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Abstract

An interactive human segmentation approach is de-
scribed. Given regions of interest provided by users, the
approach iteratively estimates segmentation via a general-
ized EM algorithm. Speci�cally, it encodes both spatial and
color information in a nonparametric kernel density esti-
mator, and incorporates local MRF constraints and global
pose inferences to propagate beliefs over image space iter-
atively to determine a coherent segmentation. This ensures
the segmented humans resemble the shapes of human poses.
Additionally, a layered occlusion model and a probabilis-
tic occlusion reasoning method are proposed to handle seg-
mentation of multiple humans in occlusion. The approach is
tested on a wide variety of images containing single or mul-
tiple occluded humans, and the segmentation performance
is evaluated quantitatively.

1. Introduction

Object segmentation is a long-studied but still dif�cult
problem in computer vision. When the objects of interest
and the background have similar color or texture, when the
objects are in a cluttered background, or when objects ap-
pear under occlusion, segmentation become especially chal-
lenging. Recently, the interactive segmentation scheme has
become very popular due to its ef�ciency in handling these
dif�cult cases.

Pairwise potential-based approaches perform �gure-
ground discrimination by clustering features based on pair-
wise costs,e.g. Normalized Cut [15]. In contrast, object-
centered clustering approaches group features with learned
parametric or nonparametric densities; typical examples in-
clude thek-means clustering, and the EM-based clustering
with mixtures of Gaussians [6]. EM-based approaches are
sensitive to initialization and require appropriate selection
of the number of mixture components. It is well known
that �nding a good initialization and choosing a generally
reasonable number of mixtures for the traditional EM al-

gorithm remain dif�cult problems. In [19], the KDE-EM
approach is introduced by applying nonparametric kernel
density estimation method in EM-based color clustering.
Graph-cut approaches combine the pairwise potential-based
scheme with object-centered appearance representation in
a uni�ed energy minimization paradigm,e.g. Interactive
Graph-Cuts [4], and its generalized version, GrabCut [13].

Object segmentation without any prior knowledge is
well-known to be an ill-posed problem. Recently a few
approaches have concentrated on enforcing global shape
priors, top-down reasoning or other higher level knowl-
edge to make the segmentation problem well posed. Ob-
ject category-speci�c MRF [11] or pose-speci�c MRF [5]
combines local contrast-dependent MRF with a layered pic-
torial structure model in [11] or a stickman model in [5] to
provide strong global priors. Hence, the resulting segmenta-
tions resemble objects of interest. In [16], bottom-up cues
are combined with global top-down knowledge for object
class learning with unsupervised segmentation. In [12],
an appearance learning-based method is proposed for ar-
ticulated body segmentation and pose estimation; however
it focuses on pose estimation and does not compute object
segmentation explicitly. In [3], top-down shape cues are
used to merge bottom-up over-segmentation to generate an
object-like segmentation. In [18], the KDE-EM approach is
combined with a shape template-based detection method for
object segmentation. Recently, in [17], a layout-consistent
random �eld is employed to provide a preliminary solution
to segmentation in the presence of occlusion.

We propose an alternative, more ef�cient approach to ob-
ject segmentation capable of handling inter-occlusion be-
tween objects.1 We incorporate local contrast-dependent
MRF constraints and global shape priors iteratively into the
KDE-EM framework [19] to estimate segmentations and
poses simultaneously. There are four important contribu-
tions in this paper. First, we represent kernel densities of
foreground and background in a joint spatial and color space
and update assignment probabilitiesrecursivelyinstead of

1In this paper, we focus on human segmentation but the approach can
be applied to other object categories.



using the direct update scheme in KDE-EM; this modi�ca-
tion of feature space and update equations results in faster
convergence and better segmentation accuracy. Second, we
incorporate contrast-dependent MRF constraints into the
KDE-EM scheme to regularize and smooth the segmenta-
tion within object and background regions. Third, we build
and train a human pose model and perform pose inferences
in the iterative clustering stages to enforce global shape pri-
ors throughout the segmentation process. This encourages
the segmentation of human-like shapes and allows us to op-
timize segmentations and poses simultaneously. Fourth, and
most importantly, we generalize the approach to a multiple
occluded object segmentation by explicitly modeling and
reasoning about occlusion.

