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ABSTRACT

With the development of 3D laser scanning techniques and
depth sensors, 3D dynamic point clouds have attracted in-
creasing attention as a representation of 3D objects in mo-
tion, enabling various applications such as 3D immersive tele-
presence, gaming and navigation. However, dynamic point Ay
clouds usually exhibit holes of missing data, mainly due to 4

the fast motion, the limitation of acquisition and compli- ’t A
cated structure. Leveraging on graph signal processing toollg1g 1. Several frames of the 3D dynamic poin clouohg-
we represent irregular point clouds on graphs and propos&re'ss\'mith holes, captured at different moments
a novel inpainting method exploiting both intra-frame self- ' '

similarity and.inter-frame consifste.ncy in .3D .dynamic pomthave some missing regions.g, dilapidated heritage). There-
clouds. Speci cally, for each missing region in every framefore, it is necessary to inpaint incomplete point clouds prior

of the point cloud sequence, we search for its self-similar reo the subsequent applications. Nevertheless, 3D dynamic

gions in the current frame and corresponding ones in adjaCefitying ¢joud inpainting is challenging to address, because each

fram_es_ as reference_s. _Thgn we formulate dynamic point ClouI‘i’ame is irregularly sampled with possibly different numbers
inpainting as an optimization problem based on the two typeg; points. Further, there is no explicit temporal correspon-
of references, which is regularized by a graph-signal smoot ence between points over time

ness prior. Experimental results show the proposed approac . L : .
P P prop PP However, the direct inpainting of 3D dynamic point cloud

outperforms three competing methods signi cantly, both inh b | | looked so far in the literat hil
objective and subjective quality. as been largely overlooked so far in the literature, while sev-
s ) . eral approaches have been proposed for static point clouds.
~Index Terms— 3D dynamic point clouds, inpainting, These methods mainly include two categories according to
inter-frame consistency, graph-signal smoothness prior  yhe cause of holes: 1) restore holes in the object itself such
1. INTRODUCTION as heritgg_e a_nd sculptureg [3—9],_and 2) inpaint holes caused
tby the limitation of scanning devices [10-17]. For the rst

3D dynamic point cloud is a natural representation o . . . .
L . . . . class, the main hole- lling data source is online database, as
arbitrarily-shaped 3D objects in motion. It consists of a se;

guence of point clouds, each of which is a set of points. Eachhe holes are often large. Saheyal. [5] project the point

) ! : . oud to a depth map, search a similar one from an online
point corresponds to a measurement point, which contains 3 R . . L .
epth database via dictionary learning for inpainting, while

geometric coordinates and possibly attributes such as COI(t)fr\e projection process inevitably introduces geometric loss.

22%:52:3&??& v?/ﬁﬂtilr]itggvgrod%n:nnsgf gglr::] Zlgrl:s(,jii b:'lastead, Dinestet al. [8, 9] search best matching regions in
P P 9 anfle object itself based on the smallest rotation difference to

3D laser scanning techniqueshus enabling a variety of ap- Il the missing area. The results still suffer from geometric

plications such as navigation in autonomous driving, anima-,. . )
. : . : distortion due to the simple data source.
tion, gaming and virtual reality [2].

Nevertheless, 3D dynamic point clouds often exhibit The other class of methods focus on holes generated due
holes of missing data inevitably, as shown in Fig. 1. Thigto the limitations of scanning devices, which is smaller and

is mainly due to complicated object structure, fast object moMore fragmentary than the aforementioned ones in general.
tion, inherent limitations of the acquisition equipments andVangetal.[10] and Quinsaet al. [11] create a triangle mesh

incomplete scanning views. Besides, the object itself maffom the input point cloud and II holes in the mesh for -
nal interpolation. These methods rely on the quality of mesh
Corresponding author: Wei Hu (forhuwei@pku.edu.cn). This work wasconstruction though. Lozes al.[12,13] deploy partial differ-

supported by National Natural Science Foundation of China [61972009] an T .
Beijing Natural Science Foundation [4194080]. fnce operaters to solve an optimization problem on the point

