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Abstract

We have developed a Gaussian Process Regression
method with adaptive kernels for concealment of the
missing macro-blocks of block-based video compres-
sion schemes in a packet video system. Despite promis-
ing results, the proposed algorithm introduces a solid
framework for further improvements. In this paper,
the problem of estimating lost macro-blocks will be
solved by estimating the proper covariance function of
the Gaussian process defined over a region around the
missing macro-blocks (i.e. its kernel function). In or-
der to preserve block edges, the kernel is constructed
adaptively by using the local edge related information.
Moreover, we can achieve more improvements by local
estimation of the kernel parameters. While restoring the
prominent edges of the missing macro-blocks, the pro-
posed method produces perceptually smooth concealed
frames. Objective and subjective evaluations verify the
effectiveness of the proposed method.

1. Introduction

The video coding standards use block prediction and

entropy coding in order to achieve more efficient com-

pression [1]. Transmission of such video streams over

error-prone channels is susceptible to packet loss due to

congestion, fluctuating channel errors and error propa-

gation due to the compression. Spatial error conceal-

ment (SEC) is the process of recovering lost macro-

blocks (MB) by employing the correlation between the

lost MB and its correctly received neighboring MBs [2].

Previous works on SEC include methods that estimate

missing blocks in transform domain [3]. Hybrid meth-

ods [4, 5, 6] employ the DCT coefficients to produce

some smoothing constrains in order to estimate the

missing block [4, 5] or to generate some interpolation

matrices [6]. Other methods employ spatial domain in-

formation for estimation. Bilinear interpolation (BI) [7]

is a simple and effective method that was employed in

H.264/AVC standard [8]. The above algorithms, more

or less ignore the edge information, and hence produce

results that are smooth approximations of the missing

blocks. On the other hand, directional SEC methods

use edge related information [9, 10, 11, 12, 13]. Au-

thors in [9] perform a projection onto a convex set af-

ter estimation of the most likely edge orientation. The

concept of sequential error concealment is considered

in [10]. An adaptive spatial pixel interpolation is pro-

posed in [11]. The method proposed in [12] uses spa-

tial direction vectors (SDVs) extracted from edge in-

formation, it then applies SDVs to adaptively interpo-

late missing pixels. Authors in [13] have proposed an

approach to integrate the state of the art spatial error

concealment methods. Avoiding the production of false

edges is as important as preserving existing edges. This

idea is addressed in [14]. Best Neighborhood Matching

is proposed in [15]. Some statistical models [16] have

also been applied to SEC.

The proposed method in [17] has touched the concept

of Gaussian Process Regression (GPR) but it mostly

focuses on sequential concealment and doesn’t inves-

tigate on the problem of kernel construction which is

the main concern of our work. In this paper, we at-

tempt to interpolate missing pixels by employing Gaus-

sian Process Regression [18], which provides a non-

parametric Bayesian approach to regression problem.

Having a great foundation in statistics and machine

learning, Gaussian Process modeling is a general and

rich framework that is related to a number of other pop-

ular models such as Spline models, Support Vector Ma-

chines, Least-Square methods, Relevance Vector Ma-

chines and Wiener filters [18].

The rest of this paper is organized as follows. Section 2

proposes a novel GPR approach to Spatial Error Con-

cealment problem, and uses kernel parameter tuning

approach to achieve efficient locally adaptive kernels.

Section 3 describes our experimental implementation

and discusses the results. Finally section 4 addresses
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limitations of our work and some possible future inves-

tigations.

2. Gaussian Process Regression

In this section, we present the proposed GPR ap-

proach to spatial error concealment. After formulating

the SEC as a GPR problem, we explain how to utilize

edge related information to construct the kernel func-

tion. At the end, the marginal likelihood maximization

has been introduced as a typical but suboptimal and time

consuming method to kernel parameter estimation.

2.1 Gaussian Processes

Over the last decade, kernel machines have become

rather popular in the context of machine learning. Dur-

ing this period, much work has been done concerning

the application of Gaussian process models in this field.

