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Abstract—Deep-space missions have long depended on Direct-to-
Earth communications via NASA’s Deep Space Network, but the
network’s limited capacity and the growing data downlink demands
of modern missions pose major challenges for future robotic and
crewed space exploration. To supplement the Deep Space Network,
we propose a Heliocentric Relay Network (HRN): a distributed
constellation of Ka-band relay satellites in solar orbit, designed
for continuous high-data-rate Mars–Earth communications. We de-
velop a modular hidden-genes genetic algorithm to determine HRN
satellite orbits that maximize the average Mars–Earth downlink
capacity over a 6.4-year simulation period. We show that with
25–100 Starship launches, average Mars–Earth data rates through
the HRN range from 146 Mbps to 852 Mbps, more than 100 times
the throughput of current Direct-to-Earth systems. These results
demonstrate that a large-scale HRN using technologically-mature
communication systems could enable high-data-rate, continuous
Mars–Earth communications, supporting future exploration across
the inner Solar System.
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1. INTRODUCTION
From the Voyager probes to the Perseverance rover, nearly
all space exploration missions beyond cislunar space in the
last 50 years have relied on Direct-to-Earth (DTE) communi-
cations for receiving commands, transmitting telemetry, and
down-linking scientific data. In the DTE paradigm, space-
craft communicate directly (or occasionally through a nearby
orbiter) with an Earth-based network of antennas, generally
NASA JPL’s Deep Space Network (DSN). However, the DSN
has now become a critical bottleneck for deep-space commu-
nications. With a limited number of antennas, the DSN is
oversubscribed, with missions from both NASA and partner
agencies having to negotiate for time using the network’s
Earth-based antennas. Furthermore, the upcoming Artemis
missions are expected to further strain the DSN’s resources
in coming years [1], [2]. The large free space path loss
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incurred while communicating directly across interplanetary
distances also limits the achievable throughput of DTE com-
munications. Meanwhile, space missions are increasingly
demanding in data uplink and downlink volume: in response,
NASA has a stated objective of attaining a 200 Mbps average
downlink data rate from Mars to Earth, which corresponds
to a 100-fold increase over existing capabilities [3], [4].
NASA has also put out a request for commercial proposals
for a “Mars End-to-End Communication Service Architec-
ture” capable of continuous, duplex, 100 Mbps Earth-Mars
communications [5].

While new technologies such as optical communication sys-
tems promise significantly higher data rates, they do not
inherently address other challenges in interplanetary com-
munications such as interruptions during solar conjunctions
[4]. Such up-time and reliability issues reduce the scientific
productivity of autonomous missions through the Solar Sys-
tem, and pose a significant risk to the safety of astronauts
during crewed missions beyond Earth orbit. Communication
outages due to conjunctions and eclipses can be circumvented
by using a single relay spacecraft in heliocentric orbit, but this
approach does not increase end-to-end throughput compared
to DTE communications [6].

Sun

Earth

Mars

Relay Satellites

Downlink Path

Figure 1: An Earth-Mars Heliocentric Relay Network with
165 relay satellites, deployed with 33 Starship vehicles.

As an alternative to the DTE communications paradigm, we
propose the creation of a hyper-distributed network of radio-
frequency (RF) relay satellites in Solar orbit for communica-
tions between Earth and Mars. In this work, we shall refer
to this network as a Heliocentric Relay Network (HRN).
The HRN consists of a backbone of Ka-band relay satel-
lites in heliocentric orbits, optimized for network throughput
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and guaranteeing continuous communications during Mars-
Sun-Earth conjunctions. Such a multi-hop, distributed in-
terplanetary network presents several advantages over DTE
RF communications, including reduced free-space path loss
over communication links, built-in redundancy, lower size,
weight and power (SWaP) of future Martian communications
systems, and freeing DSN capacity for missions elsewhere in
the Solar System [7].

This paper presents three main areas of investigation. First,
we develop an approach for computing the number of relay
satellites deliverable to a particular formation with a single
launch based on parameters such as relay antenna diameter,
the launch vehicle’s payload mass and volume constraints,
and the satellites’ orbital insertion ∆V s. We then develop
an efficient algorithm for evaluating the performance of a
given satellite constellation, relying on a warm-started binary
search algorithm to find the maximum-capacity path between
Earth and Mars at each simulation timestep. To evaluate
the performance of a network, we propagate the orbits of
Mars, Earth, and all the satellites, over a 6.4-year simulation
period, and take the average data rate from Mars to Earth
over that simulation period as our measure of performance.
Finally, we implement a modular genetic algorithm to find the
optimal Mars–Earth relay network subject to a fixed number
of satellite launches. We identify six categories of modular
satellite formations (e.g., elliptical rings of satellites and
planar Mutually Orbiting Groups (MOGs)) that maintain con-
sistent inter-satellite spacing, and encode them into the design
space under a unified genome. We assume the continuous use
of one DSN 34 m antenna on Earth, the presence of relay
satellites in Martian orbit, and the use of SpaceX’s Starship
vehicle for launching and deploying the relay satellites.

The constellations identified have an average Mars–Earth
data rate that increases substantially with the number of
launches. Our results show that it is possible to achieve Mars–
Earth data rates of over 146 Mbps with 25 Starship launches,
294 Mbps with 50 launches, 568 Mbps with 75 launches,
and 852 Mbps with 100 launches. These data rates represent
an over 100-fold increase in throughput compared to the
current DTE system between the DSN and the Mars Recon-
naissance Orbiter. The identified HRNs require substantial
resources in the form of launch vehicles and spacecraft, but
are able to surpass NASA’s objectives for Mars–Earth down-
link throughput while using only technologically-mature Ka-
band communications systems. In future work, these HRNs
could integrate different communication technologies, and be
expanded to provide simultaneous communication services to
several points in the inner Solar System.

2. SYSTEMS ENGINEERING AND
ASSUMPTIONS

Launch Vehicle and Satellite Assumptions

To quantitative assess the performance of a given Mars–Earth
relay network, we assume the use of a specific launch vehicle
to deploy relay satellites into heliocentric orbit. We select
SpaceX’s Starship Block III upper stage paired with the Super
Heavy booster, due to its large payload capacity to Low Earth
Orbit (LEO), large payload fairing volume, and increasing
adoption in mission concepts and proposals [8]. We also used
Starship as a representative launch vehicle in our previous
work on the fuel-optimal deployment of satellites into planar
heliocentric Mutually Orbiting Groups (MOGs) [9].

Table 1 summarizes key performance metrics for three
iterations of Starship, compiled by Ars Technica from
both SpaceX’s website and public announcements made by
SpaceX officials [10], [11].

Table 1: Starship Performance Metrics [10], [11]

Starship Metrics Block I Block II Block III
Payload to LEO (t) N/A 100 200

Ship Propellant Load (t) 1200 1500 2300
Ship Dry Mass (t) 100 116 160

Additionally, for all of Starship’s propulsive maneuvers out-
side of the Earth’s atmosphere we use the specific impulse
(Isp) of Starship’s Raptor vacuum thruster: 382 s in vacuum
[12]. For the satellites’ onboard propulsion systems, we
choose a specific impulse of 300 s, which corresponds to a
typical specific impulse of the main engines of interplanetary
spacecraft, such as Galileo’s 400 N monomethylhydrazine
and nitrogen tetroxide main engine [13].

