain advantages.

Furthermore, some optimizations are made aiming at the physical performance of the overall

spacecraft structure. Cuco et al. [13] presented a multi-objective methodology that was developed to

find solutions for a three-dimensional spacecraft equipment layout automatically. It included mass,

inertia, thermal, subsystem requirements and geometric constraints using a multi-objective approach

that combines CAD and optimization tools in an integrated environment. Fakoor et al. [14] proposed

an automatic tool, based on multi-objective optimization methods for a three-dimensional layout of

spacecraft subsystems considering essential constraints such as the center of gravity, the moment of

inertia, thermal distribution, natural frequencies and structural strength. Qin et al. [15] proposed

a multi-objective methodology for satellite cabin layout optimization considering the space debris

impact risk whose main goal was to examine the trade relationship between space use, the center of

gravity offset, and the space debris impact risk index.

It should be noted that the SELODproblem is a kind of large-scale system problem, usually solved

by a gradient-based algorithm. Therefore, it is easy to fall into the local optimal solution. How to
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get much more and better layout schemes is still an unsolved problem, but it is crucial for designers.

Therefore, it is of great significance for developing spacecraft design to form an intelligent algorithm

to generate diverse layout solutions by studying the SELOD approaches.

Diverse design methods have achieved remarkable progress in spacecraft design, especially in

structural topology optimization considering competitiveness and diversity. Wang et al. [16] presented

three graphic diversity measures, cross-correlation, modified cross-correlation and the sum of squared

differences to set the desired diversity to find diverse competitive designs for topology optimization

problems. Xie et al. [17] andYang et al. [18] presented some simple and effective strategies for achieving

diverse and competitive structural designs which are successfully applied in the computational

morphogenesis of various structures. Cai et al. [19] explored two strategies, namely, the penalizing

length method and the modifying ground structure method, for generating diverse truss structures

while maintaining structural performance. Li et al. [20] proposed a metric named trD which maintains

several desired properties for measuring the diversity, considering that the single global optimummay

be invalid because of some uncertainties. Dommaraju et al. [21] addressed the problem of finding

geometric features that can be used to explore topologically optimized structures and identify diverse

designs based on geometrical properties in a design space. Jang et al. [22] proposed a reinforcement

learning-based generative design process, with reward functions maximizing the diversity of topology

designs. Deng et al. [23] proposed a new parametric level set method for topology optimization based

on a deep neural network (DNN) to generate diverse and competitive designs with different network

architectures. Ryu et al. [24] developed a novel multi-objective topology optimization method with a

configuration-based clustering scheme, simultaneously considering the diversity and uniformity of the

optimum solutions in the objective and design variable spaces.

Concerning the approaches of diversity design considered in the structural topology optimization,

we present a novel SELOD approach where the diversity between layout schemes is considered in this

paper. Two similarity measures are used as diversity metrics between layout schemes, cosine similarity

and gaussian kernel function similarity. In the optimization process, the minimum similarity between

layout schemes is set as the objective to obtain the schemes with the greatest diversity. Thus, more

references are provided for engineering design.

The remainder of this paper is organized as follows. In Section 2, a phi-function method for

constructing analytic geometric interference formula is presented. In Section 3, two measures, mod-

ified cosine similarity and gaussian kernel function similarity are established. Also, an approach for

sampling is summarized called determinantal point processes. Models are established for the diverse

SELOD problem and the layout problem considering physical performance in Section 4. Section 5 is

devoted to demonstrating the effectiveness of the proposed novel diverse SELOD approach through

two examples. Finally, some concluding remarks are provided in Section 6.

2 Non-Overlap Layout Design Method Based on Phi-Function

The spacecraft’s physical performance calculation needs to be carried out under the premise of

non-overlap between equipment. While due to the strong constraints of geometric non-overlap, the

solution space of layout schemes is characterized by discontinuity and strong nonlinearity. If using

Monte Carlo random sampling, most samples are invalid solutions with interference. Therefore, by

constructing an analytic geometric overlap formula, gradient optimization methods can be used to

efficiently converge to a feasible non-overlap solution from random initial values iteratively.
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2.1 Phi-Function for Geometric Non-Overlap

The phi-function method [25,26] is a typical and effective method to describe the relative position

between two geometries. The central idea is to calculate the corresponding phi-function value to

determine whether two geometries overlap. The phi-function satisfies the properties described in

Eq. (1): when ϕAB is positive, it means that the two geometries are separated from each other; when ϕAB

is equal to zero, it means that the boundaries of the two geometries just touch; when ϕAB is negative,

it means that the two geometries overlap. In particular, a normalized phi-function is obtained if ϕAB

represents the true minimum Euclidean distance between two geometries.




