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ABSTRACT

This paper analyzes with a new perspective the recent state
of-the-art on gesture recognition approaches that exploit both
RGB and depth data (RGB-D images). The most relevant pa-
pers have been analyzed to point out which features and clas-
sifiers best work with depth data, if these fundamentals are
specifically designed to process RGB-D images and, above
all, how depth information can improve gesture recognition
beyond the limit of standard approaches based on solely color
images. Papers have been deeply reviewed finding the rela-
tion between gesture complexity and features/methodologies
suitability. Different types of gestures are discussed, focus-
ing attention on the kind of datasets (public or private) used
to compare results, in order to understand weather they pro-
vide a good representation of actual challenging problems,
such as: gesture segmentation, idle gesture recognition, and
length gesture invariance. Finally the paper discusses on the
current open problems and highlights the future directions of
research in the field of processing of RGB-D data for gesture
recognition.

1. INTRODUCTION

A gesture is defined as a form of non-verbal communication
in which visible bodily actions communicate particular mes-
sages, either in place of, or in conjunction with speech. A
gesture can include movements of hands, face, or other parts
of the body. Gestures are the oldest means of human commu-
nication. Nowadays gestures are still important as people use
them also in an unconscious way in everyday life, but they
can be essential in many situations which involve communi-
cations in hazardous contexts. From the scientific point of
view, gestures are used and then analyzed in several domains
such as sign language recognition, vision-based augmented
reality, smart surveillance, virtual environments, and human-
computer interaction.

Different definitions of the term gesture have been pro-
vided in literature and sometimes this term has been inter-
changeably used as a synonym of the term action. In this
paper, the definition provided in [64] has been used: a ges-
ture is a physical movement or posture of hands, arms, face

or body, made with the intent of conveying meaningful infor-
mation. We point out the distinction between gestures, which
are intentional movements of the body, and actions which are
unconscious elementary movements of the body and can be
used to understand human daily activities such as running,
walking, skating, jumping, or, in home environment, go to
bed, get up, eat meal, drink water, sit down, stand up, take off
the jacket and put on the jacket and many others. According
with this definition of gesture, in this review we consider and
classify the papers that propose algorithms for gesture/action
recognition where the gesture or action terms meet our defi-
nition of intentional movement or body posture for communi-
cation.

Gestures can be static, when the user assumes a certain
pose or configuration, or dynamic with a pre-stroke, stroke
and post-stroke phase, as pointed out in [61]. Some gestures
also have both static and dynamic elements, as in sign lan-
guage applications. The automatic recognition requires in the
first case the characterization of the spatial disposition of the
body parts performing the gesture, whereas in the second case
it requires the observation of the sequence of movements gen-
erated by the human body.

Many good reviews on action recognition approaches
summarized the researches carried out for the recognition of
human movements such as walking, jumping, running, and
so on [99, 78]. Gesture recognition surveys have also been
published [64, 61, 34], giving particular emphasis on hand
gestures and facial expressions by the analysis of images
acquired by conventional RGB cameras. Although intensity
images contain rich information, they are very sensitive to
lighting conditions, different point of views, camera resolu-
tions, and cluttered backgrounds. As a consequence, tasks
such as people segmentation, motion detection, or interest
point detection can be affected by these factors and per-
form well only in very specific and limited situations. The
recent introduction of low cost depth sensors, such as the
widespread Microsoft Kinect sensor [33], allowed the de-
velopment of new gesture recognition approaches. Depth
images provide a 3D model of the scene which can be easily
used to simplify many tasks such as people segmentation and
tracking, body part recognition, motion estimation and so on.
Recent reviews on human activity recognition and motion



analysis from 3D data have been published in [2, 15, 110].
Human activities are characterized by sequences of atomic
actions, by person-object interactions and by person-person
interaction or group activities. A 3D gesture recognition sur-
vey, published in [91] provides recent trends on the general
issues of sensing, recognition, and experimentation.

In this paper, we will review the literature which uses
depth information for gesture recognition approaches from
a different perspective. We will focus our attention on the
main problems related to the application of gesture recogni-
tion approaches in real contexts: the identification of the be-
ginning/ending parts of a gesture; the invariance to gesture
length; the normalization with respect to different speeds dur-
ing gesture executions. We will give particular attention to
the most recent literature on gesture recognition which sees
a number of publications on approaches based on depth data
extracted by RGB-D sensors. The aim of this review is to
highlight the main advantages of using depth data as addi-
tional information to traditional RGB data and to point out
both technological and methodological limits which prevent
real application of these approaches to commercial interfaces.

The rest of this review is organized as follows. Section
2 reviews the types of gestures and public datasets that have
been used in literature. Then, the challenging problems re-
lated to the development of an automatic gesture recognition
system will be considered. In particular, Section 3 describes
the RGB-D features that better and distinctively characterize a
specific movement or posture, setting them apart from similar
items. In Section 4, Gesture Recognition is seen as a classi-
fication problem in which examples of gestures are used into
supervised learning schemes (such as SVM or NN) to model
the gestures and to address the recognition problem as a class
association problem. In Section 5, the temporal Segmentation
of dynamic gestures is approached as the task of determining,
in a video sequence, the starting and ending frames of each
gesture execution. Finally, after a discussion about the gen-
eral topic of gesture recognition, Section 6 provides insights
into open problems and future research directions. Section 7
reports final conclusions and remarks.

2. TYPES OF GESTURES AND DATASETS

According to the definition of gestures as intentional
movements or posture with the intent to communicate a se-
mantic message, different parts of the body can be involved in
the communication. Intentional gestures can be executed by
movements of hands, arms, head, torso, and full body. Static
gestures are characterized only by postures or shapes of the
involved body parts. For example, hand gestures can be char-
acterized by the positions or orientations of the fingers (see
figure 1). Similarly body gestures can be characterized by the
relative positions of hands and legs with respect to the torso.
Dynamic gestures are instead characterized by a movement
which includes a starting and ending pose of the involved

Fig. 1. Static hand gestures from the American Sign Lan-
guage (ASL) contained in the database that has been acquired
for the experimental results in [21].

Fig. 2. Examples of command gestures executed by the whole
body and provided by the database in [39].

body parts (see the first and last frames of the gestures in
figure 2).

The recent literature on gesture recognition proves the
large interest in the use of public datasets as this allows the
scientific community to compare different approaches. Table
1 summarizes the most used datasets. Some action recog-
nition datasets are also cited in the Table as they contain,
among the others, some actions which can be considered ges-
tures such as hand waving, hand clapping, boxing, and so on.
For this reason, in this review, some action recognition ap-
proaches will be also discussed as they can be applied to ges-
ture recognition systems.

The gesture datasets consists of well segmented ges-
tures, where each clip contains a different gesture or al least
more repetitions of the same gesture performed by the same
subject. One of the most active group in the publication



Table 1. An overview of the action/gesture datasets used in the literature.
Dataset name Capture Device Cardinality Gesture type

MSRC-12 Kinect Gesture [27] Kinect 12 gestures Whole body
performed by 30 subjects 30Hz

(Dynamic)
MSRGesture3D [62] Kinect 12 gestures Hand

performed by 10 subjects (Dynamic)
2-3 times

MSRDailyActivity3D [62] Kinect 16 activities Whole body
performed by 10 subjects (Dynamic)

2 times
MSRAction3D [54] Kinect 20 action types Whole body

performed by 10 subjects (Dynamic)
2-3 times

MSRAction Pairs [62] Kinect Pairs of similar actions Whole body
selcted among MSR 3D datasets (Dynamic)

Chalearn gesture dataset Kinect 50000 Whole body
(CGD2011) [1] performed by a single user (Dynamic)

in front a fixed camera
Chalearn Multimodal Kinect 7754 training gestures Whole body

gesture recognition [26] 3362 validation gestures (Dynamic)
2742 test gestures

Northwestern-UCLA 3 Kinect cameras 10 action categories Whole body
Multiview Action 3D dataset [96] performed by 10 subjects (Dynamic)

Multiple viewpoints
NTU Hand gesture Kinect 10 gestures Hand

recognition dataset [80] performed by 10 subjects (Static)
Sheffield Kinect Gesture dataset Kinect 2160 gestures Hand

(SKIG) [57] performed by 6 subjects (Dynamic)
10 categories of gestures

3 different backgrounds 3 poses 2 illumination setups
Australian Sign Language dataset [45] Nintendo PowerGlove 95 signs Hand

