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ABSTRACT
Human action recognition constitutes a core component of
advanced human behavior analysis. The detection and recog-
nition of basic human motion enables to analyze and under-
stand human activities, and to react proactively providing
different kinds of services from human-computer interaction
to health care assistance. In this paper, a feature-level op-
timization for human action recognition is proposed. The
resulting recognition rate and computational cost are sig-
nificantly improved by means of a low-dimensional radial
summary feature and evolutionary feature subset selection.
The introduced feature is computed using only the contour
points of human silhouettes. These are spatially aligned
based on a radial scheme. This definition shows to be pro-
ficient for feature subset selection, since different parts of
the human body can be selected by choosing the appropri-
ate feature elements. The best selection is sought using a
genetic algorithm. Experimentation has been performed on
the publicly available MuHAVi dataset. Promising results
are shown, since state-of-the-art recognition rates are con-
siderably outperformed with a highly reduced computational
cost.

Categories and Subject Descriptors
I.4.8 [Image Processing and Computer Vision]: Scene
Analysis; I.5.2 [Pattern Recognition]: Design Methodol-
ogy—Feature evaluation and selection

General Terms
Algorithms, Experimentation

Keywords
feature subset selection, genetic algorithm, human action
recognition, multi-view recognition, bag-of-key-poses
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1. INTRODUCTION
Recently, human behavior analysis (HBA) has become of

great interest in the field of artificial intelligence. The out-
look of smart environments recognizing human actions and
intentions, and understanding the scene and the context in
which these occur opens a wide range of possible applica-
tions. Among these, video surveillance, human-computer
interaction, but also gaming, ambient-assisted living and
ageing well can be found. Cameras are one of the most pop-
ular sensors used in order to monitor people’s behavior, since
video images contain rich information about the scene to an-
alyze. Specifically, human action recognition deals with the
detection and classification of basic human motion in short
temporal intervals, as, for instance, walking, jumping or
falling. Through video analysis, the spatio-temporal proper-
ties of the human shape are learned and classified by means
of computer vision and machine learning techniques [25].

Current efforts rely on achieving the required robustness
to instance-, actor- and view-variance [26], as well as real-
time suitability [27], which is essential in most of the appli-
cations of HBA. Therefore, the current goal is to improve
existing approaches in order to reach high and stable recog-
nition rates, and, at the same time, simplify the classifica-
tion algorithm and feature extraction process, thus minimiz-
ing the involved computational cost. In this sense, in this
work we propose and evaluate novel visual feature-related
improvements which especially address these goals.

The feature subset problem arises when using feature vec-
tors, since these might contain irrelevant or redundant infor-
mation that could negatively affect the accuracy of a classi-
fier [7]. In fact, irrelevant and redundant features interfere
with useful ones, and most classifiers are unable to discrim-
inate them [20, 18]. Also, identifying relevant features is
of great importance for classification tasks, as it improves
accuracy and reduces the computational costs involved [8,
36].

In this paper, a human action recognition optimization
based on evolutionary feature subset selection is proposed.
Using the contour points of the human silhouette, a radial
scheme is applied so as to obtain a feature vector made up
of summary values. These represent the shape of the silhou-
ette with respect to each of the radial bins. This feature is
especially suitable for feature subset selection, because its
spatial definition is inherently related to the parts of the hu-
man body. Arms, legs, hip and head, might be or not be
necessary to be considered, or they may even introduce noise
to the feature descriptor. With this in mind, an evolution-



ary feature subset selection by means of a genetic algorithm
is introduced. This proposal is evaluated using a human ac-
tion recognition approach based on the one from Chaaraoui
et al. [9], and performing an experimentation on the pub-
licly available MuHAVi dataset [29]. The obtained results
are very promising, since state-of-the-art recognition rates
are significantly outperformed.

The remainder of this paper is organized as follows: Sec-
tion 2 summarizes related work with respect to evolutionary
feature subset selection and human action recognition. In
section 3, the proposed radial summary feature, and evo-
lutionary feature subset selection method are detailed. Sec-
tion 4 briefly summarizes the employed human action recog-
nition method which is used as fitness function in the genetic
algorithm. Experimentation and results are analyzed in sec-
tion 5. Finally, we present conclusions and discussion in
section 6.

