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Abstract—In the ambitious realm of space Al, the integration
of federated learning (FL) with low Earth orbit (LEQO) satellite
constellations holds immense promise. However, many challenges
persist in terms of feasibility, learning efficiency, and convergence.
These hurdles stem from the bottleneck in communication,
characterized by sporadic and irregular connectivity between
LEO satellites and ground stations, coupled with the limited
computation capability of satellite edge computing (SEC). This
paper proposes a novel FL-SEC framework that empowers LEO
satellites to execute large-scale machine learning (ML) tasks
onboard efficiently. Its key components include i) personalized
learning via divide-and-conquer, which identifies and eliminates
redundant satellite images and converts complex multi-class clas-
sification problems to simple binary classification, enabling rapid
and energy-efficient training of lightweight ML models suitable
for IoT/edge devices on satellites; ii) orbital model retraining,
which generates an aggregated ‘“‘orbital model” per orbit and
retrains it before sending to the ground station, significantly
reducing the required communication rounds. We conducted
experiments using Jetson Nano, an edge device closely mimicking
the limited compute on LEO satellites, and a real satellite
dataset. The results underscore the effectiveness of our approach,
highlighting SEC’s ability to run lightweight ML models on real
and high-resolution satellite imagery. Our approach dramatically
reduces FL convergence time by nearly 30 times, and satellite
energy consumption down to as low as 1.38 watts, all while
maintaining an exceptional accuracy of up to 96%.

Index Terms—Low Earth orbit (LEQO) satellite, satellite edge
computing (SEC), federated Learning (FL).

I. INTRODUCTION

The fusion of Al and edge computing with low Earth orbit
(LEO) satellites holds promise for enhancing a multitude of
space applications such as monitoring remote regions (deserts,
forests, polar areas, etc.) and maritime zones for disaster
management [1]. This potential is propelled by ongoing tech-
nological advancements in hardware capabilities and the bur-
geoning support for Al within the global community. Notably,
rapid progress in camera technologies and the emergence of
quantum computing are poised to usher in a new era of on-
orbit Al [2]. However, many challenges need to be addressed
in this endeavor. For example, the irregular and intermittent
visibility of LEO satellites to ground stations, constrained
communication bandwidth, and data privacy and security, are
substantial bottlenecks hindering the integration of Al into
space applications. Prominent among these challenges is the
severe limitation in the computing capacity of LEO satellites
(e.g., CubSat and nanosatellite), which significantly impedes
the training of large machine learning (ML) models.

*Corresponding author.
This work was supported by the National Science Foundation (NSF) under
Grant No. 2008878.

Federated learning (FL) has emerged as a privacy-aware dis-
tributed ML approach [3]. It enables clients (in this case LEO
satellites) to collaboratively train an ML model onboard with-
out transmitting raw data. This collaboration is orchestrated
through a parameter server (PS), which is typically a ground
station (GS) in the case of LEO satellites. However, integrating
FL with LEO satellites as edge nodes within the satellite edge
computing (SEC) framework, presents significant challenges.
These challenges arise from the inherent conflict between
the restricted computing capabilities of LEO satellites and
the vast volume of Earth observation images they collect,
often necessary for training large-scale ML models [4]. The
process of training such models is power-intensive, demanding
substantial computation, time, and energy—a heavy burden
for LEO satellites. Consequently, the feasibility of conducting
onboard ML for training global FLL models across multiple
orbits, as in an LEO constellation, becomes highly impractical.

On the other hand, addressing computing and power con-
sumption concerns is not the sole obstacle to achieving rapid
FL convergence and high efficiency within SEC. A critical
factor lies in the inherent nature of FL, which relies on iterative
communication rounds between clients and the PS. This leads
to a notably prolonged learning process within SEC due to
the low satellite bandwidth and, more importantly, the highly
intermittent and sporadic connections to the PS. The latter
arises from the substantial disparities between the trajectory of
the Earth (rotating around the Axis) and that of LEO satellites
(varying in any angle between O and 90 degrees w.r.t. the
equator), as well as the large speed difference (29.78 km/s for
the Earth and 7.8 km/s for satellites). Moreover, the visible
windows of LEO satellites to the PS are typically short, last-
ing only a few minutes on average, rendering them inadequate
for the transmission of large ML models. Consequently, these
factors collectively extend the FL convergence time in SEC
significantly, taking several days or even weeks [5, 6].

In response to these challenges, this paper proposes a
pragmatic FL framework tailored for SEC towards achieving
pervasive space Al. This framework empowers LEO satellites,
equipped with limited computing power, memory, and energy
resources, to participate in collaborative onboard ML model
training across extensive datasets spanning multiple orbits.
Furthermore, it accelerates FL convergence significantly by
substantially reducing the number of communication rounds
while upholding competitive model accuracy. The following
summarizes our main contributions.

o We propose an scheme, personalized learning via divide-
and-conquer. This scheme identifies and eliminates redun-
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dant satellite images on each individual satellite, effectively
reducing data volume from billions to thousands without
impairing model quality. Furthermore, it simplifies the orig-
inal ML problem from a complex multi-class classification
into a streamlined binary classification, enabling the training
of lightweight ML models on each satellite. This approach
is particularly advantageous for conserving energy and ac-
commodating computing and memory limits on those small
satellites. Notably, a subsequent model aggregation process
restores the multi-class classification problem, thereby pre-
serving the intended model quality and purpose.

o We propose an orbital model retraining scheme, wherein a
designated satellite within each orbit aggregates all models
from satellites within the same orbit, forming an “orbital
model”, and subsequently, retrains it before transmitting to
the PS. This approach i) minimizes the waiting time for all
satellites to individually enter their respective visible zones
for model transmission to PS, and ii) reduces the number of
required communication rounds significantly, from typically
tens to only a few. Ultimately, it leads to rapid global model
convergence.

