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1 Introduction

The capabilities of in-orbit assets to perform Earth sci-
ence has skyrocketed in recent years. New space providers
are deploying satellites that possess state-of-the-art multi-
and hyperspectral instruments along with processors that
raise the ceiling for onboard computation. CogniSAT-
6/HAMMER (CS-6) is one such spacecraft that has a
visible and near infrared range hyperspectral instrument
and neural network acceleration hardware, enabling ad-
vanced edge data analysis [7].

Analyzing data onboard serves several key functionali-
ties including rapid response to detected phenomena and
reducing data volume by identifying unusable data. The
former relies on inferring properties of a data acquisition.
Performing this computation at the edge is key to en-
abling new, time-sensitive measurements of rare Earth
phenomena. This realizes a key component of NASA’s
New Observing Strategies (NOS) program.

We focus on the development and deployment of on-
board algorithms to perform this inference for both spec-
tral signature detection and image analysis in the visi-
ble and near infrared spectral ranges. We target numer-
ous Earth science applications ranging from the detec-
tion of clouds and volcanic activity to flood and surface
water mapping as well as land-use classification. This
ongoing effort consists of composing datasets using auto-
mated labeling techniques, designing and implementing
algorithms within the constraints of flight hardware in-
cluding training machine learning models, validating in-
ference and execution, and a flight demonstration.

2 Approach

Spectral analysis is used for mineral and vegetation map-
ping; it includes common methods like spectral angle
mapper, match filters, and the Reed-Xiaoli anomaly de-
tector; as well as spectral unmixing using deep learning
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Figure 1: CNNs will be used for the onboard analysis of
many science events.

[2]. Image analysis consists of semantic segmentation us-
ing the U-Net [8] deep CNN architecture. The trained
models identify clouds, surface water extent (flooding),
thermal events (e.g., volcanoes, wildfires), and land sur-
face type (e.g., city, forest, water, cropland,...).

CS-6 data is limited due to its recent launch (March
2024). For spectral analysis, we leverage data from the
USGS spectral library [5]. Our image datasets are com-
posed of 190 scenes from the Menut satellite operated
by Open Cosmos and several hundred scenes from Plan-
etscope data. We use the red, blue, green, and near-
infrared bands from these data products. Using statistical
techniques, we derive a band mapping from specific CS-6
bands to equivalent Menut bands so that CS-6 inputs are
compatible with models trained on the latter.

We derive automated labeling techniques from the Haze
Optimized Transform method for clouds [9], Normalized
Difference Water Index method for surface water [4], band
thresholds for thermal activity [6], and ESA’s WorldCover
maps for land use [1].

Development begins with training of deep learning
models. These models are then tested on Myriad X Neu-
ral Compute Stick(s). Finally, the models are executed
on a flatsat testbed at Ubotica before upload and use
onboard CS-6.

3 Results and Conclusion

Leveraging edge computing for onboard data analysis is
an exciting new capability of Earth-observing assets that
opens the door for new Earth science [3]. We hope to
advance the technology readiness level of this capability
to enable deployment to future Earth-science missions.
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