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Abstract
State-of-the-art methods for clustering data
drawn from a union of subspaces are based on
sparse and low-rank representation theory and
convex optimization algorithms. Existing re-
sults guaranteeing the correctness of such meth-
ods require the dimension of the subspaces to be
small relative to the dimension of the ambient
space. When this assumption is violated, as is,
e.g., in the case of hyperplanes, existing meth-
ods are either computationally too intensive (e.g.,
algebraic methods) or lack sufficient theoretical
support (e.g., K-Hyperplanes or RANSAC). In
this paper we provide theoretical and algorithmic
contributions to the problem of clustering data
from a union of hyperplanes, by extending a re-
cent subspace learning method called Dual Prin-
cipal Component Pursuit (DPCP) to the multi-
hyperplane case. We give theoretical guarantees
under which, the non-convex `1 problem asso-
ciated with DPCP admits a unique global min-
imizer equal to the normal vector of the most
dominant hyperplane. Inspired by this insight,
we propose sequential (RANSAC-style) and it-
erative (K-Hyperplanes-style) hyperplane learn-
ing DPCP algorithms, which, via experiments on
synthetic and real data, are shown to outperform
or be competitive to the state-of-the-art.

1. Introduction
1.1. Hypeprlane clustering

Subspace clustering, the problem of clustering data drawn
from a union of linear subspaces, is an important problem
in machine learning, pattern recognition and computer vi-
sion (Vidal et al., 2016). A particular case of this prob-
lem is hyperplane clustering, which arises when the data
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lie in a union of hyperplanes, as in, e.g., projective motion
segmentation (Vidal et al., 2006), 3D point cloud analysis
(Sampath & Shan, 2010) and hybrid system identification
(Vidal et al., 2003; Bako, 2011). Even though in some ways
hyperplane clustering is simpler than general subspace
clustering, since, e.g., the dimensions of the subspaces
are equal and known a priori, modern self-expressiveness-
based methods (Liu et al., 2013; Lu et al., 2012; Elhamifar
& Vidal, 2013; Wang et al., 2013; You et al., 2016), in prin-
ciple do not apply in this case, because they require small
relative subspace dimensions d/D, where d,D are the di-
mensions of the subspace and ambient space, respectively.

From a theoretical point of view, one of the most appro-
priate methods for hyperplane clustering is Algebraic Sub-
space Clustering (ASC) which gives closed-form solutions
by means of factorization or differentiation of polynomi-
als (Vidal et al., 2005). However, the main drawback of
ASC is its exponential complexity1, which makes it im-
practical in many settings. Another method that is theoret-
ically justifiable for clustering hyperplanes is Spectral Cur-
vature Clustering (SCC) (Chen & Lerman, 2009), which
computes a D-fold affinity between all D-tuples of points
in the dataset. As in the case of ASC, SCC has combina-
torial complexity and becomes cumbersome for large D.
On the other hand, the intuitive classical method of K-
Hyperplanes (KH) (Bradley & Mangasarian, 2000), which
alternates between assigning clusters and fitting a new nor-
mal vector to each cluster with PCA, is perhaps the most
practical method for hyperplane clustering, since it is sim-
ple to implement and it is robust to noise. However, KH
is sensitive to outliers and is guaranteed to converge only
to a local minimum; hence multiple restarts are in gen-
eral required. Median K-Flats (MKF) (Zhang et al., 2009)
shares a similar objective function as KH, but uses the `1-
norm instead of the `2-norm, in an attempt to gain robust-
ness to outliers. The minimization is done via a stochastic
gradient descent scheme, and searches directly for a ba-
sis of each subspace, which makes it slower to converge
for hyperplanes. Finally, any single robust subspace learn-
ing method suitable for high relative dimensions, such as
RANSAC (Fischler & Bolles, 1981) or REAPER (Lerman
et al., 2015), can be applied either i) in a sequential fashion

1The issue of robustness to noise for ASC has been recently
addressed in Tsakiris & Vidal 2015b; 2017c.
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by first learning the most dominant hyperplane, removing
the points lying close to it, learning the second most domi-
nant hyperplane, and so on, or ii) in an iterative fashion, by
assigning points to clusters, fitting a hyperplane per cluster,
reassigning the points to new clusters and so on.

1.2. Dual principal component pursuit

Dual Principal Component Pursuit (DPCP) (Tsakiris &
Vidal, 2015a; 2017a) is an `1 single subspace learning
method, which aims at recovering the orthogonal comple-
ment of the subspace in the presence of outliers, and as such
it is particularly suited for hyperplanes. DPCP searches for
the normal vector to a hyperplane by solving a non-convex
`1 minimization problem on the sphere, or a recursion of
linear programming relaxations, and under certain condi-
tions, the normal to the hyperplane is the unique global so-
lution to this non-convex `1 problem, as well as the limit
point of the LP recursion. Motivated by the robustness of
DPCP to outliers, one could naively use it for hyperplane
clustering by recovering the normal vector to a hyperplane
one at a time, while treating points from other hyperplanes
as outliers. However, such a scheme is not a priori guar-
anteed to succeed because the assumptions in the theorems
of correctness of DPCP assume that outliers are uniformly
distributed on the sphere, an assumption which is violated
when the data come from a union of hyperplanes.

