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Abstract: Video object segmentation is important for video surveillance, object tracking, video object recognition and video
editing. An adaptive video segmentation algorithm based on hidden conditional random fields (HCRFs) is proposed, which models
spatio-temporal constraints of video sequence. In order to improve the segmentation quality, the weights of spatio-temporal constraints are adaptively updated by on-line learning for HCRFs. Shadows are the factors affecting segmentation quality. To separate
foreground objects from the shadows they cast, linear transform for Gaussian distribution of the background is adopted to model
the shadow. The experimental results demonstrated that the error ratio of our algorithm is reduced by 23% and 19% respectively,
compared with the Gaussian mixture model (GMM) and spatio-temporal Markov random fields (MRFs).
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INTRODUCTION
Video object segmentation is important for video
surveillance and object tracking. There were many
approaches for video object segmentation presented
previously (Stauffer and Grimson, 2000; Stenger et
al., 2001; Yang et al., 2004; Zivkovic, 2004). Since
application environment may be complicated, the
segmentation algorithms should tolerate camera
shake, illumination changes and dynamic background
outdoors. Shadows are other factors affecting video
segmentation quality. In this paper, we only consider
the shadows cast by intruding objects. To obtain better segmentation quality, the algorithms must correctly separate foreground objects from the shadows
they cast.
Yang et al.(2004) proposed a simple and effi‡
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cient method to segment video object, whose accumulated pixels change slowly as the background. The
scheme provides two kinds of methods to update the
background, with pixel level and frame level. It subtracts the background from the current frame in order
to obtain the video foreground. The advantages of the
method are ease of implementation and lower complexity, though it may not perform well with dynamic
backgrounds containing sharp lighting changes and
wavy leaves. The Gaussian mixture model (GMM)
(Stauffer and Grimson, 2000; Zivkovic, 2004) is a
popular approach to model the background, which
can model complex dynamic background. Stenger et
al.(2001) presented a topology free hidden Markov
model and applied it to background modeling. This
background modeling approach is robust to sudden
changes of illumination. Both background modeling
methods perform at pixel level without containing
pixel neighboring constraints.
Spatial and temporal neighboring relationships
of pixels are useful information for object segmentation. Markov random fields (MRFs) are desirable
tools to model the spatio-temporal neighboring con-
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straints. Migdal and Grimson (2005) adopted MRFs
to model spatio-temporal neighboring relationship,
the segmentation problem is solved under the MAP
framework with Gibbs sampling. Zhou et al.(2005)
introduced an algorithm based on hierarchical MRFs,
which segments the foreground objects accurately
from scene with camera noise and shake. Sheikh and
Shah (2005) proposed a background model as a single
probability density by using a nonparametric density
estimation method. The background and foreground
models are used competitively in a MAP-MRF decision framework.
Conditional random fields (CRFs) introduced by
Lafferty et al.(2001) are discriminative probabilistic
models most often used for labelling or parsing of
sequential data. CRFs are also applied to other areas
such as image object recognition, image classification
(Sha and Pereira, 2003; Kumar and Hebert, 2003;
2005). Wang and Ji (2005) and Wang Y. et al.(2006)
introduced the CRFs to video object segmentation.
Spatio-temporal neighboring constraints are modeled
by CRFs model, where a filter is constructed for updating parameters of CRFs according to previous
frame data. Quattoni et al.(2004) introduced a hidden
variable into the CRFs to solve the problem of image
object recognition, called hidden conditional random
fields (HCRFs). HCRFs were also introduced to
phone classification (Gunawardana et al., 2005) and
gesture recognition (Wang S. et al., 2006).
Martel-Brisson and Zaccarin (2005) used GMM
to build statistical models describing moving cast
shadows on surfaces. The means of models are
adopted to discriminate shadow and foreground.
Porikli and Thornton (2005) applied a weak classifier
as a pre-filter, and projected shadow models into a
quantized color space to update a shadow flow function. The Bayesian method was adopted to update the
parameters of models. Wang Y. et al.(2006) considered shadows as the linear transform for Gaussian
component of the corresponding background. Parameters of shadow models can be computed from the
corresponding background models.
In this paper, a novel adaptive video segmentation algorithm based on HCRFs is proposed, spatio-temporal neighboring constraints are modeled via
HCRFs. To adjust weights of spatial and temporal
neighboring relationship according to scene changes,
on-line learning method is exploited to update the
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parameters of HCRFs. Shadows are modeled by
Gaussian function and determined by the threshold in
our method.
The rest of this paper is organized as follows. In
the next section we will review previous work on
HCRFs, and then, the HCRF models are modified for
video segmentation. To adjust weights of spatial and
temporal neighboring relationship adaptively, on-line
learning is used for updating parameters. The method
to construct shadow models will be given then. In
Section 3, different experimental data are used to test
the proposed method. To compare the results, other
segmentation methods are also tested in our experiment. Finally in Section 4, we give our conclusion.