6650 sign samples (Static)
MHAD dataset [69] Stereo, Kinect, 11 actions performed by 12 subjects whole body

accellerometers, microphones 5 repetitions (Dynamic)

of action/gesture dataset is the Microsoft Research thanks
to the recent development and commercialization of their
own 3D sensors (see the Microsoft Kinect and the Microsoft
Kinect One). In [62] they propose different gesture and action
datasets which contain both hand and body gestures/actions
extracted also from daily activities. The MSRC-12 dataset
[27] consists of sequences of gestures performed by 30 peo-
ple and captured at a sample rate of 30 Hz. These gestures are
categorized into two categories: iconic and metaphoric ges-
tures. The iconic gestures directly correspond to real world
actions, whereas the metaphoric ones represent abstract con-
cepts. The Action 3D (MSR3D) dataset proposed by Li et
al. [54] contains both depth maps and skeletal joint loca-
tions. It consists of depth map sequences with a resolution
of 320 × 240 pixels recorded by using a depth sensor at 15
Hz. Twenty actions are performed by ten subjects two to
three times for a total of 567 depth map sequences. Many
of the actions provided by these Microsoft datasets meet our
definition of gestures, while others can be considered as part
of daily activities: high arm wave, horizontal arm wave, ham-
mer, catch, tennis swing, forward punch, high throw, draw
X, draw tick, tennis serve, draw circle, hand clap, two hand
wave, side boxing, golf swing, side boxing bend, forward

kick, side kick, jogging, and pick up and throw.

The ChaLearn challenge [14] provides a set of datasets
for gesture and sign language recognition from video, mostly
focusing on hand and arm gestures. The recent dataset intro-
duced in [26] consists of M = 20 Italian cultural or anthropo-
logical signs, recorded by a Kinect sensor. These data include
multiple modalities: RGB, depth maps, skeleton models,
and audio. The dataset contains three parts: training (7754
gestures), validation (3362 gestures), and test data (2742 ges-
tures). The Northwestern-UCLA Multiview 3D event dataset
[96] contains RGB, depth and human skeleton data captured
simultaneously by three Kinect cameras. This dataset in-
cludes 10 action categories: pick up with one hand, pick up
with two hands, drop trash, walk around, sit down, stand up,
donning, doffing, throw, and carry. Each action is performed
by 10 actors. This dataset contains data taken from a variety
of viewpoints.

In order to provide researchers with an inclusive testbed
to develop and to benchmark new algorithms across multi-
ple modalities under known capture conditions in various re-
search domains, a new multimodal dataset has been intro-
duced. The Berkeley Multimodal Human Action Database
(MHAD) [69] consists of temporally synchronized and ge-



ometrically calibrated data acquired with an optical motion
capture system, multibaseline stereo cameras from multiple
views, depth sensors, accelerometers and microphones.

A data set of the Australian Sign Language (ASL) is avail-
able in [45]. The source of the data is the raw measurement
from a Nintendo PowerGlove. It contains 95 different gesture
classes and 6650 gesture samples. Although this dataset is
not obtained with depth cameras, it returns 3D points of the
hand surface which can be considered an extension of depth
images of the hands performing the gestures.

All the considered datasets contain dynamic gestures as
indicated in the last column of the table 1, except the one in
[80] which used the Kinect ability to segment hands and col-
lect the ten digit hand gestures executed by ten persons for 10
repetitions, and the dataset in [45], which contains 3D coor-
dinates of hand postures performed by 5 different persons.

3. FEATURE EXTRACTION

Selecting features is crucial for gesture recognition, since
body gestures are very rich in shape and motion variations.
According to [111], in the context of gesture recognition, the
methods can be classified into two main categories: Depth-
Map Based methods and Skeleton Based Methods. The for-
mer ones are primarily based on features extracted directly
from the space volume. The latter ones, instead, use fea-
tures such as angles, coordinates, and other combinations,
extracted by skeletons which synthetically represent the hu-
man silhouette. In the past, skeletons were already used by
the computer vision community [11], even if their extraction
based on morphological operation was computationally ex-
pensive and often not effective due to the errors in the silhou-
ette segmentation of conventional cameras. In the last years,
thanks to the advent of low cost RGB-D sensors, skeleton-
based approaches became very popular. The software frame-
works, diffused together with the depth sensors, provide the
3D positions of human skeleton joints in real time, solving at
the same time many problems of people segmentation from
RGB images, such as the presence of shadows, light reflec-
tion, similarity of colors between foreground and background
objects which can greatly compromise the people silhouette
segmentation. However, these skeleton extraction procedures
work well when people are well separated from background
and assume postures such that the arts are clearly visible and
separated from the torso. If this is not the case, they can in-
troduce different errors for wrong skeleton joints detections
or noise in the features extraction.

3.1. Depth-Map Based Features

Depth Data Processing (DDP) provides a rich informative
description of the scene, especially if compared to the analy-
sis of a bi-dimensional image because it adds the knowledge

of the third coordinate z to the well known (x, y) frame repre-
sentation. Many applications exploit this information in order
to:

• extract the part of the body which is interested in the
gesture execution;

• extract three-dimensional shapes based on pose evalua-
tion and use these shapes to match predefined models;

• recognize the gesture without processing the full pose,
but applying machine learning techniques to some fea-
tures extracted from the depth information.

Stereo cameras have been used to generate depth silhouettes
that improve the binary model of standard silhouettes by fill-
ing the pixels with range information ([63]). In this way depth
silhouettes are able to register complex poses without track-
ing feature points. Also Range cameras have been considered
to fuse depth and intensity information producing 3D point
clouds ([36]). The intensity images are used to select a Re-
gion Of Interest (ROI) for motion detection in the range data.
The point clouds are therefore represented using shape con-
text descriptors such as spherical histograms. View invari-
ant gesture recognition is assured by representing gestures as
sequences of 3D motion primitives. Also three-dimensional
shape descriptors extracted by ToF Cameras can be used to
represent hands in 3D views and to guarantee invariant scale
and rotation matchings ([89]).

The recent progress in depth sensors has generated a new
level of excitement in gesture recognition. With the depth
information, automatic tracking systems which provide 3D
shape and silhouette of people and body parts ([94]), have
been developed. Sequences of depth maps can be used to
build spatio temporal representations in a four dimensional
space which can be partitioned in space-time cells for action
interpretation, as shown in figure 3 ([5, 95]). In the case of
hand gestures, depth data can be used to extract the hand re-
gion as the area of the body closer to the camera ([37, 103, 81,
55]) and use the geometric size to identify the wrist area and
remove the points that lie beyond it ([50]). The knowledge
of the depth allows also some normalization steps performing
scale and rotation transformations to have view invariance.
Depth data and derived curvature features can be used to di-
vide the hand regions in different parts (fingers, palms and
wrists) and extract a set of feature descriptors which char-
acterize the shape and the pose of the hand gesture ([21]).
Depth data allow an initial segmentation to extract SIFT fea-
tures that can be hierarchically quantized in a vocabulary tree
to recognize the hands performing different gestures such as
drawing the numbers from ”one” to ”ten” in [32]. Also, the
use of synthetic 3D hand model has been evaluated to per-
form pixel classification and assign each pixel to a hand part,
such that each skeleton joint is at the center of one of the la-
belled parts ([47]). 3D point clouds which contain points in



the 3D real-world coordinate system are used in [87] to rep-
resent the external surface of human body. A robust feature,
the Body Surface Context (BSC), is generated by describing
the distribution of relative locations of the neighbors for a ref-
erence point in the point cloud in a compact and descriptive
way. Finally, multi camera systems are able to solve occlu-
sion problems which reduce the recognition performances of
single camera approaches ([6]); salient points on the fingers
can be used to estimate the hand pose in challenging situa-
tions containing hands and objects in action.

3.2. Depth-Color Features
Joining color and depth data in more complex representa-

tions can certainly boost the discriminating capabilities of the
features.

Although there exist some works using Spatio-Temporal
Interest Point (STIP) features for depth-based action recog-
nition, only very limited types of STIP features have been
investigated. STIP detectors can be applied separately on
RGB and depth volumes to define descriptors which are
concatenated to model sets of gestures [35],[56], or can be
applied only on RGB channels and then combined with depth
map based descriptors [114]. Features that contain both depth
and color in a compact representation are also explored. In
[112], 4D spatiotemporal cuboids are represented with a
feature descriptor of intensity and depth gradients. STIPs
from depth videos (DSTIPs) are defined in [105] to describe
local 3D depth cuboids using a Depth Cuboid Similarity Fea-
ture (DCSF). STIP detectors are extended in Depth Layered
Multi-channel STIPs in [68]. Also Motion History Images
(MHI) can be generalized to include depth changing direc-
tions in a combined feature representation as 3D-MHIs [68].
Nevertheless, the application of interest point detectors to
depth data with the actual sensor resolutions has still big
limitations. In [115] a comprehensive evaluation of STIP
features for action recognition in 3D has proved that noisy
depth data and background greatly influence interest point
detection which may not perform well in situations without
enough motion.

