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Abstract. Sign language is a complex way of communication mostly
used for deaf people where hands, limbs, head and facial expressions
are used to communicate. Finger spelling is a system where each letter
of the alphabet is represented by a unique and discrete movement of
the hand. In this paper, we are interested in studying the properties of
the spatial pyramid matching descriptor for finger spelling recognition.
This method is a simple extension of an orderless bag-of-features im-
age representation where local features are mapped to multi-resolution
histograms and compute a weighted histogram intersection. The perfor-
mance of the approach is evaluated on a dataset of real images of the
American Sign Language (ASL) finger spelling. We conduct experiments
considering three evaluation protocols. The first uses 10% of the data
as training and the remaining as test, we achieve an accuracy rate of
92.50%. The second protocol considers 50% as training data, the accu-
racy rate was about 97.1%. Finally, in the third protocol, we perform a
5-fold cross-validation, where we achieve an accuracy rate of 97.9%. Our
method achieves the best results in all three protocols when compared
to state-of-the-art approaches. In all the experiments, we also evaluate
the influence of the weights of the multi-resolution histograms. They do
not have a significant influence in the experimental results.

Keywords: Finger spelling recognition, Sign language recognition,
Pyramidal matching.

1 Introduction

Sign language is a complex way of communication mostly used for deaf peo-
ple where hands, limbs, head and facial expressions are used to communicate a
visual-spatial language without sound. Very few hearing people speak sign lan-
guage, thus the communication between deaf and hearing people is usually done
through interpreters or text writing. The communication through interpreters is
often limited by the availability of an interpreter and the high cost, while the

E. Bayro-Corrochano and E. Hancock (Eds.): CIARP 2014, LNCS 8827, pp. 629–636, 2014.
c© Springer International Publishing Switzerland 2014



630 S. Silva, W.R. Schwartz, and G. Cámara-Chávez

communication by text writing is very restrictive. For example, it is very incon-
venient when people is walking, standing at a distance, or when more than two
people are part of the conversation.

Several techniques have been developed to achieve an adequate recognition
rate of sign language. Over the years and with the advance of technology, meth-
ods have been proposed in order to improve the data acquisition, processing or
classification, such is the case of image acquisition. There are three main ap-
proaches: i) sensor-based, sensory gloves and motion tracker are used to detect
handshapes and body movements; ii) vision-based, this approach uses standard
cameras, image processing and feature extraction are used for capturing and
classifying handshapes and body movements; and iii) hybrid systems, use infor-
mation from vision cameras and other type of sensors like infrared depth sensors.

Vision-based approaches are less intrusive than sensor-based approaches. Is-
sacs & Foo [1] proposed an American Sign Language (ASL) finger spelling recog-
nition system based on neural networks applied to wavelets features. Djamila &
Larabi [2] proposed a method that uses skin colour and texture attributes with
neural networks. In [3], the authors use a SIFT descriptor with Hidden Markov
Models. Recently, depth cameras have raised a great interest in the computer
vision community due to their success in many applications. Uebersax et al. [4]
present a system for recognizing letter and finger spelled words. In [5], a Mi-
crosoft KinectTM device was used to collect ASL finger spelling RGB and depth
images, Gabor filters and Random Forest are used to predict the letters. Bergh
& Van Gool [6] propose a method based on a concatenation of depth and color-
segmented images, using a combination of Haar wavelets and neural networks.
A Kernel descriptor is proposed in [7] for intensity and depth images for ASL
finger spelling alphabet recognition. Although, the combination of depth and in-
tensity descriptors achieves better results, it requires more computational effort
compared to only intensity descriptors.

In this paper, we are interested first in studying the properties of a well known
2D shape descriptor of intensity images used for recognizing natural scene cate-
gories, the spatial pyramid matching [8]. This method is a simple extension of an
orderless bag-of-features image representation, where local features are mapped
to multi-resolution histograms and compute a weighted histogram intersection.
The experiments are performed using a public database composed of 120,000
images stating 24 symbols classes [9]. Even though the proposed method only
uses intensity information, the results outperform other methods that combine
intensity and depth information [5,10,7]. The robustness of the descriptor is also
demonstrated by a high recognition rate, over 90%, with a small training set
(10%). We also made an extensive evaluation of the influence of the dictionary
size in the accuracy of the model. Even though, the weights of the histograms
allow the achievement of a better recognition rate for natural scene recognition,
we demonstrate that this behavior does not correspond for sign recognition. The
weights of the histograms do not have any influence in the recognition rate.
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2 Spatial Pyramid Matching

In this section, we are going to present the formal definition of the spatial pyra-
mid matching method. The goal is to develop image representations that use
low-level features to infer high-level semantic information about a sign image
without needing to segment the image in an intermediate step.

