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Abstract—Modern human action recognition algorithms which
exploit 3D information mainly classify video sequences by extracting local or global features from the RGB-D domain or classifying
the skeleton information provided by a skeletal tracker. In this
paper, we propose a comparison between two techniques which
share the same classification process, while differing in the type of
descriptor which is classified. The former exploits an improved
version of a recently proposed approach for 3D motion flow
estimation from colored point clouds, while the latter relies on the
estimated skeleton joints positions. We compare these methods
on a newly created dataset for RGB-D human action recognition
which contains 15 actions performed by 12 different people.

I. I NTRODUCTION AND R ELATED W ORK
In recent years, robotics perception has grown very fast and
has made possible applications unfeasible before. This success
has been fostered by the introduction of RGB-D sensors with
good resolution and framerate [8] and open source software
for robotics development [24]. Thanks to these progresses,
we can now think about robots capable of smart interaction
with humans. One of the most important skills for a robot
interacting with a human is the ability to recognize what the
human is doing. For instance, a robot with this skill could
assist elderly people by monitoring them and understanding
if they need help or if their actions can lead to a dangerous
situation.
The first RGB-D related work is signed by Microsoft
Research [15]. In [15], the relevant postures for each action
are extracted from a sequence of depth maps and represented
as bags of 3D points. The motion dynamics are modeled by
means of an action graph and a Gaussian Mixture Model
is used to robustly capture the statistical distribution of the
points. Subsequent studies mainly refer to the use of three
different sensor technologies: Time of Flight cameras [6, 7],
motion capture systems [21], [10], [26] and active matricial
triangulation systems (i.e.: Kinect-style cameras) [25], [31],
[32], [20], [23], [13], [4], [33], [18], [29]. The most used
features are related to the extraction of the skeleton body joints
[25], [31], [4], [21], [29], [26]. Usually, these approaches first
collect raw information about the body joints (e.g.: spatial
coordinates, angle measurements). Next, they summarize the
raw data into features, in order to characterize the posture
of the observed human body. Differently from the other
joints-related publications, [21] computes features which carry

a physical meaning. Indeed, in [21], a Sequence of Most
Informative Joints (SMIJ) is computed based on measures
like the mean and variance of joint angles and the maximum
angular velocity of body joints.
Other popular features are the result of the extension to
the third dimension of typical 2D representations. Within
this category, we should distinguish between local and global
representations. Features in [32], [20], [33], [18] are local representations since they aim to exploit the well-known concept
of STIPs [11, 12] by extending it with depth information.
Examples of global representations in the 3D domain can
be found in [23], [6, 7]. In [23], Popa et al. propose a
Kinect-based system able to continuously analyze customers’
shopping behaviours in malls. Silhouettes for each person in
the scene are extracted and then summarized by computing
moment invariants. In [6, 7], a 3D extension of 2D optical
flow is exploited for the gesture recognition task. Holte et al.
compute optical flow in the image using the traditional LukasKanade method and then extend the 2D velocity vectors to
incorporate also the depth dimension.
Finally, works in which trajectory features are exploited
[13], [10] recently emerged. While in [13] trajectory gradients
are computed and summarized, in [10], an action is represented
as a set of subspaces and a mean shape.
Unlike [6] and [7], which compute 2D optical flow and then
extend it to 3D, a method to compute the motion flow directly
on 3D points with color has been proposed in [2]. From the
estimated 3D velocity vectors, a motion descriptor is derived
and a sequence of descriptors is concatenated and classified
by means of Nearest Neighbor. Tests are reported on a dataset
of six actions performed by six different actors.
The main contributions of this paper are: an improved
method with respect to our work presented in [2] for real
time 3D flow estimation from point cloud data, a 3D gridbased descriptor which encodes the whole person motion and
a newly created dataset which contains RGB-D and skeleton
data for 15 actions performed by 12 different people. On this
dataset we performed a comparison between 3D motion flow
and skeleton information as features to be used for recognizing
human actions.
The algorithm described in this paper is designed to be integrated in a more complete system mounted on a mobile robot

