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Abstract—The rapid growth in low-Earth-orbit satellites en-
ables providing Earth observation applications to public users
via a shared platform. However, the limited satellite-ground
communication resources present a major challenge in down-
loading and fully utilizing satellite-captured Earth observation
data on the ground. As a new edge computing paradigm, orbital
edge computing allows satellites to host deep learning models
with on-board computing resources for in-orbit data analysis,
reducing downlink data volume and response time. However, the
limited generalizability of in-orbit models and data distribution
shifts across geographical locations severely impact the accuracy
of in-orbit analytics. In this work, we design a framework,
AdaOrb, which dynamically schedules online model retraining
for location-specific Earth observation tasks. Scheduling decisions
are made with a model predictive control-based algorithm that
allocates limited satellite downlink capacity among onboard tasks
to download model retraining data. By developing and using a
hardware-in-the-loop orbital edge computing testbed, we show
that our method achieves superior overall accuracy of in-orbit
analytics tasks compared to alternative methods.

Keywords—Orbital edge computing, Earth observation, low
Earth orbit satellite, model adaptation, downlink scheduling

I. INTRODUCTION

The development of low-Earth-orbit (LEO) satellite services
and standard nanosatellite products [[1] has made Earth ob-
servation more accessible to the public. Nowadays, users
can submit their customized analytics tasks to existing Earth
observation constellations through platforms like Planet [2]. By
specifying an area of interest and analytic goal, satellite images
are downloaded periodically and analyzed on the ground.
While these satellites can capture high-resolution aerial images
covering large areas, limited ground-satellite communication
resources and brief ground-satellite contact periods prevent
users from downloading and analyzing all the captured images.

The concept of Orbital Edge Computing (OEC) [3|] was
proposed to address the downlink capacity constraint through
lightweight in-orbit computation. Under this backdrop, a flex-
ible framework for multi-task OEC was introduced [4]. In
multi-task OEC, analytics tasks are performed promptly on
the satellite using deep-learning models for edge devices.
This approach allows the satellite to serve more users and
deliver results in a timely manner. However, challenges arise
from the distribution shift of satellite images among different
locations [5]. In-orbit models with limited generalizability
often struggle to perform well in areas unseen in their training
datasets |4]. Moreover, the diversity of satellite constellations,
each equipped with different sensors and using different im-
age harmonization techniques, causes data distribution shifts
among satellites and prevents data reusing from other constel-
lations. This leads to a shortage of task-specific, annotated
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datasets for each constellation and makes it hard to train
a global model offline that performs well on various areas.
The location-wise data distribution shift, coupled with the
difficulties of training multi-area models, significantly impacts
in-orbit analytic accuracy and makes in-orbit processed results
unreliable. We further explore this problem in Section

As the Earth observation service continuously incorporates
unpredictable areas of interest, the data distribution shifts keep
happening. A promising solution is to develop location-specific
models through retraining with online data from each area due
to the compact and stateless nature of in-orbit models that
enable fast instantiation and flexible updates. While similar
techniques have been applied in edge video analytics [6], [7],
those applications typically assume abundant communication
resources between cameras and edge servers. In contrast,
communication resources remain a major limitation for OEC.

Existing OEC frameworks either neglect data distribution
shifts [8], or employ simple a priori defined preprocessing
(such as context-aware image filters [4]) to improve OEC
accuracy. Such approaches cannot adapt well to dynamically
submitted Earth observation tasks with unpredictable areas
of interest. To address this issue, we exploit the downlink
channel to download a portion of images to retrain in-orbit
analytics models specific to user-specified areas of interest.
We devise a framework, AdaOrb, that adapts in-orbit analytics
deep learning models for location-aware Earth observation
tasks by scheduled model retraining. AdaOrb schedules model
retraining by allocating downlink capacity to download task-
specific retraining data during each ground-satellite connec-
tion. For each satellite, the allocation decisions jointly consider
its intermittent bandwidth-constraint connections to the ground
and sporadic visits to each task’s area of interest, and leverage
the model predictive control (MPC) method to maximize the
overall analytics accuracy for all onboard tasks. To evaluate
our proposed framework, we implement a hardware-in-the-
loop OEC testbed with the computation unit used on existing
LEO satellites |9]. Evaluation results show that our methods
significantly improve the overall accuracy of all the onboard
analytics tasks under a limited downlink channel. Our major
contributions are summarized as follows:

e We propose AdaOrb, a model retraining scheduling
framework that adapts in-orbit deep learning models for
dynamically submitted Earth observation tasks.

e We formulate the downlink capacity allocation problem
for downloading retraining data for in-orbit models, and
design an MPC-based solution for the problem.

e We implement an OEC testbed with real satellite com-
puting devices and show that AdaOrb improves overall
in-orbit analytics accuracy over alternative methods.

