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Abstract—This paper describes a novel approach for extrac-
tion of multiple objects from a given image of a natural scene.
In the proposed approach, multiple objects are extracted by the
application of saliency detection on the image. We use two distinct
approaches for object extraction. One approach uses superpixels
on the saliency map. Then the intensity of saliency map in
each superpixel is used to compute distance between the centres
of superpixels. These act as constraints to extract the objects
from the image. The other approach is the application of Active
Contour model on the saliency map and estimating a bounding
box on the intermediate binary image result extracts the objects
in the image. The approach is unique in its way of extracting
objects from a scene containing multiple objects as it does not use
extensive image search like the existing algorithms and therefore
leads to a fast and simple extraction.

I. INTRODUCTION

Most of the available digital images contain both redundant
and useful information, which occurs in form of static and
dynamic objects. In order to extract, many computer vision
researchers are trying to develop algorithms which can perform
as good as the human visual system (HVS) perception of
objects. These algorithms, if implemented efficiently to extract
the significant objects, would find applications in various prac-
tical problems of computer vision. Examples include detection
of objects from surveillance videos, enhancement of objects in
images captured at different times of a day, and video synopsis.

We propose to extract useful information namely the salient
objects from a given image. Our approach differs from the
other existing algorithms as we do not perform extensive
search in the image for objects. The proposed approach in-
volves the use of visual saliency, active contours, and super-
pixels as building blocks to achieve the desired objective. The
reason for choosing visual saliency for object extraction is
that it closely imitates the HVS perception and detects the
information relevant to the user.

We would like the proposed approach to compete with
other approaches which first perform the object discovery
followed by the localization [5], [6]. Objects in images are
discovered and recognized by comparing models after learning
in an unsupervised setting[7], [8]. Fig. 1 shows the compar-
ison of the proposed approach against the other state-of-the-
art methods. As shown, the proposed approach matches the
performance of the other state-of-the-art methods in localizing
the object (vehicle). Our approach performs the extraction of
multiple objects in an image directly without the need of any
image datasets for learning.

Fig. 1: Comparison of (a) Efficient Subwindow Search (ESS)
[1], (b) Improved ESS [2], (c) ESS of Bentleys algorithm [3],
(d) Alternating ESS [4], and (e) Multiple object extraction
using the proposed approach.

The primary contributions of this paper are 1) Extraction
of objects from an image of a natural scene. 2)The proposed
algorithm is shown to be robust to the variations in depth of
an object and does not involve extensive search for objects. 3)
We are not interested in segmenting out the exact boundary of
an object while we want to spatially extract it approximately
from the image. The present approach will improve existing
segmentation techniques.

In Section 2, a brief description about the related research
done previously is provided. Section 3 contains a description
about the design of proposed algorithm for multiple object
extraction. In section 4, results of applying the proposed
algorithm on several dynamic scene data sets are described.
Section 5 provides the conclusion of the work. Section 6
discusses some of the challenges and directions for future
research.

II. RELATED WORK

Since the origin of scene classification, many approaches
have been developed for selective extraction of objects. One
of the latest automated approach for object extraction was
given by Yu et al. in [9] about object extraction using com-
plimentary saliency maps. Similarly, an attempt was made to
classify events in static images by integrating scene and object
categorization [10]. Object Localization can be efficiently done
by Efficient Sub-window Search [1] which performs local-
ized detection and image retrieval for classifiers. Additionally,
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Fig. 2: The Proposed Approach

object localization can be performed by Bayesian correlation
which is a synthesis of cross correlation matching [11] that
takes care of occlusion and versatile enough to work with
3D pose changes. There are different efficient object search
algorithms developed [2], [1], [13]. These algorithms use a
subwindow to search and identify the object location. These
algorithms are computationally efficient than previous object
search algorithms and also identify the object location in the
image.

Frequency tuned Salient region detection by Achanta et
al. [14] is one of the standard saliency detection approaches
which is based on frequency domain analysis and exploiting
colour and luminance characteristics. The other prominent
saliency detection is context aware saliency of the foreground
objects. The rules that this algorithm use are inspired from
psychological experiments which were conducted to find the
features that humans use to find a salient object [15]. Many
algorithms apart from visual saliency have been developed
which can localize interesting objects from a scene such as
energy function optimization approach [16], [17] and edge-
linking methods [18] which connects subset of fragments
generated by the edge-detection techniques.