For this work, we assume that each relay satellite has two
gimballed parabolic antennas, 8 m in diameter. We choose
the largest antenna diameter that can fit inside Starship’s
payload fairing, which has an cylindrical usable internal
volume of 8 m in diameter and an extended payload bay
height of up to 22 m, of which approximately 17.5 m are
at the full 8 m diameter [14]. We assume an f/D ratio of
0.5, and use the focal length formula for a parabolic antenna,
provided in Equation (1), to find the depth of the antenna
body, c = D/(16 · f/D) = 1 m. See Figure 2 for the naming
conventions of the parabolic antenna dimensions used in this
work. We use the calculated antenna depth c as an estimate
of the stowed height of the antenna itself when stacked into
the launch vehicle payload fairing, under the assumption that
the receiver at the focal point of the parabolic antenna can be
stowed for launch [15].

f =
D2

16c
(1)

Figure 2: Diagram representing the major components and
dimensions of a parabolic antenna. The receiver is located at
the focal point of the parabolic dish.

We assume that each satellite’s payload bus has dimensions of
approximately 2x2x1 m, similar to those of existing commer-
cial communication satellites such as Starlink. This puts the
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total height of one HRN satellite at under 3 m when stowed
in the launch vehicle payload bay. Under these assumptions,
Starship’s payload bay can fit 5 vertically-stacked HRN satel-
lites.

We estimate the dry mass of the satellite bus to be 1000
kg excluding antennas, similar to the specifications of the
Psyche spacecraft [16]. We assume a uniform areal mass
density for the antenna body of 5 kg/m2, which is that of
the Mars Reconnaissance Orbiter (MRO) High Gain Antenna
(HGA)–including the motorized gimbals and support struc-
ture–with a margin [17]. We then obtain the mass of each
parabolic antenna body in Equation (2).

Mantenna = ρaAantenna = ρa ·
πR

6c2
· ((R2 + 4c2)

3
2 −R3)

= ρa ·
64π

3
D2(f/D)2((

1

4
+

1

64(f/D)2
)

3
2 − 1

8
)

≈ 266.44 kg
(2)

The antenna mass estimate detailed in Equation (2) makes the
total estimated dry mass per HRN satellite 1,533 kg. In our
optimization algorithm, when we compute the achievable dry
mass per satellite for the desired final formation (elliptical
ring, circular ring, MOG, etc..) we compare the achievable
dry mass to the nominal satellite dry mass. We then determine
if the HRN satellite deployment to that formation is volume-
constrained (we can launch all 5 satellites that can fit in
the payload bay) or mass-constrained, in which case the
achievable number of HRN satellites per launch is in the 1-4
range. If the total dry mass deployable in a Starship launch
is less than the nominal dry mass of a single HRN satellite,
then we conclude that the deployment procedure in question
is incapable of deploying any satellites to the formation under
analysis.

Planetary Network Assumptions

This work focuses on the orbital optimization of the HRN
itself, and not on the design, operation, or tasking of the
communications infrastructure at the Earth or Mars ends of
the interplanetary network. We therefore make several as-
sumptions about the Earth and Mars interfaces of the network
to compromise between fidelity and simplicity of analysis.

For the Earth interface of the HRN, we assume the use of one
DSN 34 m-diameter Beam Waveguide (BWG) antenna for
the entire duration of the Mars–Earth distributed network’s
operation. Monopolizing any of the DSN’s 70 m antennas
for long durations is less realistic since those larger antennas
are fewer in number, are particularly oversubscribed, and
prioritize communications with outer Solar System missions
such as New Horizons, the Voyager probes, and Juno [1],
[18].

The particular 34 m antenna used at a given time may belong
to any of the three DSN complexes (Goldstone, Madrid, or
Canberra) so long as the HRN satellite down-linking data to
Earth at that moment is in the visibility cone of the antenna
in question. Since the visibility cones of the DSN sites cover
the entire sky past GEO, and the Earth’s radius of 6,378 km
is small compared to the distances between HRN satellites,
we model the Earth’s interface with the broader HRN as a
single node at the Earth’s position that has the link budget
parameters of a DSN 34 m BWG antenna.

Figure 3: Field of view of the Deep Space Network antennas,
looking down from the North Pole. Spacecraft more than
30,000 km from Earth are always in view of at least one
station, and hence at least three 34 m BWG antennas [19].

In this work, we also assume that there already exists a con-
stellation of relay satellites in Mars orbit, with the following
characteristics:

• Each Mars relay satellite has identical communications
subsystems to the HRN satellites, including 8 m Ka-band
parabolic antennas.
• There is a sufficient number of Mars relay satellites to
guarantee that at least one is visible to any HRN satellite at
any time.
• The Mars network is responsible for relaying data and
telemetry to and from other spacecraft, landers, and rovers
in orbit and on the surface of Mars.

Similarly to our treatment of the Earth-HRN interface, we
thus model the Mars-HRN interface as a single node that
can always communicate with its nearest neighbors in the
broader relay network. When evaluating the performance of
a candidate HRN, Mars is therefore treated similarly to any
other HRN satellite, except that the Mars node follows the
exact ephemerides of Mars’ orbit. Future work may focus on
the design, orbital optimization, and detailed deployment, of
a Mars-orbiting communications constellation for interfacing
with a heliocentric relay network, but such high-fidelity mod-
eling is outside the scope of this paper.

3. HELIOCENTRIC SATELLITE DEPLOYMENT
To quantitatively estimate the number of HRN satellites that
can be deployed with a single launch, it is necessary to
compute the ∆V required for the orbital insertion of the
HRN satellites. We develop several deployment procedures
to deploy HRN satellites into the three main types of forma-
tions incorporated into our modular HRN: Mutually Orbiting
Groups (MOGs), circular rings of satellites, and elliptical
rings of satellites.

For a given satellite formation, we then select the most fuel-
efficient deployment procedure, and obtain the corresponding
launch vehicle and satellite ∆V s. We compute the total HRN
satellite dry mass deliverable using the selected procedure’s
∆V s and the Tsiolkovsky rocket equation, presented in Equa-
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tion (3). The final delivered satellite dry mass dictates the
number of satellites deliverable to the MOG per launch Npl.
The total number of satellites delivered to the MOG with Nl
launches is thus Nsats = Npl ·Nl.

∆V = Isp · g0 · ln(
m0

mf
) (3)

Mutually Orbiting Group Deployment

We have previously published work on the fuel-optimal de-
ployment of planar, heliocentric, MOGs [9]. We reuse that
work here for estimating the deployment ∆V of MOGs in
the context of our broader HRN optimization framework.

