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ABSTRACT
Low-latency delivery of satellite imagery is essential for time-critical applications such as disaster response,
intelligence, and infrastructure monitoring. However, traditional pipelines rely on downlinking all captured images
before analysis, introducing delays of hours to days due to restricted communication bandwidth. To address these
bottlenecks, emerging systems perform onboard machine learning to prioritize which images to transmit. However,
these solutions typically treat each satellite as an isolated compute node, limiting scalability and efficiency.
Redundant inference across satellites and tasks further strains onboard power and compute costs, constraining
mission scope and responsiveness. We present EARTHSIGHT, a distributed runtime framework that redefines
satellite image intelligence as a distributed decision problem between orbit and ground. EARTHSIGHT introduces
three core innovations: (1) multi-task inference on satellites using shared backbones to amortize computation across
multiple vision tasks; (2) a ground-station query scheduler that aggregates user requests, predicts priorities, and
assigns compute budgets to incoming imagery; and (3) dynamic filter ordering, which integrates model selectivity,
accuracy, and execution cost to reject low-value images early and conserve resources. EARTHSIGHT leverages
global context from ground stations and resource-aware adaptive decisions in orbit to enable constellations to
perform scalable, low-latency image analysis within strict downlink bandwidth and onboard power budgets.
Evaluations using a prior established satellite simulator show that EARTHSIGHT reduces average compute time
per image by 1.9x and lowers 90th percentile end-to-end latency from first contact to delivery from 51 to 21

minutes compared to the state-of-the-art baseline.

1 INTRODUCTION

Nanosatellites in Low Earth Orbit (LEO) have transformed
our ability to monitor Earth (McDowell, 2020; CBO, 2023).
Commercial constellations such as Planet’s Dove and Spire
Global’s LEMUR now deliver high-resolution, near-daily
imagery of the planet’s surface (Planet Labs; Spire Global
Inc.). This data enables a wide array of applications,
from environmental monitoring and disaster response to
agriculture, urban planning, and intelligence (Thangavel
et al., 2023; Tahir et al., 2022; Bandarupally et al., 2020;
Nguyen et al., 2020; Ouchra et al., 2022). The primary
bottleneck in the current Earth observation systems has
shifted from data acquisition to analysis covering 200 mil-
lion km? per day (Planet Labs Inc., 2025a). Thus, to extract
timely insights, the community has turned to machine learn-
ing (Bhardwaj et al., 2025; Barmpoutis et al., 2020; Tuia
et al., 2024; Wang et al., 2025).

However, existing pipelines, wherein all captured imagery
is downlinked to ground stations before analysis, introduce
substantial delays, often stretching from several hours to
multiple days (Tao et al., 2024; Vasisht et al., 2021). Such
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delays are detrimental for time-sensitive queries: each lost
minute can hinder search efforts during natural disasters,
obscure evolving damage and environmental conditions, or
exacerbate operational uncertainty in conflict zones. De-
lays arise from the short, intermittent transmission windows
available for downlink, typically 10-15 minutes to offload
tens of gigabytes of imagery (Vasisht et al., 2021). When
satellites cannot assess the analytical value of captured data,
images are transmitted in a first-in, first-out manner, poten-
tially causing critical content to wait behind less relevant
data. Planet Labs’ Analytics product shows that while users
can run predefined object detection algorithms, the results
often arrive days later, making same-day analysis infeasi-
ble (Planet Labs Inc., 2021).

Recent efforts have proposed performing inference on the
satellites to reduce latency and conserve bandwidth (Denby
et al., 2023; Tao et al., 2024; Yang et al., 2024; Denby
& Lucia, 2020). By analyzing images in orbit between
capture and downlink, satellites can prioritize, compress, or
discard data before transmission (Figure 1). However, these
approaches treat each satellite as an isolated node, ignoring
the broader constellation context that governs downlink
contention and bandwidth. Without incorporating global
coordination, such designs cannot optimally allocate limited
communication opportunities across multiple satellites.
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Figure 1. LEO Earth observation systems perform on-board infer-
ence for image analysis. Ground stations send tasks generated
from user queries to satellites. The satellites prioritize transmis-
sion of images identified as latency-sensitive via ML inference.

Moreover, existing systems only support single-task opera-
tion. In practice, an image may support multiple concurrent
applications, such as ship detection, wake analysis, and il-
legal fishing identification at sea. Executing independent
inference pipelines for each task is expensive in both compu-
tation and energy, leading to redundancy that is unacceptable
in resource-constrained environments. The multi-task nature
of satellite workloads and single-purpose isolated design of
prior systems limits their scalability and responsiveness.

EARTHSIGHT redefines image analysis as a distributed de-
cision problem spanning both ground and orbit. Rather than
viewing satellites as passive data forwarders or independent
inference engines, we offer a joint scheduling framework
that leverages global context from the ground station with
local resource-aware adaption in-orbit.

Enabling EARTHSIGHT requires overcoming a variety of
challenges. Nano-satellites operate under tight power bud-
gets, harvested via small solar panels and used for imaging,
communication, and control systems. As a result, only a
fraction of power is available for compute, forcing the use
of low-power, radiation-hardened processors that lag far
behind terrestrial accelerators in capability. Consequently,
onboard image processing often cannot complete before the
next downlink window, limiting responsiveness for time-
sensitive missions. To address these challenges, we employ
an integrated approach that combines multi-task learning
with globally informed pre-processing at the ground station.
This allows the satellite constellation to collaboratively man-
age diverse, time-critical workloads within limited compute
and bandwidth envelopes. To facilitate the distributed deci-
sion, EARTHSIGHT proposes three coordinated components:
(1) multi-task onboard inference for priority annotation, (2)
query schedule construction at ground stations, and (3) adap-

tive filter ordering on satellites. EARTHSIGHT employs a

multi-task model consisting of shared feature backbones and
task-specific heads, amortizing inference costs across multi-
ple filters without compromising on model size or capacity.
While this design improves efficiency, it introduces a de-
pendency: task heads can only execute after the backbone’s
latent features are computed. EARTHSIGHT’s scheduler
resolves these dependencies by adjusting filter orderings
at runtime, jointly optimizing for precision, latency, and
available power.

At the ground station, EARTHSIGHT analyzes historical
image distributions and mission policies to synthesize a pre-
liminary schedule. For each expected capture, it aggregates
filters from all active user queries, e.g., cloud-free and has
fire or flooding near a populated area, into compact logical
formulas. It then simulates future transmission windows to
forecast two key parameters: the minimum image priority
likely to be transmitted and the expected compute budget
per image. These parameters are integrated into the com-
putation schedule to supply the global context that guides
approximate, truncated inference onboard the satellite.

