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Abstract:
Action representation for robust human activity recognition is still a
challenging problem in human-robot interaction. In this paper, we present
two new methods for action recognition. The first method, named SIFT
Motion Estimation (SIFT-ME), is derived from SIFT correspondences in a
sequence of video frames and adds tracking information to describe
articulated human body motion. SIFT-ME contains 2D transformation
parameters of image features for describing planar motions including
translation and rotation. The second method, named 2D Distal-Limb
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Skeletonization, accurately extracts the distal segments of human limbs by
fitting a nine-element stick figure to the human silhouette. This skeleton
model provides precise endpoints of the distal segments of each limb which
are reduced to centroids for efficient recognition. As we believe the distal
limb segments (e.g. forearms and shins) provide sufficient and compact
information for human activity recognition, we compress the nine-segment
skeleton to these four segments. Each limb centroid is described by its
angle with respect to the vertical body axis to create an action descriptor
vector with six elements which represent the position of the torso and four
limb segments. The six-element descriptor is detected and tracked without
any manual initialization. It is also invariant to image resolution,
illumination and video frame rates, making it suitable for a wide range of
human tracking applications from real time surveillance to human-robot
interaction. For both methods, a Gaussian Mixture Model is used to
represent action descriptors for several human activities. Then, the
maximum log-likelihood criterion is utilized for clossification.
Key Words: Human action, Recognition, Action description, Skeleton

