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A Methodology for Extracting Standing Human
Bodies From Single Images
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Abstract—Segmentation of human bodies in images is a chal-
lenging task that can facilitate numerous applications, like scene
understanding and activity recognition. In order to cope with
the highly dimensional pose space, scene complexity, and various
human appearances, the majority of existing works require com-
putationally complex training and template matching processes.
We propose a bottom-up methodology for automatic extraction
of human bodies from single images, in the case of almost upright
poses in cluttered environments. The position, dimensions, and
color of the face are used for the localization of the human body,
construction of the models for the upper and lower body according
to anthropometric constraints, and estimation of the skin color.
Different levels of segmentation granularity are combined to
extract the pose with highest potential. The segments that belong
to the human body arise through the joint estimation of the
foreground and background during the body part search phases,
which alleviates the need for exact shape matching. The perfor-
mance of our algorithm is measured using 40 images (43 persons)
from the INRIA person dataset and 163 images from the “lab1”
dataset, where the measured accuracies are 89.53% and 97.68%,
respectively. Qualitative and quantitative experimental results
demonstrate that our methodology outperforms state-of-the-art
interactive and hybrid top-down/bottom-up approaches.

Index Terms—Adaptive skin detection, anthropometric
constraints, human body segmentation, multilevel image
segmentation.

I. INTRODUCTION

EXTRACTION of the human body in unconstrained still
images is challenging due to several factors, including

shading, image noise, occlusions, background clutter, the high
degree of human body deformability, and the unrestricted posi-
tions due to in and out of the image plane rotations. Knowledge
about the human body region can benefit various tasks, such as
determination of the human layout ([1]–[4]), recognition of ac-
tions from static images ([5]–[7]), and sign language recognition
([8], [9]). Human body segmentation and silhouette extraction
have been a common practice when videos are available in con-
trolled environments, where background information is avail-
able, and motion can aid the segmentation through background
subtraction. In static images, however, there are no such cues,
and the problem of silhouette extraction is much more chal-
lenging, especially when we are considering complex cases.
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Moreover, methodologies that are able to work at a frame level
can also work for sequences of frames, and facilitate existing
methods for action recognition based on silhouette features and
body skeletonization.

In this study, we propose a bottom-up approach for human
body segmentation in static images. We decompose the prob-
lem into three sequential problems: Face detection, upper body
extraction, and lower body extraction, since there is a direct
pairwise correlation among them. Face detection provides a
strong indication about the presence of humans in an image,
greatly reduces the search space for the upper body, and pro-
vides information about skin color. Face dimensions also aid in
determining the dimensions of the rest of the body, according to
anthropometric constraints. This information guides the search
for the upper body, which in turns leads the search for the lower
body. Moreover, upper body extraction provides additional in-
formation about the position of the hands, the detection of which
is very important for several applications. The basic units upon
which calculations are performed are super pixels from multi-
ple levels of image segmentation. The benefit of this approach
is twofold. First, different perceptual groupings reveal more
meaningful relations among pixels and a higher, however, ab-
stract semantic representation. Second, a noise at the pixel level
is suppressed and the region statistics allow for more efficient
and robust computations. Instead of relying on pose estimation
as an initial step or making strict pose assumptions, we enforce
soft anthropometric constraints to both search a generic pose
space and guide the body segmentation process. An important
principle is that body regions should be comprised by segments
that appear strongly inside the hypothesized body regions and
weakly in the corresponding background. The general flow of
the methodology can be seen in Fig. 1.

The major contributions of this study address upright and not
occluded poses.

1) We propose a novel framework for automatic segmenta-
tion of human bodies in single images.

2) We combine information gathered from different levels
of image segmentation, which allows efficient and robust
computations upon groups of pixels that are perceptually
correlated.

3) Soft anthropometric constraints permeate the whole pro-
cess and uncover body regions.

4) Without making any assumptions about the foreground
and background, except for the assumptions that sleeves
are of similar color to the torso region, and the lower part
of the pants is similar to the upper part of the pants, we
structure our searching and extraction algorithm based on
the premise that colors in body regions appear strongly
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Fig. 1. Overview of the methodology. Face detection guides estimation of anthropometric constraints and appearance of skin, while image segmentation provides
the image’s structural blocks. The regions with the best probability of belonging to the upper body are selected and the ones that belong to the lower body follow.

inside these regions (foreground) and weakly outside
(background).

II. RELATED WORK

We classify approaches for human body segmentation into
the following categories. The first includes interactive methods
([10]–[14]) that expect user input in order to discriminate the
foreground and background. Interactive segmentation methods
are useful for generic applications, and have the potential to
produce very accurate results in complex cases. However, since
they rely on low-level cues and do not employ object-specific
knowledge, they often require user input to guide their process,
and are inappropriate for many real-world problems, where au-
tomation is necessary. In general, this category differs from the
other two, which are automatic and often task specific.

The second category includes top-down approaches, which
are based upon a priori knowledge, and use the image content to
further refine an initial model. Top-down approaches have been
proposed ([15]–[17]) as solutions to the problem of segment-
ing human bodies from static images. The main characteristic of
these approaches is that they require high-level knowledge about
the foreground, which in the case of humans is their pose. One
method for object recognition and pose estimation is the pictorial
structures (PS) model and its variations ([3], [18]–[20]). In gen-
eral, human body segmentation approaches based on PS models
can deal with various poses, but they rely on high-level models
that might fail in complex scenarios, restricting the success of
the end results. Besides, high-level inference is time consuming
and, thus, these methods usually are computationally expensive.

