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Moving object detection is a crucial and critical task for any surveillance system. Conventionally, a moving object detection task is
performed on the basis of consecutive frame difference or background models which are based on some mathematical aspects or
probabilistic approaches. But, these approaches are based on some initial conditions and short amount of time is needed to learn
all these models. Also, the bottleneck in all these previous approaches is that they require neat and clean background or need to
create a background first by using some approaches and that it is essential to update them regularly to cope with the illuminating
changes. In this paper,moving object detection is executed using visual attentionwhere there is no need for background formulation
and updates as it is background independent. Many bottom-up approaches and one combination of bottom-up and top-down
approaches are proposed in the present paper. The proposed approaches seem more efficient due to inessential requirement of
learning background model and due to being independent of previous video frames. Results indicate that the proposed approach
works even against slight movements in the background and in various outdoor conditions.

1. Introduction

The process of detecting a moving object has a great sig-
nificance for computer vision field like video surveillance,
automatic target detection and tracking, and so forth. It is
also very beginning and important step in the automation
of surveillance system as it is bringing apart moving object
from background. Objects in video frame or scene are
specified as the moving objects that concern and hold the
maximum attention at that moment. Capturing the same
scene at various times and detecting the changes in them
has a large amount of applications in diverse fields. Real
time applications such as robotics visions and surveillance
would use series of frames as excitation and the problem
of object detection can be considered for such systems as
moving objects detection.

To implement any approach and to make it useful, two
factors should be considered: the computational cost and
efficiency. However, most of the object detection approaches

are expensive as far as its computational cost is concerned.
Static image sequence is used for reducing complexity of
algorithm but applying the same on each image frame of
video would not be a proper solution for object detection. An
approach based on the above conditions uses the most effi-
cient algorithms for static images whichwould be slower than
that of required moving object detection techniques for real
time analysis. Therefore, it is very essential that the proposed
approach should be efficient and reliable. A bunch of thoughts
comes to mind when it is about visual attention models of
human. One type of approaches encourages the importance
of bottom-up approach to drive out attention. These types of
approaches are neither task dependent nor based onmemory.
The claim is that our approach is more likely to focus on
objects which stand out from their background. One of the
most widely used models for bottom-up saliency is the Itti-
Koch model [1].

On the other hand, someone may point out the relevance
of various top-down aspects of the stimuli to drive our
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Figure 1: Classification of moving object detection methods.

attention. These task dependent factors include context and
feature based cues amongst others. For instance, if we are
given the task of searching for a pedestrian in an image, we are
likely to focus on the road despite there being salient objects
in the sky. Also, while searching for a car, we would call upon
our knowledge of what a car looks like and would drive our
attention to objects similar to it rather than objects similar to
a pole. In the proposed work, the context based and feature
based cues have only been considered amongst the top-down
influences which drive our attention.

2. Backgrounds, Introductory and
Interrelated Work

Various types of approaches have already been proposed to
resolve the problemof detecting the objects from the given set
of images. As shown in Figure 1, these methods of detection
can be divided into two predictable classes: (1) temporal
differencing and (2) background modeling and subtraction.

In temporal differencing, a scene is captured by a static
camera and moving object is approximated by difference
between two consecutive video frames. When a change
is found to be high, the pixel is identified as a moving
background. However, the real time application like surveil-
lance does not use temporal differencing due to its poor
performance.

In background modeling, the background is designed
by using mathematical models or probability theorems and
it is subtracted from the current frame. By comparing the
current frame with a valid model of scene background,
the background subtraction segments the changed regions
corresponding to the moving objects, referred to as fore-
ground. However, the automatic foreground extraction is
still a severe challenge to the current state of the art for
an arbitrary scene, for example, nonstatic and cluttered
background. Recently the background model is estimated
from the video sequence and updated accordingly and the
foreground is differentiated from the background. In general,

moving objects can be detected by the background model
and subtraction approaches [2, 3]. There are methods like
Gaussianmixturemodel [4],meanmodel, standard deviation
model, andmedianmodel [5, 6] by which backgroundmodel
is estimated.

Approach for building model for human body and track-
ing of the moving object is represented by Mikić et al. in [7].
When images from the video are acquired, object or human is
detected and segmented from that image sequence. Boundary
of the human body is generated from synchronized, seg-
mented multiple video streams. Locating different parts of
a body is done by template fitting and growing procedures.
Initialization of this model is done by Bayesian network
that integrates prerequired knowledge of the human body
properties. Finally, tracking procedure executes by Kalman
filter which is used to approximate position of the model.

Simple background approaches like frame differencing
are not invariant to illumination changes, and hence run-
ning average or moving average method [8] is used due
to the required updates of the background model with
time. Even though running average has properties like low
computational complexity and high memory compactness.
Performance may be improved if fuzzy approach is inte-
grated with it. In fuzzy background subtraction, saturating
linear function is used to estimate pixels of the moving
object instead of hard limiter function. Another background
removal technique is proposed in [9] based on fuzzy theory
to make algorithm illumination invariant and also invariant
to shadows of colour features.