1.Introduction.
Human action is a spatiotemporal event since there are spatial
features in each frame that represents the action and variations which occur
across these frames. The existing methods in the literature for action
representation can be classified into two categories; (1) Dynamic methods
and (2) Static methods. Dynamic methods utilize information across
images such as motion, spatiotemporal shapes, and trajectory as a
collection of local descriptors or patches to represent actions [1,4,6,15, 16,
21,22and 25]. On the other hand, static methods use spatial features like
pose, contour and shape to represent actions in video [2, 10, 19, 23, 24, 26,
27 and 28].
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In this paper, two methods have been developed for action
recognition. The first method represents the dynamic method, named SIFT
Motion Estimation (SIFT-ME),which is derived from SIFT [7]
correspondences, inherits the SIFT advantages and is invariant to noise,
illumination variation, and small view angle changes. The process of
estimating SIFT-ME features from videoscontaining human activities is
described as follows.
First, background subtraction method applied to videos to segment
the moving subject from background. Second, SIFT features of the moving
subject (foreground) ware detected using the method presented by Lowe
[7]. Then, the foreground subject was tracked in videos to find the motion
direction. Third, translation vector between the SIFT key point
correspondences can be calculated by finding the SIFT key point
correspondences between two consecutive frames. Afterwards, we combine
the translation vectors with the tracking results that signify the motion
direction, and represent the subject’s motion by a vector containing
translation distance, translation direction, and in-plane rotation angle. It is
important to mention that the SIFT-ME is more than 2D motion features
(translation vector) between the key points and it also describes local body
rotation around the key points. Fig. 1 illustrates a general overview of the
SIFT-ME methodand Distal-Limb Skeletonization method.
The second method represents the static method, named 2D DistalLimb Skeletonization,which presents a novel method for detecting distal
limb segments for accurate fitting of a human skeleton model in visual data
for human action representation and recognition. Our method for detecting
the distal limbsegment consists of the following steps: First, an adaptive
multi-dimensional Gaussian model is utilized to segment moving objects
from static background. A simple tracker is applied to moving subjects
(i.e., foreground) to detect the motion direction of the moving subjects. The
foreground which represents the body silhouette is considered as a blob.
Then, a distance transform algorithm followed by a line fitting algorithm is
used to fitanine-segment skeleton model in the body silhouette.The fitting
process is performed independently for each of the four limbs to avoid the
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combinatorial complexity problems. After thehuman skeleton fitting step, a
six-element descriptor vector is extracted to characterize the statistical
behavior of extracted features using Gaussian Mixture Model (GMM) for
action description and recognition.
The remainder of this paper is organized as follows. Related work is
reviewed in the next Section. The foundation of our methods for SIFT-ME
and skeletonization including background subtraction, human skeleton
fitting, SIFT-ME calculation, feature vector extraction, and action
classification are presented in Section 3.Our experimental results are
presented in Section 4. Finally, Section 4 concludes the paper.
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2. Related Work:
The recent work on action recognition can be broadly classified into
two types of methods; dynamic methods and static methods. The dynamic
methods describe the observation as a collection of local patches. These
patches which correspond to interesting motions are sampled at space–time
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interest points where the local neighborhood has a significant variation in
both spatial and temporal domain [4]. The idea of this method is to collect
the interest points as spatiotemporal features that are distinctive and
descriptive. One example of this category is the work done by Laptev and
Lindeberg [25]. They extended 2D Harris corner detector to 3D and
utilized it to detect points with high intensity variations in both spatial and
temporal domain based on velocity changes. This detector was capable to
produce descriptive and distinctive interest points. In related work by
Scovanneret al. [1], the SIFT descriptor[7]was extended to 3D SIFT. The
3D SIFT descriptor that accurately captures the spatial-temporal of the
video data is a spatiotemporal histogram-based representation of image
patches. The 3D SIFT descriptor improved the performance on the task of
action recognition in a bag of words paradigm. Another related work SIFTbased method to recognize human action is known as MoSIFT by Chen et
al. [21]. In that work, they proposed MoSIFT algorithm to detect and
describe spatial-temporal interest points. The MoSIFT algorithm detects
spatially distinctive interest points through local appearance to describe
human body motion in both spatial and temporal domain. Another example
of this work can be found in Efros et al. [15]. In their work, they build their
motion descriptors using optical flow that relies on spatio-temporal
correlations between two consecutive frames. An advantage of using local
methods is that they does not need labeling of body parts and less sensitive
to viewpoint, noise, and occlusion.
In contrast to the dynamic methods, the static method looks at the
changes in the shape of the whole body and tries to recognize actions based
on its dominant motion in the limbs. For instance, the method pursued by
Chen et al. [11] falls in this category; they proposed a star skeleton
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representation to recognize human motion. The center of mass of a human
silhouette is extracted to represent the body as a single star. Then, extreme
points corresponding to extreme contour points are detected as local peaks.
In order to accurately detect extreme points for human body, Yu and
Aggarwal [18] proposed a two-star skeleton representation by adding the
highest contour point as the second star. Two sets of local peaks are
estimated to find more precise extreme points. This work was modified
later to variable star skeleton by Yu and Aggarwal [19]. The variable star
skeleton was proposed to improve the accuracy of finding extreme points.
They first constructed a medial axis from the human body contour. Then,
they treated all junction points of the medial axis as stars. For each star,
they generated a set of extreme points; each extreme point was processed
according to its robustness visibility, and proximity to its neighbors.
Another example is the work of Chun et al. [20]. They proposed 3D star
skeleton based on 3D information of the human posture through using eight
projection maps. Although star skeleton is simple and fast for computation,
its accuracy for detecting limbs needs further improvement. It cannot
discriminate between the limbs and the other parts of the body compared
with our method.