The rest of the paper is organized as follows: Section
presents preliminary experiments that provide motivations and
insights for solution design. Section presents the detailed
design of the AdaOrb framework. Section evaluates the



effectiveness of AdaOrb. Section [V] introduces related works.
Section [V]] concludes the paper.

II. PRELIMINARY EXPERIMENTS

In this section, we inspect the constraint downlink channel
and unique patterns in satellite traces. We also explore the
distribution shifts of Earth observation data across different
locations and the best practice for OEC model retraining.

A. Downlink Channel Inspection

We inspect the downlink channel by simulating satellite traces
with the Hypatia LEO simulator [10] using the orbit of
Sentinel-2 Earth observation constellation |[11]. For both satel-
lites A and B in the Sentinel-2 constellation, we record the
ground-satellite connection time for each orbital revolution
around the Earth. In addition to the existing ground stations
in Matera, Svalbard, and Maspalomas [12], we add more
ground stations near highly populated cities [10] to check the
average per-revolution connection time with different numbers
of ground stations. We choose top-populated cities because
that constellation operation and satellite data processing re-
quire domain-specific experts and reliable network connec-
tions, which are resources typically available near large urban
centers. The results are presented in Fig. [l{a)] Curves and
shadow areas present the mean and standard deviations of
the connection time in each revolution. We observe that
the average connection time per revolution remains under 10
minutes when the number of ground station is less than 20.
This brief and intermittent connection limits the amount of
data to be downloaded from the satellite to the ground. Though
the per-revolution connection time increases linearly as more
ground stations being built at first, but converges to less than 25
minutes. The marginal benefits of building additional ground
stations are decreasing. Moreover, we cannot increase the
number of ground stations unrestrictedly due to significant
costs and time overhead. Since building more ground stations
is not a practical solution to mitigate the downlink capacity
constraint. We need to efficiently use the downlink channel.

Proposition 1. An efficient framework is in need to better
leverage the downlink channel, given the limitations in existing
and near-future ground-satellite communication resources.

To improve downlink channel utilization, we ask a key
question: Do we need to download data for all locations from
the last ground-satellite connection? To answer this question,
we simulate satellite traces and analyze the number of ground-
satellite contacts between revisits to the same location. We
simulate both the Sentinel-2 and the first shell of the Star-
link constellations. For Sentinel-2, we use its three dedicated
ground stations [12]. For Starlink, we use the ten most pop-
ulated cities as ground station locations [10]. We record the
timing of ground-satellite connections and satellite visits to
the 61 locations from the SpaceNet7 dataset [13]. For each
location, we count the number of ground-satellite connections
between consecutive visits to that location, which we call
revisit connection rounds. Fig. shows the cumulative
proportion of locations with revisit connection rounds above
the x-axis value. Our analysis reveals that only in extremely
rare cases does a satellite revisit the same location after just
one ground-satellite connection, leading to Proposition
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Fig. 1: (a). The per-revolution connection time of satellite A and B in the
Sentinel-2 constellation for different numbers of ground stations. Lines and
shadows are the mean and standard deviation of connection time. (b). CDF
for revisit connection rounds in Starlink and Sentinel-2. We observe that most
satellites will revisit the same location after several rounds of connections.
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Fig. 2: (a). Accuracy of applying analytics models trained on data from
different locations to other locations for building detection and segmentation.
Bars in the same color are accuracies of the same model for the location in the
legend. Each cluster of bars represents models’ accuracies when applied to the
location indicated on the x-axis. We observe a significant accuracy drop when
applying a model trained for one location to another location. (b). Accuracies
v.s. model retraining rounds during model adaptation. We notice starting from
pretrained models (red lines) leads to higher accuracy at convergence, while
using the replay technique (circle marks) stabilizes the training process.

Proposition 2. For any given area of interest, it is not
necessary to download the data immediately after capturing.