1Examples include Microsoft Kinect, Intel RealSense, LiDAR, arrays of?lOUd- Murakiet a'_- [15] generate a surface t_o t t_he_ vicin-
color plus depth (RGBD) video cameras [&ic. ity of the hole and interpolate the surface for inpainting. Due
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to the reference from local neighborhood only, their resultsiess prior [19-21] for the target cube. Finally, we acquire the
tend to be more planar than the ground truth, and artifacts axdosed-form solution of the optimization problem, leading to
likely to occur around the boundary in complicated structurethe inpainted result. Experimental results show that we out-
Fuet al.[16, 17] exploit the non-local similarity in the point perform separate inpainting from state-of-the-art methods.
cloud, which inpaints holes from their most similar regions

based on normals of points. 2. SPECTRAL GRAPH THEORY

Nevertheless, all above methods are not tailoreddfer ~ We consider an undirected gra@w fV ; E; W g composed
namic point clouds. If we apply them to a point cloud se- of a vertex seV of cardinalityjVj = N, an edge sef con-
quence frame by frame, the inpainting process of each framigecting vertices, and a weightedijacency matridv . W
is independent to each other, which neglects the inter-framié a real symmetritN N matrix, wherew;; is the weight
correlation and is thus sub-optimal. To this end, as an exterdssigned to the eddg j ) connecting vertices andj . For
sion to the inpainting method in [17], we exploit bdtiira- ~ €xampleK -Nearest Neighbo{ -NN) graph is a commonly
frame self-similarityand inter-frame consistencin the ge- used undirected graph, which is constructed by connecting
ometry for dynamic point cloud inpainting. For each targeteach point with its nearest neighbors.
region which contains a hole in the target frame, our key idea The Laplacian matrix is de ned from the adjacency ma-
is to search its most similar region in the target frame as wellrix [22]. Among different variants of Laplacian matrices, the
as its corresponding regions in the adjacent frames as souréembinatorial graph Laplaciamsed in [23-25] is de ned as
regions, and then inpaint the hole from these source regiond- := D~ W, wheyeD is the degree matrix-a diagonal

Due to the irregularity of point clouds, it is dif cult to Matrix whered; = o1 Wi o _
search similar regions and Il holes according to the source Graph signal refers to data residing on the vertices of a
regions. Hence, we resort to Graph Signal Processing [18§raPh. For example, if we constructka-NN graph on the
and represent point clouds on graphs naturally. In particupo'm cloud, then the normal or the coordinate of each point

lar, for each target frame in the input point cloud sequenc&a" Pe treated as graph signal de ned on kheNN graph.

with holes, we rst segment it into cubes of the same sizeThiS will be discussed further in the proposed spatio-temporal

and choose the target cube with missing area. Secondly, wW&aph construction in Section 3.3. A graph sigrale ned
search the most similar cube to the target cube in the targ@f @ 9raplG |s)%mooth with respect to the topology @if
frame as théntra-source cubes in [17]. Thirdly, we search wi (z z)*<; 8ij; 1)
the corresponding cubes of the target cube in the previous and i

subsequent frames as timer-source cubesThe correspon- where is a small positive scalar, and | denotes two
dence is set based on searching for a cube that contains thertices andj are one-hop neighbors in the graph. In order to
most nearest neighbors of the points in the target cube in theatisfy (1),z; andz; have to be similar for a large edge weight
relative location. Next, we formulate the hole- lling step as w;; , and could be quite different for a smal}; . Hence, (1)
an optimization problem, which is based on both intra- andenforces to adapt to the topology @, which is thus coined
inter-source cubes and regularized by a graph-signal smoothraph-signal smoothness prior

[ Targetframec% [ Split into cubeb 4 Search forthe\ 4 Search for the inter-source cubes) 4 Outputframe\
the input sequeng . intra-source cubg

the target cube
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Fig. 2. The framework of the proposed 3D dynamic point cloud inpainting method.
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Asz'Lz = P wij (zi  z)?[26], (1) is concisely writ- Considering that the inpainted results of dynamic point
T P o ) ~ clouds should be coherent among consecutive frames, it is
tenasz' Lz < inthe sequel. This prior will be deployed in necessary to explore the temporal correspondence between
our problem formulation of point cloud inpainting as a regu-pejghboring frames in a point cloud sequence. Unlike videos,
larization term, as discussed in Section 3.4. dynamic point clouds are irregular, thus the temporal corre-

3. THE PROPOSED INPAINTING METHOD spondence is challenging to de ne.
In order to ef ciently explore the temporal correspon-

Leveraging on spectral graph theory, we introduce the progence in dynamic point clouds for coherent inpainting, we
posed point cloud inpainting method from both mtra—frameloropoSe to nd corresponding cubes farboth inP ; and
self-similarity and inter-frame consistency. The input ist L, which are denoted by’ * andc *! respectively as