ϕAB > 0 if A ∩ B = ∅

ϕAB = 0 if inte(A) ∩ inte(B) = ∅ & boun(A) ∩ boun(B) 6= ∅

ϕAB < 0 if inte(A) ∩ inte(B) 6= ∅

(1)

where inte(A) and inte(B)mean the interior area of objectA and B, respectively; boun(A) and boun(B)

stand for the boundary of object A and B, respectively. The calculation of overlap between spacecraft

equipment can therefore be expressed in a fully equivalent way by constructing an expression for the

analytic phi-function.

In the case of a two-dimensional geometry, for example, a reference point is firstly selected when

describing the position information of the geometry. Once the reference point of the geometry has

been determined, the position parameters of the geometry can be determined using a set of point

coordinates and a rotation angle. The coordinate system is usually based on the geometric centre

as the origin. The specific shape of the object can then be characterized based on the geometric

information of the object, and the position relationship between the objects can then be calculated

as a phi-function. The principles of calculation between two three-dimensional geometries are similar

and can be obtained by further derivation. The construction of the phi-function presented in this

section can be applied to the geometric description of the distance between the spatial contours of the

equipment of the vast majority of spacecraft. Some common phi-functions between two-dimensional

geometries are defined as follows.

2.1.1 Phi-Function between Circles

For two circles Ci(i = 1, 2) with radius ri, the centre of which are denoted by (xi, yi)(i = 1, 2), the

phi-function between them can be defined as

ϕCC = (x1 − x2)
2 + (y1 − y2)

2 − (r1 + r2)
2 (2)

2.1.2 Phi-Function between Convex Polygons

In case of a convex m-polygon K1, whose vertices are denoted by (x1i, y1i) (i = 1, 2, . . . ,m), and

whose edges are denoted by A1ix+ B1iy+ C1i = 0 (A2
1i

+ B2
1i

= 1). And a convex n-polygon K2, whose

vertices are denoted by (x2j, y2j) (j = 1, 2, . . . , n), and whose edges are denoted by A2jx+ B2jy+ C2j =

0 (A2
2j

+ B2
2j

= 1), then the phi-function between them can be defined as

ϕKK = max

{
max
1≤i≤m

(
min
1≤j≤n

ξij

)
, max

1≤j≤n

(
min
1≤i≤m

ηji

)}
(3)

where ξij = A1ix2j + B1iy2j + C1i denotes the distance from the jth vertex of the polygon K2 to the i th

edge of the polygon K1, and ηji = A2jx1i + B2jy1i + C2j denotes the distance from the ith vertex of the

polygon K1 to the jth edge of the polygon K2.



CMES, 2023, vol.136, no.1 625

2.1.3 Phi-Function Between a Circle and a Convex Polygon

Concerning an m-convex polygon K, the vertices are denoted by (xi, yi) (i = 1, 2, . . . ,m), and the

sides are denoted by Aix+Biy+Ci = 0 (A2
i
+B2

i
= 1). As a circle C, the centre of the circle is (xc, yc),

and its radius is r. Then the phi-function between them can be defined as

ϕKC = max
1≤i≤m

{max {Aixc + Biyc + Ci,ψi}} (4)

where

ψi = min{(xc − xi)
2 + (yc − yi)

2 − r2, (Bi−1 −Bi)(xc − xi)− (Ai−1 −Ai)(yc − yi)+ r(Ai−1Bi −AiBi−1)} (5)

2.1.4 Phi-Function between Non-Convex Polygons

Suppose K ′ and K ′′ are non-convex polygons which can be represented as K ′ = K ′

1
∪K ′

2
∪ . . .∪K ′

m

and K ′′ = K ′′

1
∪ K ′′

2
∪ . . . ∪ K ′′

n
, where K ′

i
(i = 1, 2, . . . ,m) and K ′

j
(j = 1, 2, . . . , n) are convex polygons.

Then we define the phi-function between them as

ϕK′K′′

= min
1≤i≤m

min
1≤i≤n

ϕ
K′
iK

′′
j (6)

where ϕ
K′
iK

′′
j is the phi-function between two convex polygons.

2.2 Examples: Packing Problems in a Circular Container

In this sub-section, three simple examples of layout problems are given to demonstrate the

effectiveness of using phi-function in calculating interference between geometries. Figs. 1–3 show the

layout problems considering four squares, four circles and two circles and two squares, respectively.

They are required to be placed compactly within a circular design domain and the calculation target

is set to find the radius value of the smallest envelope circle that can enclose these geometries. In these

three examples, calculating the interference between circles and squares is the key to solving them.