B. Data Distribution Shift and Model Retraining

In this experiment, we first inspect the data distribution shift
in satellite data across different locations with a typical Earth
observation application: building segmentation [14]. We use
the SpaceNet2 dataset [15] with four different locations:
Khartoum, Paris, Shanghai, and Las Vegas. Following existing
work [16], we train a UNet [17] model for each location
with data exclusively from that area. We then apply each of
these models to all four locations in the dataset to evaluate
their performance across different areas. Fig. presents the
DICE coefficient [18] of different models when applied to
their training data location and other locations. The metric
ranges from O to 1, with higher values indicating better
performance. In Fig. [J{a)] we observe a significant accuracy
drop when models trained on one location are applied to
other locations. From these results, we can notice that in-orbit
analytic models trained with data collected at one location
cannot generalize well to data collected at other locations.
This finding substantiates the data distribution shifts across
locations, making it impractical to directly apply a model
trained on one location to another. While satellite orbits
follow predictable paths, we cannot predict which locations
will be specified in new Earth observation tasks. This makes
it infeasible to train a comprehensive global model offline,
as downloading data from all locations along the satellite’s
orbit would exceed downlink capacity constraints. To address
these distribution shifts, researchers typically retrain the model



for every location with online data [6], |7]. This raises an
important question: Should we build a global model using all
available data, or should we train separate models for each
location? We train a global model with an equal amount of
location-specific data evenly sampled from four locations in
the dataset. Its performance is shown in Fig. We notice
that the global model accuracy is always lower than that of
training a dedicated model for each location. Since the extreme
case for training a global model is we only have one location,
the model performance should be equal to the location-specific
model; with the number of interested locations increasing, the
global model performance will keep decreasing. Hence, we
have the proposition:

Proposition 3. Training separate models tailored to each area
is a solution to cope with location-wise data distribution shifts.

We demostrate the effectiveness of model retraining with
the accuracy curve of incrementally training an UNet model
using data from Las Vegas. We retrain the model for 50 rounds
with 20 images per round. Results in Fig. reflect that:

Observation 1. Model accuracy generally increases as more
retraining data is used.

We also explore how different training starting points affect
performance. We use models pretrained on the SpaceNetl
dataset [15] as starting points. As shown in Fig. starting
with a pretrained model leads to higher accuracy at conver-
gence. Additionally, Fig. confirms the effectiveness of
the replay technique from continuous learning research [19].
Training with accumulated data enables faster convergence and
produces more stable models. So we have our proposition:

Proposition 4. When retraining a model to a new location,
start with pretrained weights and use accumulated data.

III. ADAORB FRAMEWORK
In response to Proposition [1| and Proposition we design
AdaOrb, an intelligent OEC framework to efficiently exploit
the downlink capacity to adapt deep learning models for
location-specific analytics tasks via retraining.

A. Framework Design

We first present the design of the AdaOrb framework in Fig.
The framework includes three major components: the mission
data center, the ground station, and the satellites. The mission
data center manages satellites’ onboard tasks, including task
publication, data annotation, and model training. It is equipped
with abundant computational resources and sufficient network
bandwidth connecting all ground stations. Ground stations
serve as interfaces for ground-satellite communication. Earth
observation satellites are equipped with sensors to collect Earth
observation data. Satellites also have some edge computational
resources for onboard data analytics. However, these resources
are too limited to handle intensive workloads like in-orbit
model training. By close collaboration among the components,
AdaOrb achieves the following functions for model adaptation.
Task management. The mission data center continuously
receives Earth observation tasks from users, and periodically
publishes these tasks to satellites. An Earth observation task is
defined by an area of interest and an analytics model. The pub-
lished tasks are first forwarded to all ground stations and sent to
the satellite when a ground-satellite connection is established.
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Fig. 3: Framework overview. The mission data center receives Earth observa-
tion tasks from users and publishes them to satellites via ground stations. It also
makes downlink capacity allocation decisions and conducts model retraining.
The satellite loads a pre-loaded base model for each task according to their
type of analysis when receiving new tasks. When passing over a task’s area
of interest, the satellite collects Earth observation data with onboard sensors
and performs in-orbit analysis with the in-orbit model. Analytic results and
part of the collected data are downloaded in the following ground-satellite
connection according to the downlink capacity allocation decision. Models
retrained in the mission data center will be uploaded to the satellite using the
next ground-satellite connection after downloading the retraining data.