and developed with people tracking [3] and re-identification
capabilities in indoor environments.
The remainder of the paper is organized as follows: Section II reviews the existing datasets for 3D human action
recognition and presents the novel IAS-Lab Action Dataset.
In Section III, the 3D motion flow estimation algorithm is
described and in Section IV we detail the descriptors used for
encoding person motion and skeletal information. Section V
reports experiments on the IAS-Lab Action Dataset and on the
dataset used in [2], while Section VI concludes the paper and
outlines the future work.
II. DATASET
The rapid dissemination of inexpensive RGB-D sensors,
such as Microsoft Kinect [8], boosted the research on 3D
action recognition. At the same time a new need arose:
the acquisition of new datasets in which the RGB stream
is aligned with the depth stream. Currently, the following
datasets have been released: RGBD-HuDaAct Database [32],
Indoor Activity Database [25], MSR-Action3D Dataset [14],
MSR-DailyActivity3D Dataset [27], LIRIS Human Activities
Dataset [28] and Berkeley MHAD [22]. All these datasets are
targeted to recognition tasks in indoor environments. The first
two are thought for personal or service robotics applications,
while the two from MSR are also targeted to gaming and
human-computer interaction. The LIRIS dataset concerns actions performed from both single persons and groups, acquired
in different scenarios and changing the point of view. The last
one was acquired using a multimodal system (mocap, video,
depth, acceleration, audio) to provide a very controlled set of
actions to test algorithms across multiple modalities.
A. IAS-Lab Action Dataset
Two key features of a good dataset are size and variability.
Moreover, it should allow to compare as many different
algorithms as possible. For the RGB-D action recognition
task, that means that there should be enough different actions,
many different people performing them and RGB and depth
synchronization and registration. Moreover, the 3D skeleton of
the actors should be saved, given that it is easy available and
many recent techniques rely on it. Hovewer, we noticed the
lack of a dataset having all these features, thus we acquired the
IAS-Lab Action Dataset1 , which contains 15 different actions
performed by 12 different people. Each person repeats each
action three times, thus leading to 540 video samples. All these
samples are provided as ROS bags containing synchronized
and registered RGB images, depth images and point clouds
and ROS tf for every skeleton joint as they are estimated by
the NITE middleware [9]. Unlike [22], we preferred NITE’s
skeletal tracker to a motion capture technology in order to
test our algorithms on data that could be easily available
on a mobile robot and, unlike [28], we asked the subjects
to perform well defined actions, because, beyond a certain
level, variability could bias the evaluation of an algorithm
performance.
1 http://robotics.dei.unipd.it/actions.

TABLE I
DATASETS FOR 3D H UMAN ACTION R ECOGNITION .

[32]
[25]
[14]
[27]
[28]3
[22]
Ours

#actions
6
12
20
16
10
11
15

#people
1
4
10
10
21
12
12

#samples
198
48
567
320
461
660
540

RGB
yes
yes
no2
no
yes4
yes
yes

skel
no
yes
yes
yes
no
yes5
yes

In TABLE I, the IAS-Lab Action Dataset is compared to
the already mentioned datasets, while in Fig. 1 an example
image for every action is reported.
III. 3D M OTION F LOW
Optical flow is a powerful cue to be used for a variety
of applications, from motion segmentation to structure-frommotion passing by video stabilization. As reported in Sec. I,
some researchers proved its usefulness also for the task of
action recognition [5], [30], [1]. The most famous algorithm
for optical flow estimation was proposed by Lukas and Kanade
[17]. The main drawbacks of this approach were that it only
works for highly textured image patches and, if repeated for
every pixel of an image, it results to be highly computational
expensive. Moreover, 2D motion estimation in general has the
limitation to be dependent on the viewpoint and closer objects
appear to move faster because they appear bigger in the image.
When depth data are available and registered to the
RGB/intensity image, the optical flow computed in the image
can be extended to 3D by looking at the corresponding points
in the depth image or point cloud [6, 7]. This procedure allows
to compute 3D velocity vectors, thus overcoming some of the
limitations of 2D-only approaches, such as viewpoint and scale
dependence. However, the motion estimation process is still
completely based on the RGB image and it does not exploit
the available 3D information for obtaining a better estimate.
Moreover, the computational onerosity is still high.
In this work, we improve the technique recently proposed in
[2] for computing 3D motion of points in the 3D-color space
directly. This method consists in estimating correspondences
between points of clouds belonging to consecutive frames.
Our approach is fast and able to overcome some singularities
of optical flow estimation in images by relying also on 3D
points coordinates. Moreover, it is applicable to any point
cloud containing XYZ and RGB information, and not only
to those derived from a 2D matrix of depth data (projectable
point clouds).
A. 3D Flow Estimation Pipeline
Given two point clouds (called source and target) containing
3D coordinates and RGB/HSV color values of an object of
2 The RGB images are provided, but they are not synchronized with the
depth images.
3 Only the set provided with depth information was considered.
4 The RGB information has been converted to grayscale.
5 Obtained from motion capture data.