The concept of superpixel, as aggregation of adjacent
points of an image that hold a common property, is extended
to incorporate both color texture and depth map in a new
representation for hand gesture recognition in [93]. Uniform
pixels for color, depth and closeness are aggregated by a clus-
tering algorithm to generate equally sized superpixels which
retain in a compact way as much information as possible.

3.3. Skeleton-based Features
The study of skeleton-based gesture dates back to the

early work by Johansson [44], which demonstrates that a
large set of gestures and actions can be recognized solely
from the joint positions [111]. This concept has been ex-
tensively explored since then. In contrast to the depth map-
based methods, the majority of the skeleton-based methods

Fig. 3. Space time cells of a depth sequence in [5].

model temporal dynamics explicitly. This is because, the
natural correspondence of skeleton joints is known across
time, while lower level depth features can be hard to match
between frames or could disappear entirely from frame to
frame. For this reason in the past, many researchers tried to
create a 3D Human Model in order to detect some informa-
tion about joints. In [52], the authors built a 3D articulated
human body model which consists of 17 body segments. A
linear combination of 2D depth image and 3D human model
prototypes was used to reconstruct the 3D human body. The
features used to recognize the gestures were the three angle
values of selected body points located at joints of left wrist,
left elbow, left shoulder, etc. However, the extraction of hu-
man skeleton from 2D or 3D images is a complex task that
requires many computational resources and strictly depends
on the noise in the images. With the recent distribution of
Microsoft Kinect sensors on the market, skeleton based ap-
proaches have become much more popular [113]. Together
with the sensors, some software platforms are available that
detect and track one or more persons in the scene and extract
the corresponding human skeleton in real-time. In particu-
lar, several platforms have been largely utilized such as the
official SDK for Kinect [98], and others open source such as
OpenNI [72], Libfreenect [73] or ViiM-SDK [19]. The direct
availability of real-time information about joint coordinates
and orientations has provided a great impetus to research
and many papers have been published in the last years. In
this review we have grouped the approaches according to the
extracted features: coordinates, angles and quaternions of
skeleton joints.

Position features Joint coordinates are immediately
available by the Kinect software platforms and in many kind
of gestures are discriminant enough to guarantee recognition.
Coordinates are generally provided with respect to the camera
reference system, therefore, they depend on different factors
such as: person’s height, arm length, distance and orientation
of the gesturer with respect to the camera (see figure 4) [31].
Each of these factors may impact the gesture model in a dif-
ferent way, requiring normalization steps to handle variations
in different gesture executions. The number of total skeleton
joints varies from 15 to 20 to represent the whole human
body, according to the selected platform. However, the num-
ber of joints necessary to characterize the gestures depends



on the gesture difficulty, the involved parts of the body and
the similarities among the considered gestures.

In [7], seven upper body joints out of the total 20 pro-
vided by the Kinect are kept to recognize 8 aircraft gestures
used by the military air force. Each coordinate is normal-
ized with respect to its maximum and minimum values. In
[75], all the 20 joints are considered to recognize three sim-
ple body gestures and a Z-score normalization is applied to
deal with parameters of different units and scales of body-
joint positions. A sequence of coordinates of the person’s
right hand is stored in [9], to recognize a set of six gestures,
that appear in interaction with waiters (such as ask for a bill,
cancelling an order, and so on). A simple geometric trans-
formation is applied in [83] to the hand coordinates to set the
reference system centered on the human torso, instead of the
default sensor-centered reference frame. This transformation
provides invariance to the starting point of a physical gesture.
In other words, the user can perform the hand gestures (push,
grasp and tap) at any distance or angle from the sensors, and
these gestures are always measured with regards to his torso
position. Also in [51, 70], only few joints (hand and elbow)
are considered significant for the hand gesture recognition. In
each frame, the 3D distances of these joints from the spine
joint, which serves as a reference point, are computed to be
invariant to the user’s height and camera distances. A mix-
ture of joint coordinates and angles is used in [31], to rec-
ognize eight different gestures which are characterized by ei-
ther static poses or dynamic variations of joint positions. In
[82] the neck joint of the skeletal model is employed as the
origin of coordinates (OC). The remaining joints coordinates
are computed with respect to the OC. This transformation al-
lows to relate pose models that are at different depths, being
invariant to translation, scale, and tolerant to physical differ-
ences of subjects. In a similar way, in [12], the feature vectors
are firstly normalized with respect to the distance between the
left and the right shoulders to account for the variations due to
people different sizes. Then, a second normalization subtracts
the shoulder center from all the elements to account for cases
where the user is not in the center of the depth image. How-
ever, the joints position data is considered unstable especially
for tasks that require a precise localization of the body parts.
In [25] a Kalman Filter is applied to sequences of joint co-
ordinates to estimate the hand position, since the application
requires a precise localization of hand movement in a human
manipulation interface for robot teleoperation. In [85], in or-
der to make the skeletons scale invariant, the hip center joint
is first placed at the origin of the coordinate system. Then,
a skeleton template is taken as a reference and all the other
skeletons are normalized such that their body part lengths are
equal to the corresponding lengths of the reference skeleton.

A hierarchial dynamic framework is proposed in [100]
that first extracts high level skeletal joints features and then
uses the learned representation for estimating emission prob-
ability to infer action sequences. The proposed learning ap-

Fig. 4. Different sizes and proportions of detected skeletons
build of body joints of different participants in the experiment
in [31].

Fig. 5. A spherical coordinate system centered at the Left
Shoulder (LS) used in [79] to represent the Left Elbow (LE)
with a radius R, inclination θ and azimuth ϕ angles.

proach, in which all the knowledge in the model comes from
the data, avoid sophisticated pre-processing or dimensionality
reduction of all the possible input features.

Orientation features Angular information between joint
vectors have the great advantage of maximizing the invariance
of the skeletal representation with respect to the camera po-
sition and of reducing the dimensionality of the search space
while retaining the character of the motion.

Angles between specific pairs of direction vectors, are
computed to obtain the corresponding joint angles in [3, 59,
41, 42]. For instance, the direction vector of the lower arm is
calculated between elbow and wrist position, while the direc-
tion vector of the higher arm is calculated between shoulder
and elbow position.

In [79], a novel angular skeleton representation is used to
map the skeleton motion data into a smaller set of features
(see figure 5 for details). The aim is to reduce the overall
entropy of the signal, to remove the dependence on camera
position and to avoid unstable parameter configurations. The
approach is to fit the full torso with a single rigid frame of ref-
erence, and to use this frame to represent the remainder of the
human skeleton in a relative manner. The same representa-



tion is used in [58] to recognize key poses which characterize
different gestures. The set of joint angles of [79] represented
only by the inclination and azimuth terms are transformed in
[71] in high order features. The time series data is converted
into a distance matrix of joint angle similarities between each
of the angles along the entire action time series. Different
distance measures are applied and these new feature repre-
sentations are shown to outperform the initial feature set.

The Euler angles have been largely used to describe the
orientation of a rigid body in a 3-dimensional Euclidean
space. The Kinect software platforms provide directly the
yaw, pitch and roll angles of all joints of the skeleton except
the ending ones. In some papers these angles are directly used
to describe the 3D rotation over the principal axes as in [29].
In [30], experiments demonstrate that yaw and roll angles of
the left elbow and yaw and pitch angles of the left shoulder
are sufficient to recognize five different gestures executed
with one arm.

Another way to model orientation information is by
means of unit quaternions which represent a system of num-
bers that extends the complex numbers. The quaternion is
described in a four-dimensional vector space and is denoted
by q = a + bi + cj + dk, where a, b, c, d are real numbers
and i, j, k are imaginary units. The quaternion q represents an
easy way to code any 3D rotation expressed as a combination
of a rotation angle and a rotation axis. Compared to 3-by-3
rotational matrices, quaternions are also more compact as
only 4 storage units, instead of 9, are required. These prop-
erties of quaternions make their use favorable for describing
rotations compressed without loss.