We perform the overlap volume calculation by the phi-function method described above, applying a

gradient-based SQP algorithm to the optimization, with the problem described as follows:




find X = {Xi = (xi, yi, θi)|i = 1, 2, 3, 4}

min R

s.t. ϕij ≥ 0

(7)

where (xi, yi) represents the centre coordinates of the equipment, θi represents the deflection angle

of the equipment, R represents the radius of the envelope that can contain the equipment, and ϕij
represents the phi-function between equipment i and equipment j.

Figs. 1a–3a show the layout schemes for a random initial position of the equipment, respectively,

where the equipment is randomly distributed and irregular interference occurs. Parts of intermediate

solutions to the optimization process are also presented. The final optimization obtained is as expected,

with the equipment being able to align closely to generate an envelope circle with the smallest radius,

as shown in Figs. 1e–3e. Thus, it is reasonable to use the analytic geometric interference formula

constructed by phi-function to solve the layout problems.
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(a) initial layout (b) process 1 (c) process 2 (d) process 3 (e) final layout

Figure 1: Layout problem with four squares

(a) initial layout (b) process 1 (c) process 2 (d) process 3 (e) final layout

Figure 2: Layout problem with four circles

(a) initial layout (b) process 1 (c) process 2 (d) process 3 (e) final layout

Figure 3: Layout problem with two circles and two squares

3 Diversity Measures and Sample Methods

The SELOD problem considering physical performance often starts with a geometrical non-

overlap layout scheme. The optimization process for obtaining geometrical non-overlap layout solu-

tions based on phi-function is usually carried out using gradient-based algorithms. Gradient opti-

mization has a severe initial value dependence, which makes it challenging to obtain a layout with

optimal performance because of the tendency to fall into the local optima after iteration. To obtain

muchmore and better layout schemes, we cannot simply optimize by randomly generatingmany initial

layout schemes. This approach is not only time-consuming but also unscientific. This section proposes

the idea of adding diversity measure indicators into the optimization process, guiding the optimization

of layout schemes that generate diversity. In the SELOD problem, each layout scheme corresponds to

a set of vectors describing the coordinates of geometric position, so the chosen measures are based on

vector calculations, namely the modified cosine similarity and the gaussian kernel function similarity,

respectively.
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3.1 Modified Cosine Similarity

Cosine similarity is defined as the cosine of the angle between two vectors. The cosine value

determines whether the two vectors are pointing in approximately the same direction. For example,

when the two vectors point in the same direction, the cosine value is 1; when the angle between the two

vectors is 90°, the cosine value is 0; and when the two vectors point in precisely opposite directions,

the cosine value is −1. With this property, we use the cosine similarity to assess the similarity of layout

schemes, as shown in Eq. (8).

similarity = cos (θ) =
A · B

||A|| · ||B||
=

n∑

i=1

Ai × Bi

√√√√
n∑

i=1

(
A2

i

)
×

√√√√
n∑

i=1

(
B2

i

)
(8)

where Ai and Bi represent the equipment of the vector A and the vector B, respectively.

As an example of the distribution of points in the plane, as shown in Fig. 4a, ten points are

distributed in a square region with unit side length. The distance of these points from the origin is fixed

at 1. Without setting a similarity target, the distribution of points is entirely random. In the coordinate

system, each point corresponds to a coordinate, and the similarity between the points can be calculated

according to the definition of cosine similarity. By setting the minimum similarity between points as

the target for distribution optimization, it can be found that these points are uniformly distributed

within a right angle of the square region, as shown in Fig. 4b.

Figure 4: 10 points distributed in a square

However, the attention to cosine similarity focuses on whether the directions of the two vectors

point in the same. In the SELOD problem, solutions that can be obtained from each other by simple

non-overlap transformations are highly similar, such as those that can be overlapped by rotating a
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certain angle around the center of mass of the current layout solution. Therefore, we propose an

improved method for calculating cosine similarity. Primarily, the coordinates of the equipment are

transferred to a coordinate system with the center of mass of the system as the origin and a scheme

is chosen to be rotated by a certain angle around the center of mass. Then the cosine similarity to the

other fixed layout schemes is calculated using several solutions resulting from the rotation. Finally, the

maximum value of the cosine between the rotated schemes and the fixed one is taken as the similarity

value between the two schemes, which alleviates the limitations of cosine similarity to some extent.

similarity = max
α∈[0,π ]

(cos (θ)) = max
α∈[0,π ]

A · B[α]

||A|| · ||B[α]||
=

n∑

i=1

Ai × Bi [α]

√√√√
n∑

i=1

(
A2

i

)
×

√√√√
n∑

i=1

(
Bi [α]

2
)

(9)

where α means the rotation angle of vector B, usually determined factitiously within [0, π ].