To deploy MOGs, we consider two distinct MOG deployment
strategies developed in this previous work [9]:

1. The Hohmann Insertion strategy: the launch vehicle enters
a circular heliocentric deployment orbit of radius aMOG (the
semi-major axis of the MOG satellite orbits). The satellites
then one-by-one execute a Hohmann transfer from the de-
ployment orbit to their final elliptical MOG orbit.
2. The Spread-out Insertion strategy: the launch vehicle
directly enters the MOG formation (an elliptical deployment
orbit). MOG satellites execute MOG phasing maneuvers to
insert into their final MOG orbits.

Circular Ring Deployment

We consider two different satellite insertion strategies for the
deployment of circular, heliocentric rings of satellites. The
first involves an offset circular deployment orbit, which we
will refer to as the “Offset Insertion” (OI) strategy. The
second involves the launch vehicle inserting directly into
the circular ring and the HRN satellites executing phasing
maneuvers within the ring. We will refer to this second
deployment paradigm as the “Phasing Insertion” (PI) deploy-
ment strategy.

Offset Insertion—We portray the Offset Insertion deployment
strategy in Figure 4 and summarize its major steps below:

1. Satellites launch aboard some launch vehicle, entering a
LEO parking orbit. The launch vehicle upper stage is refueled
in orbit.
2. The upper stage containing the satellites carries out burns
to exit LEO, carrying out a Hohmann transfer to a circular
deployment orbit of radius RD
3. Over the course of some max number Omax of deployment
orbit periods, the satellites separate and execute a Hohmann
transfer to their final position in the circular ring

The ∆V of a satellite in this deployment scenario is that of
a Hohmann transfer between circular orbits of radius RD and
R, for which we provide a formula in Equation (4) [20].

∆Vsat =

√
µ

RD
(

√
2R

R+RD
−1)+

√
µ

R
(1−

√
2RD

R+RD
) (4)

where µ is the Sun’s gravitational parameter.

Similarly, the launch vehicle ∆V is that of a Hohmann
transfer, this time between the Earth’s orbit (approximated
as a 1 AU circular orbit) and the circular deployment orbit or

R

RD

Sun

Deployment Orbit

Circular Ring

Hohmann Transfer

Satellite

Launch Vehicle

Figure 4: Illustration of step 3 of the Offset Insertion deploy-
ment strategy.

radius RD. We however also account for the first burn of the
Hohmann transfer coinciding with the burn to attain exit the
Earth’s gravitational well, as shown in Equation (5).

∆VLV =

√
∆V 2

1 +
2µE

RE + a
−

√
µE

RE + a
+ ∥∆V2∥ (5)

where µE is the Earth’s gravitational parameter, RE is the
Earth’s radius, a = 200 km is the altitude of the parking
orbit, and ∆V1 and ∆V2 are the ∆V s associated with the first
and second burn of the launch vehicle’s Hohmann transfer,
respectively. ∆V1 and ∆V2 are presented in Equations (6)
and (7).

∆V1 =

√
µ

1 AU
(

√
2RD

RD + 1 AU
− 1) (6)

∆V2 =

√
µ

RD
(1−

√
2 AU

RD + 1 AU
) (7)

The satellite ∆V , ∆Vsat, goes to 0 as the deployment radius
RD gets close to the circular ring radius R. However, as
the difference between RD and R gets small, the deployment
time using the OI strategy gets infinitely long. Indeed, this
deployment strategy relies on the launch vehicle orbiting the
Sun at a different period than the satellites in the circular
orbit, such that the satellites are able to insert at different true
anomalies and create the desired circular ring of satellites. To
avoid unrealistically-long deployment times, we set an upper
limit on the number of periods of the deployment orbit, Omax,
before which all satellites should have entered their insertion
Hohmann transfer. For a given Omax, we have two ideal
deployment radii RD, one larger than R (Rover

D ) and the other
smaller (Runder

D ). We present analytical expressions for these
radii in Equations (8) and (9).

Runder
D = R · ( Omax

Omax + 1
)

2
3 (8)

Rover
D = R · ( Omax

Omax − 1
)

2
3 (9)

4



For our Earth-Mars HRN, we selected Omax = 3, which
keeps the maximum deployment time of circular rings using
the OI strategy on the order of Omax · TRover ≤ Omax · TMa ·
1.5 ≈ 8.46 years.

We evaluate both the Runder
D and Rover

D options when choosing
the deployment strategy to use for some specific circular ring
of satellites.

Phasing Insertion—We also consider a second circular ring
deployment strategy: Phasing Insertion (PI). Its major steps
are as follows:

1. Satellites launch aboard some launch vehicle, entering a
LEO parking orbit. The launch vehicle upper stage is refueled
in orbit.
2. The upper stage containing the satellites carries out burns
to exit LEO and carry out a Hohmann transfer to the final
circular orbit, of radius R
3. The satellites enter elliptical phasing orbits, as portrayed
in Figure 5 each reaching their final position in the circular
ring after some maximum number of phasing orbit periods
Omax

R

Sun

Phasing Orbit

Circular Ring

Satellite

Figure 5: Phasing maneuver within a circular orbit. The
spacecraft enters an elliptical phasing orbit, then later rein-
serts into the circular orbit with a different true anomaly.

The ∆V expended by the launch vehicle is similar to that
expended in the OI deployment scenario, except that the
bus containing the satellites inserts directly into the final
circular orbit of radius R instead of some other deployment
orbit. Therefore we have the launch vehicle upper stage ∆V
presented in Equation (10).

∆VLV =

√
∆V 2

1 +
2µE

RE + a
−
√

µE

RE + a
+ ∥∆V2∥ (10)

where ∆V1 and ∆V2 are as defined in Equations (11) and
(12).

∆V1 =

√
µ

1 AU
(

√
2R

R+ 1 AU
− 1) (11)

∆V2 =

√
µ

R
(1−

√
2 AU

R+ 1 AU
) (12)

The satellite ∆V s in this deployment scenario are no longer
all equal–since satellites need to end up at different true
anomalies in the circular ring, they all have different true
anomaly changes ∆Pi and therefore, different phasing orbit
semi-major axes. Suppose one launch vehicle is deploying
Nsats satellites into a fraction fR of a circular ring (for in-
stance, if we were deploying a full circular ring of 1

fR
Nsats

satellites using Nl = 1
fR

launches). Then the phase change
assignment of satellite i is given by Equation (13).

∆Pi = 2πfR · [(i−
1

2
) · 1

Nsats
− 1

2
] (13)

We then obtain the phasing ∆V of satellite i from Equation
(14) [20]. We set Omax = 3 so as to obtain similar worst-case
deployment times as with the Offset Insertion deployment
strategy.

∆V i
sat = 2∥

√
µ

R
(

√
2− (1 +

∆Pi

2π ·Omax
)−2/3 − 1)∥ (14)

Elliptical Ring Deployment

The Offset Insertion strategy isn’t feasible for deploying
elliptical rings of satellites because there is a loss of rotational
symmetry in the shape of the satellites’ final orbits. Conse-
quently, we only consider the Phasing Insertion deployment
strategy when computing the deployable satellite dry mass to
elliptical satellite rings. The Phasing Insertion deployment
procedure for elliptical orbits is in all ways identical to
the procedure for circular orbits, except that the final ring
is elliptical instead of circular. This difference adds some
nuance to the ∆V evaluation procedure, namely the need
to compare the execution of phasing maneuvers at the final
ring’s perihelion and at its aphelion.

