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Abstract. Steady-case thermal analysis plays an important role in dimensioning thermal control systems for spacecrafts
and aircrafts. Usually a trial and error approach is used based on engineering judgement and experience. When thermal
models become complex or there are conflicting thermal requirements, however, it becomes harder for an engineer to gain
insight as to which design decisions will lead to better results. Numerical optimization, on the other hand, could provide a
more robust approach for the thermal design of complex spacecraft or aircraft models. In this paper, we suggest a gradientbased multidisciplinary optimization of thermal models where the coupled derivatives of the multidisciplinary system are
obtained with the adjoint method. We show that in the case of steady-state thermal analysis, there is an analytic solution of
a partial derivatives of implicit heat-transfer equation that can be used to derive total derivatives of the system. We present
a practical application of this method by solving a small interplanetary spacecraft thermal optimization problem consisting
of one objective, 15 design variables, and 10 constraints. We found that by using gradient-based optimization with exact
derivatives, the best results can be achieved by exploring the design space at multiple initial starting points without major
computational overhead.
Keywords: thermal, aircraft, optimization, spacecraft, gradient, multidisciplinary, adjoint, heat-transfer, openMDAO.

Introduction
The spacecraft and aircraft thermal-control system is responsible for maintaining and controlling components’
temperature within the required operating conditions.
Numerical thermal analysis is one of the key methods in
the design and performance assessment of such thermalcontrol systems. Although the selection of a viable thermal
design approach is based on engineering judgement, detailed thermal analyses are always required to verify and
refine the design. In an industrial environment, a set of
commercial thermal analysis computer programs are typically used to accurately model the thermal environment
by either finite difference or finite element methods. Depending on space mission or aircraft design requirements,
the underlying thermal models can become quite complex, with thousands of thermal nodes and a multitude of
design points at varying boundary conditions. With the
expansion of model complexity, it becomes harder for an
engineer to gain insight as to which design decisions will
lead to better results. In industrial practice, this is mostly

done by human trial and error, however, the use of numerical optimization methods could provide a more robust
approach for thermal design.
This is especially relevant for passive thermal-control
system design for small spacecrafts, such as CubeSats,
which typically rely solely on the proper selection of conductive and radiative material properties. Thermal-control
challenges in aviation usually arise in hypersonic and electric aircraft design, especially concerning aircraft engine
cooling systems and heat exchangers. Electric aircraft
pose a unique thermal design challenge and opportunity
for optimization in that they lack a simple way to reject
waste heat from the power train. While conventional aircraft reject most of their excess heat in the exhaust stream,
this is not an option for electric aircraft (Falck et al., 2017).
Indeed, the need for integrated thermal, power, and fuel
management systems modeling for the design of modern
composite aircraft has been highlighted in the literature
(Bodie et al., 2010).
Despite the potential advantages offered by numerical optimization of spacecraft and aircraft thermal design,

*Corresponding author. E-mail: laurynas.maciulis@vgtu.lt
Copyright © 2020 The Author(s). Published by Vilnius Tech Press
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

