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Abstract
Human action recognition from skeletal data is an impor-

tant and active area of research in which the state of the art
has not yet achieved near-perfect accuracy on many well-
known datasets. In this paper, we introduce the Distribution
of Action Movements Descriptor, a novel action descriptor
based on the distribution of the directions of the motions of
the joints between frames, over the set of all possible mo-
tions in the dataset. The descriptor is computed as a normal-
ized histogram over a set of representative directions of the
joints, which are in turn obtained via clustering. While the
descriptor is global in the sense that it represents the overall
distribution of movement directions of an action, it is able to
partially retain its temporal structure by applying a window-
ing scheme.

The descriptor, together with a standard classifier, out-
performs several state-of-the-art techniques on many well-
known datasets.

Keywords human action recognition, descriptor, prob som,
msrc12, action3d

1 Introduction

1.1 Motivation

Human Action Recognition remains an unsolved problem in
the fields of computer vision and pattern recognition. It can
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be employed to monitor patients, detect suspicious activi-
ties, classify work situations as dangerous or safe, recognize
player actions in games, or to provide touch-less human com-
puter interactions. Traditionally, vision-based human action
recognition techniques used low-level image features as in-
put to action models. In recent years, researchers have been
increasingly using Mocap systems or sensors such as the Mi-
crosoft Kinect to obtain skeletal information of users per-
forming actions. This trend has been motivated by the low
cost and wide availability of this types of capture devices,
and growing evidence supporting the hypothesis that skele-
tal data provides a superior representation for human action
recognition [1].

1.2 Overview

This paper presents the Distribution Action Movements De-
scriptor (DAM), a novel descriptor for human actions based
on the distribution of the movements of each joint in a skele-
tal representation of the user.

We extend and adapt ProbSom’s approach to person iden-
tification by voice, described in [2], to the case of human
action recognition using skeletal information. The following
is an outline of the computation of the resulting descriptor,
explained in full in section 2.

We have a set of action recordings performed by persons,
which are composed of a variable number of frames, where
for each frame we know the 3D position of a given number
of joints of the body. We first transform each action, replac-
ing the absolute 3D position of each joint by the direction of
its motion between frames. Thus, we obtain n − 1 direction
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frames from the original n absolute position frames of the ac-
tion. Note that the direction frames are translation invariant.
Previously, each joint of each action was smoothed and re-
sampled individually; the first to remove spurious directions,
the second to ensure each action has the same number of
frames. The resulting directions of motion are 3D vectors,
one for each frame and joint. We apply a windowing scheme
to preserve temporal information, generating windowed di-
rection frames (WDFs) from the direction frames. Then, we
perform a clustering of the set of all the WDFs of the set A of
all actions to obtain a reduced set Cw of direction frames that
efficiently represents the distribution of directions of A.

The descriptor of a new action A is then computed as the
normalized histogram of its direction frames over the set Cw,
where each direction frame in Cw is a bin, and each direction
frame of the action is assigned to the bins according to the
same distance metric employed in the generation of Cw.

This novel descriptor achieves excellent results on two
well known datasets, MSRC12 and MSR Action3D, de-
scribed in section 3. To the best of our knowledge, it sur-
passes the classification accuracy of almost all other state-
of-the-art techniques on standard datasets to date (see also
section 3).

1.3 Related work

As described in [3], there are three main challenges in a Hu-
man Action Recognition System: data capture, feature de-
scriptors and action modeling. Our method does not deal with
the first challenge, assuming the 3D skeletal data is somehow
available, captured for example by employing a Mocap de-
vice or the Kinect as is the case with the datasets used in our
experiments. The second and third challenges are very much
intertwined, and are, in general, solved jointly.

Feature descriptors can be global, in the sense that they
represent the action as a whole, or they can be local, in the
sense that a separate descriptor is computed for each frame
or interest point of the action. In the latter case, additional
steps are needed to create an effective descriptor, for exam-
ple, by modeling the temporal dependence with a Hidden
Markov Model, or aggregating each local descriptor to gen-
erate a global one.