As shown in Fig. 5, there are two layout schemes presented, where one circle and two squares are

placed vertically on a circular plate. Respectively, the coordinates of equipment in layout scheme A are

set as X = {(−1.5, 1, 0), (1.5, 1, 0), (0,−1.5, 0)}, and the coordinates of equipment in layout scheme B

are set as X = {(1,−1.5, 0), (1, 1.5, 0), (−1.5, 0, 0)}. Based on the definition of cosine similarity above,

the similarity between the two schemes is 0.5. Obviously, if scheme A rotates around the origin 90

degrees clockwise, it will coincide with scheme B. Hence, these two layout schemes are considered the

same according to the modified cosine similarity.

(a) scheme A (b) scheme B

Figure 5: Two “same” layout schemes

3.2 Gaussian Kernel Function Similarity

Gaussian kernel function [27–30], also called radial basis function, is usually defined as a

monotonic function of the Euclidean distance between any two points in space and can be written

as k(A,B), whose effect is often local. When A and B are very close, the Euclidean distance between

them is approximately equal to 0, at which point the gaussian kernel function is approximately equal
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to 1. When A and B are very far apart, the Euclidean distance between them is large, and then the

gaussian kernel function is approximately equal to 0. Therefore, we can derive the gaussian kernel

function as a measure of the distance between two vectors, that is, the similarity of two vectors, as

shown in Eq. (10).

similarity = k (A,B) = e
−

||A−B||2

2σ2 (10)

where || || indicates norm operation, namely the metric of orientation, and σ represents the width

function, which is determined by the vectors.

Similarly, as shown in Fig. 6a, twenty points are distributed in a circular region with a diameter

of 1. Without setting a similarity target, the distribution of points is completely random. The gaussian

kernel function similarity between the points can also be calculated here. By setting the minimum

similarity between points as the target for distribution optimization, it can be found that these points

are uniformly distributed in the circular region, as shown in Fig. 6b.

Figure 6: 20 points distributed in a circle

“Gaussian kernel function similarity” and “cosine similarity” are different diversity measures that

assess the similarity of layout schemes within their respective scales. As two measures, they are less

directly comparable with one another. In general, the gaussian kernel function similarity represents

the absolute difference in value, while the cosine similarity represents the difference in direction. The

former is a measure of length, and it is defined only by distance and proximity. Whereas the latter is

a measure of direction. With a cosine similarity of 1, we cannot say that the two vectors are the same,

but only that they are similar, since they are just in the same direction, like (3, 3) and (5, 5). However,

the gaussian kernel function similarity measures the length, and the similarity is 1 when the length

is 0, so they can be considered the same. In short, the use of measures is case by case, depending on

whether the focus is on absolute or relative distance.
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3.3 Determinantal Point Processes

The use of selected similarity measures for the diverse SELOD problem allows that a large sample

of diverse layout schemes can be generated quickly. Nevertheless, due to the high computational

limitations, it is impossible to use all layout schemes obtained as initial solutions for the next step

of optimization. Hence, we need to further select the most different and representative new samples

from these random samples.

Determinantal point processes (DPPs) are probabilistic models for sampling subsets from the

full set, firstly proposed by Kulesza [31]. The method is now widely used in generative learning for

sample acquisition, which can generate new samples that cover the design space and are of high

quality. Elfeki et al. [32] drew inspiration from DPPs to realize a generative model that alleviates

mode collapse while producing higher-quality samples. Chen et al. [33] developed a new variant of

GAN, named performance augmented diverse generative adversarial network (PaDGAN) by using

a new loss function, based on DPPs for generative models to encourage both high-quality and

diverse design synthesis. Zhang et al. [34] presented a many-objective evolutionary algorithm with

DPPs (MaOEADPPs) to simultaneously maintain convergence and population diversity in the high-

dimensional objective space.

DPPs model the likelihood of selecting a subset of diverse items as the determinant of a kernel

matrix. The probability of a subset being selected is equal to the ratio of the kernel matrix determinant

of the subset to the kernel matrix determinant of the full set, as shown in Eq. (11).

PL (A) =
det(LA)

det(L+ I)
(11)

L =




L1,1 L1,2 L1,3 · · · L1,N−1 L1,N

L2,1 L2,2 L2,3 · · · L2,N−1 L2,N

L3,1 L3,2 L3,3 · · · L3,N−1 L3,N

...
...

...
. . .

...
...

LN−1,1 LN−1,2 LN−1,3 · · · LN−1,N−1 LN−1,N

LN,1 LN,2 LN,3 · · · LN,N−1 LN,N




(12)

where det() denotes the calculation of the matrix determinant. I means the unit matrix. The kernel

matrix L is an N × N symmetric positive semidefinite matrix, describing the relationship between

individuals in the full set. Each element in L can be interpreted as the similarity between two subsets

in the full set, usually taking the value in [0, 1] and especially, the similarity to oneself is defined as 1.

