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Abstract

This paper is related to the domain of human
activity recognition in both depth images and
skeleton joints. In this paper, for the detection task, a
RGB-D sensor (Microsoft Kinect) is used. To obtain
discriminative  features for action detection,
combination of a depth shape features from the 3D
space and joints features are investigated. The
detection and classification of such features is
accomplished by the posture analysis technique,
based on K-means and finally, activity recognition
are performed by means of HMMs built on the set of
known postures to improve performance and
accuracy. The proposed system can be evaluated on a
new dataset which contains five activities (standing,
walking, sit down, lying and bending) and another
public dataset MSRDailyActivity3D. The proposed
system can be applied to the specific domain of
healthcare system including home and hospital to
keep older adults functioning at higher levels and
living independently.

1. Introduction

Monitoring human activities of daily living is an
essential way of describing the functional and health
status of a human. Therefore, human activity
recognition (HAR) is one of essential components in
personalized life-care and healthcare systems;
especially for the elderly and disabled [5].To monitor
daily activities of the elderly people, video cameras
can be deployed in smart environments such as smart
homes or smart hospitals to acquire time-series
activity video clips [1].

Human activity recognition (HAR) is a hot
research topic since it may enable different
applications, from the most commercial (gaming or
Human Computer Interaction) to the most assistive
ones. In this area, HAR can be applied, for example,
to detect dangerous events or to monitor people
living alone. This task can be accomplished using
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different sensors, mainly represented by wearable
sensors or vision-based devices [12].

As the imaging technique advances, the advent
of depth sensors (e.g., Microsoft Kinect) brings great
benefits to a variety of visual recognition tasks
including  object recognition, indoor place
segmentation, as well as human activity recognition.

Depth maps, which are a good source of
information because they are not affected by
environment light variations, can provide body shape,
and simplify the problem of human detection and
segmentation. Furthermore, the availability of
skeleton joints extracted from the depth frames
allows having a compact representation of the human
body that can be used in many applications.

In this paper, a methodology of HAR based on
the recognized body parts features of human depth
shapes and skeleton joints is presented and the hidden
Markov Model (HMM) is used to recognize human
postures.

This paper is organized as follows. Related work
is outlined in Section 2. The system architecture is
described in Section 3. Section 4 presents the dataset
creation. Section 5 presents the MSRDailyActivity3D
dataset. Section 6 presents the expected outputs.
Conclusions are presented in Section 7.

2. Related Work

Firstly, we review some related activity
recognition works based on RGB or RGB-D streams.

In [7], the human body was represented in terms
of silhouettes, extracted from RGB images, which
were used as input to a framework based on HMM.
The general weakness of the methods based on RGB
data is that the complexity of the processing chain
(e.g., background removal, image normalization),
required to obtain adequate silhouette features, limits
real-time use. Moreover, such systems are not robust
enough to be applied in unconstrained situations, e.g.,
environments with complex backgrounds or low
lighting conditions.
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A method to obtain silhouettes from depth
information only is presented in [13]. This solution is
motivated by the fact that depth images are intensity
invariant and then more robust to appearance
variations of the human body than RGB ones. The
authors trained their system by creating a codebook
of body poses so that a new human pose can be
represented by its most similar code-word. The major
issue of this approach is related to the background
removal routine, which needs background images to
be known previously, or users to be located away
from the background. Such constraints are not always
applicable to real contexts.

Here, we review activity recognition approaches
based on data provided by the Kinect. In [8], human
bodies are modeled as a set of kinematic joints, and
actions are defined by the interactions that occur
between subsets of these joints. The authors proposed
a new feature, called local occupancy feature (LOP),
to describe each 3-D joint and introduced the concept
of actionlet to define a particular conjunction of LOP
features. Due to the great number of possible
actionlets, a data mining technique is used to
discover the most discriminative ones and represent
an action as an Actionlet Ensemble, ie., a
combination of actionlets.

A posture-based approach for action recognition
is presented in [15]. The authors represent salient
postures as a bag of 3-D points obtained by
projecting and sampling the depth maps onto three
orthogonal planes. Each posture is then associated
with a specific node of an action graph, which is used
to model the dynamics of different actions. This
method yields better results than those based on 2-D
silhouettes; however, 3-D projections obtained from
the depth maps are usually quite noisy due to low
resolution of the sensor. Thus, further interpolation
steps are generally required to repair corrupted
projections, and this compromises the overall
recognition time.