2. Modi�ed KDE-EM Approach

KDE-EM uses nonparametric kernel density estimation
[14] for representing feature distributions of foregroundand
background and performs iterative segmentation using EM.
The log-likelihood objective function is similar to the one
in the traditional EM-based segmentation, i.e. summation
of log likelihoods of all pixels in the image, except that the
likelihoods (assignment probabilities) are calculated from
kernel densities.

Given a set of sample pixelsf x i ; i = 1 ; 2:::N g (with a
distribution P), each represented by ad-dimensional fea-
ture vector asx i = ( x i 1; x i 2:::; x id )t , we can estimate
the probabilityP̂ (y ) of a new pixely with feature vector
y = ( y1; y2; :::; yd)t belong to the same distributionP as

P̂(y 2 P ) =
1

N¾1:::¾d

NX

i =1

dY

j =1

k(
yj ¡ x ij

¾j
); (1)

where the same kernel functionk(¢) is used in each dimen-
sion (or channel) with different bandwidth¾j . It is well
known that a kernel density estimator can converge to any
complex-shaped density with suf�cient samples. Also due
to its nonparametric property, it is a natural choice for rep-
resenting the complex color distributions that arise in real
images [7].

For enhancing the compactness and ef�ciency of the seg-
mentation, we extend the color feature space in KDE-EM to
incorporate spatial information. This joint spatial-color fea-
ture space has been previously explored for feature space
clustering approaches such as [7, 9]. Each pixel is repre-
sented by a feature vectorx = ( X t ; C t )t in a 5D space,R5,
with 2D spatial coordinatesX = ( x1; x2)t and 3D normal-
izedrgs color2 coordinatesC = ( r; g; s)t . The separation
of chromaticity from brightness in thergs space allows the
use of a much wider kernel with thes variable to cope with
the variability in brightness due to shading effects. On the

2r = R=(R + G + B ), g = G=(R + G + B ), s = ( R + G + B )=3

other hand, the chromaticity variablesr andg are invariant
to shading effects and therefore much narrower kernels can
be used in these dimensions, which enables more powerful
chromaticity discrimination [19]. In Equation 1, we as-
sume independence between channels and use a Gaussian
kernelk(t) = 1 =

p
(2¼)expf¡ t2g for each channel. The

kernel bandwidths are estimated from the original image as
in [14, 19].

Algorithm 1 Modi�ed KDE-EM
Given a set of sample pixelsf x i ; i = 1 ; 2:::N g from the
image, we iteratively estimate the assignment probabilities
F t (y ) andB t (y ) (t = 0 ; 1; 2:::) of a pixel y belonging to
the foregroundF and backgroundB as follows:
Initialization : Assign initial probabilities to pixels based
on a 2D anisotropic Gaussian distribution. The parameters
of the distribution are determined by the expected location
and sizes (which are assigned via user interaction) of the
foreground object.

F 0(y ) = e¡ 1=2(Y ¡ Y0 ) t V ¡ 1 (Y ¡ Y0 ) ; (2)

B 0(y ) = 1 ¡ F 0(y ); (3)

whereY denotes the spatial coordinates ofy , Y0 denotes
expected object center coordinates, andV denotes a2 £ 2
(diagonal) covariance matrix. The diagonal elements ofV
are set proportional to the expected sizes of the object.
M ¡ Step : (Random P ixel Sampling ) Randomly
sample a set of pixels from the image to estimate foreground
and background appearances represented by weighted ker-
nel densities. For computational ef�ciency, we sample
´ = 5% of the pixels from the image for density estima-
tion.
E ¡ Step : (Sof t P robability Update )

F t (y ) = cF t ¡ 1(y )
NX

i =1

F t ¡ 1(x i )
dY

j =1

k(
yj ¡ x ij

¾j
); (4)

B t (y ) = cB t ¡ 1(y )
NX

i =1

B t ¡ 1(x i )
dY

j =1

k(
yj ¡ x ij

¾j
); (5)

whereN is the number of samples andc is a normalizing
factor such thatF t (y ) + B t (y ) = 1 .
Segmentation : The iteration is terminated when
P

y fj F t (y ) ¡ F t ¡ 1 (y ) jg
n < ² , wheren is total number of pix-

els in the image.F (y ) andB (y ) denote the �nal converged
assignment probabilities. The segmentation is �nally esti-
mated as:y 2 F if F (y ) > B (y ), y 2 B otherwise.