106

L. Mačiulis, R. Belevičius. Gradient-based optimization of spacecraft and aircraft thermal design

cal properties are assumed to be constant within a node.
there is a lack of research on this subject in the scientific
literature. Some researchers have successfully solved the
Some heat-transfer books refer to finite-difference-node
inverse design of the spacecraft thermal-control system by
meshes as lumped-parameter representations (Gilmore,
using a meta-heuristic generalized extremal optimization
2002). The energy equation for each node i can be written
algorithm. The design solutions found were nonintuitive
as (Meseguer et al., 2012):
ones that were unlikely to occur as possibilities for a hu∂T
Ci
= Qsun,i + Qalb,i + Q planet ,i + Qdis ,i +
man designer (Galski et al., 2007). Others have suggested
∂t
methodologies based on deterministic optimization algon
n
rithms that use finite difference approximation of the obGL
T
–
T
+
∑ ij j i ∑GRij Tj4 –Ti4 ,
(1)
jective function gradient (Chari, 2009; Stout et al., 2013).
=j 1 =j 1
Escobar et al. (2016) used genetic algorithms to automate
where T is temperature in Kelvin scale; t is time;
the design of a satellite passive thermal control system,
Qsun, i , Qalb, i , Q planet , i are external Sun, albedo, and
while Wang et al. (2002) investigated an aircraft engine
planetary
infrared heat fluxes, respectively; Qdis ,i is the
cooling problem combined with a finite element solution
internally
dissipated power; and GLij and GRij are the
of heat conduction using an optimization technique based
conductive
and radiative coupling links between nodes i
on the Adaptive Response Surface Method.
an
j,
respectively.
When all nodes in the model are conGlobal optimizers based on evolutionary algorithms
sidered,
one
obtains
a system of ordinary differential equaoffer an advantage as they do not rely on gradients and
tions
that
can
be
solved
to give the time evolution of the
are therefore easy to implement with black box models.
temperature
of
each
node.
For thermal-control system
Without gradients, however, algorithms must rely on samdimensioning,
however,
steady-state
calculations for the
pling the design space at a cost that grows exponentially
worst-case
scenarios
are
typically
performed
(Meseguer
with the number of design variables, and in practice, this
et
al.,
2012).
This
is
done
by
setting
the
left-hand
side of
becomes prohibitive when there are more than 10 design
equation
(1)
to
zero,
thus
obtaining
a
system
of
algebraic
variables (Hwang et al., 2013). The same problem is faced
nonlinear equations. This system of equations can be rein response surface methods, otherwise known as surduced to the matrix form:
rogate models, which rely on sampling the design space
of often expensive analysis codes (Forrester et al., 2008).
GL ⋅ {T } + GR ⋅ {T }4 + {Q} =
0,
(2)
Furthermore, global optimizers have difficulty handling
where T is a column vector of node temperatures, Q is a
constraints, whereas thermal design problems are domicolumn vector of node external heat fluxes, GL is a linear
nated by temperature constraints. Similar disadvantages
conductor matrix, and GR is a radiative conductor matrix.
are inherent in finite-difference-based gradient optimizers.
Each element in linear conductor matrix is given by:
In their simplest form, these methods require repetition of
kA
the system analysis for every perturbed design variable,
GLij =
,
(3)
meaning it may be prohibitively costly, particularly if the
L
system analysis is nonlinear and/or iterative (Sobieszczanwhere k is the thermal conductivity, A is the cross-sectionski-Sobieski, 1990). Finite-difference approximation of the
al area through which the heat flows, and L is the distance
gradient is also prone to inaccuracy due to computational
between two adjacent nodes i and j. Similarly, the radiative
noise and truncation errors that may lead to convergence
conductor elements are given by:
issues.
GRij = σ ⋅ i ⋅α j ⋅ Ai ⋅ Fij ,
(4)
Previous research has also considered thermal design
to be a single discipline problem, but in most cases it is
where s is the Stefan-Boltzmann constant,  is infrared
multidisciplinary in the context of other sub-systems. We
emissivity, a is infrared absorptivity, A is node area, and
suggest a gradient-based method that uses exact analytic
Fij is the geometric view factor. The geometric view factor
derivatives of the underlying thermal analysis model and
shows which fraction of the heat radiated by the surface i
accounts for coupling with the electrical power supply and
is directly incident on a surface j (Gilmore, 2002).
attitude sub-systems of a spacecraft. In this paper, we foWe will refer to equation (2) as the direct problem as
cus on spacecraft thermal design, but the same principles
it is used to solve node temperatures by knowing the elecould also be applied to aircraft.
ments of GL, GR, and Q. The thermal engineer, on the
other hand, is faced with an inverse problem:

(

1. Principles of spacecraft thermal analysis and
design

The objective of all thermal-analysis codes is the solution of the general heat-transfer equation. One way to
determine the solution is to approximate the physical satellite model using a finite-difference model. The nodes or
sub-volumes are assumed to be isothermal, and physi-

)

(

Find	 
X
Subject to Ti ,lb < Ti < Ti ,ub

xi ,lb < xi < xi ,ub ,

)

(5)

where X is the vector of design variables belonging to
the feasible domain specified within the upper and lower
bounds denoted by xub and xlb, respectively, while Tub
and Tlb define the upper and lower temperature bounds
defined by thermal requirements, respectively. Any
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parameter that influences the residual value of equation
(2) can be considered as a design variable.
The overall process of solving the inverse problem (as
shown in Figure 1) is based on trial and error as well as
engineering judgement. It is further complicated by the
fact that multiple design points need to be considered
according to the specific space-mission scenario. High
fidelity thermal models coupled with varying boundary
conditions result in very large design spaces that could
reach thousands of design variables (Hwang et al., 2013).
Numerical optimization could enable a more robust approach to solving the inverse problem and provide the designer with more insight into where a better solution lies.