When background model is estimated by the mixture of
Gaussian model [10], it fails against variation in illumination
and small irregular movements in camera (camera jitter).
Solution to this problem is to integrate fuzzy theory with
Gaussian mixture model. Type 2 fuzzy mixture of Gaussian
model [11] is the technique which overcomes traditional
problems of Gaussian mixture model. Robust approach for
background subtraction is defined by Cheung and Kamath
[12]. An object is first detected as blob by slow adopting algo-
rithm (Kalman filter). Validation of the object is performed
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by integrating blob detection and simple frame difference.
Object histogram is calculated for usage of extending object
boundary. Technique is performed better under occlusion for
better object localization. But having limitations like use of
boundary of ellipse for modeling object like human may not
be suitable because human is a complex object.

Modeling of background is also done based on analyzing
colour value of pixel [13]. Colour value of each and every pixel
of video frames is analyzed for a short amount of time. The
most frequent colour is assigned to that pixel. The algorithm
can also handle small disturbance in background due to the
environment. It is easy to implement and is fast as well. But
on the other hand, the algorithm gives false detection when
video frame consists of complex and congested background.
One of the approaches presented in [14] also handles cluttered
background and slightly moving background due to tree
branches and bushes. Object is detected based on estimating
probability density function using previous values of pixels.
Another background model presented in [15] is based on
kernel density estimation which is also used for tracking.

Background subtraction and segmentation approach is
used for building 3Dmodel of the humanbody [16]which can
be further converted into free viewpoint video. From statistics
of colour of background, the pixel object is separated. Mean
and standard deviation of background image is calculated and
if pixel differs in one of the colour channels, the threshold
is defined for detecting foreground object. The work pre-
sented in [17] denotes how many algorithms are appraised
with wide variation in preprocessing algorithmic approach.
Background subtraction is also used as the preprocessing task
for real time 3D motion capture [18]. In this approach, the
background is formed by calculating statistical parameters
like mean and standard deviation over a limited learning
period.

Wren et al. [19] defined background by single Gaussian
with integration of mean and covariance matrix parame-
ters but this approach does not withstand along dynamic
background.Universal background subtractionmodel is pro-
posed in [20]. Here the author has given detailed description
of initialization and update and how the model works. The
proposed algorithm can be more specifically understood by
dividing it into three tasks. Firstly, it is the classification of
pixel to foreground or background. Secondly, the model can
be initialized by only single frame, saving time and making
it suitable for real time and short sequence. And, thirdly, it
is about updating model. Presently proposed approach [21]
uses background subtraction model as the preprocessing and
preliminary step for moving target detection.The author rep-
resents feedback background estimation framework which in
turn gives the background area.

2.1. Problems. Computationally, the previously proposed
aspects are drawn out as they take a great amount of time;
also building and updating background model is a tedious
process. All these approaches are worth without background;
however, the generated background model may not be
applicable in some scenes with sudden illuminating changes.
As a result, it can be stated that reducing influence of these

changes is vastly dependent on a good background model.
Efficient implementations often use a reliable and inexpensive
technique to find regions of interest that may be further
subjected to costly computations. Inspired by the success of
attention based models on static images, in the proposed
work, these attentional models for object detection in videos
are extended with the hope of achieving better results using
cues that have not been explored by the standard techniques
yet.

3. Visual Attention

3.1. Why Visual Attention? Visual attention, also called
saliency, is the perceptual quality that makes an object,
person, or pixel stand out as compared to its neighbours and
thus it captures our attention [22]. Visual attention estimation
methods can broadly be classified as biological based, purely
computational, or a combination of both. In general, allmeth-
ods employ a low-level approach by determining contrast of
image regions relative to their surroundings, using one or
more features of intensity, colour, and orientation. Extraor-
dinarily, the efficient way to perform this job is to imitate the
human describing behavior. Humans have a mechanism of
visual attention that is a biological equivalent of preselecting
regions for further costly computations. Humans have a
well-developed cognitive mechanism which allows them to
perform tasks requiring visual guidance efficiently.Motivated
by this efficiency in human beings, a computational model
for dynamic visual attention is proposed that would help
us perform the task for object detection in videos more
efficiently and implement a working model along the same
lines to verify the feasibility of our proposal.

