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Abstract

Matrix factorization is a fundamental problem that is
often encountered in many computer vision and machine
learning tasks. In recent years, enhancing the robustness of
matrix factorization methods has attracted much attention
in the research community. To benefit from the strengths of
full Bayesian treatment over point estimation, we propose
here a full Bayesian approach to robust matrix factoriza-
tion. For the generative process, the model parameters have
conjugate priors and the likelihood (or noise model) takes
the form of a Laplace mixture. For Bayesian inference, we
devise an efficient sampling algorithm by exploiting a hier-
archical view of the Laplace distribution. Besides the basic
model, we also propose an extension which assumes that
the outliers exhibit spatial or temporal proximity as encoun-
tered in many computer vision applications. The proposed
methods give competitive experimental results when com-
pared with several state-of-the-art methods on some bench-
mark image and video processing tasks.

1. Introduction
Finding a low-rank approximation to some given data

matrix is a fundamental problem in many computer vision

and machine learning applications, e.g., structure from mo-
tion (SfM) and collaborative filtering. Its objective is to
approximate the data matrix by a low-rank representation

according to some chosen criteria. Depending on the appli-

cation, additional constraints may also be incorporated, e.g.,

basis orthogonality constraints for SfM and non-negativity

constraints for image analysis.
The conventional approach to matrix factorization is

based on singular value decomposition (SVD). Optimality
of the solution is guaranteed when the loss function is de-

fined in terms of the l2 norm. However, conventional SVD
can only deal with complete data in the data matrix. To ad-

dress this problem, some methods [3] have been proposed

to relax this restriction. As another issue, when the data

matrix is contaminated with outliers, the estimated solution
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may deviate significantly from the ground truth due to sen-

sitivity of the l2 norm to outliers.
To overcome this shortcoming due to the lack of robust-

ness, one natural way is to use the non-zero counting func-

tion (a.k.a. l0 “pseudo-norm”, because strictly speaking it
is not a norm) in place of the l2 norm. It totally ignores
the scale of the outliers and hence reduces its sensitivity

to them. However, the corresponding optimization prob-

lem is intractable due to the discontinuous property of the

l0 “pseudo-norm”. A common solution is to resort to con-
vex relaxation by using the l1 norm instead. Based on this
approach, many interesting applications have emerged in re-

cent years, e.g., [19, 14].
In this paper, we propose a full Bayesian formulation for

robust matrix factorization which turns out to be related to a

recent work called probabilistic robust matrix factorization
(PRMF) [18]. We note that the drawback of PRMF lies in

three aspects which we try to address here:

1. PRMF assumes that the basis and coefficient matri-

ces are generated i.i.d. from zero-mean fixed-variance

Gaussian distributions. This simplistic modeling as-

sumption may be too restrictive, limiting the model

flexibility needed for many real-world applications.

Besides, PRMF adopts a point estimation approach.

Full Bayesian treatment can take advantage of full

posterior density estimation instead of only using the

mode of it, and thus improve the predictive perfor-

mance. An example is [15]. We present our full

Bayesian model and its inference algorithm in sec-

tions 5.1 and 5.2, respectively.

2. For many computer vision applications in which

PRMF can be applied, the outliers which correspond to

moving objects in the foreground usually form groups

with high within-group spatial or temporal proximity.

However, PRMF treats each pixel independently with

no clustering effect. Recent work [22] shows great im-

provement when such clustering result is introduced

based on an optimization method. We address this is-

sue in section 5.3.

3. When the loss function is defined based on the l1 norm,
the resulting method may not be robust enough when
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the number of outliers is large. Our approach goes

beyond simply using the l1 norm based on point es-

timation. On one hand, it involves a non-convex loss

with more expressive modeling power. On the other

hand, as a full Bayesian method, it greatly alleviates

the instability problem suffered by other methods. We

elaborate this aspect and relate our approach to some

existing methods in section 6.