2. Formulation of the multidisciplinary thermal
optimization problem
Instead of looking into thermal design as a single-discipline problem, we suggest formulating it within a multidisciplinary context. By looking into equation (1), we
can see that it contains inputs from external heat fluxes
and heat dissipation from equipment, meaning that the
thermal problem is inherently coupled with the spacecraft
attitude and power disciplines. This formulation would
also make it easy to integrate the thermal discipline into
a multidisciplinary optimization framework of the whole
satellite as a system. Following the mathematical notation
suggested by Martins and Lambe (2013), we formulate a
thermal problem as a multidisciplinary feasible (MDF)
optimization architecture in the form of:
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with respect to
subject to

(

(

)

(

)

f x, y ( x, y )

minimize

x

c0 x , y ( x , y ) ≤ 0

(

ci x0 , xi , yi x0 , xi , y j ≠i

)) ≤ 0 for i = 1…N ,

(6)

where f is the objective function, c is the constraint function, x are design variables, y are state variables (e.g. temperature), index i means local variables or constraints that
affect only one discipline of a total of N disciplines, and
index 0 means shared variables or constraints that affect
more than one discipline. The objective function can be
of any sort of scalar function related to a specific satellite mission, e.g. minimizing the power consumption or
maximizing the data rate for communication links. The
constraint function for the thermal discipline is certainly
the upper and lower bounds of the component’s operating
and/or survival temperature. The MDF architecture simply means that with each optimizer iteration, the system
has to be solved as a whole to return a consistent set of
coupling variables. We choose MDF architecture here because it always satisfies the consistency constraints and is
easiest to understand from an engineering point of view.
The reader is referred to the paper by Martins and Lambe
(2013) for more details on multidisciplinary optimization
architectures.
Thus, the general MDF formulation for the thermal
problem could look like this:
f (X)
minimize
with respect to
subject to

X=

{, α, k, Pout , Φ, Ψ, Ω}

Ti ,lb < Ti < Ti ,ub

∑ Pel – ∑ Qdis – ∑ Pout =
0,
		

(7)

where the total vector of design variables X consists of
vectors of nodes’ emissivity  ; absorptivity a; thermal
conductivity k; components’ power output Pout ; and satellite attitude Euler angles Φ, Ψ , and Ω such that for each
node i:
0 < i < 1
0 < αi < 1
ki ,lb < ki < ki ,ub
Pouti ,lb < Pouti < Pouti ,ub
0 < Φ, Ψ , Ω < 2π .

Figure 1. Spacecraft thermal design process

(8)

The last equation in (7) defines the equality constraint
for conservation of energy where total input electrical
power from solar arrays Pel has to equal the sum of the
dissipated heat and output power of the sub-systems.
The output power is usually in the form of mechanical or
electromagnetic energy, which is used to power up electronic instruments and actuators or charge batteries. The
overall structure of the multidisciplinary thermal problem
and data connections between disciplines are displayed in
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the form of XDSM (Lambe & Martins, 2012) in Figure 2.
The data flow in the Figure 2 is shown as thick gray lines.
Components take data inputs from the vertical direction
and output data in the horizontal direction. The thin black
lines show the process flow, with numbers showing the
order in which the components are executed. The thermal
optimization problem is composed of three disciplines,
which are shown as block components in Figure 2:
1) explicit external heat-flux function;
2) explicit power function;
3) implicit temperature function.
The heat-flux function calculates the absorbed heat
flux from external sources, i.e. the Sun, albedo, and planetary infrared, which depend on satellite attitude angles
Φ, Ψ , and Ω . The power discipline takes the absorbed
fluxes and component power outputs as inputs and calculates internally dissipated heat flux Qdis and generated
electrical power from solar arrays Pel. Finally, the temperature discipline assembles matrices GL (eq. 3) and GR
(eq. 4) and solves the direct problem (eq. 2) as a system
of nonlinear equations. The functions block calculates the
objective and constraints, which are fed to the optimizer.
The solver is required to converge the residuals of equation (2) to zero and to iteratively solve the multidisciplinary coupled problem (solver loop from steps 1 to 5).
Generally, all disciplines could be coupled through
temperature-dependent properties, e.g. solar absorptivity,
and therefore the external heat flux might depend on temperature. Similarly, solar cell efficiency and thus generated
electrical energy also depend on temperature. As shown in
Figure 2, the coupling temperature variable is output from
the temperature discipline and fed backwards as an input to
the power and heat-flux disciplines, thus forming a cycle.

3. Obtaining the total derivatives of the coupled
thermal problem
To solve the constrained thermal optimization problem
defined in section 2 using a deterministic algorithm, the
total derivatives of the objective and constraints with
respect to the design variables are required. Following

0, 7 → 1 :

Optimizer

T t,(0)

Φ, Ψ, Ω, α

Pout

, k

Pout

1, 5 → 2 :
Solver

2:

∗
Qsun

HeatFlux

f ∗, c ∗

Qsun

3:

∗
Qdis

Power

T∗

where f (which is a quantity of interest) is distinguished
from implicit function F, which computes f. The key to
solving this equation is to obtain the only non-partial dedy
, which captures the change in the converged
rivative
dx
values of y with respect to x. Observing the implicit dependence by R(x, y) = 0, one obtains a linear system to
dy
solve
:
dx
∂R dy
∂R
=–
.
(10)
∂y dx
∂x
This is called a direct method. In addition, by substidy
tuting
from equation (10) to equation (9), one obtains
dx
the adjoint version:
df ∂F ∂F ∂R –1 ∂R
=
–
,
dx ∂x ∂y ∂y ∂x

