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Figure 1. Restoration results of applying our method on a large structure consisting of 15 million points from Mawchu Llacta in Peru. The
structure is completed and displayed over the original site for visualization.

Abstract

Point cloud completion helps restore partial incomplete
point clouds suffering occlusions. Current self-supervised
methods fail to give high fidelity completion for large ob-
Jjects with missing surfaces and unbalanced distribution of
available points. In this paper, we present a novel method
for restoring large-scale point clouds with limited and un-
balanced ground-truth. Using rough boundary annotations
for a region of interest, we project the original point clouds
into a multiple-center-of-projection (MCOP) image, where
fragments are projected to images of 5 channels (RGB,
depth, and rotation). Completion of the original point cloud
is reduced to inpainting the missing pixels in the MCOP im-
ages. Due to lack of complete structures and an unbalanced
distribution of existing parts, we develop a self-supervised
scheme which learns to infill the MCOP image with points
resembling existing ”complete” patches. Special losses are
applied to further enhance the regularity and consistency of
completed MCOP images, which is mapped back to 3D to
form final restoration. Extensive experiments demonstrate
the superiority of our method in completing 600+ incom-

plete and unbalanced archaeological structures in Peru.

1. Introduction

Point clouds are important for a wide range of vision ap-
plications including autonomous driving, real-estate walk-
throughs, pre/post-disaster understanding, and digital ar-
chaeology and historic preservation (e.g., [6, 13, 26, 35]).
Effective algorithms for learning and understanding point
clouds have been developed and validated on synthetic
clean shapes [27, 39, 45]. However, for modeling large out-
door real world objects raw point clouds are sparse, noisy,
and incomplete. The incompleteness stems from either oc-
clusion (e.g., samples are behind a wall or tree) or miss-
ing surfaces (e.g., archaeological remains, post-disaster),
which results in different probability distributions of point
samples. Hence, point cloud completion for datasets that
include significant missing surfaces/areas of large objects,
and also lack ground-truth data, is a critical and necessary
task. Such 3D reconstructions are vital to understanding the
structuring of spaces within archaeological settlements and
for modeling social dynamics in the past.
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To complete point clouds, prior works [4, 5, 16, 24, 37,
38] have attempted to fill-in the partial point clouds using
supervised, unsupervised, or self-supervised learning meth-
ods. Supervised learning rely on the presence of ground-
truth and labeled input-output pairs. Unsupervised learn-
ing omit labeled input-output pairs but still expect ground
truth (e.g., examples of complete models spanning the dis-
tribution space). Self-supervised learning does not assume
ground truth and generates supervision signals itself (e.g.,
additional self-masking [5, 24], consistency of multi-view
partial inputs [16], or similarity of curvatures [38]) from
fragmented data like KITTI [11] and MatterPort3D [3].
Self-supervision promises to be a good methodology to
complete datasets of large point cloud with significant miss-
ing data and no ground truth (of the missing surfaces).

In this work, we present a self-supervised point-cloud
completion approach for datasets targeted to archaeologi-
cal settings with a significant amount of missing surfaces
due to weathering, erosion, physical stress and human ac-
tivities [29], which would otherwise be extremely hard to
restore physically to their original appearance. As opposed
to prior methods (e.g.,[5, 16, 24, 38]), we are able to infer
point clouds varying from 50k to 2M points, with up to 95%
missing surfaces, and to produce colors/textures. Our ap-
proach relaxes the typical uniform-probability assumption
of missing points and instead extracts a probability from
the partially provided data. This benefits point completion
for more general, complex, and large-scale scenarios.

Our method stores points clouds using multi-center-of-
projection (MCOP) images and using patch-based self-
supervised inpainting. Instead of processing the point cloud
in full 3D, our approach uses an MCOP image to com-
bine points observed from multiple viewpoints along a path.
Such images are used to train a network using adversarial
loss of sampled patches against complete patches to gen-
erate completed patches. The image-based representation
scales well to point-cloud completion for millions of points
(e.g., see Fig. 1 and Fig. 8). Further [35], we use Poisson
reconstruction [17] on the completed point cloud to produce
a 3D visualization. Our experiments show that our method
not only out-performs previous self-supervised point cloud
completion methods, but also yields finer geometric details
than current self-supervised image inpainting methods for
similar (archaeological) settings and produces high-quality
completion of models with color data, even when far less
than half of the point samples are available.

