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Abstract This paper provides a concise tutorial on the Microsoft Kinect technology and the state of art
research on human motion tracking and recognition with Microsoft Kinect. A pre-requisite for human motion
recognition is feature extraction. There are two types of feature extraction methods: skeleton joint based, and
depth/color image based. Given a set of feature vectors, a motion could be recognized using machine learning,
direct comparison, or rule-based methods. We also outline future research directions on the Kinect technology.
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1

Introduction

Microsoft Kinect is a revolutionary depth camera first released in late 2010. Kinect is a milestone in the
areas of computer vision in that it drastically increases the accessibility of depth sensors. Previously,
depth sensors often cost on the order of several thousand US dollars. Furthermore, Microsoft provides
excellent programming support for the Kinect sensor, and offers a license for the commercial use of its
software development kit (SDK) free of charge. Compared with traditional cameras, the special meaning
of Kinect is that it offers highly accurate depth sensing. This is coupled with the excellent and free
SDK, which enables the development of Kinect-based applications for developers who do not have deep
computer vision background to develop various applications to solve real-world problems.
In less than five years, we have seen the use of Microsoft Kinect in a wide spectrum of applications,
ranging from medicine and healthcare, to education and performing arts, to robotics, to sign language
recognition, and many others. The foundation for these applications rests on the human motion tracking
and recognition using the information provided by Kinect.
The accuracy of human motion recognition heavily depends on the extraction of the most distinctive
features of the motion. The Kinect technology significantly reduces the difficulty of this crucial step by
providing a skeleton stream that contains full-body joint positions and orientations. Software developers
could focus on the recognition task using machine learning, direct comparison, or rule-based methods
based on features derived from the joint data.
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In this paper, we first provide a brief overview of the Kinect technology and a concise tutorial on
the state of the art research on human motion tracking and recognition with Kinect. For a far more
comprehensive review of this subject, readers are referred to [1]. We also outline some future research on
the Kinect technology.

2

The Microsoft Kinect technology

The Kinect sensor is equipped with a color camera and a depth sensor that is capable of measuring the
depth of each pixel in its view. One of the most significant advancement made by the Kinect SDK is
that an application could register to receive skeleton frames, in addition to color and depth frames. The
skeleton tracking technology used in Kinect was based on the research carried out by Microsoft Research
UK [2].
There are two main versions of Microsoft Kinect. The initial Kinect was released for Xbox 360,
Microsoft’s game controller, in November 2010. In February 2012, a slightly revised version, referred
to as Kinect for Windows, was released. Kinect for Windows has the added functionality of near-mode
upper-extremity human motion tracking. Both the original Kinect and Kinect for Windows use the same
depth sensing technology, hence, they are regarded as the same version and are referred to as Kinect v1.
In summer 2014, Kinect for XboxOne (Microsoft’s latest game console) was released. The new Kinect is
referred to as Kinect v2 because it uses a completely different depth sensing technology. Microsoft also
made drastic changes on its SDK for Kinect v2, and it is incompatible with that for Kinect v1.
In Kinect v1, depth sensing is based on structured light, which can be considered as a form of triangulation. The technology was developed by PrimeSense, and it makes it possible to use a single infrared (IR)
emitter and a depth sensor to compute the depth of each pixel. The structured light pattern (emitted by
the IR emitter) enables the depth sensor to derive the line from the IR emitter to each pixel. Because the
distance between the IR emitter and the depth sensor is known, the depth of the pixel can be computed
easily.
In Kinect v2, the depth sensing technology was abandoned due to its low fidelity and a time-of-flight
technology was employed. The depth of each pixel is computed based on the phase shift of the emitted
modulated light and the corresponding reflected light.

3

Human motion tracking and recognition

The ultimate goal of human motion tracking is to understand the semantics of the motion, i.e., what
the motion means. Human motion can be roughly categorized into two classes: gestures and activities. A gesture consists of primarily the movement of one or two hands and it typically conveys some
specific meaning to another person for inter-person interaction, or to a machine (i.e., computer/game
console/robot) for human-machine interaction. An activity typically involves the movement of many
segments of the body, such as walking, running, brushing teeth. Physical exercises and sports activities
are also examples of human activities. For an activity, the type to which the activity belongs can be
considered as its semantics. Sometimes, additional semantics such as the fine-grained characteristics of
the activity, are of interest. For example, for both physical exercises and sports activities, there are
specific stipulations on how the activities should be performed.
To recognize a human gesture or activity, the first task is to determine the most distinctive set of
features of the motion. This step is referred to as feature extraction. The next step is to understand the
semantics of the motion based on the set of features extracted.
3.1

