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ABSTRACT effective and efficient compression schemes have to be-devel

Sparse signal representation has proven to be an extremélf€d due to limited network bandwidth and storage space [1],
powerful tool in a wide range of engineering applications[2]: The acquired data may be defective due to occlusion or
However, most of the existing techniques are designed fdPther factors (e.g., noise and holes), and thus, prepriogess
regular data (such as audio signals and images/videos) thperations have to be performed to restore it [3].

uniformly lies in regular Euclidian spaces. This paper aims Asin [2, 4, 5, 6, 7], we adopt the voxel based representa-
at extending sparse representation for irregular datén(asc tion for unstructured 3D point clouds, that is, with a given
colors of 3D point clouds) that is defined on irregular dorsain stepsize 3D coordinates are quantized to regular and axis-
embedded in Euclidean spaces. Dealing with the irregulaaligned 3D grids of dimensiong” x 2& x 2L where L is
structure of such data via a virtual adaptive sampling prothe level. A voxel is saicbccupied, if it contains at least
cess, we formulate sparse representation &g-@morm regu- one point. The geometry of a voxel is an unsigned integer
larized optimization problem. Experimental results shoatt triple v € R3*! corresponding to the 3D coordinate of the
the proposed algorithm outperforms the state-of-thelga-a  voxel corner, and the attributes, the average value of those
rithm to a large extent: with the same number of nonzero coef included points. Arunoccupied voxel is transparent and
efficients, we improve the reconstruction quality up to 5 dB;devoid of other properties. Voxelized 3D point clouds can
conversely, fixing the reconstruction quality, our methedss be efficiently organized and encoded using an octree struc-
only 55% coefficients. Using compressive sensing theory, wure [8]. Besides, fast techniques for producing and render
provide an intuitive explanation on how and why our algo-such data have been developed [9].

rithm works well in practice. Sparse representation (SR) has proven to be an extremely

Index Terms— 3D point cloud, voxelization, sparse rep- powerful tool for acquiring, representing and compressing

resentation, compressive sensing, compression, reacnstr high-dimensional signals. With SR, a signal is written as a
tion linear combination of only a few atoms from a pre-specified

basis or dictionary. The sparsity principle plays an imaott
role in data modeling that is a crucial step for performing
various operations such as restoration, compression,ror fo

A 3D point cloud consists of a set of 3D coordinates indicatSCVing inverse problems. Therefore, techniques expigiti

ing the locations of points, along with one or more attrisute the sparsity of signals in a transform domain or dictionary
(e.g., colors and normals) associated with each point, which@ve been popular in signal processing, ranging from the
can be used for representing 3D objects and scenes. Rec&ifurier transform, discrete cosine transform (DCT), and
developments in 3D acquisition (e.g., computer visionjcstr wavelet transform to redundz_anf[ dictionaries [10]. In pz_lrtl _
tured light and time of flight based depth sensors, etc.) makglar, SR over a redundant dictionary has shown promise in
it relatively easy to obtain highly detailed 3D point clouds Various applications [11], such as denoising, classibeati
This kind of data is becoming popular in emerging applica-SUPer resolution, restoration, and compression, justiters
tions such as augmented reality, gaming, 3D telepresende, a'®W-

immersive communications, since it allows free-view point  Mativation: It is natural and highly desirable to bring the
rendering, adapts to represent objects of complex topplogyecent advances in SR techniques to 3D point clouds to ad-
and is computationally efficient. In spite of its popularity dress the above-mentioned issues and others. However, it is
some fundamental issues still exist, diminishing the use oot a straightforward extension since heretofore these-alg
such data. For example, it is common that a point cloud cordthms have worked only with signals that are uniformly sam-
tains millions of points, leading to huge amounts of data, s@led in regular Euclidean spaces (e.g., audios, images, and