A spatial pyramid is a set of features histograms computed over cells defined
by a multi-level recursive image decomposition. At level zero, the decomposition
is a single cell, that is similar to a standard bag of features. On the first level, the
image is subdivided into four equal parts, producing four feature histograms.

This process continues until the defined maximum level is achieved. Grauman
and Darrell [11] proposed a pyramid matching to find an approximate correspon-
dence between two sets of vectors in a d-dimensional feature space. Two points
at a fixed resolution match if they fall into the same cell of the grid. Let X and
Y be two sets of vectors and let us create a sequence of grids that has resolutions
0, . . . , L, where each resolution l has a 2l cells along each dimension.

The total of cells is D=2dl cells. Let H l
X and H l

Y be the histograms of X and
Y at resolution l. H l

X(i) and H l
Y (i) are the numbers of points from X and Y

that fall into the ith cell of the grid. The amount of matches at level l is given
by the histogram intersection function[8]:

Γ (H l
X , H l

Y ) =

D∑

i=1

min(H l
X(i), H l

Y (i)) (1)

After counting the amount of matches that occurs at each level of the pyramid,
these amounts are summed using weights for each level. The weight associated
to level l is set to 1

2L−l
. The intention is penalizing matches found in larger

cells because they involve increasingly dissimilar features [8], in other words, it
weights features at higher levels more highly, reflecting the fact that higher levels
localize the features more precisely Then, with the penalization, the pyramid
match kernel is defined as:

KL(X,Y ) = ΓL +

L−1∑

l=0

1

2L−l
(Γ l − Γ l−1) (2)

=
1

2L
Γ 0 +

L∑

l=1

1

2L−l+1
Γ l (3)

Finally, all image feature pyramids are concatenated and utilized as input of
the classifier. The low-level features used are the SIFT features. In our approach,
the histogram intersection function (Eq. 1) is not used as the pyramid match
kernel. Instead, we use a linear SVM kernel.
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3 Experiments

To evaluate the proposed method, we use the ASL Finger Spelling Dataset [9].
This data set contains 500 samples for each of 24 signs, recorded from five dif-
ferent persons (non-native to sign language), amounting to a total of 60,000
samples. Each sample has a RGB image and a depth image, making a total of
120,000 images. The sign J and Z are not used, because these signs have motion
and the proposed model only works with static signs. The dataset has variety of
background and viewing angles.

Due to the variety in the orientation when the signal is performed, signs
became strongly similar. Fig. 1 shows some examples and there is possible to
see the variety in size, background and orientation, the most similar signs a, e,
m, n, s and t. The examples are taken from the same user. It is easy to identify
similarities between these signs, all are represented by a closed fist, and differ
only by the thumb position, leading to higher confusion levels. Therefore, these
signs are the most difficult to differentiate in the classification task.

Fig. 1. ASL Finger Spelling Dataset: 24 static signs by 5 users. It is an example of the
variety of the dataset. This array shows one image from each user and from each letter.

To be able to compare the results achieved in this work with previously pub-
lished approaches, we conduct experiments considering three evaluation proto-
cols. The first uses 10% of the dataset for training, the second considers 50% of
the dataset for training. Finally, the third protocol uses a 5-fold cross validation.
For all experiments, we defined the following specifications:

– We use a dense SIFT descriptor to extract features in intensity images, they
were computed over a grid of 16 × 16 patches with spacing of 8 pixels, as
defined in [8].

– We use the k-means algorithm for clustering a random subset of patches to
form a visual vocabulary, this was constructed using a 5% of data set. We
test with different vocabulary sizes: 10, 30, 50, 80, 100 and 150.

– A three level pyramid (L = 2) was used to construct the multi-resolution
weighted and non-weighted histograms.
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– In the classification stage, we use a linear kernel. We also use different per-
centages of samples for training and testing. The library LIBSVM (a library
for Support Vector Machines)] [12] was used in our implementation.

Using the aforementioned evaluation protocols and the parameter setting,
we study aspects such as the influence of the weight associate to each level of
the pyramid match kernel and the number of visual words used to build the
dictionary. Finally, we compare the results achieved by the proposed method to
others state-of-the-art approaches.

Weights in the Pyramid Match Kernel. According to the results obtained
for all evaluation protocols, shown in Tables 1, 2 and 3, the influence of using
the weights associated with the level of the spatial pyramid [8] is very small for
the finger spelling recognition. We believe that such results are due to the low
complexity of the images since most of them do not have a complex background,
which reduces the need for penalizing large cells. Therefore, we will not consider
the weights in the remaining experiments.