Bottom-up approaches ([21] [22]) use low-level elements,
such as pixels or superpixels [23], and try to group them into
semantic entities of higher levels. In [21], multiple levels of
a segmentation hierarchy are employed, and the algorithm in-
volves a part searching step over all produced segments, which
is computationally expensive. In [24], foreground regions are

sampled using small masks, which is not sufficient to model
the clothing in complex scenarios (nonuniform clothing, clut-
tered background, different poses). In this methodology, we
combine cues from multiple levels of segmentation. In [25], the
human body is assumed to be inside a large mask, but due to
the variability of human poses, this assumption often fails, and
the sampling may lead to unrecoverable errors. In this study,
we propose a more refined searching process for the torso and
legs, where we try to find arbitrary salient regions in the regions
that correspond to them. Salient regions are comprised of seg-
ments that appear strongly inside the hypothesized foreground
and weakly in the background. By considering the foreground
and background conjunctively, we alleviate the need for exact
mask fitting and dense searching, and we allow the masks to be
large according to anthropometric constraints so that they may
perform sufficient sampling in fewer steps. Pose estimation can
be considered as a higher level problem compared with body
segmentation, and many prefer to use a bottom-up approach to
facilitate body part estimation and pose recognition [3].

Hybrid methodologies leverage the advantages of bottom-up
and top-down approaches. Perceptual groupings from a bottom-
up approach in many cases provide a good foundation to cope
with the high number of poses. Shape templates of body parts ap-
plied on image segments are a way of solving the segmentation
puzzle ([26]–[28]). In order to alleviate the need for numerous
shape templates, [29]–[31] decompose the problem into upper
and lower body estimation, similarly to ours, but employ fitting
of an accurate torso model. In [29], two deformable models are
designed to segment the human body on two-scale superpixels,
and in [30], a coarse-to-fine strategy is used. Li et al. [29] ex-
tend these concepts by combining a kinematic model and data
driven graph cut. Rauschert and Collins [32] present a Bayesian
framework for jointly estimating articulated body pose, and the
pixel-level segmentation of each body part is proposed. The
results of the methodology are very promising, but to tackle
the complexity of the problem, even for standing positions, the
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proposed model needs to be optimized over a high number of
parameters.

III. FACE DETECTION

Localization of the face region in our method is performed
using OpenCV’s implementation of the Viola–Jones algorithm
[33] that achieves both high performance and speed. The algo-
rithm utilizes the Adaboost method on combinations of a vast
pool of Haar-like features, which essentially aim in capturing the
underlying structure of a human face, regardless of skin color.
Since skin probability in our methodology is learned from the
face region adaptively, we prefer an algorithm that is based on
structural features of the face.

The Viola–Jones face detector is prone to false positive detec-
tions that can lead to unnecessary activations of our algorithm
and faulty skin detections. To refine the results of the algo-
rithm, we propose using the skin detection method presented
in [34], and the face detection algorithm presented in [35]. The
skin detection method is based on color constancy and a mul-
tilayer perceptron neural network trained on images collected
under various illumination conditions both indoor and outdoor,
and containing skin colors of different ethnic groups. The face
detection method is based on facial feature detection and lo-
calization using low-level image processing techniques, image
segmentation, and graph-based verification of the facial struc-
ture.

First, the pixels that correspond to skin are detected using
the method in [34]. Then, the elliptical regions of the detected
faces in the image found by the Viola–Jones algorithm are evalu-
ated according to the probabilities of the inscribed pixels. More
specifically, the average skin probability of the pixels X of
potential face region FRi , for each person i, is compared with
threshold TGlobalSkin (set empirically to 0.7 in our experiments).
If it passes the global skin test (greater than TGlobalSkin), it is
further evaluated by our face detector. If the facial features are
detected, then FRi is considered to be a true positive detection.

After fitting an ellipse in the face region, we are able to define
the fundamental unit with respect to which locations and sizes
of human body parts are estimated, according to anthropometric
constraints. This unit is referred to as palm length (PL), because
the major axis of the ellipse is almost the same size as the
distance from the base of the palm to the tip of the middle finger.
Thus, our anthropometric model is adaptive for each person and
invariant to scale.

IV. MULTIPLE-LEVEL IMAGE SEGMENTATION

Relying solely on independent pixels for complicated infer-
ence leads to propagation of errors to the high levels of image
processing in complex real-world scenarios. There are several
different sources of noise, such as the digital sensors that cap-
tured the image, compression, or even the complexity of the
image itself and their effect is more severe at the pixel level.
A common practice to alleviate the noise dwelling at the pixel
level is the use of filters and algorithms that extract collective
information from pixels. Moreover, groups of pixels express
higher semantics. Small groups preserve detail and large groups

Fig. 2. Image segmentation for 100, 200, and 500 superpixels.

tend to capture shape and more abstract structures better. Fi-
nally, computations based on superpixels are more efficient and
facilitate more flexible algorithms.