(a) Check watch

(b) Cross arms

(c) Get up

(d) Kick

(e) Pick up

(f) Point

(g) Punch

(h) Scratch head

(i) Sit down

(j) Standing

(k) Throw from bottom up

(l) Throw over head

(m) Turn around

(n) Walk

(o) Wave

Fig. 1.

Examples of images for the 15 actions present in the dataset.

interest (in this work, a person), the following pipeline is
applied:
1) correspondence finding: for every point of the target
point cloud, we select K nearest neighbors in the source
point cloud in terms of Euclidean distance in the XYZ
space; among the resulting points, we select the nearest
neighbor in terms of HSV coordinates. We preferred
HSV to RGB because it is more perceptually uniform. If
Nptarget is the set of K nearest neighbors in the source
i
point cloud to the point pi in the target point cloud, then
target
pi
is said to match with

source
p∗
=
argmin
dHSV ptarget
, psource
,
i
i
psource
∈Nptarget
i
i

(1)
where dHSV is the distance operator in the HSV space.
The number of neighbors K is a function of the point
cloud density. In this work, we filter the point clouds to
have a voxel size of 0.02m and we set K to 50.
2) outlier rejection by means of reciprocal correspondences: this method consists in estimating correspondences from target to source and from source to target.
Then, points which match in both directions are kept.
3) computation of 3D velocity vectors vi for every match
i as spatial displacement over temporal displacement of
corresponding 3D points pi from target and source:


vi = ptarget
− psource
/ ttarget
− tsource
(2)
i
i
i
i
4) unlike in [2], we perform an additional outlier rejection: points with 3D velocity magnitude kvi k below a

threshold are discarded. Isolated moving points (not near
to other moving points) are also deleted. In particular,
points moving faster than 0.3 m/s are retained and a
moving point is considered to be isolated if none of its
neighbors moves faster than 0.75 m/s.
The reciprocal correspondence technique for outlier rejection
can be considered as a 3D extension of the Template Inverse
Matching method [16], which has been widely used to estimate
the goodness of 2D optical flow estimation. The constraints
we apply on the flow magnitude and on the proximity to other
moving points are thought to remove spurious estimates which
can be generated from the noise inherent in the depth values.
In this work, we segment persons point clouds from the rest
of the scene by means of the people detection and tracking
method for RGB-D data described in [19] and then we apply
the flow estimation algorithm to the detected persons clusters.
In Fig. 2, we report two consecutive RGB frames of a
person performing the Check Watch action. Green arrows
show magnitude and direction of the estimated flow when
reprojected to the image. It can be noticed how outlier rejection
manages to remove the most of the noisy measurements, while
preserving the real motion at the right arm position.
IV. F EATURE D ESCRIPTORS
In this section, we describe the frame-wise and sequencewise descriptors we extract for describing actions.
A. SUMFLOW
In order to compute a descriptor accounting for direction
and magnitude of motion of every body part, we center a

(a) Before

(b) After

Fig. 2. Example of 3D flow estimation results reprojected to the image (ab) for action Check watch. Flow is visualized as green arrows in the image,
before (a) and after (b) outlier removal.

3D grid of suitable dimensions around a person point cloud.
This grid divides the space around the person into a number
of cubes. In Fig. 3, a person point cloud is reported, together
with the 3D grid which divides its points into different clusters
represented with different colors. The size of the grid is
proportional to the person’s height in order to contain the
whole limbs motion and to make the flow descriptor personindependent.

quaternion). On these data, we perform two kinds of normalization: the former scales the joints positions in order to report
the skeleton to a standard height, thus achieving invariance
to people height, the latter makes every feature to have zero
mean and unit variance. Starting from the normalized data, we
extracted three kinds of descriptors: a first skeleton descriptor
(dP ) is made of the set of joints positions concatenated one
to each other; for the second one (dO ), normalized joints
orientations are gathered. Finally, we tested also a descriptor
(dT OT ) concatenating both position and orientation of each
normalized joint:
dP = [x1 y1 z1 . . . xN yN zN ] ,

(4)



1
2
3
4
dO = q11 q12 q13 q14 . . . qN
qN
qN
qN
,

(5)



N
dT OT = d1P d1O . . . dN
P dO .