« Using a real-world satellite imagery dataset for classification
tasks, our experimental evaluations showcase remarkable
efficiency. The proposed FL-SEC framework demonstrates
swift convergence within a mere 2 hours while maintaining
competitive accuracy levels. We measure accuracy using var-
ious metrics, including accuracy, precision, recall, and F1-
score. Furthermore, our approach yields lightweight models
with minimal computation, communication overhead, and
energy consumption—significantly lower than previous so-
lutions in the literature. These desired properties hold sub-
stantial promise, especially for resource-constrained LEO
satellites that often rely on solar power.

II. RELATED WORK

Despite the nascent stage of integrating FL into SEC,
early attempts have been made [5-15]. For instance, some
synchronous FL approaches, such as [5], employed the vanilla
FedAvg [3] with SEC without specific adaptations for commu-
nication challenges in LEO constellations. In the work of [7],
FedISL was proposed, utilizing inter-satellite links (ISL) to
expedite FL training in SEC. Another study, [8], incorporated
high altitude platforms (HAPs) like aerostats, stratospheric
balloons, and stratollites as PSs to expedite FL convergence.
In [9], the author proposed a clustering and edge selection
approach wherein the GS forms clusters, each containing an
LEO satellite as server and nearby LEO clients, based on
channel quality. However, all these previous works simplified
the problem by relying on simple datasets (e.g., MNIST [16]
and CIFAR-10 [17]) for training tasks, and even then, they
experienced long convergence times. This limitation signifi-
cantly impedes their applicability in practical scenarios where
each satellite trains an ML model using real satellite images,
highlighting the need for more efficient and practical training
approaches. Although the authors of [10, 11] demonstrated the
effectiveness of their approach on a realistic satellite dataset
containing satellite images, they overlooked the necessary
computing and communication resources required for model
execution and transmission to the PS.

On the other hand, some asynchronous FL approaches have
emerged as well. For instance, FedSat was introduced in [12],
which involves averaging received satellite models in a regular
order based on their visibility. It assumes regular satellites visit
the GS, once per orbital period, aiming to ensure an equal con-
tribution to the global model and to mitigate staleness issues
typical in standard asynchronous FL approaches. In a similar
vein, [13] introduced a graph-based routing and resource
reservation algorithm to optimize FL. model parameter transfer
delays faced by [12]. AsyncFLEO [14] tackled staleness by
grouping models collected from satellites in different orbits
based on their similarity, maintaining balance by selecting
an equal number of models from each group. Fresh models
are added without weighting, while stale ones are down-
weighted based on their staleness. Another approach, known
as FedSpace and proposed by So et al. [6] attempted to strike
a balance between the idleness associated with synchronous
FL and the staleness issues associated with asynchronous FL.
However, FedSpace relies on satellites uploading a portion of
their raw data to the GS, which conflicts with the principles of
efficient communication and data privacy in FL. Finally, Wu
et al. [15] propose FedGSM, a method addressing gradient
staleness through a compensation mechanism. By harnessing
the deterministic and time-varying orbit topology, FedGSM
mitigates the adverse effects of staleness, yet it still exhibits
slow convergence.

All these previous efforts to integrate FL. with SEC have pri-
marily aimed at addressing intermittent connections between
LEO and the PS and expediting FL convergence. However,
they commonly overlook the limited satellite computing re-
sources and neglect power consumption optimization for on-
edge model training, which limits their practicality in SEC
scenarios.

III. SYSTEM MODEL AND PRELIMINARIES

For clarity, Table I presents all the main notations used in
this paper along with their corresponding descriptions.

A. System Model

We consider a generic LEO constellation in the context of
Satellite Edge Computing (SEC). The constellation consists
of N orbits, each having a set Z of equal-distanced satellites
with unique IDs. Within each orbit, the satellites’ computing
and storage resources allocated to the FL task are denoted
as C = {e1,¢0,...,¢r} and S = {s1,89,...,57}, where
¢ € [0,1], s; € [0,1], and I = |Z|. Satellites in orbit n
travel around the Earth at an altitude h, with a speed of
Vp = 2”(R+n+h"), where R is the radius of the Earth and T,
is the orbital period given by T}, = \/%(RE + hy,)3/2, with
G denoting the gravitational constant and M representing the
mass of the Earth. While orbiting the Earth, these satellites
capture high-resolution Earth observation images that will be
used for training ML models for a variety of classification
tasks. This takes place under an FL framework, where each
satellite initially receives a global model from the PS when
it enters its respective visibility window. Subsequently, the
satellite independently retrains the global model using its
locally collected data and transmits the updated model back to
the PS, when its next visible window arrives. After collecting
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TABLE I: Key notations for computation&communication
models.

