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This document provides additional details, exam-
ple visualizations, precise network configurations and
more quantitative as well as qualitative results in ad-
dition to the main paper.

1 Event Counts in “DVS-OUTLAB”

Refer to Section 4.2 of main paper

The DVS-OUTLAB dataset (Bolten et al., 2021)
used in the evaluation is composed of two different
parts, namely, of staged scenes with focus on objects
and of scenes that mainly contain environmental in-
fluences. The object scenes are plain sensor record-
ings with the spatial resolution of 768px x 512px.
Figure[Ialillustrates the event count contained in these
raw recordings within 60ms temporal windows.

Section 4.2 of the main paper explains the process-
ing pipeline used for the generation of the space-time
event clouds. Here, a Patch-Of-Interest method was
introduced, since the pre-mentioned event count was
too high for processing if the entire spatial resolution
was included. The effects of filtering and sampling
in this pipeline are shown in detail in Figure [2| De-
tails are given for the entire dataset, the staged object
scenes and the environmental influences that formed
the basis of the decision in implementing these steps
of the processing pipeline.

2 Event-to-Frame-Encodings

Refer to Section 4.3 of main paper

Compared to the main paper, additional exam-
ples of event-to-frame encodings are given in Figure
Bl Frames are randomly selected from the test set of

Please refer to the main paper:

the DVS-OUTLAB dataset and were used in the 2D
Mask-R-CNN baseline evaluation.

3 Network configurations and
training

Refer to Section 4.5 and 4.6 of main paper

The exact settings, e.g. with respect to the radii se-
lection, number of events in the set-abstraction logic,
size of the MLP in the network layers are summa-
rized in relation to the performed meta-parameter op-
timization in Tables [[land 21 This should eliminate
any ambiguities in terms of comprehensibility and re-
producibility.

An overview of the course of the training is given
in Figure ]

4 Detailed per-class F1 scores

Refer to Section 4.6 and 4.7 of main paper

To increase readability and clarity of the evalua-
tion given in the main paper, the label classes were
grouped into the three categories background, objects
and environmental influences. In addition, due to the
very uneven distribution of the events per class, a
weighted F1 measure was used. For completeness,
the plain F1 scores for all 10 classes are listed in Ta-
bles 3] and [ for all conducted experiments.

For further clarification, qualitative results of the
segmentations are given in Figure [5] Here, the
processed Patches-Of-Interest are projected into 2D
frames and the resulting labeling is represented by
false colors.
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Figure 1: Event count comparison in DVS-OUTLAB database, complete sensor view
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Figure 2: Event count comparison in DVS-OUTLAB database, per patch
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Figure 3: Examples of the different frame representations used, images are randomly selected out of the test-set of DVS-
OUTLAB dataset (best viewed in color and digital zoomed)
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(a) Labeled Patches-Of-Interest projected into 2D frames
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(b) False-color legend

Figure 5: False-color examples for PointNet++ semantic segmentation results
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