4. NETWORK PERFORMANCE ANALYSIS
The existence of any distributed Mars–Earth relay network
accomplishes most of the objectives of the Mars–Earth HRN,
including avoiding communication outages during solar con-
junctions, and reducing the number of Mars missions needing
dedicated DSN antenna time. Therefore, the primary goal
of our HRN orbital optimization is to maximize the data
throughput from Mars to Earth, maximizing the scientific
returns and productivity of current and future Mars missions.
Our performance metric used to evaluate the fitness of a can-
didate HRN is thus the average Mars–Earth downlink data
rate over a simulation duration (6.39 years) of three Mars–
Earth synodic periods. We chose an integer multiple of the
Earth-Mars synodic period as the simulation length in order
to not bias the HRN topology towards a particular Earth-
Mars arrangement, and 6.39 years is a reasonable mission
duration for spacecraft subjected to the harsh environment of
interplanetary space.

In this section, we detail several aspects of our network per-
formance evaluation methodology, including how we com-
pute the achievable data rate between nodes, and how we
take advantage of the predictable evolution of the network’s
structure under Keplerian dynamics to efficiently identify
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the maximum-capacity path between Mars and Earth in the
HRN’s time-varying network graph.

Link Budget

We present the specifications and parameters of the pro-
posed communication scheme, including assumed modula-
tion schemes and forward error correction (FEC) codes, in
Table 2. We use the parameters presented in Table 3 as the
link performance parameters of the satellite communications
systems, both at the Mars node of the network and at the
heliocentric satellite nodes. We use the performance param-
eters presented in Table 4, taken from the DSN 34 m BWG
antenna’s documentation, as the link performance parameters
for the DSN antennas at the Earth node of the network. In
order to be conservative in our link performance estimates,
we use a DSN 34 m antenna system noise equivalent temper-
ature (Tsys) of 60 K, which is larger than that measured during
all nominal Ka-band operations reported during calibration in
2018 [21].

Table 2: Communication Link Parameters

Parameter Symbol Value Units
Carrier band - Ka -

Carrier frequency f 32 GHz
Modulation type - QPSK -

Modul. spectral efficiency η 2 bps/Hz
FEC type - LDPC -

FEC code rate r 1/2 NDU
System losses Ls 3 dB
Link Margin Lm 3 dB

Table 3: Satellite Link Budget Parameters

Parameter Symbol Value Units
Antenna diameter Dantenna 8 m
Antenna efficiency ea 0.6 -

System noise temperature Tsys 150 K
Transmit Power Ptx 100 W
Max. Data Rate Rmax 1 Gbps

Table 4: DSN 34 m Antenna Link Budget Parameters [21]

Parameter Symbol Value Units
Antenna diameter Dantenna 34 m
Antenna efficiency ea 0.66 -

System noise temperature Tsys 60 K

For any given link in the network, at some timestep, we
can evaluate the received power Prx at the receiving antenna
using the RF link budget equation, described in Equation
(15). In the link budget equation, Ptx is the transmit power
of the transmitting antenna in W, and Gtx,Grx are the antenna
gains over isentropic antennas, in dimensionless units, of the
transmitting and the receiving antenna respectively [22].

Prx =
Ptx ·Gtx ·Grx

Ls · Lm · FSPL
(15)

The gain of a parabolic antenna over an isentropic radiator, in
non-dimensional units, is given by Equation (16), where λ is
the wavelength corresponding to the carrier frequency [22].

Gantenna = (
πDantenna

λ
)2 · ea (16)

Finally, the free space path loss (FSPL) accounts for the
power lost to the propagation of the RF signal over large
distances. A large FSPL is the main factor limiting the data
rate of communications over interplanetary distances. We use
the formula presented in Equation (17) to calculate the FSPL
associated with a given link distance d [22].

FSPL = (
4πd

λ
)2 (17)

The noise spectral density for microwave signals is given by
N0 = k · Tsys, where k is Boltzmann’s constant and Tsys is
the receiving system’s equivalent noise temperature. N0 is
generally expressed in W/Hz, and is related to the signal to
noise ratio (SNR), the bandwidth B and the received power
Prx by Equation (18) [22].

B =
Prx

N0 · SNR
(18)

For a given link, we obtain the bandwidth B from Equation
(18) by assuming that the SNR is some desired value, in our
case SNRdesired = 10 dB. Such an SNR, when combined
with our usage of QPSK and the LDPC forward error cor-
rection scheme, should lead to bit error rates (BER) of less
than 10−8, which is reasonable for the downlink of Martian
scientific data and imagery [22].

We finally obtain the data rate Rb of the link by incorporating
the QPSK modulation spectral efficiency η and the LDPC
code rate r: Rb = η · r · B = 2 · 1/2 · B = B in our
case.

To validate our link budget methodology, we compared our
estimated data rate against the measured data rate record of
MRO at the Earth-Mars closest approach distance of d =
0.373 AU. For this comparison, we used the link budget
parameters for MRO’s 3 m High Gain Antenna (HGA),
communicating using X-band (8 GHz) with the DSN’s 70 m
antenna, as well as the correct “bits per symbol” of the
used BPSK modulation scheme and other relevant parameters
relevant to the MRO’s turbocode error correction [17].

We obtain an estimated data rate of 4.98 Mbps using the
methodology detailed in this section, which is within an ac-
ceptable range of the maximal data rate of 6.0 Mbps achieved
by MRO during its X-band communications with the Earth
[17]. Our data rate estimates throughout the rest of this
work, which use the conservative DSN antenna parameters
presented in Table 4, are therefore consistent with the perfor-
mance of existing RF communications systems.

Frequency Band Restrictions

For space to Earth Ka-band links, the ITU has allocated the
31.8–32.3 GHz frequency band. In practice, this spectrum
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is also subdivided into multiple channels and shared among
several users [23].

The QPSK modulation and rate-1/2 LDPC coding listed
in Table 2 would therefore exceed the allocated Ka-band
spectrum at the maximal data rate of 1000 Mbps listed in
Table 3. Accordingly, the HRN-DSN link is assumed to
employ more spectrally efficient modulation and forward
error correction schemes (e.g., GMSK and higher-rate LDPC
codes) to remain compliant with ITU frequency allocations.
This assumption applies specifically to the HRN-DSN link
and therefore does not affect inter-satellite links within the
HRN, or the achievable end-to-end Mars–Earth data rates
obtained in this work.