In this study, we propose using an image segmentation
method, in order to process pixels in more meaningful groups.
However, there are numerous image segmentation algorithms,
and the selection of an appropriate one was based on the follow-
ing criteria. First, we require the algorithm to be able to preserve
strong edges in the image, because they are a good indication
of boundaries between semantically different regions. Second,
another desirable attribute is the production of segments with
relatively uniform sizes. Studies on image segmentation meth-
ods [36], [37] show that although these algorithms approach
the problem in different ways, in general, they utilize low-level
image cues and, thus, their results cannot guarantee compliance
with the various and subjective human interpretations. Thus, we
deem this step as a high-level filtering process and prefer to
oversegment the image; therefore, as not to lose detail. Region
size uniformity is important because it restrains the algorithm
from being tricked by oversegmenting local image patches of
high entropy (e.g., complex and high detailed textures) at the
expense of more homogeneous regions that could be falsely
merged, although they belong to semantically different objects
(e.g., human hand over a wooden surface with color similar to
skin).

Mori et al. [28] use superpixels instead of single pixels and
normalized cuts [23] for segmenting the image. The method we
adopt in this study is the entropy rate superpixel segmentation
(ERSS) algorithm [38], which provides a tradeoff between ac-
curacy and computational complexity. This approach is based
on optimizing an objective function consisting of two compo-
nents: The entropy rate of a random walk on a graph and a
balancing term. Results of the ERSS are shown in Fig. 2. More
importantly, we propose using multiple levels of segmentation,
in order to alleviate the need for selecting an appropriate number
for the regions to be created and combine information emanat-
ing from different perceptual groupings of pixels. Although our
framework can accept any number of segmentation levels, we
find that two segmentation levels of 100 and 200 segments pro-
vide accurate results. For the skin detection algorithm, a finer
segmentation of 500 superpixels is used, because it manages to
discriminate better between adjacent skin and skin-like regions,
and recover skin segments that are often smaller compared with
the rest image regions.



330 IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 45, NO. 3, JUNE 2015

Fig. 3. Skin detection algorithm.

V. SKIN DETECTION

Among the most prominent obstacles to detecting skin regions
in images and video are the skin tone variations due to illumi-
nation and ethnicity, skin-like regions and the fact that limbs
often do not contain enough contextual information to discrimi-
nate them easily. In this study, we propose combining the global
detection technique [39] with an appearance model created for
each face, to better adapt to the corresponding human’s skin
color (Fig. 3). The appearance model provides strong discrimi-
nation between skin and skin-like pixels, and segmentation cues
are used to create regions of uncertainty. Regions of certainty
and uncertainty comprise a map that guides the GrabCut algo-
rithm, which in turn outputs the final skin regions. False posi-
tives are eliminated using anthropometric constraints and body
connectivity. An overview of the process can be seen in Fig. 4.

Each face region FRi is used to construct an adaptive
color model for each person’s skin color. In this study, we
propose using the r, g, s, I, Cr, and a channels. In more
detail, r = R/(R + G + B), g = G/(R + G + B), and s =
(R + G + B)/3; therefore, r and g are the normalized versions
of the R and G channels, respectively, and s is used instead of
b to achieve channel independence. Channels I, Cr, and a from
YIQ (or NTSC), YCbCr, and Lab colorspaces, respectively, are
chosen because skin color is accentuated in them. The skin
color model for each person is estimated after fitting a normal
distribution to each channel, using the pixels in each FRi . The
parameters that represent the model are the mean values μij and
standard deviations σij for each FRi and channel j = 1 . . . 6
for channels r, g, s, I, Cr, and a. Each image pixel’s probability
of being a skin pixel is calculated separately for each channel
according to a normal probability distribution with the corre-
sponding parameters. We expect true skin pixels to have strong
probability response in all of the selected channels. The skin
probability for each pixel X is as follows:

PSkin i
(X) =

6∏

j=1

N (X,μij , σij ). (1)

Fig. 4. Skin detection examples.

The adaptive model in general focuses on achieving a high
score of true positive cases. However, most of the time it is too
“strict” and suppresses the values of many skin and skin-like
pixels that deviate from the true values according to the derived
probability distribution. At this point, we find that an influence of
the skin global detection algorithm is beneficial because it aids
in recovering the uncertain areas. Another reason we choose
to extend the skin detection process is that relying solely on
an appropriate color space to detect skin pixels is often not
sufficient for real-world applications [40]. The two proposals are
combined through weighted averaging (with a weight of 0.25 for
the global model, and 0.75 for the adaptive model). The finest
level of image segmentation is used at this point to characterize
segments as certain and probable background and foreground.
For the certain foreground regions, however, only the pixels with
sufficiently high probability in the adaptive model are used as
seeds; therefore, as to control their strong influence. In order to
characterize a region as probable background or foreground, its
mean probability of the combined probability must be above a
certain threshold (empirically set to 0.2 and 0.3, respectively).
Examples can be seen in Fig. 4.

VI. UPPER BODY SEGMENTATION

In this section, we present a methodology for extraction of
the whole upper human body in single images, extending [40],
which dealt with the case, where the torso is almost upright and
facing the camera. The only training needed is for the initial step
of the process, namely the face detection and a small training set
for the global skin detection process. The rest of the methodol-
ogy is mostly appearance based and relies on the assumption that
there is a connection between the human body parts. Processing
using superpixels instead of single pixels, which are acquired by
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an image segmentation algorithm, yield more accurate results
and allow more efficient computations.