KDE-EM employs a soft-labelling procedure and
weighted kernel density estimation to update the assign-
ment probabilities. For adapting the nonparametric kernel



density estimation to the EM algorithm, a sampling step is
substituted for the M-step in EM. In each iteration, samples
are independently drawn from auniform distributionand
weighted by the assignment probabilities estimated from
the previous iteration. The foreground/background assign-
ment probabilitiesF t (y ) and B t (y ) are updated directly
by weighted kernel densities. We modify this by updating
F t (y ) and B t (y ) recursivelyon the previous assignment
probabilitiesF t ¡ 1(y ), B t ¡ 1(y ) with weighted kernel den-
sities (Equations 4 and 5). This modi�cation results in
faster convergence and better segmentation accuracy. An
example of the modi�ed KDE-EM approach is shown in
Figure 5.

3. Pose-Assisted Segmentation

KDE-EM treats individual pixels separately, hence, the
resulting segmentation usually has holes or isolated small
regions. In order to obtain a coherent and object-like seg-
mentation, we use higher-order dependencies between pix-
els. The higher-order dependencies can be exploited in the
form of local and global MRFs. Instead of incorporating
these priors in the energy function [4, 2, 13, 11, 5], we
apply them iteratively and recursively in a single process
to force the segmentation result to be a human-like shape.
This avoids the need for an extra optimization step such as
graph-cut and achieves simultaneous segmentation and pose
estimation ef�ciently. Also, our approach maintains soft la-
belling throughout the optimization process, while graph-
cut is a discrete (labelling) optimization scheme.

3.1. Incorporating Local MRF Constraints

Let ª t
F andª t

B represent the probabilities of a pixely
being labelled as the foreground and background according
to local contrast-dependent MRF constraints which are de-
�ned as:

ª t
F (y ) =

X

z2N y

Á(I jy ; z)F t ¡ 1(z); (6)

ª t
B (y ) =

X

z2N y

Á(I jy ; z)B t ¡ 1(z); (7)

whereI denotes the original image,Ny denotes the neigh-
borhood (8-neighborhoods) of pixely , andÁ(I jy ; z) rep-
resents the contrast-dependent MRF induced likelihood for
pixel y . The likelihoodÁ(I jy ; z) is de�ned as:

Á(I jy ; z) =
1

dist (y ; z)
e¡ 1

2

³
(

r z ¡ r y
¾r

)2 +(
g z ¡ g y

¾g
)2 +(

s z ¡ s y
¾s

)2
´

:

(8)
To incorporate the local contrast-dependent MRF con-

straints into our iterative segmentation scheme, the recur-
sive assignment probability update step (Equations 4 and
5) is extended by the local MRF terms (Equations 9 and

(a) PS pose
model

(b) Tree-like structure (c) PS pose model �t-
ting

Figure 1. An illustration of the pose model and training examples.
(a) 10-parts PS model, (b) Simpli�ed tree-like struture, (c) Exam-
ples of the training images, hand-segmented silhouettes, and PS
pose model �tting results.

10). This can be explained as follows: the current fore-
ground/background assignment probabilities are updated
recursively by combined evidence from the spatial neigh-
borhood and current foregournd/background appearance es-
timates (weighted kernel densities); in other words, the lo-
cal MRF terms are incorporated tosmooththe pixel-wise
soft labelling at each iteration. We refer to this modi�ed ap-
proach as CDMRF-KDE-EM. An example of the CDMRF-
KDE-EM approach is shown in Figure 5.

3.2. Enforcing Global Shape Priors by Poses

We next describe how to incorporate prior shape infor-
mation into the segmentation process. We build a Pictorial
Structure (PS) pose model similar to the model in [8] and
enforce global shape priors based on adaptive pose infer-
ence on soft segmentations at each iteration.

3.2.1 PS Pose Model

We chose 808 images from the INRIA person dataset [1] as
training images (some of them are shown in Figure 1(c)).
Human poses are modeled as a 10-part pictorial structure
(Figure 1(a)) of which each part is represented as a hori-
zontal parallelogram with �ve degrees of freedom (position
p, orientation®, sizess). Hence, the model (represented
by parametersµ) has a total of5 £ 10 = 50 degrees of
freedom. For simplicity, we assume independence between
head, arms and legs and assume the pair of arms are also
independent (the pair of legs are still correlated). This en-
ables us to simplify the model to a tree-like structure (Figure
1(b)) on which the root node is chosen as the torso.