Maximum Capacity Path

The network graph at some timestep has the Earth, Mars, and
HRN satellites as nodes, and the achievable data rate between
any two nodes as edge weights. Evaluating the Mars–Earth
downlink data throughput of some HRN at some timestep t is
equivalent to identifying the maximum data rate transmissible
along any single path between Mars and the Earth in the
network graph at that timestep. With a large number of nodes
and combinatorially-many edges, identifying the path that
enables the largest capacity feasible is a non-trivial integer
optimization problem with no known ideal formulation. This
problem is the “Maximum Capacity Path” (MCP) problem,
of which we plot an example in Figure 6. The MCP problem
is also referred to as the “maximum bandwidth path problem”
and the “widest path problem”. It can also be mapped to the
Bottleneck Shortest Path problem if the edge weights in the
network represent a cost to minimize instead of a capacity to
maximize as in the MCP [24].

20 11

8

13

9

8

42

30

9
2

3

5 5
5

3

E

M

7
10

Figure 6: Illustration of a HRN at some timestep t, with
internode achievable data rates as edge weights. A Maximum
Capacity Path (MCP) is shown in bold. The limiting capacity
of the network represented is 8, because no path exists
between E and M with all edge capacities greater than 8.

We formulate the Max-Capacity Path integer optimization
problem at some time t. Let Gt = (V,E) be the undirected
graph representing the interplanetary network at time t. Let
Cij be the edge weight (capacity) between nodes i and j. Let
s be the start node and t be the target (arrival) node – in this
interplanetary application, Mars and Earth respectively.

We have the decision variable:

xij =

{
1 if edge (i,j) is selected to be in the path
0 otherwise

and the auxiliary variable Cmin that represents the capacity of
the minimum capacity link along the selected path. We obtain
the integer optimization problem presented in Equation (19)

max(Cmin)

s.t.

Cij · xij ≥ Cmin · xij ∀(i, j) ∈ E∑
i∈V

xit −
∑
j∈V

xtj = 1

∑
i∈V

xis −
∑
j∈V

xsj = −1∑
i∈V

xik −
∑
j∈V

xkj = 0 ∀k ∈ V \ {s, t}

x⃗ij ∈ {0, 1} ∀(i, j) ∈ E

Cmin ∈ R+

(19)

To solve this integer optimization problem, we employ a
binary search algorithm adapted from a thesis on bottleneck
problems in graphs [25], which we outline in Algorithm 1.

Algorithm 1 Find Max-Capacity Path (MCP) and Cmin

Input: G = (V,E)
Output: MCP,Cmin

1: F ← E
2: while |F | > 1 do
3: λ← mean edge weight in F
4: Delete all edges e = (i, j) with Cij < λ;

let G′ be the resulting graph
5: if there is a path from s to t in G′ then
6: F ← {e ∈ F : Cij ≥ λ}
7: else
8: F ← {e ∈ F : Cij < λ}
9: end if
10: end while
11: Cmin ← weight of remaining edge
12: Construct GD = (VD, ED), the same graph but with

internode distances as edge weights instead of available
data rate. Delete all edges in ED with indices (i, j) such
that Cij < Cmin in E; let GD

final be the resulting graph
13: MCP ← shortest path (Dijkstra’s) from s to t in GD

final

Finding the shortest path at the last step of Algorithm 1
returns the shortest path in the heliocentric network at some
timestep t that is still a MCP. Thus, we preserve our net-
work performance metric – the Mars–Earth data rate at that
timestep – all the while minimizing the total communication
delay along the final selected path by minimizing the total
distance traveled along the path.
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Network Analysis in a Time-Varying Graph

The structure of the heliocentric network changes between
timesteps as the Earth, Mars, and the HRN satellites orbit
the Sun. To use the average data rate over the simulation
period as the objective function to minimize in our genetic
algorithm, we thus need to find the data rate from Mars to
Earth at each individual timestep. Finding each data rate by
running Algorithm 1 independently at each timestep proves to
be excessively computationally-expensive for a function that
will be called millions of times in a single run of the genetic
algorithm.

Instead, we can warm-start each timestep (except the first)
with information from the previous timestep. This approach
is effective because the structure of the network changes very
little between consecutive timesteps at the chosen simulation
temporal resolution of 72 h intervals. When the networks at
t and t − 1 are similar, computing the data rate along the
edges of MCPt−1 in Gt provides an excellent lower bound
for Cmin

t , accelerating the convergence of Algorithm 1. We
summarize this approach in Algorithm 2.

Algorithm 2 Warm-started MCP in a Time-Varying Graph

Input: Timesteps t = 1 to T , graphs {Gt}Tt=1

Output: {Cmin
t ,MCPt}Tt=1

1: Precompute link capacity Cij(t) for all t
2: Prune G1 by removing edges with Cij ≤ CDTE ; Let Gp

1

be the resulting graph
3: Run Algorithm 1 on Gp

1 to obtain Cmin
1 ,MCP1

4: for t = 2→ T do
5: C∗

t ← minimum edge weight along MCPt−1 in Gt

6: Prune Gt to keep edges with Cij ≥ C∗
t ; let Gp

t be the
resulting graph

7: Run Algorithm 1 on Gp
t to obtain Cmin

t ,MCPt

8: end for

Simulation

To model Earth and Mars’ orbits over our simulation period,
we use planetary ephemerides in the J2000 ecliptic frame
generated using NASA JPL NAIF’s SPICE toolkit [26], [27].

To propagate the positions of HRN satellites throughout the
simulation period in an accurate, numerically stable manner,
we propagate the satellite orbits in Keplerian coordinates.
Keplerian orbital propagation is symplectic: varying the true
anomaly of a Keplerian orbit has no impact on the orbit’s total
energy. A drawback, however, is that this approach cannot
account for 3rd body or solar perturbations, since we don’t
explicitly model the forces acting on an object in an elliptical
orbit.

An object orbiting some central body in an elliptical orbit
can be described by 6 Keplerian coordinates, summarized in
Table 5.

The only Keplerian orbital element that varies over time is the
true anomaly, which represents the angle between the orbiting
object’s position and the orbit’s periapsis. There is no known
analytical expression for the true anomaly, which we obtain
from the mean anomaly M by solving Kepler’s equation
(Equation (20)). The mean anomaly M corresponds to what

Element Name Element Symbol
Semi-major axis a

Eccentricity e
Inclination i

RAAN Ω
Argument of Periapsis ω

True Anomaly θ

Table 5: Keplerian Orbital Elements

the true anomaly θ would be if the orbit were circular, and is
itself linearly propagated forward in time between timesteps.

M = atan2[
√
1− e2·sin(θ), e+cos(θ)]− e ·

√
1− e2 · sin(θ)

1 + e · cos(θ)
(20)

When we need to obtain a satellite’s position at some number
of discrete time steps, we propagate its position within its
Keplerian elliptical orbit, obtaining the true anomaly at each
timestep. We then convert from Keplerian coordinates to
Cartesian coordinates, obtaining the satellite’s position and
velocity in the x-y-z plane at each timestep of the simulation.

5. MODULAR GENETIC ALGORITHM
Genetic Algorithms

A genetic algorithm (GA) is a population-based optimization
algorithm that emulates some of the processes of natural
selection. The genome of some individual in the GA repre-
sents the variables of the optimization problem. A genetic
algorithm curates a population of individuals over several
generations, as outlined in Figure 7. At each generation,
the fitness of each individual is evaluated using the GA’s
objective function; the obtained fitness values guide the use of
genetic operations such as selection, mutation, and crossover.
Over successive generations, the population’s average fitness
increases, and converges towards some locally optimal solu-
tion.