’ Computation Parameters ‘

B Index to the global communication rounds

\% Predefined number of orbital training rounds

w? Global ML model

wf Local model of a satellite 7 in round 3

|w| Size of the w in bits

n Learning rate

D; Private data of a satellite 4

m; Size of a SEC i’s data

mP Total data size of all satellites in round 8

T Filtering Policy for a satellite ¢’s collected Images
CZ.CPU Number of CPU cores of a satellite ¢

fi CPU clock frequency of a satellite 7 [GHz]

t@ner Time require for a satellite ¢ to filter its images [s]

tt

teain Time require for a satellite ¢ to train an ML model [s]

’ Communication Parameters ‘

P Transmitter power (SEC or PS) [dBm]

G;/ps || Antenna gain for a satellite 7 or PS [dBi]
T Noise temperature [K]
Kp Boltzmann constant [J/K]

B Bandwidth [GHz]

Lips Free-space path loss between a satellite ¢ and the PS

d; ps Threshold distance for feasible LoS communication between
a satellite ¢ and the PS [km]

A Signal wavelength [mm]

R Achievable data rate between SEC and the PS [Mb/s]

twait Waiting time for a satellite ¢ to enter PS’s visible zone [s]

ttir’afs‘s Transmission time of a model between satellite  and PS [s]

tf,}z,;'s Propagation time for a model by a satellite ¢ or PS [s]

the model parameters from all the orbits, the PS aggregates
them into an updated global model and distributes it once
again to all satellites, initiating another communication round.
This iterative process continues until the global model achieves
convergence (i.e., meets a predefined termination criterion,
such as reaching a target accuracy or loss, a maximum number
of communication rounds, or negligible changes in the global
model parameters).

B. Preliminaries of Federated Learning in SEC

Computation Model.
In each communication round 5 =0,1,...,B:

1) The PS transmits the global model w” to each satellite
when that satellite comes into its visible zone.

2) Each satellite i retrains w” using a local optimization
method such as stochastic gradient descent (SGD) on its
collected Earth observation data, as

w T = w - gV E (w7 {(X D)) (D)

K2

where w? *J_denotes i’s own copy of the model (referred
to as a “local model”) at the j-th local training epoch (j =
1,2,...,J), (X!, y!) C D; signifies the ¢g-th mini-batch for
each epoch j, D; is satellite ¢’s dataset, and 1 denotes the

learning rate. After completing the training, the satellite

sends the updated local model wf */ back to PS.

3) Upon receiving the updated local models from all satellites,
the PS aggregates them into an updated global model, as
witt = 3, M’ where m; = |D;| is the dataset
size for satellite ¢ and m = ) ,.;m;. The PS then
distributes this updated global model to all satellites again,
during their respective visibility windows, as described in
(D).

Communication Model. In an LEO constellation Z, a
satellite 7 and the PS can establish a line-of-sight (LoS)
communication if the angle between their respective trajecto-
ries satisfies Z(rps(t), (ri(t) — rps(t))) < § — Qmin. Here,
r;(t) and rps(t) are the trajectories of satellite ¢ and the
PS, respectively, and i, is the minimum elevation angle.
Furthermore, given an additive white Gaussian noise (AWGN)
channel, the signal-to-noise ratio (SNR) between them can be
expressed by

PGGps

SNR; ps = TBEpLips 2
where P denotes the transmission power, G; and Gps cor-
respond to the antenna gains of satellite 4 and PS, respec-
tively, T' stands for the noise temperature, B is the channel
bandwidth, K g denotes the Boltzmann constant, and L; ps
signifies the free-space path loss. This path loss can be
determined as

4rlli, PS
Lips = (H)Q (3)

under the condition that the Euclidean distance between satel-
lite ¢ and PS satisfies ||i, PS|l2 < d;ps, where d; ps is
the minimum distance that allows for LoS communication
between satellite ¢ and PS, and A is the wavelength of the
transmitted signal.

IV. PROPOSED FRAMEWORK

Recall that the hurdle of inefficiency in FL-SEC arises from
several factors including the large number of communication
rounds, sporadic and irregular visibility pattern of satellites,
vast volume of data and limited computation and commu-
nication resources. These factors not only substantially slow
down convergence but also give rise to notable temperature
and power concerns [18].

To tackle these challenges, we propose a two-fold approach:
1) In Section IV-A, we reduce the quantity of satellite images
by filtering them based on their relevance to target classes,
enabling each satellite to train a local model customized to
a particular class associated with itself. This not only shrinks
the model size to fit within the onboard processing capacity,
but also involves resizing images to ensure they fall below
the maximum allowable training time, all without sacrificing
model accuracy. 2) In Section IV-B, we introduce a scheme
where a designated satellite within each orbit generates and
retrains an “orbital model” before transmitting it to the PS.
Not only does this overcome computation and energy con-
straints, but it also drastically reduces the number of required
communication rounds.
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Algorithm 1: Personalized Learning via Divide-and-Conquer

Input: Satellite constellation Z, all orbits N, set of satellites
Z,, for each orbit n € N, satellite i’s captured data
D;, number of classes L.
Output: Set of binary-classifiers {w’ },, for each orbit 7.
1 foreach n € N do

> Divide Multi-classes Task into L Binary Tasks

2 if L <|Z,| then

3 Assign L binary training tasks to L satellites who
have sufficient computing resources

4 7, = {the above L satellites}

5 foreach i € 7,, do

6 Ditered _ Filter D; for target class [ using (6)

7 Train a binary classifier model wf using Dftered

8 {w]}n = {w]}n Uw]

9 else

10 Partition L classes into |Z,| groups G

11 foreach i € 7,, do

12 Assign satellite ¢ with a group G of binary tasks

13 foreach rask y € G do

14 Ditered _ Filter D; for target class y using (6)

15 Train a binary classifier model w? on Dfiered

16 {wit, + {wl} Uw!