Visual attention estimation has become a valuable tool in
image processing; however, the existing approaches exhibit
considerable variations in methodology, and it is often diffi-
cult to attribute the improvements in the resulting quality to
specific algorithmproperties. Inspired by the success of visual
attention based models on static images, In the proposed
work, these visual attentional models are extended for object
detection in videos with the hope of achieving better results
using cues that standard techniques have not explored yet.
Visual attention and feature based cues are used for devel-
oping a model to compute regions of interest in a video while
incorporating the temporal aspects of the video in computing
these cues. As compared to the previous methods that used
set of trainings to make the detector learn about objects
in videos, the proposed method vanishes this disadvantage.
Attention based approaches have often been used with a
high degree of success for the task of preselecting regions
in static images. These approaches are of different degree
of nature of complexity and they exploit different cues to
model human visual attention. It is, therefore, important that
the proposed work looks at the commonly used approaches
for static images to address the question of which approach
would work the best in the case of videos.

Visual attention approaches are classified into two main
streams: bottom-up and top-down models. Low levels fea-
tures like contrast, colour, intensity, orientation, texture, and
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motion can rendermeasurement of saliency for every pixel in
image. This type of model is defined as bottom-up model of
saliency or visual attention. Usually, most of the bottom-up
saliency approaches [1, 23] use local level features instead of
global level features. In top-down approaches, saliencymap is
determined by global features like contextual information of
the object or scene [24–27]. Context of object or scene can be
defined by statistical probability distribution of it. The global
information provides spatial representation and category of
scene or object [28, 29]. These approaches are fast enough as
compared to the bottom-up approaches due to their search
mechanism and fixation.

A lot of work has been done previously on modeling
human visual attention; many of them use either only
bottom-up [30] or only top-down factors [31] to predict
human attention. We are inspired to combine the features of
top-down and bottom-up by the work shown in [32] and our
area of research has been based along with the lines of [33].
Some of the more commonly used techniques are given as
follows.

Hou and Zhang [34] proposed saliency detection algo-
rithm independent of features, categories, or other forms
of prior knowledge of the objects. By analyzing the log
spectrum of an input image, the spectral residual of the
image in spectral domain is extracted, and a faster method to
construct the corresponding saliency map in spatial domain
is proposed.

Harel et al. [35] had proposed new bottom-up visual
saliency model, which is known as graph-based visual
saliency (GBVS). It consists of two steps: first forming
activation maps on certain featured channels and then nor-
malizing them in a way which highlights conspicuously and
admits combination with other maps. The model is simple
and biologically plausible to the extent as it is naturally
parallelized.

Itti et al. [1] have defined bottom-up approach for com-
puting saliency map. Low level features like intensity, colour
opponency (red-green, blue-yellow), and four orientations,
(0, 45, 90, and 135) are used for calculating feature maps.
Weights are assigned to the resultant map proportional to
their differential response from neighbour. Thus, saliency
map is defined by combining 42 features of maps.

Here, in this proposed approach, visual attention salience,
that is, image based driver of attention approach, has been
used for moving object detection for image sequence.

4. Proposed Approaches

The proposed method has been classified into two different
streams for finding out moving object using visual attention
of video sequence: (1) bottom-up cue based approaches and
(2) combination of bottom-up and top-down cues based
approach.

4.1. Bottom-Up Cue Based Approaches for Visual Attention

4.1.1. Modified Frequency Tuned Spatial Model I. In surveil-
lance system, often, motion is an important cue to attract

attention [36]. The mostly salient part in the video frames
sequence is considered as the moving object and hence, in
surveillance it can be applied as a fundamental step. Moving
objects have some salient properties and features which can
be easily differentiated with the background. If an image is
having a small object, the average value of gray level of that
image will give a value near to the background value. In
contrast to it, if the image is having an object larger in size,
the average value will be near to the foreground object. This
method is amodified version of themethod proposed in [37].
Twomodifications are done: first it is in [37], where the author
has found saliency map using difference of Gaussian blurred
image with size of 3 × 3 mask and average of an image, where
the proposed saliency map of an image is calculated using
difference of Gaussian low-pass (mask size 11 and 𝜎 is 5) of
image and averaging filter is supplied with the size of image.

Methodology.Apply average filter on video sequence 𝐼(𝑥, 𝑦, 𝑡),
having size𝑁 ×𝑀 for particular time 𝑡,

𝐼avg = 𝐼 (𝑥, 𝑦, 𝑡) ⊗ 𝐴 (𝑁,𝑀) , (1)

where 𝐴 is averaging filter, having mask size𝑁×𝑀, and ⊗ is
defined as convolution between two images.

Employ Gaussian filter on image

𝐼gaussian = 𝐼 (𝑥, 𝑦, 𝑡) ⊗ 𝐺 (ℎ, 𝜎) , (2)

where 𝐺 is Gaussian low-pass filter, having mask size 11, and
𝜎 is 5. The saliency value at each pixel position (𝑥, 𝑦) is given
by

𝑆 (𝑥, 𝑦) = 𝑑 [𝐼gaussian (𝑥, 𝑦) , 𝐼avg (𝑥, 𝑦)] , (3)

where 𝑑 is the distance between two pixels in the respective
images. The first step in the proposed approach is image
averaging and the second step is subtracting it from the low-
pass version of the image usingGaussian low-pass filer so that
it results in no spike noise and random pixels in the output
image. Finally, morphological operations are performed for
creating blob like structures in the resultant output image for
extracting salient component of the image.

