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Figure 1. Examples of 3D fractal scenes in the PC-FractalDB. The first row is the visualization of automatically generated 3D fractal
scenes. In the present study, we do not give RGB color to a 3D fractal model. Therefore a 3D fractal model has only geometry coordinates.
The second row is the visualization of 3D scenes in ScanNetV2, and the third row is the visualization of 3D scenes in SUN RGB-D.

Appendix

This supplemental document describes the details of our
PC-FractalDB pre-trained model construction in Section A.
We show more exploratory study on the variance threshold
and the fraction of noise mixed in FractalNoiseMix in Sec-
tion B. Detailed per-category results on 3D object detection
benchmarks are shown in Section C. In addition, Qualitative
results of 3D object detection in ScanNetV2 are presented
in Section D.

A. Visualization of the PC-FractalDB

In this section, we visualize the PC-FractalDB used for
pre-training (see Fig. 1). We compare the samples with
3D scenes randomly sampled from ScanNetV2 [1] and SUN
RGB-D [3]. A 3D fractal scene is generated from 3D fractal
models only, so it has no background. It is possible to gen-

erate a background, but pre-training tends not to succeed.
We consider that this because the number of categories has
increased compared to the previous 3D datasets. Therefore,
Pre-training 3D fractal scenes with a background, we think
challenging task in the future.

B. More exploratory study

Effects of variance threshold (see Table 1). This ex-
ploratory experiment attempts to clarify the optimal param-
eters for the variance threshold for defining fractal cate-
gories under the PC-FractalDB (1,000 categories, 500 in-
stances, 10,000 scenes) condition. Table 1 showed that 0.15
is better than 0.10 in variance threshold o. The higher the
variance threshold, the more the 3D fractal model tends to
have more shape patterns with fractal features, which means
that the inter-category variance is significant, and the effect
of pre-training is enhanced. Additionally, we found that



Table 1. The variance threshold comparisons for 3D fractal model
creation. We also investigated 0.10, 0.15, and 0.20 in the w/ vari-
ance adjustment. However, the 0.20 score requires a large amount
of time to find a fractal category.

ScanNetV2 SUN RGB-D

Variance threshold

mAP@0.25 mAP@0.25
w/ variance (0.10) 59.2 56.8
w/ variance (0.15) 61.9 59.0
w/ variance (0.20) N/A N/A

Table 2. Comparisons in the fractal noise rate of FractalNoiseMix.

Noise rate ScanNetV2 SUN RGB-D
mAP@0.25 mAP@0.25
Fractal noise: 10% 60.3 57.0
Fractal noise: 20% 61.9 59.0
Fractal noise: 30% 60.3 58.8
Fractal noise: 40% 60.7 57.8

the variance threshold of 0.20 requires a more significant
amount of time to definite the fractal category. Therefore,
we set the variance threshold ¢ as 0.15 in the present paper.

Effects of FractalNoiseMix (see Table 2). We need to aug-
ment a 3D fractal model in intra-category because there is
only one 3D fractal model for each fractal category after
defining a fractal category. Therefore, we augment a 3D
fractal model in the present study by mixing another cate-
gory as fractal noise. This experiment explores the most ef-
fective fractal noise ratio for FractalNoiseMix under the PC-
FractalDB (1,000 categories, 500 instances, 10,000 scenes)
condition. Table 2 showed that the fractal noise ratio of 20
% was the best parameter.

C. Per-category result

This section shows the detailed average precision (AP)
of each category when the IoU threshold is set to 0.25. as a
supplement to the PC-FractalDB pre-training model bench-
mark. 3D object detection results for ScanNetV2 and SUN
RGB-D are shown in Table 3 and Table 4.

As shown in Table 3 and Table 4, we show that our pro-
posed pre-training with the PC-FractalDB can improve the
fine-tuning in the 3D detection task with the point cloud.
In particular, when the backbone network is PointNet++x2,
we confirm the improvement of the average accuracy from
RandomRooms in 13 out of 18 categories in ScanNetV2. In
addition, we confirm the improvement of the average accu-
racy from RandomRooms in 7 out of 11 categories in SUN
RGB-D.
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Ground truth Scratch PC-FractalDB pre-train
Figure 2. In the figures, we compare point cloud fractal database
pre-trained VoteNet with ground truth and VoteNet training from

scratch.

D. Qualitative result

In this section, we visualize the detection results of the
baseline VoteNet trained from scratch and the pre-trained
model using our method on ScanNetV2. As shown in Fig.
2, the PC-FractalDB pre-trained model results in fewer false
positives, and the 3D bounding boxes estimated tend to be
close to the ground truth than scratch.
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Table 3. 3D object detection on ScanNetV2.

‘ cab bed chair sofa tabl door wind bkshf pic cntr desk curt fridg showr toil sink bath ofurn ‘ mAP@0.25
Scratch (PointNet++) 363 874 883 864 621 421 361 494 47 563 660 465 484 60.1 957 483 894 378 579
Scratch (SR-UNet) 340 765 89.1 839 572 467 351 454 80 574 659 511 441 56.7 963 515 815 458 57.0
RandomRooms (PointNet++) [2] | 37.2 874 889 898 619 453 426 535 78 517 672 535 540 664 968 626 92.0 43.6 61.3
PC-FractalDB (PointNet++) 38.0 881 883 888 607 519 393 585 93 572 681 567 517 63.0 971 60.1 925 44.1 61.9
PC-FractalDB (PointNet++X2) 404 88.1 834 89.1 61.6 531 43.1 595 156 544 687 538 548 747 996 573 925 462 634
PC-FractalDB (SR-UNet) 29.1 827 89.8 837 585 48,6 386 542 77 6l1.1 694 508 462 625 950 573 849 486 59.4
Table 4. 3D object detection on SUN RGB-D.
‘ bathtub bed bookshelf chair desk dresser nightstand sofa table toilet | mAP@0.25
Scratch (PointNet++) 77.6 83.6 28.6 737  23.6 25.5 57.9 64.4 489 90.1 57.4
Scratch (SR-UNet) 69.2 81.7 29.7 747 227 24.2 57.5 63.1 48.8 89.3 56.1
RandomRooms (PointNet++) [2] 76.2 83.5 29.2 76.7  25.1 33.2 64.2 63.8 49.0 91.2 59.2
PC-FractalDB (PointNet++) 78.4 85.3 32.8 74.6 263 335 63.8 629 503 873 59.4
PC-FractalDB (PointNet++x2) 79.8 83.6 32.1 754 285 30.2 67.3 64.4 50.8 88.9 60.2
PC-FractalDB (SR-UNet) 71.4 82.3 30.7 75.0 247 26.4 58.4 643 483 89.5 57.1