LA stands for the new kernel matrix composed of the elements of the kernel matrix L indexed by the

number of the selected individual. For example, if A = {a, b}, then

LA =

[
La,a La,b

Lb,a Lb,b

]
(13)

det(LA) = La,aLb,b − La,bLb,a (14)

The probability of a and b being sampled at the same time is quite smaller when the similarity

between a and b is higher. As shown in Fig. 7, the left shows the distribution obtained by picking

points in space using DPPs, and the right shows the distribution obtained by picking points in space

using random sampling. Individuals with better distribution in space can be obtained by using DPPs

to sample. Therefore, after obtaining several sets of diverse layout schemes, the most diverse feasible

solutions can be obtained by using DPPs.
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Figure 7: A set of points in the plane drawn from a DPP (a), and the same number of points sampled

randomly (b)

4 Formulation

Referring to the simplified spacecraft model proposed by Teng et al. [35], we improve the model

to study the diverse SELOD problem. One of the spacecraft’s bearing plates is selected, and pieces

of equipment to be laid out are placed on this plate. In order for the computational convenience

and without losing the generality of the research, we design the spacecraft structure as a columnar

shape with a trapezoidal bottom. The equipment is designed as cylindric or cuboid geometry, as

shown in Fig. 8. What we are particularly concerned with is the arrangement of equipment on

the two-dimensional surface of the bearing plate. For further study, our target is to improve the

spacecraft’s physical performance. The moment of inertia is one of the important physical parameters

for spacecraft attitude dynamics. As for spacecraft with a smaller moment of inertia, spacecraft

attitude control is also easier to implement, and the energy consumption of the spacecraft in orbit

is lower. As a result, here we choose the minimum moment of inertia as the objective function for the

next optimization.

Figure 8: Layout of spacecraft equipment cabin

The entire optimization process of the diverse SELODproblem considering theminimummoment

of inertia is shown in Fig. 9.
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Figure 9: The entire optimization process of the diverse SELOD problem

4.1 Design Variables

In the SELOD problem, the three-dimensional layout problem can be simplified to a two-

dimensional layout problem since the centre of mass in the height direction is easy to obtain and

remains unchanged during the optimization process. In the coordinate system with the geometric

centre of the spacecraft system as the origin, the position of each piece of equipment is represented

by a set of coordinates (xi, yi, θi), where (xi, yi) represents the centre coordinates of the object and θi
represents the deflection angle of the object. Once the centre coordinates and deflection angles of

a set of equipment to be laid out are determined, a layout scheme is uniquely determined. In the

optimization process considering diversity, a set of vectors is needed to construct to represent a layout

scheme, so that the similarity between schemes can be calculated. So, each layout scheme is designed

as

X = {X1,X2, . . . ,XN} = {Xi = (xi, yi, θi) |i = 1, 2, . . . ,N } (15)

where the value range of (xi, yi) is the geometric size of the bearing plate, and the value range of θi is

[0, π ] if there is no restriction on placement, or {0, π /2} if equipment can only be placed orthogonally.

In particular, for cylindrical equipment, θi are set to 0. AndN is the number of pieces of equipment to

be laid out.

As to the diverse SELOD problem, M layout schemes are selected to optimize the similarity

between them in each optimization, and the design variables are written as

X =
{
X

p
}

=
{
Xp

1
,Xp

2
, . . . ,Xp

N

}
=

{
Xp

i
=

(
xp
i
, yp

i
, θ p

i

)
|i = 1, 2, . . . ,N, p = 1, 2, . . . ,M

}
(16)

4.2 The Layout Constraints

For layout problems, the first thing to consider is that there should not be any overlap between the

equipment and between equipment and boundaries. Overlap is invalid in spacecraft engineering design.
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Furthermore, it cannot be handled when further simulating the complex operating environment of

spacecraft. The non-overlap constraint can be expressed as

c1 (X) =

N−1∑

i=0

N∑

j=i+1

1ij ≤ 0 (17)

where 1ij (i, j > 0, i 6= j) refers to the amount of the interference area between object i and object

j. Especially, when i = 0, object i represents the spacecraft shell and 1ij means the amount of the

protrusion area for object j out of the spacecraft shell.