17 Forward {w?},, w/ the filtered data size of each satellite

¢ to sink satellite for re-assembling (Section IV-B)

A. Personalized Learning via Divide and Conquer

We take a divide-and-conquer (DnC) approach to divide
the task of training a multi-class model into L tasks, each
involving the training of a binary classifier dedicated to a
single class (where L is the number of classes). If L < I, (i.e,
number of satellites per orbit), each satellite will handle one
such binary task; otherwise, multiple binary tasks are assigned
and independently executed on each satellite. After completion
of all such “personalized” training tasks, the trained binary
models will be merged into the original intended multi-class
classifier. The benefit of this method is that it substantially
reduces each satellite’s computation load, aligning well with
the capability of SEC.

Algorithm 1 describes this approach which encompasses the
following key elements. Each satellite utilizes only a subset of
collected images, selected by their relevance to the satellite’s
target class while disregarding the rest. This strategic filtering
reduces the number of training samples from millions to
thousands, all while upholding the model’s accuracy through
an orbital retraining process described in Section IV-B. Ad-
ditionally, each satellite resizes the chosen subset of images,
further enhancing efficiency. These combined actions enable
each satellite to complete its local model training within a
matter of minutes, despite its limited computation capacity.
Moreover, we formulate the minimum time required by each
communication round while ensuring the gathering of satellite
models from all orbits by the PS. Fig. 1 provides an overview.

We begin with the conventional FL-SEC approach, which
uses a star topology as its communication architecture. Later
in Section IV-B, we will replace it with a much more efficient
architecture. In this conventional framework, we introduce a
data filtering scheme. As such, the total time required for each
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Fig. 1: Personalized Learning via Divide-and-Conquer.
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satellite 7 to receive the global model w? from the PS, filter
its collected images, train w” to obtain its local model w? s
and transmit w’f to the PS, can be formulated as

i ] i,PS
tx%eq = tévajt + 2(ttlrans

+tpop ) i + tiin @)
where #i. is the waiting time for satellite i to enter its
visible zone, tfr’aﬁss = I%' is the transmission time of a
model between satellite ¢ and the PS (note that w?® and
'wf have the same size, differing in parameter values only),
R = B log,(1+SNR;ps) is the achievable data rate
between satellite ¢ and the PS, té}@s = @ is the
propagation delay between satellite ¢ and the PS, ¢, is the
image filtering time, and %, is model train time. The filtering

time can be expressed by
D; 7;
P,

where 7; is the policy employed by satellite ¢ to filter its
collected images down to a threshold, C£*Y is the number of
CPU cores available on satellite 4, and f; is its CPU clock
frequency, which is adjustable through dynamic voltage and
frequency scaling (DVFS) to minimize energy consumption.

Our innovation toward efficient learning is to re-distribute
the learning tasks among the satellites within the same orbit,
such that each satellite is tasked with training a local model
for classifying a single, specific class y. For instance, each
class could pertain to a particular phenomenon such as a
hurricane, forest fire, building footprint, flooding, or others.
Hence, satellite ¢ utilizes a sampling policy 7; to filter out
images not belonging to its designated target class, thereby
converting the original multi-class problem into one that can
be solved by a binary classifier. These binary models from all
satellites in orbit n will later be re-assembled into a multi-class
classifier in Section IV-B using a one-vs-all (OvA) strategy.
The reduced dataset (after filtering), denoted by Dg‘“md, is
given by

&)

) _
tﬁlter -

Ditered — (X | (X;,y) € Dy, mi(y) =1} (6)
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To identify images belonging to a target class, satellites have
three options: (i) use the metadata of captured images, such
as time, GPS location, satellite’s attributes, etc. to determine
whether an image is taken in the area of interest to that satellite
that contains the target class of objects [19]; (ii) alternatively,
satellites can store some labeled images beforehand or pre-
train a model on them, and subsequently employ a semi-
supervised classification method to label the newly collected
data [20]; (iii) satellites can also filter their data during the
collection phase, where each satellite activates its camera on
or off to only capture images of interest that belong to its target
class [21]. Thus, after our data reduction (6), the learning task
is converted from multi-class to binary classification, leading
to lightweight models and lower satellite energy consumption.
In Eq. (4), tuain can be expressed by

o vi-dJ - Cprocess T Coverhead 7
train — f ( )
3
m[‘illcrcd . L.
where v; = i is the total number of the mini-batches

on satellite i with mflered = \D“l‘ered| denotes the number of

selected images and « is the batch size, J is the number of
epochs as defined below (1), Cprocess 1S the average number
of processing cycles needed for training a mini-batch on a
satellite, and Coyerhead 1S the CPU/GPU cycles required for pro-
cessing any additional overheads. Here, implicitly, we assume
homogeneous satellites and image sizes, which is justified by
the fact that they all belong to the same constellation. Also
note that our data filtering will lead to a much-reduced value
for v;, minimizing the training time.
Thus, the required time for completing all the local models
within an orbit n € A/ can be calculated by
Eiezn tﬁeqv if tﬁeq vnsible
teq = )

req
ZieI ( req +a tév‘ut) if treq 2 tvmble

where Z,, is the set of all the satellites on orbit n, « denotes
the number of revolutions (cycles) for the satellite to become
visible to the PS for sending its trained model, and t/, .
is the length of the visible window. Thus, the minimum time
required for the PS to collect all the satellite models, as in a
global communication round, is

treq = max{ticy ©)

Recall that this subsection assumes the conventional FL-
SEC with a star topology. That approach follows a mostly
sequential process where each satellite individually uploads
its model to the PS, requiring substantial time per commu-
nication round. In contrast, our proposed scheme needs only
one satellite per orbit to communicate with PS, as detailed in
Section IV-B.

