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MAP-MRF モデリングを用いた HMM に基づく
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【概要】我々は、既に HMM に基づく自動車追跡手法を提案している。この手法は交通映像にお
ける各小領域を、自動車、自動車の影および背景という三つのカテゴリに分類することができ
る。ある位置の一つの小領域での時間ステップごとの観測値が一つの HMM として、近傍の小領
域とは独立にモデル化される。ここで、さらに近傍小領域間に存在する空間依存情報を追跡プロ
セスに取り入れるために、本論文では新しい状態見積もり手法を提案する。提案手法は、HMM
の出力をマルコフ確率場（MRF) としてモデル化し、事後確率最大化（MAP）基準を状態見積
もりの最適化に用いる。各時間ステップにおいて各小領域すべての状態から構成される最適な見
積もり状態は、確率緩和過程を経て生成された MAP 見積もりである。実験結果では、本手法に
よる背景領域および非背景領域の分類率は HMM のみに基づく手法より優れていることが示さ
れた。特に、本手法は自動車内部に存在する暗い部分（例えば、フロントガラス）の影への誤分
類を効果的に減少させることができる。
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Abstract We have proposed a car tracker based on an HMM-based segmentation method which
classiﬁes each small region of images into three categories: vehicles, shadows of vehicles and
background from a traﬃc monitoring movie. The observations over time for one small region
location are modeled as a single HMM, independently of the neighboring regions. In order to
incorporate spatial-dependent information among neighboring regions into the tracking process
furthermore, this paper proposes a new state estimation method that models the output from the
HMMs as a Markov random ﬁeld (MRF), and employs Maximum a posteriori (MAP) criteria
in conjunction with the MRF for optimization. At each time step, the optimal conﬁguration
composed by the states of all small regions is the MAP estimate generated through a stochastic
relaxation process. Practical tests show that the accuracy of discrimination between foreground
(vehicles) and non-foreground regions is superior to the way using HMM results only. Especially,
this method can eﬀectively reduce the mis-estimates for dark regions inside vehicles, such as
windscreens that are problematic because of being easily confused with shadow regions.
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Introduction

Shadows of moving objects often obstruct robust visual tracking [6]. For enhancing the
robustness to diﬀerent lighting conditions of
car trackers, we have proposed a segmentation method based on hidden Markov models (HMMs) which classiﬁes each small region
of a traﬃc monitoring movie into three different categories: foreground (vehicles), background and shadow [3], since an HMM is a
suitable model to impose temporal continuity
constraints [4]. The temporal continuity here
means a pixel belongs to a certain category
for a period of time. Once a pixel is inferred
to be in a foreground region, it is expected
to be within the foreground region for some
time. The temporal continuity of each category becomes especially signiﬁcant in situations where intensity diﬀerences among categories are ambiguous. In consideration of this
fact, the observations over time for one small
region location are modeled as a single HMM
along time-axis, independently of the neighboring regions. One diﬃcult issue with respect to this method is how to perform the
context-dependent classiﬁcation which incorporates both temporal and spatial dependence
among regions in the HMM framework. This
is because a scene is understood in not only
temporal but spatial context of objects in the
scene. For example, a foreground region is
highly unlikely to exist in isolation surrounded
by background regions. Such spatially contextual constraints are also necessary to be entertained in the interpretation of visual information. This paper focuses on the improvement
for the proposed method [3] from this viewpoint.
It is well-known that Markov random ﬁeld
theory provides a convenient and consistent
way for modeling context dependent entities
such as image pixels and correlated features
[7]. This is achieved through characterizing
mutual inﬂuences among such entities using
conditional MRF distributions. Very importantly, MRF used in conjunction with a statistical criteria for optimization, e.g. Maximum a posteriori, enable to formulate objective functions in terms of MAP optimal-