In the engineering practice of spacecraft design, it is found that equipment may interact during

operation, whichmay affect the working accuracy of the equipment. In consideration of the processing

needs such as the installation of equipment and wiring inside the equipment cabin, a safety distance

should be maintained when placing equipment. In addition, some cooperative equipment must be

placed within a feasible distance. Once a threshold distance is exceeded, the spacecraft subsystem may

notwork normally. Therefore, this distance constraint is defined as the safety and feasibility constraint,

which can be represented by the minimum distance constraint

c2 (X) = d̃min ij − dij ≤ 0 (∀i, j = 1, 2, . . . ,N, i 6= j) (18)

or the maximum distance constraint

c2 (X) = dij − d̃max ij ≤ 0 (∀i, j = 1, 2, . . . ,N, i 6= j) (19)

4.3 Formulation of Diverse SELODModel

The diverse SELOD problem mainly considers a single objective function, that is, the similarity

between layout schemes. Similarity targets can be described as

f (X) = max(L) (20)

L = [Lij]N×N(i, j ∈ [1,N]) (21)

where Lij represents the similarity value between layout scheme i and layout scheme j, and L is given

in the form of a symmetric positive semidefinite matrix, according to the definition of DPPs in

Eq. (12). This objective function needs to minimize the maximum value. In this way, we can get the

layout schemes with the lowest similarity, that is, the highest diversity. It is noted that Lij is positive

semidefinite when we use DPPs to sample the most representative schemes, while the value of the

cosine similarity is [−1, 1]. So, we transform the results aiming that the cosine similarity value can be

mapped into [0, 1] in a one-to-one way, that is

cos′ (θ) =
1 + cos(θ)

2
(22)

With the aforementioned decision variables and layout constraints, a more general SELODmodel

can be formulated as follows:



find X = {X
p

i = (x
p

i , y
p

i , θ
p

i ) |i = 1, 2, . . . ,N, p = 1, 2, . . . ,M }

Min f (X) = max(Lij)(i, j > 0)

S.t. c1 (X) =

N−1∑

i=0

N∑

j=i+1

1ij ≤ 0

c2 (X) = d̃min ij − dij ≤ 0 or dij − d̃max ij ≤ 0 (∀i 6= j)

(23)
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In this optimization problem, we note that the objective function is the maximum of the similarity

between the schemes. However, the maximum function cannot be differentiated. In order to apply

the gradient algorithm for optimization, we use KS function to approximate the maximum value of

similarity according to the obtained similarity matrix, which is differentiable everywhere, that is



L =

1

p
ln

(∑n

i=1
ep·(Li−Lmax)

)
+ Lmax p > 0

Lmax = max(L1,L2, . . . ,Ln)

(24)

4.4 Formulation of SELODModel Considering the Moment of Inertia

After obtaining several sets of the most diverse geometric non-overlap layout schemes, these

schemes are used as the initial solutions of design variables to further optimize the physical perfor-

mance of the spacecraft. In most spacecraft designs, it is expected to obtain as small as possible the

overall moment of inertia of the system to ensure that the spacecraft can operate safely and stably in

orbit with small energy consumption. The mathematical model is described as follows:




find X = {Xi = (xi, yi, θi) |i = 1, 2, . . . ,N }

Min f (X) = Jx(X)+ Jy(X)+ Jz(X)

S.t. c1 (X) =

N−1∑

i=0

N∑

j=i+1

1ij ≤ 0

c2 (X) = d̃min ij − dij ≤ 0 or dij − d̃max ij ≤ 0 (∀i 6= j)

(25)

where f (X) is the layout objective, and Jx(X), Jy(X) and Jz(X) denote the moments of inertia of the

whole satellite concerning the axes of the satellite coordinate system, respectively.

5 Case Study

5.1 Case 1: A SELOD Problem with 5 Cylinders

A simple layout problem is presented to test the validity of the proposed optimization method for

the diverse SELOD problem. The trapezoid on the bottom of the spacecraft equipment cabin in this

example is an isosceles trapezoid with an upper bottom of 260 mm, a lower bottom of 300 mm and a

height of 360 mm. The height of the equipment cabin is 120 mm. The three-axis moment of inertia of

the equipment cabin around its geometric centre is

I0 =



Ixx Ixy Ixz

Iyy Iyz
Izz


 =



6 × 104

6 × 104

8 × 104


 kg ·mm2 (26)

The equipment cabin contains five pieces of cylindrical equipment, and their geometric dimen-

sions and mass information are shown in Table 1, where Ri means the radius of the base of the No.i

cylinder and Hi means the height. In order to improve the calculation efficiency and avoid the acciden-

tal impact caused by one-time optimization, the number of layout schemes in each optimization is set

as ten. Through performing multiple optimization operations, groups of layout schemes with diversity

are generated. The design variable can be set as X = {X
p

i = (x
p

i , y
p

i ) |i = 1, 2, . . . , 5, p = 1, 3, . . . , 10}.

