2015 International Conference on Data and Software Engineering

Grid-based Histogram of Oriented Optical Flow for
Analyzing Movements on Video Data
Achmad Solichin1, Agus Harjoko2, Agfianto Eko Putra3
Department of Computer Science and Electronics
Gadjah Mada University
Yogyakarta, Indonesia
1
achmad.solichin@budiluhur.ac.id, 2aharjoko@ugm.ac.id, 3agfi@ugm.ac.id

Abstract— Detection and recognition of object movements in a
video is one of the research topics that are popular today. For the
purposes of the analysis of the object movements in the video, the
direction of movement is the important feature. In this study, we
proposed a new method for determining the direction of movement
using Histogram of Oriented Optical Flow (HOOF). We extract it
locally at every N-by-N grid, not the entire frame. Direction
movement is determined based on the value of HOOF on every
grid. We classify the direction of movement in each grid into 12
directions. We use a video from UMN datasets for testing the
proposed method. The experiment results show the value of False
Positive Per Grid (FPPG) is 28.32%, and False Negative Per Grid
(FNPG) is 4.08%. It proved that the use of Grid-based HOOF for
analyzing movements on video data is good enough and can be
improved in the future studies.
Keywords— direction of movements; optical flow; histogram of
oriented optical flow; video

oriented gradient), HOF (histogram of oriented optical flow) and
HNF is the most widely used descriptors [3], [4]. HOG
descriptors used for the detection of objects in the video, such as
humans and pedestrian detection [5]–[8]. Meanwhile, the HOF
is a descriptor derived from the optical flow features. Other
researchers call HOF as another term, such as HOOF [9], OFOH
(optical flow orientation histogram) [10] and HOFO (histogram
of optical flow orientation) [11]. In this study, we used the term
HOOF.
In this research, we proposed a new method for determining
the direction of movement in the video data using the HOOF
features that are extracted locally. The frame is divided into an
N-by-N grid size. The direction of movement is determined
based on the distribution of HOOF that be extracted from every
grid. Normalization of direction is done to 12-bins directions.
Testing is done by using a UMN datasets that containing some
events in it.

I. INTRODUCTION

II. RELATED WORK

One of the rapidly evolving research topics in the field of
computer vision is a smart surveillance system. Video data from
a camera are processed for various purposes using certain
methods. Some of the studies related to video processing are
movement detection, object detection, object classification,
object recognition, object tracking, and object movement and
behavior analysis. Analyzing the movement of objects in the
video is one area that is very interesting. The results of video
analysis are widely used for developing an intelligent
surveillance systems, intelligent transportation systems,
navigation system and early warning systems of abnormal
movements.
In the process of analyzing the movement of objects in the
video, the direction of movement is one of the important feature.
The direction of movement can be used for tracking or event
detection and recognition. In [1], the direction of movement is
used as descriptors to classify human activity in the videos.
Meanwhile, the histogram of the direction of movement can also
be used to analyze the behavior of the crowd as in [2]. The
histogram used as indicators of the direction of movement of the
movement speed. A change of speed is used to detect any
abnormal movement in the video.
Various descriptors are proposed by researchers for
analyzing the movements in the video. HOG (Histogram of

A. Optical Flow
Optical flow is the movement patterns of objects, surfaces
and edges in a visual scene caused by the relative motion
between an observer (human or camera) and the scene [12].
Optical flow features describe a flow direction of light from a
moving object relative to a stationary observer or otherwise
stationary object to a moving observer. Nowadays, optical flow
is widely used in the field of computer vision that related to
image and video processing. It is used for various purposes, such
as motion detection, moving object segmentation and predict the
direction of moving object.
The term of optical flow was first used in the field of human
vision and introduced by psychologist James Jerome Gibson in
the 1940s. However, in 1980-81, Horn and Schunck [13] found
a simple way to calculate the value of optical flow based on
certain regularity. Afterward, researchers propose some methods
to compute optical flow. However, the most widely used is the
Lucas-Kanade [14] and the Horn-Schunck [13] method. Both
methods have their advantages. Both methods can work well on
a small movement, but less reliable when applied to objects that
moving quickly, or change the brightness rapidly. One solution
to the problem is to apply pyramid technique [15]. Some optical
flow computation methods are discussed very well in [16]–[18].
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Optical flow features are widely used in various studies.
Research by Hou et al. [19] proposed trajectory features and
regional optical flow to detect any abnormal movements on
video. Optical flow fields are extracted for each frame with
Lucas-Kanade method [14]. The proposed method successfully
detects normal and abnormal movements with the success rate
84.56% for CAVIAR dataset and 87.28% BEHAVE dataset.