At runtime, satellites execute ML filters to prioritize images.
To manage power constraints, they employ a model-ordering
strategy that stops as soon as an adaptively-set confidence
threshold is met. The sequence of filters is critical; if two
ML-based filters have comparable runtimes, the one more
likely to influence the prioritization outcome should execute
first. Finding an optimal sequence of filter operations for
each image is crucial for efficiency, however is NP-hard and
thus computationally intractable. EARTHSIGHT addresses
this with a heuristic approach that defines each filter’s utility
as a function of four factors: (i) the filter’s accuracy (ii)
the filter’s execution time (cost), (iii) the probability of a
negative result, based on prior information from the ground
station, and (iv) the influence of the filter’s outcome on
the overall query formula. This cost-benefit formulation
enables the scheduler to repeatedly select the next filter most
likely to yield a rapid decision on the image.

In summary, EARTHSIGHT contributes:

1. A distributed decision framework that redefines on-
board image analysis as a joint process between ground
and orbit, merging global context from ground stations
with local, resource-aware adaptation in satellites.

2. Multi-task onboard inference that amortizes computa-
tion across multiple application-specific tasks through
a shared backbone, enabling efficient, scalable analysis
under tight power budgets.

3. Adaptive filter scheduling based on a utility-driven or-
dering that integrates selectivity, execution time, accu-
racy, and logical impact to maximize early rejection of
low-priority images.
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Through hardware-enhanced simulation studies on three
multi-purpose scenarios, we demonstrate that EARTH-
SIGHT alleviates the computational bottleneck, resulting
in a decrease in the 90th percentile tail latency from first
contact to image delivery from 51 to 21 minutes relative to
the state of the art baseline, SERVAL (Tao et al., 2024).

2 BACKGROUND

Satellites in Low Earth Orbit (LEO) offer frequent, high-
resolution, multi-spectral imaging of Earth’s surface, typ-
ically completing a full orbit every 90 minutes at a few
hundred kilometers altitude. While early Earth observation
(EO) relied on large, monolithic platforms (European Space
Agency, 2025; NASA Atmospheric Science Data Center,
2025), the past decade has seen a shift towards deploying
nanosatellites, compact spacecraft ranging from 1000 to
8000 cubic centimeters (Spire Global Inc., 2025a; Planet
Labs Inc., 2025a). These satellites, equipped with commer-
cial off-the-shelf (COTS) components such as the NVIDIA
Jetson series, form a globally distributed computing plat-
form capable of onboard inference.

Orbital Edge Computing. The concept of processing
data directly on satellite, i.e., Orbital Edge Computing
(OEC), conserves downlink bandwidth by filtering out
unusable data, such as cloudy images, prior to transmis-
sion (Denby & Lucia, 2020). The idea now supports com-
mercial approaches, like those pursued by Spire Global un-
der contracts with NASA and the Canadian Space Agency,
to develop onboard wildfire detection using Convolutional
Neural Networks (Spire Global Inc., 2025b).

Recent initiatives have explored more powerful compute
substrates for space-based inference: Google’s Project Sun-
catcher investigates deploying TPUs in orbit to enable large-
scale ML workloads (Agiiera y Arcas et al., 2025), while
platforms like Pelican have demonstrated Jetson-based de-
ployments for real-time onboard processing (Jewett, 2024).
These developments underscore the growing feasibility of
sophisticated edge inference in LEO environments.

Leveraging Onboard Processing for Image Prioritiza-
tion. The push toward onboard processing is driven in
part by the constraints of satellite systems compared to
ground-based infrastructure drawing on data centers and
cloud resources. In orbit, compute capability is fixed at
launch, power-limited, and must support all imaging, com-
munication, and control operations within a 1 to 5 watts per
unit budget (Acero et al., 2023). These constraints prevent
continuous, high-throughput processing and limit how many
models can run per image. To mitigate this, recent hybrid
systems (Tao et al., 2024; Denby et al., 2023; Yang et al.,
2024) split computation between satellites and ground sta-
tions, estimating image utility and dynamically compressing
and reordering transmissions based value or urgency.

At the same time, satellites face brief downlink windows
and constrained communication bandwidth (So et al., 2022).
Thus, these aforementioned onboard ML-based pipelines
prioritize high-utility images, those showing disasters, flood-
ing, or anomalous land use—while deprioritizing or discard-
ing less informative data. Each image is typically processed
by multiple models targeting distinct attributes to build a
comprehensive understanding of the scene. Because satellite
images are large and high-resolution, they are tiled before
inference to avoid downsampling artifacts (Denby & Lu-
cia, 2020). Modern systems further leverage contextual
cues such as power availability, cloud cover, and location
metadata to decide when to run full inference, skip process-
ing, or use lightweight approximations (e.g., downsampled
inputs) (Denby et al., 2023; Tao et al., 2024).

Multi-Task Models for Onboard Inference. Most exist-
ing OEC systems perform single-task inference per image,
running isolated pipelines to identify a specific feature such
as cloud cover or vessels (Denby & Lucia, 2020; Tao et al.,
2024; Denby et al., 2023). While this simplifies deployment,
it underutilizes the rich information in satellite imagery. In
reality, each image can serve multiple downstream tasks,
and joint processing can improve both efficiency and util-
ity. Multi-task learning addresses this by sharing feature
extraction across tasks, reducing memory overhead, and sup-
porting multiple mission goals without deploying multiple
large models (Caruana, 1997). These models use a shared
backbone to extract latent features, followed by lightweight
task-specific heads that leverage general-purpose represen-
tations (Yu et al., 2024). For example, Daroya et al. (2024)
successfully demonstrated this in remote sensing by replac-
ing five separate single-task models with a unified multi-task
network to simultaneously generate masks for water, clouds,
and shadows, significantly reducing computation time.

Multi-task neural nets typically adopt either hard parame-
ter sharing, with a single backbone and multiple heads, or
soft parameter sharing, where separate models are trained
with coupling constraints (Ruder, 2017). As the former
offers greater computational efficiency (Misra et al., 2016),
EARTHSIGHT employs hard parameter sharing to minimize
inference costs for diverse applications.

Building on these foundations, EARTHSIGHT defines on-
board image analysis as a distributed decision framework
that unifies global scheduling at the ground station with
local, power-aware adaptation in orbit, enabling scalable,
multi-task image analysis under tight compute, bandwidth,
and latency constraints.