(11)

where the so-called adjoint vector Ψ is found again by
solving a linear system of equations:

x0

x∗

a convention from Gray et al. (2019), we note that total
derivatives are defined as the derivatives of the model
outputs with respect to the model inputs, while the derivatives of the specific discipline outputs with respect to
its inputs are considered to be partial derivatives. As mentioned previously, using finite differences to approximate
total derivatives is both inaccurate and computationally
inefficient, especially in large-scale models. Obtaining the
total analytic derivatives of a coupled multidisciplinary
model might seem a non-trivial problem, especially if the
model contains implicit functions, such as in our case.
Fortunately, there has been a lot of progress recently in
deriving efficient methods for calculating analytic total derivatives (e.g. Martins & Hwang, 2013). In this work, we
adopt the MAUD architecture, which was developed by
Hwang and Martins (2018) and practically implemented
in an open-source multidisciplinary analysis framework
called “Open-MDAO” (Gray et al., 2019).
Following the problem formulation in (6), the derivative of the objective or constraint with respect to design
variable x is:
df ∂F ∂F dy
=
+
,
(9)
dx ∂x ∂y dx

R(T )

T

T

Qsun , Qplanet , Qalb

Qdis

4:
Temperature

f ,c

Figure 2. MDF architecture of thermal problem

Qdis , Pel

T

6:
Functions

T

T

∂R
∂F
Ψ=
.
∂y
∂y

(12)

The direct method requires solving equation (9) n
times, where n is the number of variables, whereas the
adjoint method is proportional to the number of outputs
and independent of the number of inputs. The latter feature is advantageous for large models with a high number
of design variables. MAUD provides the mathematical and
algorithmic framework that automatically computes the
coupled derivatives of the multidisciplinary system via a
generalized form of the direct or adjoint method. The total
derivatives are computed in a two-step process:
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1) compute the partial derivatives of each component,
and
2) solve a linear system of equations that computes the
total derivatives (9) or (11).
Therefore, by leveraging the above mentioned technique, we can obtain the total derivatives of the thermal
problem by providing just the partial derivatives of each
discipline. Here, we provide the exact derivatives of the
matrix equation (2) with respect to all of it variables:
∂R
= GL + 4 ⋅ GR ⋅ diag {T }3 ;
∂T
∂R
= {T } ⊗ I ;
∂GL

∂R
= {T }4 ⊗ I ;
∂GR
∂f
=I ;
∂Q

(

(

)

(13)
(14)

)

(15)
(16)

where we refer to the residual function of equation (2) as
R. The partial derivatives of the other disciplines are application specific and examples will be given in the next
section.

4. Practical application of gradient-based
spacecraft thermal model optimization
4.1. Description of a thermal model
To demonstrate the use of the technique described in section
3, we present an example spacecraft shown in Figure 3(a).
It is a nano-spacecraft that closely resembles a socalled CubeSat standard (Heidt et al., 2000). The spacecraft consists of a cube-shaped body with a side length of
88 mm and three solar arrays. One of the arrays is fixed
to the body, while the remaining two arrays are deployed

after the spacecraft is launched into space. The mission
objective is to design this spacecraft for a very wide range
of thermal conditions. Therefore, we assume that it must
survive the thermal environment expected during an interplanetary mission orbit with an aphelion at 3 AU, perihelion at 1 AU, and zero inclination. As the solar heat flux
follows the square law of distance, spacecraft receive nine
times less heat from the Sun at 3 AU compared to conditions in low Earth orbit. The blue rectangles in Figure 3(b)
represent spacecraft sub-systems. The requirement for
thermal design is to keep sub-system temperatures within
an allowable range (shown in Table 1), while maximizing
sub-system 1 power allocation during the mission.
A simple lumped-parameter representation of this
spacecraft’s thermal model is shown in Figure 3(b). The
model is cut through the YZ plane to show the internal
view, and different colors show the surface optical properties of different parts of the geometry. The initial optical
properties are listed in Table 2. The model is discretized
into rectangular shells, with each shell representing an individual thermal node. The node numbers of each shell
are shown in Figure 3(b). Each deployable solar array consists of two nodes representing the front (nodes 7, 8) and
back (nodes 6, 9) surfaces of the panel. The nodes or subvolumes are assumed to be isothermal, and physical properties are assumed to be constant within a node. The body
of the spacecraft is made of aluminum, while solar arrays
and sub-systems are composed of PCBs. For steady-case
thermal analysis, the thermal conductivity of the materials needs to be defined. We set the thermal conductivity
of aluminum and PCB to 130 and 20 Wm–1K –1 , respectively. The remaining linear conductors connecting different nodes are shown in Figure 3 as jagged lines. Conductors 4–10 and 1–15 represent mechanical spacers through
which PCBs are attached to structure. Conductors 5–11,