But for boosting up the speed of the approach, all the
fundamental steps are applied in the frequency domain.
Image average is the DC component in the frequency com-
ponent which should be considered for salient object that
has large portion in the image. Applying Gaussian filter,
which is having low-pass characteristics that defines high
cut-off frequency for the resultant salient map. High cut-
off frequency delimitates edges and border of the image but
to remove noise and random pixels (which are also high
frequency components) as a result, blurring is enforced to the
image by using Gaussian spreading so that the ringing effect
can be avoided.

4.1.2. Visual Saliency Based on Colour Image (Colour Saliency
[38]). Basically, human perception development can be bet-
ter performed using HSV colour space where 𝐻 stands for
hue, 𝑆 for saturation, and𝑉 for value [38]. Any red, green, and
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blue component of a particular pixel of an image is converted
toHSV component according to the following equations [39]:

ℎ1 = cos−1( (1/2) [(𝑅 − 𝐺) + (𝑅 − 𝐵)]

√(𝑅 − 𝐺)
2

+ (𝑅 − 𝐵) (𝐺 − 𝐵)

) , (4)

where ℎ = ℎ1 if 𝐵 ≤ 𝐺; otherwise, ℎ = 2𝜋 − ℎ1;

𝑠 =

max (𝑅, 𝐺, 𝐵) −min (𝑅, 𝐺, 𝐵)
max (𝑅, 𝐺, 𝐵)

,

V =
max (𝑅, 𝐺, 𝐵)

255

.

(5)

The given colour image 𝑖 is of size 𝑁 by 𝑀 pixels, and the
pixel colour value at location (𝑖, 𝑗) (0 ≤ 𝑖 < 𝑚, 0 ≤ 𝑗 < 𝑛)

is denoted as (ℎ(𝑖, 𝑗), 𝑠(𝑖, 𝑗), V(𝑖, 𝑗)). Compute themean values
of saturation and brightness over the whole image and denote
them as𝑚

𝑠

, 𝑚V, respectively.
The colour saliency sc(𝑖, 𝑗) at location (𝑖, 𝑗) (0 ≤ 𝑖 <

𝑚, 0 ≤ 𝑗 < 𝑛) is given as a two-dimensional sigmoid function
[40, 41] by

𝑆
𝑐

(𝑖, 𝑗) = (

1

𝑐
𝑠

+ exp (−𝑠 (𝑖, 𝑗) /𝑚
𝑠

)

)

⋅ (

1

𝑐V + exp (−V (𝑖, 𝑗) /𝑚V)
) .

(6)

The parameters 𝑐
𝑠

and 𝑐V are two constants. In general, while
judging the saliency, we come across both a sensory and a
subjective component for the verdict. For example, most of
us can perceive brighter and purer colours more easily than
duller andmixed colours; the judgment of the saliency of two
hues of the same brightness and saturation can be subjective.
Therefore, in the present study, saturation and brightness are
chosen as themeasures for saliency.Then, the colour saliency
is normalized to be in the range of [0, 1].

4.1.3. Gaussian Spatial Model by Coalescing Laplacian of
Gaussian (LoG) Filter and Gaussian Filter. Abrupt changes
in the image are detected by sharpening filter and normally
Laplacian filter is employed to the same one. But as the noise
is also defined by the abrupt changes in image with details
of information, there is a need to a filter which can produce
the resultant image where pixels are having a change in the
original image without noise. Laplacian of Gaussian filter is
the second derivative of a Gaussian function. The image is
first smoothened by the Gaussian filter so that the noise can
be eliminated and then it is enhancedwith the high frequency
information like edges and lines using Laplacian filter. This
two-step process is called the Laplacian of Gaussian (LoG)
operation [42].

The 2D LoG function that has the center located on
zero and which has the Gaussian standard deviation can be
expressed by the form [43]

LoG (𝑥, 𝑦) = −

1

𝜋𝜎
4

[1 −

𝑥
2

+ 𝑦
2

2𝜎
2

] 𝑒
−(𝑥

2
+𝑦

2
)/2𝜎

2

. (7)

Methodology. Apply Gaussian filter 𝐺 on image 𝐼(𝑥, 𝑦, 𝑡)

𝐼gaussian = 𝐼 (𝑥, 𝑦, 𝑡) ⊗ 𝐺 (ℎ, 𝜎) . (8)

Now, calculating LoG response of the image, we get

𝐼LoG = 𝐼 (𝑥, 𝑦, 𝑡) ⊗ LoG (ℎ, 𝜎) . (9)