2. Related Work
Enhancing model robustness in matrix factorization is by

no means a new topic in the computer vision and machine

learning communities. An early work [6] proposed solving

the problem using an alternating weighted robust regres-

sion method. Along the same line, Ke and Kanade [11]

developed a method based on linear programming. More

recently, Eriksson and Hengel [7] extended the traditional

Wiberg algorithm with an l1 loss. However, all these meth-
ods are computationally demanding making them unappeal-

ing for large-scale applications. Moreover, since they are

not based on the regularization or Bayesian framework,

overfitting is a potential risk that has to be dealt with.
A recent breakthrough in this research topic can be

attributed to principal component pursuit (PCP) [4] and
stable principal component pursuit (SPCP) [23]. Be-

sides using the l1 loss, PCP and SPCP utilize the nuclear
norm for normalization. Convexity of the l1 and nuclear
norms enables the application of efficient convex program

solvers [13]. By using the nuclear norm, many extensions

have been proposed subsequently, e.g., l1-ALP [21] en-
forces the basis to be orthogonal while DECOLOR [22]

makes the outliers contiguous using a graph cut algorithm.
As for probabilistic methods, PMF [16] and BPMF [15]

are two representative models for (non-robust) matrix fac-

torization. Lakshminarayanan et al. [12] proposed a robust
extension of BPMF for collaborative filtering based on Stu-

dent’s t-distribution. Another recent attempt is PRMF [18]
which uses the expectation-maximization (EM) algorithm.
The highlights of PRMF are its high efficiency and online

extension. Other methods include Bayesian robust PCA
(BRPCA) [5] and variational Bayesian low-rank factoriza-
tion (VBLR) [1]. We review and compare with these two
methods in detail in section 6.2.
There are also other related methods. The first one

is [9]. The authors utilized stochastic gradient descent on

the Grassmannian manifold to develop an online robust

low-rank approximation method. The second one is to im-

prove PCP for video processing [8]. The authors proposed

a framework which uses a two-pass PCP refined by optical

flow to improve the results. We note that the method pro-

posed in our paper may also be applied under this frame-

work to achieve further performance boost.

3. Notations
In this paper, I denotes an identity matrix of the proper

size and AT denotes the transpose of matrix A. For ma-
trix norm, the general lp norm is defined as ‖A‖p =
(
∑

ij |aij |p)1/p. Some special cases include the �1 norm
(p = 1) defined as ‖A‖1 =

∑
ij |aij | and the Frobenius

norm (p = 2) defined as ‖A‖F = (
∑

ij a
2
ij)

1/2. An-

other useful norm is the nuclear norm (or called trace norm)

‖A‖∗, which is defined as the sum of the singular values

of A. As for vectors, we assume that all are in the form of
column vectors. Several probability distributions appear in

this paper: N (μ,Σ) denotes the multivariate normal dis-
tribution with mean vector μ and covariance matrix Σ (the

same notation is also used for the univariate normal distri-

bution with μ and Σ replaced by the mean and variance,

respectively); L(μ, α) denotes the Laplace distribution with
mean μ and scale α; Exp(α) denotes the exponential distri-
bution with parameter α; andW(V, p) denotes the Wishart
distribution with scale matrixV and degrees of freedom p.

4. Brief Review of PRMF
In what follows, we assume Y = [yij ] ∈ R

m×n de-
notes the data matrix with the exact data representation de-

pending on the application. For example, the entire matrix

Y may correspond to an m × n image which is assumed
to be of low rank. In the case of video, each column of

Y corresponds to the features from one frame stacked to-

gether to form a column vector and hence different columns

are highly correlated, implying the low-rank property. The

notation U ∈ R
m×r is used to denote the basis matrix,

V ∈ R
n×r the coefficient matrix, and ui and vj the ith

and jth rows ofU andV, respectively. Each row ofU and

V is assumed to be mutually independent, and Y is deter-

mined by the low-rank matrix UVT (with r � m,n) plus
some additive noise.
Wang et al. [18] proposed the PRMF model for robust

matrix factorization. Due to space limitations, we only pro-

vide a brief review of the key steps here. A longer re-

view of PRMF can be found in the supplemental material.

PRMF places a Laplace distribution on the residual error

as likelihood and Gaussian distributions on the factors as

priors. Its probabilistic model formulation can be related

to optimization-based algorithms by adopting the maximum
a posteriori (MAP) approach so that the loss function is
expressed in terms of the l1 norm. For computational ef-
ficiency, a hierarchical view of the Laplace distribution is

exploited by expressing the Laplace distribution as an infi-

nite Gaussian mixture with the exponential distribution as

mixing distribution:

L(z | u, α) =
∫ ∞

0

N (z | u, τ) Exp(τ | α
2
) dτ. (1)

This hierarchical view is crucial to the development of an
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efficient and potentially online EM algorithm for model in-

ference in PRMF. Figure 1(a) shows its graphical model.