3 EARTHSIGHT SYSTEM

EARTHSIGHT frames onboard image analysis as a dis-
tributed decision problem spanning ground and orbit, co-
ordinating global context from ground stations with local,
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Figure 2. Overview of the EARTHSIGHT system. EARTHSIGHT in-
tegrates onboard multi-task models with predictive scheduling to
enable query-driven, low-latency analysis of satellite images.

resource-aware adaptation on satellites. Unlike prior sys-
tems that treat satellites as isolated inference nodes, EARTH-
SIGHT dynamically selects and schedules tasks based on
available power, predicted image utility, and mission con-
text. The pipeline, shown in Figure 2, integrates three key
components: (1) Multi-task models that perform multiple
vision tasks per image to reduce redundant computation;
(2) Ground-station scheduling that uses auxiliary meta-
data, such as location, orbit timing, and power forecasts, to
generate predictive computation plans for satellites; and (3)
An in-orbit runtime that dynamically orders and executes
filters to minimize expected compute time while prioritizing
images for downlink. Like prior work (Tao et al., 2024),
EARTHSIGHT does not discard or drop any images and only
optimizes the transmission order to maximize responsive-
ness. Together, these components form a flexible, resource-
aware system that adapts to changing mission conditions
while maximizing the value of each downlinked image.

3.1 Multi-Task Neural Architecture

EARTHSIGHT employs multi-task learning to balance two
fundamental and conflicting requirements: the need for
depth to accurately detect anomalies and events, and the
need for efficiency on power-limited edge hardware. By
sharing computation through common backbones and at-
taching task-specific heads, EARTHSIGHT minimizes total
evaluation cost without sacrificing representational capacity.
This approach amortizes backbone costs while maintaining
features present only in deeper layers, yielding determinis-
tic latency and a small footprint, key properties for Orbital
Edge Computing tasks.

EARTHSIGHT supports multi-task models that follow the
standard paradigm of a shared backbone and task-specific
heads (Figure 3). A model maps input image x to mul-
tiple outputs {y:|t € T}, where T denotes the tasks that
the model supports. However, EARTHSIGHT introduces
two distinct architectural modifications compared to conven-
tional Earth observation multi-task networks (e.g., Daroya
et al. (2024)).

Task #1
( _head 7 Object D

=
Shared feature extractor —————————— D
A !}%ﬁ ——
Task #2
o DD_D_DDD ("ead 7
| D

etection
TN

Vessel type
Classification
AP

Type : Container

Figure 3. EARTHSIGHT’s multi-task model architecture. A shared
backbone processes the input image to produce a latent representa-
tion, which is used by lightweight, task-specific heads to perform
heterogeneous tasks such as classification.

First, while standard multi-task models execute a single
monolithic forward pass to evaluate all heads simultane-
ously, EARTHSIGHT architecturally decouples head execu-
tion. The computational graph is structured so the runtime
can extract the latent representation z via fyackbone (Z) = 2,
and then conditionally and sparsely evaluate only the re-
quired task heads f{,,,(2) = y: based on the dynamic sched-
ule. This lightweight design allows multiple tasks to share
core feature computations while preserving task-level spe-
cialization, striking a balance between memory efficiency,
task-specific performance, and limited satellite resources.

Second, rather than forcing all tasks onto a single backbone,
EARTHSIGHT partitions tasks into domain-specific clusters,
assigning a dedicated EfficientNet backbone to each group,
coupled with lightweight multi-layer perceptrons as pre-
diction heads. The architecture reflects real-world satellite
needs as the relevant features to analyze at maritime versus
in desert terrain exhibit strong intra-group similarity but
have little interaction between groups. This clustering al-
lows the backbone to capture generalizable features within a
domain, while keeping model sizes small enough to fit edge
Al accelerators. Attempting to merge these heterogeneous
domains into a single monolithic model would either un-
derutilize shared representations or exceed satellite memory
limits (Zhang et al., 2018).

In designing this architecture, we also considered several al-
ternatives but found them less suitable for Earth-observation
workloads. Early-exit mechanisms (Teerapittayanon et al.,
2017) incur the memory overhead of loading the full back-
bone, while at the same time miss deeper, fine-grained
features and exhibiting highly variable latency. Similarly,
Mixture-of-Depths models (Raposo et al., 2024) introduce
storage and runtime decision overheads without overlap-
ping compute. Among the available model frameworks, we
found multi-task learning to be the most effective at achiev-
ing model depth in an efficient way. Section 5 discusses
further alternatives for model-level optimization.

EARTHSIGHT is designed for scenarios in which multiple
tasks are performed on each input image. By overlapping
backbone computations across tasks, the multi-task architec-
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ture maximizes inference throughput relative to single-task
deployments. Single-task models are naturally supported as
a special case of the multi-task framework, showcasing the
flexibility and scalability of EARTHSIGHT. Furthermore, the
modular design simplifies how EARTHSIGHT handles new
tasks, presenting operators with four options: (1) reusing
an existing, compatible backbone, (2) adding the task stand-
alone, (3) fine-tuning backbones and heads offline without
re-clustering, or (4) re-clustering and training new back-
bones. Options 1 and 2 allow for immediate deployment,
while 3 and 4 can be prepared in the background for op-
timized performance. EARTHSIGHT s modularity enables
lightweight uplinks of new task heads without transmitting
full backbone parameters, addressing bandwidth limitations.

3.2 Scheduler at the Ground Station

The EARTHSIGHT scheduler, resident on the ground sta-
tion, orchestrates all information required for the satellite
runtime to dynamically route inference tasks and prioritize
imagery. This includes auxiliary metadata such as updated
model weights, task-specific success probabilities, and the
precomputed task schedule. Offloading this decision logic
on the ground allows EARTHSIGHT to leverage abundant
compute and memory resources, which are infeasible on
power- and compute-constrained nanosatellite.

Query-driven framework. EARTHSIGHT adopts a query-
centric design where downstream applications define task
requirements in terms of latency sensitivity and image selec-
tion criteria. Some high-priority queries (e.g., Planet’s Task-
ing Product (Planet Labs Inc., 2025b)) demand immediate
downlink of specific regions, bypassing onboard inference.
Others, such as segmentation or classification tasks, require
onboard processing to reduce bandwidth usage while still
enabling timely decision-making. For latency-sensitive in-
ference tasks, the scheduler is designed to minimize total
computation while prioritizing correctness: it is preferable
to occasionally transmit unimportant images (false positives)
than to delay or omit critical data (false negatives).