The PS model has many degrees of freedom and the pa-
rameter space is huge, while possible human poses form
a low-dimensional manifold in this space. Hence, for ef-
�ciently searching the parameter space, we train the pose
model and estimate its joint parameter distributionl(µ) from
the set of best matching poses which are estimated using



Figure 2. The iterative process of pose-assisted segmentation.
Each frame represents the current soft segmentation overlaid with
MAP �tted pose.

MLE by �tting the PS pose model to the binary silhouette
images (obtained by manual segmentation of the training
images) individually (Figure 1(c)). In our implementation,
based on the above independence assumption, the joint dis-
tribution is marginalized as a set of individual joint distribu-
tions for different parts (head, torso, arms and legs). Hence,
as a result of training,l (µ) is represented as a set of proba-
bility mass functions on low dimensional parameter spaces.

3.2.2 Training the Pose Model from Silhouettes

The degree of �tting½(µjS) is de�ned as the similarity of
the silhouette imageS and the binary model coverage image
M (µ), i.e. ½(µjS) = 1 ¡

P
x kS(x ) ¡ M (µ;x )k

n , wheren is the
total number of pixels in the image. Then, the problem of
model �tting can be formulated as a maximum likelihood
estimation:µ¤

i = arg maxµ2 £ ½(µjSi ), where£ denotes
the set of all possible model parameters, andµ¤

i is the max-
imum likelihood estimate for the binary silhouette image
Si ; i 2 f 1; 2; :::; N t g (N t is the number of training images).

In training, we assume a uniform prior over£ . Accord-
ing to the model in Figure 1(b), there are only loops be-
tween the pair of legs in the simpli�ed tree-like graph struc-
ture. Optimization for matching the PS model to images
is performed by belief propagation similar to [8] which
is known to achieve globally optimal solutions for tree-
structured acyclic graphs. In our approach, parameters for
pair of legs are jointly optimized for handling the cases of
occlusion between legs. Finally, the con�guration corre-
sponding to the maximum overall �tting score is returned
as the estimateµ¤. Figure 1(c) shows some examples of PS
model �tting results.

3.3. Pose-Assisted Segmentation

Now, we combine the modi�ed KDE-EM scheme with
local MRF constraints and global pose priors to form a sin-
gle iterative algorithm: pose-assisted segmentation. The
global shape prior is enforced by iteratively �tting the
trained PS model to the current foreground assignment
probability map and updating the probability map with the
binary model coverage image as an adaptive weighted sum.
The segmentation and pose estimation are performed in an
interleaved and cooperative manner (Figure 5).

Algorithm 2 Pose-Assisted Segmentation
Initialization : As in KDE-EM.
M ¡ Step : As in KDE-EM.
E ¡ Step I : Incorporating local MRFs.

F t (y ) = cF t ¡ 1(y )ª t
F (y )

NX

i =1

F t ¡ 1(x i )
dY

j =1

k(
yj ¡ x ij

¾j
); (9)

B t (y ) = cB t ¡ 1(y )ª t
B (y )

NX

i =1

B t ¡ 1(x i )
dY

j =1

k(
yj ¡ x ij

¾j
); (10)

E ¡ Step II : Adaptive pose inference on the soft segmen-
tation and assignment probability update by the estimated
poses.
1. Fit the PS modelµ 2 £ to the current foreground prob-
ability map F t to �nd the maximum a posteriori (MAP)
solution as:µ¤

t = arg maxµ2 £ l (µ)½t (µ), where½t (µ) is
calculated as the similarity of the foreground assignment
probabilityF t and the binary model coverage imageM (µ):

½t (µ) = 1 ¡
P

x kF t (x) ¡ M (µ;x)k
n

: (11)

Similar to the PS model �tting scheme, we employ the be-
lief propagation algorithm in the reduced search space for
estimating the best �tting modelµ¤

t .
2. Use the binary model coverage imageM t = M (µ¤

t ) to
update the foreground probability mapF t as follows:

F t
new = (1 ¡ ! t )F t + ! t M t ; F t

new 7! F t ; (12)

B t = 1h£ w ¡ F t ; (13)

where1h£ w is an all-1 matrix and! t = ¯ t ½t (µ)° is an
adaptive weight to control the iteration based on the current
model �tting score.
Segmentation : As in KDE-EM.