5. Bayesian Robust Matrix Factorization
In this section, we first present the graphical model and

the generative process of our basic Bayesian robust matrix
factorization (BRMF) model. We then present details of the
model inference. Finally, we introduce clustering effect into

the basic BRMF model by presenting a Markov extension.

5.1. Full Bayesian Model
We extend PRMF by introducing several new character-

istics, with the major ones summarized below to facilitate

understanding the differences between PRMF and BRMF:

1. We assume that the mean vectors and precision matri-

ces (a.k.a. inverse covariance matrices) of the rows of

U and V have conjugate priors (multivariate normal

distribution and Wishart distribution, respectively).

Learning the mean vectors can offer further flexibil-

ity to the generation of Y and learning the precision

matrices can capture the correlation between different

features.

2. We use a Laplace mixture with the generalized inverse
Gaussian (GIG) distribution1 as the noise model to fur-
ther enhance model robustness. It has been demon-

strated in [20] that using a Laplace mixture with GIG

outperforms the l1 norm when it is used to define a

regularizer for variable selection. We expect it to be

equally superior when it plays the role of a loss func-

tion instead of a regularizer.

The overall generative process is summarized as follows:2

1. Draw precision matrix Λu for ui fromW(W0, ν0).

2. Draw mean μu for ui from N (μ0, (β0Λu)
−1).

3. Draw each row of basis ui from N (μu,Λ−1u ).
4. Draw scale ηij for each observation from GIG(p, a, b).

5. Draw each observation yij from L(uTi vj , ηij).
HereW0,μ0, ν0, β0, p, a, b denote the hyperparameters. To
facilitate efficient sampling, we further express the Laplace

distribution as an infinite Gaussian mixture as in equa-

tion (1). As such, we split step 5 into two substeps:

5.1 Draw τij ∼ Exp(ηij/2).

5.2 Draw each observation yij from N (uTi vj , τij).
The graphical model for BRMF is shown in Figure 1(b).

1Readers are referred to the supplemental material for details of GIG.
2For brevity, we only show the process of generatingU. We can draw

Λv ,μv andV similarly by following steps 1 to 3.

(a) PRMF (b) BRMF

Figure 1. Plate notations for PRMF [18] and BRMF (proposed).

5.2. Model Inference
Since all the distributions belong to the (conjugate) expo-

nential family, we can take advantage of the efficient Gibbs

sampling to infer the posterior distributions. For more de-

tails, please refer to the supplemental material.

Sample μu and Λu: Based on the conjugate prior prop-

erty, it is easy to show that the joint posterior distribution is

a Gaussian-Wishart distribution and hence we can sample

μu,Λu as follows:

μu,Λu | U,W0,μ0, ν0, β0 ∼ N (μ′0, (β′0Λu)
−1)W(W′

0, ν′0),
(2)

where

μ′0 =
β0μ0 +mū

β0 +m
, β′0 = β0 +m, ν′0 = ν0 +m

W′
0 =

(
W−1

0 + Σ̄+
β0m

β0 +m
(ū− μ0)(ū− μ0)

T

)−1

ū =
1

m

m∑
i=1

ui, Σ̄ =
m∑
i=1

(ui − ū)(ui − ū)T .

(3)

The sampling scheme for μv,Λv is similar.

Sample ui: We extract all terms related to ui and then apply
Bayes’ rule:

p(ui |Y,V,μu,Λu,T) ∝
n∏

j=1

N (yij |uTi vj , τij)N (ui |μu,Λ−1
u ).

(4)

Here T = [τij ] ∈ Rm×n. Then we can show that:
ui | Y,V,μu,Λu,T ∼ N (ui | u′i, (Λ′i)−1), (5)

where

Λ′i = Λu +
n∑

j=1

vjv
T
j

τij

u′i = (Λ
′
i)
−1

(
n∑

j=1

yijvj
τij

+Λuμu

)
.