1. INTRODUCTION
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videos), while 3D point cloud data does not exhibit such char 3. THE PROPOSED ALGORITHM

acteristic [12]. Specifically, taking images as an example,

since pixels araniformly distributed in a regular 2D grid, As discussed in Section 1, the major technical challenge of
with a predefined patch sizgp x ,/p arbitrarily extracted SR-based modeling of a voxelized 3D point cloud arises from
patches can be respectively reorganized as vectoriallsigna its irregularity (or non-uniformity): for a certain 3D bleof
RP*!, and then sparsely coded over a basis/redundant dictigizek x k x k, some voxels are occupied, while the others are
nary of dimensiorR?*!. However, for a voxelized 3D point empty; moreover, the number of occupied voxels are spatial
cloud, although the overall voxel set lies in a regular 3@igri varying. Such an irregular characteristic can be viewed as a
the set of occupied voxels i®n-uniformly distributed in the  Virtual adaptive sampling process, i.e.,

space. As aresult, the dimensions of vectorial signals eefin x; = S, 1)

on the occupied voxels in eveky x k x k block of voxels ’

vary from block to block. Thus, the SR for 3D point clouds is Wherex; € R"** consists of colorsof occupied voxels of
more challenging. thei-th block,y; € R* *! is a virtual signal, containing col-

In this paper we focus on attributes on 3D point clouds©'s of all voxels under the assumption that all voxels of the

. 3 .
such as colors and normals. Without loss of generality, we ug~th block are occupieds; < R”ka (ni < k?)is a down-
color attributes (in RGB or YUV color spaces) as an exampleS@mpling matrix, i.e., the identity matrix with reduced sow
We propose a very effective method to represent sparsely tf@esponding to unoccupied voxels of thth block, andn;
colors on voxelized 3D point clouds. We employ a virtualS the number of occupied voxels in thh block. Gener-
adaptive sampling process to deal with the irregular strect @lly, colors within a small 3D block change little, i.e., ey
so that the task can be elegantly formulated agarormreg- & Ioca_llly smooth characteristic, indicating thatis a com-
ularized optimization problem, i.e., pursuit of the sparee ~ Pressible signal. Thus, we further assume hatan be trans-
efficients with respect to an overcomplete dictionary. Expe formed into approximately sparse coefficieats: R 1 by
imental results demonstrate its effectiveness and sujtgrio a full-rank basisb € R* **",i.e.,
over the state-of-the-art method. We believe such an @féect y; = ®c;. 2

algorithm can contribute to 3D point cloud compression anqiurthermore, we formulate an optimization problem to re-
other processing like denoising and restoration. cover the coefficients:

The rest of this paper is organized as follows. Section 2 ) 1 Y )
reviews several existing algorithms followed by the pragabs f{%lr}lz lleillo subject to DIk = Si®eill3 < e (3)
algorithm in Section 3. Experimental results are shown in =1 =1
Section 4. Section 5 provides an intuitive explanation ® thwhere N is the number of occupied blocksjs the approx-
proposed algorithm based on compressive sensing theery. Fination error, controlling the sparsity of, and|| - ||o is the
nally, Section 6 concludes this paper and points out dmasti  ¢,-norm of vector, counting the number of nonzero elements
for future work. of the input. Note thaB, can be adaptively determined only
using the geometric data so there is no overhead needed to
2. RELATED WORK recordS,. TakingS;® as a whole, i.e®; = S,® € R™*+’
(n; < k3), we can see that Eq. (3) is consistent with the

. ) well-known problem of SR over an overcomplete (or redun-
There are several methods proposed to obtain approximatelyyny) dictionary, the overcompleteness of which can aehiev

sparse coefficients of colors on voxelized 3D point clouds iny ,5re flexible. more stable. more robust. or more compact
the transform domain for compression purposes. Zlehal expression for signals.