4. Segmentation of Multiple Occluded Objects

For the case of multiple objects, a set of bounding boxes
are roughly provided around foreground objects by user in-
teraction as in [4, 13]. The order of interactive assignments
can be arbitrary and the occlusion ordering is inferred from
the segmentation process.

Given an imageI and a set of initial human hypothe-
ses,(x k ; sk ); k = 1 ; 2; :::K , wherex k andsk denote the
location and scale of each human, the problem of seg-
mentation is the(K + 1) -class (K humans and back-
ground) pixel labelling problem. The label set is denoted
asF1; F2; :::FK ; B. Given a pixely , we denote the prob-
ability of the pixely belonging to human-k asF t

k (y ), and
the probability of the pixely belonging to the background
asB t (y ), wheret = 0 ; 1; 2::: is the iteration index. The



assignment probabilitiesF t
k (y ) andB t (y ) are constrained

to satisfy the condition:
P K

k=1 F t
k (y ) + B t (y ) = 1 .

4.1. Layered Occlusion Model

We introduce a layered occlusion model into the initial-
ization step for segmentation of multiple occluded objects.
Layered representation have been used in [10] for motion
segmentation. The background is assumed to be in the far-
thest back layer. Given a hypothesis of an occlusion or-
dering, we build our layered occlusion representation iter-
atively by calculating the foreground probability mapF 0

k
for the current layer and its residual probability mapR0

k for
pixel y . Suppose the occlusion order (from front to back) is
given byF1; F2; :::FK ; B; then the initial probability map
(Figure 3) is calculated recursively as follows:

Algorithm 3 Initialization by Layered Occlusion Model

initialize R0
0(y ) = 1 for all y 2 I

for k = 1 ; 2; :::K
¡ for all y 2 I
¡ F 0

k (y ) = R0
k ¡ 1(y )e¡ 1=2(Y ¡ Y0 ) t V ¡ 1 (Y ¡ Y0 )

¡ R0
k (y ) = 1 ¡

P k
j =1 F 0

j (y )
endfor
return F 0

1 ; F 0
2 ; :::; F 0

K andB 0 = R0
K

4.2. Pose-Assisted Segmentation for Multiple Oc-
cluded Objects

We generalize the single-human segmentation scheme
presented in the previous sections. We �rst incorporate the
contrast-dependent MRF to regularize the probability maps
in the E ¡ Step I , and perform the PS pose model infer-
ence on individual probability mapsF t

k for each object and
update the probability maps in theE ¡ Step II . Based on
the pose inference on individual probability maps, we ex-
plicitly reason about occlusion status between humans by
comparing the assignment probabilities of the pixels in the
occluded regions. Our pose-assisted segmentation approach
performs segmentation, pose estimation and occlusion rea-
soning simultaneously in an interleaved, iterative process
where occlusion reasoning is applied as a prior to update
the assignment probability maps at each iteration.
Occlusion reasoning:the initial occlusion ordering is de-
termined by sorting the hypotheses by their vertical coordi-
nates and the layered occlusion model is used to estimate
initial assignment probabilities. The occlusion status isup-
dated at each iteration after theE ¡ step I by comparing
the evidence of occupancy in the overlap area between dif-
ferent object hypotheses. For two object hypothesesH i

andH j , if they have overlap areaOH i ;H j , we estimate the
occlusion ordering between the two as:H i occludeH j if

Figure 3. The process of pose-assisted segmentation for multiple
occluded objects.

P
x 2 OH i ;H j

Fi (x) >
P

x 2 OH i ;H j
Fj (x) (i.e. H i better ac-

counts for the pixels in the overlap area thanH j ), H j oc-
cludeH i otherwise, whereF t

i andF t
j are the foreground

assignment probabilities ofH i andH j . At each iteration,
every pair of hypotheses that have a non-empty overlap area
is compared in this way. The whole occlusion ordering is
updated by exchanges if and only if the estimated pairwise
ordering differs from the previous ordering. Similar reason-
ing scheme have been explored in [10] using®¯ -swap and
®-expansion algorithms.