Modular Genome

In order to design a HRN composed of several distinct
satellite formations and constellations, we have developed
a modular genetic algorithm genome. Each formation or
constellation, which we refer to as a “feature”, is described
by Nv variables. We can therefore encode a design space of
Nf distinct features in a genome of Nv · Nf variables, as we
have represented in Figure 8.

Meanwhile, each feature in our modular genome can cor-
respond to a number of different types of formations and
constellations, namely different variants of planar heliocen-
tric MOGs, and different types of elliptical and circular
satellite rings. We encoded these different options as an
integer feature index, and used other variables in that feature’s
genome only when relevant to that category of formation.
By selectively using some subset of the parameters in a
genome depending on the feature index, we have essentially
implemented a modular version of the Hidden Genes Genetic
Algorithm (HGGA) [28].
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Generate Initial Population

Objective Function Evaluation for 
Each Member of the Population  

Selection

Crossover

Mutation

START

END

Termination 
Condition

No

Yes

Figure 7: Block diagram outlining the steps of a genetic
algorithm.

x11 x12 x13 … x1v

x21 x22 x23 … x2v

… … … … …

xf1 xf2 xf3 … xfv

Nv variables per feature

Nf 
features

Figure 8: Modular GA genome encoding Nf features of Nv
variables each.

We provide the details of the parameter assignments of our
modular GA implementation in Table 6.

To constrain the optimization problem, we set a maximal total
number of launches for a constellation, Nl. To enforce this
constraint across multiple features, we impose the following
linear constraint on the number of launches N i

l assigned to
some ith feature:

∑Nf
i=1 N

i
l ≤ Nl. Additionally, upper and

lower bounds are placed on each of the GA variables, as we
detail in Table 6.

Formations Overview

We plot representative examples of the six distinct formation
options in Figure 9. Each plot also relates some of each
formation’s parameters, as listed in Table 6, to the dimensions

and layout of the plotted satellite formations. Within a
modular GA genome, each feature is attributed a number
of launches Nlaunches that translates to a number of satellites
Nsats once ∆V and fairing volume constraints are taken into
account.

The first type of feature is a generic, planar, Mutually Orbit-
ing Group (MOG), as we defined in prior work on heliocen-
tric MOG deployment [9]. All MOG satellites are in planar
elliptical orbits of semi-major axis aMOG and eccentricity
eMOG. As we have represented in Figure 9a, aMOG is therefore
the distance between the center of the MOG and the solar
system barycenter, while eMOG independently determines
how spread out the formation’s satellites are around the MOG
center. GA variable 6, referred to as ω0 for this formation
type, serves as a phasing variable, defining the angle with
respect to the positive x axis that the formation center lies at at
the start of the HRN network performance simulation. Within
the context of this network optimization, these generic MOGs
are useful because they maintain their structure over time, all
the while bridging the gap between different features, notably
circular and elliptical rings, that lie at different distances from
the Sun.

The second type of formation we include in our modular
genome is a MOG variation that we refer to as a MOG “at a
planet”. The integer variable PlanetID determines near which
planet (Earth or Mars) the MOG is placed, fully determining
the MOG semi-major axis aMOG and placement ω0 such
that the MOG edge remains in close proximity to the planet
throughout the planet’s elliptical orbit. We plot an example
MOG placed at Mars in Figure 9b. While this feature type
is included in the design space of the generic MOG feature,
we include this variation as a distinct option because it would
otherwise be unlikely for a genetic algorithm to identify such
a specific pair of (aMOG, ω0) variables for the MOG to remain
near a specific planet for the entire simulation period.

The third type of feature included in the modular genome
is a MOG that “includes” a planet - it’s a MOG of same
semi-major axis and eccentricity as a planet’s elliptical orbit.
This is an important distinction from the second feature,
since this inclusion into a MOG guarantees that the planet
doesn’t oscillate around the edge of the MOG due to the
eccentricity of its orbit, a second order effect which limits
the average data rate between planets and a MOG or arbitrary
eccentricity placed near them. This MOG is also slightly
inclined (iMOG = iplanet) and RAAN-based, such that the
planet (Mars in Figure 9c) is truly integrated into a MOG as
if it were a MOG satellite itself. This feature is therefore not
perfectly in the ecliptic of the solar system, but ensures that
the planet remains tied in to the HRN even when it dips out of
the ecliptic during its inclined orbit. Since the inclination of
the Earth is near-zero (by definition) and that of Mars is only
1.85º, we don’t include inclination change maneuvers in the
MOG insertion ∆V computed for these formations.

The fourth type of formation employed in our modular GA is
the planar circular ring of satellites, portrayed in Figure 9d.
The radius R of the formation determines the radius of the
satellites’ circular orbits. Meanwhile, the 8th variable, frac,
determines the fraction of feature to fill with satellites. Fi-
nally, the 7th variable, θ0, determines the initial true anomaly
of the first satellite of the ring, acting as a sort of phasing
parameter for the gap in the ring created when frac is non-
zero.
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Table 6: Variables used in the modular genome of the genetic algorithm. Dashes indicate that a given variable is inactive for
that feature index.

Variable Number 1 2 3 4 5 6 7 8

Feature
Name

Feature
Index

Number of
Launches

Planet
Selected

Semi-major
Axis Eccentricity Argument of

Periapsis
True Anomaly
of Satellite 1

Fraction of
Feature Filled

MOG 1 Nlaunches - aMOG eMOG w0 - -
MOG @Planet 2 Nlaunches PlanetID - eMOG - - -

MOG Incl. Planet 3 Nlaunches PlanetID - - - - -
Circular Ring 4 Nlaunches - R - - θ0 frac
Elliptical Ring 5 Nlaunches - aring ering wring θ0 frac

Ring Along Planet’s Orbit 6 Nlaunches PlanetID - - - - frac

Variable Lower Bound 0 0 1 amin 0 0 0 0
Variable Upper Bound 6 Nl 2 amax 1 2π 2π 1

Integer Variable Yes Yes Yes No No No No No

ω

a

0

MOG

×a
MOG

e
MOG

(a) Feature 1: Generic MOG

×a
MOG

2×e
MOG

(b) Feature 2: MOG at a planet (Mars)

Sun

Earth

Mars

Satellite

(c) Feature 3: MOG including a planet (Mars)

R
frac

θ
0

(d) Feature 4: Circular ring

frac
θ0

ωring

(e) Feature 5: Elliptical ring

frac

(f) Feature 6: Ring along a planet’s orbit (Earth)

Figure 9: Representative examples of the 6 different modular GA features.
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The fifth type of feature included in our design space is the
planar elliptical ring of HRN satellites represented in Figure
9e. This formation is similar in all ways to the circular ring,
except that the satellites lie on an elliptical orbit of non-
zero eccentricity ering. Fully defining the elliptical orbit also
requires a second additional variable, ωring, the argument of
periapsis of the elliptical orbit.