and von Mises distribution [33]. The direction of movement is
used to detect some human events such as walking, running,
regular movement, evacuation, split up, merging and local
dispersion event. Other research uses the direction of movement
for human object recognition in a video [29].

About the trajectory tracking of moving objects, optical flow
is also commonly used. In [20], Senst et al. proposed a method
of ROI selection for tracking based on optical flow features.
Although the results are not so good, the method is 65% better
than KLT descriptor [14], [21]. The use of optical flow for
objects tracking in the video are also discussed in [22]–[24].

Our proposed approach to determining the direction of
movement briefly described in Fig 1. The process began with the
extraction of a video sequence into a frame and converted into a
grayscale image. Then, optical flow features are extracted from
the image using Horn-Schunck method [13]. For each pixel in
the image, the optical flow field is computed. The output value
of the process is horizontal (u) and vertical (v) components in
complex form. Horn-Schunck method computes optical flow
fields using Sobel convolution operation.

B. Histogram of Oriented Optical Flow (HOOF)
Histogram of Oriented Optical Flow (HOOF) is the
histogram that obtained from optical flow [25]–[27]. Directions
of optical flow grouped into a set of values. The direction can be
grouped into 4-bins [28], 8-bins [26], 9-bins [10], [11] or more
[28]. In this study, we grouped them into 12-bins.
HOOF features have been developed and used by some
researchers. Chaudhry et al. are the first researcher that proposed
HOOF features as a descriptor for human actions recognition
[28]. Wang and Snoussi using 9-bins HOOF and SVM
classification method for detecting abnormal events detection in
a video [10], [11]. Meanwhile, Benabbas et al. using HOOF
features and magnitude as a model the direction of movement.
These have been used for recognizing human action and
detecting abnormal events movement in a video [29], [30].
C. Direction of Movements
Determining the direction of objects movements in a video
can be solved by various methods and features. Optical flow is
one of the features that very potential to solve it. Direction and
movement of moving objects can be determined with optical
flow fields. It contains two components, u and v. According to
[31], the direction of objects movements can be determined
using optical flow features with three alternative
implementations. There are optical flow centroids, geometric
moments, and direction flow pattern. The first method uses
centroids of optical flow and Kalman filter for object tracking.
This method is suitable for less crowded situations. The second
method uses geometric moments to evaluate the flow vector
distribution and to make sure of the direction in the crowded
situations by partitioning the scene and then applying moments
to individual partitions independently. The third method is
appropriate for crowded and small-sized objects near vanishing
points with little global object motion. The results showed that
all three of these alternatives may be used.
In other study, Smirg et al. use optical flow to determine the
direction and speed of moving objects in a video [32]. In addition
to using optical flow, the study also applies the Mixture of
Gaussian (MOG) method. The results showed that the direction
and speed of the object can be determined properly.
In [30], optical flow features extracted from each frame of
video globally, using Kanade-Lucas-Tomasi method KLT [14],
[21]. Then, optical flow features are grouped into blocks of a
certain size and each block is normalized using a directional map

III. THE PROPOSED APPROACH

Fig 1. The Proposed Method

Furthermore, the direction of the optical flow (θ) at point (x,
y) can be calculated based on the value of the components u and
v using equation (1). The value of θ is the angle in the range of
0 to 360 degrees.
,

= tan

,

(1)