ity principle. We consider this MAP-MRF
framework can be adopted in our HMM-based
tracking method, so as to realize the contextdependent classiﬁcation in both temporal and
spatial sense. When the spatial constraints
are not taken into consideration in our HMMbased tracking method, an optimal state for
each small region is found individually to maximize the joint probability of the state at current moment and the past observation sequence
[3]. Instead, this paper proposes a new state
estimation method which models the output
from the HMMs as an MRF, and employs MAP
principle together with the MRF to obtain the
optimal combination of the states from the
HMMs of all small regions. At each time step,
the optimal combination of states is obviously
the MAP estimate which is generated through
a stochastic relaxation process. Unlike most of
the MRFs designed for low level processing including image restoration, surface reconstruction, edge detection, texture analysis, etc., the
MRF in our method does not deal with a single value such as a label or a gray-value but a
set of the probabilities each region belongs to
three diﬀerent categories.

2

The HMM

A detailed description of the HMM for our
tracking method can be found in [3]. Only a
brief review is provided here.
The HMM constructed for each small region location consists of three states: foreground (F), background (B) and shadow (S),
in which every state can be basically reached
in a single step from every other state. In addition to being able to discriminate between
foreground and background, it is also necessary to detect shadows. This is because the
gray-value distribution of the shadow diﬀers
signiﬁcantly from the intensity distribution of
foreground and background regions (Fig.1) so
that the shadow regions have to be treated
separately. Since all three distributions have
a large overlap, it is impossible to construct
an HMM which achieves robust classiﬁcation
only based on intensity values. Modeling temporal continuity is important. The HMM im-
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Figure 1: Intensity values for single small region location are collected from a 30 seconds long
video sequence and classiﬁed into three diﬀerent categories: (a) background, (b) shadow and (c)
foreground. The intensity histograms of the diﬀerent categories show a large amount of overlap.
poses temporal continuity constraints by learning the state transition probability distribution which will determine the expected duration that a small region belongs to a foreground, shadow or background category.
We assume that a non-overlapped small region location with equal size on an image has
the same form of the HMM and a set of diﬀerent HMM parameters. The model parameters
of the HMM with three states are abbreviated
as λ = {A, B, π}: the initial state distribution π = {πi }, the state transition probability distribution A = {aij }, and the observation probability for each state B = {bj (v)},
i ∈ {F, S, B}. Based on the intensity histograms of Fig.1, the observation models of
the background and shadow regions are modeled as Gaussian densities, and the observation probability of the foreground region is
taken to be uniform. Since in addition to
intensities we also introduce high frequency
wavelet coeﬃcients as the second observation
to reduce the overlaps among the observation
distributions of diﬀerent categories, the observation models for the background and shadow
regions are actually modeled as 2D Gaussian
densities.

3

Let a regular lattice for a 2D image of
size m × n = N is denoted by a set of sites
S = {1, · · · , N}. A neighborhood system for
S which maintains the inter-relationship between sites is deﬁned as N = {Ni |∀i ∈ S},
where Ni is the set of sites neighboring i. A
subset c ⊆ S is then said to be a clique if it
consists either of a single site or of several sites
that are all neighbors to each other. For example, the collections of single-site and pair-site
are denoted by C1 and C2 , respectively, where
C1 = {i|i ∈ S} and C2 = {{i, i}|i ∈ S, i ∈
Ni }.
A random ﬁeld X is a family of random
variables deﬁned on the set S in which each
random variable Xi takes a value xi in a label
set L. The notation Xi = xi is used to denote
the event that Xi takes the value xi . For simplicity, a joint event X1 = x1 , · · · , XN = xN is
abbreviated as X = x, where x = {x1 , · · · , xN }
is a conﬁguration of X, corresponding to a realization of the ﬁeld. X is said to be a Markov
random ﬁeld on S with respect to a neighborhood system N if and only if 1) all of its realizations have nonzero probabilities, and 2) its
conditional distribution satisﬁes the following
Markov property:
P (xi |xS−{i} ) = P (xi |xNi ),

MRF Modeling

A. Markov Random Field
We start with the discussion with the concept
of MRF, and introduce necessary terminology and notations that will appear frequently
later.