2. RELATED WORK
In this section, the most recent and relevant works related

to evolutionary feature subset selection, and its application
to human action recognition based on vision techniques are
summarized.

2.1 Evolutionary Feature Subset Selection
Evolutionary feature subset selection has been used for

decades [28]. The basic approach is to consider a binary
vector where each gene represents the further consideration
or not of a specific feature. Two main models are presented
to implement this [7, 8]: the wrapper model [17], and the
filter model. The latter selects the features based on a priori
decisions on feature relevance according to some measures
(information, distance, dependence or consistency) [22], but
it ignores the learning algorithm underneath. In the former
and on the contrary, the feature selection algorithm exists
as a wrapper around the learning algorithm; in the search of
a feature subset, the learning algorithm itself is used as part
of the evaluation function [17]. The main disadvantage of
the wrapper approach is the time needed for the evaluation
of each feature subset [20]. On the other hand, filter-based
approaches, although faster, find worse subsets in general [7].

Evolutionary feature subset selection has been broadly
used in computer vision applications including: gender recog-
nition from facial images [31], object detection (faces and ve-
hicles) [30], human action recognition with RGB-D devices
[12], target detection in synthetic aperture radar (SAR) im-
ages [2], image annotation [23, 21], and seed discrimination
[11]. For a complete review of feature subset selection see
the work of Casado Yusta [8].

2.2 Human Action Recognition
In the research field of human action recognition, machine

learning and its application to computer vision and pattern
recognition come together. This results in a research area
that can be observed from multiple points of view. Since
this paper focuses on the level of features extracted from
binary human silhouettes, existing works from this area will
be summarized.

A considerable number of works employ features based
on human silhouettes (e.g. [4, 3, 34, 35, 33, 15]). These
type of input data simplifies the amount of relevant data
to a single region of interest (ROI) with binary shape data.
Silhouettes can be obtained with traditional segmentation

techniques, by more advanced human body detection algo-
rithms, or even with depth or infra-red cameras. Bobick
and Davis [4] proposed a feature which encodes the tempo-
ral evolution and the location of the motion with respect
to sequences of silhouettes. In [35], this idea has been ex-
tended to a free-viewpoint representation, i.e. a model gen-
erated from view-invariant motion descriptors which are ob-
tained from different viewpoints. The feature descriptor is
based on Fourier analysis in cylindrical coordinates. Tran
and Sorokin [34] developed a feature using both the shape
of the silhouette, and the vertical and horizontal optical flow
together with the context of 15 surrounding frames. In the
case of [15], a histogram of the oriented rectangular patches
extracted over the human silhouette is employed in a bag-of-
words and dynamic time warping (DTW) based approach.
For a complete review of previous work, we refer to the pop-
ular surveys from Moeslund et al. [25] and Poppe [26].

Regarding the specific application of feature selection to
human action recognition, little can be found in the lit-
erature. The approach of Jhuang et al. [16] uses a zero-
norm support vector machine (SVM) for feature selection of
position-invariant spatio-temporal features, and concluded
that feature density could be reduced up to 24 times with-
out sacrificing accuracy. A multi-class delta latent Dirichlet
allocation model for feature selection is introduced in [6],
where collaborative feature selection is performed by taking
into account the correlation between feature samples. Fea-
ture selection can also be performed based on a different
criteria than highest classification accuracy. In this sense,
in [19] multiple kernel learning (MKL) is applied in order to
reach the most discriminative neighborhoods among interest
points. Similarly, feature selection based on entropy is used
in [14]. In this work, a new shape descriptor is defined based
on the distribution of border lines which are histogrammed
over 15◦ orientations. Selecting the bins with the highest
entropy, the regions in which most of the motion occurs are
found. In this way, feature size could be reduced by a factor
of three.

3. FEATURE SUBSET SELECTION
In this section, both the characteristic feature based on

human silhouettes, as well as the genetic algorithm used in
order to apply binary feature subset selection are presented.
As mentioned in the introduction, several data and data
type related constraints need to be taken into account when
applying feature subset selection. For instance, an appro-
priate level of granularity needs to be found. It needs to
be fine-grained enough to successfully exclude the redun-
dant or noisy elements and, at the same time, preserve the
most characteristic data, but also coarse-grained enough in
order to limit the problem scale to a moderate level. Fur-
thermore, the size of the resulting feature set is particularly
important in human action recognition due to the real-time
requirement of multiple related applications. For this rea-
son, we propose a low-dimensional feature with a highly re-
duced computational extraction cost, which in addition to
the reduction due to feature subset selection, leads to a vi-
sual descriptor which is very optimized in both its size and
the characteristic quality of its data.