In addition, the minimum distance constraint here is set as 0.4mm between different equipment when

optimizing the moment of inertia.
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Table 1: The characteristic data of 5 pieces of equipment in case 1

Object No.i Ri/mm Hi/mm Mass/kg

1 40 80 1

2 70 100 1.8

3 50 80 1.5

4 60 40 0.8

5 30 100 1

The results of the optimization schemes considering the diversity among schemes as the objective

function and the optimization schemes without considering the diversity objective are compared. As

shown in Figs. 10a and 10c, when the diversity target is not considered, the randomly generated initial

layout schemes can only be optimized to obtain the schemes that meet the geometric non-overlap, and

the corresponding similarity distribution is also random. As shown in Figs. 10b and 10d, after adding

the diversity target of cosine similarity or gaussian similarity, it is obvious that the similarity between

the optimized layout schemes is greatly reduced. This proves that the feasibility of introducing diversity

factors into the optimization process is in line with expectations.

After several optimization iterations, groups of diverse non-overlap layout schemes can be

obtained. Then, DPPs are used to select more representative schemes from the obtained schemes as

the initial solutions for the optimization of physical field performance in the next step. Six schemes

obtained by the DPPs sampling method from the layout schemes according to the modified cosine

similarity minimum are shown in Fig. 11. By observing the most diverse layout schemes, it is clear

that they have different distribution characteristics, including the absolute positions of equipment

and the relative positions between equipment. And Fig. 12 shows the optimized corresponding layout

schemes which take the moment of inertia of the spacecraft system as the optimization target.

Obviously, compared with the schemes before, all the equipment converges towards the center of mass

in optimized schemes. The results of the moment of inertia corresponding to each layout scheme are

shown in Table 2, where the difference between the maximum moment of inertia and the minimum is

8.3%.

(a) without cosine similarity (b) with cosine similarity

Figure 10: (Continued)
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(c) without gaussian similarity (d) with gaussian similarity

Figure 10: The similarity distribution of layout schemes

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 11: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 11: Layout schemes obtained by DPPs according to the modified cosine similarity

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 12: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 12: Layout schemes obtained by optimizing the moment of inertia according to the modified

cosine similarity

Table 2: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 2.378× 105

2 2.332× 105

3 2.450× 105

4 2.479× 105

5 2.419× 105

6 2.542× 105

Among the layout schemes obtained according to the gaussian kernel function similarity min-

imum, six schemes obtained by DPPs are shown in Fig. 13 where they are diverse intuitively by

comparing the coordinates of equipment. And Fig. 14 shows the corresponding layout scheme after

optimizing the moment of inertia in which equipment become more compact. The results of the

moment of inertia corresponding to each layout scheme are shown in Table 3. The difference between

themaximummoment of inertia and theminimum is 4.4%. The results show that themethod proposed

for the diverse SELOD problem can produce multi-group solutions with great target quality for

designers to choose from.
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(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 13: Layout schemes obtained by DPPs according to the gaussian kernel function similarity
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(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 14: Layout schemes obtained by optimizing the moment of inertia according to the gaussian

kernel function similarity
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Table 3: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 2.413× 105

2 2.419× 105

3 2.449× 105

4 2.501× 105

5 2.392× 105

6 2.430× 105

5.2 Case 2: A SELOD Problem with 4 Cuboids and 6 Cylinders

Ageneral layout problem is presented to test the universality of the proposed optimizationmethod

for the diverse SELOD problem. The trapezoid on the bottom of the spacecraft equipment cabin in

this example is an isosceles trapezoid with an upper bottom of 460 mm, a lower bottom of 500 mm and

a height of 560 mm. The height of the equipment cabin is 120 mm. The three-axis moment of inertia

of the equipment cabin around its geometric center is

I0 =



Ixx Ixy Ixz

Iyy Iyz
Izz


 =



9 × 104

9 × 104

1 × 104


 kg ·mm2 (27)

The equipment cabin contains four pieces of cuboid equipment and six pieces of cylindrical

equipment, and their geometric dimensions and mass information are shown in Table 4. Ai and Bi

mean the length and width of the No.i cuboid, respectively and Ri means the radius of the base of the

No.i cylinder. Hi means the height of the No.i cuboid or cylinder. It is noted that the first four are

cuboids.

Table 4: The characteristic data of 10 pieces of equipment in case 2

Object No.i Ai(Ri)/mm Bi(Ri)/mm Hi/mm Mass/kg

1 140 140 50 3

2 100 120 100 2.8

3 100 100 80 2.5

4 150 100 100 3.2

5 40 40 50 1.6

6 70 70 70 1.8

7 60 60 100 2.1

8 70 70 60 1.8

9 60 60 80 2.5

10 30 30 40 1.5
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To verify the efficiency, this design case will be resolved under two different conditions, respec-

tively. One assumption condition, denoted by Scenario A, is that all equipment can be placed at a

free angle and the other, denoted by Scenario B, is that the cuboid equipment can only be placed

orthogonally. In addition, the minimum distance constraint here is set as 1.2mm between different

equipment when optimizing the moment of inertia.

5.2.1 Scenario A: Free Rotation Condition

When all equipment can be placed arbitrarily, six schemes obtained by the DPPs sampling

methods from the schemes according to the modified cosine similarity minimum are shown in Fig. 15.

