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Abstract. Dynamic gesture recognition systems based on computer
vision techniques have been frequently used in some fields such as medi-
cal, games and sign language. Usually, these systems have a time execu-
tion problem caused by the elevated number of features or attributes
extracted for gesture classification. This work presents a system for
dynamic gesture recognition that uses Particle Swarm Optimization to
reduce the feature vector while increases the classification capability. The
system FSSGR, Feature Selection System to Dynamic Gesture Recogni-
tion, solved the gesture recognition problem in RPPDI dataset, achieving
99.21% of classification rate with the same vectors size of previous works
on the same database, although with a better response time.

1 Introduction

Smart cities are known for be full of technological devices, many of them possess-
ing a camera attached [1]. These devices can be used to generate several infor-
mations based on the routine of each person. Many applications have emerged
from them, for example, helping the citizens based on their actions or gestures,
or preventing accidents and time saving through traffic condition analysis in a
street [2].

Gestures are the main way of deaf-mute people communication. The sign
language is a set of gestures with a meaning that can represent the language signs
of a community. But, as every language, it needs to be understood by people who
surround the deaf-mute ones such as family, friends, sellers, customers and others.
Systems based on computer vision can use a camera to capture the gestures
performed by people and translate them using computer vision techniques so
that anyone can understand.

A computer vision system generates feature vector for each image of a ges-
ture sequence. The size of this feature vector in classification problems can com-
promise the execution time in fields as data mining, machine learning, pattern
recognition and signal processing.

Feature selection is the process of choosing a subset of features from the
original set, forming patterns in a given dataset. The subset should be plenty to
describe the initial pattern, retaining a high accuracy in representing the original
features.
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Real-time computer vision systems need the ability to handle imprecise and
inconsistent information in real world problems due the interaction differences
by each user in the system usage. Techniques to reduce the feature vector size
have been applied in real-time applications in order to reduce the processing time
of them. Calinon et al. [4] use probabilistic techniques as Principal Components
Analysis (PCA) to recognize and reproduce gestures.

Swarm techniques have the capacity to find a solution in a complex func-
tion, maximizing or minimizing the function, depending of the need [5]. In this
original work, we start from the hypothesis that our feature vector should be
reduced to maximize its quality. We select the perfect value by defining this size
of our feature vector as the function to be optimized by a Swarm technique.
Additionally, this work proposes a feature selection system applied in gesture
recognition based on the CIPBR algorithm [6] in combination with a Binary
Particle Swarm Optimization [5] (BPSO) and a selector algorithm proposed
by Barros et al. [7]. Our proposed system, named Feature Selection System to
Dynamic Gesture Recognition (FSSGR), aims to generate small feature vectors
improving the classification rate and speeding up the system response.

2 FSSGR

We propose the FSSGR as a system to generate small feature vectors to dynamic
gesture recognition aiming a better classification rate and a faster response time.
The FSSGR’s flow starts with the gesture images being received by CIPBR
feature extractor module. In the next step, the Binary PSO selects the best size
for the set of vectors using the fitness function based on Euclidian distance. The
selector algorithm reduces the vectors using the size chosen by BPSO. The next
subsections explain how each step of FSSGR system works.

2.1 CIPBR Feature Extractor Module

The CIPBR algorithm is an approach composed by few tasks to reduce a hand
posture into two signature sets. These signatures were proposed by Keogh et
al. [8]. To complete this tasks there are four modules in cascade: (1) Image
binarization, (2) Radius calculation, (3) Draw maximum circumcircle, and (4)
Calculate signatures.

The first module, “Image Binarization” receives the RGB hand posture image
as input and reduces the number of colors to two. This binarized image serves
as input to the next module as well as the original RGB image.

The “Radius Calculation” module uses the RGB image to find a wrist line
and marks the wrist center point in the binarized image. A linear regression is
performed on the pixels of the bracelet dressed by the user in order to find the
line between forearm and hand pixels. The middle point in this line is defined as
P , showed in Figure 1(b). Then, the hand posture contour is extracted from the
binarized image produced by module 1. The center of mass is calculated from this
hand contour using the center moments of Hu. Finally, this module calculates
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the distance between the center of mass and the central point of wrist line. In the
Figure 1(b) is presented an output example of the “Radius Calculation” module.
In this case, the cyan point is the center of mass of the contour given by C, the
red point is the center point of the wrist line given by P and the line connecting
these points is given by PC.

Fig. 1. CIPBR module 2 output image

The third module, “Draw Maximum Circumcircle”, uses the line segment
PC as radius to draw a circle inside the hand contour. If this circle exceeds the
hand contour boundary, a triangle is calculated using the three more distant
contour points from and the biggest circle inside this triangle is used.