HCRFS FOR VIDEO SEGMENTATION
HCRFs were proposed by Quattoni et al.(2004)
for image object recognition. X={x1, x2, …, xm} is an
observation set of pixels in video sequence, with each
element xj in X being local observation. There is a
hidden random variable set H={h1, h2, …, hm} corresponding to X. For ∃hi∈H, its spatio-temporal
neighboring variables are denoted by hk (k∈Ni∪Mi),
where Ni denotes spatial neighboring relationships of
site i, and Mi stands for temporal neighboring relationships with previous frame. H and its corresponding neighboring relationships form an undirected
graph, which is a tree in this paper. We use E to denote the set of edges in the graph, and (i, k)∈E denote
that hidden variables hi and hk have neighboring relationship. L∈{0, 1, 2} are labels, where 0, 1 and 2
stand for background, shadow and foreground, respectively. In this paper, each hi∈H has the same
range as L.
HCRF model
HCRF models the conditional probability of a
segmentation label L given the observation sequence
X:

P( L | X ;θ ) = ∑ P( L, H | X ;θ )
H

=

(1)
1
exp[
Ψ
(
L
,
H
,
X
;
θ
)],
∑
Z ( X ;θ ) H

in which Z(X; θ) is the partition function, ensuring
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Fig.1 Spatio-temporal neighboring relationships in
video sequence. The sites colored by black are spatial
neighboring relationships for gray site in the same
frame, while gray site in the tth frame and white sites in
previous frame form temporal neighboring relationships

that the model is a properly normalized probability. It
can be calculated by the formula Z(X; θ)=
∑L′,Hexp[Ψ(L′, H, X; θ)]. H is not observed on training
examples, and will therefore form a set of hidden
variables in the model. Ψ(L, H, X; θ) is the feature
function, which is defined as follows:

Ψ ( L, H , X ;θ ) = ∑∑θ k1 f k1 ( L, hi , x)
i

+

k

∑ ∑θ

( i , j )∈E k

2 2
k k

f ( L, hi , h j , x),

(2)

where λb is the Mahalanobias distance computed by
λb=(x−µ)TΣ−1(x−µ), µ and Σ are the mean and variance of the matched background model in GMM, T
denotes the matrix transpose operator, λs is the Mahalanobias distance of the shadow model.
Neighboring relationship can provide useful information for improving segmentation quality. Fig.1
shows 8-spatial neighboring and 9-temporal neighboring relationships between two consecutive frames.
These neighboring relationships form cliques, in
which sites are mapped to the hidden variables. The
feature function for neighboring strength represents
interaction of local classification between neighboring hidden variables, we define it as
f k2 ( L, hi , h j , x) = δ (hi , h j ),
where δ(·) is the Kronecker delta function.
Labelling and parameter learning
Given the sequence X and model parameters θ,
we can label pixel to be

Lˆ = arg max P( L | X ;θ ).

We can infer the model and obtain the following
formula:

feature function f k1 ( L, hi , x) denotes the strength
depending on single hidden variable, and
f k2 ( L, hi , h j , x) depends on two hidden variables hi

and hj.
We use GMM to classify local observation, if the
single hidden variable was classified as the background, the Mahalanobias distance for the background will be used to compute feature function. We
will discuss how to obtain shadow models in the
subsection “Shadow model”. We assume that the
foreground has uniform distribution, therefore probability of the foreground in RGB color space is
exp(−ln224) (Migdal and Grimson, 2005). Feature
function f k1 ( L, hi , x) is defined as
 λb / 2,

f ( L, hi , x) =  λs / 2,
ln 224 ,


hi = 0,
hi = 1,
hi = 2,

(5)

L

where both θ k1 and θ k2 are parameters to be learned,

1
k

(4)

(3)