(1)

where xNi = {xi |i ∈ Ni } stands for the set of
labels at the sites neighboring i.
If x is an MRF, it is well known that the
joint probability distribution of x is a Gibbs
distribution [2]:
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P (x) = Z −1 exp{−U (x)/T },

(2)

where U (x) is called the energy function with

Vc (x).
(3)
U (x) =
c∈C

In Eqs.(2) and (3), C is the collection of all
clique for (S, N ), Z and T are constants and
Vc (x)’s are the clique potentials. For a given
clique c, Vc (x) only depends on the random
variables deﬁned on the sites in that clique. Z
is the normalizing constan, so-called partition
function, with

exp{−U (x)/T },
(4)
Z=

P (f|d) = P (d|f)P (f) and estimating involved
unknown parameters.
At the state estimation phase, since it is
no longer necessary to discriminate between
shadow and background, the category of S is
once merged into that of background for simplicity. Taking on values only within the discrete label set L = {F, B} (equivalently on
the label set L = {0, 1}) enable us to adopt a
simple MRF called auto-logistic model as the
prior distribution of f , which can be written
in Gibbs form by
P (f) = Z −1 exp{−U (f)/T },

(6)

x∈F

where the prior energy is deﬁned as


U (f|Φf ) =
αi fi +
βi,i fi fi ,

where F means the conﬁguration space.

{i}∈C1

B. Modeling the Posterior Distribution
It have been mentioned that at each time step,
an output from the HMM for each small region
location is a set of probabilities this region belongs to foreground, background and shadow.
Obviously, the output from all the region locations constitutes a Markov random ﬁeld which
deﬁned on the label set L = {F, S, B}, if the
state estimate algorithm in the HMM simply
chooses the category with the largest probability. In learned HMM parameters, because
there certainly exist overlaps among observation distributions of diﬀerent categories, especially between foreground and shadow, experimental results have shown that the darkcolored cars or the dark regions inside vehicles
such as windscreens are easily confused with
shadow regions. The problem here is how to
segment out the foreground regions by MRF
modeling from degraded results of the state
estimate of the HMM.
Let the output from the HMM be observed
data denoted by d and a realization of an MRF
denoted by f . One solution to the problem
within the MAP-MRF framework is to perform the MAP estimate to ﬁnd
f ∗ = arg max{P (d|f)P (f)}.
f ∈F

(5)

Two most important aspects of this work is
deriving the form of the posterior distribution

{i,i }∈C2

(7)
and Φf ndicates the parameters related to f .
This model conveys spatially contextual information with its simple form and low computational cost, the latter is desired by a real-time
tracking system. The parameters αi and βi,i
measure, respectively, the external ﬁeld and
bonding strengths among the sites neighboring to each other. They have to be learned
from some clean realizations of the MRF. We
discuss the parameter learning in the following
section.
As to the P (d|f), we construct a special
observation model based on the idea of random replacement. Let PF and PB (abbreviated as PA , A ∈ {F, B}) be the probabilities a small region location belongs to foreground and background that are provided by
the HMMs. An fi is transformed into di according to the following likelihood probability:

PA if ϑ = ϑ = A
P (di = ϑ|fi = ϑ ) = PF if ϑ = B, ϑ = B,

PB if ϑ = F, ϑ = F
(8)
where L = D = {F, B} (D is the set in which
every region takes a value di ), 0 ≤ PA ≤ 1,
ϑ ∈ D and ϑ ∈ L. In this model, a label
value remains unchanged with the probability of the category this label corresponding
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Figure 3: Codings for the 8-neighborhood systems.
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Figure 2: Two-dimensional lattice with a
second-order neighborhood system.
to, and changes to any other label value with
the probability of the category the new label
corresponding to. The observed data are well
described since all used probabilities are based
on the state estimation of the HMMs.
In consideration of the fact that the probabilities used in the observation model are obtained for each region location independently,
P (d|f) is approximatively treated as the simple product of the conditional likelihood in
Eq.(8):

P (di |fi ).
(9)
P (d|f) =
i∈S

Therefore, our job here is to ﬁnd the value(s)
of f which maximize the posterior distribution
for a ﬁxed d, i.e., to minimize
U P (f) = U (f|Φf ) + U (d|f),

(10)

where the prior energy and observation energy
are speciﬁed by Eqs.(7) and (8), respectively.