5. Experiments and Evaluation

In this section, we �rst present experiments on initial-
ization sensitivity and then discuss qualitative and quan-
titative results for both single and multiple occluded hu-
man segmentation. In the experiments, the segmentation
accuracy° [%] is de�ned as the proportion of pixels cor-
rectly classi�ed as foreground or background by compar-
ing the binary segmentation result with the ground truth:

° =
³

1 ¡
P

x jF (x ) ¡ H (x ) j
n

´
£ 100%, whereF is the binary

segmentation image andH is the hand-segmented ground
truth. The constants̄ and° are set tō = 0 :9, ° = 4 , and
remained constant during the experiments.

5.1. Initialization Sensitivity

The sensitivity of segmentation accuracy with respect to
the initialization bias (scale, shift-x, shift-y) is tested for
various images and results for a typical example are shown
in Figure 4. (Note that results for other examples are very
similar). The sensitivity curves show that segmentation ac-
curacy decreases monotonically (but very slowly) with re-
spect to scale and horizontal/vertical shifts. Speci�cally, the
best segmentation accuracy is above 98% which is achieved
with the true bounding box, and the accuracy is above 96%
when the scale factor is in the range [0.75 1.25], when the
horizontal shift factor is below 0.4, and when the vertical
shift factor is below 0.42. Also, the accuracy remains above
90% when the scale factor is in the range [0.5 1.5], and re-
mains above 92% and approximately above 90% when the



Algorithm 4 Pose-Assisted Segmentation for Multiple Oc-
cluded Objects
Initialization : By the layered occlusion model.
M ¡ Step : As in KDE-EM.
E ¡ Step I : Assignment probability updates for multiple
foreground objects and background.

F t
k (y ) = cF t ¡ 1

k (y )ª t
F k

(y )
NX

i =1

F t ¡ 1
k (x i )

dY

j =1

k(
yj ¡ x ij

¾j
); (14)

B t (y ) = cB t ¡ 1
k (y )ª t

B (y )
NX

i =1

B t ¡ 1(x i )
dY

j =1

k(
yj ¡ x ij

¾j
); (15)

wherec is a normalizing constant such that
P K

k=1 F t
k (y ) +

B t (y ) = 1 .
E ¡ Step II : Adaptive pose inference on the soft segmen-
tation and assignment probability update by the estimated
poses.
1. Update the occlusion ordering
2. Fit the PS pose modelµ 2 £ to the current foreground
probability mapF t

k to �nd the maximum a posteriori (MAP)
estimation as:µ¤

k;t = arg maxµ2 £ l (µ)½k;t (µ), where

½k;t (µ) = 1 ¡
P

x kF t
k (x) ¡ M (µ;x)k

n
: (16)

We perform MAP optimization for each hypothesis to esti-
mate the set of best �tting modelsµ¤

k;t ; k = 1 ; 2; :::K for
the current iteration stept.
3. Use the set of binary model coverage imagesM t

k =
M (µ¤

k;t ), k = 1 ; 2; :::K to update the foreground proba-
bility mapsF t

k , k = 1 ; 2; :::K as follows:

Fk
t
new = (1 ¡ ! t )F t

k + ! t M t
k ; Fk

t
new 7! F t

k ; (17)

B t = 1h£ w ¡
X

k

F t
k ; (18)

where! t = ¯ t ½k;t (µ)° .
Segmentation : The iteration is terminated when
P

k

P
y fj F t

k (y ) ¡ F t ¡ 1
k (y ) jg

n < ² . We denoteFk (y ) and
B (y ) as the �nal converged assignment probabilities. Then
the �nal segmentation is determined as: pixely be-
long to human-k, i.e. y 2 F k ; k = 0 ; 1; :::K (where
k = 0 corresponds to backgroundF0 = B), if k =
arg maxk2f 0;1;:::K g F t

k (y ).

horizontal and vertical shift factors increase from 0 to 0.5.
We only consider sensitivity in these intervals since the ini-
tialization rectangle will have less than 50% overlap with
the object region for more severe biases. Horizontal shifts
tend to be less sensitive than scale change and vertical shifts.