The last module, “Calculate Signatures”, receives as input the maximum
circumcircle defined in the previous step, plus points P and C. At first, the
hand contour points are substantially reduced using the Andrew’s monotone
chain convex hull algorithm [9].

Andrew’s algorithm outputs a set Ψ = {p1, p2, . . . , pn} from Convex hull
points, which is used to generate two signature sets, according to the CIPBR
approach [6]. The first signature set is composed by distances (DωQ) calculated
by the following way. For each point ω ∈ Ψ , the length of the line segment ωC
is calculated based on the Euclidean distance from ω to the point C. Then,
this length is decreased from the circumcircle radius, in order to obtain the
ωQ length, where the point Q is the intersection between segment ωC and the
maximum circumcicle. Therefore, the first signature set is composed by each
distance DωQ, ∀ω ∈ Ψ , calculated with the following equation (1):

DωQ =
√

(ωx − Cx)2 + (ωy − Cy)2 − radius, (1)

where C is the hand posture contour’s mass central point, ωx, Cx are the x
coordinates from points ω and C respectively, and ωy, Cy are the y coordinates
from points ω and C, respectively. Finally, radius is the maximum circumcircle
radius calculated by second module.

The second signature set consists of angles (Aw) obtained by calculating the
angle between a line wC composed for each point w ∈ Ψ of the convex hull hand
shape point and the line segment PC. All two signature sets are obtained in a
clockwise direction always starting with point P as shown in Figure 1(b) and
Figure 1(c).
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Finally, to create the output feature vector, both signature sets are normal-
ized. The first signature set is normalized dividing each distance by the radius
calculated in the second module. If D = {d1, d2, . . . , dn}, the normalized vector
will be D′ = {d′

1, d
′
2, . . . , d

′
n}:

d′
i =

di

radius
(2) a′

i =
ai

360◦ (3)

The set of angles is normalized by dividing each angle by 360◦, according
to Equation 3. Angle and distance sets are concatenated by the following order:
angles first and distances in the end of the signature vector. Therefore, the final
feature vector is F = { a′

1, a′
2, . . . , a′

n, d′
1, d′

2, . . . , d′
n}.

2.2 Particle Swarm Optimization

When PSO [10] is used to solve an optimization problem, a swarm of simple
computational elements, called particles, is used to explore a solution space to
find an optimal solution. The position from each particle represents a candidate
solution in n-dimensional search space (D) defined as X = {x1, x2, x3, . . . , xn},
where each xn is a position in the n-th dimension. The same way, the particle
velocity is represented by V = {v1, v2, v3, . . . , vn}.

The fitness function evaluates how better each particle presents itself in each
iteration. When a particle moves and its new position has a fitness value better
than the previous one, this value is saved in a variable called pbest. To guide the
swarm to the best solution, the position, where a single particle found the best
solution until the current execution, is stored in a variable called gbest. Therefore,
to update the particle velocity and position the following equations are used:

vi(t + 1) = κvi(t) + c1r1[pi,best − xi(t)] + c2r2[gbest − xi(t)] (4)

xi(t + 1) = xi(t) + vi(t + 1) (5)

where i = (1, 2, 3, . . . , N) and N is the size of the swarm, c1 which represent the
private experience or “cognitive experience” and c2 represents the “social experi-
ence” interaction usually used with value 2.05 [10]. Variables r1 and r2, random
numbers between 0 and 1, represent how much pbest and gbest will influence the
particle movement. The inertia factor κ is used to control the balance of the
search algorithm between exploration and exploitation. The xi represents parti-
cle position in i− th dimension. The recursive algorithm run until the maximum
number of iterations is reached.

Binary PSO. is a variation of the traditional PSO in discrete spaces. The major
difference between this algorithm and canonic version is the interpretation of
velocity and position. In the binary version, the particle’s position and velocity
are represented by {0}s and {1}s only. This change requires a reformulation in
how velocity is calculated, according to the following equation:
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If rand <
1

1 + e−vi(t+1)
then xi(t + 1) = 1; else xi(t + 1) = 0

where rand is a random number between 0 and 1.
Finally, for binarization process the threshold that delimits which vector cell

will represent a feature is chosen. To binarize all the feature vectors, the value
which represents the general average is 1.2.

In order to choose the best size for the vectors of each gesture, a general
small vector is output by BPSO. To complete this task, our system uses a fitness
function based on Euclidian Distance. BPSO calculates a distance from each
xik binary particle’s position to the same k position in all binary vectors to the
same gesture. After each iteration, all distances are added up to generate the
fitness function output. Particles are improved as soon as its fitness value become
smaller compared with the fitness obtained by previous iteration. The particle
fitness function is:

fitnessi =
m∑

j=1

[

√√√√
n∑

k=1

(xik − Fjk)2] (6)

where [xi1, xi2, . . . , xin] is the particle i− th position, and [Fj1, Fj2, . . . , Fjn]
is the j − th features in all vectors.