To formalize this, EARTHSIGHT adapts the boolean query
syntax introduced by Tao et al. (2024). While Serval for-
mulates user queries as logical expressions over visual at-
tributes (e.g., “cloud-free AND ship present AND ship is
military”) within an Area of Interest (AOI) primarily to bifur-
cate static and dynamic filtering tasks, EARTHSIGHT retains
this foundational logical structure but significantly extends
the interface to support distributed, multi-task orchestration.
Specifically, we augment each query with a priority level
p € {1,2,3,4,5}. This adaptation allows the ground station
to aggregate overlapping logical conditions from multiple
downstream applications and compile them into a unified
execution schedule that encodes task selection, dynamic
priority thresholds, model updates, and expected filter odds.

Look-ahead simulation. Given the temporal variability
of downlink windows and bandwidth distribution across
satellites, EARTHSIGHT integrates a look-ahead simulator
at the ground station. This simulator predicts satellite be-
havior, anticipated data volume, and the prioritization of
bytes transmitted per downlink window. Priority-weighted
byte counts account for the probabilistic nature of image
importance; for instance, a S0KB image with a 10% chance
of being each priority contributes 10KB to each priority bin.
To address potential misclassifications by onboard filters, an
intermediate priority level peompute 1s introduced between
priorities p = 1 and p = 2. Images processed onboard but
rejected are transmitted within this level, ensuring they are
delivered before guaranteed low-priority content.

The simulator also computes two key quantities for each
satellite: the lowest priority threshold p* for which all
images above it can be transmitted in the next downlink
window, and the rejection rate Treject = W,
which quantifies the proportion of computed images deprior-
itized to guarantee timely delivery of higher-priority content.
Because satellites may have hours between contacts, this
look-ahead analysis is crucial to guarantee responsiveness
for time-sensitive tasks. When ground-truth information
becomes available, the simulation is adjusted accordingly,
and the resulting changes are propagated through the system.
Although this update process is computationally expensive,
our Python implementation is optimized to perform simula-
tions spanning several hours in O(minutes).

Schedule generation. Upon contact, satellites request an
updated task schedule. The ground station maps the satel-
lite’s planned capture locations to the set of queries whose
AOIs intersect each image using an off-the-shelf R-tree in-
dex, which bounds AOIs in rectangular extents for efficient
spatial search. For each image, it joins the filtering crite-
ria of retrieved queries to constructs a Disjunctive Normal
Form (DNF) formula encoding the conditions under which
the image exceeds the computed threshold p*.

In addition, the ground station maintains up-to-date filter
success probabilities and lightweight model weight updates,
derived from historical datasets (e.g., weather, incident re-
ports) or prior inference results. This provides partial, prob-
abilistic hints about the contents of each image to the satel-
lite runtime, in the form of task schedules, filter success
probabilities, and lightweight model updates. This enables
the onboard runtime to make dynamic, context-aware deci-
sions, performing inference only when necessary to priori-
tize images efficiently within the satellite’s tight compute
and power constraints. This coordination between ground
and orbit showcases EARTHSIGHT’s distributed decision
framework, allowing near-optimal image prioritization un-
der tight compute, power, and bandwidth constraints.
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3.3 In-Orbit Satellite Runtime

The satellite runtime is responsible for executing prioritiza-
tion tasks efficiently while maintaining high decision quality.
Once an image is captured that requires inference according
to the ground-generated inference schedule (Section 3.2),
the in-orbit runtime iteratively evaluates filters until the
image is prioritized. Within EARTHSIGHT’s distributed
framework, this runtime forms the onboard inference layer,
complementing ground-side scheduling. The ground sched-
uler provides a predictive execution plan that balances utility
and resource constraints across satellites, while the onboard
runtime refines these decisions dynamically using real-time
power and inference outcomes. This co-design ensures that
satellite-side decisions have hints from ground stations thus
can remain locally optimal yet globally consistent, connect-
ing onboard adaptivity to the distributed scheduling policy.

Adaptive Prioritization Policy. To manage limited on-
board resources, the runtime employs adaptive upper (o)
and fixed lower () confidence thresholds that guide priority
decisions based on current power and target rejection rates.
Filter execution order is dynamic based on a utility function
(Equation 4), balancing speed, informativeness, and correct-
ness. Progress toward a prioritization decision is tracked
using a confidence score (Equation 5), estimating the proba-
bility that the image satisfies the prioritization criteria given
the filters executed so far.

Images are assigned priority peompute if the likelihood of
satisfying their formula is below 3, and the maximum prior-
ity of a remaining term if that likelihood exceeds «.. Because
the cost of incorrectly rejecting a valuable image is high, 3
is fixed to a small value, while « is dynamically adjusted at
runtime. Specifically, o evolves according to:

Qp = Il’lil’l(l7 a1+ M (Tpower,t - 1) + A2 (T'dep,t - Trejec[)) (1

where o is the threshold at time ¢; A1, A2 are tuning pa-
rameters; Tpower,¢ 1S the ratio of current to target power level
(set to 70% of maximum charge); rgep,; is the fraction of
computed images identified as low-priority); Trejec 1S the
target rejection rate from Section 3.2, and min(1, -) caps «
at 1. This adaptive threshold allows the satellite to relax its
selectivity when power is scarce or bandwidth is limited,
ensuring robust operation across varying conditions.

Utility-Driven Filter Ordering for Early Rejection. To
reduce onboard computation, the runtime aims to reject
unpromising images early by dynamically ordering filters
according to their expected utility. Each filter f; has an as-
sociated time cost ¢( f;) and likelihood of evaluating true p;.
To incorporate multi-task models, we define b; as the shared
computational backbone (e.g., a neural network feature ex-
tractor) required by f;. Let t(b;) be the cost of executing
this backbone. The effective execution time is:

tost (f1, €) = {t(fi% b € Eorb =0

t(fi) + t(B(f:)), otherwise @)

where £ denotes the current execution state.

The overall goal is to find an execution policy 7* that deter-
mines the sequence of filters to evaluate for each image to
minimize the expected total execution cost required to reach
a decision boundary. The objective is to find the policy 7*
that minimizes:

K
E[C(m)] =E | tear(f(3),E-1) 3)
j=1

where K is the number of filters evaluated before the confi-
dence exits [, ).

Finding the optimal policy 7* is an instance of the Stochas-
tic Boolean Function Evaluation (SBFE) problem, which is
NP-hard (see Section 5). Exact methods would take years
per image and are thus computationally intractable for real-
time operations. We overcome this via a greedy strategy that,
at each step, selects the filter maximizing the immediate in-
formation gain per unit of execution time to approximate
Equation 3, as is typical for submodular optimization prob-
lems such as SFBE (Golovin & Krause, 2011).

