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components. Convolutional Neural Networks (CNNs)
are typically used for such operations by running
on-board models directly on satellite systems.

i

|

|

|

|

|

|

' @

I -
However, a new neural network architecture, known 3 |
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context. One main issue of deploying systems with
such capabillities is resource allocation. One solution
IS to run models on a Low-SWaP system; however,
this results in inefficient performance. To enable
efficient ViT operations on Low-SWaP systems, the

model must be scaled down through quantization, mAP@| mAP@ Model Runtime
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Quantize a ViT to FP16 representation
Evaluate & Compare CNN and ViT performance
METHODS/RESOURCES

NVIDIA TensorRT SDK

ONNX Quantization

Quantize/Dequantize (Q/DQ) Node Insertion
YOLOVS Repository

NVIDIA Jetson AGX Orin

Dr. White’'s NEural TransmissionS (NETS) Lab
GPU servers
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FUTURE WORK

e Achieve true 8-, 4-, 2-, and 1-bit representations of
ViTs for orbital object detection tasks
e Efficient satellite component object detection for:
o Diagnosing broken components
o Docking onto satellites
o ldentifying space debris
e Further analysis of CNN vs VIT comparisons
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