Superpixels can be obtained by over-segmenting an image
[19] which clearly demarcates the object edges from the
background or other occluding objects. Superpixel approach
can be seen in many state-of-the-art algorithms as one of
the primary components for its efficiency [20]. Aggregating
neighbourhoods of superpixels, Fulkerson et al. proposed a
robust region classifier by object localization and segmentation
[21]. Active Contours is an efficient way of outlining an object
from an image. The major work in the Active Contours is
active contours without edges [22]. We use this technique as
a tool in the proposed approach.

III. PROPOSED APPROACH

The existing object localization algorithms involve a sub-
window object search for object detection. The overview of
proposed approach is shown in Fig. 2. The proposed approach
involves two independent approaches that localizes multiple
objects present in the scene. In both the methods, first we
extract the saliency map of the input image and do the
segmentation by superpixels to localize salient objects. The
second method involves active contour to localize the salient
objects. The main difference in the proposed approaches over

the previous localization algorithms is that the complexity
of the proposed approach is independent of the size of an
image. The other algorithms are quadratic or bi-quadratic
over the number of pixels in terms of complexity. Moreover,
the proposed approach extracts the potentially distinct salient
objects, in addition to localizing them in an unsupervised
framework.

HVS can differentiate various objects in a scene by focus-
ing attention on the attributes of objects such as its contrast,
colour, and motion. Consider a video of a natural scene.
Unsupervised learning with the help of the appropriate feature
vector explicitly demarcates different regions of a scene into
dynamic and static regions. In most cases, we observe multiple
salient sub-regions in a scene, especially in the static regions.
These stationary objects devoid of motion can be localized by
the saliency. Visual saliency has been shown to be coherent
with HVS perception. It is shown in this work that object
localization can be accomplished by saliency based approach.

We formulate an approach to extract multiple object regions
separately from the given image of a scene. We use context
aware saliency estimation which aims at detecting the image
regions that represent the scene rather than identifying fixation
points or dominant objects [15]. We use two separate methods
for sub-image localization from saliency image. Amongst
all the saliency detection algorithms, context based saliency
algorithm provides the best spatial cover for the foreground
object and therefore is well suited to superpixel based method,
which relies on spatial configurations of the input [15]. On
the other hand, Active Contour model uses frequency tuned
saliency detection that marks well defined boundaries for the
detection of salient objects in the scene [14], in contrast with
context based saliency method. This is exploited by Active
Contour method to extract the shape of the object.

A. Superpixel Method

Consider the saliency map extracted from a given image.
The first step involves over-segmentation using superpixels'
from the saliency map [15]. We initialize number of distinct
segments, typically to a value between 10 and 20. After over-
segmenting the saliency map into distinct segments, we take
the average intensity value of each superpixel. We further
refine the number of interesting superpixels or sub-regions by
forcing the cumulative superpixel intensity values to zero if
the average intensity values are below a certain threshold, e.

If the average intensity of saliency map is higher as in the
case of a dense scene, we keep € to be equal to the average
intensity value of saliency map. Having a higher multiple
(1.5%) of average saliency map intensity as € would result
in elimination of detection of certain salient object regions. If
the average intensity value is less (a sparse scene), € should
be kept at much higher multiple (2x) of the average saliency
map intensity value. Lower value of € leads to the generations
of many redundant sub-images. We use a distance constraint
to decrease the number of redundant images, that is, half
perimeter distance between centres of each superpixel as the
distance measure. Let C, Cyy denote 2 and y co-ordinates of
the centre of superpixels and d;; denote the distance between

Thttp://www.cs.sfu.ca/ mori/research/superpixels/



the centres of superpixels 7 and j. The distance d;; is given
by the sum of absolute difference (SAD) equations (1-3).
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Here N (k) denotes number of pixels inside superpixel k.
Value of d;; higher than a threshold, 0 makes the two sub-
regions to be considered as distinct salient objects. The value
of ¢ is decided by the average of intensity value of the saliency
map. For a high value of average intensity value of the saliency
map, & will be set a lesser value (typically less than 10 pixels).
This results in a single sub-image from this region and avoids
redundancy. A sub-image is finally extracted centred at each
superpixel which follows the defined constraints.