(a) Initialization and Ground Truth Segmentation
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(b) Initialization Sensitivity Analysis

Figure 4. Experiments on initialization sensitivity. (a) Ground
truth and biased bounding boxes, (b) Sensitivity w.r.t. scale, shift-
x, and shift-y.

5.2. Results on Single-human Segmentation

We have tested our approach to single-human segmen-
tation on the INRIA person dataset [1]. Figure 5 shows
comparison of the segmentation performances for Grab-
Cut, KDE-EM, CDMRF-KDE-EM, and the proposed ap-
proach. KDE-EM resulted in a very inaccurate segmen-
tation with many holes and isolated small regions. Grab-
Cut obtained coherent segmentations but the results are
very sensitive to the interactive initialization and does not
guarantee a human-like segmentation. CDMRF-KDE-EM
obtained a coherent segmentation but incorrectly included
background regions in the segmentation. In contrast, with
the local MRF and global shape priors provided by the PS
pose model inference, our approach achieved the best result,
and the segmentation accuracy almost reached the ground
truth (98.71%) for this example. Results for more dif�cult
examples are shown in Figure 6.

We also quantitatively evaluated the proposed segmen-
tation approach on a subset of 100 test images from the
INRIA person dataset [1] and compared it with KDE-EM
[19]. The set of test images are chosen to avoid redundan-
cies of mirror images and overlap with the training set. Fig-
ures 7(a) and 7(b) show some examples of test images and
the quantitative comparison results. The distribution of the
performance is evaluated by sorting the images by segmen-
tation accuracy and number of iterations. The result shows
that our proposed approach outperformed KDE-EM signif-
icantly in segmentation accuracy. For the number of itera-
tions to convergence 7(c), our approach achieved slightly
better convergence (fewer iterations) than KDE-EM (this is
mainly due to the recursive soft probability update).



(a) GrabCut

(b) KDE-EM

(c) CDMRF-KDE-EM

(d) Pose-Assisted Segmentation

Figure 5. Example processes of segmentation approaches. (a)
GrabCut [13] segmentation for three different initializations, (b)
KDE-EM: EM soft-labelling using weighted kernel density es-
timation, (c) CDMRF-KDE-EM: KDE-EM combined with local
contrast-dependent MRF constraints, (d) Pose-assisted segmenta-
tion.

5.3. Results on Multi-human Segmentation

We compared our multi-human segmentation approach
to G-KDE-EM (KDE-EM generalized to the case of mul-
tiple objects) on a variety of test images. Figure 8 shows
some results on our segmentation and pose estimation re-
sults for images with multiple occluded humans. Our ap-
proach achieved good segmentation and pose estimation re-
sults even with severe inter-occlusions between humans,
while KDE-EM resulted in poor segmentations with few
human-like segmentations. This is as expected since KDE-
EM does not enforce any prior knowledge in the segmen-
tation. Finally, the running time and the number of itera-
tions needed for our multi-human segmentation algorithm
are similar to the cases of single human segmentation.

6. Conclusions

The KDE-EM framework has fast convergence and
achieves accurate results for color-based segmentation. Our
incorporation of local contrast-dependent MRF and PS pose

Figure 6. Results for more test images with increasing complexity.
From left to right are original image with selected bounding boxes,
result using GrabCut, result using KDE-EM, and segmentation and
pose estimation results using our proposed method. Note that in
these examples, we assume there is single foreground object and
only segment the human in the center of the image.
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Figure 7. Quantitative performance evaluation. (a) Sample test im-
ages, (b) Comparison of segmentation accuracy, (c) Comparison of
convergence rates.

model inference shows the combined local and global pri-
ors give very accurate segmentations, while human poses
are estimated simultaneously. The pose-assisted segmen-
tation approach is also generalized to the case of multiple
occluded human segmentation based on a layered occlusion
model and a probabilistic occlusion reasoning method. Ex-
periments show that our approach improves KDE-EM to a
large extent while preserving the basic computational cost



Figure 8. Comparison of segmentation and pose estimation for occluded cases.

and running time. Currently our approach can deal with
most standing human poses (front/back and side views) but
has limitations on handling self-occlusion and performing
inference on more dif�cult poses. We need to extend our
system to incorporate in-process user adjustments (e.g. cor-
recting orientation of arms) to handle pose inference in
these these cases. Another future direction is to generalize
the approach to the cases of other object categories.
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