Utility Function. The utility of a filter f; given a partial
execution state £ is:
(1= p) o, -
Uy(fi, €) = —— Lo T2 4)
ofi:€) te (fin €)

where p; is the pass probability, tpr; is the true positive rate,
and n; is the number of DNF terms containing f;. Filters
with higher Uy, are executed earlier, improving early rejec-
tion efficiency while maintaining correctness. Our utility
function offers a middle ground between static or naive or-
dering strategies, which miss opportunities for improving
efficiency, and more complex methods like meta-heuristic
search that introduce substantial computational overhead.

Confidence and DNF Completion. Given execution state
£, the probability that an image satisfies its prioritization
formula is:

Co(&)=1-]] 1= P(T,8)), (5)

Teg
where each term 7" contributes

> 3f e Tst €[f] = False,
HfETu pf, otherwise

Pr.e) - { ®)

and T,, = T \ & is the set of unevaluated filters. The
confidence accounts for both known failures and statistical
predictions about unevaluated filters. If any term is fully
satisfied, the image is accepted early. Otherwise, processing
continues until the image is prioritized.
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Figure 4. Timing diagrams illustrating filter execution strategies on a CPU-xPU system: (a) Serval’s (baseline) sequential execution (Tao
et al., 2024), (b) Pipelined baseline with overlapped loading, (c) EARTHSIGHT with predictive filter selection and loading, and (d)
EARTHSIGHT with a filter misprediction. The phases represent Filter Selection (runtime scheduling), Filter Loading (CPU model
preparation), Filter Execution (xPU inference), and Communication Overhead (CPU-xPU coordination).

Execution Strategy. At each iteration, the filter with the
greatest utility Uy(f;, &) is executed, and the execution
state £ is updated. If for each term, at least one filter returns
False, the image is immediately marked with priority
Deompute (s€€ Section 3.2), and no further filters are pro-
cessed. If all filters in a term of ¢ return True, the image
is annotated with the highest priority of a satisfied term.

EARTHSIGHT decouples correctness from efficiency. While
the utility heuristic relies on probabilistic priors (p;),
EARTHSIGHT is structurally insulated from estimation er-
rors. Because the lower confidence threshold (/3) is fixed,
the runtime never rejects an image probabilistically; demo-
tion to the Peompute tier strictly requires the DNF formula
to evaluate to False. Conversely, inaccurate priors can
only inflate confidence past the dynamic upper threshold
(o), causing a false positive. Thus, probability drift grace-
fully degrades execution latency and bandwidth efficiency
rather than causing critical data loss, preserving strict logical
correctness for negative evaluations.

Finally, the onboard runtime periodically reports teleme-
try statistics, such as effective rejection ratios, average oy
adjustments, and compute utilization, back to the ground
scheduler at downlink. These aggregated metrics allow the
ground station to recalibrate model success probabilities
and update the look-ahead simulator, thereby refining the
next round of scheduling decisions. This feedback loop com-
pletes EARTHSIGHT ’s distributed decision framework: the
ground optimizes long-horizon coarse policy, while offer-
ing hints to the satellites to enact and locally adapt those
policies in real time in a fine grained manner per satellite,
Jjointly achieving efficient, responsive, and globally consis-
tent image prioritization across the constellation.

3.4 Mitigating the Overhead of EARTHSIGHT

While EARTHSIGHT’s runtime introduces adaptability and
responsiveness, it also incurs computational and com-
munication overhead relative to prior proposed static
pipelines (Tao et al., 2024; Denby & Lucia, 2020). To
maintain efficiency, we employ two optimizations: compact
schedule representation and pipelined CPU-xPU execution.

Schedule Compression. Each image corresponds to a
DNF formula ¢, but storing all formulas individually is
impractical, e.g., 45 images per minute for 6 hours yields
over 16,000 formulas. In practice, the number of unique
formulas for one satellite over six hours is small (typically
< 256). Leveraging this insight, we compress the schedule
by first identifying the unique set of filters, ®pnique. We
then construct a lookup table that indexes these formulas
from 1 to |®ynique|. using a single byte per entry. The
complete schedule S = ¢1, @2, ... is thus encoded as a
lookup table followed by the sequence of 1-byte indices,
yielding an average compression of ~ 25X. As a result of
these optimizations, the network overhead for distributed
coordination is less than 0.1%, when compared with the
> 200GB of daily image downlink volume.

Pipelined Runtime and Filter Execution. EARTH-
SIGHT runs models on a satellite xPU (e.g., GPU or TPU)
while coordinating decision logic on the CPU. To minimize
latency, we pipeline CPU-side preparation with xPU-side
execution: while the accelerator evaluates the current filter
Fy., the CPU prepares the next likely filter Fj ;. When Fj,
is long-running, the CPU speculatively prefetches alternate
filters (FP', F" ), hiding decision latency even under
mispredictions (Figure 4). This overlap ensures continuous
hardware utilization and reduces idle time.

Collectively, schedule compression and pipelined execution
enable the EARTHSIGHT to meet throughput and latency
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Table 1. Datasets Used for Model Evaluation

Table 2. Edge Al Coprocessor Specifications

Task Dataset Resolution # Classes  Collection Source Speciﬁcation Google TPU NVIDIA GPU
. EuroSAT ~10m 10 Sentinel-2 satellite FLOPs 4 TOPS (INT8) 40 TOPS (INT8)
Clas:g‘f:tion ADVANCE 0.5m 13 Google Earth Engine Processor Coral Edge TPU Jetson AGX Orin Nano
PatternNet Varies 38 Google Earth Engine CPU Quad-core Arm A53  6-core Arm A78AE
X LandCover.ai 25-50cm 3 Aerial Photography (Poland) Memory é GB LPI](D DR4 8 GB %PDDRS
Sei;nn:‘flrt]:t?on LoveDA 0.3m 7 Google Earth Engine Power w (pea ) TW - ISW
DeepGlobe LC  50cm 7 DigitalGlobe Nanosatellites

goals at scale, allowing each satellite to adaptively priori-
tize images in concert with the global inference schedule.

4 EVALUATION AND RESULTS

EARTHSIGHT’s performance as a distributed decision frame-
work for scalable, low-latency satellite intelligence is eval-
uated using real hardware measurements and trace-driven
constellation-scale simulations, consistent with all related
prior work (Tao et al., 2024; Denby et al., 2023; Vasisht
etal., 2021; Yang et al., 2024). Specifically, we deploy the
in-orbit runtime on off-the-shelf accelerators, Coral Edge
TPU (Coral, 2019) and Jetson AGX Orin GPU (Karum-
bunathan, 2022), to obtain empirical inference times and
power profiles. These metrics are then integrated into our
simulation framework to model end-to-end latency across
an entire satellite constellation.