C. Learning the MRF Parameters
We choose S as a 2D lattice with a secondorder neighborhood system, where the neighbors of site i are the eight sites that immediately surround it (see Fig.2). Five types of

cliques including single-site and pair-sites are
taken into account. The Gibbs distribution
of the MRF is supposed to be both homogeneous and isotropic, so that we have αi = α
and βi,i = β, regardless of the positions of the
sites and the directions of the cliques. This assumption leads to the advantage of reducing
the number of unknown parameters.
The purpose of parameter learning is to
ﬁnd
Φf = arg max{P (f|Φf )}
Φf

(11)

by ML estimation. Since the partition function Z in the Gibbs distribution P (f|Φf ) is
also a function of Φf , and moreover Z is calculated by summing over all possible conﬁgurations in conﬁguration space, ML estimation for unknown parameters is very diﬃcult.
To solve this problem, we use a approximate
scheme called coding method [2]. The set S
is partitioned into four disjoint sets S (k) (k =
1, 2, 3, 4), called codings, such that no two sites
in one coding are neighbors (see Fig.3). Under the Markov assumption, the variables associated with the sites in an S (k) are mutually
independent, given the labels at all other sites.
From Eqs.(6) and (7), the conditional probability for the homogeneous and isotropic autologistic model with L = {0, 1} can be derived
as follows:

exp {−[αfi + βfi i ∈Ni fi ]/T }

.
P (fi |fNi ) =
1 + exp {−[α + β i ∈Ni fi ]/T }
(12)
Taking the probability independence within
a coding into account furthermore, the likelihood for prior given the parameters can be
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Figure 4: Original image (left) and its result
for stat classiﬁcation (right). The later can be
used for MRF parameter learning.
calculated by the following simple product

P (fi |fNi )
(13)
P (k) (f|Φf ) =
i∈S (k)


 exp {−(αfi + βfi i ∈N fi )/T }
 i
=
.

1
+
exp
{−(α
+
β
i ∈Ni fi )/T }
(k)
i∈S

Its log coding likelihood takes the form


ln P (k) (f|Φf ) = −
{αfi + βfi
fi
i∈S (k)

+ ln[1 + exp (−α − β

i ∈Ni


i ∈Ni

fi )]}.(14)

The ML estimates for {α(k) , β (k) } areobtained
by solving
∂ ln P (k) (f|α, β)
= 0,
∂α

(15)

∂ ln P (k) (f|α, β)
= 0.
∂β

(16)

D. Finding the MAP Solution
At each time step in tracking, the optimal
conﬁguration is searched through a stochastic relaxation process, given results from the
HMMs as observed data. The stochastic relaxation process includes a Gibbs sampler [5]
that works together with a simulated annealing algorithm. A clear and comprehensive treatment of simulated annealing algorithms can be
found in many literatures such as [1]. Here,
we focus only on the Gibbs sampler and the
annealing schedule used in our system.