(6)

C. Sequence Descriptor
Since an action actually represents a sequence of movements
over time, the use of multiple frames can provide more
discriminant information to the recognition task with respect
to approaches in which only a single-frame classification is
performed. For this reason, we compose a single descriptor
from every pre-segmented sequence of frames to be classified.
In particular, we select a fixed number of frames evenly spaced
in time from every sequence and we concatenate the singleframe descriptors to form a single sequence descriptor. Thanks
to this approach, we take into account the temporal order in
which the single frame descriptors occurs.
V. E XPERIMENTS

Fig. 3. Two different views of the computed 3D grid: 4 partitions along the
x, y and z axis are used.

For every cube of the grid, we extract flow information
from all the points inside the cube. Unlike [2], which exploits
the mean flow vector of every cube, we compute the sum of
the motion vectors of every cube. This choice is due to the
fact that the mean would amplify the noise contribution when
little motion is present. The resulting vectors for all the cubes
are concatenated into a single descriptor which is then L2normalized for making it invariant to the speed at which an
action is performed. We will refer to our descriptor as the
SUMFLOW descriptor. If this work, the grid is divided into
four parts in every dimension, thus the total number of cubes
sF
sF
is C = 64. If xsF
are the coordinates of the flow
i , yi , zi
sum vector for the i − th cube, the SUMFLOW descriptor can
be written as


sF sF
sF sF
dSU M F LOW = xsF
. . . xsF
.
(3)
1 y1 z1
C yC zC
B. Skeleton Descriptor
The skeleton information provided by the NITE middleware
consists of N = 15 joints from head to foot. Each joint is
described by position (a point in 3D space) and orientation (a

In this section, we report the human action recognition
experiments we performed by exploiting the descriptors presented in Sec. IV.
For segmenting people point clouds out from raw Kinect
data, we used the people detection and tracking algorithm
described in [19]. That method also performs a voxel grid
filtering of the whole point cloud in order to reduce the number
of points that should be handled. It is worth noting that a voxel
size of 0.06m proved to be ideal for people tracking purposes,
but it resulted to be insufficient for capturing local movements
of the human body useful in an action recognition context. For
this reason, we chose the voxel size to be of 0.02m.
A. Results
We first evaluated our 3D motion flow descriptor on the
action dataset used in [2]. That dataset contains six types of
human actions: getting up, pointing, sitting down, standing,
walking, waving. Each action is performed once by six different actors and recorded from the same point of view. Every
action is already segmented out into a video containing only
one action. Each of the segmented video samples spans from
about 1 to 7 seconds. Unfortunately, no skeleton information
is provided, thus the skeleton-based descriptors could not be
tested.

For assigning an action label to every test sequence, we
performed Nearest Neighbor classification with a leave-oneperson-out approach, that is we trained the actions classifiers
on the videos of all the persons except one and we tested
on the video containing the remaining person. Then, we
repeated this procedure for all the people and we computed
the mean of all the rounds for obtaining the mean recognition
accuracy. In Fig. 4(b), we report the confusion matrix obtained
on this dataset with our approach based on the SUMFLOW
descriptor when using 10 frames for composing the sequence
descriptor. The mean accuracy is 94.4% and the only errors
occur for recognizing the standing action, which is sometimes
confused with the getting up and sitting down actions. The
accuracy we obtained in this work is considerably higher
than what obtained in [2] (Fig. 4(a)), which was of 80.5%.
This improvement is due to: The outlier rejection performed
after the motion flow estimation, the use of the SUMFLOW
descriptor, which is less sensitive to noise than the one in
[2], and the choice of the frames which are concatenated to
compose the sequence descriptor. In fact, we select frames
evenly spaced within a sequence, while, in [2], the central
frames of every sequence were chosen, thus encoding only
the central part of an action.

(a) [2]
Fig. 4.

(b) This work

Confusion matrix obtained on the dataset presented in [2].