1.3. Paper contributions

In this paper we provide a theoretical analysis of the non-
convex `1 DPCP problem for data drawn from a union
of hyperplanes. We show that as long as the hyperplanes
are sufficiently separated, the dominant hyperplane is suffi-
ciently dominant and the points are uniformly distributed
(in a deterministic sense) inside their associated hyper-
planes, the normal vector of the dominant hyperplane is the
unique (up to sign) global minimizer of the DPCP problem.
This suggests a DPCP-based sequential hyperplane learn-
ing algorithm, which uses DPCP to compute a dominant
hyperplane, then a second dominant hyperplane and so on.
Experiments on synthetic data show that this DPCP-based
algorithm significantly improves over similar sequential al-
gorithms, which are based on RANSAC or REAPER. Fi-
nally, 3D plane clustering experiments on real 3D point
clouds show that an iterative (KH-style) DPCP scheme is
very competitive to RANSAC, which is the predominant
state-of-the-art method for such applications.

2. Preliminaries
2.1. Data model and the hyperplane clustering problem

Consider given a collection X = [x1, . . . ,xN ] ∈ RD×N

of N points of the unit sphere SD−1 of RD, that lie in a

union (arrangement) A of n hyperplanes H1, . . . ,Hn of
RD, i.e., X ⊂ A =

⋃n
i=1Hi, where each hyperplane Hi

is the set of points of RD that are orthogonal to a normal
vector bi ∈ SD−1, i.e.,Hi =

{
x ∈ RD : x>bi = 0

}
, i ∈

[n] := {1, . . . , n}. We assume that the data X lie in gen-
eral position inA, by which we mean two things. First, we
mean that there are no linear relations among the points
other than the ones induced by their membership to the
hyperplanes. In particular, every (D − 1) points coming
from Hi form a basis for Hi and any D points of X that
come from at least two distinct Hi,Hi′ are linearly inde-
pendent. Second, we mean that the points X uniquely de-
fine the hyperplane arrangement A, in the sense that A is
the only arrangement of n hyperplanes that contains X .
This can be verified computationally by checking that there
is only one up to scale homogeneous polynomial of degree
n that fits the data, see Vidal et al. 2005; Tsakiris & Vidal
2017c for details. We assume that for every i ∈ [n], pre-
cisely Ni points of X , denoted by X i = [x

(i)
1 , . . . ,x

(i)
Ni

],
belong to Hi, with

∑n
i=1Ni = N . With that notation,

X = [X 1, . . . ,Xn]Γ, where Γ is an unknown permuta-
tion matrix, indicating that the hyperplane membership of
the points is unknown. Moreover, we assume an ordering
N1 ≥ N2 ≥ · · · ≥ Nn, and we refer to H1 as the domi-
nant hyperplane. After these preparations, the problem of
hyperplane clustering can be stated as follows: given the
data X , find the number n of hyperplanes associated to X ,
a normal vector to each hyperplane, and a clustering of the
data X =

⋃n
i=1 X i according to hyperplane membership.

2.2. Review of dual principal component pursuit

Dual Principal Component Pursuit (DPCP) (Tsakiris & Vi-
dal, 2017a) is a robust single subspace learning method.
Given unlabeled data X , which consist of inliers in a sin-
gle subspace S of RD of dimension d < D, together with
outliers to the subspace, DPCP computes a basis for the
orthogonal complement of the inlier subspace S. The key
idea of DPCP is to identify a single hyperplaneH with nor-
mal vector b that is maximal with respect to the data X .
Such a maximal hyperplane is defined by the property that
it must contain a maximal number of points NH from the
dataset, i.e., NH′ ≤ NH for any other hyperplane H′ of
RD. Notice that such a maximal hyperplane can be charac-
terized as a solution to the combinatorial problem

min
b

∥∥∥X>b∥∥∥
0

s.t. b 6= 0, (1)

since
∥∥∥X>b∥∥∥

0
is the number of non-zero entries of X>b,

which is precisely the number of data points in X that lie
outside the hyperplane defined by b. If S is a hyperplane,
i.e., dimS = D−1, and if there are at least dimS+1 = D
inliers, it is straightforward to show that (1) has a unique
up to scale global minimizer, the normal vector to the inlier
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hyperplane. Since (1) is hard to solve, we relax it to

min
b

∥∥∥X>b∥∥∥
1

s.t. ‖b‖2 = 1, (2)

which is still challenging to solve, since it is a non-smooth
non-convex optimization problem on the sphere. Problem
(2) has appeared several times in the literature (Späth &
Watson, 1987; Spielman et al., 2013; Qu et al., 2014; Sun
et al., 2015). In fact, Späth & Watson 1987 proved the
following fascinating result.

Proposition 1 (Späth & Watson, 1987) Let X be a D×N
matrix of rank D. Then any global minimizer of (2) must
be orthogonal toD−1 linearly independent columns of X .