4.1 Real-world Scenarios and Multi-task Datasets

Scenarios Evaluated. To analyze the performance of our
system, we use three real-world application scenarios as
benchmarks. See Appendix B for detailed descriptions,
prioritization, and image samples. Natural Disaster Mon-
itoring concerns early warning and impact assessments
for floods, wildfires, and earthquakes. The Intelligence
scenario constitutes strategic awareness of maritime and
aerial activities in geopolitically significant regions, includ-
ing vessel classification and disambiguating military and
commercial traffic. The Urban Earth Observation sce-
nario is a comprehensive monitoring framework for major
global cities, integrating disaster (e.g., urban flooding, build-
ing integrity, environmental change) and security elements
tailored to city-specific risks.

Multi-task Models. As part of these scenario evaluations,
we assess EARTHSIGHT’s ability to support multi-task in-
ference, analyzing trade-offs between memory footprint
and prediction accuracy across configurations. The evalu-
ated models are trained on representative datasets spanning
our three application scenarios using three classification
and three segmentation datasets, including EuroSAT, AD-
VANCE, and PatternNet (Boguszewski et al., 2022; Helber
et al., 2019; Zhou et al., 2018). Dataset details are summa-
rized in Table 1.

4.2 Evaluation Setup

Hardware Platforms. We evaluate our system using two
distinct edge Al coprocessors: the Google Coral Edge TPU
and the NVIDIA Jetson AGX Orin Nano GPU (Table 2).
The Coral delivers a consistent 4 TOPS while consuming
only ~2W (Coral, 2019). It functions as a simple, near-
instant-on peripheral, making it ideal for low-power, inter-
mittent tasks. The Jetson AGX Orin Nano is a full-featured
System-on-Module with Ampere architecture, offering up
to 40 TOPS with a configurable power budget starting at
7W (Karumbunathan, 2022). These coprocessors are widely
used OEC accelerators across industry, government, and
academia, including NASA, Spire, Planet, Lockheed Mar-
tin, Sidus Space, and others (Goodwill et al., 2021; Alarcon,
2020; Jewett, 2024; Agiiera y Arcas et al., 2025; Lorenzo Di-
ana, 2024).

Simulating the Satellite Constellation. We verify our
results at scale using a Python-based simulator that extends
the validated open-source framework from prior work (Tao
et al., 2024). To model EARTHSIGHT’s distributed execu-
tion, we add modules for look-ahead simulation, scheduling,
schedule execution, query processing. Our modifications
are limited to the control logic governing inference behavior
and do not alter underlying mechanics, ensuring the fidelity
of our results.

To evaluate constellation-wide performance, our simulation
framework bridges empirical hardware profiling with or-
bital modeling. Specifically, we execute the filter models on
physical Edge TPU and GPU hardware to measure the exact
inference latencies and active power draw. We then inject
these hardware profiles into the constellation simulator. The
simulator tracks the total energy consumed by multiplying
the empirically measured hardware power by the simulated
workload. Concurrently, the simulator models the satellite’s
power generation based on solar panel exposure during or-
bit using SGP4 propagation. By reconciling the physical
consumption metrics with the simulated power generation,
we can accurately derive systemic metrics such as the per-
centage of total generated power consumed by the compute
payload (Table 3) and image delivery latency.

Although our trace-driven simulation methodology cannot
model all potential effects of the space environment, such
as thermal properties or radiation effects, we note that it is
the predominant methodology in all OEC literature (Vasisht
et al., 2021; Denby & Lucia, 2020; Denby et al., 2023;
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Figure 5. Classification: Model size vs. Top-1 accuracy, across
single-task and multi-task configurations. The model names fol-
low the pattern {model type }-{EfficientNet variant}-{ N }, where
layers 1: N comprise the backbone.

Tao et al., 2024; Yang et al., 2024), due to the difficulty of
deploying a constellation of satellites.

Satellite trajectory and transmission. Orbits are com-
puted using Two-line-Element descriptors for satellites and
propagated using the SGP4 algorithm. Satellites generate
power with their solar panels, and power is consumed by the
ADACS (control system), camera, receiver, and transmitter.
Bandwidth is allocated using the maximum weight indepen-
dent set algorithm (Zhao et al., 2019), though we found that
the choice of routing algorithm negligibly affects latency,
provided it is fair. Scheduling and schedule execution take
place as described in Sections 3.2 and 3.3.

Baseline. We use SERVAL as the baseline (Tao et al.,
2024), referred so in the entire evaluation. We apply the
pipeline from Figure 4(b) where (1) ground stations com-
municate the queries, but not a computational schedule like
EARTHSIGHT, (2) when an image is collected in a region
relevant to the queries, the satellite executes the models rele-
vant to those queries. If a query is true, the image is marked
as high priority without further inference. If one filter in a
term fails, that term’s remaining filters are skipped. Unlike
our dynamic approach, the baseline (SERVAL) processes
filters statically in order of execution time.

4.3 Multi-Task Model Evaluation

EARTHSIGHT’s multi-task models dramatically reduce the
memory and compute footprint for tasks groups while pre-
serving classification performance, showing that parameter
sharing is an effective strategy to reduce computational load
on edge devices without degrading accuracy.

Figure 5 presents the trade-off between the memory foot-
print and performance metrics when comparing multiple
single-task models with their multi-task counterpart. For
classification, the pareto-optimal multi-task configuration
cuts memory use by 55.7% with under 0.5% accuracy drop,
indicating that merging related single-task models into a

60
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g
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Figure 6. 90th percentile tail latency, measured from first ground
contact, for high-priority images (p > 2) across different scenarios.

unified multi-task model preserves model performance. As
the backbone grows larger relative to the prediction head,
the savings in compute and memory increase, but prediction
accuracy suffers as the head has lesser depth to adapt the
shared features into the task-specific output. The results for
segmentation tasks are similar (Appendix D); however, their
dense nature demands deeper heads than classification.

4.4 End-to-End Results

We show EARTHSIGHT’s globally-aware scheduling with
local adaption alleviates the computational bottleneck for
prioritizing images, and reduces high-priority image latency
across our three different scenarios.