3. proposed Methods:
In this section, two new methods were described for action
recognition. The First method is derived from the SIFT correspondences in
a sequence of video frames. The second method extracts the distal
segments of human limbs.
3.1 SIFT-ME Method:
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SITFT-ME has similar expression to 2D Euclidean transformation
, and is obtained based on SIFT correspondences and tracking
information. First, background subtraction is applied to video frames to
segment the moving objects (human body) into foreground and
background. Second, SIFT feature detection is applied to the foreground
image (human body). At the same time, a Kalman filter is applied to the
silhouettes to obtain the human’s motion direction (object tracking). Next,
corresponding points between every two consecutive frames are extracted
using SIFT feature matching. Finally, by utilizing the tracking information
and corresponding points, the SIFT-ME features are readily driven.
3.1.1 Region of interest segmentation (ROI):
Most vision-based human motion recognition systems start with
Region of Interest (ROI)segmentation in temporal or spatial domain. ROI
segmentation in video data aims at detecting regions that correspond to
moving objects in a sequence of frames. For scenes with a relatively static
background, most ROI segmentation methods are based on background
subtraction algorithm, which calculates the difference between the current
image and a reference background image, pixel-by-pixel, to detect moving
objects in a sequence of frames.
In this paper, an adaptive Gaussian model using probability density
functions for image pixels wes built to evaluate if the pixels belong to
background or foreground[17]. This method is mainly utilized to segment
moving objects from the static background to represent the ROI. The first
few frames (30 frames) of each video are usually used to learn the
covariance matrix and the mean value of each pixel and are used in the
probability model to extract the ROI from the scene. This probabilistic
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University Bulletin – ISSUE No. 20- Vol. (1) – March- 2018.

Human Activity Recognition Using Shape and Motion Features ــــــــــــــــــــــــــــــــــــــــ

model (the mean and covariance) is updated continuously for every new
frame to adapt to changes occurring in the scene during an action
performance.To increase the accuracy of the adaptive Gaussian model for
background subtraction, we modified the algorithm of Stauffer and
Gaussian [17] by representing the color value of each pixel in the RGB
image
using a multi-dimensional Gaussian distribution instead of a
one dimensional Gaussian distribution for gray scale images. Then, the
probability
is defined as:

of a background pixel (i,j) with color value

at time t

Where, is the mean and is the covariance matrix of pixel(i,j).
In order to remove noise and fill holes in the foreground image,
morphology operators such as opening and closing are applied to the
foreground mask image. The mask image is utilized as a filter to segment
out the moving object in the scene.
3.1.2 SIFT correspondences:
SIFT proposed by David Lowe[7] is a technique for robust feature
extraction where an image is represented by a large set of features, each of
which is invariant to image translation, scale, rotation, partially invariant to
illumination changes and robust to local geometric distortion. Each SIFT
feature is described by the coordinates of its location, magnitude and
orientation of image gradients. Where,
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key points in frame coordinate system,

represent the magnitude

and angle of gradient for SIFT key points,
.
After extracting the SIFT features in each frame, we need to find the
corresponding points between every two consecutive frames. A modified kd tree method called Best-Bin-First [5] that can identify the nearest
neighbors with highest probability is applied to every two consecutive
frames. Bins in feature space are searched in the order of their closest
distance from the query location. The best matched candidate is found by
identifying its nearest neighbor. As a result of this step, corresponding
points are detected and utilized for motion estimation.

3.1.3 Action data extraction
Once the corresponding points are found, the 2D transformation
parameters can readily be calculated using the coordinates of the SIFT
correspondences and the estimated motion direction. Equation 3 presents
the 2D transformation parameters:

(2)
where

is the translation distance,

translation , and

is the direction of

is the rotation angle of the key point. The

vector
is the SIFT-ME features extracted for each pair of
corresponding point. Because of adding motion direction in the translation
angle and rotation calculation, SIFT-ME features are invariant to motion
direction along x-axis (i.e., horizontal direction). Fig. 2 shows SIFT-ME
features where the blue arrows and the circles illustrate the point’s
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translation and the rotation respect to SIFT key points, respectively.A
simple tracker using Kaman filter is applied to the bounding boxes which
represent the human body to track their position and predict their location
in the next frame. With the tracker the motion direction
using the difference in horizontal position between the centers of the
bounding boxes in two consecutive frames. If we assume that the center
position in horizontal axis is
calculated as:

and , the motion direction can be

3.2 Distal-Limb Skeletonization Method
In this section, we describe the second method for detecting the
distal limb segments for accurately fitting nine-segment skeleton model.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 2: Illustrates the process of extracting SIFT-ME features, from left to right,
original image, segmented image, SIFT detection, tracking, SIFT correspondences,
SIFT-ME features.