In [84] the quaternion of all joints, provided by the Kinect
software platform, are used to recognize 6 different actions
which reasonably cover the various movements of arms, legs,
torso and their combinations. When the gesture movement
involves only some parts of the body, different selections can
be done ([90]). In [23] the quaternions of the shoulder and el-
bow right nodes are employed as they allow the recognition of
10 gestures executed with one arm. The quaternions provided
by the Kinect software platforms are generally represented in
the sensor reference system. Therefore, the user position with
respect to the sensor can greatly affect the gesture recogni-
tion. In order to resolve this dependency, the methods have
to be view-invariant. One possible solution is the one pro-
posed in [88]. The torso joint is taken as the origin of the
reference system and the X-axis is defined as the line from
the left hip to the right hip, the Y-axis as the average of the
left and right leg lines and the Z-axis as the one perpendicular
to the plane determined by the X and Y axes. The relative
orientation of each joint is calculated by abstracting the torso
orientation in the starting frame using: Qnew = Qold ∗Q

′

torso

in which Q
′

is the conjugate of Q. After this step, the quater-
nions are all reported in the new coordinate system. Similarly,
in [77], the invariance of the quaternions with respect to the
position and orientation of the gesturer is guaranteed by a dy-

Fig. 6. Translation and rotation of the coordinate system. The
origin of the coordinate system utilized is translated to the
neck of the gesturer (xN , yN , zN ) and rotated in accordance
with the rotation of the shoulder (aligning X ′ with shoulder
orientation), by an angle θ in [77].

namic transformation of the coordinate system. In particular,
the coordinate axes are rotated with respect to Y ′ to match the
orientation of X ′ with the shoulder orientation (see figure 6
for details).

3.4. Multimodal features
A concluding remarks should be done on the recent use

of features coming from different modalities such as color,
depth, skeleton, or audio features [108, 76].

In [101], audio and skeleton joints are used to demonstrate
that complementary information between two modalities im-
proves the recognition rate on a public dataset of 20 signs
[26]. In the approaches presented in [102, 38], skeleton joint
information, depth and RGB images, are the multimodal input
observations. In [102] instead of engineering features which
improve performance on the specific gesture dataset, a learn-
ing phase of the most significant features in each modality
is proposed followed by a gradual fusion of modalities from
the strongest to weakest cross-modality structure. The results
show that skeleton features are very good for segmentation
but make more mistakes during recognition, on the other hand
RGB-D features allow for reliable recognition but are not as
good for segmentation. Then, they demonstrate that multiple-
channel fusions in combination with the temporal modelling
outperform individual modules. In [38], for each type of vi-
sual source several consecutive frames are considered and, af-
ter a preprocessing step based on multiple stages of convolu-
tion and sub-sampling, spatial-temporal features are extracted
to capture motion information by all the channels. In [66],
data modalities include intensity and depth video, as well as
articulated pose information extracted from depth maps. Dif-
ferent data channels are used to decompose each gesture at
multiple scales to provide context for upper-body body mo-
tion and more fine-grained hand/finger articulation.

4. CLASSIFICATION METHODS

After the feature extraction step during which features rel-
evant for the gesture typology are selected, another important



step has to be carried out: the model generation for the ges-
ture recognition task. This problem is largely considered as
a supervised classification process, supposing that a human
expert determines the number of classes and provides the sets
of samples that belong to the known classes. During a train-
ing phase, the sets of samples are used to generate the gesture
models which can thereafter be applied during the actual tests
for the recognition phase. Different methods can be used to
generate gesture models.

Hidden Markov Models (HMM) Hidden Markov Mod-
els are statistical models, especially known for their appli-
cation in temporal pattern recognition, in which the systems
being modelled are assumed to be Markov processes with un-
observed (hidden) states. They are a very common choice for
gesture recognition as they model sequential data over time
[30, 106, 74, 43, 103, 97, 86]. HMMs are characterized by
the following components λ = {π,A,B,N,M}: N is the
number of states in the model, M is the number of distinct
observation symbols per state, π is the initial state distribu-
tion, A is the observation symbol probability distribution and
B is the state transition probability distribution. The major-
ity of the methods uses a single N-states HMM for each ges-
ture. The choice of the number of states N depends on the
complexity of the process to be modelled: a high number of
states could generate a model that is too specific; on the other
side with a small number of states there is the possibility of
having indistinguishable gestures. No general rule exists in
literature to solve this problem. A proper tradeoff is generally
found by experiments: a number of states between 5 and 8 has
been demonstrated to be effective. Fully connected HMMs
or partially connected topologies can be selected. Fully con-
nected HMMs (Ergodic model) can model a wider range of
processes taking advantage of an higher number of parame-
ters, while partially connected ones are simpler and require a
lighter computational load. Among the partially connected
models, the Left Right ones are the most used for gesture
recognition as any state can only iterate over itself or to the
next state, thus representing a chain that is processed from
one side to the other [10, 28, 106].

In the training phase for each HMM a set of sequences
of feature observations O is provided and the Baum-Welch or
Viterbi algorithms [104] are usually used to found the opti-
mum model parameter vector λ that maximizes P (O|λ). The
probability distribution of observation symbols can be dis-
crete or continuous. Most of the works which apply HMMs
uses discrete symbols of observations. Therefore the features
which characterize the gesture observations are quantized by
using different quantization schemes. In [30] a K-means clus-
tering is used to convert the feature vectors (joint angles) into
the observable symbols for HMMs. The orientation of the
hand centroid point projection in the image plane is trans-
formed, in [106, 107], in a chain code from 1 to 8 by dividing
the coordinate system into eight equal portions. The obser-
vations provided to the HMM are the orientation chain codes

of each observed gesture. A similar approach is used in [97]
with a uniform quantization of the orientations in 12 sectors
(every π/6 a direction is quantified). In the case of continu-
ous observations, instead, P (O|λ) is commonly represented
as a Gaussian or mixture of M Guassians [67]. The skeleton
coordinates are transformed in [86] into feature sequences by
considering the features as observations of Gaussian distri-
butions. Therefore, the parameters of the GMM can be esti-
mated using the Expectation Maximization algorithm.

After the HMM training phase, given a sequence of obser-
vations O, the argmax{P (O|λ)} is computed to determine
the corresponding gesture. This problem is known as the
observation evaluation problem and can be solved using the
Forward-Backward procedure [104]. Many approaches use a
threshold method to discern whether a non gestural movement
belong to a gesture even if it provides always a maximum.
When a threshold method is insufficient, the authors of [43]
propose an additional HMM, trained to provide an adaptive
threshold, to discriminate between gestures and non-gestures.

Cascade of more HMMs can be used to make a more ro-
bust estimation of gestures in a coarse-to-fine approach. In
[74] two HMMs are used to calculate the hand pointing di-
rection. The first stage of HMMs takes the estimated hand
position and maps it to a more accurate position by modelling
the kinematic characteristics of the pointing finger. The re-
sulting 3D coordinates are used as input for the second stage
of HMMs that discriminates pointing gestures among the oth-
ers. Finally, the pointing direction is estimated for the point-
ing state. In order to assign the observation to the HMM, the
surface of the hemisphere in which the pointing gesture is per-
formed, is divided into patches of 20◦ from left-to-right and
top-to-bottom.

Similar to HMM, action graphs are another statistical ap-
proach based on a set of action classes, a set of key postures,
an observation likelihood model, and a transition probability
matrix between key postures for any given action class. Com-
pared to HMM, action graphs have the advantage that require
less training data and allow different actions to share the states
[50]. In [5], the training procedure for an action graph con-
sists of learning both the key poses and the transition matrix
(see figure 10). The key poses, obtained by a K-means classi-
fication, are the nodes of the action graph, while the P (j | i)
is the transition probability evaluated as the ratio between the
number of transitions from key pose i to key pose j in the
training data over the number of repetitions of the state i in
the training set.

Support Vector Machine (SVM) Support Vector Ma-
chines are well known discriminative classifiers largely used
to recognize patterns formally defined by a separating hyper-
plane. In other words, given labelled training data (as the
result of a supervised learning), the algorithm outputs an op-
timal hyperplane which categorizes new examples.