A histogram-based representation of human
postures is presented in [11]. In this representation,
the 3-D space is partitioned into n bins using a
spherical coordinate system so that each of the 12
considered joints belongs to a bin with a certain level
of uncertainty. Linear discriminant analysis (LDA)
for C classes is performed to reduce the dimensions
of the feature space from n to C — 1, and the obtained
features are clustered into K visual words. The
activities are then represented as sequences of visual
words and recognized using discrete HMM
classifiers. The main limitations of this approach are
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the adoption of a complex model for representing the
joints and the consequent need for reducing the
dimensionality of the feature vectors by means of
LDA.

The authors of [6] addressed the problem of
reconstructing valid movements from incomplete,
i.e., noisy, postures captured by the Kinect. In
particular, broken postures are corrected by searching
through a motion database for similar postures, which
are kinematically valid. Although the method
improves wrongly detected postures, it assumes that
the motion database always contains postures similar
to the ones performed by the user, which is not
always true in practical situations.

The authors of [10] proposed an algorithm based
on hierarchical maximum entropy Markov model
(MEMM) to represent a single activity as a
composition of a set of sub-activities. Each sub-
activity is initially modeled by analyzing about 700
features extracted from RGB and depth images; then,
it is associated with a high-level activity by means of
a two-layer MEMM. The framework proposed in [3]
aims to demonstrate that using both depth and
grayscale data can improve the performance of
recognizing complex activities, e.g., users interacting
with objects in the environment. Experimental results
show that promising recognition and localization
accuracies can be obtained, but a computation time
analysis is missing. Therefore, suitability for real-
time applications is unknown.

The effectiveness of using both color and depth
information for activity recognition is also reported in
[4]. The authors collected a dataset, called RGBD-
HuDaAct, which contains 12 activities performed by
30 different subjects at a distance of about 3 m from a
Kinect device. Results obtained by applying
multimodal feature representation, i.e., combining
color and depth information, are compared to the
unimodal counterparts; however, neither an
evaluation of time consumption nor a comparison
with other approaches is provided.

3. Proposed System and Methodology

The main objective of the proposed system
focuses on  developing  effective  feature
representation for human activity recognition in both
depth sequences and skeleton joints for healthcare
system.
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Figurel. System design for proposed system

(b)

Figure2. Example of color images and depth maps
detected by means of Kinect. (a) Standing activity
and (b) Sit-down activity

The system design of the proposed system is
shown in Figure 1. In this system, depth data and 3D
skeleton joints are used as the inputs from the Kinect
Sensor and multimodal feature extraction methods
such as depth shape features from 3D-space and
skeleton joints features are used. The posture analysis
technique, based on K-means, is used to detect such
features and Hidden Markov Model (HMM), built on
the set of known postures, is used to recognize the
human activity to improve performance and
accuracy.
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Figure3. Example of Depth silhouette detected by
means of Kinect

(a)

Figure4. Examples of Skeleton joints detected by
means of Kinect. (a) Fifteen joints. Reference
joints(gray): neck, torso. Selected joints (black):
head, elbows, hands, knees, feet.Discarded joints
(white): shoulders, hips. (b) Eleven joints of the
feature set.

Figure 2 shows some example of color images
and depth maps detected by means of Kinect.
Example of depth silhouettes detected by means of
Kinect are shown in Figure 3 and examples of
skeleton joints detected by means of Kinect are
shown in Figure 4. In Figure 4, some noisy joints that
are not relevant at all for activity recognition (i.e., hip
and shoulders) have been discarded. The final set of
joints we chose as features is shown in Figure 4 (b),
while the joints we discarded are white shown in
Figure 4(a).

3.1. Pre-processing

The main task of pre-processing is to find the
depth human silhouettes from the noisy background
using depth camera. Depth video frames include an
unrestricted environment having a number of
uncertain objects, obstacles, noisy background and
freely movement of a human in the scenes.

Therefore, we propose a floor removal technique
based on a least squares method [9] to remove these
noisy effects in depth images. The pixels of the floors
can be calculated as:

mi(x +y+2)=Cy

Ma(Xx +y+2)=C¢ (1)



whereC ;  defines the depth pixel values of floor in
each frame, m; and myare the constant values of all
three coordinate axis of each floor pixel. In order to
eliminate the floor from the scene, y parameters
correspond to a given pair of x and z axis. Usually,
the depth value y in a spaced grid having least value
(i.e., equal to zero) is used to ignore floor from
background.

While, to segment all objects and human
silhouettes from the video scene, we can localize all
expected objects from the scene based on connected
component labeling (CCL) method to label all
candidates pixels separately. In CCL, the variation of
pixel intensity in an image is observed using raster
scanning. Thus, we can detect all the non-object
components acting as background by entropy
analysis.

