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Abstract Optical pre-sensor computing is a technique involving information computation and processing in the optical
domain at the front end of photoelectric sensors. This encompasses computation paradigms such as encoding compression
and all-optical intelligent inference. It exhibits significant characteristics, such as computation during optical transmission
and structure-function correlation, making it widely applicable in the field of satellite remote sensing. This paper
introduces optical field modulation devices employed in pre-sensor computing, such as digital micromirror device (DMD),
liquid crystal spatial light modulator (I.C-SLLM), diffractive optical element (DOE), and metasurface. Subsequently, we
systematically review the pertinent technological advancements in pre-sensor encoding compression and all-optical
intelligent inference. Finally, the application pathways and future development trends of optical pre-sensor computing in
the field of satellite remote sensing are discussed.
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Fig. 14 Traditional optical remote sensing data on-orbit processing workflow
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Table 1 Complexity of typical deep learning models

Name Type Model size(#params) Model size /MB FLOPs /10’
AlexNet"*" CNN 60, 965, 224 233 0.7
VGG-16"" CNN 138, 357, 544 746(528) 15.5
ResNet50"" CNN 25, 610, 269 317(98) 4.1(3.9)
ViT-S/16"" Transformer 22, 100, 000 274(84) 4.6(4.1)
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Fig. 15 Optical pre-sensor computing-based optical remote sensing data processing workflow
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