Proposition 1 establishes an encouraging property of prob-
lem (2) towards recovering the normal vector of the inlier
hyperplane as its global minimizer. Indeed, it would suf-
fice that the D − 1 linearly independent points of X that
a global minimizer is orthogonal to, be points of the inlier
hyperplane. Even though a priori it is not clear under what
conditions this is the case, Tsakiris & Vidal 2015a provided
an answer, informally stated as follows.

Proposition 2 (Tsakiris & Vidal, 2015a) Suppose that the
inliers are sufficiently uniformly distributed (in a determin-
istic sense defined in Grabner et al. 1997) inside the inter-
section of the inlier hyperplane and the (unit) sphere, and
that the outliers are sufficiently uniformly distributed on the
sphere. Then (2) has a unique up to sign global minimizer,
equal to the normal vector of the inlier hyperplane.

It was further shown in Tsakiris & Vidal 2015a that under
the conditions of Proposition 2, and assuming that n̂0 is a
unit `2-norm vector sufficiently far from the inlier hyper-
plane, the recursion of linear programs

nk+1 := argmin
b>n̂k=1

∥∥∥X>b∥∥∥
1
, (3)

will converge in a finite number of iterations to the global
minimizer of (2).2

2.3. Hyperplane clustering via DPCP?

Given the discussion in §2.2, the DPCP problem (2) seems
a natural mechanism towards retrieving the normal vectors
to the hyperplanes associated with a dataset X lying in
a hyperplane arrangement. Indeed, one may be tempted
to solve problem (2) for such a dataset with the hope of
obtaining a unique global minimizer, which is orthogonal
to one of the underlying hyperplanes. In this case, points

2Remarkably, (3) was first proposed in Späth & Watson 1987
as a means of solving (2), and it was established that it converges
in a finite number of iterations to a critical point of (2).

coming from the remaining hyperplanes are treated as out-
liers. Such an idea would give rise to sequential and iter-
ative DPCP hyperplane clustering algorithms as described
in §1.1. A sufficient condition for the correctness of this
procedure would be that the global minimizer of the DPCP
problem (2) be orthogonal to the inlier subspace. However,
the conditions for this to be the case do not immediately
follow from the work of Tsakiris & Vidal 2015a, since in
the case of hyperplane clustering the outliers lie in a union
of n − 1 hyperplanes, and thus can not be uniformly dis-
tributed on the sphere, as the conditions of Tsakiris & Vidal
2015a require. The rest of the paper is devoted to provid-
ing such theoretical guarantees (§3), as well as introducing
DPCP-based hyperplane clustering algorithms (§4).

3. Theoretical Contributions
3.1. Theoretical analysis of the continuous problem

As it turns out, one can gain important insights about the
analysis of the DPCP problem (2) for data in a hyperplane
arrangement, by first analyzing a certain continuous prob-
lem. To see what that problem is, let Ĥi = Hi∩SD−1, and
note first that for any b ∈ SD−1 we have

1

Ni

Ni∑
j=1

∣∣∣b>x(i)
j

∣∣∣ ' ∫
x∈Ĥi

∣∣∣b>x∣∣∣ dµĤi
, (4)

where the LHS of (4) is precisely 1
Ni

∥∥∥X>i b∥∥∥
1

and can be
viewed as an approximation (') via the point set X i of
the integral on the RHS of (4), with µĤi

denoting the uni-
form measure on Ĥi. Letting θi be the principal angle be-
tween b and bi, i.e., the unique angle θi ∈ [0, π/2] such
that cos(θi) = |b>bi|, and πHi : RD → Hi the orthogonal
projection ontoHi, we have for any x ∈ Hi that

b>x = b>πHi
(x) = (πHi

(b))
>
x (5)

= h>i,bx = sin(θi)ĥ
>
i,bx, (6)

with hi,b := πHi
(b) and ĥi,b := hi,b/ ‖hi,b‖2. Hence,∫

x∈Ĥi

∣∣∣b>x∣∣∣ dµĤi
=

[∫
x∈Ĥi

∣∣∣ĥ>
i,bx

∣∣∣ dµĤi

]
sin(θi) (7)

=

[∫
x∈SD−2

|x1|dµSD−2

]
sin(θi) = c sin(θi), (8)

c being the average height of the unit hemisphere of RD−1.
We can now view the objective function of (2),

∥∥∥X>b∥∥∥
1

=

n∑
i=1

∥∥∥X>i b∥∥∥
1

=

n∑
i=1

Ni

 1

Ni

Ni∑
j=1

∣∣∣b>x(i)
j

∣∣∣
 , (9)
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as an approximation via X of the function J (b) :=

n∑
i=1

Ni

(∫
x∈Ĥi

∣∣∣b>x∣∣∣ dµĤi

)
(8)
=

n∑
i=1

Ni c sin(θi). (10)

In that sense, the continuous counterpart of problem (2) is

min
b∈SD−1

J (b) := N1 sin(θ1) + · · ·+Nn sin(θn). (11)