Feature extraction

With the availability of a full skeleton joint positions and orientations for each user tracked, the task of
feature extract becomes much simpler. One only need to determine which joints are the most important
for each activity. For a gesture, the two hand positions are almost always used as features. Nevertheless,
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there are substantial research works with Kinect that extract features directly from the depth frames, or
both depth and color frames. These methods can be useful when Kinect skeleton frames are not available,
or not accurate enough. For example, Kinect runtime could perform skeleton segmentation only when a
user is within a specific range.
The methods used for feature extraction from the depth/color frames are mostly adapted from traditional feature extraction methods from video frames. The additional depth information has been proven
to help extract more distinctive features to recognize activities that are difficult based on video frames.
The features are first extracted from every frame (depth or color). If both color and depth frames are
used, the features are fused together. Then a clustering algorithm, such as kmeans, is used to derive a
set of most distinctive feature vectors. These feature vectors form a visual vocabulary, often referred to
as a codebook, which would be used for classification of unknown human motions [3].
3.2

Motion recognition

Machine learning methods are the most popular ways of performing human motion recognition. For simpler activities and gestures, algorithmic (i.e., rule-based) methods are often used. For offline recognition,
direct comparison based methods could also be used.
3.2.1 Algorithmic-based recognition
In algorithmic-based recognition, a set of rules for key poses and the sequencing of the poses are defined
for each gesture or activity. Once the rules are available, the implementation of recognition algorithms
can be easily implemented with very high recognition accuracy and speed. To accommodate Kinect
measurement errors and intrinsic tolerance of the motion, error bounds are typically necessary and they
would have to be tuned for each user. This recognition method is popular in healthcare and gaming
applications because human motions in these contexts are often well defined and relatively simple [4, 5].
3.2.2 Direct comparison
In this approach, a database of human motions is first built using training data. Then, given an unknown
motion, various methods are employed to compare the new motion with each in the database, and the
unknown motion is classified as the one with the minimum distance between the two. The most popular
method is dynamic time warping, which could compute the similarity between two temporal sequences
despite timing and speed differences [6].
3.2.3 Machine learning
In this approach, sophisticated statistical models, such support vector machine (SVM), decision trees/
forests, the hidden Markov model (HMM), and artificial neural networks (ANNs), are used to capture
the unique characteristics of a gesture or an activity. These models often consist of a significant number
of parameters. Some of the parameters must be tuned manually. Other parameters will be determined
automatically using training data.
SVM is the most popular method for classification based on codebooks [3]. SVMs are supervised learning models that aim to achieve maximum-margin separation using relatively little training data. Training
data is used to determine a plane (for linear classification) or hyperplane (for nonlinear classification) that
separates the data that belong to different classes as further away as possible. This plane or hyperplane
then can be used to classify unknown data into different classes.
Decision trees/forests fit the task of gesture recognition well if a gesture can be modeled as a sequence
of key poses. The path from a leaf node to the root note can then be used to classify unknown gestures
with trained decision trees/forests where each internal node represents a key pose [7].
HMM is another widely used model for motion recognition because it captures the temporal characteristics of a gesture/activity explicitly. Similar to decision trees/forests, HMM also fits well when a
gesture/activity can be modeled as a sequence of poses [8]. Different from decision trees/forests, however,
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the poses that are key to a gesture/activity do not have to be known explicitly, i.e., they can be learned
using training data. For more sophisticated activities, hierarchical HMMs have been used to model subactivities as well as the composite activities [9]. Although HMM often requires large amount of training
data and recognition could be slow, we have seen research work that uses HMM for one-shot learning
and realtime recognition [10].

4

Future research directions

The Kinect technology can be made even more useful by integrating it with other modalities of motion
sensing. This would enable a seamless integration of indoor and outdoor tracking of the activities of
daily lives for both the general population as well as demographics that require frequent monitoring by
healthcare professionals, such as post-injuries and post-surgery patients, people with disabilities, and the
elderlies [11]. The integration of the two modalities also facilitates selective user tracking using Kinect,
i.e., the Kinect can selectively track those who have explicitly consented to be tracked, which preserves
the privacy of those who are also present in the view of the Kinect sensor [12, 13].
Obviously, there is still a large room to improve on the automatic recognition of human activities using
Kinect [14]. Selecting feature vectors for the recognition is critical to the recognition accuracy, and yet
it is usually manually done. Deep neural networks could potentially help in the selection of the most
critical features for highly reliable recognition.

5

Conclusion

In this article, we presented a concise tutorial on the Kinect technology and the state of the art human
motion tracking and recognition in Kinect applications. We categorized feature extraction methods into
two types: (1) skeleton joint based; and (2) depth/color image based, which would employ sophisticated
computer vision algorithms. The latter is more powerful but much more expensive than the former.
There are three major approaches to human motion recognition: (1) machine learning based; (2) direct
comparison based; and (3) rule based. Furthermore, we outlined some future research directions of the
Kinect technology.
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