Our main contributions include the following:

(1) we provide a novel multiple-center-of-projection
(MCOP) representation for point cloud data which
unlocks the potential for large scale and high quality
point cloud completion of extensive structures,

(2) we describe a patch-based point-cloud completion algo-
rithm for a 3D scene encoded into a MCOP image repre-
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(b) Pixel distribution for our archaeological sites from partial views.

Figure 2. Comparison of distribution of available points for in-
complete point clouds suffering from occlusion/partial view and
missing surfaces. The distributions are quite different and that of
our outdoor sites is clearly vertically unbalanced.

senting millions of points,

(3) using (1) and (2) we construct a self-supervised point
cloud completion scheme despite spatially unbalanced
point distribution and lack of ground truth data (as in the
case, at least, in outdoor archaeological settings), and

(4) we provide a large-scale 3D point-cloud dataset for im-
proving future methods having to complete acquisitions
with an extensive spatial range, millions of RGB points,
and high-levels of incompleteness.

2. Related Works

2.1. Supervised/Unsupervised Completion

Supervised point cloud completion generally requires com-
plete and clean point clouds at training time. Further, it is
assumed provided ground-truth data spans the distribution
of target objects. Voxel-based methods [8, 40] benefit from
3D convolution but are challenged with processing speed
and resolution. Point-based (e.g., [20, 27, 41, 43]) can adapt
better but neither method works well when ground-truth
data are not abundantly provided. Unsupervised point cloud



completion does not rely on paired point clouds. Chen 3. Method

et al. [4] proposed an early unpaired point cloud com- E leti ¢ t obiect " iact it int
pletion method using auto-encoders. Other methods (e.g., or compieting a target object, We TSt project 1s poin
cloud Pj, into 2D using our MCOP representation (Sec-

[2, 22, 37, 44]) have made further improvements. However, ton 3.1). Th leting the oriainal point cloud i
this approach still relies on abundant complete point clouds ion 3.1). Then, completing the original point cloud is re-

: . . : . duced to inpainting the MCOP imadewith an inpainter

d t dt Ily fails f , ext ; . .
aﬁg?o% r:%p\:;?n?:gmglgtceaoﬁj:étss (c;r;ncigmlglc))n extensive C (Section 3.2), after which the completed shdhe; is
s ' produced by reprojectioR of the inlled MCOP image

Pout = R(C(1)). Finally, Poisson reconstruction [17] is
applied to form a water-tight mesh. An illustration of the
For some real world scenarios, such as urban environmentsvhole pipeline is given in Fig. 3.
and archaeological sites, complete samples are costly o
unavailable. Self-supervised methods are speci cally de-
signed to complete partial point clouds under such settings.To exploit convolutional deep networks ability to process
Mittal et al. [24] proposed the rst learning-based self- millions of pixels, we construct a single MCOP image
supervised method, PointPnCNet, which randomly masked! 2 RW " ° to store the raw point cloud data as seen
out small regions during training in order to predict both from multiple viewpoints. The object can be represented as
the removed and the originally missing points. Hong et al. an MCOP image in different ways based on the trajectory
[16] developed a closed-loop point cloud completion sys- and pose of the virtual cameras. For a faithful reconstruc-
tem named ACL-SPC based on self consistency. Cui et al.tion of the original point cloud, we argue that by 1) moving
[5] partitioned the partial point clouds into three disjoint the camera along a trajectory around/through the scene and
groups, which served to improve performance. Wu et al. 2) setting the camera to look perpendicular to the trajectory
[38] introduced a Pattern Retrieval Network to further nd Wwell preserves the scene's ne details. Hence in our work,
similarities and subsequently densify the completion. a virtual camera ies around a target scene/object with its
These methods pave the way for point cloud completion Viewing orientation set perpendicular to the ying direc-
without ground truth. Nevertheless, they still exhibit sev- tion. The pixel-wide columns from each captured image
eral limitations: 1) the size of the point cloud is limited (i.e., (I-€., "slits”) are concatenated to form the MCOP. Note that
10k or less); 2) the methods generally assume missing datd"€ MCOP projection is not necessarily conformal [7].
is caused by a limited eld of view, which aggregates to ~ The MCOP image has 5-channels so that each col-
a uniform distribution of all the available points. For ob- Umn/slit samples the color and distance to both "side” and
ject completion in outdoor and archaeological settings, the "toP” of the target object. Unlike the original MCOP repre-
missing data is usually caused by weathering, erosion, physSentation [28]_ which captures the S|de_ and top into different
ical stress, and activities. This exhibits a heavily unbalancedc0lumns, we include a (viewing) rotation angle so that both
distribution, which misguides prior methods to overcomple- Parts are continuously placed into a single slit (Fig. 4d).
tion/undercompletion (see Section 4); 3) the methods usu- e rotation channel also enables shape manipulation.
ally lack support for color, which is highly important for AS shown in supplemental, during generation the user can
downstream visualization and analysis applications. OurSPecify different rotations to essentially change the wall