3.2.1 Human Skeleton Model Creation
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Once the binary image which represents the silhouette of the moving
body is successfully extracted from the background subtraction using the
same procedure in the first method, the distance transform algorithm is
applied to this image. Then, the medial axis transform (MAT) is used to
convert the silhouette into a simple structure. The MAT is a process for
reducing foreground regions in a binary image to a skeletal remnant that
largely preserves the extent and connectivity of the original region while
throwing away most of the original foreground pixels to produce the
skeleton. The MAT used in this paper is based on distance transform (DT)
of each shape point to the boundary and tries to extract the skeleton by
finding the points in the medial axis of the object. The result of the DT
algorithm is a gray level image that look similar to the input image, except
that the gray level intensities of points inside foreground regions are
changed to describe the shortest distance from the edges of an object to a
given shape point in the object [4]. The distance transform (DT) is the
radius of the largest disk in the shapecentered in
Mathematically, the medial axis, or skeleton
of a binary image,
is a scalar field that contains the points that have maximal equal distance
between two pixels
pixel

on the boundary ∂ of the object

and

in the center axis with highest DTvalue:

These pixels are considered as medial axis of the object because they
are close to the center axis and located equidistant with at least two
boundary points from both sides of the silhouette. Fig. 3 shows the results
of background subtraction and skeleton extraction using MAT for sample
images used in this paper.
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Since MAT algorithm does not preserve the connectivity of the
skeleton, and line fitting algorithm is used to resolve this issue. The
skeleton model used here to represent the human consists of nine segments
and six joints as shown in Fig. 4. This skeleton model is created by
applying line fitting algorithm to the skeleton generated using the MAT
algorithm.

(a)
(b)
(c)
(d)
(a)
(b)
(c)
Figure 3: Illustrates the process of extracting Figure 4: Human skeleton model for throwing
skeleton (a) Binary image, (b) Distance transform action; (a) Original image (b) Skeleton (c)
algorithm (c) Result of MAT algorithm, (d) Skeleton model.
Skeleton after applying morphological operations.

In the line fitting algorithm, the least squares curve fitting method is
used to represent line with an equation rather than as separate points. To do
this we use a process called line or data fitting. For a line

and a

set of Npoints
, we aim to find the parameters a andb such that an
error criterion that describes the deviation of the N points from the line is
minimized.For our fitting algorithm, the vertical deviation
which is calculated as:

is utilized

Therefore, data with N points has a total error :
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Substituting the equation of eiyields,

In order to find the best fit, is minimized using the standard least
squares method, which attempts to minimize the sum of the squares of the
error distances
of all the points.
In the fitting algorithm, the first step is to fit the line from the
centroid

of the silhouette to the head center to represent the

torso
. Once the torso has been successfully fitted, all four limbs are
scaled based on the white pixels in the skeleton which is extracted from the
silhouette. Each limb is fitted independently to avoid the combinatorial
complexity problems. Therefore, the bounding box of the silhouette is
divided into four boxes based on the centroid
point to make sure that
all the limbs are covered using the fitting algorithm.After fitting an
appropriate line, which is based on the number of the white pixels in each
box, all the lines are connected to the centroid or shoulder joint that are
located at 1/4 of the total distance from the head center to the centroid.
These lines are used to identify the position of the legs and arms based on
the location of the box. In the case where the torso angle is greater than ±30
degree,as in jumping, picking up and bending actions, the bounding box of
the silhouette is divided into two boxes based on the centroid
point
of the silhouette. One box is used to fit the lines for hands and the other box
is used to fit the lines for feet based on the number of the white pixels in
each box.
137
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Figure 5 Each frame shows the five angles that provide orientation data of torso
and limbs. Planar translation magnitude within the frame rounds out the sixelement feature vector.