Saliency map 𝑆 at pixel location (𝑥, 𝑦) can be estimated by
finding out the Euclidean distance between the response of
two images; that is,

𝑆 (𝑥, 𝑦) = 𝐼LoG (𝑥, 𝑦) − 𝐼gaussian (𝑥, 𝑦) . (10)

4.1.4. Gradient Saliency byUtilizing Sobel Operator. TheSobel
operator [43] is used for detection of rapid change in images.
Gradient of an intensity of image pixels is determined using
a Sobel operator. Response of Sobel filter at each pixel is an
absolute magnitude response of gradient in 𝑥 direction and
gradient in 𝑦 direction at that pixel. Computationally, the
gradient calculation of an image is inexpensive and hence this
is fast but also primitive.

Apply Sobel filter on image 𝑖(𝑥, 𝑦), having size of 𝑁×𝑁,
with consecutive pixels having distance of ℎ pixels,

𝐼sobel = 𝐼 (𝑥, 𝑦, 𝑡) ∗ sobel (𝑥, 𝑦, ℎ) (11)

with Sobel operation being performed on image using differ-
ent sobel filters, one with ℎ = 𝑁/2 and another with ℎ = 𝑁/3:

𝐼sobel1 = 𝐼 (𝑥, 𝑦, 𝑡) ∗ sobel(𝑥, 𝑦, 𝑁
2

) ,

𝐼sobel2 = 𝐼 (𝑥, 𝑦, 𝑡) ∗ sobel(𝑥, 𝑦, 𝑁
3

) .

(12)

And, after normalizing the result in range between [0, 1], the
combination of the results will give the saliency map 𝑆 as

𝑆 (𝑥, 𝑦) = 𝐼sobel1 − 𝐼sobel2. (13)

4.1.5. Modified Frequency Tuned Spatial Model II. As the
human perception about colours and intensity can be well
correlated with HSI model [44], hence, lab colour space is
hereby replaced with HSI colour space in this approach. The
proposed approach is almost the same as [37] but the only
differences are that HSI colour model is used instead of lab
colour space and gaussian filter’s window size is 11 × 11 instead
of 3 × 3. The saliency map 𝑆 for an image 𝐼 of width 𝑁 and
height𝑀 pixels can be formulated according to [37]

𝑆 (𝑥, 𝑦) =






𝐼
𝜇

− 𝐼whc (𝑥, 𝑦)





, (14)

where 𝐼
𝜇

is the average or mean of two-dimensional image
array and 𝐼whc(𝑥, 𝑦) is the corresponding image pixel vector
value in the Gaussian blurred version (using a 11 × 11
window size) of the original image [37]. Magnitude of the
resultant deference (calculated using the Euclidean distance)
is considered. Using the HSI colour space, each pixel location
is an [𝐻, 𝑆, 𝐼]

𝑇 vector.
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Figure 2: Calculating LBP of a person.

4.2. Combined Approaches (Combining the Bottom-Up
and Top-Down Cues)

4.2.1. Integrating Colour Saliency with Texture Feature (Local
Binary Pattern (LBP)). Ojala et al. [45] have proposed an
approach defined as local binary pattern (LBP). Initially, the
approach was used for texture analysis [46], but later on
it was stated to be used for different applications. LBP is
illumination invariant and has computational efficiency and
is suitable for computer vision task. In LBP, neighbour of 3 ×
3 pixels is defined for every pixel and is compared with the
middle pixel. If it is higher than the middle one, it can be
assigned with 0, else with 1. Thus decimal value is defined
from 8 neighbourhood pixels. Later on, the extended LBP
was found in which neighbourhoodwindows size varies [47].
Examples of the LBP calculation for person image are shown
on the right of Figure 2.

In the proposed study, the saliency (color saliency)
and feature (local binary pattern features) based maps are
obtained for our test images. Before combining them, two
maps were normalized to matrices having value between 0
and 1 with each pixel accounted for by a number. Various
possible combinations were also checked for combining these
two maps—weighted addition and multiplication on two
sets of weights assigned to each map. This is given more
elaborately in Section 7. Further, the performance of the
single source models was also checked.

4.2.2. Integrating Modified Frequency Tuned Spatial Model I
with Histogram of Oriented Gradient (HOG) [48]. Histogram
of oriented gradient (HOG) [48] is feature descriptor, which
is implemented for person detection. The HOG person
detector uses a detection window that is 64 pixels wide by
128 pixels in height according to the structure of the person.
It operates on 88 pixel cells within the detection window and
these cells will be organized into overlapping blocks. Within
a cell, gradient vector is computed at each pixel. In 8 × 8
region, 64 gradient vectors are extracted and put into 9 bin
histogram. The histogram varies from 0 to 180 degrees, so

Figure 3: Calculating HOG of a person.

there are 20 degrees per bin. Histogram bins are filled by
magnitude of gradient vector. Contribution splits between the
two closest bins. The next step in computing the descriptors
is to normalize the histograms. Rather than normalizing each
histogram individually, the cells are first grouped into blocks
and normalized based on all histograms in the block. The
final descriptor is designed using this procedure as shown in
Figure 3.