2.2. Self-supervised Completion

3.1. Multiple Center of Projection Images

approach tackles all three of these prior limitations. height or overall shape, enabling restoring and completing
the archaeological structures based on optional simple user
2.3. Computational Archaeology guidance.
Formally, we represent the total process as

Computing is essential to archaeology and to cultural
heritage[33]. The Digital Michelangelo project [18] paved kM = MCOP (Pin ;C) @)
the way for large-scale archaeological object digitization. whereC = fCjjji 2 [1;H]g are the cameras used for each
Later works addressed completion often by texture/image column of pixels| 2 RY " 5 is the MCOP image, and
inpainting [30], nding and exploiting symmetries [19, 23], M 2 RW H is a binary mask de ned by
and/or a priori object databases [12, 14, 15, 34]. B

Despite the general success on reassembly of small scale Mij = 1llja<1] )
archaeological objects, current methods heavily rely onwhich is zero for pixels which do not intersect any point by
prior knowledge like different types of symmetries and camereC; at position(i;j ).
scanned complete shapes. This does not hold true for large: . .
scale buildingpstructurgs, which also come with almost ngo 3.2. Self-supervised MCOP Completion
available ground truth. However, this is the scenario our Using MCOP imagd , the completion for an object frag-
work addresses. ment is achieved through in lling the missing pixels. We



Figure 3. General pipeline of our MCOP based point cloud completion method. The input point cloud is rst projected onto a 2D image
with 5 channels (RGBD + rotation) using our MCOP representation. During training, a random sampling feindsaapplied on the

MCOP image to extract a group of local windows, which are trained against mostly complete local patches extracted from the dataset of
all structures in an adversarial way. For inference, the MCOP image and an outline of the desired shape (e.g., wall height) is passed to our
inpainting network adapted from [36]. The nal completed point cloud is obtained by remapping the inpainted MCOP image back into 3D.

tackle the scenario of high-levels of incompleteness (e.g.,

(a) Original structure (b) Path (red) and scan lines (white)

(c) Traditional [28] MCOP Representation

(d) Ours: Color channel
Figure 5. Histogram of random point cloud samples from the
Mawchu Llacta dataset, with high completion ratios at the top to

() Ours: Depth channel low-completion ratios at the bottom.

over90% of the walls are missing ové&0% of pixels) and
lack of ground truth. This results in the sampled point distri-
Figure 4. MCOP [28] representation. For (a), we sample along a bution exhibiting a non-uniform distribution (e.g., see Fig.
circular path while MCOP camera captures scan lines perpendicu-2b and Fig. 5 — most points are missing in the top). These
lar to the path (b). Instead of the traditional MCOP image (c), we problematic features still manifest in the MCOP images,
capture a 5 channel image (d, e, f). for which we resort to a self-supervision mechanism which

(f) Ours: Rotation channel



nds "signals” in subsets of the MCOP images to use in
self-supervision during training.
Image generation and completion in self- and un-

with x; andy; sampled from the image coordinates uni-
formly should be in the distribution modeled Hy,,.
The observation patches are fed into the discrimin&tor

supervised approaches have been addressed in the literatusedapted from [31] to train adversarially against random