Figure 1: Application of the radial scheme. In this
example, C indicates the centroid of the silhouette.
Considering the centroid as origin, a radial scheme
is applied in order to determine the radial bin of
each point. Then, a summary value is obtained for
the points of each of the radial bins (S = 18 in this
case).

3.1 Radial Summary Feature
As shown in section 2, human silhouettes are widely used

in human action recognition. This is due to multiple rea-
sons. Firstly, they are relatively simple to obtain through
background segmentation or human detection techniques.
Secondly, they contain rich shape information which, when
considering its evolution over time, can be sufficient in or-
der to recognize complex human activities based on motion.
And, finally, the silhouette can be simplified to an array of
points using border following algorithms [32]. This leads
to a silhouette contour which shows certain robustness to
lighting changes and small viewpoint variations [1] using a
reduced amount of elements.

Relying on the contour points P = {p1, p2, ..., pn}, where
pi = (xi, yi), we divide the silhouette contour in S radial bins
of the same size with the purpose of generating a summary
value for each of them (see figure 1 for an overview).

First, the centroid C = (xc, yc), with xc =
∑n

i=1 xi
n

, yc =∑n
i=1 yi
n

, is computed. Then, the contour points P are re-
ordered starting with the uppermost point with equal x-axis
than the centroid, and following a clockwise order.

Secondly, using the centroid as the origin, the specific bin
si of each contour point pi can be assigned as follows (for
the sake of simplicity αi = 0 is considered as αi = 360):

αi =

{
arccos( yi−yc

di
) · 180

π
if xi ≥ 0,

180 + arccos( yi−yc
di

) · 180
π

otherwise,
(1)

si =

⌈
S · αi
360

⌉
, ∀i ∈ [1...n], (2)

where di stands for the Euclidean distance between each
contour point and the centroid.

Finally, the summary value of each radial bin is obtained
based on the statistical range of the distances corresponding
to the bin’s points. These summary values are then concate-
nated to a normalized feature vector V̄ .

vj = max(dk, dk+1, ..., dl)−min(dk, dk+1, ..., dl)

/ sk...sl = j ∧ k, l ∈ [1...n], ∀j ∈ [1...S],
(3)

v̄j =
vj∑S
j=1 vj

, ∀j ∈ [1...S], (4)

V̄ = v̄1 ‖ v̄2 ‖ ... ‖ v̄S . (5)

In result, the feature vector encodes the local shape prop-
erties of the individual radial bins. Then, feature subset
selection can be applied with the purpose of filtering the un-
necessary radial bins which may correspond to redundant,
noisy or irrelevant body parts, and retaining the most im-
portant and characteristic ones.

3.2 Evolutionary feature subset selection
In this work, an evolutionary wrapper approach with a

steady-state reproduction scheme is proposed for feature
subset selection. Therefore, a binary selection approach is
employed in which, through evolution of individuals, the op-
timal choice of feature elements is sought.

Specifically, an individual of the population is encoded as
a binary array U whose elements uj , ∀j ∈ [1...S] represent
whether (uj = 1) or not (uj = 0) a radial bin is selected.
Having fixed the population size I, the following steps are
performed:

1. The population is initialized with one individual with
uj = 1, ∀j ∈ [1...S], so as to consider the default fea-
ture from the first iteration on. The values of the re-
maining individuals are set randomly.

2. Evaluate the fitness value of each individual. The apti-
tude of each of the generated feature subset selections
is tested using the human action recognition approach
detailed in section 4, and the fitness value of the indi-
vidual is set to the returned success rate.

3. The population is ordered by descending fitness value.
In the case that two individuals present the same fit-
ness value, the one with the lowest number of selected
elements (uj = 1) comes first. Hence, among the fittest
individuals those are preferred that result in a higher
temporal and spatial efficiency.

4. Create a new individual using one-point crossover. Par-
ents are chosen using the ranking selection method.
The new individual is built up by the elements 1 to
z from the first parent and z + 1 to S from the sec-
ond parent (z denotes the randomly selected crossover
point).