Generally multiclass SVM approaches are used for ges-
ture recognition tasks [7, 8, 58, 42, 95, 90], as they reduce



Fig. 7. Example of an action graph where two distinct actions
are modelled with the same set of salient postures in [5]. The
different graphs are identified by the transitions in solid and
dotted lines.States V1,V4 and V6 are shared by the two actions,
and each action is defined by more than one path and the loop
in some states indicates the probability that the duration of
a posture has varied between different performances of the
same action.

the classification problem into multiple binary classifications
either by applying a one-versus-all (OVA-SVM) strategy (dis-
tinguishes between one class and the rest of classes, for a to-
tal of N classifiers for N classes) or a one-versus-one (OVO-
SVM) strategy (between every pair of classes for a total of
N × (N − 1)/2 classifiers for N classes). Classification of
new instances in the case of OVA-SVM can be done by usong
a winner-takes-all strategy [58], in which the classifier with
the highest output function assigns the class. For the OVO-
SVM approach, classification can be done by a max-wins vot-
ing strategy, in which every classifier assigns the instance to
one of the two classes, then the vote for the assigned class
is increased by one, and finally the class with the maximum
vote determines the instance classification [7, 4, 90, 94, 22].
The OVO-SVM strategy requires O(N2) classifiers whereas
the OVA-SVM only O(N); nevertheless, the first solution is
generally preferred as it provides more effective classifiers in
terms of final recognition performances.

The choice of linear or nonlinear SVMs depends on
the complexity of the classification problem. In many con-
texts, linear classifiers are flexible enough to separate binary
classes. However, if data sets are not linearly separable, the
introduction of nonlinear kernel functions is necessary in
order to allow the fit of a maximum margin hyperplane in a
transformed feature space where linear classifiers are appli-
cable. The most commonly used kernels are the polynomial
kernels and Gaussian Radial Basis Functions (RBF) [90, 22].
Linear and RBF kernels are compared in [7] to recognize
8 gestures by using the normalized coordinates of the arms
joints. The choice of linear-SVM over RBF-SVM is justified
by two reasons: complexity of finding the best parameters
and also the general guidelines which state that the accuracy

of a linear kernel is better than RBF when the data dimen-
sion is much higher than the sample size. A multiple kernel
learning (MKL) algorithm is proposed in [4] in conjunction
with a multiclass SVM to enhance the discrimination power
of the classifier when multiple features result incompatible.
The fusion of 3D shape features and 3D motion features is
carried out at the kernel level to recognize complex activities.

Approaches which apply the OVA-SVM strategy can use
the sign of the output values to establish if the new instance
belongs to the trained class [58]: if all the classifiers return
negative values, then the query does not belong to any trained
gesture, and could be associated to an intermediate gesture.
On the contrary, the OVO-SVM approaches do not solve the
problem of meaningless gestures, unless, as in [94], a further
class is added in order to recognize examples of movements
which can be considered preparatory or idle before that sig-
nificant gestures are performed.

Artificial Neural Network (ANN) Artificial Neural Net-
works (also known as Neural Networks NNs) represent an-
other alternative methodology to solve classification prob-
lems in the context of gesture recognition [40]. ANNs emu-
late the parallel architecture of neurons in the human brain.
They consist of a set of adaptive weights, i.e. numerical
parameters, that are tuned by a learning algorithm, and are
capable of approximating non-linear functions of their inputs.
Different parameters define the ANN topologies: the inter-
connections between different layers of neurons, the learning
process, and the activation function of each neuron. Feed-
forward NNs are models in which the information moves in
the forward direction, i.e. from the input nodes data goes
through the hidden nodes (arranged in one or more layers)
and then to the output nodes. Recurrent NNs are models in
which loops occur because of feedback connections. Feed-
forward NNs are memory-less as their response to the input
is independent of the previous state. Recurrent NNS, because
of the feedback paths, modify repeatedly the neuron outputs,
leading the network to enter a new state.

The choice of the network topology, the number of
nodes/layers and the node activation functions depend on
the problem complexity and can be fixed by using iterative
processes which run until the optimal parameters are found.
The input nodes are strictly related to the number of elements
in the feature vectors. For static gestures, the number of input
nodes is the same of the features extracted from each instance,
while for dynamic gestures, which spread over a number of
observations, the number of input nodes is multiplied by the
number of observed frames.

The number of output nodes is related to the number of
gestures. When few gestures have to be recognized, multi
class feed-forward NNs are preferred as in [75], where three
gestures are considered, or as in [24] where 5 static hand ges-
tures representing the vowels of the alphabet are selected. In
[60] a coarse to fine approach with feed-forward multilayer
NNs is proposed: the first ANN with two output nodes per-



forms a preliminary recognition of the gesture side (with left
or right arm) and in sequence two NNs with four output nodes
recognize the gesture typology. A different approach is used
in [23], where a cascade of 10 different binary NN classifiers
are trained to recognize ten different gestures. Each NN is
trained with examples of one gesture against all the remain-
ing gestures, providing a single output value spanning in the
range [0, 1]. The class association is performed by select-
ing the NN which provides the maximum output value over
a fixed threshold.

A Recurrent NN is used in [65] both for modelling large-
scale temporal dependencies of features (since gestures are
considered as a set of characteristic dynamic poses) and for
combining data coming from different modalities (depth,
skeleton and audio features).

In [17], Extreme Learning Machines (ELM) are applied
to classify motion on a frame level and make the final classi-
fication decision considering the whole sequence. ELMs are
single-hidden layer feed-forward neural networks whose in-
put weights and first hidden layer biases do not need to be
learned but are assigned randomly: it makes the learning and
classification extremely fast and particularly suitable for on
line applications.

Deep learning architectures have recently been proposed
specifically for gesture recognition from multi-modal data. A
Recurrent NN is used in [65] both for modelling large-scale
temporal dependencies of features (since gestures are consid-
ered as a set of characteristic dynamic poses) and for com-
bining data coming from different modalities (depth, skeleton
and audio features). In [66] a multi-scale deep neural model is
proposed to combine single-scale paths connected in a paral-
lel way. Each path independently learns a representation and
performs gesture classification at its own temporal scale given
input from RGB-D video and articulated pose descriptors.

Distance-based approaches Distance-based approaches,
starting from the assumption that the features characteriz-
ing the models are well separated, apply distance metrics to
measure the similarity between samples and gesture models.
These methods have to solve the problem of variable lengths
of the sequences in order to apply any metric for comparisons.
Several solutions have been proposed either transforming the
features in a different space, or using ad hoc procedure to
align the sequences.

A filling algorithm is used to align initially all the se-
quences of joint coordinates of different-sized gestures ([20]).
Then, the resulting sequences are provided to an eigenspace-
based method which generates a new subset of features whose
centroids are representative of the different gesture classes.
The gesture recognition is performed by projecting the sam-
ple sequence in the trained eigenspace and determining its
minimum distances with the gesture class centroids. Also 3D
Contour models can be used to characterize static gestures of
the hands [109] and simplify the computational complexity
of gesture matching. In this case, the contour is coded into

Fig. 8. Conceptual illustration of conditional distance be-
tween three sequences: model sequence Xi , anchor sequence
Xj and a query sequence Q in [49].

strings and the correspondent sample gesture can be found
by the nearest neighbor method. The Earth Movers Distance
(EMD) is a measure of the distance between two probability
distributions over a region. It can be used as a metric to rec-
ognize hand gestures as it is robust to local distortions, articu-
lation, orientation and scale changes [81], [93]. This distance
is based on a part-based representation (such as superpixels in
[93]) which represents a hand shape and its time series curve,
as a signature, with each finger part as a cluster, and enables
the computation of global features. The EMD adds penalties
on empty holes to alleviate the partial match on global fea-
tures.

A new distance measure is proposed in [49] based on con-
ditional distance and warp vectors. As models and queries are
both conditioned on an anchor sequence, the distance measure
takes into account how a particular model varies with respect
to every other model in the model base (see fig. 8).

Dynamic time warping (DTW) Dymamic time warping
is the most used technique to find the optimal alignment of
two signals and, together with a distance metrics, it can be
used to solve a classification problem. The algorithm consists
of the following steps:

1. The average length Lavg of a training samples is calcu-
lated.

2. An equally spaced vector is calculated using the length
of the signal to be warped.

3. The signal values corresponding to the equally spaced
points are calculated by linear interpolation of the sig-
nal to be warped. The warped signal has a length equal
to Lavg.

In order to use DTW for gesture recognition a target sample
of the feature sequence for each gesture is necessary, then the
algorithm makes the test sequence uniform in time with the
reference ones, and invariant to the gesture speed and size.
The similarity between the test sequence with each class is
done in [77, 29, 92] by measuring the euclidean distance and
providing the corresponding probability of the test sequence
of being an instance of the considered class. The maximum
value of probability is calculated to classify a gesture.