3.2.2 Feature vector extraction
Once the human skeleton fitting is completed, the centroid angles of
the distal segments on the limbs can be detected as features to identify the
orientation of the distal segments. In order to determine the centroid angle,
the angles of the endpoints of the distal segment, with respect to the
vertical body axis, are averaged for each segment. Each limb centroid is
described by its angle with respect to the vertical body axis to create a fiveangle vector which represents the orientation of the torso and four limb
segments. Since all the five-angle measurements are relative to the vertical
body axis in one frame, it is necessary to add other information about the
motion of the human as function of time to the classifier to discriminate
138
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between the actions that have similar angles and different positions such as
picking up and jumping. Therefore, translation distance, which gives the
difference in position between two consecutive frames, is added to the
descriptor vector to increase the classification accuracy. Consequently, the
resulting features extracted from each frame are five-angles of
displacement from the vertical body axis and the translation distance of the
position of the hip.This yields a six-element descriptor vector with precise
orientation data and translation data of the human body for each frame, as
illustrated in Figure5.
3.2.3 Action classification
GMM is a parametric probability density function represented as a
weighted sum of Gaussian component densities. GMM parameters are
estimated from training data using the iterative Expectation-Maximization
(EM) algorithm. Where, the Expectation Maximization algorithm [17] was
used to train separate GMMs each representing one action using descriptor
feature vectors extracted from video sequences of multiple subjects. Let us
assume that

is a set of GMMs registering the motion patterns

of z actions and
contains the label for the corresponding
action. In our method, several sequences of descriptor vectors with six
dimensions (five-angles and the translation distance (d=6)) ware used to
compute the distribution probability for N components of GMM
, which is defined as:
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where is the weight of the ith GMM component. The
covariance matrix of the GMM components has spherical shape. After
training the GMMs using the EM algorithm, Maximum Log-likelihood
method was applied to classify actions in a given video into different
classes. Given an observation sequence
,
, and a
GMM configuration, by assuming the observations are independent from
each other, then the likelihood function of Gaussian
defined as:

,(

) can be

The log-likelihood function is calculated by taking the logarithm
value:

The maximum log-likelihood criterion is used to classify the action
by assigning the maximum observation data sequence of

to GMMs.

Where denotes the GMM which has the largest log-likelihood for
the observation data sequence. The action label corresponding to this
GMM is assigned to the observation sequence as:

4. Experiments and results
In order to evaluate the performance of our method, we utilized
a dataset captured at the University of Denver (DU Dataset) which consists
140
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of 305 videos of seven different actions performed by seven subjects. The
videos were captured using a JVC camcorder in 30 fps wither solution of
640480. The following seven actions were considered for recognition:
walking, running, throwing, turning around, jumping, waving, and picking
up. For collecting the database, each subject was asked to perform each
action many times in front of the camera fixed at a location inside a
building. The subjects are given freedom to perform the actions at their
own pace at any distance in front of the camera. The number of videos for
each action is between 4 and 7 per subject.
Table I. Confusion matrix for Skeletonization method on the DU dataset.

Pick
up
Run
0.93
0
0
0
0
0
0
Walk
0.07
1
0
0
0
0
0
Jump
0
0
1
0
0
0
0
Turn
0
0
0
1
0
0
0
Wave
0
0
0
0
0.98
0.02
0
Throw
0
0
0
0
0.02
0.98
0.02
Pick-up 0
0
0
0
0
0
0.98
Leave-One-Subject-Out (LOSO) method was applied to verify the
performance of our method. For all the videos, one subject is removed from
the training set and the other subjects utilized to train separate GMMs for
separate actions. The excluded videos were used to test the accuracy of our
method in classifying the performed actions in videos based on the
maximum log-likelihood classification. The considered test subjects are
different from the training ones and the subjects were given freedom to
perform the action at their own pace at any location in front of the camera.
Actions
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Run

Walk

Jump

Turn

Wave

Throw
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This process was repeated for all the subjects and all the actions in both
dataset separately. Table I illustrates the results of classifying actions in
videos into different classes based on LOSO in form of confusion matrix
for SIFT-ME method. The accuracy of SIFT-ME method is 100% for
walking and above 93.4% for all the actions. The average recognition rate
is 96.6%.