9

Deployable solar arrays

6

88

8

10

X
Y

4

7

Z
96

85

X

Z

5

11

14

Body fixed solar array

3
2
1
15

Y
Anodized aluminium
Solar cells

(a)

13

MLI
Gold plated aluminium

(b)

Figure 3. Spacecraft geometry (a) and thermal model (b). Jagged lines in (b) show linear conductors between thermal nodes.
Back surfaces of deployable solar arrays (nodes 6 and 9) are covered with MLI
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put is not a continuous function, but an array of outputs at
specified conditions. To smooth out the data, some kind of
surrogate model is typically used, e.g. B-spline interpolant
(Hwang et al., 2014).
The power discipline takes the absorbed fluxes and
component power outputs as inputs and calculates the internally dissipated heat flux Qdis and generated electrical
power from solar arrays Pel . First, the electrical power is
calculated as
η
=
Pel QSun ⋅
,
(19)
α sc

Table 1. Thermal requirements of the sub-systems
(source: author, 2020)
Sub-system
number

Minimum
temperature °C

Maximum
temperature °C

1

–10

+80

2

–40

+85

3

–40

+85

4

0.0

+45

Table 2. Surface optical properties
Surface finish

Solar
absorptivity

Infrared
emissivity

Solar cells

0.91

0.89

MLI

0.035

0.14

Gold-plated aluminum

0.02

0.19

Anodized aluminum

0.11

0.50

η= ηe ⋅ηmppt ,

4.2. Discipline models
As explained in section 2, the multidisciplinary thermal
problem consists of heat-flux, power, and temperature disciplines. We apply the same topology to the example problem presented here, with the distinction that only power
and temperature will be coupled. The heat-flux discipline
calculates the incident solar radiation flux absorbed by a
satellite surface, given by:
(17)

where A is surface area and qs is incident solar flux density, calculated by:
qs= Gs ⋅ cos(φ)⋅d –2 ,

(20)

and α sc – is the solar absorptivity of the solar cell. We
note that ηe depends on temperature, which is explained
later. The dissipated heat in the solar arrays is then given:

5–7, and 7–8 represent solar array hinges. We assume
that the sub-systems are well insulated with MLI and that
the internal body surface is covered with a low emissivity
finish so that the dominant heat path from/to the subsystems is through conduction instead of radiation. In this
model, the sides of the body cube are assumed to be fused
together without any thermal contact resistance, but the
conductors are not shown in Figure 3(b) for the purpose
of clarity.

QSun= qs ⋅ A ⋅α ,

where h is the overall input efficiency given by the product of electrical cell efficiency ηe and MPPT converter
efficiency ηmppt :

(18)

where d is the distance from the Sun in AU, f is the angle
between incident Sun ray and surface area normal, and
the average value of the solar constant Gs at one AU disW
tance is 1367 2 (Gilmore, 2002). Note that the angle f
m
needs to be determined for every external surface of the
spacecraft and will depend on the design variable F. The
dependence of these variables might be determined analytically if the model geometry is simple, but in general,
a graphical ray-tracing or rendering algorithm is used for
more complex geometries to calculate qs directly. In case a
ray-tracing algorithm is used, however, the resulting out-


η
Qdis=
Pel QSun ⋅  1 –
, sa Qsun –=
α
sc



 .


(21)

For internal sub-systems, we just assume that all electrical power is converted as heat:
Qdisint = Pout ,
(22)
Although in general cases, this depends on the nature
of the specific sub-system component. Finally, the temperature discipline assembles matrices GL (eq. 3) and GR
(eq. 4) and solves the system of nonlinear equations to
obtain the temperature of each thermal node. For radiative conductor GR, two cases can be distinguished:
1. Thermal radiation exchange of external surfaces
with a deep space environment.
2. Thermal radiation exchange between surfaces inside
the spacecraft.
In case of external radiation, equation (4) simplifies to:
GRij = σ ⋅ i ⋅ Ai ⋅ Fij .
(23)
Unfortunately, for internal radiation, multiple reflections need to be accounted for to achieve accurate results
of radiative conductors. This requires GR values to be
recalculated for every surface in a spacecraft enclosure
whenever emissivity changes. Since radiative solvers rely
on Monte Carlo ray-tracing algorithms for view factor calculation, gradient-based optimization of internal surface
emissivity becomes problematic. Practically, this is not an
issue, however, because external radiation has a dominant
effect on thermal equilibrium. Only optimization of external surface optical properties is considered in this paper.
As we need to solve the thermal model for two different boundary conditions, equation (2) has to be modified
to obtain a solution at multiple design points:
GL ⋅T + GR ⋅T 4 + Q =,
0