B. Orbital Retraining and Convergence

The purpose of this scheme is to reconstruct the multi-
class learning task by aggregating binary classifiers from all
satellites within each orbit n € A into an orbital model, using
the OVA strategy. Subsequently, this orbital model is retrained
through multiple orbital epochs until it achieves an acceptable
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Fig. 2: Tllustration of Orbital Retraining (Section IV-B).

level of accuracy before it is sent back to the PS. This orbital
training not only improves the accuracy of the orbital model,
but also eliminates a large number of time-consuming global
communication rounds by introducing the much faster orbit
epochs. Algorithm 2 summarizes this approach.

Assumption 1. Each satellite ¢ has sufficient training samples
for its target class y. More formally,

Fy(w;:I;D?ltered) <7

where Fy(w}; Dired) is the training loss of a satellite i over
the filtered dataset for a target class y, and 7 is a loss threshold
to control the convergence of the satellite’s local model.

Our proposed scheme works as follows (cf. Fig. 2):

1) Phase 1: Within each orbit n € N/, the first satellite who
receives the global model w? from the PS, in this case
#1 and referred to as the “source” node, will initiate a
model relaying process by forwarding w? to its next-hop
neighbors. The neighbors will then continue to relay w?”
onward, and so forth until eventually reach a “sink” node.
Each node starts to train w” locally right after forwarding
it (except that the sink node does not forward). Note
that data filtering and resizing are also performed as per
Section IV-A prior to training.

2) Phase 2: After training, each satelllte 1 obtains an updated
w? which is a local model w that satisfies Assumption
1. The source satellite, #1, then initiates another round of
relay by forwarding its trained model wf to its next-hop
neighbors, #2 and #5, who will then pass their own wg and
wg, together with the received wlﬁ , onto their respective
neighbors ahead. This process continues until all satellites’
models within that orbit reach the sink node #4. This sink
then aggregates all the received models into an “orbital
model” wﬁ’“, where the orbit index n replaces satellite
i, and v = 1,2,...,V indexes the intra-orbital training

Authorized licensed use limited to: Missouri University of Science and Technology. Downloaded on April 21,2024 at 22:43:58 UTC from IEEE Xplore. Restrictions apply.

84



2024 IEEE International Conference on Pervasive Computing and Communications (PerCom)

Algorithm 2: Orbital Retraining and Convergence Process

Input: {w”},, for each orbit n € N, mi™ for all
satellites, and f.
Output: Trained global model w®.
1 foreach 5 =0,1,...,B do
2 foreach n € N do

> Convert Binary tasks back into a multi-class task

filtered
B _ m; B
3 Generate W)y, = >, W
4 Retrain wg for V' orbital epochs as in (10)
5 Generate w”t! = D onen “g;l‘ wpV

6 | B+ pB+1

rounds. Trivially, any redundant models (in this case wy"")
will be removed before aggregation. Note that the orbital
model recovers the intended multi-class classifier from the
binary classifiers.

3) Phase 3: After generating the orbital model wg’vzl, the
sink satellite initiates a “reverse relay” and retraining
process which is the same as Phases 1 and 2 except that
the direction is from sink to source and the orbital model
w?v=1 replaces the global model w?. Subsequently, the
source satellite # will aggregate all the trained models
wg’le into an updated orbital model w? V=2
Thus, Phases 1-3 repeat (with the orbital model in place of
the global model) to retrain the orbital model until v = V.

4) Phase 4: Finally, the satellite who aggregates w?v=",
either source or sink, forwards w? V=" to all satellites
on the same orbit (via relay) so that any satellite that
becomes visible first can send w2V to the PS (for global
aggregation among all orbits).

Note that each model relay, in either a forward or reverse
direction, is almost instantaneous because of the short inter-
satellite distance and, optionally, the potential use of FSO
in place of RF antenna. In contrast, in the model exchange
between satellite and PS, as in the conventional FL star
topology, the delay is remarkably substantial because of the
idle waiting for visible windows, as well as the long-distance
(where only RF can be used).

This intra-orbit retraining process is important for two
reasons: (1) it recovers the intended multi-class model from the
binary classifiers “personalized” to each individual satellite;
(2) the multi-round intra-orbit retraining takes maximal advan-
tage of the feature learning capability from each personalized
model and combines their best-learned patterns to effectively
enhance the final aggregated model performance across all
classes.