In recent years, there has been much interest in finding
appropriate descriptors for action recognition.

In [4], Barnachon et al. apply a clustering algorithm to
all the poses of every action sample, and then define a pose-
based integral histogram for actions, computed over the re-
sulting clusters, as descriptor. Actions can thus be encoded

with this representation, and then compared using the Bhat-
tacharyya distance. Since the descriptor clusters the poses
directly, it is not translation-invariant.

Hussein et al. [3] utilize a covariance descriptor for each
action, which is computed as the covariance matrix of the set
of poses that comprise an action and contains as information
the variance of movement of each joint (diagonal elements)
and the relative movement between joints (non-diagonal el-
ements). The descriptor has the disadvantage of being high
dimensional. To build a model, they compute the descriptor
for all training actions and then train an off-the-shelf support-
vector machine (SVM) classifier with a linear kernel.

The approach in Gowayyed et al. [5] called Histogram of
Oriented Directions, is similar to ours, in that it employs a
histogram of directions, but their approach calculates his-
tograms independently for each joint, and uses, not the 3D
positions of the joint themselves, but the three 2D projections
to planes xy, xz and yz of their position in the virtual coordi-
nate space. The set of bins is defined arbitrarily as a regularly
spaced grid. By calculating histograms on each joint sep-
arately, their descriptors lacks synchronization information
between the joints in multi-joint actions. As in the method of
Hussein et al., the classification is performed by combining
the descriptor with a SVM.

Since this three descriptors all lack temporal information,
a sub-action decomposition or temporal pyramid scheme was
applied to the descriptors to generate more complex ones that
retain some of the sequence information of the original ac-
tions.

The sequence of most informative joints (SMIJ) represen-
tation introduced by Ofli et al. [6] divides each action into a
number of segments, and for each segment computes a rank-
ing of the most informative joints according to an entropy-
based measure, and chooses the k most relevant ones to de-
scribe the segment. These are concatenated into a descriptor,
and standard SVM and k-nearest neighbours classifiers were
trained using it as input. The representation completely disre-
gards any trajectory information contained in the action, since
it only measures the amount of activity in the joints.

In [7], Cho et al. train a hybrid Multilayer Percep-
tron/Deep auto-encoder on a set of features composed of the
3D direction vector between joints for each frame, rotated
and scaled to canonical angles and sizes to obtain invariances.

Li et al. [8] do not employ a full pose estimation tech-
nique, but instead sample 3D points belonging to the person’s
body from depth maps. They quantize the set of all poses
from the training samples via clustering, and build an action
graph using the cluster centers or salient poses as nodes, in-
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ferring the transition probabilities from the training samples
as well. Afterwards, they apply a decoding scheme based
on Bi-gram with Maximum Likelihood Decoding (BMLD)
to classify new samples according to the graph information.

None of these techniques achieves perfect accuracy on
cross-subject cross-validation experiments in the datasets
used to test them.

2 Descriptor

In this section we develop the formulation for the descriptor
and classification model. To ease the explanation we begin by
introducing a notation for actions and their constituent parts.

2.1 Notation

LetA = {A1, . . . ,AN} be a set of N actions, Fi the number of
frames of action Ai and J the number of joints (the same for
every action).

Then we have:

1. Ai: ith action, with Fi frames, where each frame con-
tains the position of the J joints.

2. Ai
j: the joint positions for all Fi frames of action i.

3. Ai
f : the position of the J joints of action i in frame f , ie,

a position frame.
4. Ai

f , j: the position of joint j of action i in frame f .

2.2 Preprocessing

The joint positions of each action Ai
f , j are smoothed with

a gaussian-distributed weighted moving average (WMA).
While simple, this step is essential to the effectiveness of the
descriptor, since otherwise sensing errors or short spurious
movements distort long term trends in the direction of move-
ment of the joints on which we rely for classification.