,

The next step is to divide the video frame into an area or grid
with a size of N-by-N pixels. Determination of the size of the
grid depends on how detailed the direction of movement is
needed. The smaller the size of the grid (N), the more detailed
the direction of movement, but require more computational
resources. With a grid size N-by-N in an image of width W and
height H, it will obtain a number m-by-n grid, where
=
{1, 2, 3, … } and = {1, 2, 3, … }. Meanwhile, the coordinat
of grid (m, n) is (x, y, w, h), where = ( − 1).
+ 1 and
= ( − 1).
+ 1. The value of w and h refers to the size of
the grid (N).
In this study, before we compute HOOF value, the average
of optical flow fields ( ) on every grid is validated whether
below or above the specified threshold value. This is done to
eliminate small movements caused by illumination changes or
the presence of noise. Based on our experiments, we have
conclude that the best threshold value is between antara 10-3 to
10-2. In other words, HOOF value will be computed if the value
of is above the threshold.
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Equation (4) is a calculation of the average of optical flow
fields on a grid ( , ), where (x, y) are the coordinates of the
beginning of the grid which is calculated by equation (2) and (3),
u is the horizontal component of the optical flow, v is the vertical
component of the optical flow and N is the size of the grid.
= (

− 1).

+1

(2)

= ( − 1).

+1

(3)

,

( , )=

+

.

,

(4)

The direction of optical flow fields at every grid are
calculated with equation (1) and then it grouped into 12-bins. It
was called Histogram of Oriented Optical Flow (HOOF). In this
study, the direction of the optical flow normalized into 12-bins
of directions where each bin has a range of 30 degrees or
radians. In contrast to [25] that calculates the histogram of
optical flow directly to the entire frame, in this study we
calculated HOOF based on the distribution of optical flow
direction on a grid only. Fig 2 shows an example of the HOOF
representation in a polar plot and array structure.

Furthermore θb that has the highest number of T set as the
direction of movement of the grid θg.
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The entire process of determining the direction of movement
in a video that we have proposed is implemented into an
algorithm such as depicted in Algorithm 1.

IV. EXPERIMENTS AND RESULTS
We show the experiments and the results of our approach in
this section. We will focus on analyzing the experiment results.
We test our approach using videos from well-known datasets.
We use UMN dataset [34]. The UMN dataset is a video that
consists of 11 events in 3 different indoor and outdoor scenes.
The video has a total frame of 7740 frames with a 320x240
resolution. The total frame number is 7740 frames and its
duration is 4 minutes 17 seconds. The size of the grid are tested
in this study, are 32-by-32 and 64-by-64. Moreover, also, in this
study, we conducted testing in two different situations. There are
in the event of normal movement (people walking) and in the
event of abnormal movement (some people running in different
directions).
Fig 2. Example of HOOF Representation with 12-bins

HOOF value on a grid (m,n) is calculated based on the
distribution of optical flow fields at the point (x, y) in the grid
area. HOOF value calculation is done in two steps. The first step
is to classify the direction of optical flow (θ) into 12 group of the
direction. It denoted by θb. The value of
∈
{0, 30, 60, 90, 120, 150, 180, 210, 240, 270, 300, 330} . The value
of is calculated based on the value of θ at the point (x, y) as in
equation (5).
The second step is to vote for every θb that has been
normalized. For each direction of movement (θb), we calculated
the number of points that have the same direction using equation
(6). We obtained the amount of direction (T) of each θb.

Algorithm 1
1
input: video sequence
2
return: video with the direction of movements
3
4
initiate system object
5
initiate grid size = 32
6
initiate optical flow threshold = 10^-3
7
create grid matrices
8
9
loop for every video frame [1]
10
frame  current frame
11
rgbData  Convert and scale frame to uint8
12
Convert rgbData to grayscale
13
Convert rgbData to double image type
14
optFlow  compute optical flow of rgbData
15
16
initiate uGrid matrices = {0}
17
initiate vGrid matrices = {0}
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Algorithm 1
18
m0
19
loop i  every row of grid [2]
20
mm+1
21
n=0
22
loop j <- every column of grid [3]
23
optFlowGrid  get optical flow at current grid
24
θ  get the angle of every optical flow
25
nn+1
26
27
 get average optical flow value at current grid
28
if < threshold
29
uGrid (m, n)  0
30
vGrid (m, n)  0
31
continue loop [3]
32
endif
33
hisGrid  compute HOOF of every bin at current grid
34
maxAngleGrid  determine the angle at most
35
create an arrow of maxAngleGrid
36
endloop
37
endloop
38
display current frame, the grid and arrow of moving direction
39 endloop