+1 t t

?pr)g]t‘ clogd se?]uen;e.fotﬂ_f;a}r'r??s dden(zted byﬁ ‘ ~  theinter-source cubes. Note that, the inter-frame consistency
1, 2,0 FoQ, WNETER ;T = 1, .., 0 denotes each frame -, yq generalized to several previous and subsequent frames,

of _pc:mt cLoin mtt?e seEquer?:;]e.h AI‘S s_howr; In Fl'zg' ﬁ We IN5ihstead of one forward and one backward as in our method.
paint each target iramey with holes n order. Firstly, we Speci cally, inspired by the observation that a set of

split P into xed-sized cubes as processing units in the sub-

i st d ch the t t cube with missi goints representing the same region have little variation in
sequent Steps and choose the target cube with miSSING aredy,sacytive frames, we nd the temporal correspondence via

Secondly, we search for the most similar cube to the target,
cube inP¢ as theintra-source cube Thirdly, we search for
the corresponding cubes to the target culdesin; andP+ . ,
which are referred to as theter-source cubesFourthly, we
formulate dynamic point cloud inpainting as an optimization . 1 He 3
problem, which poses the graph-signal smoothness prior via Thep we construct a bounding bf@%l _2 R (.H

the intra-source cube and enforces consistency with the intel® the size of the box) arouref ass(b; *) = s(cf), which _
source cubes. We derive the closed-form solution of the optS€"Ves as the search range. Next, we search the nearest neigh-

o f o1 L. . .
mization problem, leading to the resulting cube. Finally, weP®r NPy~ of each pointinc, in terms of the relative loca-

.- . . 3
replace the target cube with the resulting cube as the outputtion. Then we employ a sliding ?UEJIC windawy, 2 RM~ 3
with stridel in the bounding bod; - to search for the inter-

3.1. Preprocessing _ . source cube{ 1o gM? 3 P, .

For each targ(_at frame of pqlnt clolt = fpl.; P2;:ig W|t_h c{ 1_ argmax V (Cu); @)

pi 2 R® meaning the coordinates of the¢h point in the point ) Cw )

cloud, we rst splitP; into overlapping cubecy; cz; :: g whereV (cy ) is the number of the nearest neighborsofn
cw in terms of the relative location. That lsf( ! contains the
st nearest neighbors of pointsan

We further perform the same structure matchin@bn1
as the way we deal withs in Section 3.1, which leads to the

arching the nearest neighbor of each point in the target
cube. As shown in Fig. 3, we rst nd a co-located cube
@2 RM® 3inP; ;ass(c?) = s(c;), wheres( ) denotes

the coordinate of the centering point of a cube.

with ¢; 2 RM® 3 (M is the size of the cube), as the pro-
cessing unit of the proposed inpainting algorithm. Then wén®
choose the cube with missing data as the target cubidext,

we obtained the intra-source cubgas in [17] based on the : - ]

; ; ; i»_nal inter-source cube irP denoted a€, ~. The nal
direct component (DC) and the anistropic graph total varia- _ f L ta L _
tion (AGTV) of the normals of points in the cube. Further, inter-source cube iR+, , denoted byé; ** , is searched in
we also perform structure matchinige{, coarse registration) the same way as iR¢ 1. Thus we obtain two source cubes
for cs andc; so as to match the relative locations as in [17],@S the temporal reference, which will be adopted in the nal
which includes both translation and rotation as a simpli edinpainting step.
lterative Clpsest Points (ICP) operation [27, 28]. This leads 3. spatio-Temporal Graph Construction
to the nal intra-source cube, denoted &s which will be

adopted in the nal inpainting step. To take advantage of both intra-frame self-similarity and

inter-frame consistency, we construct a spatial-temporal

3.2. Inter-frame Cube Matching graph on the target culmg as the following.
. : . We rst build spatial connectivities withinc;. As there
8 exists a hole irc;, we approximate the connectivities via the
s similarities in its intra-source culfy. We choose to build a

¢
nearestneighbor

K -NN graph mentioned in Section 2, based on the af nity of
geometric distance among pointstin Speci cally, the edge

— e weightwy betw?en nodek andl in €5 is assigned as
kpk pik3 .
. Wi = expf =220, k | . 3)
§ 0 otherwise
h’) ' wherek | means nodek and| areK nearest neighbors
?5