α(k)
6.283
8.397
4.475
9.475
7.158

β (k)
−1.578
−1.931
−1.393
−2.452
−1.838

Table 1: Parameter estimation
The Gibbs sampler generates a Markov chain
{f (0), f (1), · · · } that converges to a Gibbs distribution as t → ∞, regardless of the initial
conﬁguration f (0). The time t here means the
concept of the time in a stochastic relaxation
process. A reasonable selection of the starting
conﬁguration in our system is the results from
the HMMs. At each time step, only one site
undergoes a possible change, so that f (t − 1)
and f (t) can diﬀer at most one small region
location on an image. Let n1 , n2 , . . . , nt , . . .
be the sequence in which the sites are visited
for replacement. At time t, we choose a state
x with the probability speciﬁed by the conditional distribution in Eq.(12), given the observed states of the neighboring sites fr (t −
1), r ∈ Nnt . The new conﬁguration f (t) has
fnt (t) = x and fs (t) = fs (t − 1), s = nt . The
sequence {nt} we actually use is simply the
one corresponding to the raster scan order.
The decreasing sequence of temperatures
T is determined by the annealing schedule
T (y) =

C
, 1 ≤ y ≤ Y,
ln(1 + y)

(17)

where C is a constant, T (y) indicates the temperature during the yth iteration of the annealing algorithm, and Y is the total number
of the iterations. This schedule controls T to
be lowered very slowly, particularly near the
freezing point, so that a conﬁguration with
the global minimum of Gibbs posteriori energy (Eq.(10)) can be found ﬁnally.

4

Experimental Results

In the experiments, a clean (not degraded)
realization of the MRF such as the example
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Figure 5: Likelihood for four codings are calculated from training data.
shown in Fig.4 (labeled data) is used for MRF
parameter learning. The log coding likelihood
deﬁned in Eq.(14) is plotted in Fig.5 for four
diﬀerent codings. From these ﬁgures, we know
that the functions are convex, as expected.
The parameters are calculated for every coding individually (see Table 1) and the arithmetic average of them is ﬁnally determined as
the ones used in the model. They are α =
7.158, β = −1.838.
The MAP-MRF modeling described in the
above sections is incorporated into the existing HMM framework. At the state estimate
phase, instead of independently choosing the
state with largest probability for each region
location, the conﬁguration obtained at nearly
freezing point during the stochastic relaxation
process is adopted. As to the annealing schedule, we use C = 3.0 and starting temperature
T (1) = 4.32809.
Our method has been test on several 30
seconds long real-world motorway sequences.
Some results are summarized in Fig.6. The
ﬁrst row in Fig.6 shows ten successive original
images of a car at one-frame intervals. The
corresponding classiﬁcation results which depend on simple HMM state estimate are given
in the second row. It can be easily observed
that the dark regions inside a car such as wind-

screens tend not to be classiﬁed as foreground
but as shadow, by only the HMMs. The third
row shows the classiﬁcation results using the
proposed method. Because this method has
taken the spatial-dependent information among
neighboring sites into account, the whole region of the car is distinguished from the background, as expected. The iteration of the simulated annealing algorithm is taken to be 20
here. The results using the same method but
with 100 iterations is also given in the ﬁnal
row for comparison. No remarkable diﬀerence
with the preceding results can be observed. It
means the stochastic relaxation process converges fast.
From the experimental results, we conﬁrmed
the eﬀectiveness of MAP-MRF modeling in
improving the accuracy of state estimation of
the hidden Markov models. We also conﬁrmed
that the stochastic relaxation process including a Gibbs sampler which works together with
a simulated annealing algorithm converges fast
enough to be utilized in real-time tracking systems.

5

Conclusions

This paper proposed a new approach which
incorporates MAP-MRF into an HMM frame-
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Figure 6: The visualization of the results of state estimation. Foreground: black and background:
gray.
work to achieve spatiotemporal-dependent modeling for traﬃc monitoring movies. Experimental results on real-world video sequences
show that this approach can especially eﬀectively reduce the mis-classiﬁcation for dark regions inside vehicles. It means the approach
enhances the robustness to diﬀerent lighting
conditions of car trackers.
Although it is possible to do this work by
other methods, the proposed approach provides a way that enables us to develop algorithms for similar vision problems systematically using rational principles rather than relying on ad hoc heuristics.
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