[1, 21, 25, 42]. In these approaches, given partial obser-

responding mask dataskt
li;M; = MCOP(Pi;C);i
functionfy :RW H 51 RW H 5

fm(X)= M X ®)

with M drawn at random fronM would be applied on
the completer outpud to generate a masked sample of the
completion with the masked pixels i lled with a given
constant value (i.e., 0 in our case). In [25], the complEter
is then trained adversarially to complete images fidno
D%= f1%19;:::;19)g through

12= C(ly) 4)

by making the masked observation oD

fromD.
However, directly applying the above would fail under
our targeted scenario where the distribution of available pix-

els in the image is heavily unbalanced (Fig. 2b). Because
few fragments have the upper part of the wall, the completer

C will learn to escape from adversarial penalty by simply
lling the upper part with a default value, as shown in Fig.

10b. It will not be heavily penalized under the masked ob-
servation oD, .

Instead, to provide effective supervision on both pixels
from bottom and top, we apply the following patch-based
observation functioff,

fu(l;x;y)=I[X:x+w,y:y+ w] (5)

wherex andy are the coordinates for the upper left corner of
the window andw is the xed size of the patches. Despite

the sparseness and unbalanced data in the MCOP images,

there are smaller windowed samples of uniform complete-
ness. By carefully selecting the observation window gize
we extract a new observation dataBej composed of all
such patches under observatigp. One choice would be

f 64 with windows of no less tha®5%completeness, whose
average distribution will be (nearly) uniform, and enable the
self-supervised strategy in [25, 42].

We empirically search for the optimal patch simeand
construct the patch ground truth dataBe} based on the
data distribution. For each MCOP imagiewe use a high
resolution image inpainting network derived from LaMa
[36] to obtain the outpuD throughO = C(l). To en-
courage the completion to be genuine, a random patch
observed by

0= fuw(O;xi:yi) (6)

patches drawn fronD,, to minimize the adversarial loss

Lagv = Ero po[(1  log(D (fw(C(1)]

while discriminatorD is optimized by

log(D (fw (C(19))]

(8)
Regularity Terms. To further improve the quality of the
generated MCOP images, additional loss terms are applied.
To drive completion to reproduce the input MCOP image
properly, consistency loss is applied on the known pixels as

@)

Lo = B p,[D()]+ Eio po[(1

Leons = j(O 1) Mijjz=ji(C(1) 1) 9)
which encourages the completion to reproduce existing
MCOP regions. To correctly reproje@ to a closed 3D
object, each column of pixels in the rotation channeCof
should sum up to the angle camera rotated, giving

X
Lreg =(
=1

Mijz

)? (10)
Appearance Consistency TermsDue to the relative lim-

ited eld of view of observation patches compared to the
original image size, additional effort has to be taken to en-
sure the consistency of patterns and textures at a larger re-
ceptive eld. Inspired by texture synthesis works [10], we
use the pretrained VGG19 network to extract deep features
on adjacent patch pairs randomly extracted from comple-
tion O and minimize their correlations of features in order
to yield a similar appearance. The term is de ned as

IG(fw(O;x1;y1))
i

G(fw(O;X2; y2))ii2

(11)
whereG computes the Gram matrix of deep features. The
optimization goal is de ned as

I-sim

L=1Law *+ conslcons * reg Lreg +  sim Lsim (12)

where cons; reg and sim are weights controlling the im-
portance of different terms.

3.3. Implementation Details

Based on the anticipated maximum height of structures, we
generally divide the objects to complete into resolutions
of R%6 W 5 andR3* W 5 which maximizes the pixel
utility in the MCOP image for completion &f and6 meter
maximum height structures. Two different types of rotation