Nearly no equipment is located in the same place in different layout schemes. Moreover, Fig. 16 shows

the optimized corresponding layout schemes which take themoment of inertia of the spacecraft system

as the optimization target where equipment is clustered from all sides to the center. The results of the

moment of inertia corresponding to each layout scheme are shown in Table 5. The difference between

the maximum moment of inertia and the minimum is 15.1%.

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 15: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 15:Layout schemes obtained byDPPs according to themodified cosine similarity in Scenario A

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 16: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 16: Layout schemes obtained by optimizing the moment of inertia according to the modified

cosine similarity in Scenario A

Table 5: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 9.172× 105

2 8.799× 105

3 8.696× 105

4 8.305× 105

5 9.789× 105

6 9.314× 105

Among the layout schemes obtained according to the gaussian kernel function similarity mini-

mum, six schemes obtained by DPPs are shown in Fig. 17 which are the most diverse ones. Further-

more, Fig. 18 shows the corresponding layout scheme after optimizing the moment of inertia. Finally,

the results of the moment of inertia corresponding to each layout scheme are shown in Table 6. The

difference between the maximum moment of inertia and the minimum is 9.9%.

(a) scheme No.1 (b) scheme No.2

Figure 17: (Continued)
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(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 17: Layout schemes obtained by DPPs according to the gaussian kernel function similarity in

Scenario A

(a) scheme No.1 (b) scheme No.2

Figure 18: (Continued)
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(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 18: Layout schemes obtained by optimizing the moment of inertia according to the gaussian

kernel function similarity in Scenario A

Table 6: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 8.645× 105

2 8.688× 105

3 8.625× 105

4 9.330× 105

5 9.271× 105

6 8.404× 105

5.2.2 Scenario B: Fixed Rotation Condition

When the cuboid equipment can only be placed orthogonally, similarly, Fig. 19 shows six schemes

obtained by the DPPs sampling method from the schemes according to the modified cosine similarity

minimum. The optimized corresponding layout schemes which take the moment of inertia of the

spacecraft system as the optimization target are shown in Fig. 20. The results of the moment of inertia



CMES, 2023, vol.136, no.1 647

corresponding to each layout scheme are shown in Table 7. The difference between the maximum

moment of inertia and the minimum is 10.3%.

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 19:Layout schemes obtained byDPPs according to themodified cosine similarity in Scenario B
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(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

(e) scheme No.5 (f) scheme No.6

Figure 20: Layout schemes obtained by optimizing the moment of inertia according to the modified

cosine similarity in Scenario B
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Table 7: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 9.328× 105

2 9.402× 105

3 8.675× 105

4 8.722× 105

5 8.432× 105

6 8.743× 105

Among the layout schemes obtained according to the gaussian kernel function similarity mini-

mum, Fig. 21 shows six schemes obtained by DPPs. The corresponding layout schemes after optimiz-

ing the moment of inertia are shown in Fig. 22. The results of the moment of inertia corresponding

to each layout scheme are shown in Table 8. The difference between the maximum moment of inertia

and the minimum is 8.6%.

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 21: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 21: Layout schemes obtained by DPPs according to the gaussian kernel function similarity in

Scenario B

(a) scheme No.1 (b) scheme No.2

(c) scheme No.3 (d) scheme No.4

Figure 22: (Continued)
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(e) scheme No.5 (f) scheme No.6

Figure 22: Layout schemes obtained by optimizing the moment of inertia according to the gaussian

kernel function similarity in Scenario B

Table 8: Optimization results corresponding to each layout scheme

Plan No.i Moment of inertia/kg·mm2

1 8.701× 105

2 9.266× 105

3 9.348× 105

4 8.946× 105

5 9.162× 105

6 9.522× 105

The results show that for general SELOD problems, setting diversity constraints to the optimiza-

tion process can generate a variety of layout schemes with better performance and diversity, providing

a greater reference for practical spacecraft engineering design.

6 Conclusions

This paper presents an innovative approach to the SELOD problem that takes into account diver-

sity, based on the fact that traditional optimization algorithms tend to fall into local optimality. Two

measures, modified cosine similarity and gaussian kernel function similarity, are designed as similarity

measures for the layout schemes, guiding the optimization to generate multiple sets of layout solutions

with good objective functions and some diversity. The proposed method is validated by presenting

two examples of the SELOD problem. Given the complex and changing environment of spacecraft

operations, applying our proposed method to engineering practice can provide some reference value

for spacecraft equipment layout design. In future research, the spacecraft equipment layout design

under multi-physical field conditions such as dynamic field, thermal field, and electromagnetic field

will be considered to match the realistic spacecraft operation in orbit further.
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