For every published task, the mission data center maintains the
latest copy of its in-orbit model in a local database for potential
model retraining. Once a task is published, it is deemed as
onboard. The dynamic and unpredictable onboard task set
presents the challenge of making adaptive online decisions.
Downlink capacity allocation. The mission data center also
monitors all satellite movements and tracks their traces. It
forecasts the time and duration of future satellite-ground
connections, as well as the number of images to be captured in
areas of interest. In response to Proposition AdaOrb uses a
downlink capacity allocation algorithm to strategically allocate
the downlink capacity of each connection to all the onboard
tasks based on this forecast information. This algorithm is
executed whenever there is an update to the onboard task set,
such as when a new task is published or a task’s model has
been retrained. The algorithm decision is sent to all ground
stations to instruct each satellite’s data download during the
ground-satellite connection. We formally formulate the down-
link capacity allocation problem in Section and solve it
by our algorithm in Section

Location-specific in-orbit analytics. Each task consists of an
area of interest and an in-orbit model. Following Proposition
we use a specific model for each task dedicated to its area of
interest. When a task is onboarded to the satellite, its model
is initiated by loading a copy of the base model. According
to Proposition |4 the base model is pre-trained for the general
type of analysis required by the task. Base models can be pre-
uploaded on each satellite to minimize the time a user has to
wait to start its task. However, the initiated model for each task
is expected to be updated as new data becomes available. When
the satellite passes over a task’s area of interest, it captures
images using its sensors and applies the onboard model for in-
orbit analysis. The captured location-specific images are also
stored for future downloading and retraining.

Model retraining and update. During a ground-satellite



connection, besides downloading analytics results, the ground
station downloads location-specific images from satellites in-
structed by the downlink capacity allocation decision to retrain
each task’s model. After the connection, the designated quan-
tity of images for each task is downloaded and sent to the
mission data center for annotation and subsequent retraining.
The retrained model weights are uploaded to the satellite
via the uplink during the next satellite-ground connection,
potentially with a different ground station.

B. Downlink Capacity Allocation Problem

To efficiently leverage the opportunity in Proposition [2| we
formulate an online decision problem as a Markov decision
process whose parameters, control inputs, states, transition
function, and cost function are specified below.

Tasks and connections. We define a satellite to have a set of
onboard tasks K = {k;|i = 1,2,..., Nk }. Each time point
refers to a round of ground-satellite connection, which is pre-
dictable and represented as a set T = {¢;|j =0,1,2,..., Nr}.
Accuracies. Let the average accuracy of the model for task &;
on all the captured images at k;’s area of interest from time
point ¢; to t;41 be accj. Based on Observatlon , for each
task k;z at time point ¢;, we represent the ach as a function
of the number of downloaded images dt, denoted as F;

accé =F; (d;) ,

Vi > 1,k € K. e
Since it takes time to annotate the downloaded images and
retrain the model on the ground. The images downloaded at
time ¢; for task k; will be used to retrain the model with
current accuracy accj. The updated model will be uploaded
to the satellite at t1me point ¢; 1, assuming we always have
enough computational power and communication resources on
the ground. The updated model will be applied to images
captured at the area of interest of task k; from time point
tj41 to timepoint ;5 with accuracy acc’, ;.

Time-varying parameters. The number of images captured
for task k; from time pomt t; to tJH is a predictable external
time-varying parameter v;. We let v§ = 0,Vk; € K as there
is no data available at the initial time point ty. All the y]“s
from ¢; to t; 4, forms a set v; = {vi]i = 1,2,..., Nx }. Until
the beginning of time point t;, the accumulated number of
captured images for task k; is UJA where v} = vl
On connection at time point ¢;, the number of downfoadable
images, referred to as downlink capacity, is also a predictable
time-varying parameter denoted as b;.

Control inputs. Let the number of images to be downloaded
for the task &; in connection ¢; be &:. At time point t;, 0%
from all the tasks in K form a set of control inputs A; =
{d5]i =1,2,..., Nk }. The amount of downloaded images for
task k; until (but not include) ¢; is denoted as dl where dl =

Z]/ 10 &%, j > 1. Values of §}’s are subject to the downlmk

capacity constraint Zz—Kl (5; < bJ,V] > 1 and available online
image constraint dl + 51 <wvj,Vj>1,Vk € K.