P( L | H , X ;θ ) =

1
exp[Ψ ( L, H , X ;θ )], (6)
Z ( L, X ;θ )

where Z(L, X; θ)=∑H exp[Ψ(L, H, X; θ)], which can be
computed by belief propagation. The normalization
constant Z(L, X; θ) can be computed by the same
inference algorithm that we use to compute Z(X; θ). In
fact, calculating Z(L, X; θ) is easier than that of Z(X;
θ), because Z(L, X; θ) only sums over H, while Z(X; θ)
need to sum over H and L. Once we have Z(L, X; θ),
the marginal likelihood can be calculated as

1
∑ exp[Ψ ( L, H , X ;θ )]
Z ( X ;θ ) H
= Z ( L, X ;θ ) / Z ( X ;θ ).

P( L | X ;θ ) =

(7)

Eq.(5) can perform efficiently in the model by
Eq.(7).
In (Wang S. et al., 2006), HCRFs search for the
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optimal parameter values, θˆ =argmaxθ l(θ), by using
gradient ascent with Quasi-Newton optimization
technique. l(θ) is objective function for batch training;
but for video segmentation, it is more suitable to learn
parameters by means of on-line training method. In
our experiments, we train model parameters by using
segmentation results of previous frames in order to
update parameters according to scene changes.
We adopt stochastic gradient descent (SGD)
(Gunawardana et al., 2005) to update model parameters. Given training data (L(i), X(i)), i=1, 2, …, the
parameters are updated by

θ i( n +1) = θ i( n ) + η ( n ) ∇θ log P( L(i ) | X (i ) ;θ ),
i

(8)

where η(n) is the learning rate we set to a constant
value in this paper. ∇θi log P( L( i ) | X ( i ) ;θ ) is the
gradient for each single training sample, θ k1 and θ k2
can be computed by
∇θ 1 log P( L( i ) | X ( i ) ;θ ) =
k

−

∑

hi ∈H , L ′

∑ P (h | L

(i )

hi ∈H

i

, X ( i ) ) f k1 ( L, hi , x)

P(hi , L′ | X ( i ) ) f k1 ( L′, hi , x).

(9)

Analogously, we have
∇θ 2 log P( L(i ) | X (i ) ;θ )
k

=

∑

( i , j )∈E

−

(i )

P(hi | L , X ( i ) ) f k2 ( L, hi , h j , x)

∑

( i , j )∈E , L ′

(10)

P(hi , L′ | X ( i ) ) f k2 ( L′, hi , h j , x),

where both P(hi|Li, Xi) and P(hi|L′, Xi) can be computed by belief propagation.
Shadow model
Shadows are generated from objects moving
under sunshine and light. In fact, the shadows we
need to eliminate are the background illumination
shaded by intruding objects. We assume that shadow
decreases the luminance and changes the saturation,
yet it does not affect the hue. To construct the shadow
models, we transform corresponding background
models by linear operator. As in (Wang Y. et al.,
2006), we adopted linear transform method to model
shadow. Given a pixel belonging to the background,
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which has Gaussian distribution with mean µ and
variance Σ; if the pixel is shaded by intruding objects,
it becomes Gaussian function N(x, αµ, βΣ), where
both α and β are linear factors. Therefore, we can
compute the shadow model for each pixel from corresponding background Gaussian models.
After obtaining shadow models, we can use them
to determine whether the pixel is shadow or not by the
variance threshold. When pixel intensities change, the
parameters of background models will be updated, as
will be those of shadow models. To reduce computation, we update parameters of the shadow model only
when the current pixel does not match the background
model. If a pixel is unmatched to the background in
GMM, the shadow model will be updated by the
previous background Gaussian function. The current
shadow model will be used to determine whether the
pixel is classified as shadow or foreground.
Implementation
We label each local observation xi by using
GMM method, the Mahalanobias distance is calculated meanwhile. We just set θ k1 to 1 in the paper.

Parameters θ k2 for neighboring constraints (i, j)∈E,
j∈Ni are initialized by 1/||hi−hj||, where ||hi−hj|| denotes Euclidean distance in images between two
hidden variables. This distance can be pre-computed,
because we adopt fixed number of neighboring relationships in our program.
The parameters θ k2 for temporal neighboring

constraints (i, j)∈E, j∈Mi are initialized by
2 /(2 | M i |), where |Mi| denotes the number of
temporal neighboring relationships for hi in the previous frame. Because |Mi| is constant, θ k2 can be
pre-computed too. Each parameter θ k2 has maximum
and minimum threshold, when it goes over the range
in the learning procedure, the parameter will be initialized over once again.

