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Abstract— This paper proposes a new technique for motionbased representation on the basis of optical flow analysis and
random sample consensus (RANSAC) method. The method is
based on the fact that an action can be characterized by the
frequent movement of the optical flow points or interest points
at different areas of the human figure. A combination of optical
flow and RANSAC to identify a human body within a frame
and the average percentage of change of interest points at
various positions around the body are used as features for a
particular action. Using the extracted features, a distance-based
similarity measure and a support vector machine (SVM)-based
classification technique have been exploited for recognition. From
experimentations upon a standard motion database, it is found
that the proposed method offers a very high degree of accuracy.

I. I NTRODUCTION
Recognizing the identity of individuals as well as the
actions, activities and behaviors performed by one or more
persons in video sequences are very important for various
applications, such as surveillance, robotics, biomechanics,
medicine, sports analysis, film, games, mixed reality, etc.[1]
[2]. In this paper, a novel action clustering-based human
action recognition algorithm is presented. Here, optical flow
is employed in order to detect the presence and direction of
motion, whereas, RANSAC is used for further localization
and identification of the most prominent motions within the
frame. The density of optical flow interest points indicates the
probable position of the person along the horizontal direction.
More localization is done next based on statistical evaluation
of the positions of the interest points both horizontally and
vertically. A small bounding box around the subject is thus
obtained. The area of the box is then divided into a number
of small blocks and the percentage of change in number of
interest points within each block is calculated frame by frame.
All the matrices formed this way from the similar actions
are averaged and used as a feature for that respective action.
Finally, classifiers are utilized for the classification task.
II. P ROPOSED M ETHOD
Figure 1 shows the overall flow diagram of the proposed
system, which consists of feature extraction, learning and
recognition phases. The objective of the proposed method is
to extract the variations, present in different human actions,
by developing a successful measure to follow the movement of different body parts at different directions during

Fig. 1. The main components of the feature extraction and the human action
recognition system.

Fig. 2.
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an action. For this, the optical flow analysis is employed to
track any movement in multiple frames. As the optical flow
method is prone to slightest background movement or camera
movements, the RAndom SAmple Consensus (RANSAC) [3]
algorithm is next applied for further purification of the motion
detection. This way, some interest points are obtained which
seem to be tagged with the moving body part and move
towards the same direction. As can be seen in Fig. 2, most of
the interest points (in red points), after performing RANSAC,
are gathered around the moving hand. Moreover, almost all
the interest points are now gathered around the whole body,
which provides the scope to detect the position of the human
subject in the scene. A moving window of a fixed length is thus
taken along X-axis (preferably a window wider than the width
of the human body in the scene), and the number of interest
points inside the window is calculated. This process returns the
position of the window along X-axis with maximum number
of interest points depicting position of the human subject.
Next, the mean (ϑy ) and standard deviation (σy ) of the
Y-axis values of all the points in the chosen window are

TABLE I
COMPARISON OF RECOGNITION RATES OF VARIOUS ACTIONS OF THE WEIZMANN DATASET
Action

Run

Side

Skip

Jump

Pump

Bend

Jack

Walk

Wave1

Wave2

ED

100%

100%

100%

100%

100%

100%

100%

100%

100%

100%

SVM

91.67% 91.67% 91.67% 91.67% 91.67% 91.67% 91.67% 91.67% 91.67% 91.67%

calculated. The Y-axis is divided into n segments starting from
ϑy − σy − δy to ϑy + σy + δy . The value δy is an adjustment
constant chosen empirically based on the probable height of
a human subject in the frame. Within the window along Xaxis and the limit imposed along Y-axis, the mean (ϑx ) and
standard deviation (σx ) of the X-axis values of all the points
are calculated. Then the X-axis is also divided into n segments
starting from ϑx − σx − δx to ϑx + σx + δx . The value δx
is another adjustment constant chosen empirically. Thus, the
human subject is now encapsulated within a bounding box
which is divided into n × n smaller blocks or segments.
The procedure is repeated in each frame. If the number of
interest points within block k at the i-th frame is IPki , then
the change in number of interest points in each block ϕik is
calculated frame by frame by, ϕik = ϕik + | IPki − IPki−1 |,
where, k = 1, 2, ..., n2 and i = 2, 3...., r and r is the total
number of frames. Also, the total change in interest points ψ i
for a given frame i is calculated and cumulated throughout the
operation by,
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n
X
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(1)
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Finally, the percentage of change in number of interest points
in all the blocks is calculated employing,
P ercentChangek =

r
X
ϕi
( ki ) × 100%.
ψ
i=1

(2)

The above operation is done for several persons performing
the same action and the matrices of percentage change of
interest points obtained from all the persons are averaged
to obtain a feature vector for the respective action. The
whole process is repeated for several actions and a feature
vector table is constructed. Next, for action classification,
a distance-based similarity measure and an support vector
machine (SVM)-based similarity measure are utilized.
III. E XPERIMENTAL R ESULTS AND A NALYSIS
In this experiment, the Weizmann Database [4], consisting
of 90 low-resolution (180 × 144) video sequences showing
nine different people, each performing 10 natural actions
has been considered. The classification task were performed
following the leave-one-out test rule. The localization was
mostly accurate for different actions and the results in terms
of recognition accuracies obtained by the proposed method
for the Weizmann-database are listed in Table I. It can be
seen that, the recognition accuracies were 100% with simple
Euclidean distance measure while with SVM the accuracy rate
averaged 91.67%. Here, the Euclidean Distance classifier uses
the average values of all the feature vectors obtained from
different persons performing a certain action as the feature for

TABLE II
COMPARISON OF PROPOSED METHOD WITH OTHER
ALGORITHMS IN TERMS OF AVERAGE ACCURACY
Method

Weizmann
dataset

Proposed: Euclidean Distance

100%

Proposed: SVM

91.67%

Ali et al [5]

94.75%

Seo et al [6]

97.5%

Laptev et al [7]

91.8%

that action, while SVM-based classifier considers each person
to be a different entity. As the averaged feature matrix contains
more generalized information about the movement pattern
of body during an action, the Euclidean distance measure
surpluses the SVM method. Table II shows the comparison
of performance of the proposed method with some other
promising methods.
IV. C ONCLUSIONS
This paper presents a novel motion-based human action representation approach by evaluation of the statistical properties
of a combination of optical flow and RANSAC algorithms.
The major advantage of the proposed method is that it is
simple but efficient. It tries to identify any action by tracking
the movement of the body parts, quite like how the human
brain differentiates between actions. Because of person localization, the method is robust enough to identify the same
action performed anywhere else within the frame. However,
the method is yet to be tested for more complex actions in
cluttered outdoor environment and its performance against
the self occlusion problem needs to be investigated. Finally,
based on the experiments, it can be strongly claimed that the
proposed method can be useful for various applications related
to gesture and action understanding in the future.
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