Afterwards, the same joint positions Ai
f , j are re-sampled

to a constant number of frames F, which is the same for all
actions and joints, so that at the end of this process Fi = F
for all i. The re-sampling is done at uniformly spaced points
along the arc-length of the path traced by the joint through all
the frames of the action. The position of the joints in the new
frames are estimated by cubic splines interpolation.

Since each joint is re-sampled individually and with an
arc-length parametrization, this step could distort the tempo-
ral synchronization between joints, but visual inspection in
the datasets used for the experiments revealed no noticeable
warping.

a b c d
Fig. 1 Preprocessing steps for a single joint of the action. The original po-
sitions (a) are smoothed and resampled obtaining a more uniform sequence
(b). Then, direction vectors are computed (c) and concatenated into overlap-
ping WDFs with W = 3 (d).

To obtain a translation invariant descriptor, we calculate
for each joint and frame a direction vector Di

f , j ∈ R
3, f =

1, . . . , F − 1, that represents the direction vector between po-
sitions Ai

f +1, j and Ai
f , j, such that:

Di
f , j = Ai

f +1, j − Ai
f , j, f = 1, . . . , F − 1 (1)

By analogy, we call each Di
f , j a direction frame, since it

contains the direction of motion between the position frames
Ai

f +1, j and Ai
f , j.

Since afterwards we intend to apply a clustering of all di-
rection frames, losing all sequence information, we apply a
windowing scheme to preserve temporal information.

From the F − 1 direction frames, we generate FW = (F −
1)− (W − 1) = F −W windowed direction frames (WDFs) by
concatenating W direction frames together in an overlapping
fashion, such that:

Wi
f =
[
Di

f ,D
i
f +1, . . . ,D

i
f +(w−1)

]
, f = 1, . . . , FW (2)

where W, the window size, is a parameter; the greater W
is, more temporal information is retained. In an extreme case,
if W = F − 1, then FW = 1, and there is just one WDF which
is exactly Di. On the other hand, if W = 1, then FW = F − 1
and Wi

f = Di
f , ie, the WDFs are simply the direction frames.

Note that the notation for WDFs and direction frames is
analogous to that of actions described earlier.

2.3 Descriptor

To calculate the descriptor, we first obtain the K cluster cen-
ters Cw = {C1,C2, . . . ,CK} of a clustering of the set of
all WDFs of all actions Wall = {Wi

f |i = 1, . . . ,N, f =

1, . . . , F − W} contained in the training set. The clustering
Cw is built with a Self Organizing Map (SOM) algorithm [9].

We use the clustering to quantize the space of all possible
WDFs, so as to compute the distribution of movements over
that set. For any WDF W f , we can assign it to a cluster with
center Cl, according to the same distance metric employed
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in the generation of the cluster. Denoting the center corre-
sponding to W f as BMU(W f ), we calculate a normalized
histogram H with K bins given by the cluster centers Cl, so
that:

Hl =
| {W f | BMU(W f ) = Cl} |

FW , l = 1, . . . ,K (3)

The resulting descriptor, H, measures the distribution of
WDFs of the original action A. The histogram elements Hl

can be interpreted as the frequentist estimation of the proba-
bility that an action A, transformed into H, contains WDF Cl

as a composing element, ie, Hl = P(Cl|A).

2.4 Classification Model

We have employed the classification model described in [2].
Using the same training actions A we employed to build the
clustering, we will build a model of P(c|Cl), ie, the probabil-
ity that an action A, with the WDF Cl as composing element,
is of class c.