If the sequences are multi-dimensional (as it happens
when different features are considered to characterize the
gestures), using an euclidean distance gives equal importance
to all dimensions. In [12], a weighted DTW method is pro-
posed to weight, in a different way, features that are relevant
for each body activity. The relevance is defined as the contri-
bution of a feature to the motion pattern of that gesture class.
So, the weights vary to maximize between-classes variance
and to minimize within-class variance. In [13] the set of
gestures are preliminary characterized by sequences of key
poses; then a DTW distance between two sequences of key
poses is defined by combining the euclidean distance between
couples of key poses in all the possible alignments of the test
and reference sequences.

When there is a large intra class variability, the description
of a certain gesture can have dramatic changes. In this case,
DTW fails as it compares each sequence of features with the
reference pattern. In [35], a probability based DTW is in-
troduced to handle intra-class variability. Different gesture
samples belonging to the same category are aligned with the
median length sequence using classical DTW with euclidean
distance. The feature vectors extracted by the set of warped
sequences are then modelled by means of a G-component
Gaussian Mixture Model (GMM) (see figure 9). The result-
ing model is composed by a set of GMMs, which cannot be
compared with a test sequence using the classical euclidean
distance. For this reason, a soft-distance is considered to
evaluate the probability of a point of belonging to each G-
component in the GMM.

Rule-based approaches In many cases, when gestures
are simple or quite distant, the interpretation of body move-
ments is natural and there is no need to use complex mathe-
matical and statistical approaches for the correct recognition.
Moreover, all the approaches which require a training phase
for the model generation impose the need of large training
sets (often manually tuned) and require additional intensive
training every time a new gesture has to be recognized. In
many of these contexts, rule-based approaches are discrimi-
nant enough to unambiguously classify sets of gestures.

When real-life natural gestures are performed, an intuitive
way of writing a set of rules can be used to generate a reason-
ing module and allow these rules to be interpreted on line. In
[31] all the rules of the knowledge base, describing 9 gestures
(performed with one or both arms), are organized in scripts
having the form of text files. Every time new portions of data
arrive from the feature extraction library, a forward chaining
reasoning, like a classical expert system, performs inference
engine. Similarly, the use of a preliminary representation of
gestures as sequences of key poses linked by rules can allow
the efficient recognition of gestures. In [58], the set of ges-
tures is constrained to be represented as sequences of key
poses so that the sequence defining a gesture cannot be ex-
tended to a longer sequence that represents another gesture.
In this way different sequences can characterize different user

Fig. 9. The probability based DTW in [35] to handle intra-
class variance: (a) Different sequences of a certain gesture
category and the median length sequence. (b) Alignment of
all sequences with the mean length sequence by means of Eu-
clidean DTW. (c) Warped sequences set S from which each
set of rth elements among all sequences are modelled. (d)
Gaussian Mixture Model with 3 basis components.

performances for the same gesture. This gesture representa-
tion is provided to a decision forest classifier, where nodes
represent key poses and leaves are associated to gestures. The
preliminary key pose recognition is carried out by multi-class
SVM. Also in [48] random decision forests (RDF) are used
for the recognition of hand gesture in the ASL dataset. First,
a realistic 3D hand model is used to represent the hand with
21 different parts. Then, a RDF is trained on synthetic depth
images generated by animating the hand model, which is used
to perform per-pixel classification and to assign each pixel to
a hand part. The classification results are fed into a local mode
finding algorithm to estimate the joint locations for the hand
skeleton.

In [16] 2.5D graphs are used to recognize static action
images. The graph consists of a set of nodes that are key-
points for the human body represented by view-independent
3D positions and rich 2D appearance features. The edges are
relative distances between the key-points. Then, estimating
the similarity between two action images results in a matching
among their corresponding graphs. For each action class, a
minimum set of dominating images, able to cover the intra-
class pose variations and capture all inter-class distinctions, is
selected.



5. GESTURE TEMPORAL VARIATION AND
SEGMENTATION

The last but not less important point that we consider in
this paper concerns the gesture segmentation task. When a
gesture is performed in a continuous way it is necessary to
identify its starting and ending frame. In addition, during the
transition phase between consecutive gestures, intermediate
movements could occur as well. These transition motions
need to be eliminated in order to avoid false matching with
reference patterns. Moreover, gestures of the same type may
dynamically vary in shape and duration even if they are exe-
cuted by the same gesturer. It is worth noting that many of the
papers cited in this review do not consider at all either the seg-
mentation or the length variation problems. Usually, tests are
performed on public datasets where the instances of different
gestures are well separated and directly available for experi-
ments. So different feature-classifiers can be easily compared
with other solutions proposed in literature to assess the best
performances. However, the problems of segmentation and
length variation must be considered if real time and online
gesture recognition systems have to be developed.

Generally speaking, classification methods such as those
based on NNs, SVMs, HMMs, suffer from these prob-
lems and have to solve both the segmentation and the spa-
tial/temporal normalization of gesture sequences. In many
cases, during the training phase for the gesture model genera-
tion the data steams are marked manually by human observers
and some constraints on the gesture lengths are imposed. In
[51] and [23] the authors impose that a gesture must be
recorded/observed in a fixed time interval (few seconds), so
that the incoming video sequences are quickly exploitable
because every gesture has the same temporal length. DTW
algorithms ([9], [13],[35]) manage different gesture lengths,
but they require the knowledge of the starting/ending frames
to align the sequences.

A common way to approach the temporal structure of ges-
tures and manage the length variations is to group features
in similar configurations ([58]), i.e. states, in order to de-
fine and to learn temporal transition functions between states.
Approaches which use body poses as states, require a prepro-
cessing phase to identify the key poses, but avoid the tempo-
ral representation problem as the same gestures performed at
different velocities are naturally represented by the same se-
quence of body postures. By using the same philosophy, in
[17] the classification of the frame-wise features and the pos-
terior modelling of the classifier outputs on the sequence level
allow to deal with different sequences lengths, and to classify
motion sequences with arbitrary speeds and lengths.

Some ad hoc solutions have been experienced for bound-
ary detection such as to identify the transition phases or the
starting point of a gesture. For example, in [106], the start/end
point of a hand gesture trajectory is identified measuring the
hand centroid point velocity, and setting an initial rectangular

Fig. 10. The on-line action recognition system in [5]. Idle
and Action states are used to maintain the system in idle while
seeing a neutral pose.

region of the image as reference for the system in order to start
capturing the hand point coordinates [94]. The use of ”rest”
states, as local minima of 3D motion of the limbs, has been
considered as natural transition between primitive gestures.
In a similar way, idle gestures can be introduced as transition
phase between consecutive executions of the gestures of the
vocabulary. In [5], a SVM classifier is trained to recognize
neutral postures against non neutral postures. Then, a state
machine is used for online experiment to maintain the system
in a idle state, when a neutral posture is observed, and in an
action state, when a pose becomes non-neutral (see figure 10).

Another strategy for recognizing gestures in continuous
sequences is by using a sliding window approach. In this
case, the video sequence is divided in multiple overlapping
segments where classification can be performed. Peaks in the
resulting scores are interpreted as the gesture locations [18].
In [7], a set of rules to improve the automatic recognition of
gestures in a data stream is added to the sliding window ap-
proach. For example, if the liftoff gesture (recognized in the
stream of data) is followed by any other gesture with compa-
rably high score value, then only the gesture that followed the
liftoff would be returned as intended.

The difference between boundary detection approaches
and sliding window approaches stays essentially in the pos-
sibility of managing the temporal representation of gestures.
In the first case the identification of the start/ending frames al-
lows to handle the gesture length variation in a successive pro-
cessing phase, such as DTW or length sampling/subsampling
steps. Sliding window approaches, instead, require multiple
window sizes to achieve robustness against different durations
of gesture execution. In this case, sliding window approach
can be computationally intensive. In addition, sliding win-
dow approaches produce good accuracy when the sequence
of gestures are performed in continuous with minimum acci-
dental movements between consecutive gestures [7]. When
the sequence is noisy since many unintentional movements
are performed, the accuracy decreases as the association with
gestures is always done also for meaningless frames.

