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Abstract—We propose an effective real-time hand pose
recognition approach using local binary patterns and random
forests classifier. Firstly, we localize the hand region from the
entire image using the depth map from the depth camera. Then,
we extract the feature vector from the hand image using local
binary patterns. This feature vector is used to train a hand pose
classifier based on random forests. In our experiments, we have
constructed a large database of hand pose images and verified
that the proposed LBP-based feature vector and random forests
classifier is outperforms the other approaches
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. INTRODUCTION

Due to their convenience and naturalness, hand
pose/gesture recognition methods are gaining attention as an
upcoming complement of traditional input devices(keyboards,
mice, joysticks, etc)[1]. However, gesture recognition remains
a challenging problem. Digital gloves or marker-based methods
provide feasible solutions, but wearing extra equipment on the
hand(s) lessens the natural and general character of gesture
interfaces[3].

Prior vision-based hand pose estimation techniques fall into
two categories: appearance-based and model-based. Model-
based methods match a hand model to features extracted from
input images. Appearance-based methods are appealing for
recognizing a small set of gestures. However, for larger gesture
sets, such methods lack robustness and require extensive
training data. “Estimation by Synthesis” is a combination of
model-based and appearance-based methods. Graphical hand
models are controlled to create images, which are then
compared with input images to estimate hand poses. These
methods often need to produce a large number of generated
images to account for the variety of possible hand poses and
views[2][3].

In Section 2-3, we review the local binary patterns and
random forests briefly. Section 4 describes our experiments in
detail. Finally, our conclusions and further works are discussed
in Section 5.

Il.  LOCAL BINARY PATTERNS

The original LBP operator is a powerful means of texture
description[4]. The operator labels the pixels of an image by
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thresholding the 3x3-neighbourhood of each pixel with the
center value and considering the result as a binary number.
Then the histogram of the labels can be used as a texture
descriptor. Figure 1 shows an illustration of the basic LBP
operator.
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Figure 1. The basic LBP operator

Later the operator was extended to use neighborhoods of
different sizes. Using circular neighborhoods and bilinearly
interpolating the pixel values allow any radius and number of
pixels in the neighborhood. For neighborhoods we will use the
notation (P,R) which means P sampling points on a circle of
radius of R. Another extension to the original operator uses so
called uniform patterns. A Local Binary Pattern is called
uniform if it contains at most two bitwise transitions from 0 to
1 or vice versa when the binary string is considered circular.

We use the following notation for the LBP operator:
LBPP”Yﬁ. The subscript represents using the operator in a (P,R)
neighborhood. Superscript u2 stands for using only uniform
patterns and labeling all remaining patterns with a single label.

A histogram of the labeled image f, (X, y) can be defined as
H, =Y I{f,(x,y)=i}i=0,.,n-1 (1)
Xy

in which n is the number of different labels produced by the
LBP operator and

1, Ais true
I{A}= 2
A {O,Ais false. @
This histogram contains information about the distribution
of the local micro patterns, such as edges, spots and flat areas,
over the whole image. The image is divided into regions
R, R....R,, and the spatially enhanced histogram is defined

as
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The input hand region is segmented from the input image
using depth map acquired from the depth camera. The hand
region is divided into 4 sub-regions and the 4 histogram is
constructed from each 4 sub-regions. The feature vector is
made by concatenating the histograms.
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Figure 2. Histogram of LBP of hand image

I1l.  RANDOM FORESTS

Random forest is an ensemble classifier that consists of
many decision trees and outputs the class that is the mode of
the classes output by individual trees. This is powerful tools
capable of mapping complex input spaces into discrete or
respectively continuous output spaces. A tree achieves highly
non-linear mappings by splitting the original problem into
smaller ones, solvable with simple predictors. Each node in the
tree consists of a test, whose result directs a data sample
towards the left or the right child. During training, the tests are
chosen in order to group the training data in clusters where
simple models achieve good predictions. Such models are
stored at the leaves, computed from the annotated data which
reached each leaf at train time. Breiman [5] shows that, while
standard decision trees alone suffer from over-fitting, a
collection of randomly trained trees has high generalization
power. Random forests are thus ensembles of trees trained by
introducing randomness either in the set of examples provided
to each tree, in the set of tests available for optimization at each
node, or in both[6].

We constructed the random forest using LBP-based feature
vectors as the leaf node and 100 trees with depth 10.

IV. EXPERIMENTS

In order to assess the performance of our algorithm on
realistic data, we constructed hand pose datasets. The datasets
contains 175K images of 7 types of hand poses(one, two, three,
close, open, left, right). We have used the depth and Color
camera for image capturing. Figure 3 shows the samples of
Ttype of hand poses. The images have a resolution of 320x240
pixels, and a hand typically consists of around 150x200 pixels.
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Figure 3. Sample images of hand poses

Firstly, we segmented the hand region from the entire
image using the depth map. Then, we extracted the feature
vector from the hand image using local binary patterns. This
feature vector is used to train a hand pose classifier based on
random forests.

Table 1 shows the success rate of the approaches for hand
pose recognition. The performance was improved when the
random forest classifier was employed.

TABLE I. EXPERIMENTAL RESULTS
Category LBP+KNN LBP+RF
2 category (open, close) 97.3 98.2
3 category (one, two, three) 94.4 95.9
4 category (open, close, left, right) 95.3 96.1
7 category (all) 93.8 94.3

V. CONCLUSIONS

In this work, we have presented an approach for hand pose
recognition. In our experiments, the proposed approach
achieved outstanding performance. In particular, the
discriminative power is hardly decreased at all while the
number of category is increased. Furthermore, because we do
not rely on specific hardware like a GPU, our approach is also
suitable for applications where hardware constraints limit the
computational resources.
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