B. Active Contour Method

The alternate approach involves extracting multiple objects
using active contours on the saliency map. Saliency region
detection [14] leads to determination of saliency map with
well-defined boundaries of salient objects. These boundaries
can be used to segment the objects by application of active
contours [22] on the saliency map as shown in the Fig. 8(d).

(d) (e

Fig. 3: (a) An urban street scene, (b) Superpixel image of
saliency map, (c) Extracted segments represented by bounding
box, Result of Keeping € at 0.75x (d), and at 1.5x (e), the
average saliency map intensity value.

We choose the initial contour for active contour to cover
the entire scene to capture objects at any place. We choose
small circles placed in the entire scene to be the contour
as salient objects can be small in a natural scene. Although
the image boundaries are smooth and noisy, the location of
boundaries are well detected by active contours and gives a
binary image of the scene highlighting the objects. We use
the connected component labelling where subsets of binary
connected components using 8- neighbourhood are uniquely

labelled which helps in object extraction. We make use of
the bounding box to extract out object parts from the scene
frame. Active Contour has advantage in the detection of large
number of objects in the scene while we make a bound for
the superpixel based approach with the initialisation of the
number of divisions. Active Contour model also gives the
apposite shape of an object delineating the object outline.
Active Contours help to even detect the vacant portion within
the object in the 2D image.

IV. RESULTS

In order to see the performance of proposed approach, we
took a collection of images of varied complex scenes such as
streets, kitchen, forest, coast, industry, etc. [23].

(d) (e

Fig. 4: (a) A sparse coast scene, (b) superpixels image of
saliency map, (c) Extraction represented by bounding box,
Result of Keeping € 0.5 x (d), and 2.5 x (e), of the average
saliency map intensity value.

To illustrate the effect of ¢ based redundancy removal,
consider a dense scene as shown in the Fig. 3(a). The saliency
map corresponding to the scene was obtained using Context
aware Saliency algorithm [15]. The average intensity of the
saliency map is 146. The segmented superpixel map of saliency
map with 20 superpixels is shown in Fig. 3(c). € is assigned two
values: First at 0.75 and the second at 1.50 times the average
intensity value, keeping other parameters constant. The 80 x 80
bounding box is then used to extract superpixels with non-zero
intensity values. Fig. 3(d) and Fig. 3(e) show the set of salient
regions extracted using the first and second threshold values.
Here we note that the scene contains different salient objects
like buildings with distinct salient regions, cars, vans, and a
distant pillar. Setting a lower € extracts these salient regions
without any redundancy as shown in Fig. 3(d). As shown in
Fig. 3(e), the number of salient objects extracted will be less
than the actual number of salient objects present in the scene
when ¢ is set high. Consequently, we lose potentially important
salient regions by keeping e high in a scene having dense
distribution of objects.

Consider another scene which is sparse as shown in
Fig. 4(a). The saliency map corresponding to the scene was
obtained using Context aware Saliency algorithm [15]. The
average intensity of the saliency map is 58. The segmented
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Fig. 5: (a) Result of thresholding the saliency map with § as
10 pixels, (b) 60 pixels.

superpixel map of saliency map with 20 superpixels is shown
in Fig. 4(c). The superpixel map is made to have two values
of e: First at 0.5(= 29) and the second at 2.5(= 145) times
the average intensity value, keeping other parameters constant.
The 80 x 80 bounding box is then used to extract superpixels
with non-zero intensity values.

Fig. 4(d) and Fig. 4(e) show the set of salient regions
extracted using different threshold values. Here we note that
the scene contains sparsely distributed salient objects. Setting
a lower € extracts these salient regions separately as shown
in Fig. 4(d). In Fig. 4(e), the salient sub-images are obtained
at higher value of e. As shown in the figures, we observe
that salient objects extracted with higher and lower e are
almost the same. We can also observe that there is redundancy
while extracting the salient objects. There is no difference in
redundancy removal with a higher value of e.

To illustrate the effect of distance constraint, consider again
the urban street scene shown in Fig. 5. When § is equal to 10,
the sub-images extracted by the approach is obtained in Fig.
5(b). When § is equal to 60 with other parameters constant, the
sub-images extracted is shown in Fig. 5(b). From the figures
shown, we observe that the number of salient objects extracted
decreases as d increases. Here, we fail to extract some of the
salient regions as we further increase 9.