5. Comparison of other Methods
We compared the performance of our SIFT-ME method and sixelement descriptor with other relevant action recognition methods. These
methods are either based on skeleton model [11, 19, 24], or used the
trajectory of the interest points [1, 4, 10, 16].Table 4 summarizes the
comparison with different methods based on the reported results in the
published paper. The result of the first four methods utilized DU data set
with GMM and maximum log-likelihood for activity recognition. In order
to find the contribution of rotation information, we only used the SIFT
recognition, and a 93% recognition rate was obtained. The optical flow
method [14] which used the motion features achieved a recognition rate
92%. Clearly, from Table III, SIFT-ME outperforms all other methods
(optical flows, 3D SIFT, and SIFT Translation) for human activity
recognition.The results of the other three methods, variable star skeleton
method [23, 26, 27, and 28], 3D SIFT [1], and chaotic invariants method
[10], that utilized the Weizmann dataset [6] are compared with our method
in Table III. Variable star skeleton which detect extremities inside the
contour rather than the limbs achieved a good recognition rate 94%.The
chaotic invariants method [10] used a semi supervised joint detection
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method for the human body to detect the six points (two hands, two feet,
the head, & the belly point) as approximation of body joints. Based on
trajectories of these reference joints, they achieved a recognition rate 92%
with no skip action compared with our method that can achieve 94% with
no skip action. The 3D-SIFT [1] method, which uses the motion features to
recognize the action, has an 82% recognition rate that is 8% lower than our
method.
Table II. Confusion matrix for SIFT-ME method on the DU dataset.
Actions

Running Walking Jumping Turning Waving Picking up

Running

0.95

0

0

0

0

0

Walking

0.05

1

0

0

0

0

Jumping

0

0

0.97

0

0

0

Turning

0

0

0

0.97

0.04

0

Waving

0

0

0

0.03

0.94

0.04

Picking up

0

0

0.03

0

0.02

0.96

6. Conclusions and future work
This paper presented two methods; the first method has proposed a
new motion descriptor called SIFT-ME to reduce the influence of
environment variations for human action recognition. SIFT-ME can be
used as a robust method for motion description for different applications in
the field of computer vision and human-robot interaction. In this paper, we
have successfully utilized the SIFT-ME features for describing and
recognizing human actions in videos.
Table III. Comparison of different methods.
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Method

Dataset

Our six-element Descriptor
Our SIFT-ME method
Optical Flow method [14]
SIFT Translation method
Variable Star Skeleton;
Yu and Aggarwal [20]
3D SIFT Scovanner et al.
[1]
Chaotic invariants;
Ali et al. 2007 [10]

DU
DU
DU
DU
Weizm
ann
Weizm
ann
Weizm
ann
Weizm
ann

Our Six-element Descriptor

Video
Resolution

Frame
Rate

No. of
Actions

No. of
Subjects

640 ×480
640 ×480
640 ×480
640 ×480

30
30
30
30

7
6
6
6

7
7
7
7

Recogni
tion
Rate
98%
96%
92%
93%

180 × 144

50

10

9

93%

180 × 144

50

10

9

82%

180 × 144

50

9
no skip

9

92%

180 × 144

50

10

9

90%

Our experiments show that SIFT-ME outperforms optical flow, 3D
SIFT, and SIFT translation features for human action recognition. The
second method presented a novel method for fitting distal limb segments in
visual data for accurate human skeletonization. The nine-segment skeleton
model is suitable for a wide range of applications from surveillance to
human motion analysis and human-robot interaction (HRI). Our
experiments have showed that our method is able to detect the limbs,
recognize different actions and comparable with other relevant methods.
Clearly, there are some restrictions of the proposed methods for
human action recognition. One limitation is the extraction of human
silhouette (i.e., background subtraction). To build a robust system, a strong
method for dynamic segmentation independent of environment needs to be
developed with our method. Another limitation is the camera movement
which is fixed in this work and the subject is moving in different directions
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with respect to the camera. In the future work, we plan to develop a system
independent of the environment and camera movement.
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