Meanwhile, the validation is done by comparing the test
results with the visual observation manually. Based on the
results of the testing that has been done, the value of False
Positive Per Grid (FPPG) amounted to 28.32%. FPPG is the
percentage of false positives for each grid. FPPG shows how
many errors detected by the system at each grid according to the
visual validation. Thus, it can be concluded that the level of
accuracy of the proposed method is 71.68%. Some examples of
testing results of our approach are shown in Fig 3.

Fig 4. False Positive per Grid

The experiments also show that speed of object movements
in a video affects the results of FPPG. For slower movement
events, the FPPG value is lower. Table I shows the value FPPG
and FNPG for some different events and grid size being tested.
TABLE I. FALSE POSITIVE PER GRID (FPPG) AND FALSE NEGATIVE PER GRID
(FNPG) OF THE PROPOSED METHOD
Action

Grid Size

FPPG

People Walking

32x32

32,81%

FNPG
3,60%

People Running

32x32

34,02%

0,93%

People Walking

64x64

15,00%

6,24%

People Running

64x64

31,44%

5,56%

Average

28,32%

4,08%

FPPG value indicates an error rate of motion direction
detection on a grid that visually contain the movement while the
False Negative Per Grid (FNPG) suggests otherwise. FNPG
indicate how much error detection on a grid that visually not
contains the movement. The results of the calculation of the
value FNPG showed that the overall average value of FNPG was
4.08% as shown in Table I. It shows that the proposed method
can identify with both parts of which contain the movement and
what parts are not. The implementation of the threshold value
before computing HOOF result in the system's ability better at
detecting movement.
Fig 3. Grid-based Movement Detection of Some Frames

Fig 4 presents the value FPPG of any testing that has been
done. Based on the results of our experiment with two different
grid sizes, it appears that the value FPPG tends to go up and
down for a grid with 64-by-64 size. This result happened
because the grid size is too large and likely to exceed the size of
objects in the video. On a 32-by-32 grid size, value FPPG more
regularly so that the use of this measure is better for movement
analysis in a video.

Fig 5 shows the results of the FNPG on experiments that
have been conducted in this study. Different than FPPG, the
experiments resulted in a good FNPG value. It shows that the
level of accuracy of the system to detect the absence of
movement on an empty area is good. The level of detection
accuracy the direction of movement of an empty area is 95.92%.
Meanwhile, about the size of the grid, the testing showed that
the size of 32-by-32 has a better success rate than the use 64-by64 size.
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Fig 5. False Negative per Grid

[11]

V. CONCLUSIONS AND FUTURE WORKS
Grid-based Histogram of Oriented Optical Flow that
proposed in this study were tested using UMN dataset. Test
results show that the success rate of the system in determining
the direction of movement in the video is quite promising. The
value of False Positive Per Grid (FPPG) is 28.32%, and the value
of False Negative Per Grid (FNPG) is 4.08%. Also, conclusions
can be drawn from this study is that the size of the grid which
should be used is a grid of 32-by-32 pixel size because it
produces a better detection rate.
Based on experiment results, use HOOF features as a
descriptor of movement in the video showed promising results.
Some of the work we will do in the future such as increasing the
detection accuracy by observing the movement of the linkage
direction of movement on the grid for several adjacent frames.
Speed detection process can also be improved by not checking
the whole frame in a video, but only for a particular frame.
In the future, our approach that proposed in this study will be
developed and applied to analyze the movement of a video data.
Analysis of movement is not only done on one frame, but also
on several frames at once. Expected future research will produce
new descriptors that are suitable for analyzing the movements
and events of a video.
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