channels are also preconstructed by making the rotation aby applying random masks from ;,g with completeness
the expected height and fed jointly with the original RGBD ratio in betweer20% to 80% at random positions in the
channels from the MCOP image. Noticing the in uence of original MCOP images. As shown in Fig. 7, the masked
f\ on different resolutions, we app®s4 andD g Sepa- out regions could serve as the ground truth for quantitative
rately on the above two distributions. To mitigate for ef- study when we train oMawchu Incompletenly and eval-
cient training with abundant self-supervision signals, we uate against the masked out regiondMawchu Raw To
precomputed the necessary patch statistics and store the ddully evaluate the reconstruction quality both in inpainting
sired patches as an ef cient way of accesdihg. and point cloud form, we measure the overall RGBD differ-
To train the high resolution image inpainté€r, we use  ences of the masked regions, patch/distribution similarity,
the proposed self-supervised scheme on MCOP imagesand Chamfer distance of reconstructed point cloud.
with a batch size oft for 1 million iterations. We use the We compare our method on the aforementioned dataset
Adam optimizer with an initial learning rate 60003and against several state-of-the-art methods. These methods
decreasing b2%every 600 iterations. The model is trained include self-supervised point-cloud approaches (ACL-SPC
on 4 NVIDIA V100 GPUs with NV-LINK for 3 days. [16] and P2C [5]), self-supervised image inpainting meth-
With the model properly trained, we feed the MCOP im- ods (UAIR [25] and SSII [42]) on the MCOP images
ages of the target objects inBto get the completed MCOP  (i.e., MCOP+UAIR and MCOP+SSiII). We also compare
representatioi®, which is back projected into a 3D point against MCOP+SSlI(Patch) which uses image-patch self-
cloud. To mitigate for minor issues and facilitate down- supervision. ACL-SPC and P2C do not produce colors so
stream processing/visualization, we apply Poisson recon-we omit those metrics for them.
struction on the output to obtain a watertight mesh with col-

ors as texture and normals computed per pixel using nite Featur:CTE/[)SePC T'e\lxlfzre G((e)oln;;try
differences with the 4 neighboring pixels in MCOP. ; '
pP2C N/A 0.195
. MCOP+SSII 0.206 0.143
4. Experiments MAE# | McoP+UAIR | 0259 | 0.149
4.1. Dataset Construction MCOP+SSlI(Patch) 0.209 0.145
I I . Ours 0.189 0.136
We conduct qu.ahtatlve and quant|tat|v¢ gxperlments on ACL-SPC N/A 0.085
hundreds of point cloud datasets of buildings from three P2C N/A 0.048
real-world archaeological sites, nam<_a|y Mawchu Llacta, s MCOP+SSII 0.236 0.291
Huamanmarca, anq K_uelap in P_eru which _sufferfrom heayy MCOP+UAIR 0.173 0.261
erosion and are missing a signi cant portion. Eagh site is MCOP+SSli(Patch) 0.213 0.278
reconstructed from multi-view high resolution UAV images ours 0.246 0.353
as in [32],.cor1§|st|ng of billions of points in total. Point ACL-SPC N/A 15.06
clouds for individual walls/structures are extracted follow- P2C N/A 13.52
ing coarsedanntf)tam}ns_ frorln archaeolﬁ$|sts in our team. To DSNR MCOP+SSII 11.79 1718
accommodate for edC|ent earmgg wI ile not m|sismhg out MCOP+UAIR 1237 16.54
important texture and geometric details, we sample the orig- MCOP+SSli(Patch) 11.65 1710
inal point clouds with the proposed improved MCOP at a
. . ) . Ours 14.28 17.87
resolution of 2 centimeters, at which the tallest and biggest
o s ACL-SPC N/A 211.69
structure (as shown in Fig. 1) are represented within an
) . e i pP2C N/A 331.10
MCOP image 0884 9353 Since the original point clouds
T - L MCOP+SSII 203.85| 184.84
exhibit visible shadows due to lighting or self-occlusion in FID#
the input stage, we manually annotate out the shadowed re- MCOP+UAIR 19245 158.79
ions n the MGOP images and "deshadow” them by either MCOP+SSIi(Patch) 179.05 | 169.06
gions In the ages and ‘deshacowthem Dy eithe Ours 90.81 | 128.41

histogram matching to unshadowed regions or masking out
the CorreSpOHQIng regions. Some important statistics fortheraple 1. Quantitative comparison of completion quality using
datasets are listed in supplemental. We name the datasetgage-level metrics. Our approach has thest performance
Mawchu RawHuaman RavandKuelap Raw (shown in bold).

4.2. Quantitative Comparisons We rst report metrics in image inpainting as shown in

Due to lack of ground truth, we randomly remove sets of Table 1. For each completed point cloud, we project it into
points fromMawchu Rawto synthesize a more incomplete 2D using our proposed MCOP representation and perform
dataseMawchu Incomplete The removal is implemented image patch evaluation with the commonly used metrics of
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