(24)

where T and Q are matrices when each column represents
a single design point. The size of T and Q is n x m, where
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x0
0, 7 → 1 :

x∗

Optimizer

Pout

Φ, α

, k

×10−2

Pout

1.2

1.50
Qsun

2, 5 → 3 :
Newton

3:

∗
Qdis

Power

Qdis

Qdis , Pel

1.25
0.8

1.00
0.75

0.6

0.50

0.4

0.25

norm rel error

Qsun

HeatFlux

max abs error, ◦ C

1.0
1:

∗
Qsun

0.2

0.00
T∗

R(T )

T

4:
Temperature

0.0

T

0.01 0.10 0.20
f ∗, c ∗

f ,c

6:
Functions

Figure 4. MDF architecture of example thermal problem

n is the number of thermal nodes and m is the number of
design points. In our example problem, n = 15 and m = 2.
Note that GL and GR are matrices of size n x n.
As mentioned previously, the temperature and power
disciplines are coupled because the electrical efficiency of
a solar cell depends on temperature. This dependency can
be estimated by either using an electric solar cell model
or by approximating experimental data. Here, we follow
a second approach by applying a linear approximation to
the experimental data of AZUR SPACE triple-junction solar cells, as provided in Baur et al. (2017). We assume that
the heat-flux discipline is not coupled and can be executed
sequentially with no iteration.
The overall MDF architecture of the example problem
is shown in Figure 4. Here, we use a nonlinear iterative
Newton solver to converge the coupled power and temperature discipline group by driving the residuals of the
nonlinear system of equations to zero. The multidisciplinary thermal model was implemented in an open-source
multidisciplinary analysis framework called OpenMDAO
(Gray et al., 2019), which focuses on supporting gradientbased optimization with analytic derivatives.

4.3. Evaluation of thermal solver accuracy
The assumption in this analysis is that external radiation
can be modeled with equation (23), i.e. there are no reflections of infrared radiation. For the considered example
with deployable solar arrays, this assumption is of course
no longer true due to possible reflections from deployable
array back surfaces. To test the effect of reflections and the
overall accuracy of the thermal solver, the model was run
for varying infrared emissivity of CubeSat surfaces 6, 9,
and 14. Other thermal properties were kept constant. The
results were compared with those obtained for the same
model in the Esatan-TMS commercial thermal analysis
program, which is a standard spacecraft thermal analysis tool used in the European Space Agency. Results are
summarized in Figure 5. The maximum measured absolute error is 1.63 °C at surface emissivity of 0.10. The error
is positive as expected because in reality, additional re-

0.40

0.80

0.95

α

Figure 5. Evolution of maximum absolute (red) and normalized
relative (blue) errors for varying infrared emissivity of
CubeSat surfaces 6, 9, and 14

flections cause an increase in the total radiation exchange
factor from associated geometry to deep space. This causes
larger temperatures to be reported in OpenMDAO than
there actually is. As the emissivity is decreased to lower
values, the effect diminishes because of relatively lower
heat flux compared to other satellite surfaces. As expected,
increasing surface emissivity decreases the errors because
in this case, the radiation exchange factor approaches the
value given by equation (23).

4.4. Set-up of the optimization problem
The optimization objective is to maximize the power allocation to sub-system 1 by changing the values of the
optical properties of anodized aluminum, thermal conductance between sub-systems and structure, thermal
conductance of solar panels hinges, the power allocation
to sub-system 4, and the attitude yaw angle F around
spacecraft body axis Z. The angle F changes the orientation of the spacecraft with respect to the Sun, where 0
angle corresponds to the Sun vector coincident with the Y
body axis. The inequality constraints for the problem are
the upper and lower temperature bounds listed in Table 1.
In addition, an equality constraint for energy conservation
has to be complied with. The problem formulation is summarized in Table 3.
The design variables for power allocation and yaw angle as well as constraints need to be parametrized with respect to different design points. As mentioned previously,
in this example, we have to solve the problem at two design points: the hot case at 1 AU distance from the Sun
and the cold case at 3 AU distance from the Sun. Emissivity is optimized for the whole external surface because its
effect does not depend on satellite attitude. The absorptivity for node 11 is not optimized as this side is shadowed by
a body solar array. To comply with the equality constraint,
we allow the optimizer to freely choose the amount of
electrical power allocated to sub-systems 1 and 4 and set
the remaining unused electrical power term as dissipated
heat in the structure. This feature is required to limit the
heat dissipation in sub-systems if they get too hot.
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Table 3. Example optimization problem
Variable/function
maximize

Description
The sum power of sub-system 1 at two design points

1

0 <  <1

–

Emissivity of external body surface (nodes 10–15)