In addition, this system can measure every depth
pixel of the connect component and differentiate the
depth values of corresponding neighboring pixels
within a specific threshold values. Thus, the depth
center map values help to divide the 3D feature-based
data into two proper classes (i.e., connected
component representing foreground objects as human
or materials and background). Furthermore, temporal
continuity constraints between frames are applied to
easily extract depth human silhouettes from the
scenes.

3.2. Feature extraction from depth shape

Firstly, depth image history features are obtained
from the overall pixel intensity information of human
body shape in sequential activities. Secondly,
temporal motion features are extracted by capturing
the intra/inter motion variation among different body
parts. Thirdly, optical flow features are examined by
considering the directional angular values among
consecutive frames[2].

3.3. Feature extraction from skeleton joints

To analyze the joints information, we utilized
body part model [14] that includes human skeleton
focusing on significant parts such as head, neck,
torso, arms, legs, hands, and feet as shown in Fig. 3.

In joint information features, firstly, let J;be one
of the 11 joints detected by means of the Kinect, the
feature vector f is defined as:

t="[JwJ2 Ja Jas ds Jer 7 380 oo Jr0s Jua ] (2
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where each jjis the vector containing the 3-D
normalized coordinates of the i joint Jidetected by
the Kinect. Thus,

ji=t+T, 1cisn 3)
wheres is the scale factor which normalizes the
skeleton according to the distance, h, between the

neck and the torso joints of a reference skeleton:

(4)

and T the translation matrix needed to set the origin
of the coordinate system to the torso.

3.4. Posture Analysis

Now, these depth and joint features vectors are
further normalized based on K-means clustering
algorithm. And then, the classification is done
according to a “max wins” voting strategy. The
process of classifying the detected features into k
classescan be viewed as building a k-words
vocabulary. Each posture can be represented as a
single word of the vocabulary, and therefore, each
activity can be considered asan ordered sequence of
vocabulary words.

3.5. Posture Recognition

A Hidden Markov Model is defined by the tuple
A=(S,M, A,B, 1) where:

S = {Sq,....,Sn}is the set of hidden states of the model.
The state at time t is denoted by q.

M is the set of observation symbols of the model.
A = {a;}is the state transition probability distribution:
Q)

B = {b} is the observation symbol probability
distribution in state j:

&= P (U1 = Sjla= Si)

b=p (v 1a:=J) (6)

I= {m}is the initial state probability distribution:
(@)

One of the most powerful features of HMMs is
that it can model both large duration and small
duration activities.

Pii= P (do=J)
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Figure 5. Example structure of HMM for the
proposed system

Figure. 5 show the example structure of the
HMM for the proposed system. To train and
recognize different activities, we can apply the
feature clusters to the Hidden Markov models
(HMM). The idea is to encode each activity in terms
of postures and build the corresponding HMM. Each
HMM s trained on the posture sequences of each
activity and classified according to the largest
posterior probability.

4. Dataset Creation

Our dataset is created by using the Kinect. Both
the depth and RGB image were recorded at a rate of
30 frames per second. The depth images were saved
as 11 bit images. The resolution of the depth and
RGB images were 640 x 480. We placed the Kinect
at a fixed height from the floor so as to capture the
subject’s entire body. All actions were performed at a
fixed distance from the Kinect. Our dataset consists
of the following five actions: standing, walking, sit
down, lying and bending. All actions are performed
by facing the camera.

5. MSRDailyActivity3D dataset

The MSRDailyActivity3D dataset consists of
daily activities captured by Microsoft Research using
a Kinect device. There are sixteen activities which
include drink, eat, read book, call on cell phone, write
on a paper, use laptop, use vacuum cleaner, cheer up,
sit still, toss paper, play game, lie down on sofa,
walk, play guitar, stand up, and sit down. The total
number of activity samples, in which ten subjects are
involved, is 320. This dataset has been designed to
cover human daily activities in a living room.
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6. Expected Outputs

During training/testing phase, the proposed
system collected the raw depth data, and extracted
human silhouettes and the joints information. Then,
random input activities were trained and recognized
using HMM.

Figure6. Some example of experimental results of
the proposed system

The proposed system here can provide the
expected outputs as shown in Figure 6. These are
some of expected outputs in this system. Our
approach is intended to improve the performance and
accuracy of recognition.

7. Conclusion

In this system, a methodology to detect and
recognize the human activity in both depth images
and skeleton joints is proposed. In order to obtain a
suitable representation of the human body, spatial
depth shape features and temporal joints features are
used to improve classification performance.

Both of these features are fused together to
recognize different activities using the hidden
Markov model (HMM). Our proposed system can be
applied to the specific domain of healthcare system
including home and hospital for the elderly, disabled
or children to support their health in place via
continuous monitoring of their daily activities.
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