The initial and most crucial step in our methodology is the
detection of the face region, which guides the rest of the process.
The information extracted in this step is significant. First, the
color of the skin in a person’s face can be used to match the rest
of his or her visible skin areas, making the skin detection process
adaptive to each person. Second, the location of the face provides
a strong cue about the rough location of the torso. Here, we deal
with cases, where the torso is below the face region, but without
strong assumptions about in and out of plane rotations. Third,
the size of the face region can further lead to the estimation of the
size of body parts according to anthropometric constraints. Face
detection here is primarily conducted using the Viola–Jones face
detection algorithm for both frontal and side views. Since face
detection is the cornerstone of our methodology, we refine the
results of the aforementioned method using the face detection
algorithm presented in [35].

Once the elliptical region of the face is known, we proceed
to the foreground (upper body) probability estimation. To better
utilize the existing spatial and color relations of the image pixels,
we perform multiple level oversegmentation and examine the
resulting superpixels. We regard superpixels with color similar
to that of the face region as skin and superpixels with color
similar to the regions inside torso masks as clothes. With respect
to clothes, the size of face’s ellipse guides the construction
of rectangular masks for the foreground using anthropometric
constraints. Our basic assumption is that a good foreground
mask should contain regions that appear mostly inside the mask
and not outside (background). In other words, we try to identify
“islands of saliency,” in the aforementioned sense. As opposed
to approaches based on pose estimation, we employ simple
heuristics to conduct a fast and rough torso pose estimation and
guide the segmentation process.

The torso is usually the most visible body part, connected
to the face region and in most cases below it. Using anthro-
pometric constraints, one can roughly estimate the size of the
torso and its location. However, different poses and head motion
make torso localization a challenging task, especially when as-
sumptions about poses are relaxed. Instead of searching for the
exact torso region or using complex pose estimation methods,
we propose using a rough approximation of the torso mask in
order to identify the most concentrated island of saliency. This
criterion allows for fast inference about the torso’s size and lo-
cation, while relieving the need for the complex task of explicit
torso estimation, without sacrificing accuracy.

As discussed, different levels of segmentation give rise to dif-
ferent perceptual pixel groupings, and each segment is described
by the statistics of its color distribution. In each segmentation
level, each segment is compared with the rest and its similarity
image is created, depicting the probabilistic similarity of each
pixel to the segment. Similarly to the skin detection process,
normal probability distributions according to the mean μi and
standard deviation σi of segment Si are estimated for each chan-
nel j = 1, 2, 3 of the Lab color space, and the probability for
each image pixel belonging to this probability is calculated. We
estimate the final probability as the product of the probabilities

Fig. 5. Example of similarity images for random segments.

Fig. 6. Masks used for torso localization.

(1) in each channel separately. Example similarity images are
shown in Fig. 5. The resulting image that depicts the probability
segment Si that is the same color as the rest of the segments is
referred to as the similarity image. Similarity images are gath-
ered for all of the different segmentation levels l. Here, we use
two segmentation levels in this stage of 100 and 200 superpix-
els, because they provide a good tradeoff between perceptual
grouping and computational complexity

PSimIm l i
(X) =

3∏

j=1

N (X,μij , σij ). (2)

Sequentially, a searching phase takes place, where a loose
torso mask is used for sampling and rating of regions according
to their probability of belonging to the torso. Since we assume
that sleeves are more similar to the torso colors than the back-
ground, this process combined with skin detection actually leads
to upper body probability estimation. The mask is used for suf-
ficient sampling instead of torso fitting; therefore, it is estimated
as a large square with sides of 2.5PL, with the top most side
centered with respect to the face’s center. In order to relax the
assumptions about the position and pose of the torso, the mask
is rotated by 30◦ left and right of its initial position (0◦) (see in
Fig. 6). By using a large square mask and allowing this degree
of freedom, we manage to sample a large area of potential torso
locations. By constraining its size according to anthropometric
constraints, we make the foreground/background hypotheses
more meaningful.

During the search process, the mask is applied to each sim-
ilarity image and its corresponding segment is scored. Let
TorsoMaskt be a binary image, where pixels are set to 1 (or
“on”) inside the square mask and 0 (or “off”) outside so that
SimImli ∩ TorsoMaskt selects the probabilities of the similarity
image that appear inside the mask. Index t = 1, 2, 3 corresponds
to a torso mask at angle −30, 0, or 30. Thus, (3) and (4) rate
each segment’s potential of belonging to the foreground and
background, respectively, and (5) combines the two potentials
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Fig. 7. Segments with potential of belonging to torso. (a), (b) For segmentation
level 1 and 2 and torso mask at 0 ◦. (c), (d) For segmentation level 1 and 2 and
torso mask at 30 ◦. (e) (f) For segmentation level 1 and 2 and torso mask at
−30 ◦.

Fig. 8. Aggregation of torso potentials shown in Fig. 7, for torso masks at 0 ◦,
30 ◦, and −30 ◦.

in the form of a ratio as follows:

PFG(Stli) =
|St l i |∑

SimImli ∩ TorsoMaskt (3)

PBG(Stli) =
|St l i |∑

SimImli ∩ TorsoMaskt (4)

TorsoScore(Stli) =
PFG(Stli)

PBG(Stli) + ε
. (5)

In the end of the previous process, images showing the seg-
ments’ potentials for each segmentation level and for each torso
hypothesis are created (see Fig. 7). In order to select the torso
mask that retrieves the most suitable segments, we accumulate
the results in each segmentation level for each torso mask. We
refer to the normalized result as the aggregated potential torso
image. As seen in Fig. 8, the final potential maps accentuate suc-
cessfully the torso and arms. Our approach has the advantages
of taking different perceptual groupings into account and being
able to alleviate the need for an accurate torso mask estimation,
by conjunctively measuring the foreground and background po-
tentials. The fact that we use superpixels in the computations
makes comparisons more meaningful, preserves strong bound-
aries, and improves algorithmic efficiency. Results may be im-
proved by adding more segmentation levels and masks at dif-
ferent sizes and locations, but at the cost of computational com-
plexity. Here, we show how even with rough approximations,

Fig. 9. Thresholding of the aggregated potential torso images and final upper
body mask. Note that the masks in the top row are discarded.

we can achieve accurate and robust results without imposing
computational strain.