States. We use set X = {X]|j =0,1,2,..., Nr} to represent
the states in the Markov decision process. Each state x; is
defined by model accuracies, accumulated number of down-
loaded images, and accumulated number of captured images
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Fig. 4: Profiling the accuracy function.

for all the onboard tasks at the beginning of time point ¢;.

X = (acc d. i)i:l,Q,...,NK

ST Vt; €T, (2)
Transition function. After taking action A, the state transi-
tion function is defined as

Xj+1 =P (x5, 4;,v5), V(Nr—-1)>j>0. (3)

This function comprises three parts: the accuracy change for
each task acch, | = F; (d}), the aggregated number of down-
linked images for each task d} ; = d}+0?, and the aggregated
number of captured images of each task vj— 1= vj— + vj, for
all the tasks k; € K and timepoints ¢;,j > 1.

Cost function. We aim to maximize the sum of all the analytic
accuracy acc’ for all the v;: online predictions over all the
onboard tasks k; € K and time points ¢; € T. Specifically,
given a prediction horizon Ny, our cost function is defined as

Nk j+Nu

ZZy,l—acc) )

=1 j'=

where A is a sequence of the control inputs A, in the
prediction horizon A = [A;, Aji1,...,Ajin,—1], and the
prediction horizon Ny represents the number of future time
points the algorithm can anticipate and plan for.

C. Downlink Capacity Allocation Algorithm

Due to limited online data availability, training a reinforcement
learning (RL) model for online decision-making is impractical.
Such models require extensive online data to explore and refine
their decision-making policies through actual retraining [20].
This motivates us to design an MPC-based algorithm to solve
the downlink capacity allocation problem. Unlike RL-based
methods, MPC does not require extensive data to bootstrap.
However, MPC requires a closed-form state transition function.
In the state transition function Eq. , while the number of
downloaded and captured images is predictable from satellite
traces, the accuracy function remains unknown. Fortunately,
we can obtain an approximated function through profiling.
Profiling the accuracy function. To profile the unknown
accuracy function, we obtain several sample curves of the
relationship between the number of retraining images (data)
and model accuracy (accuracy) by incrementally retraining
models on several location-specific datasets offline. We use
known functions to fit the average curve for all profiled
samples to get the approximation of the accuracy function in



Eq. (I). To illustrate the accuracy function profiling process,
we incrementally train pruned UNet models [17], [21] on
data from randomly selected five locations in the SpaceNet7
dataset [13] for building segmentation. Profiled data-accuracy
curves are presented in Fig We observe that curves for all
locations exhibit a nearly submodular shape. Candidates for fit-
ting such curves include polynomial, logarithmic, and logistic
functions. Additionally, we notice that curves for the same type
of task at different locations, though converging to different
accuracies, share the same pattern of convergence. To this end,
it is reasonable to profile and construct a uniform function,
denoted as F, that represents the typical data-accuracy curves
for each type of task and apply the function to new, unseen
locations. In Fig. we show the average curve fitting
results of different functions among 3-degree polynomial, 5-
degree polynomial, logarithmic, and logistic functions. Each
function’s coefficient of determination is also presented in the
legend of Fig. @@ We find that the 5-degree polynomial
function has the highest coefficient of determination and best
fits the average curve.

Solving the problem with MPC. Using the profiled accuracy
function, we can solve the online decision problem with MPC
by substituting the approximated function

aect = F (i) ,Vj > 1,k €K (5)

for the original accuracy function in Eq. , and use this
approximated accuracy aéc} to replace the accuracy terms in
Eq. (2) and Eq. (4). Since F is non-linear, we adopt a non-
linear optimization technique such as the Gauss-Newton algo-
rithm [22] to solve the MPC problem iteratively by minimizing
the cost function Eq. . Upon convergence, the control input
is a downlink capacity allocation decision that maximizes the
overall accuracy of all the onboard tasks.

IV. EVALUATION

To evaluate the effectiveness and efficiency of AdaOrb, we
implement a hardware-in-the-loop OEC emulator and use real
constellation traces and Earth observation images for AdaOrb’s
performance assessment. We also explore the influence of key
parameters on AdaOrb’s performance.