With that, we can compute the probability of an action A
belonging to a certain class c as the average of P(c|Cl) over
the K cluster centers Cl:

P(c|A) =

K∑
l=1

P(c|Cl) ∗ P(Cl|A) =

K∑
l=1

P(c|Cl) ∗ Hl (4)

Having built the cluster, we are thus able to compute de-
scriptors for the set of training actionsA = {A1, . . . ,AN}, for
which we know the corresponding classes ci. We can there-
fore build a model of P(c|Cl) as:

P(c|Cl) =
|assigned(Cl) ∩ o fClass(c)|

|assigned(Cl)|
(5)

Where o fClass(c) is the set of WDFs of class c, and
assigned(Cl) is the set of WDFs assigned to center Cl (over
all the training actions, in both cases):

assigned(Cl) = {Wi
f |BMU(Wi

f ) = Cl,

i = 1, . . . ,N, f = 1, . . . , FW }

o fClass(c) = {Wi
f |ci = c, f = 1, . . . , FW }

To assign a class label c∗ to an action A we therefore com-
pute the descriptor H for the action, and then calculate:

c∗ = max
c

P(c|A), c = 1, . . . ,C (6)

where C is the number of classes, and P(c|A) is defined as
in eq. 4.

3 Experiments

We evaluated the descriptor on two well known and publicly
available datasets, MSRC12 [10] and MSR Action3D [8],
both acquired using a Kinect Sensor, which captures 20 joints
of the human body (Figure 2). 1)

Fig. 2 Joints detected by Kinect

For both datasets, we tested various values for W, the win-
dow size, to evaluate the importance of including temporal
information in the descriptor and K, the number of clusters,
to establish if the classifier was robust in a wide variety of set-
tings of this parameter. The amount of frames the actions are
resampled to, F, was set to 25 for all experiments with Ac-
tion3D. For the MSRC12 dataset, since the actions are easier
to separate by means of joint activation patterns instead of
trajectory information, the actions were resampled to F = 16
frames without losing accuracy. After computing the WDFs,
they were rescaled to euclidean norm 1 so as to provide scale
invariance to the descriptor.

3.1 MSR Action3D Dataset

We used the MSR Action3D dataset [8] which consists of ac-
tion sequences of 20 different types of actions performed by
10 subjects. Each sequence consists of an action, segmented
so that the start of the sequence roughly corresponds to that
of the action, and the same for the end. For each sequence the
dataset contains the position of the 20 joints for all the frames
captured, which are time-labeled.

There are 567 sequences in total, of which we used 526.
The original authors had already left out 10 sequences out

1) A detailed description of how we prepared the datsets and which action
instances were corrected/left out, scripts to read the files, and code to run the
experiments can be found in https://sites.google.com/site/damdescriptor.
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Fig. 3 Results obtained with our descriptor for MSR-Action3D, with different values for W, the window size, and K, the amount of
clusters. Each result is the average of 30 independent runs.

Table 1 Comparison of results on the MSR-Action 3D dataset.
Method Accuracy (%)

Ellis (logistic regression) [11] 65.70
Li (Action Graph) [8] 74.70
Wang (Random Occupancy Pattern) [12] 86.50
Wang (Actionlets Ensemble) [13] 88.20
Hussein (Cov3DJ) [3] 90.53
Proposed descriptor 94.07

of the 567; we excluded 31 more that we found heavily cor-
rupted and corrected 48 in which some joints positions were
exchanged 2) [8].

3.1.1 Experimental setup

We employed the typical experimental setup on this dataset
[8], which divides the action classes into three action sets
(AS1, AS2 and AS3), each composed of the actions of 8
classes, with some overlap between action sets.

We performed experiments on each set separately, follow-
ing a cross subject protocol with a 50/50 subject split [8]. We
performed 30 cross validation runs for each parameter con-
figuration, and computed the average classification rate for
each over the 30 runs.

Our best results were obtained with a window size W = 3
and K = 625 clusters obtained after training a 25 × 25 SOM
network.