The obvious step is to threshold the aggregated potential torso
images in order to retrieve the upper body mask. In most cases,
hands or arms’ skin is not sampled enough during the torso
searching process, especially in the cases, where arms are out-
stretched. Thus, we use the skin masks estimated during the skin
detection process, which are more accurate than in the case they
were retrieved during this process, since they were calculated
using the face’s skin color, in a color space more appropriate
for skin and segments created at a finer level of segmentation.
These segments are superimposed on the aggregated potential
torso images and receive the highest potential (1, since the po-
tentials are normalized).

Instead of using a simple or even adaptive thresholding, we
use a multiple level thresholding to recover the regions with
strong potential according to the method described, but at the
same time comply with the following criteria: 1) they form a
region size close to the expected torso size (actually bigger in
order to allow for the case, where arms are outstretched), and
2) the outer perimeter of this region overlaps with sufficiently
high gradients. The distance of the selected region at threshold t
(Regiont) to the expected upper body size (ExpUpperBodySize)
is calculated as follows:

ScoreSize = e

−|Regiont −ExpUpperBodySize|
ExpUpperBodySize (6)

where ExpUpperBodySize = 11 × PL2 . The score for the
second criterion is calculated by averaging the gradient image
(GradIm) responses for the pixels that belong to the perimeter
(PRegiont) of Regiont as

ScoreGrad =
1

|PRegiont |

|P Regiont |∑
GradIm ∩ PRegiont .

(7)
Thresholding starts with zero and becomes increasingly

stricter at small steps (0.02). In each thresholding level, the
largest connected component is rated, and the masks with
ScoreGrad > 0.05 and ScoreSize > 0.6 are accumulated to a
refined potential image (see in Fig. 9). Incorporation of this a
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priori knowledge to the thresholding process aids the accen-
tuation of the true upper body regions (UBR). Accumulation
of surviving masks starts when ScoreSize > 0.6 and resulting
masks after this point will keep getting closer monotonically to
the expected region size. Accumulation ends when ScoreSize
drops below 0.6. The rationale behind this process is to both
restrict and define the thresholding range and focus the inter-
est to segments with high potential of forming the upper body
segment. The aggregate mask (AggregateMask) can now be
processed easily and produce more meaningful results. Specif-
ically, we set a final threshold, which allows only regions that
have survived more than 20% of the accumulation process in
the final mask for the UBR. This process is performed for every
initial torso hypothesis; therefore, in the end, there are three
corresponding aggregate masks, out of which the one that over-
laps the most with the initial torso mask and obtains the highest
aggregation score is selected. The aggregation score shows how
many times each pixel has appeared in the accumulation pro-
cess, implicitly implying its potential of belonging to the true
upper body segment.

A. Refinement

In many cases, the extracted upper body mask is very accurate
and can be used as a final result. However, we choose to add
an extra refinement step to cope with probable segmentation er-
rors and pixels that manage to survive the multiple thresholding
process. One idea that we use here is to give the upper body
mask as input to an interactive foreground/background algo-
rithm that requires “seeds” corresponding to the foreground and
background. GrowCut and GrabCut are used for experiments.

GrowCut expects the RGB image as input and a map denot-
ing the seeds for background, foreground, and uncertain pixels,
whereas GrabCut can operate on a more refined map contain-
ing the certain foreground, certain background, probable fore-
ground, and probable background regions. In order to construct
these maps, we employ morphological operations on the up-
per body mask, with adaptive square structural elements (SEs)
according to anthropometric constraints. For GrowCut, the un-
certain region is constructed by dilating the upper body mask
with a SE with sides equal to PL/6, the face’s ellipse with a
SE with sides equal to PL/10 and the skin regions with a SE
with sides equal to PL/12. Possible holes between the face and
torso region are also filled. The certain foreground is similarly
constructed with erosion instead of dilation, where the sides of
the SEs are now PL/4, PL/4, and PL/10, respectively. The rest of
the map is classified as background. For the GrabCut algorithm,
the possible background ground is constructed by dilating the
upper body mask, the face’s ellipse and skin masks using SEs
with sides PL/10, PL/2, and PL/12, the probable foreground is
constructed by eroding the masks with SEs with sides PL/4,
PL/4, and PL/10, respectively, and the certain foreground by
eroding them with SEs with sides PL/1, PL/3, and PL/8, re-
spectively. Both algorithms are guided by the extracted upper
body mask; therefore, their results are very similar. Their main
difference is that GrabCut can make better guesses in cases of
uncertainty and segment large regions loosely defined by the

Fig. 10. Example of foreground/background certainty maps and segmenta-
tions for (a), (b) GrabCut and (c), (d) GrowCut.

map, whereas GrowCut is more sensitive to the map and more
influenced by background seeds. In Fig. 10, for example, both
algorithms extract the upper body successfully, but GrowCut re-
moves the small enclosed regions by the arms, whereas GrabCut
includes them.