A. Evaluation Setup

Dataset. We use the training set of the SpaceNet7 dataset [13],
excluding the 5 locations used for accuracy function profiling
in Section The evaluation set includes 54 locations, each
representing an area of interest for a building segmentation
task. We divide each image into 64 pixel x 64 pixel tiled
images for analysis—a common technique to reduce compu-
tational overhead [4]. The tile size aligns with public datasets
such as EuroSat [23]], [24] and PASTIS [25]. In the following
paragraphs, unless otherwise specified, all references to images
pertain to these 64 pixel x 64 pixel tiled ones.
Constellations. We obtain one month’s satellite movement
traces from two active constellations, Sentinel-2 and Starlink,
via the Hypatia LEO simulator [10], with the same setup
in Section We record the times when the satellite
passes over each location in our dataset and the duration of
each connection with ground stations. In our discrete event
emulation, we consider each ground-satellite connection as a
time step tick, as it allows us to download data for retraining
and update the retrained models during these connections and

aligns with the time point in Section According to existing
nanosatellite specifications [1], the typical downlink data rate
is 125 megabits per second. Accounting for traffic generated
by normal operations (such as delivering images and analytical
results to users), we set aside 10% of the available bandwidth
for downloading the retraining data. By default, we assume
each satellite generates 100 images when visiting an area of
interest. Given our small model size, we assume the uplink is
always sufficient for model and decision updates.

Tasks. For our evaluation, we designate each location in our
dataset as an area of interest for a task. Task initiation follows
the order in which the satellite first passes over each area of
interest, with tasks published to the satellite on a daily basis
through ground stations. The number of published tasks per
publication follows a Poisson distribution with a mean of 10.

Model and retraining. We use the UNet model [17] for
building segmentation tasks. As per Proposition 4| we pretrain
the model on the SpaceNet 1 dataset [15]. To enhance effi-
ciency for in-orbit inferences, we prune half of the parameters
and fine-tune the model before deployment [21]. The pruned
UNet contains approximately 63,000 trainable parameters and
occupies only 2.4MB of memory space. Upon each connection,
we randomly download previously captured images for each
location. We split these images into training and validation sets
at an 8 : 2 ratio. Each model is trained until convergence or for
at most 20 epochs. Following Proposition [4| we cumulatively
add images to the dataset for retraining. We impose each task
to download at most 300 images for retraining, as the model
accuracy converges at this amount according to Fig.

Metrics. DICE coefficient [18] is the metric for building
segmentation accuracy. For each task, the sum of DICE co-
efficients of all in-orbit predictions is its inference utility.

Compared algorithms. In our evaluation, we compare
AdaOrb’s MPC-based downlink capacity allocation algorithm
with the following algorithms:

¢ Random-allocation (Random): Randomly splits the
downlink capacity among all onboard tasks for retraining.

e Accuracy-oriented (Accuracy): Allocates downlink ca-
pacity to tasks weighted by one minus their accuracies.

e Data-oriented (Data): Allocates downlink capacity to
tasks weighted by their total numbers of incoming images
within the prediction horizon.

All algorithms work under the framework described in Sec-
tion |LII} By default, we set the prediction horizon for AdaOrb’s
MPC-based algorithm and the data-oriented algorithm to 5 and
20 time steps for Sentinel-2 and Starlink, respectively. We also
examine the impact of varying this prediction horizon.

B. Evalutation results

Utility over time. We first compare the cumulative utility of
online inferences over 100 time steps. The evaluation results
are presented in Fig. [5] Our proposed OEC scheduling scheme
significantly outperforms the comparison algorithms after the
initial 10-time-step bootstrap stage. This advantage stems
from AdaOrb’s ability to allocate more downlink capacity to
tasks with suboptimal models while prioritizing models with
higher per-image accuracy improvements. We observe that
algorithms capable of anticipating and planning for incoming
data volume (AdaOrb and data-oriented) generally perform
better than data-agnostic algorithms (random-allocation and
accuracy-oriented), highlighting the importance of leveraging
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with different devices. (Lower). Algorithm running time for two constellations.

this unique feature of LEO satellites for data allocation.
However, without a proper accuracy function approximation
and optimal downlink capacity assignment, the performance
of the data-oriented algorithm remains suboptimal compared
to AdaOrb. This demonstrates the importance of leveraging
predictable satellite movement patterns with carefully designed
algorithms. The algorithms perform differently in the two
constellations since Starlink’s lower altitude provides longer
contact times and more downloadable data in each connection,
leading to higher inference utility for all algorithms com-
pared to Sentinel-2. This difference highlights the importance
of efficient scheduling algorithms for bandwidth-constrained
high-orbit constellations and demonstrates the advantages of
scheduling across varying downlink channel conditions.