4.4.1 End-to-End Latency

The ultimate goal of EARTHSIGHT’s optimized orchestra-
tion is to improve the timely delivery of valuable images.
Figure 6 shows the 90th percentile tail latency for high-
priority images, measured from the first ground contact
made by a satellite after capturing the image, to when the
image is downlinked. We compare the baseline, SERVAL,
with EARTHSIGHT using single-task (ST) and multi-task
(MT) models with both Coral and Jetson as accelerators.

Performance under High Compute Load (Intelligence
Monitoring, Urban Monitoring). In scenarios character-
ized by extensive land coverage, a greater number of queries
per image, and thus high computational demand, EARTH-
SIGHT demonstrates significant advantages. As shown in
Figure 6, all EARTHSIGHT variants substantially reduce tail
latency for high-priority images compared to the baseline.
For instance, EARTHSIGHT MT using Coral shows a reduc-
tion in P90 from 47 to 21 minutes relative to baseline, and
51 to 21 minutes for the Urban Monitoring scenario. This
improvement stems from EARTHSIGHT’s ability to quickly
prioritize images and manage the compute queue effectively.
The baseline struggles particularly in the Urban scenario
when numerous compute-intensive images are captured near
ground stations; these images get placed at the rear of the
processing queue and miss the downlink window despite
their potential value. EARTHSIGHT mitigates this through
intelligent processing that nearly eliminates fall-back on
first-in first-out image downlink for high-priority images.



EARTHSIGHT: A Distributed Framework for Low-Latency Satellite Intelligence

Table 3. Mean Percentage of Generated Power Consumed by Com-
pute during first 6 Hours of Operation.

Approach TPU (%) GPU (%)
Baseline 27.95 171.96
EARTHSIGHT ST 11.11 69.46
EARTHSIGHT MT 8.91 61.49

Table 4. Mean and Standard Deviation of Image Prioritization
Time (seconds). This benchmarks the filter ordering and pipelining
efficiency. Lower is better.

Platform  Approach Mean (s) Speedup o (s)
Baseline 2.46 1x 095
Jetson EARTHSIGHT ST 1.86 1.32x  0.93
EARTHSIGHT MT 1.33 1.85x 0.58
Baseline 7.82 1x 3.00
Coral EARTHSIGHT ST 5.86 1.33x 293
EARTHSIGHT MT 4.15 1.88x 1.84

Performance under Lower Compute Load (Natural Dis-
aster Scenario). In the Natural Disaster scenario (See
Figure 6), the inference workload is lower due to the rela-
tive rarity of natural disasters and ease of identification, i.e.,
smaller models are sufficient for high precision and recall.
Thus, despite the large surface area to scan for natural disas-
ters, even the baseline processes most frames successfully,
limiting EARTHSIGHT’s latency improvement. However,
as encountering natural disaster images is very rare, the
dynamic threshold « is low as only a small percentage of
the available bandwidth is used for high-priority images.
Because of this, EARTHSIGHT provides computational and
power savings, as shown in Table 3. Smarter computation
limits energy consumption, which facilitates preparedness
in case of sudden increases in load and reduces the bat-
tery depth of discharge, a critical component of satellite
longevity (Macambira et al., 2022).

4.4.2 EARTHSIGHT s Image Prioritization

EARTHSIGHT accelerates priority assignment to reduce
computational load. We measure the time taken from image
capture to priority scoring, for images relevant to active
queries, measuring the efficiency of EARTHSIGHT’s filter
ordering and pipelining mechanisms. Further analysis of the
scheduler’s behavior and theoretical properties is presented
in Appendix E.

Table 4 presents the average time per image required for
prioritization by Single-Task (ST) and Multi-Task (MT) ver-
sions of EARTHSIGHT compared to the baseline. EARTH-
SIGHT significantly reduces the mean processing time per
image, with the multi-task variant achieving the highest
speedup, a reduction in average prioritization time by ap-
proximately 1.85x on Jetson and 1.9x on Coral compared
to the baseline. This shows optimized evaluation order and

Table 5. Average evaluation time per image, with Coral coproces-
sor, on a synthetic suite of 2473 formulas. Lower is better.

Method Mean Time (s) Median Time (s)
EARTHSIGHT MT 2.13 1.95
Exact Solution 1.98 1.95

avoidance of redundant inference reduce the computational
demands of onboard prioritization. The lower standard de-
viation observed for EARTHSIGHT MT also suggests more
consistent processing performance.

Comparison with Exact Method. Our scheduling pol-
icy provides a greedy, approximate solution to minimizing
Equation 3. To assess this approximation, we compare it
against the exact (exponential-time) optimal solution.

While exact solutions are tractable up to ~15 filters, scaling
to 60 requires roughly a day of compute per formula, despite
needing to take milliseconds for effective edge deployment.
Thus, we construct a synthetic suite of 2,473 formulas by
truncating queries from our three scenarios to contain at
most 15 filters. On this benchmark, EARTHSIGHT achieves
a relative error of only 7.5% in mean prioritization time
compared to the exact method (Table 5). The median times
for both approaches are identical, indicating our greedy
heuristic aligns with the optimal choice in most cases.

Although verifying the performance of our filter ordering al-
gorithm relative to the exact solution is not possible beyond
15 filters due to computational intractability, we expect our
approximation quality to remain in dense quality workloads.
From a theoretical perspective, Appendix E demonstrates
our utility heuristic is monotone and adaptively submodu-
lar, and achieves an expected coverage of at least (1 — %)
the optimal policy within the same onboard budget. It is
also typical for approximation quality to improve as the
search space grows due to an the increase in near-optimal
solutions (Golovin & Krause, 2011). Empirically, we saw
no performance degradation when scaling from N = 5 to
N = 15 queries. Irrespective of approximation closeness,
EARTHSIGHT still delivers significant improvements over
baseline in dense settings (Table 4).

4.4.3 Ablation Studies

‘We conduct ablation studies on the Urban Monitoring sce-
nario to isolate the contribution of key components.

System Components. Figure 7 compares the full EARTH-
SIGHT system against baseline and reduced variants where
individual components, optimized filter ordering, ground
scheduler integration, and dynamic thresholding, are re-
moved. Each component contributes to lowering the latency
for high-priority data, with the full EARTHSIGHT configura-
tion achieving the lowest latency across all tasks.
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Table 6. Comparison of Mean and Py Latency for static and dy-
namic priority thresholds.