Gaussian processes provide a practical, analytical and

statistical framework for the problem of kernel machine

learning. A Gaussian process is a generalization of

Gaussian distributions to functions. Whereas Gaussian

distributions describe random scalars or vectors, Gaus-

sian processes govern the properties of functions. Su-

pervised learning problem which can be thought of as

learning a function given some sample points, can be di-

rectly mapped to the Gaussian process framework. By

employing relevant covariance functions, Gaussian pro-

cesses will be equivalent to many well known models

such as large-scale neural networks, spline models, sup-

port vector machines and so on. A Gaussian process is

completely specified by its mean and positive definite

covariance function. We will write the Gaussian pro-

cess as:

f(p) ∼ Gp(m(p), k(p, p′)) (1)

Where m(p) denotes its mean function for each pixel

p = (x, y) and k(p, p′) is the covariance function of

two pixels p = (x, y) and p′ = (x′, y′). For simplic-

ity, we assume that m(p) = 0 thus the problem will

be reduced to finding the covariance function. This co-

variance function can be approximated by a variety of

different kernel functions. Different kernels will result

in different models. For example, if we use the simple

Euclidian distance (i.e. the inner product) as the ker-

nel, one can show that a linear model will be obtained.

Other kernels will result in more sophisticated models.

Letting P denote neighboring correctly received pixels

and f be their corresponding intensity values, we wish

to estimate the intensity values f∗ for pixels P∗ of the

missing block. As we have assumed the joint pdf of f
and f∗ have the form below:

[
f
f∗

]
∼ N

(
0,

[
K + σ2

nI KT
∗

K∗ K∗∗

])
(2)

Where σ2
n is the noise variance, I is the Identity ma-

trix, K∗ is a matrix denoting the kernel function evalu-
ated at all pairs of pixels in P∗ and P respectively and
a similar definition holds for K and K∗∗. Knowing this
pdf we can find the conditional distribution of f∗ given
P∗ , P and f :

f∗|P∗, P, f ∼ (3)

N
(
K∗(K + σ2

nI)−1f, K∗∗ − K∗(K + σ2
nI)−1KT

∗
)

In order to minimize the mean squared error, the best

estimation for f∗will be the mean of the above normal

distribution.

f̂MSE = K∗(K + σ2
nI)−1f (4)

It can be shown that the Gaussian process approach

can be represented as the linear combination of n kernel

functions

f∗ =
n∑
i

αik(x∗, xi) (5)

where α is the coefficient vector with optimal value α =
(K + σ2

nI)−1f .

2.2 Kernel Construction

Although images are generally non-stationary, they

can be locally modeled by stationary Gaussian Pro-

cesses. As discussed in [18], for covariance functions

k(x, x
′
), there are various kernels such as linear, γ-

exponential, rational quadratic, Matern and piecewise

polynomial. We have chosen the γ-exponential covari-

ance function k:

k(x, x
′
) = exp

(
(
r

l
)γ

)
0<γ ≤ 2 (6)

where r = |x − x
′ |, l is the scaling factor and γ is the

gamma parameter. For each missing block we consider

its three pixel wide boundary neighborhood in horizon-

tal and vertical directions. We then find the dominant

edge in the specified neighborhood by a gradient oper-

ator (the sobel mask). Let d be the Euclidean distance

between two pixels x and x
′

and r denote the absolute

difference of their Euclidean distances from the domi-

nant edge. The kernel is defined as

k(x, x
′
) = exp

(
(
d

ld
)γ

)
exp

(
(
r

lr
)γ

)
(7)
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If there is no strong dominant edge in the neighboring

area of the missing block, our kernel function will be as

follows:

k(x, x
′
) = exp

(
(
d

ld
)γ

)
(8)

2.3 Kernel Parameter Tuning

Here, the main concern is to approximate the kernel

functions efficiently. Marginal likelihood maximization

would be a typical way to estimate kernel parameter in

the case of parametric kernels. The marginal likelihood

is the integral of the likelihood as follow

p(y|X, θ) =
∫

p(y|f, X)p(f |X)df.