6. COMPREHENSIVE DISCUSSION

In order to give a comprehensive overview of all the main
problems and the most common solutions which have been



proposed in literature, in Tables 2 and 3 we have reported the
main points of the papers that have been discussed and cited
in this review. For each work, the type of gesture, i.e. static or
dynamic, concerning the hands, arms, or full body is reported.
The selected features and the corresponding methodologies
used for building the gesture models are also explained and
discussed. Then, the use of private or public datasets, is also
indicated to highlight the repeatability of experiments. Fi-
nally, the last two columns of the tables highlight if the papers
address both the problems of segmentation of starting/ending
frames, and temporal variation of the gesture. The label ”Y”
means that these problems have been considered and in some
way handled by the proposed methodology, while the words
”no-gesture”, ”idle”, etc. indicate the specific solution ap-
plied in the referred work. The year of publication is also re-
ported showing that the recent availability of RGB-D sensors
gave a great impulse to the research on gesture recognition.

6.1. Analysis of Input data

The first point that comes out from this comprehensive
analysis is about the use of depth information to solve differ-
ent problems. First of all, people and body parts can be easily
segmented in many scenarios in which cluttered background,
shadows, light reflections produce false moving objects in
RGB-based approaches. In the context of hand gestures pre-
vious studies on skin detection reveal many challenges, such
as low accuracy of predicting the body movements of users
and the weakness against cluttered backgrounds or various
lighting conditions [53]. The depth information and skele-
ton tracking provided by recent depth sensors, address these
problems. Also the human body silhouettes are detected as
connected regions well separated from the background. In
this way, silhouettes can be used to extract curvature features,
or depth features including volumetric descriptors, 3D SIFT,
STIP, bags of 3D points [32, 35, 56, 54]. In addition, the
availability of skeletons of the body silhouettes together with
all the related information such as joint coordinates and an-
gles, provides quickly significant features which characterize
the motion. Many works consider a selection or combina-
tion of these features to build gesture models and perform
recognition. Actually the type of gesture affects the feature
selection, as more complex the gestures in terms of trajec-
tories more complex features are necessary. Tables 2 and 3
highlights that most of the papers considers only one kind
of feature such as geometric, depth or intensity based fea-
ture. The fusion of different sensor modalities such as depth
and color to generate more discriminant features has been ex-
plored only in a few papers [65, 93, 114]. The reason may
be that although the color texture and depth map are captured
simultaneously, they are not registered accurately. Therefore
calibration procedures must be applied before the joint use of
color and depth information.

6.2. Considerations on Methodologies
Another important point concerns the methodologies used

to generate gesture models. Supervised classifiers, such as
SVM, HMM, or ANN as well as distance based approaches
have been largely used. There are not strict rules or solid in-
dications on the most appropriate solutions. The analysis of
the literature reveals that the choice depends on the complex-
ity of features and the separability of gestures. Comparisons
among different classifiers have been done in different situ-
ations with different sets of gestures and features, then they
lead to conflicting conclusions on the most performant ap-
proaches [10, 47, 75]. But even if the conclusions in a fixed
scenario were considered as valid, they would be limited to
that set of experiments: different people in different session
would provide different results.

Machine learning approaches (including SVM, HMM,
and ANN) require huge amounts of training data, but at the
same time they are more robust to manage intra-class vari-
ability and to generalize when new gesture instances occur.
Distance based approaches may require a small number of
training examples and find large applications when there are
few gestures which are well separated in time.

Among the supervised classifiers, ANN and SVM require
more strict constraints on the variability of the gesture length.
As they are trained with fixed length sequences they are prone
to error when test sequences differ in length from the training
ones. HMM are more suitable to handle the gesture time in-
variance as they can deal with sequential data.

The last consideration concerns the possibility of using
multiple classifiers to improves performances of each individ-
ual approach. If the input data were noiseless, all the method-
ologies could have perfect generalization performances. Ac-
tually, such generalization is quite impossible as classifiers
work on data produced by different people in different ses-
sions. At the best, different classifiers produce good results
most of the time, and due to their different nature, they make
errors on different instances. For this reason, according to the
context and by measuring the classifiers diversity, a strategic
combination of classifiers can reduce the total errors, improv-
ing the performance of a single classifier. Some recent at-
tempts have been done in [29], where DTW and HMM shar-
ing the same features and fusion rules are designed to make a
global decision.

6.3. Typology of experiments
Many datasets of gesture/action sequences of RGB-D im-

ages provide a common benchmark that allows comparisons
among different features and classifiers in order to assess the
best combination feature/methodology. These datasets con-
sist of sequences already segmented and contains one instance
of each gesture. For this reason, all the works involving exper-
iments on these sequences do not consider at all the problem
of detecting the starting/ending frame of the gesture. Only in
[35, 52], the recognition of an idle or garbage gesture between



consecutive instances is used to provide the temporal segmen-
tation. Starting from this consideration, it is evident that per-
forming gesture recognition for online applications remains
a challenging task. Experiments on private datasets, contain-
ing sequences of consecutive executions of different gestures,
are important in order to manage the problems of segmen-
tation and temporal variations of gestures. As reported in
tables 2 and 3, few works discuss these problems, and few
of them propose a solution. Some suggest sliding window
approaches [7] [9], some propose the introduction of a non-
gesture [74, 83, 97, 103], while in [92] the definition of an ini-
tial starting region to separate preparatory movements from
actual gesture movements is suggested. By the analysis of
experiments, another consideration is evident: there is a com-
mon lack of clear references to computational times or ex-
plicative notes about delays between gesture executions and
system decisions. These comments could provide a great in-
sight for the application of the proposed approaches to real
human machine interfaces.

Another important problem related to gesture recognition
is the invariance to the orientation of the gesturer with re-
spect to the camera. Some papers introduce different kinds
of normalization in order to be independent of the distances
involved. But regarding the orientation, just a few papers dis-
cuss the invariance to small rotations of the subjects perform-
ing gestures with respect to the depth sensors. This problem
has not been discussed in this review due to the lack of liter-
ature works that investigate it. However this lack of works is
due to the intrinsic limitation of the depth sensors, which pro-
vide all the information when the subject is facing the cam-
era. In addition, the software for skeleton extraction is un-
stable when the subject is not completely visible, so even in
presence of small rotations the arms and the body are seen as
a whole (occlusion problem) so the skeleton detection has a
low reliability. One possible solution is the use of a multi-
ple camera setup as proposed in [46], where a Kinect camera
is used together with a monocular camera in a stereo camera
setup to cope with occlusion problems. As the Kinect was
originally built for a gaming console, it was assumed that the
user is always facing the camera, so using Kinect alone does
not suffice to handle occlusions. Another fundamental limita-
tion of low cost depth cameras, such as the Kinect, is that they
are highly affected by lighting conditions preventing their use
in outdoor contexts under natural light.

6.4. Future Reaserch
Future directions of researches must focus on the multi

modal fusion of data in order to overtake the intrinsic insta-
bility of each modality and to increase performances in on-
line applications. The concurrent use of features extracted
from RGB, depth and skeleton data can greatly make current
methodologies more robust in challenging contexts. By one
hand depth data can be used to segment the scene overcom-
ing the limitation of classical RGB-based approaches, by the

other hand the color information can give further insight on
patterns which univocally characterize the gestures. The re-
sults can be more stable also when the structured light used to
generate depth fails or the algorithms for skeleton extractions
give unreliable postures.

In the same way, the use of ensemble of classifiers is cer-
tainly a strategy which should be considered. If individual
classifiers make errors on different instances, then a strategic
combination of these classifiers can reduce the total error. A
measure of diversity among classifiers allows to establish if
decision boundaries are adequately different and if the fusion
can provide a more accurate classification. A special attention
should be put to developing deep learning algorithms which
learn invariant and discriminative hierarchical representations
and would be helpful in the case when the input from one or
more modalities is missing or noisy or to cope with gestures
performed at different speeds.

The last but not less important point is the necessity of
developing methods independent of the sensor technology.
Most of the recent works use Microsoft Kinect sensors to-
gether with the related software platforms for feature extrac-
tion. As a consequence, the methods applied to extract the
features inherit the same limitations of the sensor. Thanks to
technological developments and future studies, range sensors
will greatly improve in both resolution and robustness. This
will hopefully allow for the generalization of both Kinect-like
software frameworks and already developed gesture recogni-
tion methodologies in order to obtain more robust results.