Note that sin(θi) is the distance between the line
spanned by b and the line spanned by bi.3 Hence,
every global minimizer b∗ of problem (11) minimizes
the sum of the weighted distances of Span(b∗) from
Span(b1), . . . ,Span(bn), and thus represents a weighted
geometric median of these lines. Even though medians in
Riemmannian/Grassmannian manifolds are an active sub-
ject of research (Draper et al., 2014; Ghalieh & Hajja,
1996), we are not aware of any literature that studies (11).
The advantage of working with (11) instead of (2), is that
the global minimizers of (11) depend solely on the weights
Ni as well as on the geometry of the arrangement, captured
by the principal angles θij between bi and bj . In contrast,
the global minimizers of the discrete problem (2) will in
principle also depend on the distribution of the points X .
From that perspective, understanding when problem (11)
has as unique solution ±b1, is essential for understanding
the potential of (2) for hyperplane clustering. Towards that
end, we next provide a series of results pertaining to (11).4

The first configuration that we examine is that of two hy-
perplanes. In that case the weighted geometric median of
the two lines spanned by the normals to the hyperplanes
always corresponds to one of the two normals:

Proposition 3 Consider an arrangement of two hyper-
planes in RD with normal vectors b1, b2 and weightsN1 ≥
N2. Then the set B∗ of global minimizers of (11) satisfies:

1. If N1 = N2, then B∗ = {±b1,±b2}.

2. If N1 > N2, then B∗ = {±b1}.

When N1 > N2, problem (11) recovers the normal b1 to
the dominant hyperplane, irrespectively of how separated
the two hyperplanes are, since, according to Proposition
3, the principal angle θ12 between b1, b2 does not play a
role. The continuous problem (11) is equally favorable in
recovering normal vectors as global minimizers in another
extreme situation, where the arrangement consists of up to
D perfectly separated (orthogonal) hyperplanes:

Proposition 4 Consider n ≤ D hyperplanes in RD with
orthogonal normal vectors b1, . . . , bn, and weights N1 ≥
N2 ≥ · · · ≥ Nn. Then the set B∗ of global minimizers of
(11) can be characterized as follows:

3Recall that θi is a principal angle, i.e., θi ∈ [0, π/2].
4All proofs can be found at Tsakiris & Vidal 2017b.

1. If N1 = · · · = Nn, then B∗ = {±b1, . . . ,±bn}.

2. If N1 = · · · = N` > N`+1 ≥ · · ·Nn, for some ` ∈
[n− 1], then B∗ = {±b1, . . . ,±b`}.

Propositions 3 and 4 are not hard to prove, since for two hy-
perplanes the objective function is strictly concave, while
for orthogonal hyperplanes it is separable. In contrast, the
problem becomes harder for n > 2 arbitrary hyperplanes.
Even when n = 3, characterizing the global minimizers of
(11) as a function of the geometry and the weights seems
challenging. Nevertheless, when the three hyperplanes are
equiangular and their weights are equal, the symmetry of
the configuration allows us to analytically characterize the
median as a function of the angle of the arrangement.

Proposition 5 Consider three hyperplanes of RD, with
normal vectors b1, b2, b3 s.t. b>i bj = cos(θ) > 0, i 6= j,
and N1 = N2 = N3. Then the set B∗ of global minimizers
of (11) satisfies the following phase transition:

1. If θ > 60◦, then B∗ = {±b1,±b2,±b3}.

2. If θ = 60◦, then B∗ = {±b1,±b2,±b3,±µ}.

3. If θ < 60◦, then B∗ = {±µ},

where µ := (b1 + b2 + b3)/ ‖b1 + b2 + b3‖2.

Proposition 5, whose proof uses nontrivial arguments from
spherical and algebraic geometry, is particularly enlighten-
ing, since it suggests that the global minimizers of (11) are
associated to the normals of the underlying arrangement
when the hyperplanes are sufficiently separated, while oth-
erwise they seem to be capturing the median hyperplane of
the arrangement. This is in striking similarity with the re-
sults regarding the Fermat point of planar and spherical tri-
angles (Ghalieh & Hajja, 1996). However, when the sym-
metry in Theorem 5 is removed, our proof technique no
longer applies, and the problem seems even harder. Even
so, one intuitively expects an interplay between the angles
and the weights of the arrangement under which, if the hy-
perplanes are sufficiently separated and H1 is sufficiently
dominant, then (11) should have a unique global minimizer
equal to b1. Our next theorem formalizes this intuition.

Theorem 6 Consider n ≥ 3 hyperplanes in RD, with
normals b1, . . . , bn of pairwise principal angles θij and
weights Ni. Define an (n − 1) × (n − 1) matrix Θ with
(i − 1, j − 1) entry given by NiNj cos(θij), 1 < i, j ≤ n,
and maximum eigenvalue σmax(Θ). If

N1 >
√
α2 + β2, where (12)

α :=
∑
i>1

Ni sin(θ1i)−
√∑

i>1

N2
i − σmax (Θ) ≥ 0, (13)



Hyperplane Clustering via Dual Principal Component Pursuit

β :=

√∑
i>1

N2
i + 2

∑
i 6=j, i,j>1

Θi−1,j−1, and (14)

γ := min
j 6=1

∑
i 6=j

Ni sin(θij)−
∑
i>1

Ni sin(θ1i) > 0, (15)

then problem (11) admits a unique up to sign global mini-
mizer b∗ = ±b1.