Below, we provide more details about Phases 1-4 outlined
above. In Phase 1, the intra-orbit model relay eliminates the
need for each node to wait for its visible window, thus ensuring
each satellite to receive the global model at the earliest possible
time. In Phase 2, the orbital model is aggregated as follows:

mitered 7

4 — filtered
w;'", where my =3, 7 m| (10)

B+l _
wy, - ZiEIn mz

where w2V is the orbital model for orbit n at the v-th orbital
iteration for a global round 3. In Phase 4, when the visible
satellite uploads the orbital model to the PS, it will also

upload metadata including the total data size mgz, utilized
for training wgy, and the distribution of data (in terms of
classes) across satellites within orbit n.

Corresponding to Eq. (4) and (9) which are formulated
under the star topology, now we reformulate them under the
new communication architecture involving model relay and
retraining for V iterations. Expressing the time needed for
transmitting a model between two adjacent satellites via a
single ISL hop as

h Jw|
ISL _
T BISL 0 (1
where h = 1,2, ..., H indexes the relay hops between source

and sink satellites, H = [I,/2] is the total hops due to
the concurrent bilateral relaying in the same direction, B'S"
denotes the allocated bandwidth for the ISL communication
between two adjacent satellites, and ¢ stands for the spectral
efficiency of the communication link. Consequently, the over-
all model relay and retraining time on orbit n is given by

H
tELSL = V( Z ¢St + ttrain) +
h=1

PSS
Lhilter + tgait + 2(ttrﬁfms + tgrgss)

(12)

Note that ¢7,. is significantly smaller than ¢, in Eq. (4),
because we only need the first node to become visible to
transmit the orbital model to the PS, while an arbitrary node
as in (4) would wait for much longer.

Now, we can express the minimum time required for the
PS to obtain all the orbital models since the beginning of
each round. This lower bound of time encompasses several
components captured by (9) and (12): (i) the waiting time for
a satellite to enter its visible window, (ii) the transmission
and propagation time between the PS and a visible satellite,
either for the satellite to receive the global model w? or for the
PS to receive an orbital model wﬁ’v, (iii) the time for data
filtering and orbital model retraining within each orbit, and
(iv) the time for intra-orbit model relay. As a result, Eq. (9)
can be reformulated as

tL = max{tSk

g = max{ty’ } (13)
where B as given by (12) captures the above four time
components.

Eqn. (13) reveals the benefit of orbital retraining which
accelerates convergence by minimizing local model training
time. In addition, it implies that the required time tﬁq for
each round is controllable, by allowing each satellite to use
only a subset of training images belonging to its target class,
to reduce fyin (SINCE twait, tirans aNd fprop cannot be further
reduced). On the other hand, this would compromise the
global model accuracy. Therefore, a trade-off needs to be
made between (i) crafting efficient ML models that align with
satellite resources and (ii) achieving the desired convergence
speed and accuracy. Via meticulous and empirical assignment
of each satellite with reduced size of training data belonging to
its target class, we have achieved significantly low computation
and communication overheads yet competitive accuracy as
elaborated in Section V (see Table V).
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TABLE II: Parameter Setting For our Performance Evaluation.

I Computation l
Number of orbital epochs (V') 5
Number of CPU cores of each satellite (CEPU) 4
CPU clock frequency of each satellite (f;) 1.43 GHz
Communication

Transmitter power (P) 60 dBm
Antenna gain for any satellite or PS (G;/ps) 6.98 dBi
Noise temperature (77) 354.81 K
Bandwidth (B) 0.5 GHz
Signal wavelength () 15 mm
Maximum data rate (R) 16 Mb/s

SEC Training Models

Mini-batch size (k) 4
Learning rate (n) 0.001

V. PERFORMANCE EVALUATION
A. Experimental Setup

1) LEO Constellation: We evaluate the convergence speed
of our approach by employing two different configurations of
the Walker Delta satellite constellation [22]. These configu-
rations differ in orbital inclination: one with an inclination
angle of 45° (referred to as an inclined constellation) and the
other with an inclination angle of 85° (referred to as near-
polar constellation). Each constellation consists of 6 orbits,
with each orbit n containing I,, = 10 equally spaced satellites.
In both constellations, all satellites are positioned at an altitude
hy,, of 530 km. We consider a GS located in the central region
of the U.S. (Rolla, Missouri) as our PS, although it can be sit-
uated anywhere on the Earth. The GS has a minimum elevation
angle of 10°. To determine satellite-GS connectivity, we utilize
a Systems Tool Kit simulator developed by AGI [23]. We
assign the computation and communication parameters with
their respective values as presented in Table II.

2) Implementation: To ensure the compatibility of our
approach with real satellite equipment, we implemented our
approach on a Jetson Nano Dev-Kit'. This energy-efficient
device boasts a 128-core NVIDIA Maxwell GPU, a Quad-
core ARM Cortex®-AS57 MPCore processor, 4GB of 64-bit
memory, and runs on a remarkably low power consumption
of just 5 watts. During our experiments, we meticulously
monitored both the computation overhead and the energy
consumption associated with training tasks. Fig. 3 shows our
system setup.

3) Datasets & Satellites Training: To evaluate our ap-
proach, we train the satellite’s local models using a real satel-
lite dataset, EuroSat [24]. Additionally, we employ three other
datasets—MNIST, CIFAR-10, and CIFAR-100—commonly
used in state-of-the-art (SOTA) comparisons to assess our
approach. Below, we provide a brief description of each
dataset.