2.3 Selector Algorithm

BPSO chose the best feature vector size S, according the previous section. Then,
the Selector Algorithm normalizes the CIPBR feature vector to fill in size S [7],
producing the final vectors of our system. In this process, some rules must be
respected.

First, if any vector has fewer points than S, are added 0 in the feature vector
until matches the desired length S. Second, feature vectors larger than S are
redefined using a selection algorithm. This algorithm consists in calculation of a
window W through the division of the current vector length by S. The current
vector is parsed, and each value in W position is included in the new feature
vector. If the new output vector is even smaller than the desired length, the
remaining positions are randomly visited and used to compose the new output
vector until the desired length is achieved.

3 Experiments and Discussion

In order to evaluate our approach, a dynamic gesture recognition experiment was
executed. The RPPDI Dynamic Gesture Dataset1 [7] is used in our experiment.
All gestures are composed by 14 frames, each one with 640×480 pixels captured
by a smart-phone camera.

1 Available at http://rppdi.ecomp.poli.br/gesture/database

http://rppdi.ecomp.poli.br/gesture/database
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The experiment consists in using the proposed system to extract small feature
vectors from RPPDI gesture dataset and measure its classification effectiveness
and speed. A K-Means Clustering [11] is used by HMM system [12] to find the
best initial approximation and classify the feature vectors. The Baum-Welch
algorithm [12] is used to train the HMM, resulting in a fast training process.

According Section 2.2, BPSO is used to find the best feature vector size S,
taking into account the initial feature vectors produced by CIPBR method. The
BPSO parameters adopted in this search were: 15 particles; 20 dimensions; 30
simulations; 200 iterations; c1 = c2 = 2.05; inertia factor of w = 0.9 → 0.4; r1 =
r2 = rand[0...1]. Based on the feature vector size chosen by BPSO, the Selector
Algorithm (Section 2.3) reduces the feature vectors. These reduced vectors are
classified by Hidden Markov Model system. The classification error rate is saved
and the experiment is restarted and repeated 30 times. For each simulation the
dataset is randomly selected, always with 2/3 of the sequences in each gesture
class for training and 1/3 for test.

In Table 1 is presented the average results and standard deviations for all
repetitions, for S ∈ {5, ..., 10}. In fact, simulations were performed with another
values of S. However, the classifier has not achieved better results with feature
vectors of size higher than 10. Moreover, according the Boxplot analysis, the
system remains stable for feature vectors fixed in 10 elements, achieving the
lowest variance among the results.

In Table 2 is presented the proposed system results in comparison with pre-
vious systems based on LCS [13] and SURF [14], as well the extensions based
on the Convexity Approach: CLCS and CSURF [7]. Finally, it is presented the
results achieved by Santos et al. [6] with CIPBR technique. All works used
the same dataset and HMM as classifier. In column “Original V. S.” is written
the average size of original feature vectors, and in column “Reduced V. S.” is
written the average size of feature vectors after post processing these vectors. In
column “Response Time” is registered the classification response time in average
for one gesture.

Table 1. Classification resume by number of features.
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Table 2. Gesture recognition systems classification results.

Technique Classification rate (%) Original V. S. Reduced V. S. Response Time

SURF 75.0 3000 - 7.77ms

LCS 77.0 3000 - 3.07ms

CSURF 91.0 3000 15 1,19ms

CLCS 91.0 170 10 0.79ms

CIPBR 94.1 1960 10 1.78ms

FSSGR 99.2 1960 10 0.70ms

As observed in the results of Table 2, choosing the number of features selected
by BPSO as input to the Selector Algorithm, improves the classification rate of
the Gesture Recognition System. FSSGR solves the gesture recognition problem
in RPPDI dataset with 99.21% as classification rate, while achieves the best
response time. In other words, the system commits no more than 2 classification
mistakes only, and several times do not commits anyone. Moreover, according
the results our proposed system can reduce the feature vector to the same size
achieved in previous works, although improving the classification rate and speed.

The proposed system was also run on the dataset MSRGesture3D2, with
the best settings obtained in previous experiments. In this case, our system
has reached 88,98% of classification rate, surpassing the systems [15,16], both
simulated under the same conditions. This indicates the proposed system does
not work only in a specific dataset, but has good ability to generalize to the
hand gestures recognition task.

4 Conclusion

In this paper, we proposed the FSSGR system, based on CIPBR algorithm
combined with the binary PSO and a Selector Algorithm to generate a subset
from a large feature vector. The reduced feature vector better represents the
original one. As consequence, the proposed approach improves the classification
rate whereas speeds up our hand gesture recognition system, making it suitable
for several real time applications, such as the ones required in a Smart City.