(6)

Note that since the rows of U are independent, they may

be sampled in parallel. We note that this potential for par-

allelization is important for large-scale applications. The

sampling scheme for vj is similar.
Sample τij :

1

τij
| yij ,ui,vj , ηij ∼ IG

(√
ηij

|rij | , ηij

)
, (7)
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where rij = yij − uTi vj and IG denotes the inverse Gaus-
sian distribution.
Sample ηij :

ηij | τij , p, a, b ∼ GIG(p+ 1, τij + a, b). (8)

Note that sampling directly from GIG may be inefficient,

so we convert the posterior distribution to some other form

which allows more efficient sampling. To achieve this, we

choose one of the special cases of GIG [10]. Specifically,

we take p = −1/2 and thus the posterior distribution be-
comes 1

ηij
∼ IG(

√
τij+a
b , τij + a).

5.3. Markov Extension
In order to extend the basic model by assuming that the

outliers form clusters (which correspond to moving objects

in the foreground in the case of background modeling), we

propose an extension via placing a first-order Markov ran-
dom field (MRF) in the generation of T. We refer to this
extended form asMarkov BRMF (MBRMF). Then for each
pair of entries (i, j) and (p, q) which are neighbors, we de-
fine a potential function as follows:

ψ(τij , τpq) = exp{−α | log τij − log τpq|}, (9)

where α controls the strength of the prior. Consequently,
step 5.1 of the generative process is changed to

τij ∼ 1

Z
Exp(

ηij
2
)

∏
(p,q)∈N(i,j)

ψ(τij , τpq), (10)

where Z is a normalization constant and N(i, j) is the set
of all the neighbors of entry (i, j). The sampling for τij
(Equation (7)) should also be changed accordingly:

p(
1

τij
| ηij , rij ,T−ij) ∝ IG(

√
ηij

|rij | , ηij)
∏

(p,q)∈N(i,j)

ψ(τij , τpq),

(11)

where T−ij denotes T except τij . The definition of neigh-
borhood depends on the target application. For example,

if each entry in the data matrix represents a raw pixel in

an image, it can simply be defined as its 4-connected or 8-

connected neighbors. For video processing, we may define

the neighborhood based on both the inter-frame and intra-

frame relationships: if Ft(x, y) denotes the pixel (x, y) in
frame t, then its neighbors may include Ft−1(x, y) and
Ft+1(x, y) in addition to its 4-connected or 8-connected
neighbors in frame t.
This Markov extension results in a more flexible model

but also brings about some technical difficulties in infer-

ence. Specifically, we can no longer rely entirely on Gibbs

sampling but have to resort to the Metropolis-Hastings algo-

rithm which typically is less efficient than Gibbs sampling.

For the proposal distribution, we choose

q(τij | ηij , rij) = IG
(√

ηij

|rij | , ηij

)
. (12)

The advantage of this choice is that we can simplify the

calculation of the acceptance ratio and accept it with the

following probability:

min

(
1,

p(τij | ηij , rij ,T−ij)q(τ̂ij | ηij , rij)

p(τ̂ij | ηij , rij ,T−ij)q(τij | ηij , rij)

)

=min

(
1,

∏
(p,q)∈N(i,j) ψ(τij , τpq)∏
(p,q)∈N(i,j) ψ(τ̂ij , τpq)

)
.

(13)

Here τ̂ij denotes the newly sampled τij . We find that this
scheme works well in practice.

6. Relationship with Existing Methods
To understand better the anticipated superiority of

BRMF, we compare and relate BRMF with several popu-

lar robust matrix recovery algorithms in this section.

6.1. Optimization-Based Methods
In this subsection, we compare BRMF with several

popular optimization-based methods, including PCP [4],

SPCP [23], and DECOLOR [22]. In particular, we focus on

how the error residue contributes to the objective function

near the optimal solution because it affects the robustness

of an algorithm most directly.
Because all the methods considered regard the signal

as consisting of the low-rank (B) and sparse (E) com-
ponents, we denote the optimal solution by B∗ and E∗

which correspond to the two components, respectively. Let

R = Y − B∗ denote the residue. By the optimality con-
dition for each method, we can eliminate E∗ and express
the loss function in terms of R only. The loss functions

are shown in Table 1 together with the corresponding ob-

jective functions. We drop the Markov dependency term of

DECOLOR for brevity since it will not affect its robustness.
For BRMF, we need to consider a simplified MAP ver-

sion since all the other methods are MAP based. Our full

Bayesian treatment is actually more flexible and powerful

because the MAP version only uses the posterior mode. We

first compute the probability density function (pdf) of the
residue as

p(rij |p, a, b) =

∫∫
p(rij |τij) p(τij |ηij)p(ηij |p, a, b) dτij dηij .

