
Extending Single Beam Lidar To Full Resolution By Fusing with 
Single Image Depth Estimation

Yawen Lu1, Yuxing Wang1, Devarth Parikh1, Yuan Xin2, Guoyu Lu1

1Intelligent Vision and Sensing Lab, Rochester Institute of Technology, USA
2Tencent Deep Sea Lab, China



1. Limitations

2. Contribution

3. Methodology

4. Experimental Results

5. Conclusion

Outline



Limitations

$80000!Velodyne HDL-64E LIDAR



Limitations

$80000!Velodyne HDL-64E LIDAR

Sparse and 

incomplete

point cloud  



Limitations

2D Lidar

$4000 to $5000

3D Lidar

$850 to $2500



1. Limitations

2. Contribution

3. Methodology

4. Experimental Results

5. Conclusion

Outline



Contribution

• Propose a deep neural network jointly leveraging a single-

beam LIDAR and a camera to estimate high-precision depth

at a low cost.



Contribution

• Propose a deep neural network jointly leveraging a single-beam

LIDAR and a camera to estimate high-precision depth at a low cost.

• Build a calibration system between the single beam LIDAR and a

digital camera to provide a theoretical and practical basis to match

the line point from LIDAR with the corresponding image pixels.
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• Propose a deep neural network jointly leveraging a single-beam

LIDAR and a camera to estimate high-precision depth at a low cost.

• Build a calibration system between the single beam LIDAR and a

digital camera to provide a theoretical and practical basis to match

the line point from LIDAR with the corresponding image pixels.

• Apply a MLP network to online estimate the correct scale for the

depth value in the image, realizing the purpose of extending single-

beam LIDAR to full resolution.
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Constraints for Self-supervised depth estimation

42

We enforce the reconstructed thermal images       to be the same as the original 

thermal images       at the corresponding pixels as appearance matching loss Lmatch :

Edge-aware smoothness loss Lsmooth utilize estimated depth D, Laplacian of

Gaussian G and color image Inew to penalize depth discontinuities in flat regions

and allow depth changes at object boundaries:
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Conclusion

59

• We propose a deep learning based framework to explore to replicate

similar or even higher performance as costly LIDARs with our designed

self-supervised network and a low-cost single-beam LIDAR.
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• The designed network is able to conduct online learning continuously to refine the

output from the disparity estimation network, which enables it to be applied to real-

world applications in different scenes.



Conclusion

61

• To the best of our knowledge, the network is the first to design a deep

learning-based framework to explore the application of low-cost single

beam LiDAR with single image depth estimation to obtain a high-precision

depth sensing from the scenes in full resolution.
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Thanks for your attention!