Number of Visual Words. Different from the weights in the pyramid match
kernel, the number of codewords used in the visual dictionary presents a large
influence in the accuracy, as can be seen in Tables 1, 2 and 3. The results indicate
that the more codewords the better the results are. Even though the results were
still improving when 150 codewords were considered, we stop increasing the
number since the results were not improving much and the computation cost
was increasing significantly. Therefore, we will use 150 codewords to compare
our results to other previously published methods.

Table 1. Accuracy (Acc.) and standard deviation (Std. Dev.) of the classification using
intensity information with different dictionary size using 10% of training set

Number Weight No weight
Words Acc. (%) Std. Dev. Acc. (%) Std. Dev.
10 75.6 0.09 75.7 0.09
30 85.9 0.07 85.7 0.07
50 89.4 0.06 88.9 0.06
80 90.9 0.05 91.00 0.04
100 91.4 0.05 91.5 0.05
150 92.3 0.04 92.5 0.04

Comparisons to State-of-the-Art Approaches. We can see in Table 4 the
comparison of our approach in three different scenarios (protocols defined ear-
lier). In the first, a 10% of dataset is used for training our SVM classifier. Our
approach obtained the highest accuracy, outperforming the methods based on
intensity and depth information proposed in [7,10,13]. In the second experiment,
a 50% of the data is used as training set, again our approach outperforms [5]
and [7]. Finally, in the third experiment, a 5-fold cross-validation was performed.
Our approach outperforms in more than 10% the results of [14] using RGB in-
formation.
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Table 2. Accuracy (Acc.) and standard deviation (Std. Dev.) of the classification using
intensity information with different dictionary size using 50% of training set

Number Weight No weight
Words Acc. (%) Std. Dev. Acc. (%) Std. Dev.
10 81.5 0.08 81.5 0.08
30 92.2 0.05 92.0 0.04
50 94.8 0.04 94.4 0.04
80 95.9 0.03 95.9 0.03
100 96.5 0.03 96.5 0.03
150 97.1 0.02 97.2 0.02

Table 3. Accuracy (Acc.) and standard deviation (Std. Dev.) of the classification using
intensity information with different dictionary size with 5-fold cross-validation

Number Weight No weight
Words Acc. (%) Std. Dev. Acc. (%) Std. Dev.
10 82.5 0.07 82.5 0.07
30 93.2 0.04 93.0 0.04
50 95.6 0.03 95.4 0.03
80 96.8 0.03 96.8 0.03
100 97.2 0.02 97.3 0.02
150 97.8 0.02 97.9 0.02

Table 4. Accuracy (Acc.) and standard deviation (Std. Dev.) of the classification using
different protocols. A: 10% of the data set used for training; B: 50% of the data set
used for training; C: 5-fold cross-validation.

Protocol Method Acc. (%) Std. Dev.

A

Depth [7] 75.60 0.26
RGB [7] 79.08 0.25

RGB-D [7] 88.54 0.17
Zhu & Wong [10] 88.90 0.39
Estrela et al. [13] 71.51 -

proposed approach 92.50 0.04

B

Pugeault & Bowden[5] 75.00 -
Depth [7] 86.85 0.17
RGB [7] 91.58 0.16

RGB-D [7] 96.77 0.09
proposed approach 97.1 0.02

C

Depth [14] 62.70 0.47
RGB [14] 85.18 0.16

RGB-D [14] 91.26 0.18
proposed approach 97.9 0.02
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We believe that the proposed method was able to achieved the best results
compared to the state-of-the-art methods due to the capability of capturing
multi-scale information through the spatial pyramid. This way, both fine and
coarse information can be encoded in the codewords simultaneously.

4 Conclusions and Future Works

In this paper, we proposed a method for Finger Spelling Recognition from in-
tensity information using the spatial pyramid matching descriptor. A spatial
pyramid is a collection of orderless feature histograms computed over cells de-
fined by a multi-level recursive image decomposition that are classified by a
SVM.

The experiments have shown that the proposed approach is promising for sign
language based only on intensity information. In all experiments, we achieved
the highest recognition rate compared with methods that combine intensity and
depth information. Based on the experiments, we can say that the influence of the
weight associated to spatial pyramid is very small for finger spelling recognition.
This probably occurs due to the low complexity of the images, most of them do
not have a complex background. The results also show that the more codewords
the better the results are. Although the results were still improving, we choose
a 150 codewords dictionary because the results were not improving too much
while the computational cost increases.

As a future work, we intend to extend our recognition methods to work with
dynamic scenes in which the ambiguities with some characters such as J and Z
can be solved.
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