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Abstract—Deaf people use systems for communication based
on sign language and fingerspelling. Manual spelling or fingerspelling is based on the alphabet, where each letter is represented
by an unique movement of the hand. Hand-shapes corresponding
to letter of the alphabet can be characterized using appearance
and depth images. The fusion of visual and shape cues is a
very promising approach. The recent introduction of fast and
inexpensive RGB-D sensors, such as Microsoft Kinect, allow to
collect appearance and depth images. In this paper, we present a
framework that recognizes the American Sign Language (ASL)
Fingerspelling using RGB-D images. The proposed framework is
based on the bag of features strategy combined with the Partial
Least Squares (PLS) technique in order to create models of the
letters in the manual alphabet. It also uses the Binary Appearance
and Shape Elements (BASE), a fast and low cost descriptor
that combines intensity and shape information. We conduct
two experiments, the first is based on classification methods.
The SVM and PLS classifiers are evaluated. In the second
experiment, SIFT and BASE feature descriptors are appraised.
SIFT achieves slightly higher accuracy, while BASE runs faster
with low memory consumption. This is desirable condition when
the objective is to run in real time. In both experiments PLS
classifier outperforms the SVM.

I.

I NTRODUTION

Sign languages are present in the human communication
history since the beginning. They are used for both deaf and
non-deaf people in communication process. Sign languages
can combine a set of body signs, such as facial expressions,
orientation and movement of the hands. As spoken language,
the sign communication is a rich and a complex way to express
yourself. Despite its use for hearing and deaf people, it is
thanks to latter and their needs that the sign languages provide a complete framework of communication, with complex
grammars that can be applied in a conversation to discuss from
concrete to abstract topics.
Despite the common misconception, manual alphabets,
called fingerspelling, are not part of sign languages. However,
they are a common source of extracting new signs. Fingerspelling consists in using hands to create shapes and sometimes
combined with movements to represent letters of a writing
alphabet. In this work we present a framework to recognize
the letters in these manual alphabets using RGB-D images.
Human action and gesture recognition is one of the most
active topic in computer vision and algorithms to provide

solutions for such problems have a large number of applications. From human robotic interaction and entertainment to
sign language learning. Differently from traditional approaches
that have been using only color images, more recent techniques
have used depth images [1] or combining both color images
and depth data [2] to improve to accuracy in action and gesture
recognition. Consequently, their methodologies can overcome
variation in scene illumination and textureless objects, common issues with real scenes that may dramatically decrease
performance of classifiers based solely on the image.
The fusion of visual and shape cues is a very promising
approach for object recognition. As far as accuracy is concerned, [3], [4], [5], [2] have already shown that the combined
use of intensity and depth information outperforms learning
using only one of the two.
The reason that many descriptors have not used shape
information can be partially explained by the fact that until
recently, object geometry was not easy to obtain, nor quick,
so as to be combined with image feature data in a timely
manner. Although 3-D sensing techniques have been available,
such as techniques based on time-of-flight (Canesta), and projected texture stereo (PR2 robot), they are still very expensive
and demand a substantial engineering effort. With the recent
introduction of fast and inexpensive RGB-D sensors (where
RGB implies trichromatic intensity information and D stands
for depth) the integration of synchronized intensity (color) and
depth has become easier and cheaper to obtain.
A RGB-D system outputs color images and the corresponding pixel depth information enabling the acquisition of both
depth and visual cues in real-time. These systems have opened
the way to obtain 3D information with unprecedented tradeoff of richness and cost. One such system is the Kinect [6], a
low cost commercially available system that produces RGB-D
data in real-time for gaming applications.
In this paper, we present a recognition framework, which
using a fast and low cost descriptor that combines intensity
and shape information presents discriminative power enabling
enhanced and faster classification. Experimental results presented later in the paper show that our framework is a robust
and computationally efficient technique.
The remainder of the paper is organized as follows: Sec. II
describes our recognition system, with details of the features

and classification scheme used. Experimental results are shown
in Sec. III and, finally, Sec. IV presents our conclusions and
future work directions.
II.