Let us provide some intuition about the meaning of the
quantities α, β and γ in Theorem 6. To begin with, the
first term in α is precisely equal to J (b1), while the sec-
ond term in α can be shown to be a lower bound on the
objective function N2 sin(θ2) + · · · + Nn sin(θn), if one
discards hyperplane H1. Moving on, the quantity β/N1

admits a nice geometric interpretation: cos−1 (β/N1) is a
lower bound on how small the principal angle of a critical
point b† 6= ±b1 from b1 can be. Interestingly, the larger
N1, the larger this minimum angle is, which shows that
critical hyperplanes H† that are distinct from H1, must be
sufficiently separated from H1. Finally, the second term
in γ is J (b1), while the first term is the smallest objective
value that corresponds to b = bi, i > 1, and so (15) simply
guarantees that J (b1) < J (bi), ∀i > 1. Next, condition
N1 >

√
α2 + β2 of Theorem 6 is easier to satisfy when

H1 is close to the rest of the hyperplanes (which leads to
small α), while the rest of the hyperplanes are sufficiently
separated5 (which leads to small α and small β). Regard-
less, one can show that

√
2
∑

i>1Ni ≥
√
α2 + β2 and so if

N1 >
√

2
∑

i>1Ni, then any global minimizer of (11) has
to be one of the normals, irrespectively of what the angles
θij are. Finally, condition (15) is consistent with condi-
tion (12) in that it requires H1 to be close to Hi, ∀i > 1,
and Hi,Hj to be sufficiently separated for i, j > 1. Once
again, (15) can always be satisfied irrespectively of the θij ,
by choosing N1 sufficiently large, since only the positive
term in the definition of γ depends on N1.

3.2. Theoretical analysis of the discrete problem

We now study6 the discrete formulation of DPCP, i.e., prob-
lem (2), for the case where X = [X 1, . . . ,Xn]Γ, with X i

being Ni points inHi, as described in §2.1. For any i ∈ [n]

and b ∈ SD−1, we can write the quantity
∥∥∥X>i b∥∥∥

1
as

Ni∑
j=1

∣∣∣b>x(i)
j

∣∣∣ = b>
Ni∑
j=1

Sign
(
b>x

(i)
j

)
x
(i)
j (16)

= Ni b
>xi,b, xi,b :=

1

Ni

Ni∑
j=1

Sign
(
b>x

(i)
j

)
x
(i)
j (17)

5We emphasize that the interpretation of close and sufficiently
separated is relative to N1 and θ12, . . . , θ1n.

6More detailed arguments and proofs can be found in Tsakiris
& Vidal 2017b.

with xi,b being the average point of X i with respect to the
orthogonal projection hi,b := πHi(b) of b onto Hi. xi,b

can be viewed as an approximation to the vector integral∫
x∈Ĥi

Sign(b>x)x dµĤi
= c ĥi,b. (18)

This leads us to define the maximal approximation error

εi := max
b∈SD−1

∥∥∥xi,b − c ĥi,b

∥∥∥
2
, (19)

as b ranges over the entire unit sphere SD−1. Intuitively, the
more uniformly distributed the points X i are inside Ĥi, the
smaller εi is. This intuition can be formalized by means of
the spherical cap discrepancy (Grabner et al., 1997; Grab-
ner & Tichy, 1993) of X i, given by

SD(X i) := sup
C

∣∣∣∣∣∣ 1

Ni

Ni∑
j=1

IC
(
x
(i)
j

)
− µĤi

(C)

∣∣∣∣∣∣ . (20)

In (20) the supremum is taken over all spherical caps C of
the sphere Ĥi

∼= SD−2, where a spherical cap is the inter-
section of SD−2 with a half-space of RD−1, and IC(·) is the
indicator function of C, which takes the value 1 inside C and
zero otherwise. SD(X i) is a deterministic measure of the
uniformity of the point set X i. By adjusting an argument
of Harman 2010, one can show that

εi ≤
√

5SD(X i), ∀i ∈ [n], (21)

which confirms that uniformly distributed points X i cor-
respond to small εi. We note here that SD(X i) decreases
with a rate of (Dick, 2014; Beck, 1984)√

log(Ni)N
− 1

2−
1

2(D−2)

i . (22)

To state the main theorem of this section (Theorem 8) we
need a definition.