VII. LOWER BODY EXTRACTION

The algorithm for estimating the lower body part, in order
to achieve full body segmentation is very similar to the one for
upper body extraction. The difference is the anchor points that
initiate the leg searching process. In the case of upper body
segmentation, it was the position of the face that aided the es-
timation of the upper body location. In the case of lower body
segmentation, it is the upper body that aids the estimation of
the lower body’s position. More specifically, the general crite-
rion we employ is that the upper parts of the legs should be
underneath and near the torso region. Although the previously
estimated UBR provides a solid starting point for the leg local-
ization, different types of clothing like long coats, dresses, or
color similarities between the clothes of the upper and lower
body might make the torso region appear different (usually
longer) than it should be. To better estimate the torso region,
we perform a more refined torso fitting process, which does
not require extensive computations, since the already estimated
shape provides a very good guide.

The expected dimensions of the torso are again calculated
based on anthropometric constraints, but in a more accurate
model. In addition, in order to cope with slight body defor-
mations, we allow the rectangle to be constructed according
to a constrained parameter space of highest granularity and di-
mensionality. Specifically, we allow rotations with respect to
rectangle’s center by angle φ, translations in x- and y-axes, τx

and τy and scaling in x- and y-axes, sx and sy . The initial di-
mensions of the rectangle correspond to the expected torso in
full frontal and upright view and it is decreased during searching
in order to accommodate other poses. The rationale behind the
fitting score of each rectangle is measuring how much it covers
the UBR, since the torso is the largest semantic region of the
upper body, defined by potential upper body coverage (UBC),
while at the same time covering less of the background region,
defined by potential S (for Solidity). Finally, in many cases, the
rectangle needs to be realigned with respect to the face’s center
(FaceCenter) to recover from misalignments caused by different
poses and errors. A helpful criterion is the maximum distance of
the rectangle’s upper corners (LShoulder, RShoulder) from the
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Fig. 11. Best torso rectangle with shoulder and beginning of the legs positions.

face’s center (Dsf ), which should be constrained. Thus, fitting
of the torso rectangle is formulated as a maximization problem

θmaxf(θ) = α1 × UBC(θ) + α2 × S(θ) + α3 × Dsf (θ)
(8)

where θ = (φ, τx , τy , sx , sy )

UBC(θ) =
∑ TorsoMask(θ)∩UBR∑ TorsoMask(θ)

S(θ) =
∑ TorsoMask(θ)∑ UBR

Dsf (θ) = e
−|MaxD s f −1 . 5×PL|

1 . 5×PL
where TorsoMask(θ) is the binary image, where pixels in-
side the rectangle rTorsoMask(θ) are 1, else 0; UBR is the
binary image, where pixels inside the UBR are 1, else
0; a1 , a2 , a3 are weights, set to 0.4, 0.5, and 0.1, respec-
tively, and ; MaxDsf = max(d(FaceCenter, RShoulder(θ)) and
d(FaceCenter, LShoulder(θ))) is the distance of the furthest
shoulder point from the face’s center.

After finding the torso rectangle with the best score, we esti-
mate the shoulder positions (top corners of the rectangle), and
more importantly, the waist positions (lower corners of the rect-
angle). In turn, waist positions approximately indicate the begin-
ning of the right and left leg legBR = (x, y) and legBL = (x, y),
respectively. These points are the middle points of the line seg-
ments of the waist points and the point in the center of the line
that connects them. Fig. 11 shows a case of a fitted torso and the
aforementioned points.

Similarly to upper body extraction and the torso rectangle
fitting case, we explore hypotheses about the leg positions us-
ing rectangles by first creating rectangle masks for the upper
leg parts and using them as samples for the pants color and
finally perform appearance matching and evaluate the result.
The assumption we make here is that there is uniformity in the
color of the upper and lower parts of the pants. In the case of
short pants, where the lower leg parts are naked, the previously
calculated skin regions are used to recover them. In order to
reduce computational complexity, the size and position of the
upper leg rectangles are fixed and adhering to anthropometric
constraints and the only free parameter is their angle of rotation
with respect to their center φright and φleft . Let LegMask(θ)
be the binary mask for the two hypothesized leg parts, where
θ = (φright , φleft).

Every possible upper leg mask is used as a sample of the pants
regions, and the leg regions are estimated using the clothes and

Fig. 12. Example legs mask for φright = 0 and φle ft = 0.

Fig. 13. Example of foreground/background certainty maps and segmenta-
tions for (a) and (b) GrabCut and (c) and (d) GrowCut.

skin detection process (1)–(5). An example mask can be seen in
Fig. 12. The hypothesized foreground is the pixels that belong
to the leg mask, and background is the rest of the image plus
the pixels of the upper body mask, without the pixels below the
waist line segment (if any). The leg mask retrieved from each
hypothesis is the largest connected component of image seg-
ments with color similar to the hypothesis and the skin regions
retrieved in the previous steps. There is no strong need for pre-
cise alignment of the masks and the real leg parts, just enough
coverage is pursued in order to perform a useful sampling. Thus,
the algorithm can recover from slight torso misalignment and
performs well in cases of different leg positions, without im-
posing the computational strain of dense searching using dense
mask parameters.