M ETHODOLOGY

This section describes the methodology developed to perform sign language recognition from videos captured with
depth information. First, in Sections II-A, II-B and II-C, we
describe the techniques used in this work, then, in Section II-D,
we present the proposed method, which uses such techniques
as its building blocks.
A. Descriptor Extraction
SIFT descriptor: SIFT is one of most popular image
descriptors algorithms. Thanks to their discriminative power, it
became standard for several tasks such as keypoint correspondence and object recognition. Lowe, in his landmark paper [7],
presents SIFT to be used in object recognition applications,
due to the high discriminative power and stability. In the
first step in SIFT descriptor creation, each pixel around the
keypoint location has the gradient magnitude and orientation
estimated. Then, a region of 16 × 16 pixels, centred in the
keypoint localization, is subdivided in 4 × 4 subregions. These
16 subregions are rotated relative to the canonical orientation.
For each subregion, a histogram with 8 orientation bins is
computed. The magnitude values for all gradients inside of the
region are weighed by a Gaussian window and accumulated
into the orientation histograms. The 8 bins of all 16 histograms
are concatenated forming the 128-vector, which after normalization, represents the SIFT descriptor.
Although SIFT brings forth discriminative descriptors, it
has a high processing cost. Furthermore, it suffers with slow
match and high processing time and memory consumption
(vectors with 128 and 64 floats respectively). Hence, it is not
feasible in applications where it is necessary to store millions
of descriptors or have real-time constraints.
In order to overcome these issues, several methodologies
have been proposed. More recently, several compact descriptors, such as [8], [9], [10] and [11] have been proposed
employing ideas similar to those used by Local Binary Pattern
(LBP) [12]. The strategy adopted by those descriptors is
based on using simple intensity difference tests, which have
small memory consumption and modest processing time in the
creation and matching processes.

Fig. 1. Creation Diagram of BASE Descriptor. The difference in intensity
of pairs of pixels in an image and the degree among the normal points are
evaluated to create a binary vector. Diagram was extracted from [11].

where the function τa (.) captures the characteristic gradient
changes in the keypoint neighborhood and τg (.) function
evaluates the geometric pattern on its surface.
One of the benefits of this version is that it requires modest
computational costs, since the steps to compute the canonical
orientation and the keypoint scale are not performed. In spite
of the simplicity of our descriptor, our experiments have shown
robustness against small rotation and scale changes.
B. Bag of Features
We built a recognition system using the Bag of Features
(BoF) approach [14] combined with Partial Least Squares
(PLS) technique [15]. The main reason for using the BoF
approach was that it is not possible to extract keypoints from
the same location in differents samples. The choice of PLS,
however, was due to good results in several recognition tasks
such as human detection [16] and face recognition [17].
Like other recognition systems based on the BoF approach,
our system is composed of four main steps:
1)
2)

The use of binary strings as descriptors has been used
with promising results and one successful example of this
methodology is the BASE descriptor [11].
BASE descriptor: The new simplified descriptor, called
Binary Appearance and Shape Elements (BASE) [11], uses a
circular patch with a fix radius of size 24 to select pairs of pixels and normals in the point cloud. In contrast to BRAND[10]
and EDVD[13], BASE does not compute the canonical orientation. Similar to BRAND, the gradient information and
geometrical features (based on the normal displacements) are
combined using function 1:

f (xi , yi ) =

1
0

if τa (xi , yi ) ∨ τg (xi , yi )
otherwise,

(1)

3)

4)

Feature extraction: In this step, we split RGB-D
images into a grid with approximately 150 cells and
for each cell we compute a descriptor vector;
Codebook creation: After selecting a set of images
of each letter in the data set and doing the feature
extraction, we choose randomly K descriptors to be
the clusters. Finally, we stack all of the K clusters
creating a matrix of K rows. The number of columns
is defined by the size of the descriptors, e.g. 32
columns of bytes using BRAND and BASE or 512
columns of bytes using SIFT. The number of clusters
used in our experiments to build the codebook was
K = 1000 for all descriptors;
Bag of Feature vectors extraction: For every image
in the dataset, we computed a histogram of the
number of descriptors assigned to each cluster. These
histograms are called bag of features vectors and are
used to represent each image in the codebook domain;
Learning: In this last step, we run the PLS algorithm
with a set of bag of features vectors to build the

classification model. Since our recognition system
uses the one-against-all scheme, we build a model
for each class using the remaining samples of other
classes as negative samples.
C. Partial Least Squares
The method Partial Least Squares (PLS) estimates predictor
variables (latent variables) as a linear combination of the
original predictors, represented by a sample matrix X (feature
matrix), which contains one sample per row [18]. Vector y
contains the responses associated with the samples (class labels
for the sign recognition task).

for each cell. Using the set of descriptors, which represent the
grid image, the next step is to compute the codebooks based on
the dictionary. A codebook represents an image in the dataset
and it is defined as the centers of each clusters. These clusters
are defined by the lines that compose our dictionary and each
codebook (or bag of features) is represented by a histogram.
At last, the codebooks are used to train a model for every
letter in the alphabet. We randomly select 40 codebooks for a
letter and we test with all the remaining codebooks.
1. Training