4.3. Optimization Problem Formulation. The proposed
framework selects the saliency map (SM) for moving object
detecting by defining a learning based framework.

The composite saliency map (SM) is defining as the
parametrized linear combination of n base saliency maps
(SM); for example:

SM (𝑥
1

, 𝑥
2

) =

𝑛

∑

𝑖=1

𝑤
𝑖

SM
𝑖

(𝑥
1

, 𝑥
2

) ,

SM (𝑥
1

, 𝑥
2

) =

𝑛

∏

𝑖=1

𝑤
𝑖

SM
𝑖

(𝑥
1

, 𝑥
2

)

(15)

with 𝑤
𝑖

≥ 0 ∀𝑖. The nonnegativity constraint enforces
Mercers condition on saliency map (SM). The proposed
learning framework intended to learn optimized saliency
map for moving object detection.

Therefore, we define detection performance maximiza-
tion as the optimization objective. The limited amount of
ground truth data may create condition of overfitting.There-
fore, the optimization objective requires a regularized term
to ensure the desirable moving object detection performance
independent of the amount of ground truth data.

We apply the maximum entropy principle based reg-
ularizer presented by Wang et al. [49]. The regularizer is
implemented by applying maximum entropy principle which
assigns equal probability for function value SM(⋅) to be 0 or 1.
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Table 1: Detail information of test videos.

Video name Format Length Frames per
second

Number of
frames

Frame
(width × height)

Image type

ATM MPEG 29 sec 25 728 704 × 576 true colour
Cam AVI 2min 32 sec 29 4567 384 × 288 true colour
Campus raw AVI 1min 57 sec 10 1179 352 × 288 true colour
EPC-200-day-bird AVI 37 sec 29 1115 320 × 240 true colour
HALLWAY A MPEG 22 sec 30 661 704 × 576 true colour
highwayI raw AVI 29 sec 14 440 320 × 240 true colour
person15 walking d1 uncomp AVI 29 sec 25 741 160 × 120 true colour
Stair MPEG 23 sec 30 707 704 × 576 true colour
visor 1197284015696 07 fumogeno4 AVI 1min 20 sec 25 2024 320 × 240 true colour

Therefore, the complete optimization objective for multiple
saliency map problem is defined as

𝑤 = argmax
𝑤

𝐹 (𝑋,𝑋V, 𝑤)

𝐹 = 𝐽 (𝑋V, 𝑤) + 𝜆𝑉 (𝑋, V) ,
(16)

where 𝑋 represents the complete dataset and 𝑋V represents
the subset of dataset examples assumed to be available with
ground truth. Information for function 𝐹 is evaluated for
different weight parameter to represent the regularization
parameter. Function 𝐽(𝑋V, 𝑤) represents the retrieval perfor-
mance of saliency maps computed over 𝑋V and 𝑤 as

𝐽 (𝑋V, 𝑤) = mean{ ∑

𝑥

𝑖
∈𝑋V

Δ (𝑦
𝑖

, 𝑦 (𝑥
𝑖

, 𝑤))} , (17)

where 𝑦(𝑥
𝑖

, 𝑤) represents the set of detected results for the
given input sequence 𝑥

𝑖

∈ 𝑋V. 𝑦𝑖 represents the actual ground
truth for the input sequence andΔ(𝑦

𝑖

, 𝑦(𝑥
𝑖

, 𝑤)) represents the
computed detection rate for 𝑥

𝑖

. Function𝑉(𝑋V, 𝑤) represents
regularizer term defined as the sum of variance of the
detected rate for all video sequences which is computed as

𝑉 (𝑋,𝑤) =

𝑘

∑

𝑖=1

Variance {SM
𝑖

(𝑋, 𝑤)} . (18)

5. Video Database

Testing videos are adopted from [22, 50, 51]. Video has
resolution 4CIF (common intermediate format) (704 × 576
pixels), frame rate 30 fps (frame per second), number of
images 730, and video format mpeg-1. Some of the videos
utilized for testing have static background, whereas others
have slightly dynamic background. Details of all the videos
used for testing purpose are outlined in Table 1.

6. Experimental Setup

The experiments are performed on an Intel(R) Core (TM) i5
2430M CPU 2.40GHz with 6GB RAM and the algorithm is
implemented using MATLAB 7.8 tool.