Fig. 3. The inter-source cube searching. and thus connected. is a weighting parameter (empirically



= 1 in our experiments). This is based on the assumptiowherec, 2 RM ° 3isthe desired resulting cube.is aM 3
that geometrically closer points are more similar in general. M 2 diagonal matrix with ;; 2 f 0;1g, where 0 indicates
We then construdemporalconnectivities betweety and  known points and 1 indicates missing points. Thus and
its previous frame‘){ ! as well as temporal connectivities €5 represent the missing regiondp andes respectively.
betweerc; and its subsequent fram{aﬂ . Duetothe holein is complementary to , which extracts the known regioi
ct, the connectivities for known points and unknown pointsis the Laplacian matrix of the spatial graph constructed over
in c; are linked in different manners. Speci cally, we link C; as described in Section 3.3, and are three weighting
each known point ire; with its corresponding point ia! *.  parameters (we empirically set=1, =0:5and =0:5
To circumvent the unavailability of unknown pointsép we  in the experiments).
approximate the temporal connectivities by the similarities The rsttermin (5) is a data delity term, which ensures
between their corresponding points in the intra-source cubthe desired cube to be closedpin the known region. The
€s and their corresponding points in the inter-source cubsecond term constraints the missing region;ofo be similar
c{ ! The temporal correspondence is based on the the nedo that of&s. The last two terms aim to make the structure
est neighbor in the relative location in the cube. of ¢, mimic that ofC{ ! andCI *1 which enforces the tem-
Further, we de ne aweight matriw/ s 2 M3 M3to  poral consistency. Further, the third term is the graph-signal
encode the temporal connectivities betweeandé{ 1 The smoothness prior, which enforces the internal structuig of
rows of W 1 correspond to points ig; and columns corre- to be smoqth With respect to the constructed spatial graph
spond to points in‘b{ 1 Speci cally, the weight inW ¢ 1 when merging information from three source cubes.

1. k| tive of (5) with respect t@, and setting the derivative 10,
Wi = (4)  we have the closed-form solution:

0; otherwise

t g —2 2 1
wherek | means nodek andl are temporally correspond- crr = + +2 1+ L)
ing points and thus connected. We set weigjhd each pair (—th n 26+ Wi 16{ 1, Wi CI +1 ):
of temporally connected points as the temporal correlation is (6)

strong for corresponding points.
It is the same for the construction of temporal connec- (5) is thus solved optimally and ef ciently. We replace
tivities betweernc; and c{ 1 Similarly, we de ne a weight the target cube with the resulting cube in the target frime

matrixW ¢ 41 to describe the temporal connections. which serves as the output.

3.4. Problem Formulation 4. EXPERIMENTS

Fl_nally, we cast dynar_mc _pomt clogd inpainting as an .opt|-4.1. Experimental Setup
mization problem, which is regularized by the graph-signal _
smoothness prior as mentioned in Section 2 and temporal coM/e evaluate the proposed method by testing on several 3D

sistency. Itis formulated as dynamic point cloud datasets from MPEG [29] and JPEG
min kc . ¢ (kK+ kc . 6kZ+ cfLc + Pleno [30], includind-ongdress, Loot, Redandblack, Soldier
Cr (5) andUlliwegner. We test on two types of holes: 1) real holes
ke, Wi 16{ 1k§ + ke, Wian e{ 1 k3 generated during the capturing process, which have no ground

(a) f=4 (b) =5 (c) =6 (d) =7 (e) =8 M =9 (g) =10 (h) =11 (i) =12
Fig. 4. Several frames of the inpainting results from different methodtdogdresswith the real holes magni ed.
4



(a) f=2 (b) =4 (c) =5 (d) =9 (e) =11 (H =13 (g) =16 (h) f=18 (i) f=21
Fig. 5. Several frames of the inpainting results from different methodSéddierwith the synthetic holes magni ed.

