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Use-Case in Delta Learning
Robust environment perception requires large 
amounts of data. Therefore, it is common to 
use synthetic data or data that is available 
but does not perfectly fit the desired use-
case, e.g. from other sensors. However, this 
requires special handling of the data to avoid 
impaired perception performance. This poster 
focuses on data-driven approaches for LiDAR 
domain adaptation and proposes a method to 
evaluate the quality of LiDAR point clouds.

Technical Problem
The challenge is to train a perception network 
that performs well on a source domain by 
using only data without annotations from the 
source and data with annotations from a 
target domain. One possible method is 
domain mapping (Figure 1), where the data is 
actively transformed from a source domain to 
a target domain. We address both the 
simulation-to-real and the sensor-to-senor 
mapping use-case.

Technical Solution
For the sensor-to-sensor use-case, we use a 
SPIGAN/CYCADA approach to transform the 
data from sim to real in order to leverage 
additional information that is provided by the 
simulation. An additional handling of missing 
measurements is required. Figure 2 shows an 
example scene. 
For the sensor-to-sensor use-case, we use a 
CycleGAN architecture that is only based on

the depth projections of the LiDAR point
clouds (Figure 3). For better adversarial
feedback, we leverage the 3D structure of the
data in the discriminator network.

Evaluation
For the sim-to-real use-case, we evaluate the 
adaptation quality by training a semantic 
segmentation network on four different 
datasets and apply it to KITTI (Table 1). We can 
observe that our GAN created data helps to 
improve the performance compared to pure 
CARLA, however it is significantly worse than 
when trained on KITTI directly. Even a simple 
noise performs better than the GAN adapted 
version. For the sensor-to-sensor use-case we 
observe that the generated data is of quite 
low quality, however it still helps to improve 
the perception performance slightly.

For more information contact: 
larissa.triess@daimler.com

Figure 1: During training (a) the labeled source 
data is conditionally mapped to the target 
domain where a perception network is trained. At 
test time (b), the trained perception network can 
directly be applied to the target data.

Figure 2: The synthetic scene (left) is augmented 
with noise via a generative model.

Training 
Dataset

KITTI CARLA CARLA 
Noise

CARLA 
GAN

mIoU 74 30 42 35

Table 1: Evaluation on KITTI with a semantic segmen-
tation network trained on different dataset versions.

Figure 3: CycleGAN for sensor-to-sensor domain mapping.

Figure 4: The tripartite world of the realism measure.

References
L. Triess et al., „Survey on Unsupervised Domain Adaptation for LiDAR Perception,“ IV Workshops, 2021
L. Triess, „Quantifying point cloud realism through adversarially learned latent representations,“ GCPR, 2021

Discussion
Training the GAN models and finding the 
correct checkpoint is very cumbersome, 
therefore we propose a metric to evaluate the 
quality of LiDAR point clouds (Figure 4). With 
this measure we are able to monitor the 
generation quality over training which makes 
it easier to stop the GAN training. We can now 
use this metric in combination with the results 
from above to find out whether better 
generation quality and improved perception 
performance are dependent from each other.
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