[4] applied the graph transform (GT) to decorrelate suchdat "\« consider two types of basis (1) the DCT basis, i.e.,

that is, a graph was formed for the occupied voxels withing, o kronecker product of three 1D DCT of length« k: (2)

a 3D block, and the graph Laplacian matrix was obtaineghe GT basis over all voxels of a block, whose weight matrix
via the inverse distance (ID) model, whose eigenvector mag yefined by the inverse distance model, i.e.

trix was further used as the transform matrix. Queiroz and

Chou [1] proposed a region-adaptive hierarchical tramsfor o { 1/d(vi,vj), if0<d(vi,v;) < dmas )
(RAHT), which is a hierarchical sub-band transform that re- wo 0, otherwise,
sembles an adaptive variation of a Haar wavelet. RAHT is _ _ )

more computationally efficient than GT while achieving com-Whered(v;, v;) is the Euclidean distance between two vox-
parable performance to GT. Cohehal. [5] extended the €S- o )

well-known shape adaptive DCT (SA-DCT) [13] designed  For simplicity, we employ the widely-used Orthogonal
to code arbitrarily shaped regions in images to voxelized 3Matching Pursuit (OMP) algorithm [14] to solve (3) in a
point clouds. Note that the bases of these four algorith®s ar 1jere, we consider only a single color channel. The other tanoels
orthogonal. can be processed in the same way.
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Fig. 1. Some test 3D point clouds rendered in a specific viewAfayew (279664, 4072). (bPavid (330797, 5109). (cphil
(371313,5732). (dRicardo (207242, 3053). (eBoy (55489, 2411). (fChristos (155720, 3337). (gpimitris (131187, 3734).
For each model, the two numbers indicate the numbers of eedwpxels and occupied 3D blocks, respectively.

(2)

block-by-block manner. Since th&/-term approximation We further partitioned the voxel cube of sizé2 x 512 x 512
behavior (i.e., the error or quality obtained when représgn into 64 x 64 x 64 blocks each of siz8 x 8 x 8.

a signal withM nonzero coefficients) of different blocks may We compared the proposed algorithm with two recent
be different, one can further improve the sparsity by sg@vin methods, i.e., GT [4] and Modified SA-DCT [5]. For GT

(3) inits Lagrangian form, i.e., and the proposed algorithm, we tested them under different
N N graph structures corresponding different bases by respec-
1 i inad2 ifi -
min - Z i — S;®c;|2 + )‘Z lcilo, (5) tively settlngd,,m tol,2,3. _For GT and Modified SA D(;T,
{ei} 24— = hard thresholding was applied to obtain exactly sparsdicoef

cienté. Following existing works in SR, th&/-term approx-
where) > 0 is a penalty parameter, controlling the sparsityimation is adopted to evaluate different algorithms, where
of ¢;: the larger the value of is, the sparser the vectoris.  the value of M is normalized by the number of occupied
The problem in (5) is equivalent to the summation of multiplevoxels and is denoted as, and the reconstruction quality

independent univariate minimization problems: is measured by peak signal-to-noise ratio (PSNR). A better
N ) algorithm is one that requires fewer nonzero coefficients at
Z min 5 i — Si®ci||2 + Alcilo, (6) the s_ame reconstruction quall'_cy.
= Figure 2 shows the experimental results, where the val-

and the subproblems can be separately solved using the €S 0f PSNR ang. correspond to the average of three color
erative hard thresholding algorithm or more advanced proxichannels, and we can observe that: (1) our algorithm is al-

mal methods and alternating direction method of multiglier Ways better than the other two algorithms on all seven point
(ADMM) [15]. clouds, and the superiority becomes more obvious with the

reconstruction quality increasing; (2) fBiavid andRicardo,
our algorithm is comparable to GT at low and medium recon-
4. EXPERIMENTAL RESULTS struction quality, and becomes better but not significaatly
) . ) higher quality since the textures of these two point clouds a
We have carried out gxper_lments using frames extracted fro'ﬁhite smooth, and GT can decorrelate them very well: (3) the
sequences of dynamic point cloud data sets: four human Upgformance of our algorithm is only slightly reduced whiie t
per body frames, i.eAndrew, David, Phil, andRicardo [16], i crease ofi,,.., indicating that it is more insensitive to the
which have been captured according to [9], and three humagyanh, structure than GT; our algorithm produces comparable
full body frames, i.e.Christos, Dimitris [17], andBoy?. F|g_— erformance under the two types &f (4) the performance
ure 1 shows the test data. The seven frames were voxelized BY \1odified SA-DCT is much worse than others, and the rea-
settingL to 9, which yields @12 x 512 x 512 voxel spac& o is that too many unoccupied voxels were filled using ze-
ros, leading to many more high frequency transform coeffi-