5. Each gene of the new individual is mutated accord-
ing to a probability Pmut. This mutation consists in
changing the binary value of the gene.

6. The fitness value for the new individual is obtained.
If it does not exist in the current population, it is
added to the population. Otherwise, the fitness of



the equivalent individual already in the population is
updated with the new fitness in case it is improved.
Note that the non-deterministic behavior of the clas-
sification process, which is caused by the random ini-
tialization of the K-means algorithm, leads to obtain
different fitness values for the same feature vector.

7. Remove from the population the individual with the
lowest fitness value.

8. Return to step 3 until the best-performing individual
does not increase its fitness value for a specified num-
ber of generations maxgen.

4. HUMAN ACTION RECOGNITION
With the purpose of evaluating the proposed evolutionary

feature subset selection method, the multi-view human ac-
tion recognition approach from [9] has been chosen. With a
simple yet effective algorithm, this work shows proficiency
in both action recognition and speed. The method is based
on: 1) a contour-based distance signal feature, 2) a bag-
of-key-poses which serves as dictionary of the most common
and characteristic key poses involved in action performances
seen from multiple views, and 3) classification by means of
key pose sequence matching. The employed learning and
classification approach from [9] is briefly summarized in this
section, where we want to point out that, in this case, the
proposed visual feature from section 3.1 is used as input.

4.1 Learning based on Bag-of-Key-Poses
Using the radial summary feature detailed in section 3.1

and applying the feature subset selection, the required sil-
houette-based pose representations are obtained. These pose
representation samples are reduced to a representative sub-
set of key poses, with the purpose of decreasing the scale of
the problem of exemplar-based classification and removing
redundant data. This is achieved using K-means cluster-
ing and taking the cluster centers as representative values.
K key poses are generated separately for each combination of
action class and view, and joined building a so-called bag-of-
key-poses. Then, the capacity of discrimination of each key
pose is computed by finding the nearest neighbor key pose
of each pose representation, and using the ratio of within-
class matches as the final weight of the key pose. In this
manner, very common poses which can be found across sev-
eral classes will have a very low weight, whereas a key pose
which can only be found in a specific class, and is therefore
more discriminative, will have a higher weight.

4.2 Sequence recognition
So as to take into account the temporal evolution between

key poses, sequences of key poses are built. For each of
the training sequences, its pose representations are replaced
with the corresponding nearest neighbor key pose. In this
way, the temporal order between key poses is learned, and,
at the same time, noise and outlier values are filtered. Thus,
this specific step achieves to significantly improve the algo-
rithm’s robustness to actor-variance.

In order to perform classification, the learned sequences
of key poses are compared with an analogous sequence of
key poses retrieved from a sequence to recognize. Sequence
matching is performed using dynamic time warping (DTW),
which supports significant differences with respect to length,

accelerations and decelerations, and consequently takes into
account the different pace at which humans perform actions.

When comparing individual elements in the DTW algo-
rithm, a distance is provided that takes into account the Eu-
clidean distance between features, as well as the relevance of
the specific match of key poses. This relevance is based on
the previously obtained weights. It indicates how important
a specific match is relying on its capacity of discrimination,
and if its distance should be therefore carefully considered
in the sequence alignment algorithm. We refer to [9] for
more details.

Finally, multi-view sequences in the recognition phase are
handled by evaluating the sequences recorded from each
view, and returning the label of the best match, i.e. the
sequence with the lowest DTW distance.

5. EXPERIMENTATION
The proposed approach has been evaluated on the

MuHAVi [29] dataset. Since this multi-view human action
recognition benchmark has been used in [9], it allows us to
compare the obtained performances. The MuHAVi-MAS
dataset provides the required silhouettes for two camera
views. The action performances from two actors have been
recorded up to four times. MuHAVi-14 includes 14 differ-
ent action classes, among which actions as CollapseLeft,
GuardToPunch and RunLeftToRight can be found. In
MuHAVi-8 the different directions in which the actions occur
have been ignored, merging the classes into eight different
actions. In this sense, this second version does not require to
distinguish the direction, and therefore it includes a higher
number of samples for each class. Nonetheless, it also re-
quires the human action recognition approach to be able to
learn these actions which are performed differently.

