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What is dToF?
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= Operating principle
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Problem #1: "Pile-Up" Distortion
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Reliance on large models is impractical for edge deployment
Hindrance of real-time inference on resource-limited hardware



Our Contributions

Enabling distortion-robust and efficient on-device deployment

= Key contribution #1: A new paradigm
= Shift from signal filtering to lightweight similarity learning

= Key contribution #2: Hardware-validated practicality
= Real-time inference at 106.27 fps on FPGA with a 57.61 KB model

= Key contribution #3: Demonstrated robustness
= Consistent accuracy under severe pile-up and reflectance changes



Why Siamese Network?
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= Nature of ToF estimation: Essentially a temporal similarity search
= Paradigm shift: From signal filtering to similarity learning

= Key advantages
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= Robustness: Feature differences directly encode temporal shifts, bypassing pile-up

= Efficiency: Weight-sharing enables a compact model (57 KB) for FPGA
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Network Architecture of LITOFNET
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Original pulse shape
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Parameter sharing allows the use of only one instance
Pre-calculated pulse features used as bias in FC



Hardware Implementation
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* Throughput of 840 ns/pixel

o Real-time inference at 106 fps™ for 192 x 52 resolution

“Latency causes a small mismatch between the ideal and the real throughput.



Simulation Framework

Time Step: 1/155
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= Photonic events modeled as an mhomogeneous Poisson process
= Time-varying rate reflecting signal & noise

@ |ncorporation of SPAD dead time
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= Elimination of boundary distortion
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Maintenance of accuracy under unstable signals

HBDE Algorithms
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Daytime single-point measurement
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= Key achievements
= Superior accuracy (4.29% lower RMSE)
= Robust near-field performance (< 15 m)
o |mmunity to sighal-induced pile-up
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Nighttime outdoor measurement
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(d) Stone-tlled floor.
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(c) Exterior wall of the building.
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(f) Distant wall surface.

= QOccurrence of severe pile-up at nearby surfaces in (a), (d)
Based on measured data, the hardware implementation of
LIToFNET successfully overcomes pile-up distortion
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HBDE Algorithms

" Achievement of a minimal RMSE (2.21 cm)

= Robustness under strong intensity and severe pile-up

= Demonstration of superior performance over existing methods Y



Conclusion

= Methodology

= Paradigm shift from signal filtering to lightweight similarity learning
= Compact network learns a pile-up—robust similarity metric

= Hardware-validated efficiency
o A 57.61 KB model, over 215.2x smaller than prior work
= Real-time inference at 106.27 fps on FPGA

= Robustness & impact

= 2.21 cm RMSE maintained even under severe pile-up conditions
= This work bridges the gap between high performance and on-device deployability
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Thank You!
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