7. CONCLUSIONS

In the last years gesture recognition approaches have found
applications in many fields especially with the large spread-
ing of low cost RGB-D sensors. In this paper we have ana-
lyzed the recent literature to understand the applicability of
gesture recognition approaches in real contexts. The analysis
have revealed that several factors greatly affect their applica-
tion: 1) the capability of managing continuous acquisitions;
2) the invariance to different executions of gestures in terms
of both amplitude and velocity; 3) the robustness of method-
ologies to recognize gestures performed by people different
from those used to build the gesture models; 4) the invariance
to the distance and orientation between sensors and gesturers.
For these reasons, as soon as new sensors will be available on
the market, public datasets involving real conditions will be
necessary to provide benchmark for challenging comparisons
of methodologies. Moreover, the availability of open source
code implementing different methodologies and the sharing
of the information about the relative parameters will also al-
low the reproduction of published results on different scenar-
ios easing comparisons and further improvements.



Table 2. An overview of the papers discussed in this review. In the first column the Year of publication, then the Reference, the
Type of gesture, the Features, and the Methodology are summarized. The column Dataset indicates if private or public datasets
are considered in the experiments. The last two columns, Start/End Segmentation and Term. Var., report if the papers have
considered the problem of detecting the initial frame of the gesture and manage possible temporal variations.

Year Reference Type of Gesture Features Methodology Dataset Start/End Seg. Temp. Var.
2013 [3] Full Body Joint Angles Inverse Kinematics Private - -
2013 [4] Full Body Motion and Shape

Features
MultiClass SVM MSR-Action3D,

MSR-DailyActivity3D
- -

2014 [5] Full Body Spatio/Temporal
Occ. Pat.

Action Graph MSR-Action3D - -

2012 [6] Both hands Salient points on
nails

Levenberg-Marquard
algorithm

Private - -

2012 [7] Both Arms Coordinates SVM Private Sliding Window -
2011 [8] Both Arms Depth image sub. Multiclass SVM Private - -
2013 [9] Right Hand Coordinates Distance with Learned

Trajectories with DTW
Private Sliding Window Y

2012 [10] Right Hand Coordinates K-NN with DTW,
HMM

Private - -

2013 [12] Both Arms Coordinates weighted DTW Private - -
2014 [13] Full Body Coordinates Bag of Key Poses with

DTW
MSR-Action3D - Y

2012 [16] Full Body Coordinates 2.5 Graph similarity Pascal2011 Action - -
2015 [17] Full Body Joint Coordi-

nates, Temporal
Distances

ELM MSRC-12, MHAD - Y

2015 [18] Right Arm Joint Quaternions ANN Private Sliding Window Y
2015 [20] Full Body Joint Coordinates PCA, distance metric Private - Y
2013 [21] Hand (static) Distance and Cur-

vature Features
SVM Private - -

2014 [22] Hand (static) Distance, Eleva-
tion, Curvature,
and Palm area
features

SVM Private - -

2014 [23] Right Arm Joint angles,
Quaternion

ANN Private - -

2012 [24] Hand (static) Binary images ANN Private - -
2014 [25] Hand Quaternion, veloc-

ity
Inverse Kinematics Private - -

2014 [28] Right arm Joint angles HMM Private - -
2012 [29] Right arm Joint angles fusion of HMM , DTW Private - -
2012 [30] Left Arm Joint angles HMM Private - -
2014 [31] Both Arms Joint Coordinates

and Angles
Rule Based Private - -

2013 [32] Hand (static) SIFT features k-Means Clustering Private - -
2015 [38] Hand Sign, Arms color, depth, body

joint positions
3D CNN, GMM-HMM Private - -

2013 [35] Both Arms STIP features Probability-based DTW ChaLearn Idle gesture Y
2008 [36] Both Arms 3D point cloud,

Spherical his-
togram

Correlation probability
distance

Private Y -

2012 [41] Both Arms Joint angles Linear Regression
Analysis

Private - -

2014 [43] Both Arms Hand coordinate
velocity

HMM Private Y -

2011 [47] Hand (static) Hand skeleton
joints

ANN, SVM ASL images (private) - -

2013 [48] Hand (static) Depth RDF ASL images - -
2015 [49] Both Arms HOG Conditional Distance ChaLearn - Y
2012 [50] Hand Cell occupancy sil-

houette
Action graph ASL images (private) - Y

2012 [51] Both Arms Coordinates Nearest Neighbour Private Y -
2006 [52] Full Body Joint Angles GMM + HMM KU gesture database and

Private
Garbage gesture -

2010 [54] Full Body Bags of 3D points Action Graph Private - -
2012 [55] Hand (static) Contour and finger

positions
Distance measure Private - -

2015 [56] Full body STIP features on
RGB and depth

SVM RGBD-HuDaAct - -

2013 [57] Full body spatio-temporal
RGB and depth
features

GP for feature selection,
SVM

MSRDailyActivity3D - -

2014 [58] Full body Joint Angles SVM for key pose de-
tection, Decision Forest

Private - Y



Table 3. (Continued from table 2)
Year Reference Type of Gesture Features Methodology Dataset Start/End Seg. Temp. Var.
2013 [59] Full body (static) Joint Positions,

Distances and
Angles

K-Means Private - -

2014 [60] Upper body Joint Positions and
Velocity

ANN VisApp2013 dataset - -

2008 [63] Both Arms Depth silhouette HMM, SVM Private - -
2013 [65] Full Body Depth data, skele-

ton joints
RNN Private - -

2014 [66] Upper Body Intensity, depth, ar-
ticulated pose

Convolutional NN ChaLearn - Y

2012 [67] Both Arms Joint Coordinates HMM Private - -
2011 [68] Full Body 3D-MHI,(DLMC-

STIP
SVM RGBD-HuDaAc - -

2013 [70] Arm Coordinates Decision tree, SVM Private Y -
2013 [71] Both Arm Joint Angles, HOG

on depth image
SVM MSR-Action3D, MSR-

HandGesture, UCF-
Kinect

- -

2013 [74] Both Arm Joint coordinates,
velocities

cascade HMM Private No-gesture -

2012 [75] Full Body Coordinates Optimal classifier
among NN, SVM,
Decision Tree

Private - -

2013 [77] Arm Quaternions DTW, Multi-class prob-
ability estimates

Private - Y

2014 [76] Both Arms Color depth skele-
ton

SVM ChaLearn Sliding Window Y

2013 [79] Full Body Joint Angles Distance Metric Private - Y
2011 [81] Hand (static) finger detection Finger Earth Mover’s

Distance (F-EMD),
Template matching

Private - -

2011 [82] Full Body Joint Coordinates Weighted DTW Private Y Y
2013 [83] Left Arm Joint Coordinates GMM and HMM Private No-gesture Y
2011 [84] Both Arms Quaternions DTW Private - -
2015 [85] Full Body Joint coordinates Grassmann manifold,

SVM
MSR-action3D, UT-
kinect and UCF-kinect

- Y

2013 [86] Full Body Joint coordinates GMM-HMM Private - -
2014 [87] Full Body Point Cloud, Body

Surface Context
kNN, SVM MSR Action3D, MSR-

DailyActivity3D
- -

2013 [88] Full Body Quaternions ANN 3DLife Grand Challenge - -
2010 [89] Hand 2D, 3D shape and

volumetric descrip-
tor

SVM Private - -

2013 [90] Upper Body Quaternions SVM Private - -
2013 [92] Upper Body 3D EMoSIFT BoF based model ChaLearn Y Y
2015 [93] Hand (static) depth-color super-

pixel
SP-EMD Private - -

2013 [94] Left arm Motion History Im-
ages

SVM Private Interest Region Y

2012 [95] Full Body, Hand Random Occu-
pancy Pattern
Features

SVM MSR-Action3D, Ges-
ture3D

- -

2014 [96] Full Body Multiview spatio
temporal Graph

dynamic programming Northwestern-UCLA
Multiview 3D, Action3D

- -

2012 [97] [103] Hand Palm coordinates HMM Private No-Gesture -
2014 [101] Upper Body Audio, skeleton

joint coordinates
DBN, HMM ChaLearn - -

2016 [102] Upper body skeleton joints,
depth and RGB
images

Deep Dynamic NN,
HMM

ChaLearn Y Y

2013 [105] Full Body Depth STIP SVM MSRDailyActivity3D - -
2012 [106] Both Hands Hand centroid co-

ordinates
HMM Private Initial Region Y

2012 [107] Both Hands Hand orientation HMM Private - -
2011 [108] Full Body color, optical flow decision forest TUM kitchen dataset - -

spatio-temporal
grad.
pose features

2012 [109] Hand Contour descriptor Contour matching Private - -
2011 [112] Full Body 4D spatio-temporal

cuboid
LDA Private - -

2012 [114] Full Body STIP on RGB and
depth map features

SVM Private - -
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