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Abstract. To recognize human forms in non-pedestrian poses presents
a high complexity problem due mainly to the large number of degrees
of freedom of the human body and its limbs. In this paper it is pro-
posed a methodology to build and classify descriptors of non-pedestrian
human body forms in images which is formed with local and global infor-
mation. Local information is obtained by computing Local Binary Pat-
tern (LBP) of key-body parts (head-shoulders, hands, feet, crotch-hips)
detected in the image in a first stage of the method, and then this data
is coupled in the descriptor with global information about euclidean dis-
tances computed between the key-body parts recognized in the image.
The descriptor is then classified using a Support Vector Machine. The
results obtained using the proposed recognition methodology show that
it is robust to partial occlusion of bodies, furthermore the values of sensi-
tivity, accuracy and specificity of the classifier are high enough compared
with those obtained using other state of the art descriptors.

Keywords: Human detection · Non-pedestrian pose · Local Binary
Pattern (LBP) · Support Vector Machine (SVM)

1 Introduction

There is a lot of interest concerning to the research and development of algo-
rithm of human forms recognition due to the importance of its applications; such
as surveillance, search and rescue, security, among others. This is the main rea-
son of the existence in the literature of several approaches to recognize human
forms: In [7], the authors present a mathematical model of the human body and
in [9], [6], [13], they propose human detectors based on finding candidate body
segments, and then constructing assemblies of body parts (part-based model). In
[9], pictures of naked people were used, with uniform color background and with-
out partial occlusions. Their approach assumes that an image of a human can
be decomposed into a set of distinctive segments (torso, left/right upper arm,
left/right lower arm, left/right upper leg, left/right lower leg) and then con-
structing assemblies of body segments [9]. In [5], a human detector is presented,
which captures the local form information for the contour of the body silhouette
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in images of 128 by 64 pixels. In [10], is proposed a pose-invariant descriptor
for humans, in standing pose, using part-template detections and segmenter of
shape and pose, with 128 by 64 pixel images. In [18], is presented a descriptor
robust to partial occlusion in images of people that are usually standing. In [19],
depth data from a Xbox 360 Kinect is used to identify people in all poses. This
method has affordable and low computational cost but has high dependency on
head detection. In [16], the region with greater weight or importance is detected
using Bag-of-Words (BoW); the method is robust to partial occlusion and dif-
ferent pose types, but only detects the region where the person could be located
and does not indicate pose type. This method can not deal with images that do
not contain human forms.

In pedestrian detection [15], a pedestrian template is learned from examples
and then used for classification with a Support Vector Machine (SVM). In [6]
they present a part-based model motivated by the pictioral structure models
(Fischler and Elschlager) and developed a system that can estimate the pose of
the human bodies. Among the major descriptors developed for various applica-
tions are Speed up Robust Features (SURF) [4]. This descriptor is invariant to
rotation and scale, focused on the histogram of local oriented gradients within
the interest point neighborhood. The Histogram of Oriented Gradient (HOG)
is one of the best descriptors to capture the edge or local shape appearance,
but achieves poor results with noisy backgrounds and it’s not invariant to rota-
tion and scale [5]. The Local Binary Pattern (LBP) is a simple and efficient
texture descriptor, highly discriminative, invariant to rotation and gray scales,
computationally efficient, but sensitive to noise [14]. LBP works successfully in
texture classification [20], human detection [18], and face detection [1]. SURF,
despite being scale invariant, is a sparse descriptor, as it uses only some features
extracted from the image. LBP is a dense descriptor and, as mentioned above,
it has proved to be successful in many applications.

In this paper, a descriptor of human forms in images is proposed, constructed
through a part-based model of four key-body parts, see Fig. 1. In a first stage
of the process of recognition, the LBP of the key-body parts is computed and
four SVMs are trained in order to recognize and locate them in an image. A
global descriptor is then built with the LBP and Euclidean distances computed
between the key-body parts that are recognized in the image to train a SVM
to recognize the whole human form (second stage). SVM has been proved to
be very effective for classification of linear and nonlinear data [17]. The method
has proved to be robust to partial occlusion of bodies and to reach high rates of
recognition, as shown in Section 4.