(14)

From [20], the integration can be computed as

p(rij | p, a, b) =
b1/2 exp(

√
ab)

4(b+ |rij |)3/2
(
1 +

√
a(b+ |rij |)

)
·

exp
(

−
√

a(b+ |rij |)
)

,

(15)

when p = −1/2. The negative logarithm of equation (15)
can be treated as the loss function of the MAP version of

BRMF. We compare these four loss functions in Figure 2.

As we can see, the loss functions of DECOLOR and BRMF

are non-convex while those of PCP and SPCP are convex.
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Original objective function Contribution of residue to objective

PCP minB ‖Y −B‖1 + α‖B‖∗ |rij |
SPCP minB,E

1
2‖Y −B−E‖2F + α‖B‖∗ + β‖E‖1 r2ij/2 if |rij | < β

β|rij | − β2/2 if |rij | ≥ β

DECOLOR minB,E
1
2‖Y −B−E‖2F + α‖B‖∗ + β‖E‖0 r2ij/2 if |rij | <

√
2β

β if |rij | ≥
√
2β

Table 1. Comparison of several popular robust matrix recovery methods.

Non-convex penalties tend to have better performance when

the irrepresentable condition is not met [17]. From the prac-

tical aspect, they are better when the deviation and number

of outliers are high, which are typical conditions encoun-

tered in our applications. One problem with using non-

convex loss functions in optimization-based methods is that

it may lead to unstable results especially when the data con-

tain noise. This is validated in our experiments later for

DECOLOR, which uses a non-convex loss function. In ad-

dition, the non-convex loss function of DECOLOR is not

smooth at two non-zero points. However, these two issues

do not arise in BRMF model: 1) BRMF is only non-smooth

at zero, which means BRMF does not explicitly distinguish

outliers from noise. 2) The result of BRMF is based on the

expectation of samples. These two properties allow BRMF

to greatly alleviate the instability problem and tend to pro-

duce more stable results even when the noise level is high.

�5 �4 �3 �2 �1 0 1 2 3 4 50

1

2

3

4

5

(a) PCP
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(b) SPCP
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(c) DECOLOR
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(d) BRMF

Figure 2. Comparison of loss functions of four different methods.

6.2. Bayesian Methods
In this subsection, we compare our method with two full

Bayesian methods, namely, VBLR [1] and BRPCA [5].
VBLR differs from BRMF in several aspects. First, it

uses the Jeffreys prior to model both noise and outliers.

Second, it assumes that each basis is independent. Also, it

adopts variational approximation for model inference. Al-

though the Jeffreys prior has shown successes in variable

selection, in outlier modeling, it may lead to unstable re-

sults with non-convergent properties when the number of

outliers is large and there exists noise in data matrix, which

is verified in our synthetic experiment in the supplemental

material. Besides, it is difficult to incorporate a Markov

extension when the variational approximation approach is

used.
As for BRPCA, it adopts quite a different approach. This

method is originated from factor analysis. It utilizes the

beta-Bernoulli conjugate distribution, which is sparse (bi-

nary) in nature, to model the outliers and the low-rank com-

ponent. It is regarded as a “Bayesian l0” model because of
this property. The incorporation of noise, outliers and the

low-rank component makes the model quite complicated.

Among other things, there is strong coupling between the

variables. For example, the low-rank component involves

the multiplication of three variables with one of them being

binary. As a consequence, it generally needs more steps to

converge to a stationary distribution, if at all, or may even

get stuck at local optima.

7. Experiments
In this section, we empirically compare BRMF and

MBRMF with some state-of-the-art algorithms on several

tasks. The algorithms compared include PCP [4], BR-

PCA [5], DECOLOR [22], PRMF [18], and VBLR [1].

The codes and other supplemental materials can be found

in http://winsty.net/brmf.html.

7.1. Parameter Setting
In our experiments to be presented below, we fix most

of the hyperparameters: W0 = I, μ0 = 0, ν0 = r,
β0 = α = 2, p = −1/2, a = 10−4. The only hyper-
parameter that needs to be “tuned” is b, which is set in
two different ways for the noisy case (b = 10) and noise-
less case (b = 1). Although our Bayesian methods are
slower than optimization-based methods, the fact that very

minimal effort is needed for tuning their hyperparameters

makes them superior to optimization-based methods. For

the Markov chain Monte Carlo (MCMC) steps, we empir-
ically find that the proposed algorithm converges very fast.