2. Test
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Given an m-dimensional feature space associated with the
class label for a sample, a set with N samples is represented
by the feature matrix XN ×m and by the vector yN ×1 . PLS
decomposes the X and y as
X = TPT + E
y = U qT + f

(2)

where TN ×p and UN ×p stand for latent matrices containing
p extracted latent vectors, the matrix Pm×p and the vector
q1×p represent the loadings, and EN ×m and fN ×1 store the
residuals from the decomposition. In general, PLS employs the
Nonlinear Iterative Partial Least Squares (NIPALS) algorithm
to estimate a set of projection vectors W = {w1 , w2 ..., wp }.
These vectors are estimated to maximize the covariance between the predictor and the response variables [19]. Thus,
the PLS method focuses on the discrimination among the
classes, providing a low dimensional feature space suitable for
regression and classification.
To classify samples, we employ the one-against-all classification scheme based on PLS [20]. The learning procedure
builds models for each of the N classes classes being considered, C = {c1 , c2 , . . . , cN }. When the i-th class is considered,
the remaining samples C \ ci are set as negative examples
of the i-th subject. Using the descriptors and the class label
information, PLS gives higher weights to more discriminatory
features when building each model. In the test, when an
unknown sample is presented, its feature vector projected onto
each one of these N models. The best match is the one
associated with the PLS model with the highest regression
response.

PLS

Models

Classification
output

Fig. 2. Diagram illustrating the main stages of the proposed approach. It is
depicted both training and test phases.

III.

E XPERIMENTS

In this section we show the performance of our recognition
system using an American Sign Language (ASL). Our experiments were performed using the RGB-D fingerspelling data set
presented in [21]. This data set contains 24 categories (it does
not contain the letters J and Z), for a total of 5 subjects. The
images were acquired with a Microsoft Kinect [6]. The color

D. Proposed Solution
In our solution, for each letter in the manual alphabet,
we select 50 images. Then, these images are sample using
a uniform grid and a descriptor is extracted for every cell in
the grid. Due to the difference of size among the images in the
dataset, the number of cells in the image grid varies between
100 and 150 cells. Figure 2 shows an example of image with
a grid in yellow lines.
After the extraction of the set of descriptors for the images
selected, we perform a random selection of 1000 descriptors
to build the dictionary. This dictionary is used to estimate the
bag of features for each image.
For all remaining images in the dataset, we define the grid
and, as well as for dictionary images, it is extracted a descriptor

Fig. 3. Samples from ASL dataset [21] (only showing the RGB images,
which had their aspect ratio changed to fit in a squared region for better
visualization).
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Fig. 4. Confusion matrices (rows-normalized) among 24 classes from the ASL RGB-D Dataset [21] achieved using different classifiers with the BASE feature
descriptor.
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Fig. 5. Confusion matrix (rows-normalized) among 24 classes from the ASL RGB-D Dataset [21] achieved using different classifiers with the SIFT feature
descriptor.

and depth informations were simultaneously recorded. Figure
3 shows some samples of the signs present in the dataset.
To perform the experiments, we follow the protocol defined
in [2]. We split the dataset into two subsets: the training set,
which contains 40 samples for each category and the test set
with the remaining samples (approximately 460 samples per
category per subject).
First, we compare the application of different classifiers
using the BASE feature descriptor. Figure 4 shows the confusion matrices obtained for different classification methods,
PLS and SVM. According to the results, the application of the
PLS classifier achieved an accuracy of 66.27% while the SVM
achieved an accuracy of 62.85%.
The second experiment compares the application of different feature descriptors. We have chosen to use the SIFT

descriptor since it is widely used by the community. For this
comparison, the setup is the same as in the previous experiment, the only difference is the feature descriptor employed.
The achieved accuracy with the PLS and SVM were 71.51%
and 65.55%, respectively. Comparing the results obtained by
both feature descriptors, the SIFT-based approach achieved
higher accuracy. The reason for that is the quality of the
point clouds which represent each letter. We check and a
large number of them present holes in the clouds, due to
infrared shadows or environment illumination. Such lack of
tridimensional information decrease the quality of normal
estimation that are crucial for BASE descriptors.
Finally, we compare the usage of SIFT and BASE descriptors with respect to the computational cost and memory
consumption. Figure 6 show the results. According to these
values, even though the results achieved using SIFT present

are slightly higher accuracy, the use of BASE reduces the
computational cost and memory consumption significantly,
which is desirable when the goal is to run in real live videos,
which requires real-time classification.
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