« EuroSat [24]: is a dataset that specializes in land use and
land cover classification, tailored for remote sensing and

'We are working with an Aerospace group in collaboration with NASA
where an LEO satellite prototype has been built and the computing devices
are indeed edge devices like Raspberry Pi and Jetson Nano.

WiFi Antennas

Power LED

Mouse+Keyboard

B T 1|

Input Power HDMI Cable to The Monitor

Fig. 3: Our implementation, training, and testing on Jetson
Nano with experimental setup of essential peripherals.

Earth observation applications. This dataset encompasses
high-resolution multispectral images captured by ESA’s
Sentinel-2 satellite mission. It consists of 27,000 satellite
images, split into 21,600 training samples and 5,400 test
samples. EuroSat delineates land into ten distinct classes, in-
cluding agricultural land, industrial areas, residential areas,
forests, rivers, and others. Each image is precisely labeled
with its corresponding land cover type and boasts a spatial
resolution of 10 meters per pixel. For training our satellites,
we utilize the VGG-16 model with trainable parameters of
8,413,194.

« MNIST [16]: is a dataset consisting of 70,000 grayscale
images of handwritten numbers of size 28x28 pixels. For
training, we use a convolutional neural network (CNN) with
three convolutional layers, three pooling layers, and one
fully connected layer with 437,840 trainable parameters.

e CIFAR-10 & CIFAR-100 [17]: are two datasets, with
the former containing 10 different classes and the latter
containing 100 classes. Each dataset comprises 60,000 color
images, evenly distributed across the classes. The images are
all 32x32 pixels in size and feature various animals and
vehicles. For CIFAR-10, we use the same CNN architecture
as MNIST, but with 798,653 trainable parameters. In the
case of CIFAR-100, we use a CNN model constructed with
six convolutional layers and two fully connected layers,
totaling 7,759,521 training parameters.

For the EuroSat, MNIST, and CIFAR-10 datasets, we evenly
distributed the data size of each dataset across all orbits,
with each orbit containing the 10 classes. Consequently, each
satellite within each orbit was assigned only images of one
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TABLE III: Comparison of convergence time and accuracy %6.2 5%
under non-IID settings (near-polar Constellation). I
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B. Comparison with SOTA

We compare our approach with six other baseline methods:
three synchronous FL methods, namely FedAvg [3], FedISL
[7], and NomaFedHAP [8], as well as three asynchronous
FL methods, including FedAsync [25], FedSpace [6], and
AsyncFLEO [14]. However, our approach is the first to account
for computation and energy consumption overheads, ensuring
that each satellite can run the FL approach with its limited
computational and storage resources.

Compared to the baselines, our approach achieves conver-
gence in approximately 2 hours with accuracies of 94.64%,
89.69%, and 82.65% on MNIST, CIFAR-10, and CIFAR-
100, respectively, outperforming all the baseline methods.
The second-fastest approach is FedISL [7], synchronous FL
approach, that attains accuracies of 82.76%, 73.62%, and
66.57% on MNIST, CIFAR-10, and CIFAR-100, respectively,
after 8 hours. When compared to asynchronous FL approaches,
AsyncFLEO is considered the third-fastest method to con-
verge, achieving accuracies of 79.49%, 69.88%, and 61.43%
on MNIST, CIFAR-10, and CIFAR-100, respectively. These
results demonstrate the effectiveness of our approach, not only
in making satellites applicable to realistic FL scenarios but also
in achieving faster convergence with high accuracy. Table III
summarizes the comparison of our approach with the rest of
the baseline approaches.

C. In-Depth Evaluation on Eurostat Dataset

1) Convergence Results: To evaluate the performance of
our approach on the EuroSAT dataset, we utilize four eval-
uation metrics: accuracy, precision, recall, and Fl-score. We
first evaluate the convergence of our proposed approach under
the near-polar constellation scenario for only two global com-
munication rounds (because our approach can converge within
very few rounds). After the first round, our approach achieved
an average accuracy of 95.741%. This first round required
124.86 minutes of communication time to ensure that at least
one satellite per orbit received the global model, allowing each
orbit to initiate the orbital training process. Furthermore, the
training of orbital models was completed within a maximum
training time of 27.0371 minutes across all orbits, resulting

Satellite #ID

Fig. 4: Orbital model accuracy comparison across global
communication rounds and orbital epochs. The upper subplot
shows the accuracy of orbital models over two global commu-
nication rounds. The middle subplot illustrates the evolution of
orbital model accuracy for orbit #1 in global round #1 over 5
orbital epochs. The lower subplot shows the training accuracy
for each satellite model on orbit #1 in orbital epoch #1 and
global round #1. The high accuracy is attributed to our DnC
approach that converts complex tasks into binary tasks.

TABLE IV: Evaluation of our approach on EuroSat Dataset.