EXPERIMENTAL RESULTS
We use Pentium IV 2.4 GHZ PC as our experimental platform, the algorithm is programmed on
Visual C++ and OpenCV, which runs at about 8
frames per second with 320×240 size of test video
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data. The test data contain different scenes including
illumination changes, stationary and dynamic backgrounds. We have used about 12 000 frames of video
images to test the validity of our algorithm. To compare with our proposed method, we incorporate
shadow elimination into GMM (Stauffer and Grimson,
2000) and spatio-temporal MRFs (Migdal and
Grimson, 2005). In our experiments, both spatiotemporal MRFs and our proposed method use
8-spatial neighboring relationship and 9-temporal
neighboring relationship. The experimental results
showed that our proposed method has more accuracy
in tiny details than the other two algorithms. None
results have been processed by morphology filtering.
Fig.2 shows a pedestrian walking around the
street. The video data have stationary backgrounds.
Because GMM segments objects with pixel level,
without considering spatial information, pixels in the
border will be easy to be classified as shadow when
the colors of foreground are similar to those of the

background. The spatio-temporal MRFs have an advantage over GMM in segmentation results because
of incorporation of spatial and temporal constraints.
Our proposed method can update parameters according to scenes, therefore, our method segments
more accurately than others in tiny details, such as the
head and the bag of the pedestrian. Fig.2a is the
original image of frame #535, Figs.2b and 2c are
segmentation results by using GMM and MRFs respectively. The segmentation results by our proposed
method are in Fig.2d. Fig.2e is the results when
shadows have been eliminated from Fig.2d.
The video clip is that of customers walking
around the mall, in which the backgrounds have some
bits of complexity more than previous ones. Fig.3a is
the original image of frame #286, and Fig.3b is the
results segmented by using GMM. There are some
noise points in the results segmented by GMM. Both
MRFs and HCRFs can eliminate the noise points
because of using spatial and temporal constraints.

(a)

(b)

(a)

(b)

(c)

(d)

(c)

(d)

(e)
Fig.2 Segmentation results for “Pedestrian”
(a) Original image of frame #535; (b) Results segmented
by GMM; (c) Segmentation results by using spatio-temporal MRFs; (d) Results by using our proposed method; (e)
Results by eliminating the shadow

(e)
Fig.3 Segmentation results for “Mall”
(a) Original image of frame #286; (b) Results segmented
by using GMM; (c) Segmentation results by using spatiotemporal MRFs; (d) Results by using our proposed
method; (e) Results by eliminating the shadow
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Figs.3c and 3d are the results by using MRFs and
HCRFs respectively. Eliminating the shadows from
Fig.3d, we will obtain Fig.3e.
Fig.4 is a video clip in library surveillance, in
which strong illumination and branch of plants are
contained. The video data have heavy camera noises
that lead to many blobs in segmentation results.
Fig.4a is the original image of frame #157, and Fig.4b
is the results segmented by using GMM. The results
of segmentation using spatio-temporal MRFs are in
Fig.4c. Fig.4d shows the results segmented by using
our proposed method, and the results of our proposed
method with shadow elimination are in Fig.4e.

(a)

(b)

(c)

(d)

methods. The experimental results demonstrated that
the error ratio of our algorithm is less than that of
GMM and spatio-temporal MRFs by 23% and 19%,
respectively.
Table 1 Error ratios of GMM, MRFs and our proposed method
Error ratio

GMM

MRFs

HCRFs

1.11

1.05

0.86

CONCLUSION
A novel adaptive video segmentation algorithm
based on HCRFs is proposed, where spatial and
temporal neighboring constraints are modeled via
HCRFs. To adjust weights of spatio-temporal neighboring relationships according to scene changes, online learning method is adopted to update parameters
of HCRFs. The results of experiments showed that the
error ratio of our algorithm is less than that of GMM
and spatio-temporal MRFs.
Shadow elimination is incorporated into our
method. Linear transform applied to background
models is used to construct the shadow models. Although sometimes, these shadow models cannot deal
well with the shadows. In future work, we want to
improve the approach.
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