After the leg potentials are found, the same thresholding pro-
cess as in the case of the upper body takes place, with the
difference that now the expected lower body size is used in
(6) (ExpLowerBodySize instead of ExpUpperBodySize), where
ExpLowerBodySize = 6 × PL2 . In order to construct the trimap
of GrowCut to perform the refinement process for the leg re-
gions, the leg mask is eroded by a square structuring element
(SE) with side PL/4 followed by dilation by a SE with side
PL/5 in order to create the uncertainty mask, and for the certain
foreground mask it is eroded using a SE with side PL/3. Fig. 13
shows an example. In some cases, thin and ambiguous regions
like belts or straps might end up belonging to both the upper and
lower body, or in the worst case the background. Most of the
time, however, the refinement of the upper and lower regions
is able to recover them, and during merging of the two regions
they are included in the final outcome.

VIII. RESULTS

To evaluate our algorithm, we used samples from the publicly
available INRIA person dataset [41], which includes people
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TABLE I
SAMPLE RESULTS OF THE TESTED METHODOLOGIES

TABLE II
EVALUATION RESULTS FOR INRIA DATASET AND COMPARISON WITH

INTERACTIVE (1–5) AND AUTOMATIC (6–8) METHODS

performing everyday activities in outside environments in
mostly upright position. This is a challenging dataset, since
the photos are taken under various illumination conditions, in
heavily cluttered environments and people appear in various
types of clothing. Our current implementation is based on C++
and MATLAB functions and processing (including refinement
steps) lasts on average 4 min per image with size of 640 × 480
pixels on a 2.4-GHz Intel Core 2 Duo machine.

We estimated the performance of our algorithm in segmenting
43 not occluded persons in 40 images and compared the results
with those of five generic algorithms (not designed specifically
for human body segmentation): Proposals [42], GrabCut [12],
the original version of GraphCut [14], geodesic star convexity
(GSC) [13], and random walker (RW) [11]. Except for the pro-
posals method, which is automatic, the rest of the algorithms
are interactive; therefore, they are provided with the foreground

and background seeds. For GraphCut, GSC and RW foreground
seeds are in the form of a straight line from the top of the
head to the tip of the shoe, trying to pass through the most im-
portant regions of the body (hair, skin, and different types of
clothing), while background seeds are two lines almost enclos-
ing the human body and covering the most important parts of
the background along their path. For GrabCut foreground and
background are estimated through a bounding box that tightly
enclosed the human body. Table I shows some samples of the
images used and the corresponding results of each algorithm.

The score EvalScore of each silhouette Ra extracted by the
algorithms is compared with ground truth silhouettes Rgt ac-
cording to the formula:

EvalScore =
∑

Ra ∩ Rgt∑
Ra ∪ Rgt

(9)

where the ∩ and ∪ are the AND and OR operators, respectively.
The results for each test are shown in Table II. The segmen-
tations that our algorithm produces are accurate, with smooth
boundaries most of the time and manage to preserve the skin
regions, which are strongly correlated with body parts; there-
fore, preserving them should be a priority. The proposals algo-
rithm recognizes salient objects from using segments produced
by graph cuts, where the seeds are estimated by a hierarchical
segmentation method. The algorithm is fully automatic; how-
ever, in cases like the ones we are interested in the human body
cannot be easily separated from the complex scenery, except for
a few cases like in example 4 in Table I. GrabCut produces very
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Fig. 14. Examples from the dataset in [43] (the outline of the segmented body
is superimposed to the images to conserve space).

Fig. 15. Cases of poor segmentation.

good results, which are also appealing to the eye and do not
require a lot of human effort when the bounding box version is
used. On the other hand, in cases were the limbs are outstretched
or enclose background regions, the bounding box may contain
large background portions, which are treated as foreground and
severely harm the algorithm’s capability to segregate them from
the foreground. GraphCut performs very well, in general, but
in many cases it produces many false positives that lower its
scores (hence its high standard deviation value). As for exam-
ple, in row 4 of Table I, where the foreground color distribution
is adequately different than that of the background, it is the
only one that manages to discard the small regions enclosed
by body limbs as opposed to the other algorithms, except for
ours. However, in complex scenarios there are cases, where the
results are not natural. GSC produces results comparable with
GrabCut, and in a few cases, the best among the tested group.
Experiments show that it usually has difficulties segmenting
nonconvex objects with complex color distributions, which is a
usual case with humans due to their articulation. Finally, RW
algorithm’s results are comparable with GrabCut’s, as well, and
in a few cases better. RW’s ability to guess and complete edges
proves to be very powerful, but it often has the side effect of
producing more rugged boundaries.

To further evaluate our method, we include the results of the
works of Li et al. [29], Lu et al. [30], and Li et al. [31], as

reported in [31], which have state-of-the-art performance on
the INRIA dataset. The results can be seen in Table II (6–8).
Contrary to the previous generic methods (1–5 in Table II),
these methods are designed to specifically solve the problem
of human body segmentation in still images without interaction
from a user. All three methods make use of segments provided
by image segmentation and employ an accurate torso detection
step. Li et al. [31] extend these concepts by incorporating a
kinematic model, and achieves the best accuracy among the
three methodologies, at the cost of increased computational load.
The low scores of standard deviation indicate that these methods
are more stable than our method. However, our method has
the highest mean accuracy, and demonstrates that even when
substituting complex pose models with simple anthropometric
constraints performance can still remain high.