2http://www.kscan3d.com/gallery/

3The four human upper body frames provided in the dataset bees
voxelized using the real-time high resolution sparse \pagbn algorithm 4Thresholding yields the bedi/-term approximation of a signal with re-
[9]. spect to an orthonormal basis.
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Fig. 2. Comparison of the proposed algorithm with two state-efdint algorithms in terms of/-term approximation perfor-
mance. Note that. (%) is computed as the the ratio of the number of nonzero oisfiis to the number of occupied voxels.
(a) Legend. (bAndrew. (c) David. (d) Phil. (e)Ricardo. (f) Boy. (g) Christos. (h) Dimitris.

cients; the higher compression performance by the Modified Remark: According to CS theory, we can conclude that
SA-DCT based codec compared to the GT-based codec showfrthe RIP holds forS; ®, the optimized sparse coefficients
in [5] may have benefited from the intra prediction. Alterna-can represent; very well, and likewisex; sincex; is a subset
tively, the Modified SA-DCT can be effective only when usedof y;. Moreover, we only care about whethercan be well
together with a intra prediction. represented instead gf, which is different from the goal of
CS to recover the unknown original signal, and thus, much
>. DISCUSSION sparser coefficients in (3) can be expected, although the RIP

In this section, we intuitively explain why the proposed al-'S ot completely satisfied in practice.

gorithm works using compressive sensing (CS) theory [18], 6. CONCLUSION AND FUTURE WORK
[19], [20].

Consider a sparse or approximately sparse Vestof e have presented a very effective algorithm to sparsely rep
R™*!. Letg = Pa € R™*! (m < n) be the measure- resent colors on unstructured 3D point clouds. We adopt a
ment of o via a random measurement (or sensing) matrix;irtyal adaptive sampling process to bridge elegantly te g
¥ e R™*". CS theory states that if the restricted isome-petween the advanced SR techniques for regular signals and
try property (RIPj holds for®, then a reconstruction @k ynstructured 3D point clouds. Moreover, the proposed al-

can be obtained by solving gorithm can be intuitively explained by compressive semsin
& = argmin ||al|o subject to g = Par. (7) theory. Experimental results demonstrate its superiongr
@ state-of-the-art methods. Specifically, the proposedrihgo
Also, the solutior&x to (7) obeys produces up to 5 dB higher reconstruction quality using the

same number of nonzero coefficients or the same reconstruc-

la—alls < C-la—ayll1/y/qand [[a—all; < C-|la—ag4|1  tion quality using up to 45% fewer nonzero coefficients.

(8) In the future, we would like to explore the potential of the
for some constant’, whereq, is the vectorae with all but  proposed algorithm along the following directions:
the largest; elements (in magnitude) set to 0.dfis g-sparse (1) Using dictionary learning techniques to obtain data-con
(i.e., has at most nonzero entrieg < m), thena = a; and  tent adaptive transform matricds
thus the recovery is exact. di is not strictg-sparse, then (8) (2) Integrating the proposed algorithm with other techeigju
asserts that the quality of the recovered signal is as goid assuch as quantization, entropy coding, and predictive @pdin
one knew ahead of time the location of thirgest values of to develop a complete codec for compressing static/dynamic
« and decided to measure those directly. point clouds; and

SWe refer readers to [21] for the rigorous definition of RIRultively (3) Denoising the attributes and inpainting the attributés

speaking, the RIP is to say that all subsetsrotolumns taken from¥ are h0|e§ or dar_naged _parts on point clouds (assuming the geom-
nearly orthogonal. etry is first filled using existing methods, e.g., [22]).
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