Definition 7 For a set Y = [y1, . . . ,yL] ⊂ SD−1 and
positive integer K ≤ L, define RY,K to be the maxi-
mum circumradius among the circumradii of all polytopes{∑K

i=1 αjiyji : αji ∈ [−1, 1]
}

, where j1, . . . , jK are dis-

tinct integers in [L], and the circumradius of a closed
bounded set is the minimum radius among all spheres that
contain the set. We now define the quantity of interest as

R := max
K1+···+Kn=D−1

0≤Ki≤D−2

n∑
i=1

RX i,Ki
. (23)

We note that it is always the case that RX i,Ki
≤ Ki, with

this upper bound achieved when X i contains Ki colinear
points. Combining this fact with the constraint

∑
iKi =

D − 1 in (23), we get that R ≤ D − 1, and the more uni-
formly distributed are the points X inside the hyperplanes,
the smallerR is (even thoughR does not go to zero).
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Theorem 8 Let b∗ be a global minimizer of (2) with X =
[X 1, . . . ,Xn]Γ, and suppose that c >

√
2ε1. If

N1 >

√
ᾱ2 + β̄2, where (24)

ᾱ := α+ c−1

(
ε1N1 + 2

∑
i>1

εiNi

)
, and (25)

β̄ := β + c−1
(
R+

∑
εiNi

)
, (26)

with α, β as in Theorem 6, and if

γ̄ := γ − c−1
(
ε1N1 + ε2N2 + 2

∑
i>2

εiNi

)
> 0, (27)

then problem (2) has a unique minimizer ±b1.

Notice the similarity of conditions N1 >
√
ᾱ2 + β̄2, γ̄ >

0 of Theorem 8 with conditions N1 >
√
α2 + β2, γ > 0

of Theorem 6. In fact ᾱ > α, β̄ > β and γ̄ < γ, which im-
plies that the conditions of Theorem 8 are strictly stronger
than those of Theorem 6. This is no surprise since, as we
have already remarked, the global minimizers of (2) depend
not only on the geometry {θij} and the weights {Ni} of the
hyperplane arrangement, but also on the distribution of the
data points (parameters εi and R). In contrast though to
condition (12) of Theorem 6, N1 now appears in both sides
of condition (24) of Theorem 8, which is however harm-
less: under the assumption c >

√
2ε1, (24) is equivalent

to the positivity of a quadratic polynomial in N1, whose
leading coefficient is positive, and hence (24) can always
be satisfied for sufficiently large N1. Another interesting
connection of Theorem 6 to Theorem 8, is that assuming
limNi→∞SD(X i) = 0, Theorem 6 can be seen as a limit
version of Theorem 8: dividing (24) and (27) byN1, letting
N1, . . . , Nn go to infinity while keeping each ratio Ni/N1

fixed, recalling thatR ≤ D − 1, and noting that in view of
(21) we have limNi→∞ εi = 0, we see that in the limit we
recover the conditions of Theorem 6.

Finally, a theorem of the same flavor gives conditions under
which (3) converges in a finite number of iterations to b1 or
−b1; see Theorem 7 in Tsakiris & Vidal 2017b.

4. Algorithmic Contributions
4.1. DPCP via iteratively reweighted least squares

Späth & Watson 1987; Tsakiris & Vidal 2015a propose
solving the non-convex problem (2) by means of the re-
cursion of convex optimization problems (3), referred to as
DPCP-r. This is computationally equivalent to a recursion
of linear programs, which can be solved efficiently by an
optimized LP solver such as GUROBI. However, these lin-
ear programs are in principle not sparse, which may render

the running time of this approach prohibitive for big-data
applications. To alleviate this issue, we solve (2) by stan-
dard Iteratively Reweighted Least Squares (IRLS) applied
to `1 minimization problems (Candès et al., 2008; Char-
trand & Yin, 2008; Daubechies et al., 2010; Lerman et al.,
2015). The resulting algorithm, referred to as DPCP-IRLS,
is dramatically faster than solving DPCP-r by GUROBI:
a MATLAB implementation on a standard MacBook Pro
with a dual core 2.5GHz processor and a total of 4GB cache
memory is able to handle 6000 points of R1000 in about
one minute, while in such a regime DPCP-r seems, as of
now, inapplicable. Moreover, the performance of DPCP-
IRLS, investigated in §5, suggests that DPCP-IRLS con-
verges most of the time to a global minimizer of (2); the
theoretical justification of this claim is ongoing research.

4.2. Hyperplane clustering algorithms via DPCP

Sequential Hyperplane Learning (SHL) via DPCP.
Since at its core DPCP is a single subspace learning method
(Tsakiris & Vidal, 2015a), we may as well use it to learn n
hyperplanes in the same way that RANSAC (Fischler &
Bolles, 1981) is used: learn one hyperplane from the entire
dataset, remove the points close to it, then learn a second
hyperplane, remove the points close to it, and so on. The
main weakness of this approach is well known, and con-
sists of its sensitivity to a thresholding parameter, which is
necessary in order to be able to remove points.

To alleviate the need of knowing a good threshold, we pro-
pose to replace the process of removing points by a process
of appropriately weighting the points. In particular, sup-
pose we solve the DPCP problem (2) on the entire dataset
X and obtain a unit `2-norm vector b1. Now, instead of
removing the points of X that are close to the hyperplane
with normal vector b1 (which would require a threshold
parameter), we weight each and every point xj of X by its

distance
∣∣∣b>1 xj

∣∣∣ from that hyperplane. Then to compute a
second hyperplane with normal b2 we apply DPCP on the
weighted dataset

{∣∣∣b>1 xj

∣∣∣xj

}
. To compute a third hyper-

plane, the weight of point xj is chosen as the smallest dis-
tance of xj from the already computed two hyperplanes,

i.e., DPCP is now applied to
{(

mini=1,2

∣∣∣b>i xj

∣∣∣)xj

}
.