1

0 < α12 <1

–

Absorptivity of body side X- (node 12)

1

0.25 < kspacer < 237

Wm–1K –1

Conductivity of spacers connecting nodes 4–10, 1–15

2

Conductance of hinges connecting nodes 7–8, 5–7, and
5–11

3

i

0.004 < khinge < 0.1

WK –1

0.25 < Pout < 7

W

Power allocation to sub-systems 1 and 5

2x2

0.25 < Qdis < 7

W

Unused power dissipated as heat on body structure

1x2

rad

Yaw attitude angle with respect to Sun vector

1x2

0<Φ <

π
2

Total number of design variables
subject to

Quantity

W

2

∑Pout ,1
i =1

with respect to

Units

Ti ,lb < Ti < Ti ,ub
∑ Pel – ∑ Qdis – ∑ Pout =
0

15

Temperature constraints from Table 1

4x2

Conservation of energy constraint

1x2

Total number of constraints

The SLSQP was selected as the gradient-based optimization algorithm as it can minimize a function of several
variables with any combination of bounds, equality, and
inequality constraints. OpenMDAO implementation of
SLSQP was originally implemented by Kraft (1988).

4.5. Optimization results
First, the performance of the analytic total derivative computation was tested on varying thermal-model mesh density by increasing the number of nodes from 15 to 73 and
225 (Figure 6). As can be seen from Figure 7(a), the computation time of total derivatives increases almost linearly with
mesh density. As suggested by theory, however, the computation time does not depend on the number of design variables, as seen in Figure 7(b). Increasing mesh density also
affects the accuracy of the solution, e.g. the relative change
of temperature of sub-system 1 is –9% (73 nodes) and –4%
(225 nodes) with successive mesh refinement.

n = 225
n = 73
n = 15
Figure 6. Varying fidelity of thermal model mesh, where n is the
total number of thermal nodes. Deployable solar arrays are meshed
identically as fixed array (blue), but are not shown for clarity

10

To avoid sub-optimal solutions when the optimizer
gets trapped in local extremum, the model was run starting with different initial values. The baseline initial solution was obtained starting with the initial values listed
in Table 4; after that, the LHS method was used to obtain equally distributed samples of starting input variable values. The model with 73 thermal nodes in Figure
6 was used. The number of samples was increased until
no improvement in objective function value was observable. The optimized design variable values for the initial
local and global solutions are shown in Table 4 and corresponding temperatures are shown in Figure 8. As can
be seen from Figure 9, the best solution is obtained when
the number of initial variable samples is increased to 30.
This could be expected from a gradient-based optimizer
and suggests that the designer should be aware of this
limitation.
It is evident from the results in Table 4, however, that
even the local solution provides a hint to the designer
about the direction of improvement. Mainly, by increasing the angle F during the hot case and decreasing the
absorptivity of body surface, the satellite absorbs less heat
from the Sun and more power can be dissipated in subsystem 1 without it overheating, even though the total
electrical power input is reduced. The evolution of objective and constraint violation values for local and global
solution optimizer runs are shown in the Figure 10. Constraints are aggregated for both design points, positive values indicate that the constraint is violated. Temperature
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(a)

(b)

Figure 7. Time for computing total derivatives of objective and constraints with respect to design
variables for (a) varying model fidelity and (b) varying number of design variables
(platform: Intel Core i5-5300U)

Figure 8. Initial and optimized temperatures. Sub-system 4
temperature at 3 AU after optimization is zero

(a)

indices indicate sub-system numbers, lb – lower bound,
up – upper bound. Only 10 function evaluations were required to achieve a local extremum during the initial run
(Figure 10a), whereas approximately 50 were required for
a global solution (Figure 10b). By comparing Figures 10a
and 10b, one can see that although the initial violation of
constraints for the best run was much higher, it was still
possible to achieve constraint feasibility. In fact, from a
total of 100 optimization runs, the constraint feasibility
was not reached only once within a given iteration limit
of 70 iterations. This suggests that the gradient-based
optimizer and suggested MDF architecture are robust
in terms of nearly always providing the designer with a
feasible solution.