In addition to the INRIA dataset, where we demonstrate the
robustness of the algorithm, we performed a test to verify the al-
gorithm’s ability to segment bodies in more difficult poses. The
experiment was conducted over 163 images from the “lab1” im-
age set in [43]. In these images, the foreground and background
are simple, and the main challenges from a color distribution
perspective are caused due to the background being similar to
the skin color. However, the actor performs various movements,
and we are interested in whether our simple mask hypotheses
are able to cope with them. The mean evaluation score reached
97.68%, which indicates that the methodology can cope with
various poses as well. Fig. 14 shows examples of different poses
from the dataset.

IX. DISCUSSION

The first advantage of our methodology over those tested is
that it can automatically localize and segment the human body.
Additionally, the final results achieve very good accuracy, even
in complex scenarios, and the small standard deviation shows
that it is stable. The main advantages of our method are as fol-
lows. First, we combine cues from multiple levels of segmen-
tation; therefore, to take into consideration different perceptual
groupings from coarse to fine. Second, during our searching
process, we try to find arbitrary salient regions that are com-
prised by segments that appear strongly inside the (hypothe-
sized) foreground rectangles and weakly outside. By consider-
ing foreground and background conjunctively, we alleviate the
need for exact mask fitting and dense searching, and we allow
the masks to be large according to anthropometric constraints
so that they may perform sufficient sampling in fewer steps.
Third, we demonstrate how soft anthropometric constraints can
guide and automate the process in many levels, from efficient
mask creation and searching to the refinement of the proba-
bilistic map that leads to the final mask for the body regions.
Searching for the upper and lower body parts, as well as the
similar process of torso fitting, however, still remain one of the
most computationally expensive steps of the methodology.

There remain prevailing complexities of the main steps. One
of the important complexities is the complexity of the image
segmentation algorithm. Here, we use the algorithm proposed
in [38], which has an average complexity of O(n log n) and on
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average requires 2.5 s for image size 481 × 321. Global and
adaptive skin detection can be performed in almost real time, so
this step is performed quickly, excluding the superpixel creation.
Face detection is also fast, since the main step [33] runs in real
time and significantly restricts the search space for [35]. The
graph matching process described in [35] is generally computa-
tionally expensive, but considering that it is only performed on
the produced regions of [33], it can be calculated quickly. The
most computationally demanding steps are those of mask val-
idation during the upper and lower body extraction processes.
More specifically, similarity image creation, as described in
Section VI, requires the creation of n similarity images, each
of which requires n normal distribution fittings. This approach
can be viewed as part of scene understanding. Instead of calcu-
lating similarities of each pixel to a segment using the normal
distribution, one could use the mean values of segments and per-
form segmentwise comparisons. However, while this approach
reduces the computational cost, it has an impact on accuracy for
complex scenes high in texture and detail. The selected number
of segmentation levels and segmentation granularity provide a
tradeoff between accuracy and computational load. To decrease
computational load, one can decrease the number of similar-
ity images, since most computations use their content, by only
taking into account superpixels with significant overlap with
the examined mask. Additionally, performing the evaluation of
hypothesized rectangles in parallel is straightforward.

One limitation of the methodology is that it requires the faces
to be visible in profile and side views. We believe, however,
that the face is a vast source of information that should be used
when available. Another limitation is that hair and shoes are
not accounted for explicitly, and there are cases, where they are
merged with the background if their appearance is more similar
than the pants. One way to alleviate this problem would be to
add masks for extreme parts of the limbs, which will essentially
extend the existing foreground masks. Such a solution, how-
ever, would impose additional computational complexity. Poor
segmentation may occur when one of the basic assumptions of
our methodology, namely that there is sufficient discrimination
between the foreground and background, is violated. Fig. 15
shows examples of poor segmentation. As far as the supported
poses are concerned, the methodology deals with almost upright
natural poses, mostly because the range of degrees of freedom
is restricted. For example, although the algorithms can produce
accurate results for different positions of the limbs, frontal, side,
and in between body positions, sitting poses, and bent torso, it
cannot guarantee success in lying, crawling, and curled positions
or extreme poses, as might occur in the case of gymnastics. Fi-
nally, one of our assumptions is that bodies are not occluded by
small objects. If an object is small enough and in close proxim-
ity to the body, i.e., in case of a bag or satchel, it is expected that
it will be included in the final result.

X. CONCLUSION

We presented a novel methodology for extracting human bod-
ies from single images. It is a bottom-up approach that combines
information from multiple levels of segmentation in order to

discover salient regions with high potential of belonging to the
human body. The main component of the system is the face de-
tection step, where we estimate the rough location of the body,
construct a rough anthropometric model, and model the skin’s
color. Soft anthropometric constraints guide an efficient search
for the most visible body parts, namely the upper and lower
body, avoiding the need for strong prior knowledge, such as the
pose of the body. Experiments on a challenging dataset showed
that the algorithm can outperform state-of-the-art segmentation
algorithms, and cope with various types of standing everyday
poses. However, we make some assumptions about the human
pose, which restrict it from being applicable to unusual poses
and when occlusions are strong. In the future, we intend to deal
with more complex poses, without necessarily relying on strong
pose prior. Problems like missing extreme regions, such as hair,
shoes, and gloves can be solved by incorporation of more masks
in the search for these parts, but caution should be taken in
keeping the computational complexity from rising excessively.
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