After n hyperplanes have been computed, the clustering
of the points is obtained based on their distances to the n
hypeprlanes. We note here that the theoretical correctness
of this weighted sequential scheme does not follow auto-
matically from the theory presented in this paper, since the
latter applies only to unit `2-norm points; studying DPCP
for weighted points is ongoing research.

Iterative Hyperplane Learning (IHL) via DPCP. An-
other way to do hyperplane learning and clustering via
DPCP is to modify the classic K-Hyperplanes, which we
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will be referring to as IHL-SVD (Bradley & Mangasarian,
2000; Tseng, 2000; Zhang et al., 2009) (see §1.1) by com-
puting the normal vector of each cluster by DPCP, instead
of, e.g., SVD; see §5.2 for more details. The resulting al-
gorithm, IHL-DPCP, minimizes (up to a local minimum)
the sum of the distances of the points to the estimated hy-
perplane arrangement, which corresponds to replacing the
`2-norm in the objective of IHL-SVD with the `1-norm,
precisely as in the case of MKF (Zhang et al., 2009).

5. Experimental Evaluation
5.1. Experiments using synthetic data

We evaluate SHL-DPCP (§4) using synthetic data, and
compare it with similar algorithms, where instead of solv-
ing the DPCP problem (2) (either via DPCP-r or via DPCP-
IRLS), one uses REAPER or RANSAC.7 For fairness,
RANSAC does not remove any points as it sequentially
learns the hyperplanes, rather it selects them randomly us-
ing the probability distribution induced by weights defined
in a similar way as in §4. Moreover, it is configured to
run at least as long as DPCP-r, which uses a maximum
of 20 iterations in (3), while REAPER and DPCP-IRLS
use a maximum of 100 iterations and convergence accu-
racy 10−3. The ambient dimension is set to D = 4, 9, 30,
as inspired by major applications where hyperplane ar-
rangements appear, e.g., D = 4 in 3D point cloud anal-
ysis (in homogeneous coordinates), and D = 9 in two-
view geometry (Cheng et al., 2015). For each choice of D
we randomly generate n = 2, 3, 4 hyperplanes and sam-
ple them as follows. Given n, we set N = 300n, with
Ni = αi−1Ni−1, i > 1, where α ∈ (0, 1] is a parameter
that controls the balancing of the clusters: α = 1 means
the clusters are perfectly balanced, while smaller values
of α lead to less balanced clusters. We set α = 0.6 (for
α = 0.8, 1 see Tsakiris & Vidal 2017b). Each cluster is
sampled from a zero-mean unit-variance Gaussian distri-
bution with support in the corresponding hyperplane. To
make the experiment more realistic, we corrupt points from
each hyperplane by adding white Gaussian noise of devia-
tion σ = 0.01 with support in the direction orthogonal to
the hyperplane. Moreover, we corrupt the dataset by adding
M/(M + N) = 10% outliers sampled from a standard
zero-mean unit-variance Gaussian distribution supported in
the ambient space, where M is the number of outliers.

The left column of Figure 1 plots the clustering accuracy
over 50 independent experiments as a function of the rela-
tive dimension (D − 1)/D and the number of hyperplanes
n. As expected, the performance degrades as either the rel-

7We have compared with methods such as SCC or MKF, how-
ever we do not report on these methods since they perform signif-
icantly more inferior to RANSAC, REAPER or DPCP.

ative dimension or the number of hyperplanes increases.
There are at least two interesting things to notice. First,
RANSAC is the best method when D = 4 irrespectively of
the number of hyperplanes, since for such a low ambient di-
mension the probability that D − 1 = 3 randomly selected
points lie in the same hyperplane is very high. Indeed, for
D = 4 RANSAC’s accuracy ranges from 99% (n = 2) to
97% (n = 4), as opposed to (for n = 4) REAPER (56%) or
even DPCP-IRLS (89%) and DPCP-r (94%). On the other
hand, DPCP-r is overall the best method with an 86% accu-
racy in the challenging scenario (D−1)/D = 0.97, n = 4,
as opposed to 81% for DPCP-IRLS, 42% for REAPER and
28% for RANSAC. The right column of Figure 1 plots the
clustering accuracy as a function of n and of the percent-
age of outliers, for D = 9 and additive noise as before.
Evidently, DPCP-r and DPCP-IRLS are the best methods,
with, e.g., a clustering accuracy of 97% and 94% respec-
tively for n = 2 and 50% outliers, as opposed to 66% for
RANSAC and 74% for REAPER.

5.2. Experiments using real kinect data

In this section we explore various hyperplane clustering al-
gorithms using the benchmark dataset NYUdepthV2 (Sil-
berman et al., 2012). This dataset consists of 1449 RGBd
data instances acquired using the Microsoft kinect sensor.
Each instance corresponds to an indoor scene, and consists
of the 480 × 640 × 3 RGB data together with depth data
for each pixel. The depth data can be used to reconstruct a
3D point cloud associated to the scene. In this experiment
we use such 3D point clouds to learn plane arrangements
and segment the pixels of the corresponding images based
on their plane membership. This is an important problem
in robotics, where estimating the geometry of a scene is
essential for successful robot navigation.

