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General Objectives and Use case

e Designing a deep learning pipeline optimized
for onboard processing with constrained
resources.

e Validating the pipeline on a FlatSat platform
that simulates realistic in-orbit conditions.

e Use case : Cloud segmentation using long
wave infrared (LWIR) data. Essential for night
time detection when no reflectance bands are
present.

e Application OroraTech’'s Forest satellites
constellation for wildfire detection
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e Randomly distributed across globe
e 50% average cloud cover
e Equally distributed cloud cover between months

Figure 1: Cloud Dataset Distribution
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Figure 2. Machine learning pipeline for deployment in orbit
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Figure 3: Prototype Flatsat Architecture
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Machine Learning Pipeline (Fig.2)

Creation of Training Dataset from existing
similar sensors (Table 1 - Fig. 1, 4)
Pre-train segmentation models on
sensors datasets (Table 2)

Apply Transfer learning to FOREST sat. LWIR
sensor data using limited labeled data.
Compile/compress models for limited capacity
hardware using special frameworks to reduce
inference time and memory usage (Table 3)
Self-supervised learning methods
combination with knowledge distillation,
planned for a second phase
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Table 1: Cloud Segmentation training dataset - 23411 images

Feature Group / Modality / Source / Sensor Resolution
Target Variable

Cloud Mask (Target) Algorithm or Manual 100m
LWIR B10-B11 band cloudy Landsat TIRS 100m
LWIR B10-B11 band clear Landsat TIRS 100m
Weather (Atm. Pressure, ERA 5 land 0.1°
Precipitation, Temp., Dew

Point)

DEM - Elevation NOAA ETOPO2v2 2
Land Use / Cover Copernicus 2019 100m

Table 2: Preliminary Cloud Segmentation Results (U-net with

resnet34)
Classes loU Recall Precision F1-score Pixel
Accuracy
Clear 0.83 0.92 0.89 0.91
Thin cloud 0.21 0.30 0.45 0.35 0.86
Cloud 0.74 0.84 0.86 0.85

Table 3: Preliminary Performance Evaluation of Inference
Optimization for onboard GPU (U-net light)

Framework Inference time F1-score Samples
(fps) (cloud)

Keras 0.03 0.684 1910

TensorRT 0.0003 0.684 1910

TensorRT 0.0003 0.681 1910

Quantization

100x faster inference - No performance loss
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FlatSat Hardware-in-the-Loop (Fig. 3)

Features:

e Built using open-source CubeSat architecture
Space-ROS

e Includes real components (e.g., embedded

GPU processor) and virtualized hardware for
flexibility.

e Mimics power constraints, interface protocols,
and thermal conditions.

Goals:

e Validate the deep learning cloud detection
pipeline under realistic hardware limitations
(Table 3)

e Ensure that the algorithm is mission-ready prior
to in-orbit deployment.
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