The single contributions of this paper have been also evaluated on the IAS-Lab Action Dataset. In Fig. 5, we show an
example of 3D flow estimation for some key frames of the
Throw from bottom up action. We adopted the same leaveone-person-out approach described above for computing the
recognition accuracy.
In Fig. 6, we report the mean recognition accuracy obtainable on the IAS-Lab Action Dataset when using the
SUMFLOW frame-wise descriptor and varying the number
of frames used for composing the sequence descriptor. It can
be noticed how the accuracy rapidly increases until 5 frames
per sequence and continues to considerably improve until 30
frames are used, reaching a recognition rate of 85.2%, which
can be considered as a very good score given that the people
used as test set were not present in the training set. In the
confusion matrices shown in Fig. 7, 30 frames have been
selected from every action sequence to compute the sequence
descriptors. It can be noticed how the SUMFLOW descriptor
(Fig. 7(c)) reaches the best recognition accuracy of 85.2%.

Fig. 6. Mean recognition accuracy obtained with the SUMFLOW descriptor
on the IAS-Lab Action Dataset when varying the number of frames used for
composing the sequence descriptor.

Most of errors occurred for the action Point and Wave, and in
particular actions with little motion are sometimes confused
with the Standing action. As a reference, Fig. 7(a) shows the
confusion matrix obtained with the descriptor in [2] and (b)
reports the results obtained with the SUMFLOW descriptor if
outlier rejection is not applied in the motion flow estimation
process. The clear drop in performance, of 27.2% and 3.3%
respectively, confirms the validity of the choices made in this
work. It is worth noting that, even if the Standing action is
not included in all the datasets we reported in Section II, it is
very important for the task of action detection: an algorithm
able to reliably distinguish this action from the rest could be
easily extended to detect actions from an online stream, rather
than needing pre-segmented sequences.
For what concerns the skeleton-based descriptors, the classification of the joints orientation and position descriptors
reaches, respectively, 55.9% and 76.7% accuracy, while the
combined use of joints angles and positions leads to a result
which is in the middle of the two, namely 66.9%. In Fig. 7(b),
the confusion matrix relative to the joints position descriptor
is reported. The most of errors obtained are due to the fact that
the Standing, Turn Around and Walk actions are featured by
very similar skeleton poses. These results prove that 3D local
motion is highly discriminative for the action recognition task
and can also lead to better results than those which can be
obtained by exploiting skeleton information. This is also due
to the fact that the noise intrinsic in a consumer depth camera
and some challenging human poses can make the skeleton to
be sometimes unreliably estimated.
It is worth noting that both the approaches we considered in
this work would obtain similar performances also in cluttered
environments or when the background is less clean than in the
IAS-Lab Action Dataset. The background, in fact, is removed
since only moving points of a person or its skeleton are
considered for computing a descriptor.
In terms of runtime performance, the skeleton description
is very fast to compute, because all the information is already
provided by the skeletal tracker algorithm. Instead, the overall

(a)
Fig. 5.

(b)

(c)

(d)

Example of 3D flow estimation for some key frames of the Throw from bottom up action of the IAS-Lab Action Dataset.

(a) Descriptor in [2]

(b) SUMFLOW without outlier rejection

(c) SUMFLOW

(d) Skeleton joints position descriptor dP

Fig. 7. Confusion matrix obtained on the IAS-Lab Action Dataset with the descriptor in [2], our SUMFLOW descriptor (b) without and (c) with outlier
rejection and (d) the skeleton-based descriptor.

runtime of the 3D motion-based classification approach is of
about 0.25s, meaning a framerate of 4 frames per second on a
notebook with an Intel i7-620M 2.67Ghz processor and 4GB
of RAM, which suggests that an optimized version of this
algorithm could be executed onboard of robots with limited
computational resources. The most demanding operation is the
matching between the previous and current point clouds, that
is the search for correspondences.
VI. C ONCLUSIONS
In this paper, we presented a novel method for real-time
estimation of 3D motion flow from colored point clouds
and a complete system for human action recognition which
exploits this motion information. Moreover, we compared this
method with an action recognition technique which classify the
skeleton information on a newly created dataset with a high
number of people performing the actions and providing both
RGB-D data and skeleton pose for every frame. The tested
3D flow technique reported very good results in classifying
all the actions of the dataset, reaching 85.2% of accuracy and
outperforming of 8.5% the skeleton-based method.
As future works, on one hand we plan to extend our 3D
flow-based action recognition approach in order to make it
work from a mobile robot in conjunction with our people
tracking and re-identification system. On the other hand we
schedule to test histogram-based descriptors for encoding 3D
motion information inside each grid partition.
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