In such 3D applications RANSAC is the predominant state-
of-the-art method, since the probability of sampling three
points from the dominant plane is very large. Thus we com-
pare a sequential hyperplane learning RANSAC algorithm
(SHL-RANSAC), which uses a threshold (0.1, 0.01, 0.001)
for removing points, to iterative K-Hyperplane-like algo-
rithms based on SVD, REAPER, RANSAC and DPCP-
IRLS, to be referred to as IHL-SVD, IHL-REAPER, and
so on. These algorithms randomly initialize n hyperplanes,
they cluster the points according to their distance to these
hyperplanes, they refine the hyperplanes by fitting a new
hyperplane at each cluster, re-assign points based on the
new hyperplanes, and so on, until the objective function
converges or 100 iterations are reached. We use 10 inde-
pendent restarts, and we control the running time of SHL-
RANSAC and IHL-RANSAC to be not less than that of
IHL-DPCP-IRLS.

The algorithms do not operate on the raw 3D data, rather on
standard superpixel representations of the data, where each
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Figure 1. Sequential hyperplane learning: Left (right) column
shows clustering accuracy (white corresponds to 1, black to 0)
as a function of the number of hyperplanes n and the relative di-
mension d/D (percentage M/(N +M) of outliers).

superpixel is represented by its median 3D point, weighted
by the size of the superpixel. Moreover, since 3D planes in
an indoor seen usually do not pass through a common ori-
gin, the algorithms work with homogeneous coordinates.
Finally, the algorithms as described so far are purely geo-
metric, in the sense that they do not take into account the
spatial coherence of the 3D point cloud (nearby points are
likely to lie in the same plane), and so we expect their out-
put segmentation to be spatially incoherent. To associate a
spatially smooth image segmentation to each algorithm, we
use the normal vectors b1, . . . , bn that the algorithm pro-
duced to minimize a Conditional-Random-Field (Sutton &
McCallum, 2006) energy function E(y1, . . . , yN ) :=

N∑
j=1

|b>yjxj |+ λ
∑
k∈Nj

CBj,k exp

(
−‖xj − xk‖22

2σ2
d

)
δ(yj 6= yk).

(28)

In (28) the first and second terms are known as unary and

Table 1. Clustering error in % of 3D planes from Kinect data
without (CRF(0)) and with (CRF(1)) spatial smoothing.

n = 4 n = 9

method CRF(0) CRF(1) CRF(0) CRF(1)
SHL-RANSAC 22.78 14.07 29.42 17.47
IHL-RANSAC 16.80 10.71 22.78 14.24
IHL-SVD 21.85 14.40 26.22 16.71
IHL-REAPER 20.94 13.71 25.52 16.27
IHL-DPCP-IRLS 20.77 13.64 25.38 16.10

pairwise potentials, yj ∈ {1, . . . , n} is the plane label of
3D point xj , which is the variable to optimize over, CBj,k

is the length of the common boundary between superpixels
j, and k and Nj indexes the neighbors of xj . The param-
eter λ in (28) is set to the inverse of twice the maximal
row-sum of the pairwise matrix, in order to achieve a bal-
ance between unary and pairwise terms. Minimization of
(28) is done via Graph-Cuts (Boykov et al., 2001).

Since NYUdpethV2 does not come with a ground truth an-
notation based on plane membership, we manually anno-
tated 92 of the 1449 scenes in the dataset, in which dom-
inant planes such as floors, walls, ceilings, tables and so
on are present. Table 1 shows the clustering errors of var-
ious algorithms on these 92 annotated scenes for the iden-
tification of the first n dominant planes of each scene8,
where for SHL-RANSAC the error is averaged over the
three different choices of a threshold. As expected, the
clustering error increases for all methods as the number of
planes to be identified increases. Again as expected, the
performance of all algorithms improves significantly if one
includes spatial smoothing. Notice that the best method
is IHL-RANSAC, and not the sequential SHL-RANSAC,
which seems a rather interesting finding. On the other hand,
the rest of the methods seem to perform similarly to each
other, with IHL-SVD being slightly inferior, since it is less
robust to outliers, and IHL-DPCP-IRLS being overall the
second best method.

6. Conclusions
In this paper we extended the framework of Dual Principal
Component Pursuit (DPCP) to the case of data lying in a
union of hyperplanes. We provided theoretical conditions
under which the normal vector of the dominant hyperplane
is the unique global minimizer of the non-convex `1 DPCP
optimization problem. Moreover, we proposed a fast im-
plementation of DPCP, as well as DPCP-based hyperplane
clustering algorithms, which were shown to outperform or
be competitive to state-of-the-art algorithms.

8If the scene has m < n annotated planes, then the cluster-
ing error is computed only with respect to the first m dominant
clusters identified by the algorithm.
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