3.1.2 Results

Table 1 compares the results obtained with the proposed
method against other state-of-the-art models. Our descrip-
tor achieves an accuracy of 94.07%, reducing the error in 1/3

2) The site https://sites.google.com/site/damdescriptor contains a full list
of excluded and corrected actions.
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Fig. 4 Average accuracy (y axis) on MSR-Action3D for different window
sizes W (x axis) and number of clusters, K (colors). The average is computed
over the accuracies of the 3 subsets (AS1, AS2, AS3).

with respect to the best method.
Figure 3 displays the different accuracies obtained by

varying the parameters of the method for each subset of the
dataset. It is evident that the effect of the windowing scheme
is beneficial in almost all cases. On the other hand, the effect
of the number of clusters in the model is mostly insignificant.

Figure 4 summarizes the results showing the average ac-
curacy over the three datasets for all the parameter configu-
rations evaluated . Lastly, table 2 shows the results obtained
in the each subset of the dataset separately with our best con-
figuration (K = 25x25 neurons in the SOM network, W = 3
window size). Note that results for our descriptor with W = 5
and W = 7 also outperform the second best known method
listed in table 1.

3.1.3 Discussion

In this section we perform a detailed analysis of the proposed
method, exploring the results in each subset of the dataset
separately.
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Table 2 Accuracy of the model on each subset of the MSR-Action 3D
dataset, for different values of W and a fixed number of clus-
ters K = 25 × 25. Standard deviation shown in parenthesis.

Window 1 3 5 7
AS1 89.4 (±0.9) 92.6 (±1.4) 92.0 (±1.5) 91.2 (±1.5)
AS2 76.8 (±1.9) 92.2 (±1.6) 91.1 (±1.3) 90.7 (±1.0)
AS3 94.8 (±0.5) 97.4 (±0.7) 97.9 (±1.0) 98.9 (±0.7)

Mean 87.02 94.07 93.68 93.61

Fig. 5 Confusion matrix for subset AS2 of MSR-Action3D.

Figure 3 shows a significant difference in accuracy be-
tween subsets. The method consistently reaches very high
accuracies on Subset AS3, as high as 99% in occasions. On
the other hand, the method achieves much worse accuracies
on AS2, in which most configurations are below 90%.

Figure 5 shows the confusion matrix for a single run of
the experiment on AS2, from which it can be deduced which
actions affect the recognition rate the most. For example, ac-
tions high arm wave and hand catch are performed with the
same set of joints and are very similar in their motions, thus
making our model less likely to discriminate between them.
Other actions such as forward kick or two hand wave are nat-
urally easier to distinguish since they involve the use of dif-
ferent joints altogether. This pattern in the difficulty of the
dataset was already described in previous works [13] [12].

Figure 6 shows the probability matrix employed by the
ProbSOM classification rule for the testing actions. The ma-
trix shows the average estimated probabilities that an action
of a certain class C belongs to another class C′ (where possi-
bly C = C′) as computed by our classification rule. It is re-
markable that for some actions (forward kick,two hand wave)
not only the class prediction was perfect (forward kick,two
hand wave) but also that the probability of the action Ai be-
longing to a class c was 0 for classes other than ci (the true
class of the action Ai), ie, P(c|Ai) = 0 if c , ci. However,
some actions which can be readily identified as similar from
just their general trajectory did not have such a perfect prob-

Fig. 6 Average probability of assigning an action of class c (rows) to every
other class (columns) for subset AS2 of MSR-Action3D.

ability assignment.

3.2 MSRC12 Dataset

The MSRC12 dataset is described in [10] by Fothergill et
al. and consists of 594 sequences of 12 different types of
actions performed by 30 subjects. Each sequence contains
the recorded positions of several instances or performances
of the same action by the same person. The action types are
described as: Crouch or hide, Shoot a pistol, Throw an ob-
ject, Change weapon, Kick, Put on night vision goggles, Start
Music/Raise Volume (of music), Navigate to next menu, Wind
up the music, Take a Bow to end music session, Protest the
music, and Move up the tempo of the song. The data was
captured using a Kinect device.

