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Enabling Acoustic Imaging on loT Devices
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Enabling Acoustic Imaging on loT Devices

Smartphones Smart speakers Mobile robots



Enabling Acoustic Imaging on loT Devices

Such imaging functionality can fundamentaly change the way
of acoustic sensing.

Dangerous ltems!!!




Related Works of Acoustic Imaging
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Expensive! Time-consuming! Limited scalability!




Limitations of Current Acoustic Imaging on loT Devices

< 6 Microphones < 3 Microphones
< 6 Speakers < 3 Speakers

Can we achieve accurate acoustic imaging on loT devices?



Effective Rank Defects for Imaging

Forward propagation
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Acoustic Imaging is limited by the effective rank of measurement matrix!




Enhancing the Rank using Acoustic Metasurface
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More Powerful and Diverse Beamforming Capabilities
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Integrating Acoustic Metasurface as Device Shell
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Enhanced Measurement Matrix using Metasurface

Forward propagation O The received signal of each microphone:
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Design Challenges

0 How to design an imaging algorithm achieve high imaging quality?

O How to jointly optimize beamforming, metasurface, and imaging algorithms?

O How to maintain high imaging quality across a wide range of distances?



Design Challenges

0 How to design an imaging algorithm achieve high imaging quality?
» A new imaging algorithm that uses unrolled ADMM + refinement network

O How to jointly optimize beamforming, metasurface, and imaging algorithms?

O How to maintain high imaging quality across a wide range of distances?



Solution 1: Neural-enhanced Imaging Algorithm

O Utilizing sparsity to simplify the optimization:
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Design Challenges

0 How to design an imaging algorithm achieve high imaging quality?
» A new imaging algorithm that uses unrolled ADMM + refinement network

O How to jointly optimize metasurface and beamforming algorithms?
» A novel joint optimization framework

O How to maintain high imaging quality across a wide range of distances?



Solution 2: MAJIC: A Joint Optimization Framework

Optimized parameters

Simulator M, W, D Imaging Algorithm
(1S Dosicn i1 SOOI { _Unrolled ADMM
! gn ™ 1| Codebook W,D 1 Matrix : Refinement
: e ! : AMWD) M _ N : Network
] /,J"/ Mi— 1 ! I %’. %... . % |:'
| e RS-t tx
I I I
: SN Lot 11 E77 5 =
, @ ! 1 Q3 a) g !l
1 4 VAV /\f\’wl :_=_> (I < < < ::
I ) e
1 Object Transceivers | P | Smmm s :
\ Metasurface (MS) ) \ S ” ) Denth
""""""""""" T T T T T T Reconstructed
—> Foward Data Flow ——— Backward Gradient Propagation Image

Optimizing System Configuration Using Mean Square Error



Design Challenges

0 How to design an imaging algorithm achieve high imaging quality?
» A new imaging algorithm that uses unrolled ADMM + refinement network

O How to jointly optimize beamforming, metasurface, and imaging algorithms?
» A novel joint optimization framework

O How to maintain high imaging quality across a wide range of distances?
» Adapt imaging resolution and beamforming according to the distance



Solution 3: Adaptive Scheme for Varying Distance

Shared Metasurface

Beams for different
‘ resolutions

Spks ‘

. . Initial
. o T ] optimization
YSwitching codebook Pixel size X3
Mics <
Codebooks [ ] Imaging distance
Resolution 1cm 2cm  3cm  [€rrressssssssmmmmmmmmm s >»

d=135cm



Experimental Setup

a small phased array + a passive metasurface
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16x16 metasurface

2x3 commodity speakers
1x4 commodity microphones

® Imaging resolution: 1cm

® |Imaging area: 10x10x10

® Open-sources Fashion-MNIST as training
dataset

® Implement on the Bela board

® Metasurface to imaging region distance:
30cm

® 18-20kHz Chirp signal, 20ms for each
sweep

® Metric: Root Mean Square Error (RMSE)



Overall Performance

Table 1: Summary of schemes for comparison.
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Performance of various schemes 2D Imaging examples

Achieving 83.1% error reduction compared to no metasurface and

optimization



Imaging Performance in Varying distance
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Varying distance

Enhancing the imaging distance to 135cm with <0.1 RMSE




3D Imaging

Ground Truth 3D Imaging Ground Truth 3D Imaging
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3D imaging achieves <0.11 RMSE.



Beyond the camera

Target No occlusion Cloth Plastic bag Bandage Paper
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Achieving 0.07~0.12 RMSE under occlusion.




Gestures recognition

Gestures Our image
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High gesture recognition accuracy!




Computational Cost

Table 2: Reconstruction algorithm overhead using a
GeForce RTX 3090 on the server.

LR ADMM UNet ADMMNet Ours

Time (ms) 44 175.1 1.7 9.3 9.7
Model size (MB) \ \ 116.2 1.8 3.6

Low computation cost (<10ms) !






Contributions

e Imaging performance is limited by the rank defect and propose to use
metasurface and neural priors for imaging.

e A joint optimization framework for maximizing the contribution of each
designable component.

e A prototype and conduct extensive evaluation to demonstrate the
effectiveness of the imaging capabilities.