The following tests have been performed:

1. Leave-one-sequence-out (LOSO): In this cross valida-
tion test, all but one sequence are used for training,
while the remaining sequence is used for evaluation.
This procedure is repeated for all the available se-
quences and the average recognition rate is determined.

2. Leave-one-actor-out (LOAO): In this cross validation
test, actor-invariance is specifically tested by training
with all but one actor, and testing the method with the
unseen one. This is repeated for all actors, averaging
the returned accuracy scores. As actors may differ in
clothes, body build and how they perform the actions,
this test presents an additional difficulty which usually
leads to lower recognition rates.

With respect to the constant parameters of the method,
the present results have been obtained with S ∈ [12, 30]
and K ∈ [9, 100]. In the genetic algorithm, a population
of I = 10 individuals and a single offspring have been em-
ployed. The remaining parameters have been set as follows:
Pmut = 0.1 and maxgen = 250. These values have been
obtained based on experimentation. Note that using the
specified data, convergence has been reached in a limited
number of generations (under ∼900), and therefore no al-
ternative stopping criteria has been applied.



Table 1: Benchmark results obtained with the proposed radial summary feature and the corresponding binary
feature subset selection. Results are compared with the ones published in [9], where the original human action
recognition approach is used. Both LOSO and LOAO cross validations are performed.

Dataset Test Chaaraoui et al.[9] uj = 1, ∀j ∈ [1...S] Feature Subset Selection
MuHAVi-14 LOSO 94.1% 95.6%a 98.5%
MuHAVi-14 LOAO 86.8% 91.2%b 94.1%
MuHAVi-8 LOSO 98.5% 100%c 100%
MuHAVi-8 LOAO 95.6% 97.1%d 100%

Table 2: Analysis of variance test for the LOAO cross validations. The results of 20 replicates have been com-
pared between the method from Chaaraoui et al.[9] and the proposed feature subset selection. A confidence
level of 99% (α = 0.01) is considered.

Output Measure Source of variation Sum of Sq. DOF Mean Sq. F p-value

MuHAVi-14 LOAO test
Between groups 0,229537 1 0,229537 947,862652 0.000000
Within groups 0,009202 38 0,000242

MuHAVi-8 LOAO test
Between groups 0,165585 1 0,165585 1630,778024 0.000000
Within groups 0,003858 38 0,0001015

5.1 Results
In table 1, the recognition rates are shown for both types

of cross validation tests. The second last and last column
represent the accuracy before and after optimization, respec-
tively. It can be seen that when using the radial summary
feature (individual with uj = 1, ∀j ∈ [1...S]), the originally
obtained recognition rates are improved. It seems obvious
that starting with an adequate accuracy level is essential
if we want to perform feature subset selection successfully.
Furthermore, besides the low dimensionality of the feature,
its definition, which is directly related to the parts of the
body, leads to an inherent proficiency for feature subset se-
lection. This is confirmed in the returned fitness values for
the best evolved individuals. In both type of tests, signifi-
cant performance improvements are shown.

In order to analyze the statistical significance of the ob-
tained performance gain over the original method from [9],
an analysis of variance (ANOVA) test has been performed
for the results of the MuHAVi LOAO tests. In table 2, it
can be seen that for both datasets highly statistically sig-
nificant (.01 level) improvements have been obtained. In
both cases, a large effect size has been measured indicating
that these improvements are also practically significant (for
MuHAVi-14 and MuHAVi-8, Cohen’s d = 9.86 and 12.94
respectively).

Table 3: The values uj , ∀j ∈ [1...S] of the final indi-
viduals of each of the run tests.

Dataset Test Individual
MuHAVi-14 LOSO 0100110100001110
MuHAVi-14 LOAO 011110101111
MuHAVi-8 LOSO 000111000011
MuHAVi-8 LOAO 000010111011111010110001001011

Further details about the generated feature subset selec-
tions are specified in table 3, where the values of the best
individuals are shown. It can be observed that several ra-
dial bins may be ignored, and that by doing so not only the
feature size is reduced removing unnecessary elements, but
also the recognition accuracy is increased as these bins in-
troduced noise. Interestingly, although perfect recognition

Figure 2: Resulting feature subset selection of the
MuHAVi-14 LOSO cross validation test (dismissed
radial bins are shaded in gray). Through genetic
selection, 7 out of 16 radial bins have been selected,
as these provided the best result.

has been obtained in the MuHAVi-8 LOSO cross validation
test using the default feature, the applied evolutionary fea-
ture subset selection maintains this rate with less than half
of the feature vector elements. In average, in our tests we
achieved to improve or preserve the highest recognition rate
reducing ∼47% of the feature elements. Figure 2 shows one
of the selections on a sample silhouette.