3.2.1 Experimental setup

Following the experimental setup by Hussein et al [3], we
segmented the sequences to isolate each action instance using
their annotation, obtaining a set of 6244 action instances.

By inspecting the actions visually we were able to detect
instances in which the subject did not follow the instructions
as intended by the experimenters. For example, subject 10
performs Kick with his left leg, instead of the right one; for
the action Wind it up, subjects must trace a circle with both
hands in front of them, but subject 9 makes it with only
one hand (alternating right and left), and subject 21 traces
only half of the circle. This was indeed expected by the ex-
perimenters, given that the database was generated precisely
to measure how different instruction modalities (video, pic-
tures, text) affect the performance of the actions, and so those
actions performed incorrectly were not excluded from the
dataset [10]. The differences in execution are so wide that
this outliers can be readily considered as instances of other
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Table 3 Comparison of results on the MSRC-12 dataset with cross-
subject validation.

Method Acc. (%)
Ellis (Logistic reg.) [11] 88.7
Hussein (Cov3DJ) [3] 91.7
Proposed descriptor 91.7

Table 4 Comparison of results on the MSRC-12 dataset with leave-
one-subject-out cross-validation. Note that in the case of
Jiang et al’s Hierarchical Model, a traditional leave-one-out
cross-validation scheme was employed, training and testing
with the same subject.

Method Test Validation Acc. (%)
Hussein et al. (Cov3DJ) [3] leave-one-

subject-out
93.6

Negin et al. (Decision Forest) [14] leave-one-
subject-out

93.2

Jiang et al. (Hierarchical Model)
[15]

leave-one-out 94.6

Proposed descriptor leave-one-
subject-out

93.1

types of action classes, and we have therefore excluded those
instances from our experiments 3).

With the filtered dataset, we performed cross subject ex-
periments with a 50/50 subject split, and 30 cross valida-
tion runs for each parameter configuration. We report the
average classification rate for each configuration over the 30
runs. The window size for WDFs was set to W = 5 and
K = 900 clusters where used in a 30 × 30 topography SOM
network. We also performed leave-one-subject-out cross val-
idation tests following the protocol described in [3].

3.2.2 Results

Table 3 shows the results obtained for MSRC12 with the pro-
posed method, compared with the most recent ones of the
state of the art. The experiments employ a cross-subject val-
idation scheme, following [3], but with subjects chosen ran-

3) The site https://sites.google.com/site/damdescriptor contains a full list
of left out and corrected actions.

Fig. 7 Accuracy by subject on the MSRC-12 dataset for leave-one-subject-
out cross-validation
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Fig. 8 Accuracy on the MSRC-12 dataset for different window and cluster
sizes. x − axis = window sizes, y − axis = Method Accuracy

domly for each subject split. The results show the average
accuracy on the dataset over 30 independent runs.

Table 4 shows results for a leave-one-subject-out valida-
tion scheme (with 30 runs), which allows to evaluate the de-
scriptor’s performance by simulating a classic scenario where
a new subject tries to use a system trained by other people. In
this setting, our method obtains an accuracy of 93%, a simi-
lar result to those obtained by Negin et al., Hussein et al. and
Jiang et al.

In both experimental settings, the variances for the average
accuracy of our classification method were low (σ2 = 5), but
standard hypothesis tests for the differences in accuracies be-
tween classifiers could not be performed because neither the
variances for the classification accuracy nor the code for per-
forming the tests was available for any of the other methods
considered. Nonetheless, the variances obtained seem appro-
priate given that the test results depend highly on the subjects
chosen for testing, as explained in the next paragraph.

Figure 7 shows the accuracy obtained for each subject
separately in the leave-one-subject-out cross validation ex-
periments. The graph shows that there is a high amount of
variation in the accuracies for each subject, which can be at-
tributed to the different methods the subjects were instructed
with (video, pictures, text). For example, subject 28 achieves
an accuracy of nearly 100%, while on the other hand for sub-
ject 2 it is only 76%. This data suggests that the observed
differences in classification accuracy between our descriptor
and other models should not be statistically significant.