. . ) Table 1. Performance Comparison in GPSNR (dB)
truth; 2) synthetic holes on point clouds so as to compare wit

the ground truth. Meshlab [31] | Lozes[13] | Hu[17] | Proposed
Further, we compare our method with three competing al- Longdress 11.7926 30.3883 | 41.5686| 43.1301
gorithms forstatic 3D geometry inpainting, including Mesh- Loot 16.4451 27.3715 | 40.1546| 47.5648

lab [31], Lozeset aI.[1_3] and Huet al.[17]. We test the static Redandblack  13.1772 244810 | 33.9921| 39.0103
methods by performing them on each frame separately. Bé .

sides, as Meshlab is based on meshes, we convert point cloyds S°ldier 17.4697 23.1571 | 34.5062| 42.2980
to meshes via the Meshlab software [31] prior to testing the UlliWegner | 24.9424 31.5455 | 41.3037| 45.8411

method, and then convert the inpainted meshes back to point ) ) ;
clouds as the nal output. Table 2. Performance Comparison in NSHD 10 /)
4.2. Results on Point Cloud Inpainting Meshlab[31]| Lozes[13]] Hu[l7] | Proposed

L . . Longdress 24.8631 7.1362 29174 | 0.9131
Objective results. It is nontrivial to measure the geometry
difference of point clouds objectively. We apply the geomet{  Loot 14.1925 8.9410 | 3.1102 | 0.3549
ric distortion metrics in [32] and [8], referred to as GPSNR| Redandblack 22.8300 9.6233 | 5.9856 | 1.9324
and NSHD, respectively, as the metric for evaluation. The ggdier 17.1376 10.0044 | 52145 | 1.2057
higher GPSNR is and the lower NSHD is, the smaller the dif; Ulliwegner 11.2509 6.7370 19658 | 0.6362

ference between two point clouds is.
Table 1 and Table 2 show the average objective results
of the frames for each sequence with synthetic holes in GP-
SNR and NSHD, respectively. We see that our scheme oufor the real holes in Fig. 4 (a), which are fragmentary, the re-
performs all the competing methods in GPSNR and NSHDBsults of [13] exhibit arti cial contours, since it attempts to
signi cantly. Speci cally, in Table 1 we achieve 26.80 dB connect the boundary of the hole region with planar struc-
gain in GPSNR on average over Meshlab, 16.18 dB over [13jures without smoothing. However, the inpainted results are
and 5.26 dB over [17]. In Table 2, we produce much lowemot smooth in the local region, which indicates the tempo-
NSHD than the other methods, at least three times lower conmal inconsistency to some extent. In comparison, our results
pared to the next best method [17]. shown in row 3 of Fig. 4 demonstrate that our method is
Subjective results.Further, Fig. 4 and Fig. 5 demonstrate able to inpaint holes with appropriate geometry structure and
the subjective inpainting results for real and synthetic holessmoothness over the hole region. Besides, since we leverage
respectively. Due to the page limit, we show several reprethe inter-frame correlation, our inpainted regions show good
sentative frames compared with one competitive method [13Fonsistency across neighboring frames.



try

the contents look incoherent among the consecutive frameﬁ.4

In Fig. 5, we synthesize holes in the point cloud sequencfl2] F. Lozes, A. Elmoataz, and Oékoray, “Partial difference operators on
Soldier, with more complex and bigger holes than the real
holes in Fig. 4. We observe that [13] covers the missing
area with stripy geometry, which introduces wrong geomeif13]

around the holes compared to the ground truth. Also,

In comparison, our results shown in row 3 of Fig. 5 are al-

most the same as the ground truth, and exhibit consistency

weighted graphs for image processing on surfaces and point clouds,”
IEEE Transactions on Image Processingl. 23, no. 9, pp. 3896-909,
2014.

F. Lozes, A. EImoataz, and Oékoray, “PDE-based graph signal pro-
cessing for 3-D color point clouds : opportunities for cultural heritage,”
IEEE Signal Processing Magazineol. 32, no. 4, pp. 103-111, 2015.

] H. Lin and W. Wang, “Feature preserving holes lling of scattered

between neighboring frames. This gives credits to the intra1°!

frame self-similarity, the inter-frame consistency and graphm]

signal smoothness prior.

5. CONCLUSION

We propose a novel 3D dynamic point cloud inpainting
method. The key idea is to enforce both intra-frame self{1g]
similarity and inter-frame consistency in point cloud se-

guences. Given a target cube with holes inside, we propose

to ef ciently search for its intra-frame self-similar cube and
inter-frame corresponding cubes. We then cast dynamic poirLFtQ]

cloud inpainting as a quadratic programming problem, based

(17]

on the searched source cubes and regularized by the graph-
signal smoothness prior. Experimental results show that ouf”
algorithm signi cantly outperforms three competing meth-

ods. Future works include the extension to inpainting the at[-21

tributes of dynamic point clouds.
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