As such, we only need 50 steps for burn-in. Afterwards, we

collect 50 samples for approximating the posterior distribu-

tion by sampling once every two steps.3 This scheme works

well in all our experiments.

7.2. Text Removal
We first conduct a proof-of-concept experiment by con-

sidering a simulated image processing task based on arti-

ficially generated data. The goal of this task is to remove

some generated text from an image with somewhat regular

pattern. This experiment has been inspired by a previous

work [19] which studied a more advanced version of this

task. The clean, ground-truth image is of size 256 × 256

with rank equal to 10 for the data matrix. First, we add ran-

3Independence between samples can be further enhanced by sampling

less frequently but it will need to run for more steps.

17891789



dom noise to the image to make the peak signal-to-noise
ratio (PSNR) of the resulting image equal to 100. We then
add to the image a short phrase in text form which plays the

role of outliers. Figure 3 shows the image together with the

clean image and outlier mask. For fairness, we set the max-

imum rank of all the algorithms to 20, which is two times

the true rank of the underlying matrix.
The results obtained by different methods are visually

shown in Figure 4. As far as outlier detection is concerned,

DECOLOR and MBRMF obtain the best masks, not only

visually but also quantitatively, and all other algorithms ex-

cept BRPCA give reasonable results. BRPCA totally fails

in this task. On the aspect of low-rank matrix recovery,

it can be seen that MBRMF gives the best result, which

is followed by DECOLOR and BRMF. Although PCP and

PRMF do a fair job in detecting the outliers, they fail to re-

cover the low-rank matrix well. On the other hand, although

BRPCA performs poorly in detecting outliers, it outper-

forms PCP and PRMF slightly in recovering the low-rank

matrix. Quantitative results are also shown in Table 2. We

can see that MBRMF has a clear advantage over the other

algorithms for both outlier detection and low-rank matrix

recovery. Specifically, it exceeds the PSNR of the nearest

competitor DECOLOR by 3.63dB, which can be considered

a significant improvement.

PCP BRPCA DECOLOR PRMF BRMF VBLRMBRMF

AUC 0.972 0.946 0.998 0.975 0.992 0.978 0.999
PSNR 25.66 26.40 29.38 24.05 28.66 23.93 33.01

Table 2. Comparison of different methods for text removal. The

first row shows the outlier detection results based on the area un-

der curve (AUC) measure and the second row shows the image

recovery results based on PSNR.

(a) Input image (b) Clean image (c) Outlier mask

Figure 3. Image used in text removal experiment.

7.3. Background Modeling
In this subsection, we compare different methods for

background modeling which is a real-world application.

Specifically, given a video sequence, we want to separate

the foreground objects from the background. We consider

the scenario with a stationary camera. Consequently, the

background components in different frames are highly cor-

related (and hence the data matrix is of low rank) and the

moving objects in the foreground can be regarded as out-

liers. The challenge lies in selecting the right model to

use. For example, while an underfitting model incorrectly

recognizes the dynamic background such as some waving

trees as the foreground, an overfitting one incorrectly ig-

nores the foreground we are interested in. To provide more

details about the results, entire video sequences are avail-

able in the supplemental material. Because we use the

results of BRMF to initialize MBRMF, and MBRMF has

already shown better results in the previous experiment,

BRMF alone is not reported in the results. We set the maxi-

mum rank of all the methods tomin(20,
√
n), where n is the

number of frames in a video sequence. Based on our (un-

optimized) MATLAB implementation, each MCMC step

takes around 1 to 10 seconds depending on the video res-

olution and the number of frames.

7.3.1 SABS Dataset

SABS [2] is a synthetic dataset suitable for background

modeling research. An appealing advantage of this dataset

is that ground-truth information is available for every frame

making controlled experiments feasible. More details about

the dataset can be found in [2]. Figure 5 shows one sample

frame and the detection result using MBRMF.

(a) Frame 200 of Basic (b) Foreground

Figure 5. Illustration of SABS [2] dataset.