Under the Gaussian Process model there is a Gaussian

prior,f |X ∼ N(0, K), or

L(θ) = logp(y|X, θ) = (9)

−1
2
fT (K + σ2

nI)−1f − 1
2
log|K + σ2

nI| − n

2
log2π

In order to maximize marginal likelihood, we em-

ploy the gradient descent algorithm. The gradient of

marginal likelihood will be as follows:

∂

∂θj
logp(y|X, θ) =

1
2
tr

(
(ααT − K−1)

∂K

∂θj

)
(10)

where α = K−1y.

3. Simulation Results

Marginal likelihood maximization did not prove it-

self as a satisfactory measure for parameter estimation

in our experiments. Due to its computational complex-

ity we have set the parameters by experimental evi-

dence. We have set the parameter γ to 1.8, lr to 2

and ld to four times the block size. The performance

of the proposed algorithm is tested on various video se-

quences and images with the size of corrupted blocks

being 16×16.

Table 1 contains the results of our experiments for

error patterns as in Fig. 1(b, g). We have used Peak

Signal to Noise Ratio (PSNR) as a comparison mea-

sure and compared our method with the well-known Bi-

linear interpolation [7]. For each video sequence the

PSNR value have been averaged over frames 2, 12, ...,

92. As illustrated in Table. 1, the proposed method has

obtained an improvement of about 1.3∼3.5 dBs over

the Bilinear method (BI). Moreover, we have compared

the proposed framework with the state of the art FDI

method [12]. The results shown in Fig.1 support our

Test Image Error Pattern BI GPR

Lena
Fig. 1(b) 35.798 37.633

Fig. 1(g) 38.51 40.275

Peppers
Fig. 1(b) 37.458 38.712

Fig. 1(g) 40.2397 41.536

Foreman CIF
Fig. 1(b) 35.287 37.918

Fig. 1(g) 38.289 41.064

Foreman QCIF
Fig. 1(b) 34.401 37.001

Fig. 1(g) 36.565 38.865

Highway CIF
Fig. 1(b) 39.699 41.387

Fig. 1(g) 42.594 44.404

Highway QCIF
Fig. 1(b) 37.246 40.035

Fig. 1(g) 38.004 41.582

Table 1: Objective comparison (average PSNR in db) of the

algorithms with blocks of size 16×16s for two dis-

cussed error patterns

claim that this framework is superior to BI and compa-

rable to FDI methods.

Fig. 1 shows the subjective comparison results of the

two algorithms. From these figures we can observe that

bilinear algorithm (Fig. 1(c, h)) causes blurring effects

around the edges of the recovered areas. Fig. 1(d, i)

depicts the results of the FDI method and Fig. 1(e, j)

illustrates those of the proposed method. As the results

show, missing areas have been reconstructed success-

fully by the proposed method without the edge blurring

effect. As it can be seen, our method subjectively per-

forms far better than BI and is comparable or better than

the FDI method.

4. Conclusion

Our work was the first step in using Gaussian pro-

cess modeling in video error concealment. It depicts

a framework which seems to be effective in image and

video processing. Although Gaussian processes have

recently been applied to practical problems in machine

learning, they have a rich theoretical background behind

them. This has caused an appealing future for using

them in this context. As this work illustrates, by uti-

lizing a simple kernel we have gained a substantial im-

provement in both subjective and objective quantities of

the reconstructed images. Future works might contain

examining other kernels suitable for error concealment

and an analytical view to different kernels which might

be used. Also use of kernels might be extended to tem-

poral error concealment and motion vector estimation.
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(a) Original Image (b) Lossy image (c) BI(PSNR 35.77

dB)

(d) FDI(PSNR 38.41

dB)

(e) GPR(PSNR

38.62 dB)

(f) Original Image (g) Lossy image (h) BI(PSNR 38.51

dB)

(i) FDI(PSNR 40.65

dB)

(j) GPR(PSNR

40.27 dB)

Figure 1: Subjective comparison of the algorithms with blocks of size 16×16.
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