In future works, more experiments will be investigated, mainly new fitness
functions which allow PSO to solve feature selection issue, without any other
approach to complement it, turning the process less costly. We plan as well to
investigate the behavior of our system using other classifiers, such as Recurrent
Neural Networks.

Acknowledgments. The authors would like to thank the support of the University
of Pernambuco and the funding agencies: FACEPE, CAPES and CNPQ.

2 http://research.microsoft.com/en-us/um/people/zliu/actionrecorsrc/

http://research.microsoft.com/en-us/um/people/zliu/actionrecorsrc/


FSSGR: Feature Selection System to Dynamic Gesture Recognition 241

References

1. Yang, J., Wang, Y., Sowmya, A., Li, Z.: Vehicle detection and tracking with low-
angle cameras. In: ICIP, pp. 685–688 (2010)

2. Then, Y.B., Tay, Y.H., Ho, W.T.: Estimating traffic condition using just a single
image. In: ICIP, pp. 3331–3335 (2013)

3. Yang, M., Zhang, L.: Gabor feature based sparse representation for face recognition
with gabor occlusion dictionary. In: Daniilidis, K., Maragos, P., Paragios, N. (eds.)
ECCV 2010, Part VI. LNCS, vol. 6316, pp. 448–461. Springer, Heidelberg (2010)

4. Calinon, S., Billard, A.: Recognition and reproduction of gestures using a prob-
abilistic framework combining pca, ica and hmm. In: Proceedings of the 22nd
International Conference on Machine Learning, pp. 105–112. ACM (2005)

5. Kennedy, J., Eberhart, R.C.: A discrete binary version of the particle swarm algo-
rithm. In: 1997 IEEE International Conference on Systems, Man, and Cybernetics,
Computational Cybernetics and Simulation, vol. 5, pp. 4104–4108. IEEE (1997)

6. Fernandes, B.J.T., Santos, D.G.S., Neto, R.C., Bezerra, B.L.D.: A dynamic gesture
recognition system based on cipbr algorithm. In: Computer Vision, 2014 Mexican
International Conference on Artificial Intelligence. LNAI (2014)

7. Barros, P.V., Junior, N., Bisneto, J.M., Fernandes, B.J., Bezerra B.L.,
Fernandes, S.M.: Convexity local contour sequences for gesture recognition.
In: Proceedings of the 28th Annual ACM Symposium on Applied Computing,
pp. 34–39. ACM (2013)

8. Keogh, E., Wei, L., Xi, X., Lee, S.-H., Vlachos, M.: Lb keogh supports exact index-
ing of shapes under rotation invariance with arbitrary representations and distance
measures. In: Proceedings of the 32nd International Conference on Very large Data
Bases, pp. 882–893. VLDB Endowment (2006)

9. Day, A.: Planar convex hull algorithms in theory and practice. Computer Graphics
Forum 7(3), 177–193 (1988)

10. Eberhart, R.C., Shi, Y.: Comparing inertia weights and constriction factors in
particle swarm optimization. In: Proceedings of the 2000 Congress on Evolutionary
Computation, vol. 1, pp. 84–88. IEEE (2000)

11. Hartigan, J.A., Wong, M.A.: Algorithm as 136: A k-means clustering algorithm.
Applied statistics, pp. 100–108 (1979)

12. Normandin, Y.: Hidden markov models. Automatic Speech and Speaker Recogni-
tion: Advanced Topics 355, 57 (2012)

13. Julka, A., Bhargava, S.: A static hand gesture recognition based on local contour
sequence. International Journal of Advanced Research in Computer Science and
Software Engineerin 3(7), 918–924 (2013)

14. Bay, H., Tuytelaars, T., Van Gool, L.: SURF: Speeded up robust features. In:
Leonardis, A., Bischof, H., Pinz, A. (eds.) ECCV 2006, Part I. LNCS, vol. 3951,
pp. 404–417. Springer, Heidelberg (2006)

15. Wang, J., Liu, Z., Chorowski, J., Chen, Z., Wu, Y.: Robust 3D action recognition
with random occupancy patterns. In: Fitzgibbon, A., Lazebnik, S., Perona, P.,
Sato, Y., Schmid, C. (eds.) ECCV 2012, Part II. LNCS, vol. 7573, pp. 872–885.
Springer, Heidelberg (2012)

16. Klaser, A., Marsza�lek, M., Schmid, C.: A spatio-temporal descriptor based on
3d-gradients. In: BMVC 2008–19th British Machine Vision Conference, p. 275-1.
British Machine Vision Association (2008)


	FSSGR: Feature Selection System to Dynamic Gesture Recognition 
	1 Introduction
	2 FSSGR
	2.1 CIPBR Feature Extractor Module
	2.2 Particle Swarm Optimization
	2.3 Selector Algorithm

	3 Experiments and Discussion
	4 Conclusion
	References