We have a coast scene with birds on the beach as shown
in the Fig. 6(a). We used frequency tuned saliency region
detection which provides well defined boundaries for the
salient objects as in Fig. 6(b). Application of the Chan-Vese
Active Contour model without edges on the saliency map [22]
separated out the object as represented in the binary image
Fig. 6(d). We used the initial contour as shown in Fig. 6(c)
with small circles that uniformly fill the entire space. The
initialisation of the number of iterations is made to 400 which
is a significant part of Active Contour algorithm. We initialized
the length term to be 0.005 which adjusts the curvature of
the contour for each iteration for the segmentation. Birds and
beach are extracted out from the scene using the bounding
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Fig. 6: (a) A coast scene, (b) Frequency tuned saliency map
of the scene, (c) Inital contour for Chan-Vese algorithm, (d)
Binary Image model of Active Contour model on saliency
map, (e) and (f) are objects extracted applying bounding box
approach on binary image avoiding non-salient objects by
removing objects with low average intensity ratio.

Fig. 7: Effect of saliency map on extraction: (a) ESS algorithm
[1], (b) Improved ESS [2], (c) ESS of Bentleys algorithm [3],
(d) Alternating ESS [4], (e) output of the proposed approach.

box approach Fig. 6(d). Though other objects are also detected
by the bounding box approach, they are not considered to be
extracted as they have a low average value of the saliency
intensity over the region.

Fig. 7 shows images of cow and car where the outputs of
previous algorithms are shown in Fig. 1(a, b, c, d,), Fig.7(a,
b, ¢, d) and the output from the proposed approach are shown
in Fig. 1(e) and Fig. 7(e). We observe that the output of the
proposed approach shows object extraction at various locations
of cow’s body because of the saliency map that assigned bright
intensity to the portions of cow. In the car image Fig.1(e), we
observe multiple objects being detected in the scene.

Fig. 8(a), and 8(c) shows the plot of fraction of redundancy
and undetected salient objects against several values of e,
keeping  constant at 50 pixels for the coast scene and 40
pixels for the city scene. Fig. 8(b), and 8(d) shows the plot of
fraction of redundancy and undetected salient objects against
several values of §, keeping e to their respective average
intensity values. We observe from the plot that for the city
scene, the proportion of undetected salient regions increases at
low values of € and ¢. On the other hand, for the coast scene,
it is observed that the proportion of redundant salient regions
detected is high at low 4, independent of the value of e (Fig.
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Fig. 8: Redundancy, detection error plots for fixed § and several
values of ¢ for (a) city scene, and (c) coast scene, Redundancy,
detection error plots for fixed € and several values of ¢ for (b)
city scene, and (d) coast scene.

8(c)). For this scene, we observe from this plot that redundancy
decreases gradually with the increase of J at a fixed e. These
plots generalize the observations made for different scenes at
specific values of ¢, and ¢ in the early part of this section to
a range of values.

V. CONCLUSION

This paper proposes two different methods of multiple
object extraction from an image. First, objects are obtained
using context aware saliency detection and superpixel over-
segmentation. In this method, both ¢, and § depend on the
scene. For a dense scene with close objects, both the thresholds
should be lower. For a sparse scene with scattered objects,
they should be set high. Setting the appropriate values result
in efficient extraction of salient sub images.

The Active Contour techniques on the saliency map also
gives multiple objects with no bounds on the number of
objects in the scene. Active Contour produces better results as
compared to superpixel based method when there is a large,
single object present. On the other hand, superpixel based
method produces better results when the distance between
salient objects is very small and also in the cases where the
object is occluded. Thus, two approaches complement each
other in such cases and together extract the entire set of salient
sub-regions from the image.

VI. FUTURE WORK

An automated framework for estimation of ¢, and § for
different scenes has to be developed. The proposed approach
largely relies on the output of saliency map. A new framework
needs to be developed for the cases where saliency map fails
to detect salient regions, like in the cases where objects which
have almost same color as background. The proposed approach
shall be applied in classification algorithms for labelling the
scenes with multiple objects present. Extracted objects shall
be used for the object classification in a scene. It has scope
for the image compression in video avoiding redundancy of

storing the same object multiple times. In addition, we also
aim to do a comprehensive evaluation of our method on more
challenging datasets.
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