Fig. 1. a) Model of the human body by Hanavan; b) blue shades indicate the body
parts used.
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This paper is organized as follows: The next Section will present a brief
introduction to LBP. Then, in Section 3, the proposed approach based on LBP
and part-based model is described. In Section 4, experimental results are given
and Subsection 4.1 shows comparisons between our approach and some of the
state-of-the-art descriptors; while Section 5 is devoted to conclusions.

2 LBP

The local binary pattern (LBP) [14], is a gray-scale invariant texture measure.
In [14], Ojala et al, propose to use the LBP for rotation invariant texture classi-
fication. The original LBP operator (Eq. 1) is a binary code that describes the
local texture with the eight-neighbors of a pixel, using the value of the center
pixel as a threshold and then the thresholded values is multiplying with weights
given to the corresponding pixels and summing up the result, see Fig. 2.

LBPP,R =

P−1∑

p=0

s (gp − gc) 2P (1)

where

s(x) =

{
1, x ≥ 0
0, x < 0.

(2)

where P is the number of neighbors, gc is the gray value of the center pixel,
gp(p=0,...,p-1) is the value of its neighbors on a circle of radius R.

Fig. 2. The original LBP code

In [14], an extension of the original LBP is presented: uniform patterns
(Eq. 3). They introduced a uniformity measure U (pattern), which designates
patterns that have U value of almost 2 as uniform if it contains at most two 0-1
or 1-0 transition in the pattern. For example, proposed the patterns 111111112
have U value of 0 and 000111102 have U value 2. (Ojala, 2002) propose the
following operator for gray-scale and rotation invariant texture description.

LBP riu2
P,R =

⎧
⎪⎨

⎪⎩

P−1∑

p=0

s (gp − gc) , U(GP ) ≤ 2

P + 1, otherwise.

(3)

where the superscript riu2 stands the use of rotational invariant uniform patterns
and U(Gp) is defined as follows:
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U(GP ) = |s(gP−1 − gc) − s(g0 − gc)| +

P−1∑

p=0

|s (gp − gc) − s (gp−1 − gc)| (4)

In this work the extension of the original LBP is used in order to have a descriptor
which is rotational invariant.

3 Non-pedestrian Human Descriptor and Classifier

As it was mentioned above, this method involves two main processes or stages,
in order to obtain a fully automated system for recognizing human forms. In a
first off-line stage, five SVMs are used; the first four are trained using extended
LBPs (Eq. 3) of the key-body parts, head-shoulders, left/right hand, left/right
foot, i.e. one SVM is used for each body part, and therefore one SVM learns to
recognize both, left and right hands and another one is used to recognize left and
right foot. This is one of the advantages of using the extended version of LBP.
We call these SMVs the key-body parts recognizers (KBPR). The fifth SVM (the
whole body recognizer WBR) is trained using a whole human body descriptor
which is constructed using the LBPs of the six body parts (counting two hands
and two feet) and the Euclidean distance computed between these body parts in
order to add information that helps to discriminate if the recognized body parts
belong to the same body. The descriptor is shown in Fig. 5 and the off-line stage
of this process is illustrated in Fig. 3.

In a second on-line stage, the four KBPR are executed while a window
of size m × n, proportionally sized to the image’s size, is moved across the
image(whatever the size of the image, m × n is calculated so that the window
can cover every part of the body of a person occupying an area of 35% in the
image). On each movement, an LPB of the sub-image in the window is computed
and it is provided as input test vector data to the four previously trained KBPR.
If a KBPR recognizes a one body part, the LBP is stored in the corresponding

Fig. 3. Off-line stage of the process.
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Fig. 4. On-line stage of the process.

Fig. 5. The full descriptor of the whole human body constructed with the six LBPs of
key-body parts and the distances between them, it is called 6PD-LBP descriptor.

part of the descriptor of Fig. 5. Once the window is moved on the whole image
the distances between the recognized body parts can be computed to build the
descriptor of Fig. 5, using the Eq. 5. The on-line stage of the process is shown
in Fig. 4.

D(P1, P2) =

√
(x2 − x1)2 + (y2 − y1)2

base
(5)

where “base” is the Euclidean distance of the first two local features (body parts).
We normalize the distance dividing by 10, so all distances are proportional, no
matter the size of the image.

