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Use-Case in Delta Learning
For autonomous systems based on data-
driven algorithms and functions, software 
supporting consequent generations of 
hardware becomes immense relevant, as data 
acquisition and annotation is a rather 
expensive and inflexible process. Data-driven 
perception algorithms must deal with novel 
sensors. The goal of our study is to find ways 
to do this without re-acquiring new data, re-
annotating it, or re-adapting the perceptual 
algorithms. In particular, we focus here on the 
sensor setup with low- and high-resolution 
lidars.

Technical Problem
To tackle the complex task of upsampling on 
unstructured data such as lidar point clouds, 
we first benchmark the current basic methods 
for a simpler task of lidar point cloud 
reconstruction. Our experiments with state-
of-the-art methods such as RandLA [1], 
TreeGAN [2], ShapeGF [3], 3PU [6] reveal a 
common feature of most of them - lack of 
sensitivity to the fine-structured scan 
patterns of lidar. The qualitative evaluation of 
the obtained experimental results shows that 
the basic methods succeed in maintaining the 
general shape and lidar scan contour, but fail 
to preserve the fine-grained structure of the 
scan lines. In these experiments, we train the 
above models on the SemantiKitti dataset [4] 
for 200 consecutive epochs.

Technical Solution
We therefore analyze the methods in terms of 
their sensitivity to fine scan patterns. We first 
carefully examine the loss functions that have 
found wide application in this field: Chamfer 
Distance, EMD, SWD etc. We evaluate these 
distance measures in a toy experiment by 
rotating an arbitrary point cloud scan and 
measuring the distance of a given transform 
to the initial pattern. Although all distance 
metrics show similar behavior - the distance 
increases as the angle of the transform 
increases, peaks at the counter phase, and 
decreases towards 0 with further rotation -
some peculiarities can be observed. For 
example, some metrics like SWD show a larger 
slope at smaller angles and others like CD are 
less visible at smaller angles but mark the 
counterphase distance more clearly. 
Considering this, we agree in our further 
experiments that a steep slope correlates 
with a higher sensitivity to point shifts.

Evaluation
We choose SWD as the basis for our loss 
function and design a model based on it. Our 
method is based on the encoder-decoder 
framework. Fig. 3 demonstrates that the 
approach achieves a significant improvement 
in the perception of the fine lidar scan 
structures - the scan lines are clearly 
distinguishable and accurate.
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Figure 2: Results of loss functions evaluation

Figure 1: Reconstruction results for RandLA (left) 
and TreeGAN (right)
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Figure 3: Reconstruction comparison between 
recent methods vs ours
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