7. Results

Videos are considered based on the variation of background
and object in videos to test the stability of the proposed
approach under different conditions. Change in colour, inten-
sity, and textures in the background as well as in the object is
also considered. Distinctive outdoor and indoor conditions
are provided to ensure checking efficiency of the proposed
approach. One of the videos is also counted for slight change
in the background to check and see the stability against
dynamic video. In the results, numbers define video and
alphabets with the number define different image frames of a
particular video. The first column in all results is the original
image sequence from video, the second column is saliency
map of that image sequence, and the third image consider
resultant object detection of respective image sequence. Here,
the saliency map has been calculated for all the proposed
methods (with the gap of 10 frames) of video sequence.

7.1. Bottom-Up Cue Based Approaches for Visual Attention

7.1.1. Modified Frequency Tuned Spatial Model I. Results are
shown in Figures 4, 5, 6, and 7 for 8 different types of video
using combinations of averaging filter and Gaussian filter
methods. All videos are having diverse backgrounds, different
textures, colours, and objects. Objects are having variation
from human to machines like cars and to birds as well. Even
though all variations are in the background, the proposed
algorithm gives an efficient and excellent result.

The first video shows that a man is going towards a car
and both the objects are detected. The second video is about
highway traffic and the proposed algorithm can detect all
cars properly. The third one has a campus location in which
some of the cars are already parked and one car is entering
into campus; it is well detected too. Other videos include two
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Figure 4: Videos (1) and (2): results using modified frequency tuned spatial model I.

Figure 5: Videos (3) and (4): results using modified frequency tuned spatial model I.

persons entering into the hallway (video 4), birds in their nest
(video 5), a person going far from camera in a campus area
(video 6), one coming into ATM room (video 7), and one
walking on road (video 8).

In video 5, where the birds are in their nest, the back-
ground is considered to be slightly moving due to tree leaves
but the proposed technique is giving an appreciable result.

7.1.2. Visual Saliency Based on Colour Image (Colour Saliency
[38]). Results of saliency using colour saliency approach are
demonstrated in Figures 8 and 9. In the first video, a person
is coming upstairs and here he is detected properly. But along
with it, some false consequences have also been generated
in video 1(a) as this approach is based on colour value of
the video sequence and therefore, a few objects are detected
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Figure 6: Videos (5) and (6): results using modified frequency tuned spatial model I.

Figure 7: Videos (7) and (8): results using modified frequency tuned spatial model I.

which are false and they are having the same color as the
object.

7.1.3. Gaussian Spatial Model by Coalescing Laplacian of
Gaussian (LoG) Filter and Gaussian Filter. Results are shown
for 7 different videos in Figures 10, 11, and 12 and here in
all these videos, the objects are detected in the right way.
But there are some problems faced during detection due to
increase in false positive. In video 2, the upper left corner
of the image is detected which has the same colour and is

not a moving object. In video 5 and video 6 green notice
boards are detected which is not required to be detected (false
detection). In video 7, vehicles in the parking lot are also
detected unlawfully which are objects but not the moving
ones. But in this approach, in video 4 some cars already placed
in the parking lot are not considered the moving objects for
detection which is true.

7.1.4. Gradient Saliency by Utilizing Sobel Operator. In
Figure 13, the results are presented using the approach of
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Figure 8: Videos (1) and (2): results using colour saliency [38].

Figure 9: Videos (3) and (4): results using colour saliency [38].

gradient saliency using Sobel from static image for four
different videos. Here, in video 1, all cars are detected
correctly but due to their shadows their final detection is
merged and the cars are detected to accumulate. In video 2,
the fencing in stairs and the upper left corner is detected.
When the object (a person here) moves towards the camera,
the complete body could not be identified, whereas in video 3,

vehicles at the upper left corner should not be detected but
they are detected incorrectly.

7.1.5. Modified Frequency Tuned Spatial Model II. The results
shown in Figures 14 and 15 validate our proposed algorithm
in detectingmoving objects in video frame sequence. In video
2, 3, 5, and 6, all moving objects are detected decently. Some
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Figure 10: Videos (1) and (2): results using Gaussian spatial model by coalescing Laplacian of Gaussian (LoG) filter and Gaussian filter for
different videos.

Figure 11: Videos (3) and (4): results using Gaussian spatial model by coalescing Laplacian of Gaussian (LoG) filter and Gaussian filter for
different videos.

of the videos may define false objects like that in video 1 and
video 4, where the upper left corner and the lower left corner,
respectively, are wrongly detected.

7.2. Combined Approach (Combining the Bottom-Up and Top-
Down Cues)

7.2.1. Integrating Colour Saliency with Texture Feature (Local
Binary Pattern (LBP)). Figure 16 shows the result of moving

object detection in video frames. These results demonstrate
that the proposed approach can successfully distinguish the
moving objects fromvideo sequences. In video 1, the person is
detected correctly but in some of the video frames, the upper
left corner is detected as amoving object. In both videos 1 and
2, the person’s face and upper body are located perfectly.