Figure 8 shows the behaviour of the method for different
window and cluster sizes. As with MSRAction3D (subsec-
tion 1), the bar graphs clearly show the advantage of using
WDFs instead of simple direction frames. On the other hand,
the difference in accuracy from varying the number of clus-
ters is much less significant. Given that the success of the
ProbSOM classification rule is ultimately determined by how



8
Franco RONCHETTI, Facundo QUIROGA, Laura LANZARINI, Cesar ESTREBOU: A descriptor for Human Action Recognition

Fig. 9 Average probability of assigning an action of class c to every other
class for MSRC-12 dataset with leave-one-subject-out validation.

Fig. 10 Confusion matrix for MSRC-12 dataset with leave-one-subject-out
validation.

well the estimation of the distribution of WDF for each class
was performed, and that estimation on the diversity in per-
forming a certain action, the amount of clusters actually de-
pends highly on the amount of samples in the dataset.

3.2.3 Discussion

The method compares favorably with other state-of-the-art
classification techniques for the MSRC12 dataset using tradi-
tional cross-subject validation.

Although the accuracy our method achieves is the same
as Hussein’s [3], their descriptor has a very high dimension-
ality; the best results they obtain are with a descriptor with
L = 2 overlapping levels, for which a skeleton represented
with 20 joints results in a descriptor of length 7320 [3]. Our
descriptor is of length at most 900 in the case of a 30 × 30
SOM network. Coupled with the fact that the computation of
the descriptor involves only simple arithmetic operations, it
should provide better real-time performance in terms of effi-
ciency and frame rate.

The method also shows state-of-the art performance when

tested with a leave-one-subject-out cross-validation scheme,
making it clear that new users can expect a robust response
when using a human action recognition system that employs
the descriptor.

As with the Action3D dataset, figure 9 shows the distribu-
tion of probabilities used by the method to classify actions in
the MSRC12 dataset. This is the average of the probabilities
for all actions, with the average for each class computed with
all the test actions of the class. We also present a confusion
matrix for the same dataset and testing scheme in figure 10.

Some actions(i.e Duck or Push Right) were classified al-
most perfectly, reaching an great probability distribution too,
which presents a strong case for the robustness of the model.
Certain actions, like Lift outstretched arms or Shoot present
more difficulties to the descriptor, presumably because they
employ similar joints and direction movements. However,
the confusion matrix in figure 10 also shows that the mis-
classification errors mostly involve two or three classes at a
time, and so a second layer of classifiers could be trained to
separate those specific classes which when together raise the
classification error.

4 Conclusion

We have defined a descriptor for human action recognition
based on the distribution of action movements (DAM descrip-
tor).

The descriptor is computed as a histogram over a set of
canonical or representative movements windowed directions,
which are in turn obtained by performing a clustering with
a SOM network, over the set of all windowed directions in
the training set. We believe that a key step in the generation
of the descriptor is the windowing scheme that, unlike other
authors’ approaches, is included as an intermediate step and
not with a pyramidal scheme.

The descriptor is both scale and translation invariant. If
desired, direction invariance of the trajectory of an action can
be achieved by inverting the direction of each joint in the di-
rection frames. Rotation invariance can be incorporated as
well by rotating the user to a canonical rotation using his po-
sition and pose to set the axes of the joint positions instead of
the camera’s.

The descriptor shows state-of-the-art performance on
standard cross subjects tests on two well known datasets:
MSRC12 and MSRAction3D achieving a classification rate
of 91.7% and 94% respectively. Additional leave-one-
subject-out tests on MSRC12 have also shown state-of-the-
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art results with an accuracy of 93%.

Our future work will concentrate on including more
datasets in our tests to evaluate the generalization perfor-
mance of the method with other classes, further testing with
pyramidal schemes to better include temporal information
about the action, and evaluating its performance in online
classification tasks.
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