Selection of prediction horizon. We examine how prediction
horizon, a key parameter of the MPC algorithm, affects per-
formance. Results are shown in Fig. The onboard task set
updates every 5 time steps for Sentinel-2 and 20 time steps for
Starlink during daily task publication. We observe that utility
peaks when the prediction horizon is slightly longer than these
update intervals, after which it declines. This suggests that
while a prediction horizon marginally longer than the update
interval improves decision-making, excessively long horizons
incorporate outdated information and reduce achievable utility.
In-orbit model efficiency. We examine the feasibility of using
the location-specific model for in-orbit analytics by recording
the per-image inference time of the in-orbit model on the
Nvidia Jetson Orin Nano, an edge intelligent device that
serves as the computation unit in real nanosatellites [26]. The
benchmark results for using and not using the onboard GPU
are presented in the upper part of Fig. @@ We observe that the
median inference time for an image, with and without using

an embedded GPU are 11.9 ms and 58.5 ms, respectively. A
typical image capture interval of 30 seconds allows the pro-
cessing of 500 to 2, 500 image tiles of 64 pixels x 64 pixels.
With a 10-meter-per-pixel resolution, this efficiency enables
analysis of 204.6 to 1,036.6 square kilometers per 30 seconds
on a median level, which aligns with the average size of areas
of interest in existing Earth observation constellations [11],
and validates the feasibility of using the selected model for
location-specific in-orbit analytics.

Algorithm efficiency. We benchmarked the running time of
the MPC-based downlink capacity scheduling algorithm for
the two evaluated constellations on a desktop with 64GB
memory and a 16-Core Intel i9-9900K CPU. Results are
presented in the lower part of Fig. @?l Except for a few
outliers, the highest running times for both constellations are
around 5 seconds, with median times below 3 seconds. Given
that scheduling decisions are made between each consecutive
satellite-ground connections—an interval significantly longer
than a few seconds—the MPC-based algorithm will incur
negligible time and computational overhead.

V. RELATED WORKS

Downlink channel constraints and data distribution shifts have
been two long-standing problems affecting Earth observation
applications [5], [27], [28] To address communication con-
straints, Denby et al. first introduced the concept of OEC [27]]
for performing data analytics in orbit. Recent works have incor-
porated image compression and residual encoding techniques
to further conserve downlink bandwidth after filtering [29].
Instead of downloading filtered and compressed images, recent
studies propose obtaining analytics results directly in orbit [8].
To handle data distribution shifts, Ekya [6] schedules resources
for retraining and inference using a theft algorithm to improve
performance on end devices when real-time data diverges from
the training distribution. Adainf [7] enables inference using
partially trained models, allowing more flexible online training
scheduling. However, these approaches do not adequately
address the challenges in communication-constrained orbital
environments. [4] observes performance degradation across
different contexts and dynamically switches between context-
specific models to improve inference accuracy. However, our
work shows that model performance degrades even within the
same context when applied to different locations.

VI. CONCLUSION

In this paper, we propose AdaOrb, a framework that adapts in-
orbit analytics models through intelligently scheduled model
retraining with an MPC-based algorithm. Extensive prelimi-
nary studies validate the downlink capacity constraint, data
distribution shifts across locations, and the effectiveness of
adapting in-orbit model to location-specific data by retrain-
ing. Satellites’ revisit gaps among different locations provide
opportunities for strategic model retraining scheduling. We
design the AdaOrb with novel functions for model adaptation
and formulate a downlink capacity allocation problem to
maximize overall accuracy for all users’ tasks. To solve this
problem, we design an MPC-based algorithm with profiled
model accuracy function. We develop a hardware-in-the-loop
OEC emulator to evaluate our framework’s effectiveness and
feasibility. Results show that our downlink capacity allocation
algorithm outperforms other compared algorithms and AdaOrb
can run efficiently on off-the-shelf desktops.
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