


EARTHSIGHT: A Distributed Framework for Low-Latency Satellite Intelligence
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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.