Since all the methods included in this study are computa-

tionally demanding if applied to the original resolution, we

first downsample the video frames to 150×200 in resolution
and then convert them from color to grayscale. We note that

downsampling will reduce the noise level in the NoisyNight
case, so we add back the noise to make the noise level com-

parable to the original video data. For the evaluation crite-

rion, we use the F-measure which is the harmonic mean of

precision and recall. It is a preferred choice in the case that

the class distribution is skewed. We exclude the bootstrap
case because all methods compared do not need training and

thus every case is already a bootstrap. The length of these

8 evaluations varies from 600 to 1400 frames. We do not

compare with other methods such as mixture of Gaussians

because it has been shown in [8] that robust matrix factor-

ization methods significantly outperform the other methods.

Quantitative results are summarized in Table 3. We note that

all methods except PCP give reasonable results. MBRMF

gets the best results in 7 out of 8 evaluations, which agree

with findings from the previous experiments.

7.3.2 Real Dataset

We now conduct experiments on some real-world video se-

quences commonly used in background modeling research.

More details about these video sequences are summarized
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(a) PCP (b) BRPCA (c) DECOLOR (d) VBLR (e) PRMF (f) BRMF (g) MBRMF

Figure 4. Text removal results. The first row shows the foreground masks and the second row shows the restored background images.

Basic Dynamic Darkening LightSwitch NoisyNight Camouflage NoCamouflage MPEG-40Kbps Average

PCP 0.698 0.619 0.639 0.620 0.672 0.701 0.706 0.693 0.669

BRPCA 0.739 0.662 0.769 0.731 0.719 0.809 0.821 0.750 0.750

DECOLOR 0.768 0.721 0.772 0.749 0.750 0.793 0.793 0.765 0.764

PRMF 0.775 0.657 0.757 0.740 0.678 0.821 0.823 0.768 0.752

VBLR 0.764 0.688 0.776 0.766 0.795 0.809 0.816 0.763 0.772

MBRMF 0.824 0.729 0.776 0.738 0.800 0.830 0.838 0.820 0.794

Table 3. Comparison of different methods on SABS dataset based on F-measure.

in the supplemental material. Due to the lack of full annota-

tion, quantitative comparison for foreground detection can-

not be made. Instead, we only visually examine the quality

of the reconstructed background.
As shown in Figure 6, PCP is clearly inferior to other

methods compared. Obvious ghosting effect can be ob-

served in all the video sequences except wavingTrees. Al-
though it is also observed in the results obtained by PRMF

and VBLR, the effect is significantly less obvious. As for

BRPCA, it only fails for hall which is extremely short.
DECOLOR and MBRMF are successful in almost all se-

quences. There is another interesting observation in the

wavingTrees sequence: reconstruction of the trees in the
background byMBRMF is clearer than those by other meth-

ods. This is in line with the synthetic experiment above in

showing that MBRMF is more accurate in recovering the

low-rank matrix.

7.3.3 Robustness to Noise

We further conduct some experiments to study the robust-

ness of different methods to various types of noise (Gaus-

sian, Salt, Poisson, Speckle). Due to space limitations, we

only show the results of fountain with additive Gaussian
noise in Figure 7 and leave the rest to the supplemental

material. Even though all methods except PCP perform

well under the noiseless setting, only MBRMF and VBLR

survive when noise is added. We observe serious ghost-

ing effect in the results of PCP, BRPCA and DECOLOR.

The effect for PRMF is also visible though less severe. On

the other hand, MBRMF is still very robust due mainly to

its generic noise model which does not distinguish outliers

from noise, as explained earlier in section 6.

8. Conclusion and Future Work
In this paper, we have proposed a novel full Bayesian

model for robust matrix factorization together with a

Markov extension which incorporates spatial or temporal

proximity. Due to the use of conjugate priors for the

model parameters, an efficient sampling algorithm can be

devised for Bayesian inference. Using both synthetic and

real datasets, our experiments show that the proposed meth-

ods, particularly MBRMF, outperform other state-of-the-art

robust matrix factorization methods. Moreover, MBRMF

remains robust even under high noise level.
Currently the inference algorithms for our proposed

models are batch algorithms. In applications where data

arrive sequentially, online algorithms will be more useful.

Some challenges have to be overcome when extending the

current algorithms to online algorithms. Moreover, in order

to apply the proposed algorithms to high-resolution video

and achieve real-time performance, we will also investigate

random sampling techniques and GPU implementations of

the algorithms in our future work.
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