Metric | # of Near-polar constellation (85°) Inclined constellation (45°)
Class images|| ACC(%)| PC (%) | RC (%) | F1 (%) || ACC(%)| PC (%) | RC (%) | F1(%)
AnnualCrop 600 97.63 92.06 | 94.67 93.34 98.39 91.71 94.0 92.84
Forest 600 98.19 96.73 | 98.67 97.69 99.52 96.59 | 99.17 97.86
Herbaceous Vegetation| 600 99.32 93.05 93.67 93.36 98.5 92.12 94.5 93.33
Highway 500 99.61 97.74 | 95.0 96.35 99.31 97.93 | 94.60 96.24
Industrial 500 98.89 98.95 | 93.80 96.30 99.30 | 98.94 | 93.40 96.09
Pasture 400 99.23 96.42 94.25 95.32 99.33 96.67 94.25 95.44
PermanentCrop 500 97.46 95.14 | 90.0 92.50 98.54 | 9450 | 89.40 91.88
Residential 600 99.01 91.45 | 99.83 95.46 99.04 | 92.15 | 99.83 95.84
River 500 99.56 98.17 96.60 97.38 99.44 97.37 96.60 96.99
SeaLake 600 99.11 98.66 | 98.0 98.33 99.63 99.15 | 97.50 98.32

in an overall communication and training time of 151.891
minutes (~2.53 hours).

After the second round, our approach’s accuracy showed
a marginal increase to 95.778%, with the total time for both
rounds amounting to 277.167 minutes (~4.619 hours). The
upper subplot of Fig. 4 shows the accuracy of the orbital
model for each orbit after 5 orbital epochs for two commu-
nication rounds. The middle subplot of Fig. 4 illustrates the
improvement of retraining the orbital model accuracy for a
single orbit for each orbital epoch within the first global round.
In addition, the lower subplot of Fig. 4 displays the individual
training accuracy of each satellite that trains a binary-class
classifier before aggregating them into an orbital model. After
averaging them and testing the orbital model’s accuracy, it
yields an accuracy of 94.12%. These results underscore the
effectiveness of our orbital retraining approach in significantly
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(a) Near-polar constellation (85°). (b) Inclined constellation (45°).

Fig. 5: Confusion matrix that compares 10 predicted and
ground-truth classes for 5400 test images.
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Fig. 6: Twenty randomly selected images from a Eurostat
test set of 5400 samples, illustrating the predicted vs. ground
truth labels. Blue and red color represent correct and incorrect
predictions, respectively.

reducing the required number of communication rounds to just
a few iterations and expediting convergence.

Table IV summarizes our approach’s evaluation results un-
der various metrics for each class after only two global training
rounds. Furthermore, in Fig. 5, we present the confusion
matrix, which visually illustrates the relationship between
actual ground truth classes and predicted classes, providing
insights into the efficacy of our approach. Finally, in Fig. 6,
we showcase 20 randomly selected images from a pool of 5400
test samples to demonstrate the effectiveness of our approach.
Remarkably, among these randomly selected images, only
one is misclassified. This outcome further underscores the
effectiveness of our approach in accurately classifying images.

2) Overheads and Energy Consumption Results: We ana-
lyze the required computation and communication overheads
for running our proposed approach on edge devices, specifi-
cally the Jetson-Nano, to determine its affordability for deploy-
ment on satellites with limited resources. Our findings reveal

500

400

300

TABLE V: Comparison of computation and communication
overheads of our approach in different settings.

(a) Computation overhead. (b) Communication overhead.

Model | FLOPS (G) Dataset | Size (MB)
CNN using MNIST 11.91 MNIST 0.437
CNN using CIFAR-10 15.58 CIFAR-10 0.798
CNN using CIFAR-100 28.13 CIFAR-100 7.76
VGG-16 using EuroSat 43.84 EuroSat 26.68

that GPU usage during training ranges from 17% to 58%, with
corresponding energy consumption levels ranging between
1.38 and 2.25 watts for each local model, demonstrating the
model’s lightweight nature.

In Table V, we present both the computation and com-
munication overheads of our approach for various models
trained on different datasets, where each satellite is assigned
a reduced data size belonging to its target class. To assess
computation overheads, we use floating-point operations per
second (FLOPS) as a metric to measure the computation cost.
In Table V.a, we can observe that the highest computation
cost incurred by our approach is 43.84 GFLOPS. This is
significantly lower than the computational capacity of the
Jetson-Nano, which can handle up to 472 GFLOPS.

On the other hand, we evaluate the communication overhead
of our approach in terms of the orbital model parameters that
need to be uploaded to the PS. In Table V.b, we present
the communication cost for all the training datasets used
to evaluate our approach, with a maximum of 26.68 MB.
Considering that a satellite has a short visible window of 5
minutes and needs to upload the orbital model of size 26.68
MB, this requires a small data rate of 0.69 Mb/s, which is
significantly lower than the available data rate in Satcom.
In summary, our approach exhibits efficient computation and
communication overheads, making it suitable for space-edge
computing scenarios and pervasive computing.

VI. CONCLUSION

This paper represents a significant stride towards enabling
pervasive space Al by seamlessly integrating FL with SEC
in the form of LEO satellites. Our innovative approach com-
prises (1) personalized learning via DnC, which reduces the
complexity of learning at SEC by transforming multi-class
training into binary training, and (2) orbital model retraining,
which aggregates and retrains an orbital model in multiple
orbital epochs in a back-and-forth manner among all the
satellites within an orbit, before sending it to the PS. Our
experiments with a real satellite imagery dataset validate the
effectiveness of our approach, converging rapidly within only
4.619 hours while achieving a high classification accuracy of
95.778%. Notably, it significantly reduces energy consumption
for training local models at each satellite to as low as 1.38
watts, computation overhead to 11.91 GFLOPs, and commu-
nication overhead to 0.437 MB. These results demonstrate
the suitability and applicability of our approach in real SEC
scenarios with constrained resources.
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