7.2.2. Integrating Modified Frequency Tuned Spatial Model I
with Histogram of Oriented Gradient (HOG) [48]. Figures 17
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Figure 12: Videos (5), (6), and (7): results using Gaussian spatial model by coalescing Laplacian of Gaussian (LoG) filter and Gaussian filter
for different videos.

Figure 13: Videos (1) and (2): results using gradient saliency by utilizing Sobel operator.
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Figure 14: Videos (1) and (2): results of modified frequency tuned spatial model II.

Figure 15: Videos (3) and (4): results of modified frequency tuned spatial model II.
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Figure 16: Videos (1) and (2): results using integrating colour saliency with texture feature (local binary pattern (LBP) for different videos.

Figure 17: Videos (1), (2), and (3): results of integratingmodified frequency tuned spatial model I with histogram of oriented gradient (HOG)
[48].
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Figure 18: Videos (4), (5), and (6): results of integratingmodified frequency tuned spatial model I with histogram of oriented gradient (HOG)
[48].

Table 2: Comparison of time analysis of proposed approaches.

Method name Execution time (sec)
Modified frequency tuned spatial model I 0.842
Visual saliency based on colour image (colour saliency [38]) 0.670
Gaussian spatial model by coalescing Laplacian of Gaussian (LoG) filter and Gaussian filter 0.68
Gradient saliency by utilizing Sobel operator 0.620
Modified frequency tuned spatial model II 1.360
Integrating colour saliency with texture feature (local binary pattern (LBP)) 0.7
Integrating modified frequency tuned spatial model I with histogram of oriented gradient (HOG) 0.849
Gaussian mixture model (GMM) 1.560
Kernel density estimation (KDE) 1.489

and 18 show the results of integrating modified frequency
tuned spatial model with HOG features. From results, it
can be defined that the algorithm properly detects the
moving object from background. Overall saliency map after
combining bottom-up cues with top down cues is shown in
the middle column of all results.

8. Comparative Analysis

Comparison is done based on time, accuracy, and results of
the proposed algorithm. In Table 2, a particular method is
defined with execution time of that method. Maximum time
is taken by saliency method using frequency tuned approach
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 19: Comparative analysis for static images: (a) original image, (b) gradient saliency by utilizing Sobel operator, (c) modified frequency
tuned spatial model II, (d) integrating colour saliency with texture feature (local binary pattern (LBP)), (e) modified frequency tuned spatial
model I, (f) visual saliency based on colour image (colour saliency [38]), and (h) integrating modified frequency tuned spatial model I with
histogram of oriented gradient (HOG) [48].

Table 3: Comparison of accuracy of proposed approaches.

Method 1 Method 2 Method 3 Method 4 Method 5 Method 6 Method 7

Modified
frequency
tuned spatial
model I

Visual
saliency
based on

colour image
(colour

saliency [38])

Gaussian spatial
model by
coalescing
Laplacian of

Gaussian (LoG)
filter and

Gaussian filter

Gradient
saliency by
utilizing

Sobel from
static image

Modified
frequency

tuned spatial
model II

Integrating
colour

saliency with
texture

feature (local
binary
pattern
(LBP))

Integrating
modified

frequency tuned
spatial model I
with histogram
of oriented

gradient (HOG)
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using HSI colour model and minimum time is taken by
method gradient saliency using Sobel from static image.

In Table 4, a comparative analysis is made based on accu-
racy of the proposed approach. Method names are defined
in a respective manner as shown in Table 3. The first column
specifies the name of the video used for checking accuracy
of various methods and the second column defines a total
number of image frames in the video.The rest of the columns
represent the number of frames in which a moving object
is correctly detected with respect to a particular method.
Accuracy with the concerned approaches is defined in the
last row of Table 4 and this shows that method 1 (frequency
tuned spatial model using aggregation of averaging filter and
Gaussian filter) is having efficient and satisfactory results as
compared to other algorithms.

In Figure 19, the results are shown for static image using
the proposed approaches and it is found that it is performing
excellent on static image as well as video. Evaluation of results
is performed using recall parameter as shown in Table 5.

9. Conclusion

Moving object detection is done using visual attention in
indoor as well as outdoor conditions. The present paper pro-
poses different techniques for detection of moving objects.
In the proposed method, the moving objects are detected by
seven different methods. Our test results show that frequency
tuned spatial model using combination of averaging filter
and Gaussian filter is effective in representing the moving
object in a static background. Frequency tuned spatial model
using combination of averaging filter and Gaussian filter
method detects the moving object when there are slight
variations or a dynamic environment in the background.The
proposal for detecting moving objects using visual attention
provides positive error rates with low grade possibility of
being false. It also supports a successful identification of the
moving object. Effectiveness of the proposed algorithm is
proved by their results and comparison with other methods.
Future enhancements can be accomplished by applying these
approaches to the moving backgrounds.
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