The sixth and final formation included in the GA’s design
space is the “Ring along a planet’s orbit”, exemplified by
Figure 9f. This feature is constructed by inserting relay
satellites at even mean anomaly intervals along a planet’s
real (inclined, elliptical) orbit. As in other similar features,
frac determines the fraction of the mean anomaly filled by
satellites, while PlanetID specifies which planet’s orbit to
use. Just like feature 3, this formation is slightly inclined, but
we neglect the additional ∆V incurred by inclination change
maneuvers since it is small compared to the overall insertion
∆V .

Objective Function

Compute Number of Satellites

Input: Genome

Output: Average Bandwidth

Compute Satellite Ephemerides

Evaluate HRN Bandwidth 
Over 5-year Simulation Period

For 
each 
feature

Figure 10: GA Objective function Outline

The objective function of our genetic algorithm is outlined
in Figure 10. To evaluate the fitness of a given genome, we
first compute the number of satellites Nsats deployable to each
feature with the attributed number of launches Nlaunches. We
then use that Nsats and the rest of the genome’s variables to
compute the ephemerides of each feature’s satellites. Finally,
we simulate the structure and performance of the resulting
HRN over the full 6.4-year simulation period. The fitness of
the genome being evaluated is then simply the Mars–Earth
downlink capacity averaged over the simulation period.

Warm Starts

Consider the GA solution obtained for some pair of param-
eters (N∗

f , N∗
l ); that solution is valid for any Nf ≥ N∗

f and
Nl ≥ N∗

l . We use this property to warm-start our modified
genetic algorithm. When starting a GA, we take some number
of warm-start individuals Nws from neighboring, existing
solutions, and integrate them into the initial population of the
genetic algorithm.

We also carry out a version of this warm-start procedure to
back-propagate solutions with larger Nl to smaller Nl. If
some existing solution Xlarge has a larger Nl than sanctioned
by the current GA parameters, we randomly remove launches
from Xlarge’s features until the resulting X∗

large has a total
number of launches compliant with the Nl constraint.

Implementation Details

We implemented this modular genetic algorithm in MATLAB
R2024a using the ga() function from the Global Optimization
Toolbox [29]. We summarize the parameters and settings
used in Table 7. We scale the GA population size affinely with
Nf since the genome size increases linearly (and the search
space combinatorially) with Nf, as was illustrated in Figure
8.

Table 7: Summary of ga() parameters and settings used in
our implementation. Settings not listed in this table remain at
their default values.

Parameter Name Value
FunctionTolerance 1E-05

MaxStallGenerations 20

PopulationSize 200 · (Nf + 1)

InitialPopulationMatrix Warm-start individuals
Nws 10% of PopulationSize

After the genetic algorithm completes, we use MATLAB’s
fmincon() as a hybrid function [30]. Using the same objective
function as in the GA and holding the integer variables fixed,
we provide the GA’s best solution as the initial guess for
fmincon(). The solver then tweaks the continuous variables of
that genome, converging towards the local optimum identified
by the GA. We summarize this procedure in Figure 11.

Generate Warm Start Solutions

START

END

Run GA

Run fmincon on GA Output

Figure 11: Diagram summarizing the full optimization pro-
cedure for some pair of parameters (Nf, Nl).

Individual runs of the genetic algorithm for a given set of
parameters (Nl, Nf) are independent of other GA runs. We
therefore run these genetic algorithms in parallel batches of
jobs on MIT Lincoln Lab’s SuperCloud HPC cluster [31].

We run these parallel batches of jobs over the parameter grid
(Nf, Nl) ∈ {1, 2, 3} × {1, 2, ..., 125}. We run the GA over
the entire grid of parameters several times, to enable the
forward and back propagation of solutions across neighboring
Nl values thanks to the warm-start procedure. This helps
homogenize solutions, enforce monotonicity, and leads to the
emergence of only a few distinct solutions structures over the
(Nf, Nl) space.

6. RESULTS AND DISCUSSION
Network Performance versus Number of Launches

We present the main results of our analysis in Figure 12. The
first curve, in blue, is the performance of the HRN networks
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Figure 12: Average Mars–Earth data rate as a function of the number of Starship launches devoted to deploying the HRN.
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Figure 13: Minimum Mars–Earth data rate as a function of the number of Starship launches devoted to deploying the HRN.

that use only one distinct feature (Nf = 1). The second,
in red, is that of the HRN networks with Nf = 2 features.
The third, in yellow, is the performance curve of the HRN
networks with Nf = 3 features.

For Nl ∈ {1, ..., 11}, all Nf values lead to the same optimal
solutions since there are too few launches, and therefore
too few HRN satellites, for the use of two or three distinct
features to improve over the HRN solution obtained with
Nf = 1.

For Nl > 11, the Nf = 2 solutions start yielding higher
average data rates than the Nf = 1 solutions. Starting at
around Nl = 40 launches, the Nf = 1 HRN networks
plateau at an average data rate of 117.2 Mbps. Meanwhile,
the Nf = 2 networks continue to increase along with Nl,
reaching a 566.8 Mbps average with 125 Starship launches.

Finally, the Nf = 3 solutions diverge from the Nf = 2
solutions for Nl ≥ 43. The Nf = 3 networks tend towards the
maximal data rate Rmax = 1000 Mbps, surpassing an average
of 800 Mbps by Nl = 96 launches.

The objective of our optimization is to maximize the average
Mars–Earth downlink data rate, and therefore the network
throughput. Nonetheless, we are also interested in the
minimum downlink data rate recorded during the evaluation
of the HRNs returned by our GA. We plot the guaranteed
minimum data rate over the 6.4-year simulation period of
the GA solutions in Figure 13 for the same ranges of (Nf,
Nl) parameters. There are large variations in minimum
data rate in Figure 13 even when the throughput increases
monotonically in Figure 12. These variations reveal that the
GA solutions have different underlying network structures for
different pairs of (Nf, Nl) parameters.

Network Architectures

These discrepancies in performance and minimum downlink
data rate guarantees suggest important differences in the
structure of the HRNs discovered by our genetic algorithm
for different combinations of (Nf, Nl) parameters. We can
summarize these qualitative differences in network structure
by grouping similar solutions together into several different
architectures. We represent the ranges of parameters, and
average data rates, corresponding to each architecture in
Figure 14. We plot representative members of each of the

12



20 40 60 80 100 120

Number of Starship Launches N
l

0

200

400

600

800

1000

A
v
er

a
g
e 

M
a
rs

-E
a
rt

h
 D

a
ta

 R
a
te

 [
M

b
p

s]

 I

 II

 III

 IV

 V

Figure 14: Average Mars–Earth data rate as a function of Starship launches, with colored curve segments indicating the five
HRN architectures emerging from our optimization.
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(a) Architecture I: GA solution found for (Nf, Nl) = (1,10)

0 1 2 3 4 5 6

Simulation time [years]

0

20

40

60

80

100

120

140

160

180

200

M
a
rs

-E
a

rt
h

 D
a
ta

 R
a

te
 [

M
b

p
s]

Network Data Rate

Mean Data Rate

Min. Data Rate

(b) Data rate profile of the HRN presented in (a).