Finally, our results are compared with other state-of-the-
art recognition rates. As table 4 shows, very considerable
improvements have been attained, especially regarding the
actor-invariance tests. To the best of our knowledge, these
are the highest rates reported so far for this dataset.



Table 4: Comparison of recognition rates obtained on the MuHAVi dataset with other state-of-the-art ap-
proaches.

MuHAVi-14 MuHAVi-8
Approach LOSO LOAO LOSO LOAO
Singh et al. [29] (baseline) 82.4% 61.8% 97.8% 76.4%
Mart́ınez-Contreras et al.[24] - - 98.4% -
Cheema et al. [10] 86.0% 73.5% 95.6% 83.1%
Eweiwi et al. [13] 91.9% 77.9% 98.5% 85.3%
Our method 98.5% 94.1% 100% 100%

5.2 Temporal Evaluation
So as to verify the computational cost of the proposed

approach, we tested our method on a standard PC with an
Intel Core 2 Duo CPU at 3 GHz and 4 GB of RAM with
Windows 7 64-bit. The implementation has been developed
with the .NET Framework and the OpenCV library [5]. All
tests have been performed using the 720x576 px silhouette
images from the MuHAVi-14 dataset (7941 frames) as input
data, without any further hardware optimizations.

Regarding the feature extraction stages, most of the time,
i.e. 76.36s, is spent processing the contour points of the
image. The remaining feature extraction and classification
stages are performed in only 1.50 and 5.86s respectively.
Applying feature subset selection this time is reduced by
14%. With respect to the overall recognition speed, whereas
in [9] a rate of 51 frames per second (FPS) is stated, here
96 FPS are reached.

6. CONCLUSION
In the present work, an optimization of a human action

recognition algorithm has been introduced. Human silhou-
ettes are used as input data out of which a contour-based
feature is extracted. In particular, the shape of the silhou-
ette is represented in a radial fashion, by summary values
based on the point-wise distances to the centroid. This re-
sults in a very low-dimensional feature vector, whose ele-
ments encode the shape of the human silhouette, taking into
account spatial alignment. This is due to the fact that, in-
stead of directly reducing the array of contour points, the
spatial distribution is considered applying a radial scheme.
This approach results in a feature that is well-suited for fea-
ture subset selection. In order to find the best selection of
radial bins to consider, an evolutionary feature subset se-
lection has been applied. In result, the recognition rates of
the original human action recognition approach have been
increased, and new reference rates have been established for
the MuHAVi dataset.

In conclusion, the main contributions of this paper can be
summarized as follows:

1. An appropriate feature for feature subset selection has
been presented. As the experimental results show, the
radial summary feature successfully encodes the shape
of the boundary of the human silhouette in order recog-
nize human actions. This is achieved with a reduced
computational complexity and a low-dimensional de-
scriptor.

2. An evolutionary feature subset selection approach is
proposed for the binary selection of feature elements.
A genetic algorithm is used as search heuristic so as to

provide the best possible solution in a limited amount
of time. The obtained optimization achieved perfect
recognition on the MuHAVi-8 LOSO and LOAO cross
validation tests, reducing the number of necessary fea-
ture elements by ∼47% in average.

Regarding future works, it would be interesting to con-
sider a feature selection based on real-valued weights, so
that a feature element could be taken into account more
or less than others without completely discarding it. This
would open a wider search space with potential solutions for
more fine-grained optimizations. Furthermore, the optimal
selection of features may change for the different types of
actions to recognize. Walking, running and jogging may af-
fect mostly the legs and the arms, whereas in bending, the
upper part of the body may be the most relevant. Therefore,
an action class-specific feature subset selection should be ob-
tained. Multiple optimization objectives, as both the highest
recognition rate and the least number of selected feature ele-
ments, could also be considered. Other future research lines
include experimentation on more extensive datasets, usage
of images which present occlusions, and a study of applica-
bility to recognition of activities of daily living (ADL).
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[12] P. Climent-Pérez, A. A. Chaaraoui, and
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