(b)

Figure 9. Evolution of best objective value with (a) number of samples and (b) plot of all objective results
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Table 4. Initial and optimized values of design variables
(vector variables shown in brackets)
Design
variable

Optimized values
Initial values

Initial
optimizer run

Best solution
optimizer run



0.11

0.94

0.71

α12

0.5

0.07

0.07

kspacer , 4 −10

6.7

2.88

6.33

kspacer ,1−5

6.7

2.96

1.83

khinge ,7 −8

0.02

0.1

0.1

khinge ,5−7

0.02

0.1

0.1

khinge ,5−11

0.02

0.004

0.1

Pout ,1

[0.3, 0.3]

[0.51, 0.4]

[1.17, 0.62]

Pout , 4

[0.25, 0.25]

[0.25, 0.46]

[0.25, 0.25]

Pdis

[0, 0]

[5.75, 0]

[0.25, 0]

Φ

[0, 0]

[10.5, 0]

[77.2, 0]

0.91

1.79

Objective function value

(a)

Conclusions
In this paper, we have presented MDF architecture for the
multidisciplinary analysis and optimization of spacecraft
thermal design. The architecture consists of three heterogenous computational models: external heat-flux, sub-system power allocation, and steady-case heat transfer. The
multidisciplinary formulation of the problem facilitates
the integration of thermal design into the overall spacecraft design process by capturing the dependency of the
thermal model on other disciplines. We then showed how
to derive analytic total derivatives of the coupled computational model using the adjoint method. It was found
that the model results agreed well with those obtained in
Esatan-TMS thermal analysis software. The worst case
absolute and relative errors for a CubeSat model with solar arrays were below 1.63 °C and 1.2%, respectively. The
cause of the error can be mainly attributed to the reflections from deployable geometry that are not accounted
for in the integrated OpenMDAO model. By using this
method together with the SLSQP optimization algorithm,
we solved a small interplanetary spacecraft thermal optimization problem consisting of one objective, 15 design
variables, and 10 constraints. Newton’s method was used
to converge the coupled nonlinear steady-case heat transfer and power discipline models.
The optimization routine was repeated for a varying
number of design space samples obtained using the LHS
method. The best objective function solution was obtained

(b)

Figure 10. Optimization progress of objective function and temperature constraint (in Kelvin scale)
violations for (a) the initial optimizer run and (b) the best solution optimizer run.
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when the number of initial variable samples was increased
to 30, which resulted in 100% improvement compared to
the initial solution. No improvement was observed by increasing the number of samples above 30. Due to the efficient computation of total derivatives, all 30 samples were
run and the best solution was obtained in less than half an
hour on an Intel Core i5-5300U processor for a lumped-parameter thermal model consisting of 73 nodes. It was noted
that even given a sub-optimal solution, the optimization results provided a hint to the designer about the direction
of improvement. We think this feature of MDF solution
architecture and gradient-based optimization is beneficial
because in nearly every case, the optimizer returns a feasible
solution regardless of the outcome of the optimization. In
fact, we observed that from a total of 100 optimization runs,
the constraint feasibility was not reached only once within
a given iteration limit of 70 iterations.
We further demonstrated that the adjoint method can
compute analytic total derivatives of the computational
model regardless of the number of design variables, which
is relevant for models containing many design variables.
The cost of computing total derivatives does depend on
the size of the problem though. In our case, by varying
thermal model mesh density from 15 to 225 lumped-parameter thermal nodes, we observed almost a linear increase in derivative computation time from 0.1 s to 3.5 s.
We believe that the gradient-based optimization of multidisciplinary thermal models presented in this research
work could find a practical application in spacecraft or
similar aerospace system design tasks containing large
numbers of design variables and conflicting thermal requirements.
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Notations
Variables and functions
A – cross-sectional area;
C – heat capacity;
c – constraint function;
d – distance to the Sun;
F – implicit function;
f – objective function;
Fij – the geometric view factor between surface i and j;
GL – linear thermal conductance factor;
GR – radiative thermal conductance factor;
Gs– solar constant;
k – thermal conductivity;
L – the distance between two adjacent thermal nodes;
m – number of design points;
N – number of disciplines;
n – number of thermal nodes in the model;
Pel – electric input power;
Pout – component output power;
Q – heat flux;
Qalb – Albedo heat flux;
Qdis – internally dissipated heat flux;
Qplanet – planetary infrared heat flux;

QSun– absorbed solar heat flux;
qs – incident solar flux density;
R – function of residual equilibrium equations;
T – temperature;
t – time;
X – vector of design variables;
x – design variable;
y – state variable;
α – solar absorptivity;
η – solar array efficiency;
ηe– electrical efficiency of a solar cell;
ηmppt – efficiency of MPPT converter.
σ – Stefan-Boltzmann constant;
Φ – yaw Euler angle;
Ψ – pith Euler angle;
Ψ – adjoint vector;
Ω – roll Euler angle;
 – infrared emissivity;
Abbreviations
AU – astronomical unit, the average distance between the
Earth and the Sun, which is about 93 million miles or 150
million kilometers
LHS – Latin hypercube sampling;
MAUD – modular analysis and unified derivatives architecture;
MDF – multidisciplinary feasible;
MLI – multi-layer insulation;
MPPT – maximum power point tracker;
PCB – printed circuit board;
SLSQP – sequential least squares programming;
XDSM – extended design structure matrix.