Figure 15: Representative example of HRN Architecture I.

major uncovered HRN architectures in Figures 15-19, along
with their throughput profiles.

From 1-11 launches, all Nf curves correspond to Architecture
I, represented in Figure 15. Architecture I consists of a
partial ring of HRN satellites distributed along Mars’ orbit.
This architecture emerges from the low number of satellites
available at small Nl, slightly increasing the HRN’s average
throughput but providing poor minimum data rate guarantees
when the Earth is far from the partial ring.

As Nl increases, the Nf = 1 network performance increases
as the Mars satellite ring fills out. At Nl = 41, the ring is
completely full of satellites, yielding Architecture II, repre-
sented in Figure 16. At that point, the link between the Earth
and the Mars ring becomes the network bottleneck, causing
the Nf = 1 solution performance to plateau at around 117.2
Mbps. Due to its symmetric layout around the Sun, however,
the data rate over time, represented in Figure 16b, oscillates
between minimum and maximum values that correspond to
the Earth passing by Mars’ aphelion and perihelion. Archi-
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(a) Architecture II: GA solution found for (Nf, Nl) = (1,40)
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Figure 16: Representative example of HRN Architecture II.
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(a) Architecture III: GA solution found for (Nf, Nl) = (2,25)
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(b) Data rate profile of the HRN presented in (a).

Figure 17: Representative example of HRN Architecture III.

tecture II provides reasonable minimum data rate guarantees
over the full simulation period of 60.7 Mbps, as seen in Figure
13.

Meanwhile, the Nf = 2 and Nf = 3 solutions diverge from
the Nf = 1 solutions for Nl ≥ 12, yielding Architecture
III. Architecture III consists of a MOG that includes Mars,

in close proximity to a partial circular ring. This architecture
effectively increases the throughput between the Earth and
the circular ring of Architectures I and II by reducing the
ring’s radius, all the while using the Mars MOG to keep
the red planet connected to the HRN. Figure 17 contains an
example Architecture III solution, along with its data rate
profile.
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(a) Architecture IV: GA solution found for (Nf, Nl) = (2,75)
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(b) Data rate profile of the HRN presented in (a).

Figure 18: Representative example of HRN Architecture IV.
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(a) Architecture V: GA solution found for (Nf, Nl) = (3,100)
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(b) Data rate profile of the HRN presented in (a).

Figure 19: Representative example of HRN Architecture V.

As its partial circular ring is extended into a full ring,
Architecture III’s mean downlink throughput plateaus near
223.1 Mbps, additional Starship launches yielding dimin-
ishing returns past Nl = 48. Filling out the circular ring
does however significantly improve the minimum data rate of
the Architecture III solutions, which reaches 154.0 Mbps for
44 ≤ Nl ≤ 52, as shown in Figure 13.

We plot the last two-feature architecture, Architecture IV, in
Figure 18. Architecture IV consists of a partial ring of satel-
lites along Mars’ orbit, paired with a large MOG that remains
close to the Earth. Architecture IV continues to increase
the average Mars–Earth throughput compared to Architecture
III’s performance plateau, at the cost of returning to lower
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minimum data rate guarantees due to the incompleteness of
its satellite ring.

Finally, the only three-feature architecture selected by our
GA, Architecture V, is represented in Figure 19. Architecture
V consists of a circular ring of satellites in close proximity
to Earth, a MOG that includes Mars, and a larger, planar,
MOG near Mars that ties the Mars MOG and the circular
ring together. The combination of the two MOG types allows
for some satellites to be in constant proximity to Mars, all
the while moving the radius of the circular ring closer to the
Earth, further increasing the data rate between the Earth and
the circular ring. The smaller, inclined, MOG also reduces
the gap between Mars and the HRN when Mars is far from
the ecliptic due to its inclined orbit. As we can see in Figure
19b, the gap in the circular ring leads to an occasional dip
in network throughput, providing poor minimum throughput
guarantees. As Nl increases, the gap is progressively filled
in, increasing Architecture V’s minimum data rate to close
to 150 Mbps (Figure 13). Finally, Architecture V’s average
downlink throughput curve starts to plateau as it approaches
the enforced data rate limit of 1000 Mbps.

7. FUTURE WORK
Our methodology and the results presented in this paper rely
on several assumptions that may be relaxed or otherwise
modified in future work. These include the assumption that
all satellites should have two antennas of diameter 8 m–future
work could investigate decreasing the antenna diameter, al-
lowing more satellites to be packed into a single launch
vehicle but reducing antenna gain. Future work may also
examine the sensitivity of our results to the use of different
launch vehicles, higher-fidelity mass and power modeling of
the HRN satellites, and the use of different DSN antennas at
the Earth interface.

Another direction for future work is the inclusion of addi-
tional types of heliocentric formations in the design space
of our modular genetic algorithm. Candidates for inclusion
include 2D planar flower constellations, as well as constella-
tions that rely on multi-body dynamics.

Furthermore, in future work we may examine the use of dif-
ferent communication technologies, including but not limited
to optical communications, phased array antennas, and de-
ployable antennas. These different technologies vary in flight
heritage, robustness, throughput, and spectral efficiency, mer-
iting further investigation in the context of heliocentric relay
networks for interplanetary communications.

A natural extension of the work presented in this paper is
adapting our methodology to the design of HRNs for high-
data-rate communications with other planets (Venus, Mer-
cury) and loci of interest throughout the solar system such as
Earth-Sun Lagrange points. The modular architecture of the
HRN makes it scalable to extending communications services
to several distinct points in the Solar System simultaneously.
This opens avenues of investigation into the multi-objective
optimization of HRNs for interplanetary communications,
balancing equity and throughput in multi-user interplanetary
networks.

8. CONCLUSIONS
We presented the concept of a Heliocentric Relay Network
(HRN): a distributed, Sun-orbiting constellation of relay
satellites designed for continuous high-data-rate Mars–Earth
communications. We developed a methodology that in-
corporates satellite deployment considerations, link budget
computation, and network throughput evaluation, to obtain
an HRN’s average Mars–Earth downlink throughput over a
6.4-year simulation period. With the network analysis as
our objective function, we implemented a modular genetic
algorithm to optimize the HRN satellites’ orbits for maximal
Mars–Earth data throughput. We obtained average Mars–
Earth downlink data rates of over 146 Mbps, 294 Mbps, 568
Mbps, and 852 Mbps for HRNs deployed using 25, 50, 75,
and 100 Starship launches respectively. These throughputs
represent an up to 400-times increase over the data rates
achievable with the current Direct-to-Earth communications
paradigm, surpassing NASA’s stated downlink capacity ob-
jectives for Earth-Mars communications. The HRN uses
only flight-proven RF communications systems and offloads
the oversubscribed Deep Space Network. This modular
HRN design and optimization framework can be extended for
communications with multiple planetary bodies and libration
points simultaneously, laying the foundations for a future
interplanetary internet.
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