4 Results

Tests showed that a human form that occupies 20 − 35% of the image can be
detected by this descriptor. The tolerance to small changes in scale is another
advantage of using the extended version of LBP. In Fig. 6 we can see some results
of using the final descriptor and LBP as a local descriptor (6PD-LBP). In Fig.
7, we can see the result of 6PD-LBP on the same rotated original image and the
parts dispersed body, but are the same descriptors used in the images a) and b)
detects that these descriptors are not one person, by the distance between their
local descriptors. It’s important to note that our approach can deal with images
with different resolution.
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Fig. 6. The green square with the check mark indicates that a body is detected in the
image and the red square with the cross indicates that the image does not have a body.

Fig. 7. a)Rotated image, b)Original image, c)Dispersed body parts.

We used INRIA statical data set, introduced by Navneet DALAL, and is
publicly available for research purposes from http://lear.inrialpes.fr/data, and
some images by test from MPII Human Pose dataset [3]. SVMs were used, trained
with gaussian kernels.

4.1 Comparisons

Three comparisons were performed to validate the effectiveness of our descrip-
tor. Firstly, a full body LBP descriptor of the human form was computed. Then
a SVM was trained with positive (images with a body on them) and negative
(images without human bodies) images. Finally, the obtained detection results
of that descriptor an ours are compared; the results are shown in Figs. 8, 9(a),
and in the Table 1. The second comparison experiment consisted in computing
part-based descriptors using the same six body parts as in our approach and
descriptors such as: Histogram of Oriented Gradients (6PD-HOG) and SURF
(6PD-SURF) descriptors to construct the whole descriptor shown in Fig. 5.
Recognition rates obtained were compared against those obtained using 6PD-
LBP. Images incorrectly classified were those that had much noise, or because
of the body position, or where body parts were incorrectly detected.

http://lear.inrialpes.fr/data


Recognition of Non-pedestrian Human Forms 757

Fig. 8. Comparison between 6PD-LBP and LBP full body.

The following table shows the performance of classifiers using LBP, HOG and
SURF as descriptors of texture and LBP full body descriptor. The number of
training data is 505, where 253 are positive and 252 are negative. Meanwhile, the
test total number of vectors is 279, where 134 are positive and 145 are negative.

Table 1. Evaluating performance of the classifier on train and test set.

Train Test
Model Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity

LBP full body 0.8201 0.9011 0.8015 0.6838 0.6940 0.7034

6PD-LBP 0.8947 0.9407 0.8888 0.8206 0.8880 0.8206

6PD-SURF 0.8791 0.9486 0.8690 0.8814 0.8880 0.8896

6PD-HOG 0.8726 0.9209 0.8650 0.8582 0.8582 0.8689

The following graphs, Fig. 9, are the ROC curve of the 4 classifiers with the
performance curve for the classifier. The reader can note that higher rates of
true positive patterns are obtained using the 6PD-LBP descriptor.

Fig. 9. a) ROC curves for SVMs classifiers trained with 6PD-LBP descriptor and the
full body LBP descriptor as input data. b) ROC curves obtained for SVMs classifiers
trained using part-base model descriptors 6PD-LBP, 6PD-SURF and 6PD-HOG.
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In the performance of classifiers, if we need more sensitivity, the specificity
is sacrificed. The reader should note that our approach has good results in the
training set getting good generalization. However, in the testing set, our approach
is slightly exceeded, while regarding the methodology of each local descriptor,
LBP is computationally cheaper.

5 Conclusions

In this work, a methodology is presented to construct a part-based human body
descriptor, that achieves non-pedestrian pose recognition. As it can be seen in
the ROC curves and in the tables presented in the previous Section, our method
obtains higher recognition rates compared with those approaches that use one
descriptor with global information about the whole human body (full body LBP);
even when this descriptor is rotational invariant. The part-based method proved
to be robust to occlusion, although to reach good performance in experimental
tests, at least four of the six body parts have to be recognized and included
in the full descriptor. As future work, the sensitivity of our method will be
proved statistically and implemented in an on-board computer of a flying robot,
controlled with neural networks [8],[2], using omnidirectional cameras [12],[11]
in order to obtain an intelligent UAV prototype.
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