Threshold Dynamic 0.2 0.3 0.4 0.5

Mean Latency (s) 7.0 119 7.6 85 103
Pyo Latency (s) 20.0 447 21.1 284 412

Dynamic Scheduling. To show the power of the in-orbit
runtime’s local adaptation, we evaluate the effectiveness of
the dynamic priority threshold oo compared to static thresh-
olds. Table 6 reveals EARTHSIGHT consistently outper-
forms all fixed thresholds in mean and P90 latency. The
operational context of the satellite is constantly changing.
Static thresholds are highly sensitive to operational context:
if o is set too low, too many low-value images are flagged as
high priority, overloading the downlink; if too high, exces-
sive onboard computation delays genuine high-priority data.
By contrast, the dynamic threshold adjusts continuously
based on power availability and rejection ratio, maintaining
a better balance and yielding lower latency for critical data.

Model Precision and Recall. We assess how model accu-
racy affects latency by varying precision/recall while keep-
ing inference time fixed. Table 7 shows that as model ac-
curacy falls, both the overall prioritization quality and the
percentage of high-priority images sent in the first available
downlink slot decline, with modest increases in P90 and P95
tail latencies. Median latency (P50) remains stable as most
high-priority images are still correctly prioritized. More se-
vere degradation of tail latency is prevented by the separate
priority tier peompute Which expedites potentially misclassi-
fied images over guaranteed negatives, highlighting system
resilience to imperfect model performance.

Robustness under Filter Probability Drift. EarthSight
is explicitly designed for anomaly discovery, making it re-
silient to uncertain events. We validated EARTHSIGHT’s re-
silience through perturbing filter pass-probability priors with
varying strengths of Gaussian noise (o). Results on EARTH-
SIGHT Multi-Task (Jetson) indicate that even with signifi-
cant noise, performance degradation is mild. As shown in
Table 8, latency never exceeds the EARTHSIGHTSsingle-task
no-noise baseline (1.9s) or the standard baseline (2.6s), as
the utility function continues to select accurate, fast models

Table 7. System metrics when varying model accuracy while hold-
ing inference time constant.

Model Priority % High-Pri Latency (mins)
Acc. Acc. Sent First P50 P90 P95
1.00 1.00 98% 7 19 34
0.95 0.97 95% 7 21 61
0.90 0.93 88% 8 24 66
0.80 0.83 83% 8 28 76
0.60 0.70 73% 10 36 90

on average. Estimation errors result only in suboptimal exe-
cution order rather than system failure and dropped images.

Table 8. Prioritization latency statistics (in seconds) under varying
Gaussian noise levels (o).

Noise (c) Mean Median Std Min Max
0.00 1.33 1.04 052 0.64 298
0.01 1.44 1.28 0.60 0.64 3.62
0.05 1.53 1.24 0.65 0.64 430
0.10 1.55 1.30 0.64 0.64 4.17
0.20 1.60 1.34 0.66 0.64 4.47
0.50 1.59 1.34 0.67 0.64 4.60

5 RELATED WORK

Efficient Machine Learning on the Edge. Prior research
addresses edge constraints through model compression tech-
niques such as knowledge distillation (Gou et al., 2020),
model pruning (Zhang et al., 2022; Wang et al., 2023), and
weight sharing (Cai et al., 2020). While these are shown
effective in real-time settings such as video analysis and
fire detection (Tamire & Kim, 2023; Jangirova et al., 2025),
dynamic execution strategies often prove less effective for
complex anomaly detection. Early-exit mechanisms (Teer-
apittayanon et al., 2017) incur the memory overhead of load-
ing the full backbone, miss deeper, fine-grained features,
and have variable latency. Similarly, Mixture-of-Depths
models (Raposo et al., 2024) introduce storage and run-
time decision overheads without overlapping compute. For
EARTHSIGHT, these overheads outweigh the marginal ac-
curacy gains (0.5-1.0%) found in Figure 5.

Dynamic Scheduling for Satellites. OEC was introduced
in (Denby & Lucia, 2020) to discard cloudy images identi-
fied through onboard compute. KODAN (Denby et al., 2023)
incorporates power availability and geographic location to
dynamically trade off execution time for cloud discard and
maximize data value density. PHOENIX (Liu et al., 2024)
schedules inference on sunlit satellites, using inter-satellite
links to optimize battery usage across the entire constel-
lation. FEDSPACE (So et al., 2022) schedules federated
aggregation based on satellite availability to minimize gra-
dient staleness. ORBITCHAIN (Li et al., 2025) distributes
compute across multiple satellites on the same orbital track,
relying on a theoretical shared-track topology and lacking
scale analysis for complex scenarios. These approaches
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generally address single-task models and do not consider
large, multi-purpose constellations.

Distributing Computation across Ground and Space.
Hybrid ground-space architectures exploit inexpensive
ground computation. ADAEO (Yang et al., 2024) and
SERVAL (Tao et al., 2024) bifurcate queries between the
ground stations and satellites, combining prior information
with onboard machine learning to determine image utility.
This utility informs dynamic image compression and image
downlink ordering. We improve on SERVAL with global
context at the ground with local adaptation at the satellite,
enabling EARTHSIGHT to scale to multi-purpose, global
scenarios.

Stochastic Boolean Function Evaluation. The problem
our satellite runtime addresses is an NP-hard optimization
problem known as Stochastic Boolean Function Evaluation
(SBFE) (Deshpande et al., 2016). The objective is to find an
evaluation policy that minimizes the expected cost required
to determine the truth value of a Boolean function. The
outcome of each test (filter) is not known until the cost of
running it has been paid. Exact methods based on dynamic
programming or value iteration exist but have exponential
runtime in the number of tests, rendering them intractable.
Therefore, we use an approximate solution with a submodu-
lar cost-benefit heuristic, a common approach that iteratively
selects the next test that maximizes objective progress per
unit of cost (Golovin & Krause, 2011). While greedy strate-
gies do not guarantee optimality, they have been shown to
provide robust empirical performance.

6 CONCLUSION

In this work, we show that low-latency, scalable orbital an-
alytics is a distributing scheduling problem that requires
co-design of globally-aware on-ground planning with adap-
tive in-orbit execution to conserve limited onboard energy
and bandwidth and support diverse real-time scenarios.

Our results reveal EARTHSIGHT’s distributed decision
framework can yield substantial improvements to per-image
processing time, power utilization, and end-to-end latency
for critical images. EARTHSIGHT easily generalizes to dif-
ferent scenarios and can incorporate auxiliary information
from different sources to inform scheduling decisions.

Future work in satellite edge computing may explore mixed-
precision frameworks for neural analysis of images or ana-
lytics with different stopping points that intelligent runtimes
can use to further scale analytical abilities.

Availability

We open-source EARTHSIGHT. Our results are reproducible
with reasonable computational requirements. Please refer to
Appendix A.
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